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Chapter 1: The Problem and Its Setting 

Introduction   

New York City is a place of great wealth and great inequality for adolescents and their 

families. Of the 1.7 million children living in NYC in 2019, almost 747,000 were aged 10-17 

(Child Population, n.d.). City-wide statistics often aggregate across younger and adolescent 

children.  Nevertheless, looking at the conditions of families across the city is revealing. In New 

York City, an estimated 330,000 children were living in poverty as of 2020 (Aribot et al., 2022). 

Thirty eight percent of children were living in families experiencing “material hardship,” including 

challenges in paying for housing, food, utilities or medical care.  

These economic challenges translate to housing challenges. In 2017, 32% of families 

with children had fallen behind on their rent, a statistic that likely increased in the current 

inflation-related housing crisis in the city (Mironova & Bach, 2018). Homelessness is a 

significant challenge facing children in NYC. During the 2020-2021 school year, 101,000 

children experiencing homelessness attended NYC public schools, including 28,000 children 

living in a shelter (Student Homelessness in New York City, 2021). Food insecurity is also 

common. The pandemic disrupted food security systems in the city, with 34% of households 

with children reporting difficulty in accessing emergency resources like food pantries in October 

of 2020 (Aldo Crossa et al., 2021). When it is difficult to afford food or housing, it can be 

challenging for families to access the healthcare that they need.     

Enter NYC Health+Hospitals (H+H), the nation’s largest safety net healthcare system. 

H+H offers primary, specialty, emergency and inpatient care to all New Yorkers, regardless of 

ability to pay. Across eleven hospitals and 70+ community health centers, H+H cares for 

majority-uninsured and Medicaid patients, serving more than a million New Yorkers each year. 

H+H offers social support as an embedded feature of overall health promotion. This includes 

on-site legal help for eviction prevention, immigration support or personal need. Referrals are 

available to community resources like food pantries during the care encounter via a platform 
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embedded in the medical record. Staff also support tax preparation and transportation 

coordination. Enrollers are on-site to assist with WIC and SNAP benefits or to register eligible 

patients for MetroPlus, a municipal Medicaid health plan. Health+Hospitals also created its own 

municipal health benefit program for uninsured patients, NYC Care. NYC Care provides 

>135,000 uninsured patients with access to care for a simple co-pay at any NYC 

Health+Hospitals location (James et al., 2021). These services, combined with the largest 

primary care Community Health Worker (CHW) program in the country, make Health+Hospitals 

a leader in socially responsible, community-oriented health care.   

NYC Health+Hospitals has a robust pediatric population. In 2021, 209,600 children 

visited H+H, including 46,600 adolescent primary care patients (aged 12-17). Those adolescent 

patients were a diverse sample of New York, with 46.4% documented as Hispanic/Latinx, 34.4% 

as Black/African American, 5.0% as Asian/Pacific Islander and 2.4% as White. Among the H+H 

adolescent primary care population, 33.2% reported a primary language other than English.  

Adolescents in care at H+H may be living with multiple medical and social stressors. The 

rate of uninsured adult patients across the system was 27.7% in 2021, suggesting many of the 

adolescent patients are living in families with uninsured adults. In New York State, children have 

universal health care access and undocumented immigrant children can be publicly insured 

through CHIP Medicaid plans, although some eligible patients are not enrolled. H+H is one of 

the primary care providers of choice for children and youths in the NYC foster care system. A 

true count of the number of H+H adolescents experiencing homelessness is unavailable, given 

the difficulty of measuring the kinds of strategies (couch surfing, doubling up) often deployed by 

families in response to housing stress. However, in 2021, H+H saw at least 881 adolescents 

documented as experiencing homelessness in its primary care clinics. Additionally, H+H 

adolescent patients are likely to live in neighborhoods that have faced decades of systematic 

underinvestment and excessive environmental hazards (Environmental Justice NYC Initiative, 

2024). Exposure to pollution and poor housing quality impacts asthma. The rate of diagnosed 
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asthma in H+H adolescent primary care patients (16.7%) is two times higher than available 

city-wide prevalence estimates (Walters, Sarah et al., 2021).  

For children and adolescents growing up amidst systemic inequity, connection to trusted, 

high-quality primary care is critical (Stirling et al., 2024).  To develop into healthy adults, 

adolescents need healthy conditions and support at the individual, relational and community 

levels, and broader societal alignment to promote equity, respect and inclusion (“Youth 360°,” 

n.d.).  High-quality primary care which centers the experience and dignity of the adolescent 

patient while addressing physical and social needs is a critical piece of this healthy ecosystem 

(Alderman et al., 2019; Riley et al., 2018).   

This kind of nuanced primary care takes time. The average H+H pediatric provider has 

1,444 patients to manage in his or her panel (July 2024), and the average pediatric encounter 

nationally is just 16 minutes (Overhage & Johnson, 2020). Being able to quickly identify the 

adolescents and families who would most benefit from enhanced intervention and connection to 

community support would improve H+H’s ability to target services to the patients who need 

them most. This would not substitute for clinician judgment, but rather provide a tool to flag 

adolescents for whom enhanced evaluation and monitoring is warranted.  

However, defining adolescent risk in the general primary care population is challenging. 

In the last decade, research into pediatric risk scores has proliferated, spanning readmission to 

the hospital (Delaplain et al., 2020), cancer (Pinto et al., 2015), sepsis (Atreya & Wong, 2019), 

traumatic brain injury (Kuppermann et al., 2009), mortality after trauma (Muisyo et al., 2019), 

surgery risk (Ji et al., 2019) and more. However, primary care providers are tasked with taking 

care of the whole person, both broad physical health and “the behavioral, environmental, social, 

and other factors that influence health outcomes” (Thornton et al., 2024). Primary care providers 

must consider not just one narrow outcome but the spectrum of risks which adolescent patients 

face, from sexually transmitted infections to substance use,  depression to poorly controlled 
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asthma. No holistic risk score is currently commercially or academically available that covers the 

primary sources of adolescent risk from a primary care perspective.   

To create such a score, this inquiry sought to identify and predict adverse outcomes in 

adolescent health and development. Specifically, this study sought to harness data from the 

electronic medical record (EMR) and geographically matched sources to predict the risk of 

adverse health outcomes that an adolescent patient will experience in the coming year, using 

the concept of Adverse Childhood Experiences (ACEs) to bound a working definition of 

adolescent risk, among adolescents aged 12-17 in primary care in 2022 at NYC H+H.  

Theoretical Framework: Adolescent Development 

Adolescents are a distinct group of patients with distinct needs. As outlined in Rudolph’s 

Pediatrics, during adolescence patients are experiencing hormonal puberty, “expand[ing] social 

relationships…transition[ing] from concrete to abstract thinking,” developing sexual feelings and 

drives, turning to peers to identify behavioral standards, testing independence, defining identity, 

deepening compassion and increasing complex thinking (Ozer & Irwin Jr., 2011). This 

development is not happening in a vacuum. As Urie Bronfenbrenner theorized in 1977 in his 

ecological systems theory, pediatric development is influenced by structural factors within 

multiple nested environments that impact that child or adolescent. Although Bronfenbrenner 

coined these systems the microsystem, mesosystem, exosystem, macrosystem and 

chronosystem, subsequent theorists and public health practitioners have further adapted and 

refined the social-ecological model. The Healthy Teen Network has produced a version of the 

social-ecological model tailored to teen development which illustrates this dynamic for 

adolescent patients  (Figure 1.1).  

According to their social-ecological model, teenage development is influenced first by a 

series of individual factors. These include intrinsic characteristics, like genetic predispositions, 

sexual orientation or gender identity; social determinants of health like food and housing 
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security; and behavioral factors like self-efficacy and smart use of media which are shaped both 

by personal temperament and longitudinal environmental influences.  

At the next level of the model are relationships, which are extremely important in a 

teenager’s life. This level of the model extends beyond familial relationships to other trusted 

adults, friends and peers. The quality of these relationships is crucial. Relationships with 

caregivers and trusted adults that support healthy development are warm, supportive and foster 

open communication. These kinds of relationships can mitigate the impacts of trauma and 

adversity on a developing brain. Peer relationships and social networks which provide deep 

connection and reinforce healthy behaviors and decision-making are critical to a developing 

teen’s mental health, sense of self and social connection or isolation.  

At the community level, a developing teenager is influenced by the communities in which 

they live and learn. A healthy community provides safety and opportunities to socialize and 

exercise. A healthy community offers access to healthy food, transportation and 

non-stigmatizing healthcare. Healthy communities also support the transition to adulthood 

through access to educational resources, job opportunities, and culturally competent mentors. 

Barriers to these community-level factors, due to factors like systemic racism, lack of municipal 

investment and the long-term effects of redlining, adversely impact adolescent development.  

Finally, teens are growing within a societal ecosystem. This includes formal and informal 

policy and funding (or lack of funding) for education and development. It also includes less 

tangible but critical factors like social norms and social equity or inequity.  Growing up in a 

deeply inequitable societal ecosystem negatively impacts development across racial and 

socio-economic groups (Benner, 2017).   

The social ecological model provides a high-level view of the rich web of interactions and 

factors guiding teen development at the individual, relationship, community and societal levels. 

Although each teenager will experience their own challenges, sustained stress at any level of 

this model can impact adolescent development, health and long-term wellbeing (Garner et al., 
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2021). Although limited stress can be adaptive or tolerable, when stress becomes intense and 

sustained, it can become toxic (C. A. Nelson et al., 2020). According to Bucci et al, “prolonged 

activation of [the] stress response…disrupts brain architecture and increases risk of health 

disorders [as] prolonged allostasis establishes a chronic stress response” (Bucci et al., 2016). 

This chronic stress response has neurologic, immunologic, metabolic and epigenetic impacts 

(Danese & McEwen, 2012; Rogosch et al., 2011; Slopen et al., 2012). Adolescents who have 

experienced or are experiencing pervasive toxic stress at any level of this model may 

experience negative physical and behavioral health effects if they do not have mitigating 

sources of support from family, friends, trusted adults and communities (Boullier & Blair, 2018; 

Garner et al., 2021; Shonkoff et al., 2021). One way in which the healthcare community has 

begun to measure exposure to toxic stress is through the study of “Adverse Childhood 

Experiences,” or ACEs.  

Conceptual Framework: Effects of Adverse Childhood Experiences  

Adolescents are subject to a unique set of behavioral risks, compared to younger 

children or adults. As identified by Riley et al, “[m]ost adolescents are generally healthy but 

participate in risky behaviors, such as unsafe driving, violence, drug and alcohol use, and 

unprotected sex, at disproportionately high rates, which can lead to significant morbidity and 

mortality” (Riley et al., 2018). Although adolescent brains are innately hard wired to crave 

novelty and risk as compared to adult brains (Siegel, 2013), some adolescents are more 

disposed towards risk-taking than others. Adverse Childhood Experiences are an important 

etiologic factor.   

Per the CDC, Adverse Childhood Experiences are “ potentially traumatic events that 

occur in childhood…[which] can change brain development and affect how the body responds to 

stress” (CDC, 2021). Examples of ACES include physical, sexual or emotional abuse; and 

exposure to violence, substance use or mental illness during childhood (Dube et al., 2003; 

Turner et al., 2020).  ACEs are significantly associated with a wide range of poor outcomes 
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covering both physical and behavioral health, in early childhood, adolescence and adulthood. 

As illustrated by the Institute for Health Equity in the below conceptual framework, past 

exposure to ACEs impacts current and future health and wellbeing through both direct and 

mediated pathways. This conceptual framework is provided in Figure 1.2, in the Tables and 

Figures section of this work.     

As this conceptual framework illustrates, exposure to ACEs impacts the production of 

health both directly and indirectly (Allen, Matilda & Donkin, Angela, 2015). The direct impact of 

ACEs on depression and anxiety is well-documented. However, other more surprising 

conditions such as allergies, asthma, eczema, diabetes and repeat infections have also been 

linked to ACEs and the many physical impacts of toxic stress (C. A. Nelson et al., 2020). ACEs 

also indirectly affect adolescent health by changing the brain. A growing body of research 

suggests that exposure to ACEs during crucial developmental windows changes the structure 

and functioning of the brain systems involved in the regulation of impulse and reward, 

establishing a pathway between ACEs exposure and increased behavioral risk-taking broadly 

(Shonkoff et al., 2021). For example, smoking is an independent health-harming behavior, which 

can impact asthma control, physical stamina and respiratory illness during adolescence itself 

(Tobacco Use Among Children and Teens | American Lung Association, n.d.). However, 

exposure to ACEs is associated with earlier smoking initiation and heavier smoking among 

adults (Indiana Department of Health, 2021). 

The American Academy of Pediatrics and the CDC have given significant attention to the 

necessity of preventing and treating ACEs (CDC, 2021).  One of many intervention levers is 

connection to high quality primary care, through which adolescents can receive integrated 

behavioral healthcare, appropriate specialty referrals, connection to social workers or 

Community Health Workers, engagement of community-level supports, fostering of trusted 

relationships with adults and peers, and other forms of support focused on building individual 

and family resilience (Burke Harris, 2018; Lloyd et al., 2021; Traub & Boynton-Jarrett, 2017).  
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However, many healthcare systems do not screen for ACEs, or do so heterogeneously (Barnes 

et al., 2020; C. Bethell et al., 2021; C. D. Bethell et al., 2017; Finkelhor, 2018); and while there is 

widespread recognition that ACEs have critical impacts on child and adolescent health, 

universal screening is not recommended by major national bodies at this time. Given the lack of 

consensus on screening, NYC Health+Hospitals does not routinely screen for ACEs. Instead, 

the system focuses on fostering a supportive environment where trauma can be addressed 

effectively through trauma-informed care, supportive resource connections and trusting 

relationships.   

Although many adolescents at NYC Health+Hospitals are exposed to at least one 

systemic stressor, resource constraints mean that primary care practices must identify the 

highest risk teenagers to connect to enhanced supports like care referrals, CHWs or community 

resources. Risk scores can help providers understand where to invest time and augment 

clinician judgment. However, no satisfactory definition of measurable risk has been identified for 

adolescent primary care.  

Tracking measurable outcomes associated with ACEs may be a fruitful approach. An 

expansive definition of ACEs which incorporates both relational and social stressors as outlined 

in the Institute for Health Equity conceptual framework above provides a compelling base to 

define adverse physical and behavioral outcomes of concern for adolescent development. By 

predicting adverse outcomes associated with past or current ACEs exposure, and flagging 

adolescents at highest risk of multiple adverse outcomes, healthcare systems like NYC 

Health+Hospitals can connect adolescents and families to services and additional support. 

Purpose Statement 

This quantitative inquiry built on the ample body of literature on the impact of ACEs and 

social determinants on adolescent development, health and wellbeing, filling a crucial gap in the 

risk prediction literature. The study aimed to create and validate a single tool to systematically 

flag adolescents in the top 5% of risk of negative health outcomes associated with Adverse 
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Childhood Events (ACEs). Specifically, the algorithm used data from pediatric patients aged 

12-17 who received primary care at NYC Health+Hospitals (H+H) between January 1 and 

December 31, 2022 to predict the number of ACEs-associated health outcomes documented in 

the EMR in 2023. The algorithm used clinical data from NYC Health + Hospitals, an urban public 

hospital system, augmented with geographically linked datasets from other City agencies and 

the CDC.   

The outcome of interest was adverse outcomes associated with ACEs exposure as 

measured in the EMR in 2023, as outlined by key informants at H+H (see Appendix A, B). The 

domains of adverse events included high acute utilization; pregnancy and sexually transmitted 

infections; challenges in school; depression and suicidality; disordered eating; BMI trajectory; 

alcohol and drug use; abuse, trauma and related diagnoses; and acute utilization for chronic 

and behavioral disorders. These domains were selected because of their association with 

exposure to ACEs in the child and adolescent literature, their ability to be measured in the 

electronic medical record, and their selection as important domains of risk by key informant 

interviews with clinicians and patients at NYC Health+Hospitals collected before this study (see 

Appendix A, B).  The algorithm selected predictors associated with this outcome from candidate 

variables in demographics, diagnoses, routine screenings, vital statistics, utilization, laboratory 

results and geographically matched socioeconomic status data.   

Research Question 

How accurately can the risk of adverse health outcomes for adolescents in primary care 

at a large urban safety net system be predicted by the prior year’s electronic medical record and 

public data across demographic, SDOH, utilization and clinical domains?   

Sub-Problems  

1.​ Which demographic data in the EMR in 2022 predict adverse outcomes in 2023 among 

adolescents in primary care at NYC Health+Hospitals?  
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2.​ Which SDOH data recorded in the EMR in 2022 or pulled from geographically-matched 

neighborhood datasets predict adverse outcomes in 2023 among adolescents in primary 

care at NYC Health+Hospitals?  

3.​ Which utilization data in the EMR in 2022 predict adverse outcomes in 2023 among 

adolescents in primary care at NYC Health+Hospitals? 

4.​ Which clinical data in the EMR in 2022 predict adverse outcomes in 2023 among 

adolescents in primary care at NYC Health+Hospitals? Clinical data here refer to 

diagnoses, screenings, lab results and vitals.   

5.​ Which adverse outcomes among adolescents in primary care can be measured in the 

EMR and aggregated into a single score for 2023? Adverse outcomes here refer to 

domains associated with ACE exposure, as identified from the literature and previous 

key informants within Health+Hospitals. These fall within the broad categories of 

increased acute utilization; pregnancy and sexually transmitted infections; challenges in 

school; depression and suicidality; disordered eating; BMI trajectory (top or bottom 5%); 

alcohol and drug use; abuse, trauma and related diagnoses; and utilization for key 

chronic and behavioral disorders.  

6.​ How accurately can the risk of adverse health outcomes for adolescents in primary care 

at a large urban safety net system be predicted by the prior year’s electronic medical 

record and public data across demographic, socioeconomic, utilization and clinical 

domains?   

Hypotheses 

Ho: The risk of adverse health outcomes for adolescents in primary care at a large urban safety 

net system can be predicted by the prior year’s electronic medical record and public data across 

demographic, socioeconomic, utilization and clinical domains, at >70% AUROC overall and with 

>90% accuracy, >20% sensitivity and >30% positive predictive value at the top 5% high risk 

threshold.   
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 Ha: The risk of adverse health outcomes for adolescents in primary care at a large urban safety 

net system cannot be predicted by the prior year’s electronic medical record and public data 

across demographic, socioeconomic, utilization and clinical domains, at >70% AUROC overall 

and with >90% accuracy, >20% sensitivity and >30% positive predictive value at the top 5% 

high risk threshold. 

Definitions  

Adverse Childhood Events: As mentioned above, the CDC defines Adverse Childhood 

Events (ACEs) as events that inflict trauma which “can change brain development and affect 

how the body responds to stress” (CDC, 2021). Although Felitti et al identified a more limited set 

of relational risks in their landmark 1998 study, the field of ACEs research has since expanded 

to include traumatic experiences arising from other sources of adversity, including the lived 

experience of racism, witnessing violence within one’s community and experiencing material 

deprivation within the home that is not mitigated by a trusted adult or social support (Felitti et al., 

1998; Koita et al., 2018). ACEs are not measured directly in this study. Rather, this study seeks 

to identify and predict outcomes that manifest during adolescence which are associated with 

exposure to ACEs during childhood and adolescence, as a way to systematically bound adverse 

outcomes and risk within primary care.  

Adverse Health Outcomes: An adverse health outcome is defined by Sherwin as “the 

causation, promotion, facilitation and/or exacerbation of a structural and/or functional 

abnormality, with the implication that the abnormality produced has the potential of lowering the 

quality of life, contributing to a disabling illness, or leading to a premature death” (Sherwin, 

1983). In this study, adverse health outcomes are defined as outcomes which can be measured 

in the electronic medical record that are significantly associated with exposure to 1+ ACEs 

during childhood and adolescence, as identified by Nelson et al or as added and modified by a 

key informant (C. A. Nelson et al., 2020).     
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Electronic medical records: Electronic medical records (EMRs) are “digital versions of 

the paper charts in clinician offices, clinics, and hospitals [which]...contain notes and information 

collected by and for the clinicians in that office, clinic, or hospital…for diagnosis and treatment” 

(What Are the Differences between Electronic Medical Records, Electronic Health Records, and 

Personal Health Records? | HealthIT.Gov, n.d.). In this study, EMR refers to the Epic electronic 

medical record instance implemented across NYC Health+Hospitals’ ambulatory and acute care 

facilities in 2019.  

Primary care: The Institute of Medicine defines primary care as “the provision of 

integrated, accessible health care services by clinicians who are accountable for addressing a 

large majority of personal health care needs, developing a sustained partnership with patients, 

and practicing in the context of family and community” (Care et al., 1996). In this study, primary 

care refers principally to pediatric and adolescent care delivered by providers (MDs, NPs and 

PAs) across NYC Health+Hospitals’ 11 hospitals, 6 ambulatory care centers and 70+ 

Community Health Centers.  

Acute Care: According to the World Health organization, acute care includes “emergency 

medicine, trauma care, pre-hospital emergency care, acute care surgery, critical care, urgent 

care and short-term inpatient stabilization” (Hirshon et al., 2013). In this study, acute care refers 

principally to care delivered during an emergency room visit or inpatient stay at NYC 

Health+Hospitals.  

Safety net system: According to the Institute of Medicine, safety net systems are those 

which “deliver a significant level of health care and other needed services to uninsured, 

Medicaid and other vulnerable patients” (Wang et al., 2023). NYC Health+Hospitals is the 

nation’s largest safety net system. This study uses the IOM definition when referring to safety 

net systems.  

Social Determinants of Health: According to the CDC’s Healthy People 2030, social 

determinants of health (SDOH) are “the conditions in the environments where people are born, 
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live, learn, work, play, worship, and age that affect a wide range of health, functioning, and 

quality-of-life outcomes and risks” (Social Determinants of Health - Healthy People 2030 | 

Health.Gov, n.d.). In this study, social determinants are captured directly in the electronic 

medical record via housing status variables, socially oriented billing z-codes for including food 

insecurity and lived experience of foster care. Unmeasured social determinants are brought in 

via geographic address match (homelessness and public NYCHA housing residency) and via 

neighborhood-level variables from the Social Vulnerability Index (2016-2020) (CDC SVI 

Documentation 2020 | Place and Health | ATSDR, 2022).  

Demographics: According to Miriam Webster, demographics are “the statistical 

characteristics of human populations (such as age or income)” (Definition of DEMOGRAPHIC, 

2023). In this study, demographics refer to patient variables from the EMR that include age, 

race/ethnicity, primary language, insurance status (Medicaid, uninsured, and commercial/other) 

and address (used for matching).  

Diagnosis: According to the Cambridge Dictionary, a diagnosis is “a judgment about 

what a particular illness or problem is, made after examining it” (Diagnosis, 2023). In this study, 

diagnosis refers to an International Statistical Classification of Diseases (ICD-10) alpha-numeric 

classification of a given disease. This study uses two grouper methodologies to classify disease. 

The first is the Healthcare Cost & Utilization Project (HCUP)’s Clinical Classifications Software 

Refined (CCSR) system, which groups diagnoses into intelligible categories. The second is the 

Pediatric Comorbidity Index (PCI), which Sun et al developed in 2020 to capture the most 

important categories of morbidity among children and adolescents, by ICD-10 code (Sun et al., 

2021). This study incorporates into its data all PCI categories, as well as CCSR categories for 

abuse, neglect, trauma, PTSD, social or material adversity, overdose, suicidality, experience of 

violence, enuresis, encopresis and educational difficulties. These are the diagnosis groups 

associated with ACEs exposure in the literature which did not have a dedicated PCI definition.  
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Healthcare screenings: According to the federal Office of Disease Prevention and Health 

Promotion, screenings are “medical tests that doctors use to check for diseases and health 

conditions before there are any signs or symptoms” (Get Screened - MyHealthfinder | 

Health.Gov, n.d.). Among adolescents visiting primary care, screenings are primarily 

questionnaires which are provided via paper, electronic tablet or verbal questioning during a 

visit. In this study, screenings refer primarily to standard and customized questionnaires done 

during the SSHADESS (Strengths, School, Home, Activities, Drugs, Emotions, Sexuality, 

Safety) assessment within the primary care visit (Chapter 32: The SSHADESS Screening: A 

Strength-Based Psychosocial Assessment, n.d.). Screening data in this study cover safety, food 

insecurity, foster care status, gender and sexual identity, alcohol and substance use, smoking 

status and school performance. They also include standardized clinical screenings for anxiety 

(GAD-7), depression (PHQ-9) and suicidality (CCRS). The one screening not included in 

SSHADESS is Body Mass Index (BMI), which was trended from 2022 to 2023 to identify the top 

and bottom 5% of patients’ whose BMI changed from Year 1 to Year 2 (aka BMI trajectory).  

Utilization: According to the Encyclopedia of Behavioral Medicine, health care utilization 

is “the quantification or description of the use of services by persons for the purpose of 

preventing and curing health problems, promoting maintenance of health and well-being, or 

obtaining information about one’s health status and prognosis...[often measured by] the number 

of services used over a period of time” (Carrasquillo, 2013, p910). In this study, utilization refers 

to the number of visits undertaken by a patient in a given year to departments within the 

Emergency Department, Inpatient, Primary Care, Behavioral Health or other Outpatient settings. 

In some instances, this study separated acute utilization by regular ED/Inpatient and Psych 

ED/Inpatient visits, which refer to visits to specialized psychiatric wards within the ED and 

Inpatient settings.  

Laboratory Results (“Labs”): According to Medline, “a laboratory (lab) test checks a 

sample of your blood, urine (pee), or other body fluid or tissue to learn about your health” (How 
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to Understand Your Lab Results, n.d.). This study included lab results in several composite 

definitions, such as sexually transmitted infections (STIs). 

Prediction and Outcome Periods: According to Rijnbeek and Reps, any prediction 

problem is defined by a an attempt to use information collected during an observation window 

(prediction period) to anticipate whether an outcome will occur during a defined time-at-risk 

(outcome period) (Rijnbeek & Reps, 2021). In this study, the outcome period refers to events 

observed during 2023, as documented in the electronic medical record. In this study, the 

prediction period refers to one or more visits which occurred during 2022 within an H+H primary 

care department.  Only data recorded in a patients’ record as of their final visit during the 

prediction period was used in EMR-based predictor variables.  

Delimitations  

This inquiry was limited to risk prediction among adolescents in primary care in a large 

urban safety net system. This inquiry did not explore younger children (ages 0-11) or adults.  

The inquiry was limited to data collected during the course of care, or public agency data that 

were matched to enhance that clinical data. No primary patient data collection was done in this 

study.  While resilience is a well-documented mediator in the impact of ACEs on health in 

adolescence and beyond, it is poorly documented in primary care and was thus outside the 

purview of this inquiry (Stirling et al., 2024). This inquiry did not cover the implementation of its 

risk score, beyond an exploration of possible directions and impacts in Discussion. It did not 

examine longitudinal risk measurement or directly investigate intergenerational trauma. While 

ultimately multi-disciplinary in nature due to the complexity of the topic, this inquiry was 

grounded in an epidemiologic approach, rather than a psychological, sociological, demographic 

or ethnographic approach. 

Large machine learning models have in recent years increasingly been leveraged in 

healthcare, particularly in academic medical centers with a long history of unified electronic 

medical record adoption like Mass General. Complex AI and large language models are on the 
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precipice of transforming healthcare.The data infrastructure of Health+Hospitals during the 

study period could not support the development or deployment of an AI or deep learning model, 

due to computational intensity; and Health+Hospitals has not yet implemented a large language 

model within its firewall. As such, AI and deep learning methods fell outside the scope of this 

inquiry.  

Assumptions  

This inquiry included key assumptions. The first and perhaps most important assumption 

is that data found in the EMR or matched from public sources can truly approximate real 

underlying risk among primary care adolescents. The inquiry assumed that identifying adverse 

health outcomes associated during adolescence with exposure to ACEs is a valid method to 

bound adolescent risk. It assumed that outcomes associated with ACEs in the literature are truly 

associated with ACE exposure. It also assumed that using key informants to tailor a risk 

outcome would improve that risk outcome’s ability to reflect local practice and needs.  

Within the statistical modeling, there were additional key assumptions. This inquiry 

assumed that data from 2022 used to predict outcomes in 2023 would still be relevant in and 

beyond 2024. It assumed that regularized machine learning, in the form of a LASSO model, was 

an appropriate statistical method for the underlying data. Finally, it assumed that in instances in 

which it is impossible to measure data missingness, underlying missingness is non-differentially 

distributed. For example, diagnosis variables cannot differentiate between an adolescent who 

does not have a disease and an adolescent who has not been evaluated for the disease. This 

assumption is common across studies in this discipline, although it is likely to be violated. The 

treatment of missing data is further explored in Chapter 3 (Methods) and Chapter 5 

(Discussion).  

Significance of the Study 

This study is responding to a gap within the risk prediction literature. While 

disease-specific risk scores have proliferated, very few generalized risk scores exist for the 
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adolescent primary care population. There is some precedent for socio-medical risk scoring in 

practice. The HealthySteps model, in which providers manually risk tier children aged 0-4 years, 

includes both medical and social risk factors (Tiers and Core Components, 2022). However, the 

unique needs of young children cannot be extrapolated to adolescent age ranges. The work of 

Bethell et al on the Integrated Child Risk Index does incorporate both social and medical risk 

using an ACEs perspective, and this work will guide the inquiry (C. Bethell et al., 2021). 

However, the score produced by this work, while of very high value to research, is too 

time-intensive to be able to be implemented in primary care practice, given the multiple 

questionnaires required to generate an Integrated Child Risk Index score. Additionally, any 

manual risk screening or tiering protocol requires staff time to implement. A risk score optimized 

for general adolescent primary care would provide targeting guidance without the need for 

extensive new screening protocols.   

This study also addresses a gap in the risk prediction literature. Scores which predict 

readmission to the hospital for very sick pediatric populations exist, such as the model 

developed by Leary et al for children with complex conditions, but they are not generalizable 

across a full population without inpatient utilization (Leary et al., 2019). Pediatric comorbidity 

scores are limited in scope, incorporate only diagnosis data and fail to adequately capture social 

determinants of health (Sun et al., 2021).   Models which predict an individual ACEs-associated 

outcome exist, such as Su et al’s work predicting suicide using electronic medical record data, 

but they fail to capture a broad spectrum of adverse outcomes (Su et al., 2020).  Models 

predicting medical cost are available, as outlined in Bellis et al’s excellent systematic review of 

literature from North America and Europe, but they are seldom focused on pediatrics, and 

utilization among adults is distinct (Bellis et al., 2019).   Models measuring past ACEs 

experience exist, but they are not tuned to predict future adverse outcomes and are often 

engineered for research rather than clinical practice (Bhattarai et al., 2021). This study aimed to 

create a comprehensive tool which addresses this gap in the literature.    
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A strong adolescent risk score has the potential to have real-world impact within primary 

care at H+H. In 2021, the Office of Population Health at H+H launched a program embedding 

Community Health Workers into primary care practices across the system. As part of the 

American Rescue Plan, New York City received $35 million to create the Public Health Corps, a 

group of Community Health Workers (CHWs) focused on low income New Yorkers.  Senator 

Gillibrand is now seeking $55 billion in funding to replicate this model in communities across the 

country (NYC Health+Hospitals, 2022). By flagging adolescents and families who would most 

benefit from additional support, NYC H+H could ensure that it uses its CHW workforce to best 

effect, particularly as that workforce is reshaped by the evolving Medicaid policy landscape. This 

presents an unprecedented opportunity to connect families to resources that address social 

needs and reduce ACEs risk, a key driver of healthcare outcomes and overall well-being.  

Implementing an adult high risk score has allowed H+H to garner additional resources from the 

city and state, and to develop more targeted internal programming. A functional pediatric risk 

score would extend that advocacy power to our adolescent population.  
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Chapter 2: Review of the Literature  

Introduction 

 

The United States spends heavily to address pediatric disease burden after it occurs. 

For example, the U.S. spends an estimated $1.59 billion in asthma-related hospitalizations 

alone annually (Perry et al., 2019). In contrast, spending on primary care has hovered at 

approximately 5% of all healthcare dollars since 2003. Health in children and families is 

produced holistically, and requires holistic solutions rooted in a robust primary care system. How 

have we evolved in addressing social and physical health status holistically over time? And how 

could we better identify children at risk, to be able to better support them through adolescence? 

This literature review begins to answer these questions by describing adolescent risk and 

wellbeing, tracing the history of the field of social determinants of health and summarizing the 

evolving study of Adverse Childhood Experiences (ACEs).  

This study covers the trajectory of two major disciplines: social determinants of health 

(SDOH), and adverse childhood experiences (ACEs).  The Centers for Disease Control (CDC) 

defines social determinants of health as “conditions in the places where people live, learn, work, 

and play that affect a wide range of health and quality-of life-risks and outcomes” (Social 

Determinants of Health | CDC, 2021). For many families, social determinants of health such as 

poverty, lack of education or neighborhood environmental exposures can be a distal cause of 

traumatic stress, decreasing resources for resilience and self-efficacy. Social determinants of 

health in turn impact the prevalence of Adverse Childhood Experiences (ACEs), a proximal 

cause of childhood traumatic stress with impacts on development and health throughout the life 

course.    

Because these literatures are wide, this literature review prioritized meta-analyses, 

systematic reviews and canonical sources cited many times in the literature. The SDOH and 

ACEs overviews leveraged a peer-reviewed literature search in Pubmed, the best of breed 
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engine for public health, social science and medical literature curated by the National Library of 

Medicine. Pubmed’s MeSH key terms mapped poorly on the domains under study. As a result, 

this review used a combination of keyword searches (terms: “social determinants of health” 

[MeSH] and health outcome; “Adverse Childhood Experiences”) and snowball searches 

(identifying key sources from bibliographies of seminal works in the field and those that cite the 

seminal works). Google Scholar was the primary engine used to identify key reports and white 

papers cited often in the literature, such as Alma Ata and the Rio Declaration. Searches were 

conducted iteratively.    

In the below review of the literature, adolescent development is described, with particular 

focus on risk identification and management in primary care.  Next, the broad historical 

trajectories of social determinants and ACEs research are traced. Finally, major themes in the 

literature are highlighted to establish the strategic direction of this inquiry. By tracing the history 

of these disciplines and identifying relevant gaps, this review aims to place this dissertation 

within an ongoing, broader conversation on how best to identify and assist adolescents in need.    

Defining and Assessing Risk in Adolescence 

Adolescent Development  

Adolescence is a critical window of development in which social cognition accelerates, 

puberty blossoms and new areas of the brain develop (Blakemore & Mills, 2014). Adolescence 

is marked by transformation. It is a period in which children must navigate a complex set of new 

competencies, which include “becom[ing] independent…understand[ing] their changing 

social-sexual roles and sexual identity…chang[ing] their relationships with their 

parents…transform[ing] acquaintances into deeper friendships…focus[ing] their ambitions on 

their futures, and…transform[ing] their images of themselves to accommodate their physical and 

psychosocial changes” (Health et al., 2000).  Although adolescence is defined as 12-17 in this 

inquiry, it actually refers to a window of development which may vary by individual and extend 

through early adulthood (Jaworska & MacQueen, 2015).  During adolescence, most children go 
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through the five Tanner stages of puberty, including breast development and menarche among 

girls, and voice and genital changes for boys (Breehl & Caban, 2024). These hormonal 

transitions accompany a range of social development in this critical window.  

Beyond the visible physical changes, there is a profound transformation happening in 

the brain, with implications for behavior, emotional wellbeing and decision-making (Lahey, 2021; 

Siegel, 2013). During adolescence, individuals gradually transition from concrete to abstract 

thinking (Jaworska & MacQueen, 2015). The brain trims unnecessary neural connections forged 

during childhood while strengthening areas devoted to reasoning. Although adolescents are 

capable of increasingly sophisticated thought, the prefrontal cortex is still developing through 

early adulthood (BALOCCHINI et al., 2013; National Research Council, 2011).  Adolescence is 

a period of heightened risk seeking and emotional reactivity, with high impulsivity and sensitivity 

to rewards (Jaworska & MacQueen, 2015).  This translates to more frequent risk-taking 

behaviors in the adolescent period, in human and animal species alike (Adolescence, 2011).  

Adolescent Risk 

Most parents would agree that adolescence is a time of heightened risky behaviors. As 

Balocchini et al noted, “adolescents and young adults are more likely than adults to binge drink, 

smoke cigarettes, have casual sex partners, engage in violent and other criminal behavior, and 

have fatal or serious accidents” (BALOCCHINI et al., 2013, p191). However, defining adolescent 

risk itself can be tricky. Frequently, the term “at risk” appears with “no consistent definition” and 

can encompass any manner of negative possibilities (Moore, 2006).  Internationally, the biggest 

drivers of mortality among adolescents and young adults include injuries, interpersonal violence 

and self-harm (World Health organization, 2023). Injury, violence and self-harm were also the 

top three causes of death among adolescents aged 15-19 in the US from 2018-2022 (Centers 

for Disease Control and Prevention (CDC), 2024).  However, anchoring on mortality, which is a 

low incidence outcome among adolescents, fails to grasp the full spectrum of risks which may 

impact adolescent wellbeing. The IOM’s Committee on the Science of Adolescence identified 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 22 

“sexual risk-taking, substance use, illegal behavior, and risky driving” as the top areas of 

adolescent risk, with additional focus on “mental health risk” from disorders such as depression 

or disordered eating (National Research Council, 2011). This list, while important, is hardly 

comprehensive. A more granular definition of risk is required to measure it in primary care.   

When searching for an enumeration of components for a broad definition of adolescent 

risk, this review identified a new gold standard for global adolescent risk measurement. In June 

of 2024, the WHO published the first global set of indicators to measure adolescent health and 

wellbeing. The domain of health behaviors and risks includes indicators for healthy weight; diet; 

exercise; alcohol, cannabis and nicotine use; early sexual initiation; use of contraceptives; 

exposure to bullying and exposure to violence (The Adolescent Health Indicators 

Recommended by the Global Action for Measurement of Adolescent Health, n.d.). Additional 

indicators cover health services use; HPV vaccination; HIV and STI prevalence; injuries; 

depression and anxiety; suicidality; educational opportunities; poverty; and food insecurity. This 

list was compiled for measurement at a national level, across large survey datasets, and cannot 

be translated to a clinical context. However, it enumerates key domains of adolescent risk which 

can be measured and are broadly applicable across populations and contexts. It also aligns 

closely to domains of concern from exposure to Adverse Childhood Experiences, as will be 

delineated subsequently in this literature review.    

A more localized definition of adolescent risk might draw from the top challenges facing 

adolescents in New York City. The 2019 NYC Youth Risk Behavior Survey (YRBS) by the NYC 

Department of Health provides a population-representative overview of top stressors facing 

middle and high school students in New York City. Violence and bullying were big concerns. 

Among NYC middle and high school students in 2019, 22% reported getting into a physical 

fight, 10% had missed school because they felt unsafe, 17% had been bullied on school 

property, 11% had experienced physical dating violence and 8% reported carrying a weapon in 

the last 12 months (NYC Department of Health and Mental Hygiene, n.d.). Mental health was 
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also a top issue. Even before the pandemic, 36% reported feeling sad, and 9% reported a 

suicide attempt. Substance use was also important. While only 3% reported cigarette smoking, 

15% reported vaping in the last month, 21% reported alcohol use in the last month, 9% reported 

binge drinking, 12% reported using a prescription pain medicine without a prescription, 5-6% 

reported trying heroin, cocaine, methamphetamines or ecstasy, and 18% reported using 

marijuana in the last 30 days. Sexual health was highlighted, with 45% of sexually active 

teenagers in New York City reporting not using a condom at last sexual contact, 21% not using 

contraception, and 14% having initiated sex before 13 years. Social health was another 

important theme. Twenty two percent reported some level of food insecurity, 12% reported that 

they had run away or been kicked out or abandoned, 21% reported parental incarceration and 

13% reported a history of arrest. Finally, physical health issues also surfaced, with 25% 

reporting an asthma diagnosis and 14% reporting an asthma attack in the past 12 months. Only 

20% of high school students surveyed reported getting enough sleep, 13% reported eating 

sufficient fruits and vegetables (4+ servings), and 14% reported getting 60+ minutes of physical 

activity a day. By prevalence, top areas of adolescent risk in New York City may therefore 

include sexual health; vaping, alcohol and substance use; violence and bullying; neglect and 

incarceration; mental health; food insecurity; asthma; insomnia; and diet and physical activity.  

Although excessive TV viewing was captured in the YRBS, it did not ask about 

excessive phone or social media use, which has been linked to poor sleep quality, decreased 

mental health and increased risk of self-harm (Brautsch et al., 2023; Dibben et al., 2023; Khalaf 

et al., n.d.). Additionally, significant literature has covered the role of the pandemic in worsening 

social isolation and mental health challenges among adolescents, which is not captured in this 

2019 data (Almeida et al., 2021; Loades et al., 2020; Wolf & Schmitz, 2024). It is reasonable to 

hypothesize that these effects hold true within New York City, even though they were not 

measured in the Youth Behavior Risk Survey.    
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New York City also has some very specific risks to health and wellbeing that vary by 

geography. Because of systematic underinvestment, redlining and environmental racism, there 

is a large disparity in neighborhood-level environmental exposures, poor quality housing, street 

safety, green space and heat-reducing tree cover (Environmental Justice NYC Initiative, 2024). 

Exposure to air pollution impacts lung health, development and chronic disease over the life 

course (Air Pollution and Your Health, n.d.). Racialized zoning has historically concentrated 

sources of air pollution in low income neighborhoods of color across the US and in New York 

City (Jbaily et al., 2022). Ozone is a gas produced by volatile organic compounds and nitrogen 

oxides which irritates the upper respiratory tract when inhaled (US EPA, 2016). Although East 

Harlem and the Upper East Side are adjacent neighborhoods, the risk of an ozone-related 

asthma ED visit is starkly different by neighborhood, with an estimated 21 annual visits per 

100,000 children in the Upper East Side, and 214 visits per 100,000 children in East Harlem 

(Health Impacts of Air Pollution, n.d.). These neighborhoods also differ wildly on percent of 

homes with cracks or holes (6.1% vs. 20.2%), leaks (8.3% vs. 17.5%), mice or rats (37.6% vs. 

54.8%) or cockroaches (17.5% vs. 39.2%) (Cockroaches Data for NYC, n.d.; Housing 

Maintenance Data for NYC | Environment and Health Data Portal, n.d.; Mice and Rats Data for 

NYC, n.d.).  Life is hotter in East Harlem, with higher surface temperatures and less green cover 

(Interactive Heat Vulnerability Index., n.d.).  Life is less secure, with 31.9% of residents in East 

Harlem living in poverty, as compared to 6.8% of the Upper East Side (Economic Conditions 

Data for NYC, n.d.). Life is also less safe, with 904.9 violence-related annual ED visits per 

100,000 people in East Harlem, as compared to 126.3 visits in the Upper East Side (Violence 

Data for NYC, n.d.). As these neighbors illustrate, it is critical to consider the role of geography 

and place-based health when looking to describe and understand adolescent risk, particularly in 

New York City.  

Finally, any enumeration of adolescent risk must consider the lived experience of 

discrimination on the growth and development of the individual. High school adolescents report 
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distress after experiencing racial or ethnic discrimination or prejudice from peers, teachers or 

their communities (Fisher et al., 2000). Black and Hispanic youth, particularly boys, are most 

likely to report experiencing discrimination from adults such as police, educators or store 

workers, and Asian youth are most likely to report discrimination from peers (Benner, 2017). 

Gibbons et al found that experience of discrimination was associated with higher risk sexual 

behavior among African American adolescents and lower resilience among young adults, with 

higher impacts associated with higher exposures (Gibbons et al., 2012). Benner’s 2017 review 

found that racial and ethnic discrimination profoundly impacted adolescent development and 

adjustment. Adolescents experiencing racial or ethnic discrimination suffered increased anxiety, 

depression, stress and loneliness; reported more academic challenges; increased behavioral 

risk-taking such as substance use or shoplifting; and reported more somatic complaints and 

insomnia (Benner, 2017). Adolescents whose parents experienced discrimination were also 

adversely affected. Resilience in the form of support from friends, parents, trusted adults and 

community institutions blunted these effects.  

Among LGBTQ+ youth, experience of discrimination also impacts development and 

long-term health. Using the minority stress model, Russel and Fish illustrate how youth coming 

out in adolescence may experience discrimination during a crucial window of social 

development, leading to higher rates of depression, anxiety and substance use among LGBTQ+ 

youth  (Russell & Fish, 2016). In 2022, 73% of LGBTQ youth experienced anxiety, 58% 

experienced depression and 37% reported receiving threats or harm because of their identity, 

according to a nationally representative survey by the Trevor Project (2022 National Survey on 

LGBTQ Youth Mental Health, n.d.). Risk of a suicide attempt is three times higher among 

LGBTQ youth than cisgendered or heterosexual youth, and rates are highest among Black, 

Middle Eastern and Indigenous youth (2022 National Survey on LGBTQ Youth Mental Health, 

n.d.; Allred, 2024). However, growing up in a supportive family or community halves the risk of 

suicide attempt (Allred, 2024). According to 2019 estimates from the NYC Youth Risk Behavior 
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Survey, 2% of middle and high school students in New York identified as transgender, and 13% 

of students reported identifying as gay or bisexual (NYC Department of Health and Mental 

Hygiene, n.d.). These are important risks to consider.  

Minority and LGBTQ+ adolescents are both at increased risk of experiencing 

discrimination, and many youth of color who identify as LGBTQ+ experience intersectional 

minority stress (Salerno, 2023). Data truly capturing experience of discrimination and sources of 

familial or social resilience and support are lacking in the electronic medical record. Place, race, 

language, sexual and gender identity variables are proxy measures which may allow us to 

identify adolescents at risk of discrimination. Any assessment of adolescent risk must take these 

socio-geographic exposures into account, however imperfectly we may be able to measure 

them.  

Role of Primary Care 

Primary care has an important role in supporting adolescents as they develop. Although 

adolescents engage in outpatient care less often than adults or young children, they should 

receive annual preventive care visits (L & K, 2023; Riley et al., 2018). Within primary care, 

adolescents should receive “family planning and reproductive health services, diagnosis and 

treatment of STIs and HIV, mental health counseling and treatment, and substance abuse 

counseling and treatment” (Committee on Adolescence, American Academy of Pediatrics, 

2008). In Bright Futures: Guidelines for Health Supervision of Infants, Children and Adolescents 

(4th edition), the American Academy of Pediatrics recommends that in addition to routine 

physical exams and immunizations, adolescents should receive screenings for blood pressure, 

BMI, vision and hearing; anemia, tuberculosis, HIV and sexually transmitted infections; 

developmental progression; behavioral, social and emotional wellbeing; alcohol, tobacco and 

drug use; and depression and suicidality (Bright Futures/American Academy of Pediatrics, 

2023). The mnemonic SSHADESS is commonly referenced to identify key psychosocial 

screening areas for adolescents in primary care, covering strengths, school, home, activities, 
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drugs, emotions/eating, sexuality and safety (Klein et al., 2020). Primary care providers should 

also offer directional guidance on healthy decision-making, employing a strength-based 

approach to cultivate resilience and confidence in adolescent patients as they navigate new 

skills (Riley et al., 2018). Comprehensive primary care should be adolescent-centered, 

cultivating trust through cultural humility, participatory decision-making, non-judgmental 

listening, respect for autonomy and protection of confidentiality (Alderman et al., 2019; Riley et 

al., 2018).  

For patients who are struggling, primary care providers can be a key gateway to 

enhanced services (Burke Harris, 2018; Stirling et al., 2024).  Many primary care providers work 

with families to document learning disabilities or mental health needs and to navigate the 

landscape of school-based services (Fitch, 2024). Trained providers can manage mild to 

moderate depression, anxiety and ADHD in the primary care setting, particularly with the 

support of collaborative care or embedded behavioral healthcare providers (Burkhart et al., 

2020; Child and Adolescent Mental Health Coalition, 2023). Some primary care practices offer 

counseling within the medical home itself. Others help patients find in-network or 

community-based providers to address mental health or substance use issues that exceed 

primary care capacity. Social referral platforms such as UniteUs or FindHelp facilitate this 

process within the electronic medical record itself (Calvo-Friedman et al., 2023). Primary care 

providers can provide long-acting contraceptives in the primary care setting, treat sexually 

transmitted infections, screen patients for high risk sexual behaviors and connect patients to 

additional sexual health services (Klein et al., 2020).  Primary care providers can identify 

patients who need specialty care to manage a chronic condition like juvenile diabetes or lupus. 

In cases of maltreatment, neglect, abuse or foster care placement, primary care providers can 

increase monitoring, connect patients to enhanced mental health services or protective 

services, and support resilience to provide tertiary prevention of harm (Stirling et al., 2024).  
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These activities have a cost in staff time. Providing a full suite of screenings and 

interventions in 12-18 minutes is unrealistic, and national estimates suggest adolescents aren’t 

screened for risky behaviors in 50-85% of primary care interactions (Riley et al., 2018). While 

models like the patient-centered medical home are intended to provide additional 

reimbursement to support enhanced care (Bailit et al., 2010), resources remained stretched.  

High quality telehealth options can improve access to care for low-income adolescents, but 

while they may improve efficiency or reduce no-show, they are not a silver bullet for staffing 

challenges (Child and Adolescent Mental Health Coalition, 2023). Staffing models including 

community health workers, social workers or care managers can relieve pressure on primary 

care providers and support holistic care (Sandhu et al., 2021; Scott et al., 2018). However, 

reimbursement for community health workers and ancillary staff vary by state (National 

Academy for State Health Policy, 2024). Particularly in practices serving lower income 

populations, need often outstrips supply. Predictive models have been used elsewhere in 

healthcare to target scarce resources to those who might benefit most and may offer promise in 

prioritizing demand in pediatrics to better address the social determinants of health.   

Social Determinants of Health  

Evolution of the Field  

 

The evolution of public health is rooted in the social determinants of health. In 1854, 

John Snow advised the municipal government to remove the handle of a tainted water pump in 

a low-income area where residents were all required to use the same tainted public water 

source, slowing the infamous south London cholera outbreak (Paneth, 2004). This famous 

anecdote in the annals of epidemiology is a key example of the early importance of place-based 

interventions and population-level context. Throughout the nineteenth and early twentieth 

centuries, health commissions recognized the impact of poor housing quality, overcrowding, 

environmental exposure, contamination and poverty itself on the production of health (Fairchild 
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et al., 2010).  Public health practitioners were often social advocates and organizers like Alice 

Hamilton and Florence Kelley, working to address the spread of communicable disease at its 

upstream source.  However, in the twentieth century, as communicable disease outbreaks 

responded to sanitation and housing improvements, the focus shifted to laboratory research and 

chronic disease control (Yong, 2021). In the second half of the twentieth century, the expanding 

power of the medical system re-oriented public health conversations from the community to the 

individual (Frieden, 2010). Medical interventions overtook policy interventions in the public 

health playbook, de-prioritizing social determinants over biological determinants of health.     

New Policy Frames  

The Declaration of Alma Ata catalyzed a re-thinking of the medical model, re-inserting 

the importance of community and context on the production of health and foregrounding the 

importance of social determinants. The Declaration of Alma Ata was signed in 1978 during the 

International Conference on Primary Health Care, which was convened by UNICEF and the 

World Health organization (WHO) (“Declaration of Alma-Ata International Conference on 

Primary Health Care, Alma-Ata, USSR, 6–12 September 1978,” 2004). The conference included 

134 countries and 67 international organizations, nearly all of whom signed onto the declaration 

and its goal of “Health for All” by the year 2000. It served as a clarion call for enhanced, global 

access to primary care that treated both downstream health conditions and upstream social 

factors. Although the exact phrase “social determinants” doesn't appear, the intent was 

analogous. Alma Ata aimed to establish world-wide recognition of the interlinked nature of social 

and economic development with health inequalities and health outcomes. It also argued that 

primary care could play an important role in addressing both social factors and health outcomes. 

Although the ensuing four decades saw continued overreliance on disease-specific models of 

treatment and prevention, Alma Ata offered a vision of what holistic healthcare could be. Alma 

Ata is still cited in both human rights and SDOH frames of argument in public health. It 
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undergirded the millennium development goals (Exworthy, 2008) and remained a key framework 

by which community health progress (or lack thereof) was measured (Rifkin, 2018).     

Following Alma Ata, the phrase “social determinants of health” gained prominence. A 

search of the National Library of Medicine for articles with the phrase “social determinants of 

health” in the title yields 83 articles published in the 1970’s, 471 published in the 1980s, 1,522 

published in the 1990s, 3,497 published from 2000-2009, and 29,990 published since 2010.  

Another milestone came two decades after Alma Ata with the Marmot report, “Social 

Determinants of Health Inequalities” (Marmot, 2005). Sir Michael Marmot chaired the WHO 

Commission on the Social Determinants of Health in 2000. Marmot summarized the 

then-emerging body of evidence showing the impact of social status on communicable disease, 

non-communicable disease and mortality. The report outlined the impact of SDOH on rates of 

violence, exposure to environmental contaminants, opportunity for education, access to food 

and nutrition and other key cornerstones of health. Marmot identified how social determinants 

are socially constructed and as such are amenable to policy interventions. His report served as 

the cornerstone to the emerging field of SDOH and has been cited more than 5,000 times in the 

peer reviewed literature. The “Healthy People 2020” goals (written in 2010) were anchored in 

social determinants under the five domains of economic stability, education, health and health 

care, neighborhood and built environment, and social and community context, building directly 

on the work of Marmot and the Commission (Social Determinants of Health | Healthy People 

2020, n.d.).  

By 2011, when the WHO convened the World Conference on Social Determinants of 

Health, the importance of social determinants was widely acknowledged.  However, this 

knowledge did not translate into more equitable access to care and outcomes. The Social 

Determinants of Health conference took aim at this issue with the Rio Declaration, which 

expanded Alma Ata’s goals and tied them to the concept of equity (Rio Political Declaration on 

Social Determinants of Health | National Collaborating Centre for Determinants of Health, n.d.). 
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The Declaration moved beyond health as a human right and declared that accessible, available, 

acceptable, affordable and high quality healthcare was a human right. The Declaration was 

rooted in a health equity approach. It argued that social determinants are essential to the 

production or amelioration of health disparities.  It called for a Health in All approach to 

multi-sectoral policy making. Crucially for this inquiry and the Adverse Childhood Experiences 

field developing simultaneously, the social determinants targeted by the Rio declaration included 

"early years' experiences, education, economic status, employment and decent work, housing 

and environment, and effective systems of preventing and treating ill health" (Rio Political 

Declaration on Social Determinants of Health | National Collaborating Centre for Determinants 

of Health, n.d., p. 1).  The Rio Declaration called upon governments to embed health equity into 

policy design and to “further reorient the health sector towards reducing health inequities,” a call 

to which this inquiry aims to respond.  

SDOH in Medical Practice 

In the decade since the Rio Declaration, the importance of social determinants has 

become enshrined in public health practice and pedagogy. However, the medical system is still 

struggling to effectively bring social determinants into the care setting.  In 2016, the Institute of 

Medicine released “A Framework for Educating Health Professionals to Address the Social 

Determinants of Health,” recognizing the increased need for integration of SDOH into medical 

practice (Committee on Educating Health Professionals to Address the Social Determinants of 

Health et al., 2016).  The Affordable Care Act introduced required community health needs 

assessments (CHNAs), to be done by non-profit healthcare systems every three years, in an 

effort to bring community health and social determinant needs closer to the healthcare system 

(Community Health Needs Assessment for Charitable Hospital organizations - Section 501(r)(3) 

| Internal Revenue Service, n.d.).  

A key aspect of integrating social determinants of health into primary care has revolved 

around screening, characterized by heterogeneous and uneven adoption.  The Institute of 
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Medicine recommended collection of housing status, income and education in EMR data in 

2015, but data collection has not been routinely implemented (Medicine et al., 2015). The 

Institute for Medicaid Innovation identified nine validated tools for SDOH screening and 

recommended standard ICD-10 z-codes to document identified social needs but stopped short 

of recommending a single tool (Lekisha Daniel-Robinson & Jennifer E. Moore, 2019). The 

American Academy of Pediatrics’ has not endorsed any single tool but offers multiple SDOH 

screeners through the Screening Technical Assistance and Resource Center. Some systems 

have created their own tools, tailored to their unique populations and available community 

resources (Calvo-Friedman et al., 2023; Hunt, 2021). The American Academy of Pediatrics 

Pilots such as the upcoming New York State Medicaid 1115 Waiver are exploring a mandated 

single screener (Office of Health Insurance Programs, 2021). Screening workflows and roles 

also vary. A 2017 review across 67 SDOH intervention studies found that social needs 

screening was happening heterogeneously, with screening done by a mix of providers, social 

workers, community health workers and volunteers (Gottlieb et al., 2017).  The Center for 

Medicare and Medicaid Innovation launched a five-year SDOH screening and intervention 

challenge grant in 2017 which is yielding concrete guidance for systems looking to expand 

screening now.  

Care models to address social determinants of health are also heterogeneous and 

expanding rapidly. SDOH interventions in the ambulatory care setting have been shown to 

improve chronic disease control, mental health, healthy behaviors and overall quality of life, 

including among pediatric populations (Gottlieb et al., 2017). States like California and Oregon 

have used Medicaid pilots to fund housing navigation, food support, care coordination and legal 

aid (Alderwick et al., 2019), and New York is piloting a new 1115 waiver targeting social services 

for Medicaid patients outside the care setting.  In the pediatrics space, models focused on 

young children and families offer approaches which could be extended to older populations. For 

example, the University of Pennsylvania created resource and implementation guides for 
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addressing social determinants in pediatrics for their HealthySteps program (Piotrowski et al., 

2009).  The CLEAR collaboration has outlined strategies like targeted social determinant 

screening, social service referrals, hiring social navigators and benefit enrollers, reducing 

barriers to access by providing childcare and transportation, adding interpreter services, 

extending clinic hours, locating clinics within patient communities and adjusting panel size to 

accommodate more complex case mixes to target the upstream barriers to improved health and 

healthcare, building on well-established models for complex adult patients such as the Camden 

Coalition (Andermann, 2016; Truchil et al., 2018).  The COVID-19 pandemic highlighted the 

impact of social determinants on health and many health systems more purposefully integrated 

social services like legal help, food assistance, benefits enrollment and direct cash transfers into 

clinical practice (Clapp et al., 2020).   

Identifying and effectively addressing social determinants of health is a powerful 

opportunity to improve the production of health within the healthcare system. However, the 

impact of adverse social determinants on health varies by family and individual. One way to 

understand why some families thrive and some face terrible difficulties in adverse conditions is 

the study of traumatic stress produced by Adverse Childhood Experiences.     

Adverse Childhood Experiences and Their Impact Through the Life Course 

Evolution of the Field   

Adverse Childhood Experiences (ACEs) research examines the impact of traumatic 

stress during childhood on the individual throughout the life course.  ACEs research documents 

the unique and crucial role of trauma on childhood development, including endocrine, 

neurological and immunological systems and future health-related behaviors (Burke Harris, 

2018). Over time, the list of commonly cited ACEs expanded from household or familial trauma 

such as parental neglect and death to include traumatic stress stemming from social 

determinants, including exposure to racism, violence and poverty.  
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Although the 20th century saw diverse research on child maltreatment and neglect, the 

genesis of the ACE-specific field can be traced to the landmark 1998 study “Relationship of 

Childhood Abuse and Household Dysfunction to Many of the Leading Causes of Death in 

Adults: The Adverse Childhood Experiences (ACE) Study,” in which Felitti et al first studied the 

impact of cumulative ACEs on adult health outcomes (Felitti et al., 1998). It has subsequently 

been cited over 16,000 times. In this baseline paper of the Adverse Childhood Experiences 

(ACE) Study, Felitti et al surveyed 9,508 Kaiser Permanente San Diego members about their 

ACE exposures across seven domains and evaluated the strength of association and the 

dose-response relationship between single/cumulative ACEs, adult risk behaviors and disease 

states. The authors found that as ACE exposures increased, risk of smoking, severe obesity, 

physical inactivity, depressed mood, suicide attempts, alcoholism, substance use, >=50 sexual 

partners, and history of one or more sexually transmitted infections also increased significantly. 

They also found significant relationships with diabetes, ischemic heart disease, 

emphysema/bronchitis, hepatitis/jaundice, skeletal fracture and self-reported poor health. The 

authors evaluated the generalizability of their sample to the US population using national 

surveys and conducted sensitivity analyses to evaluate the impact of non-response bias.  

In the quarter century since Felitti, the ACEs field has produced multiple systematic 

reviews quantifying the impact of childhood trauma on adult health outcomes. For example, 

Hughes et al’s 2017 Lancet systematic review combined populations from 37 studies to evaluate 

the impact of having four or more documented ACEs on adult health outcomes, as compared to 

having no documented ACEs (Hughes et al., 2017). This methodologically rigorous study 

followed the gold standard PRISMA reporting guidelines (Shamseer et al., 2015). The 

meta-analysis included a large sample size (N=253,719) and 23 outcomes of interest. The 

outcomes with the strongest relationship to four or more ACES included problematic drug use, 

interpersonal and self-directed violence, sexual risk taking and mental health. Moderate 

associations were observed for use of alcohol or tobacco, poor reported health, heart disease, 
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cancer and respiratory disease. However, all outcomes studied were significantly associated 

with multiple ACE exposures. This article represented the first systematic review of the impact of 

multiple ACEs on health and consolidated the then-emerging consensus that ACEs have 

wide-ranging impacts on adult health not just for risky behaviors but also for chronic conditions. 

These findings have been replicated across multiple reviews and systematic analyses for adults 

(Boullier & Blair, 2018; Herzog & Schmahl, 2018; Kalmakis & Chandler, 2015; Petruccelli et al., 

2019). 

In 2019, Bellis and Hughes established that this relationship also held for cost. Published 

in the Lancet, “Life course health consequences and associated annual costs of adverse 

childhood experiences across Europe and North America: A systematic review and 

meta-analysis” estimated the cost of 1 or 2+ ACE exposures annually in North America and 

Europe (Bellis et al., 2019). Pooling data from 23 studies, they estimated the 

population-attributable fraction (PAF) due to ACE exposure for high risk behavioral conditions, 

including obesity, harmful alcohol use, illicit drug use and smoking, and for non-communicable 

diseases including cardiovascular disease, cancer, diabetes, respiratory disease, depression 

and anxiety.  The authors found that a quarter of harmful alcohol use could be attributable to 

ACEs, as well as 30% of anxiety and 40% of depression. While the relationship between 2+ 

ACES and the conditions studied was attenuated as compared to Hughes et al’s findings for 4+ 

ACES, the economic findings were staggering. The authors estimated that ACES are 

responsible for $748 billion annually in costs in North America, which is approximately 3.55% of 

GDP. Reducing ACES exposure by 10% would save $56 billion across North America annually, 

the authors found. The authors’ strategy to capture the financial impact of multiple ACES was a 

novel one and was crafted explicitly with an aim towards influencing economic and social policy.  

Although economic and social policies to target ACEs are still developing, funding for US 

research and data collection at the federal level has increased in recent years. The Centers for 

Disease Control (CDC) underwrote the original Kaiser Permanente/Felitti study, built a major 
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portfolio around violence prevention anchored in the science of ACEs (CDC, 2021), published 

an MMWR outlining the impact of ACEs on adult health across 25 states in 2019 (Merrick et al., 

2019), and released a funding opportunity (RFA-CE-20-003) to support ACEs prevention in 

2019/2020.  Since 2009, 48 states included an ACE survey module in at least one Behavior 

Risk Factor Surveillance System (BRFSS) survey implementation, recognizing the importance 

of tracking these upstream factors to the production of health across the United States 

(Behavioral Risk Factor Surveillance System ACE Data |Violence Prevention|Injury Center|CDC, 

2022). In 2016, the National Survey of Children’s Health also incorporated an ACEs module (C. 

D. Bethell et al., 2017) and it is now possible to quantify ACEs exposure nationally (Women and 

Children’s Health, 2020).       

This investment in research has yielded strong causal evidence. Across studies, the 

relationship between ACES, health risk factors and adult disease have been shown to satisfy 

five categories of Hill’s causal criteria used to suggest causality in epidemiology. These criteria 

are: strength of association; consistency across populations; specificity of effect to exposure 

(less relevant for population-wide and multi-factorial effects); temporality, or cause preceding 

effect; dose-response relationship, or more exposure leading to greater prevalence or intensity 

of effect; plausibility, or proposed mechanism by which cause might lead to effect; coherence, or 

replicating effects in the laboratory setting; experiment, or observing effects in trials where 

possible; and analogy, or similar causes producing similar effects (Rothman & Greenland, 

2005). Across the studies included in this review, research on the impact of ACEs on health 

outcomes and behaviors throughout the life course currently suggests strength, consistency, 

temporality, dose-response and coherence.  

Biological Mechanisms for the Impact of ACEs on Health   

Researchers have shown that ACEs exposure is associated with traumatic physical 

stress. In the last twenty years, scientists have uncovered many of the physical mechanisms 

whereby trauma impacts the body. In their authoritative 2012 review, Danese and McEwen 
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collated the literature on the biological impact of adverse childhood experiences, exploring the 

role of allostatic load (Danese & McEwen, 2012).  Allostatic load is in essence a quantification of 

chronic stress in the body. The authors detail how chronic exposure to adversity changes the 

brain structurally and functionally, including attention and emotional regulation, fear conditioning 

and memory. These changes make activation in response to stress more likely, creating a 

feedback loop. Exposure to chronic stress increases cortisol production via the endocrine 

system and induces chronic inflammation via the immune system. Chronic stress exposure has 

been shown to increase risk of chronic disease; insulin resistance, metabolic syndrome and 

diabetes; and cellular aging, cognitive decline and dementia. Exposure to chronic stress during 

childhood impacts development of the nervous, endocrine and immune systems, creating 

life-long consequences in the body and the brain.  

Exposure to traumatic stress has impacts in the genome itself. A systematic review by 

Parade et al found that childhood adversity was significantly associated with increased DNA 

methylation across the genome and in key genes impacting glucocorticoid receptors, oxytocin 

and genes involved in systemic inflammation (Parade et al., 2021). These methylations impact 

social behavior, attachment, stress response and internalizing behavioral problems. Childhood 

adversity (but not maltreatment) was also associated with advanced molecular aging, both in 

children aged 8-16 and among adults. Finally, the reviewers highlighted that the epigenetic 

impacts of prenatal exposures and stress create intergenerational transmission of toxic stress at 

a genome level (Babenko et al., 2015). In their review of cardiovascular disease and mental 

health in children and adolescents, Xu et al also found evidence for transmission of 

cardiometabolic risk across generations due to exposure to adversity and stress (L. Xu et al., 

2022).  

ACEs and Health Outcomes During Childhood and Adolescence 

The literature documenting the association of ACEs exposure and adult physical and 

behavioral health outcomes is robust and mature. However, adolescents are not small adults. 
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Adolescents have unique developmental needs and risk factors, but the scholarship around the 

impact of ACEs on that development during adolescence is newer.  For example, a 2019 review 

by Petruccelli et al found only 12 studies examining the health impact of ACEs before age 18 

through 2016, as compared to 84 studies examining health effects among adults (Petruccelli et 

al., 2019). 

There is an expanding body of research suggesting that the metabolic, immunological 

and neurological impacts of ACEs exposure create observable health and behavior impacts 

during childhood and adolescence itself (Burke Harris, 2018).  ACEs impact adolescent mental 

health, resilience, decision-making and development of higher-level thinking among 

adolescents. Significant associations have been observed between exposure to ACEs and 

adolescent ADHD (Bomysoad & Francis, 2020), anxiety (Balistreri & Alvira-Hammond, 2016; 

Bomysoad & Francis, 2020; Elmore & Crouch, 2020), asthma (Bellis et al., 2018), depression 

(Anderson et al., 2022; Blum et al., 2019; Bomysoad & Francis, 2020; Brockie et al., 2015; 

Elmore et al., 2020; Elmore & Crouch, 2020), overall poor mental health (Baldwin et al., 2021; 

C. Bethell et al., 2019; Boch et al., 2019; Folk, Ramos, et al., 2021), overall poor physical health 

(Baldwin et al., 2021; Balistreri & Alvira-Hammond, 2016; Bellis et al., 2018) and chronic 

comorbidity (Kerker et al., 2015), risky sexual behavior (Brown et al., 2015; Hillis et al., 2001; Lin 

et al., 2011; Richter et al., 2014), PTSD (Brockie et al., 2015), substance use (Bomysoad & 

Francis, 2020; Brockie et al., 2015; Folk, Kemp, et al., 2021), suicidality (Anderson et al., 2022; 

Brockie et al., 2015; Folk, Kemp, et al., 2021), learning or behavioral problems (Burke et al., 

2011), justice system contact (Graf et al., 2021), and inadequate healthcare access and 

utilization (Baron-Lee et al., 2015; Berg et al., 2018; C. Bethell et al., 2022). These myriad 

outcomes reflect that ACEs impact the physical, behavioral and social health of children and 

adolescents (C. A. Nelson et al., 2020). 

Systematic reviews identifying the impact of ACEs on adolescent health, writ large, are 

starting to emerge. Many of these reviews are focused on a particular sub-population or 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 39 

endpoint, with more development happening around justice-involvement, which is in and of itself 

a social determinant of health.  A 2021 systematic review looking at the association of ACEs 

experience with adolescent and young adult justice system contact found a dose-response 

relationship (Graf et al., 2021). A scoping review from Folk et al in 2021 found that among 

justice-involved youth, ACE exposure was significantly associated with mental health issues, 

substance use, pregnancy and academic challenges, across eight studies (Folk, Kemp, et al., 

2021). Draxler’s 2022 narrative synthesis framework review found a relationship between ACEs 

and treatment non-adherence, across six studies (Draxler & Ruppar, 2022).  A systematic 

review and meta-analysis by Morgan et al in 2021 found a 63% reduction in the likelihood of 

having high psychological resilience in youths exposed to one or more ACEs, using data pooled 

across three studies, and noted that six additional studies identified a negative relationship 

between ACE exposure and resilience (Morgan et al., 2021). In the sexual health space, 

Moussaoui’s 2022 systematic review found a significant association across 19 studies between 

ACEs exposure and dysmenorrhea, but not necessarily pelvic pain or dyspareunia (Moussaoui 

& Grover, 2022). Oh et al’s 2018 systematic review found that ACEs were associated with 

asthma, infection, somatic issues such as stomach ache, headache or insomnia and cognitive 

delay, with a subset of ACEs also associated with weight gain and increased cortisol levels (Oh 

et al., 2018). Additional reviews included pediatric and adult populations, but did not adequately 

disaggregate these very different populations to identify health outcomes which emerge during 

childhood and adolescence itself (Petruccelli et al., 2019).  

Evidence is also emerging about the national burden of ACEs during childhood and 

adolescence. Per the National Survey of Children’s Health (NSCH) has identified that 33% of 

children nationally have experienced at least one ACE, and 14% of children experienced 2+ 

ACEs (Women and Children’s Health, 2020), although prevalence was found to be lower (9.8%) 

among adolescents aged 15-19 in New York (Explore Adverse Childhood Experiences in New 

York | AHR, n.d.). Rates were highest among lower-income families and Black or American 
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Indian families. The NSCH also found a cross-sectional dose-response relationship between 

number of ACEs and depression, anxiety, special healthcare needs, poorly rated physical 

health, behavioral issues and difficulty with friendship. These findings may be an underestimate, 

as parents may be uncomfortable disclosing household adversity, particularly if they have lived 

experience of racism (Stirling et al., 2024). These findings suggest ACEs are critical to consider 

when trying to identify families and children requiring additional support from the medical 

system. 

ACES Screening  

Given the focus on integrating social determinants of health into clinical practice in the 

last twenty years, it is not surprising that there are nascent efforts to evaluate and treat the 

downstream effects of Adverse Childhood Experiences in primary care.  One strategy is 

screening for ACEs exposure. There has been significant interest in ACEs screening since the 

Felitti study. The American Academy of Pediatrics recommended that providers consider 

screening adults and children for traumatic stress in 2012 but stopped short of recommending 

universal screening (Barnes et al., 2020). The American Academy of Family Physicians 

currently recommends that providers be conversant on the impact of ACEs on patient health 

and the need for trauma-informed care but called for more research on ACE screening in lieu of 

a recommendation. The United States Preventive Services Task Force determined in 2024 that 

there was insufficient evidence to recommend primary care intervention to prevent child 

maltreatment, given the uneven literature on the benefits of ACE screening and intervention 

pathways.  This literature review covers ACEs screening tools and practices to establish that 

screening universally for ACEs in primary care is not a viable alternative to risk identification in 

current practice.  

 ACE screening efforts have focused on both parents and children.  In “Methods to 

Assess Adverse Childhood Experiences of Children and Families: Toward Approaches to 

Promote Child Well-being in Policy and Practice,” Bethell et al systematically reviewed the 
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literature for ACE assessment methods (C. D. Bethell et al., 2017). They compared the 14 

methods identified by domains included, setting of administration and methodology. They found 

comparable domains across most instruments, with 12 including the core domains of sexual, 

emotional and physical abuse and the majority including divorce (10), physical neglect (11) and 

emotional neglect (9). Tools that went beyond the original CDC/Kaiser study questionnaire also 

included neighborhood violence (6), school bullying (4), experiencing racism or discrimination 

(4) and death of a parent or caregiver (4).  This review also evaluated in more depth the validity 

of the ACEs module of the 2016 National Survey of Children’s Health (NSCH), finding that 

questions included in the module represented a single construct (childhood adversity), did not 

present acceptability issues, and had no significant redundancy.  

Measurement tools tailored to primary care are still developing. Bethell et al found that 

five of 14 ACE exposure assessment tools reviewed in 2017 had been developed for the clinical 

setting (C. D. Bethell et al., 2017).  No one assessment tool was ubiquitous and accepted as 

routine practice across clinical applications.  Only one of the five clinical ACE tools was 

developed to measure child or adolescent responses, rather than parental ACEs. The lack of 

uniform ACEs screening amongst children and adolescents makes uniform screening 

recommendations difficult to develop and implement. A concurrent study by Wade et al piloted a 

much simplified two item screener, from the 11-item Behavioral Risk Factor Surveillance System 

(BRFSS) ACE screener using BRFSS data from 2011-2012 (Wade et al., 2017). The goal of the 

study was to create a screener with acceptable validity that would be rapid to deliver in a clinical 

setting with adult patients. The study ultimately selected parental alcohol abuse and emotional 

abuse as the two items in the tested screener. The two item screener performed as well in 

logistic regression in predicting the outcomes of interest as the 11 item screener, after adjusting 

for patient-level social and demographic factors.  Although this screener was not included in the 

Bethell review, it had high potential for clinical application due to its parsimony and strong 

performance.  Subsequent to the Bethell review, the PEARLs tool was developed to capture 
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ACEs and “related life events” including four social determinants of health domains (food 

insecurity, housing instability, exposure to violence, experience of discrimination) (Koita et al., 

2018). This instrument shows promise, particularly when leveraged in the context of a trusting 

longitudinal relationship (Long et al., 2022), but has yet to be widely implemented.  

ACEs screening practices and workflows have been shown to be heterogeneous across 

pediatric primary care settings. A 2016 study by Kerker found that although more than 90% of 

providers agreed that chronic stress in childhood impacted future stress management and 

impacted brain development, three in ten providers didn’t screen for any ACEs, and only 4% 

usually screened across the 7 major ACE domains. Clinical implementation has lagged due to 

heterogeneous screening instruments, lack of clear guidelines for when, whom and how to 

screen in clinical practice, and unclear intervention pathways (Barnes et al., 2020). To date, the 

American Academy of Pediatrics has not endorsed universal ACE screening in pediatrics 

(Stirling et al., 2024).  

One implementation challenge is the lack of a clear, validated intervention pathway. As 

Finkelhor et al warned in 2018, implementing universal screening in primary care without first 

establishing intervention workflows to address identified needs has the potential to increase 

distress and decrease trust (Finkelhor, 2018; Stirling et al., 2024). While multiple toolkits have 

been produced, primarily focusing on supporting family resilience with economic policies and 

community programming, coherent recommendations for treatment of positive ACE screens in 

primary care are lacking (Folk, Kemp, et al., 2021; ortiz & Sibinga, 2017), and development of 

evidence-based primary care interventions for childhood adversity has been identified as a 

priority area for research (Shonkoff et al., 2021). A systematic review by Loveday et al 

assessing whether ACE screening in children aged 0-12 improved adversity-related referrals or 

service uptake found limited evidence of impact (Loveday et al., 2022). Screening may progress 

absent AAP, AAFP or USPSTF recommendation if incentivized through insurance, such as 

California’s ACE-Aware Medi-Cal program (ACE Aware, 2024). However, uptake of ACEs 
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screening is unlikely to be universal in the near term. It is possible that statistical models which 

estimate risk of ACE exposure or ACE-related outcomes could fill an information gap without 

large-scale changes in clinician practice.  

Risk Prediction in Pediatrics and Adolescent Medicine  

As established above, universal screening for ACEs is not current practice in primary 

care, and it is not recommended by major bodies such as the United States Preventive Services 

Task Force. However, identifying patients who need the most support to develop into healthy 

adults remains critical. As outlined by Shonkoff et al in their 2020 overview of the psychosocial 

impact of ACEs on development, “Measuring demographic risk factors or adverse childhood 

experiences (e.g., by calculated adverse childhood experience scores) at a population level can 

provide valuable data for policy makers, but the identification of individual risk and allocation of 

resources would be enhanced substantially by direct measures of child health and development 

within the context of primary health care to determine priorities for intervention and match 

specific services to identified needs” (Shonkoff et al., 2021). Risk prediction algorithms may play 

a role, using the proxy data that are currently collected in the electronic medical record, to 

approximate true risk and flag patients for enhanced screenings or interventions.  

Such a score does not currently exist in the literature. Although adolescents are subject 

to myriad risks across emotional, behavioral and physical loci, most risk scores developed in 

pediatric populations are extremely narrow.  There are focused risk scores for specific events or 

conditions such as obesity (Gerald et al., 1994), diabetes (Castensøe-Seidenfaden et al., 2017), 

asthma (Eum et al., 2019), cancer (Tolkkinen et al., 2018), injury (Bradbury et al., 1999), surgery 

(Cromhout et al., 2022), hospital readmission (Nacht et al., 2022; Sills et al., 2017), and primary 

care engagement (Lefchak et al., 2022).  Sun et al developed a pediatric comorbidity index 

based on ICD-10 code diagnoses, but it only includes diagnosed conditions and does not 

incorporate screening or symptom data (Sun et al., 2021). There are models which predict 

specific behavioral health outcomes in children, such as Spencer et al’s work investigating 
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social risk and mental health of children aged 6-11 in primary care (Spencer et al., 2020) or 

Scholes-Balong et al’s work predicting incident cannabis use in adolescents (Scholes-Balog et 

al., 2020). There are high quality models which highlight mental health risk, such as Su et al’s 

work predicting suicide using electronic medical record data (Su et al., 2020). These models do 

not help a primary care provider to flag children on whom they want to do more comprehensive 

screening and follow-up, across a variety of risk factors.  

Examples of strong generalized risk scores which capture social, behavioral and medical 

risk do exist, such as the Integrated Child Risk Index developed by Bethell et al in 2022 (C. 

Bethell et al., 2022). The authors used a nationally representative survey dataset to create an 

integrated risk assessment tool that scores medical, social and relational risk. The score defines 

medical risk as 1+ complex healthcare need, 2+ chronic conditions, 1+ functional difficulties or 

fair/poor overall health status. It defines social risk as food insecurity, income insecurity, unsafe 

neighborhood/violence exposure, or experienced racism. It defines relational risk as 2+ 

household ACES, caregiver with fair/poor mental health, caregiver-reported aggravation with 

child, or poor coping of caregiver. The authors identified these domains from a comprehensive 

review of the pediatric and adolescent risk literature. Each domain was independently 

associated with the outcomes of interest, which included emergency room days, score on the 

child flourishing index, and educational preparedness and engagement. This score can 

reasonably be considered a gold standard of risk assessment within research. However, this 

score has yet to be simplified for clinical implementation or applied to prediction tasks within 

primary care.  

Among adults, there is a robust body of literature on generalized risk prediction in the 

clinical setting. Robust models predicting all-cause mortality and all-cause hospital admission or 

readmission among adults which are often applied to the outpatient context, including the 

Charlson comorbidity index (Sundararajan et al., 2004) and the LACE index (Fry et al., 2020). 

Multiple electronic medical records have automated all-cause admission risk prediction 
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algorithms for adults. Models are available not only for the general population but also more 

vulnerable sub-populations, like the low income and uninsured patients of NYC 

Health+Hospitals (Ziring et al., 2018) or Denver Health, a large safety net system in Colorado (T. 

L. Johnson et al., 2015) (Rinehart et al., 2018). Generalized risk prediction models and 

accompanying complex care programs are far less robust in the pediatric space as compared to 

adult medicine. This is a key gap with implications for the health of families and children.    

Discussion     

Summary of Findings  

In the 40+ years since the International Conference on Primary Health Care published 

the Declaration of Alma Ata, there has been an increasing trend to recognize the importance of 

social determinants to the production of health at the population level. SDOH research suggests 

complex, meaningful interactions between the individual, their family, their community and their 

physical and policy environments. Calls to integrate social determinants into primary care have 

become ubiquitous, but implementation of screening and intervention has been heterogeneous. 

It is critical to address social determinants of health to support healthy families and adolescents 

and avoid the adverse impacts of chronic stress caused by things like financial uncertainty, 

discrimination, food insecurity and housing instability.   

The field of Adverse Childhood Experiences research has sought to quantify the effects 

of toxic stress on the production of health and healthy behavior in adults and children, with a 

particular focus on relational dysfunction. ACEs exposure is linked to developmental impacts in 

the neurological, immune and endocrine systems via the physiological impacts of cumulative 

stress or “allostatic load.” In adults, exposure to ACEs have been shown to be associated with 

poor physical, mental and behavioral health and are responsible for an estimated $748 billion 

dollars annually. While younger, the literature on pediatric ACEs has shown that similar health 

effects emerge during childhood or adolescence itself, impacting sexual health, chronic disease 

control, behavioral risk taking, alcohol and substance use and school performance.  While some 
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jurisdictions like California have moved to make ACE screening routine, consensus on the 

benefit and impact of ACEs screening remains elusive, and evidence on efficacy of associated 

interventions is weak.  

Interventions to improve adolescent health and wellbeing are important because 

adolescents are in a sensitive developmental period. Adolescents are going through hormonal 

puberty, developing social awareness and undergoing changes in the brain which impact mood, 

behaviors, reasoning and decision-making. Primary care providers can be important partners in 

supporting adolescent growth and self-actualization, in addition to supporting adolescent 

physical and sexual health. When adolescents are struggling, high quality primary care offers a 

gateway to enhanced services like embedded behavioral health support, referrals to specialty 

providers, connection to community supports, advocacy for school-based services, enrollment in 

social benefits programs or engagement with community health workers or social workers. To 

properly care for adolescents in need, however, primary care practices must identify which 

children might benefit from enhanced connection.  

Major Themes    

In reviewing the literature of social determinants of health, adverse childhood 

experiences and adolescent development, several key themes emerged. This discussion 

elucidates two main themes: the increasing convergence of concerns across SDOH and ACEs 

disciplines; and screening and prediction of risk in adolescent primary care. By tracing these 

themes and identifying key gaps, this review aims to situate the inquiry study within the 

literature.  

Theme 1: Overlap of Domains across SDOH and ACEs Fields of Study - Relational and Social 

Stressors Impact Allostatic Load  

As Allen et al so eloquently illustrated, the health of families is not produced in a vacuum 

(Allen, Matilda & Donkin, Angela, 2015).  Social determinants impact ACEs, and ACEs impact 

social determinants, across generations. Social stressors may cause ACEs directly, such as a 
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lived experience of racism or discrimination. Social stressors may also cause ACEs indirectly. 

As Conger and Conger outlined in their Family Stress Model of Economic Hardship, financial 

insecurity increases parental stress and decreases parental resilience, leading to increased 

parent-adolescent conflict and harsher discipline (Conger et al., 2010), which may ultimately 

increase the risk of abuse or maltreatment. Additionally, ACEs impact lifetime earning potential 

through increased risk of incarceration, emotional volatility and poorer overall health (Hughes et 

al., 2017), contributing to an intergenerational cycle of poverty which further increases risk of 

ACEs (Shonkoff et al., 2021). Resilience in the form of family or relational assets, strong 

communities, social safety net policies or trusted relationships with key adults can mitigate the 

impact of SDOH and ACEs on health and wellbeing (Boullier & Blair, 2018; Garner et al., 2021; 

Shonkoff et al., 2021).      

An adolescent coming into primary care brings these many sources of risk and resilience 

with them, and providers must address sources of social and relational risk to treat the whole 

patient. It is therefore gratifying to see that the ACEs literature has expanded to include more 

social sources of toxic stress over time. The canonical 1998 Felitti study of adverse childhood 

experiences classified seven major domains of ACEs: abuse of a psychological, physical or 

sexual nature; violence against a parent; substance use, mental illness or suicidality in the 

family; and incarceration of a parent (Felitti et al., 1998). Over time, socially mediated sources of 

toxic stress started appearing in ACE studies.  Finkelhore et al included community violence 

exposure and low SES in their revised inventory of adverse childhood experiences (Finkelhor et 

al., 2015). From 2016, the National Survey of Children’s health included "was treated or judged 

unfairly because of his or her race or ethnic group" and "witnessed violence in his or her 

neighborhood" in their ACEs survey module (Women and Children’s Health, 2020).  The 

PEARLS screener includes food insecurity, housing instability, exposure to violence, experience 

of discrimination in the ACES and related experiences assessment (Koita et al., 2018). 

Byomsad et al included lived experience of racism or discrimination, witnessing neighborhood 
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violence or material deprivation in the last year in their 2020 study of the impact of ACEs on 

adolescent health (Bomysoad & Francis, 2020), and Bethell et al included the same three 

factors in their 2017 systematic review (C. D. Bethell et al., 2017). These researchers were 

recognizing overlap between social and relational toxic stress that had long been recognized in 

other disciplines with a more holistic childhood adversity focus, such as research focused on 

incarceration. This trend towards synchronicity supports the inclusion of both social and 

relational domains of risk in any attempt to capture holistic adolescent adversity and wellbeing in 

primary care.   

Theme 2: Defining, Screening for and Predicting Risk in Primary Care 

The literature on adolescent development lacked a single, validated, canonical definition 

of adolescent risk. Decision-making around sexual health, alcohol and substance use was a 

concern across sources. Similarly, exposure to violence, abuse and neglect, incarceration or 

bullying was highlighted by most sources as a key area of adolescent risk. All sources 

highlighted mental health risk, including depression, anxiety and suicidality. Asthma was the 

only chronic disease referenced across sources, although developmental disorders and delays 

which impact school performance did appear frequently. Areas of healthy living and habits, 

including healthy eating, exercise, sleep and phone use were frequently mentioned. Select 

sources also mentioned lived experience of discrimination as a key risk. These risk factors 

encompass a wide range of both adverse outcomes and predicting factors of adverse 

outcomes, with many elements acting as both an outcome and a predictor of further harm.  

The WHO, the Youth Risk Behavior Survey and the Integrated Child Risk Index offer 

three models of concrete risk measurement across large adolescent populations. Taken 

together, they offer a valuable insight as to what risks can reasonably be measured in 

adolescent patients. However, these frameworks are too complex and time-intensive to 

realistically deploy in a primary care setting. Adapting any of these models would require 
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significant de novo patient data collection, in the form of waiting room surveys, MyChart patient 

questionnaires or provider, nurse or medical assistant time during a visit.   

Another barrier to adopting a risk classification system from the WHO, YRBS or 

Integrated Child Risk Index is the heterogeneous nature of screening in primary care. To create 

a risk score, it would be ideal to screen directly for both ACEs and social determinants of health. 

However, this literature review surfaced that implementation of these screenings in primary care 

has been heterogeneous. Although social determinants of health screening is advancing at the 

state level, consensus on screening domains and effective intervention pathways within the 

healthcare system has lagged. Implementation of ACE screening in pediatrics has been 

uneven, with limited evidence available as to the efficacy of potential health system 

interventions for positive screens.  

Beyond SDOH and ACEs, adolescents in primary care may not receive the full spectrum 

of existing screenings for depression, suicidality, behavioral risk taking or substance use (Riley 

et al., 2018). Even if screening were universal, providers looking to understand their full patient 

panel are met with an overwhelming amount of information which is poorly organized within the 

electronic medical record, contributing to overwhelm and burnout among providers (Li et al., 

2022). Manually balancing an ACE score against results of screenings for social determinants, 

suicidality, depression, anxiety, school performance, sexual health, alcohol use and substance 

use is not scalable.  A generalized risk score would reduce provider load inside the EMR.  

The Pediatric Comorbidity Index (PCI), developed by Boston Children’s Hospital, does 

capture many chronic conditions using existing EMR data (Sun et al., 2021). However, it has 

several significant limitations. It does not include measures of adversity such as homelessness, 

experience of violence or abuse and neglect, which we know are extremely important to 

pediatric trajectories. It is diagnosis-based, meaning it does not capture screening data, social 

determinants, laboratory results or vitals in the electronic medical record. It also lacks any 

measure of neighborhood disadvantage or experience of discrimination, which are important 
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predictors of long-term health. An ideal score would take advantage of the full spectrum of data 

available in the record, including both proxy and direct measures, when assessing adolescent 

risk.   

 A predictive risk score, leveraging available EMR data and supplementing that data with 

appropriate geographic data, might help to address this gap. In adult medicine, predictive risk 

scores help primary care practices outreach overdue patients, decide who to prioritize for 7 day 

follow up after hospitalization or fill Community Health Worker program spots. Although there 

are many condition-specific predictive models available in pediatrics, this literature review was 

unable to identify any prediction models that quantified generalized risk across medical, social 

and behavioral domains.  

This may be due to the difficulty of defining an outcome of interest for adolescent 

patients in primary care. While cost or acute utilization are reasonable outcomes in an adult 

population, ED and inpatient visits among adolescents underestimate the true burden of 

morbidity and risk in this age range. As Shonkoff stated, “reductions in health care use (e.g., 

emergency department visits and hospitalizations) are clearly important, but they are not a 

sufficient proxy for well-documented direct effects on child health or development.” (Shonkoff et 

al., 2021). Optimal adolescent outcome data in the electronic medical record are often 

incompletely recorded and or missing entirely. For example, thriving in school is correlated with 

adolescent mental health and wellbeing across studies (Lee et al., 2024). However, educational 

outcomes are seldom robust inside the electronic medical record. Data related to school 

performance such as attendance have been historically unavailable due to FERPA data 

exchange limitations which require individual written consent and are not feasible to meet 

across a large patient panel (HIPAA and FERPA Basics, n.d.). Absent educational measures 

such as attendance, few single outcome measures in the medical record are applicable across 

ages 12-17 and offer appropriate discrimination between high, medium and low risk individuals.   
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Applying the framework of adolescent ACEs exposure is one way to elevate which risks 

to quantify as adverse outcomes for inclusion in a generalized primary care score. ACEs are a 

mediator on the causal pathway of many of the aforementioned risks. A history of ACEs is also 

predictive of which adolescents and families will be most impacted by further adversity. By 

prioritizing outcomes associated with ACEs exposure to create a continuous adverse outcome 

score, it may be possible to better determine which adolescents require additional support to 

thrive.   

Responding to the Literature: Towards a Pragmatic Risk Score for Primary Care 

Adolescents   

This literature review has traced the increasingly interconnected study of social 

determinants of health and adverse childhood experiences. It has established that adolescence 

is a crucial developmental period typified by enhanced social porousness and increased novelty 

and risk-seeking. It has identified the role of primary care providers in supporting healthy 

adolescent development and supporting adolescents experiencing adversity. It has also 

identified the lack of adequate ways of identifying these adolescents through direct screening or 

existing risk prediction. To address these gaps, this inquiry developed a risk-prediction algorithm 

identifying adolescents at highest risk of experiencing ACE-associated adverse outcomes in the 

following year, using data from the electronic medical record enriched with key social 

determinants of health data as measured at the neighborhood level. If implemented, this 

algorithm would allow primary care providers at NYC Health+Hospitals to connect vulnerable 

patients to the services and interventions briefly described in Chapter 1 and fully described in 

Chapter 5 (Discussion), addressing a key gap in both literature and practice.    
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Chapter 3: Methods  

Research Design  

This inquiry used an epidemiologic approach to investigate the distribution of 

socio-medical risk in an urban safety net population of adolescents. The goal was to create a 

parsimonious risk score derived from the robust body of literature that could be implemented 

programmatically in a real-world setting (Goldstein et al., 2017). This inquiry used data from 

patients aged 12-17 who visited a primary care practice in 2022 to predict the risk of adverse 

health outcomes experienced in 2023. It generated a list of suggested adolescent health 

outcomes associated with Adverse Childhood Events from the literature, and associated risk 

predictor variables available inside the electronic medical record (EMR) or via geographic 

match. It synthesized previously conducted key informant interviews to craft a final set of 

adverse outcomes that were a) measurable in the EMR or via geographic match, and b) defined 

by providers and patients at NYC Health+Hospitals as important to adolescent risk in the 

primary care context.  

To train an algorithm predicting 2023 adverse events using 2022 observed data, the 

study split the data geographically into a 70/30 train/validate partition. Training data variables 

were examined for collinearity, skewness, sparseness and missing data, and transformed, 

combined or dropped where necessary. Within the Training data, the study selected a modeling 

modality by tuning linear, negative binomial and logistic LASSO models. These preliminary 

models were selected by minimizing the Schwartz Bayesian Criteria (SBC), chosen for 

computational parsimony. Logistic LASSO provided the best balance of parsimony, 

discrimination and explainability while offering moderate to strong calibration. The final model 

was produced using logistic LASSO regression.  

To train the final logistic model, five-fold cross-validation LASSO was performed. 

Predictors which were retained in at least two folds at the optimal LASSO step (minimum 
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average squared error + 1 standard error) were retained in the final model. Where two versions 

of the same variable were retained across folds, the version with the strongest beta was 

retained. Additionally, two variables (sickle cell diagnosis, eating disorder diagnosis) which were 

flagged as important for buy-in by the key informants but which were not retained by LASSO 

were tested and retained in the final logistic model.    

To assess the impact of unmeasured missing data on model fit, a sensitivity analysis 

examined final model performance by loss to outpatient follow-up status. To assess bias, equal 

opportunity and predictive parity were assessed by race/ethnicity, language, sex at birth and 

insurance status. Finally, the model was deployed within the Validation set to derive the 

Validation calibration, discrimination and threshold-specific performance.   

Sample 

This study captured 37,126 adolescent patients with at least one visit to a primary care 

department in one of NYC Health+Hospitals’ 11 hospitals, 6 ambulatory care centers or 33+ 

clinics during 2022, as measured in the Epic electronic medical record system.  

This study’s inclusion criteria were:  

1.​ A visit to a pediatric, adolescent, family medicine or adult medicine primary care 

department at one of NYC Health + Hospitals’ 11 hospitals, 6 ambulatory care centers 

and 70+ community health centers.  

2.​ Being an adolescent, defined as age 12-17 years during 2022; and  

3.​ Residing in New York City, defined as having an NYC zip code listed in the patient 

address field.  

The study’s exclusion criteria were:  

1.​ Having an ancillary visit at H+H in 2022 but not having one or more visits with a full 

provider (MD, NP, PA). Ancillary visits include blood draws, x-rays, immunization-only 

visits and COVID-19 test visits.  
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2.​ Missing sex at birth demographic data or address data. Although other missing data 

were imputed or dropped, these two variables were required for upstream data matches 

to citywide datasets to generate homelessness, NYCHA status and neighborhood-level 

Social Vulnerability Index.    

Inclusion and exclusion criteria were applied during the routine generation of these secondary 

use datasets. All eligible patients were used in the analysis and sample size was not calculated.  

Because this study leveraged existing electronic medical record data for secondary data 

analysis, no participant recruitment or consenting was done. The NYC Health+Hospitals BRANY 

IRB found this study to be exempt. The Marywood IRB approved the study under expedited 

review with waiver of informed consent.     

Validation Sample Etiologic modeling traditionally samples data to maximize 

generalizability. However, predictive modeling and machine learning usually leverage all 

available data to maximize signal, and instead use partitions to evaluate performance. This 

means that the model is developed using 70-80% of the available sample, and 20-30% of the 

sample is held back to validate algorithm performance (Bedoya et al., 2022).  In this study, the 

prediction dataset was first partitioned in a 70/30% split, with 70% of the included population 

used to train the model and 30% used to assess internal validity and to produce final fit 

statistics.  

This study used a non-random partition, which more closely mimics the real-world 

non-random population variation, or a type 2B validation per the TRIPOD statement on standard 

reporting of prediction models (Collins et al., 2015).   This study does not include a robust 

external validation component because the goal was to produce a locally tailored model for the 

NYC Health+Hospitals primary care population rather than a nationally generalizable model.  

This study used geographic partition, which is a form of pseudo-external validation (Steyerberg 

& Vergouwe, 2014). All patients whose most recent primary care visit in 2022 happened in the 

Bronx were partitioned into the Validation dataset (n=10,764). The Bronx was chosen because it 
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represents an appropriate proportion of the total dataset (29.0%). The demographics and 

environmental characteristics of the Bronx are distinct as compared to other boroughs, which is 

ideal to mimic real-world variation. The prediction dataset retained patients receiving primary 

care at H+H sites based in Queens, Brooklyn, Manhattan and Staten Island (n=26,362).  

Instrumentation  

In Introduction, this inquiry identified five key sub-problems with definitional dimensions: 

Which demographic, SDOH, utilization and clinical data in the electronic medical record in 2022 

predict adverse outcomes in 2023 among adolescents in primary care at NYC Health+Hospitals 

(Sub-Problems 1-4)? Which adverse outcomes among adolescents in primary care can be 

measured in the electronic medical record and aggregated into a single score for 2023 

(Sub-Problem 5)? The Instrumentation section outlines the approach of defining candidate 

demographic, SDOH and clinical predictors and the process undertaken to define an outcome 

score. Details on selection of final predictors is available in Analysis of Data. 

Instrumentation Overview: Sources of Data There was no pediatric primary data 

collection associated with this study. This study used secondary data from the Epic electronic 

medical record (EMR) to capture patient risk factors and outcomes. These variables were 

derived from the literature and from previously collected H+H key informant interviews (see 

appendix). In addition to EMR data, the study used publicly available geographic data as a 

proxy for unmeasured but important social factors such as family income. The study used 

geocoded patient addresses to link to a public use Centers for Disease Control Social 

Vulnerability Index dataset for neighborhood-level SDOH data (CDC SVI Documentation 2020 | 

Place and Health | ATSDR, 2022). Geographic linking was also used to identify patients living in 

NYC Housing Authority (NYCHA) public housing and patients experiencing homelessness, via 

NYCHA and homelessness flags routinely stored in the NYC Health+Hospitals data warehouse.    

Definitional Process To find predictor and adverse outcome candidates to evaluate for 

the model, the adult and pediatric ACEs literature was reviewed to identify mental, physical and 
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behavioral health issues. Included outcomes were a) associated with exposure to one or more 

relational, environmental or social ACEs, as articulated in the literature; b) measurable in data 

from a clinical EMR or via a geographic match; and c) time-bound, aka able to be measured in 

2023 specifically.  Although adverse outcomes were collected across studies, the most useful 

resource was Nelson et al’s systematic review of the association of exposure to ACEs with 

adverse outcomes in childhood and adolescence (C. A. Nelson et al., 2020).  Adverse outcomes 

identified in the literature were translated into discrete measures that could be captured with 

data in the Health+Hospitals enterprise data warehouse or matched geographically.  For 

example, Nelson et al identified “adolescent high risk sexual activity” as an outcome domain 

associated with ACEs exposure. That outcome domain can be measured in 2023 as a 

pregnancy (live birth, prenatal or postnatal visit, abortion or miscarriage) or a positive sexually 

transmitted infection or STI (Diagnosis or lab result). High association outcomes that cannot be 

measured in available data, such as high absenteeism in school, were not considered.  

Previously collected key informant interviews were a guiding light in defining outcome 

domains and their candidate predictors. The collection, format and key findings from these key 

informant interviews are described in the Appendix. Key informants rated adverse outcomes 

associated with ACEs in the literature in terms of their importance to a provider, social worker or 

patient’s experience of risk in the adolescent primary care setting. Key informants also identified 

domains of risk that did not surface in the literature review but which are important in primary 

care, such as avoiding emergency visits related to poor control of epilepsy or diabetes. Key 

informant interview transcript notes were abstracted and aligned by domain and measure. Level 

of consensus on importance of domain inclusion was evaluated across key informants. Finally, 

measure ratings were tabulated across key informants to create an average rating per measure. 

Key informant methods are described in  Appendix A. Key informant themes, findings and 

average measure ratings are presented in Appendix B.  
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Using key informant feedback and literature findings, the dissertation author drafted 

candidate predictor and outcome of interest definitions for the NYC Health+Hospitals EMR. 

Draft variable definitions were reviewed with two NYC Health+Hospitals subject matter experts 

in EMR data to ensure uniformity, viability and construct validity. Variable definitions about which 

there was a disagreement were discussed until consensus was reached. For some variables, 

additional expert feedback from the H+H system was requested. Specifically, the study 

augmented a pre-existing definition crafted by the HIV and Sexual Health team for both 

pregnancy and positive STIs and leveraged an Ambulatory Care definition of abortion-related 

visits. Variable definitions were refined after data cleaning, as outlined in Analysis of Data and 

documented in the Data Dictionary. Variables were not stratified demographically.      

Outcomes of Interest: 2023 Adverse Outcomes Score Because there was no single 

outcome score measuring social and medical risk available from the literature, this study sought 

to identify measurable events in the EMR which were identified by key informants as important 

risk outcomes for adolescents in primary care at NYC Health+Hospitals. It is not a validated 

score, but rather a reflection of local priorities. As such, it may have limited generalizability to 

other contexts. The limitations of this approach are further explored in Discussion.   

Candidate outcomes were sourced from the ACEs literature and selected using the full 

key informant findings outlined in Appendix B. Key informant feedback was translated to 57 

potential outcome sub-components, as outlined in the Data Dictionary. The final score summed 

outcomes across 45 composite outcomes. Each positive outcome recorded in 2023 received a 

single point, except the Pediatric Comorbidity Index (PCI). The PCI flag was coded categorically 

(0-2 comorbidities = 0 points, 3-4 comorbidities = 1 point, 5+ comorbidities = 2 points), based on 

cut points drawn from the 75th and 95th percentile PCI counts among H+H adolescents in 

primary care. The domains captured by the 2023 Adverse Outcome Score are detailed in Table 

3.1 and described briefly below. For detailed definitions, please see the Data Dictionary.    
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The 2023 Adverse Outcome Score included four variables in the Abuse, Trauma, 

Neglect domain, which were a visit diagnosis or screening in 2023 for abuse or neglect; a visit 

diagnosis of enuresis or encopresis; and visit z-code diagnoses of experiencing psychosocial 

difficulties, including family conflict or interpersonal violence. The Mental Health domain 

included variables capturing 2023 visit diagnoses or screenings for depression, anxiety or 

suicidality. It also included a visit diagnosis flag for serious mental illness, defined as having a 

visit for obsessive compulsive disorder, psychosis, specified personality disorders or conduct 

disorder per the pediatric comorbidity index, or being the perpetrator of violence per CCSR). 

The Mental Health domain also included having 2+ somatic symptoms (headache, stomach 

problems and insomnia) documented via visit diagnosis. The Unmet Behavioral Health Needs 

domain included 1+ ED visits with a diagnosis of anxiety, depression, conduct disorder, OCD, 

psychosis, specified personality disorders or ADHD in 2023. The Alcohol & Substance Use 

domain included visit diagnoses or screenings for high alcohol use, any illicit substance use, 

overdose diagnosis, and tobacco use via cigarette, vape or other tobacco product.  The Healthy 

Eating domain included being in the top or bottom 5% of BMI change within H+H from 2022 to 

2023 (BMI Trajectory), having a diagnosis of disordered eating, and having 1+ ED visits for 

weight loss in 2023. The Social Determinants of Health domain included 1+ social needs 

(screening positive for 1+ social need on the social needs screener, receiving a social need 

z-code, screening positive for food insecurity on SSHADESS screening) or receiving a 

lifestyle-related z code diagnosis in 2023. Key informants frequently mentioned that social 

needs add family stressors and impact adolescent wellbeing, findings which were echoed in the 

literature review and the Conceptual and Theoretical frameworks. The School Challenges 

domain included screening positive or receiving a diagnosis for difficulty in school, a diagnosis 

of ADHD, or a diagnosis of a developmental disorder (PCI categories of chromosomal 

abnormalities, congenital malformation, pervasive developmental disorders or developmental 

delays)  in 2023. Key informants felt that this domain was critical and lamented the limited 
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information available within the EMR. The Unmet Developmental Needs domain included 1+ ED 

visits  with a diagnosis of chromosomal or congenital malformations, developmental delay or 

pervasive developmental disorders (including autism) in 2023. The sexual health domain 

included evidence of a pregnancy in 2023 or screening positive for a sexually transmitted 

infection in 2023. The general Chronic Disease domain included receiving a sickle cell diagnosis 

in 2023 and comorbidity count (0-1, 3-4 or 5+ comorbidities per the Pediatric Comorbidity 

Index). The Uncontrolled Chronic Disease domain included 1+ ED visits with a visit diagnosis of 

epilepsy, asthma, diabetes, cardiovascular disease and chronic GI illness. Although outside of 

asthma these conditions were not sourced from the literature as being associated with ACE 

exposure, the key informants felt that ED visits for these chronic diseases indicated sub-optimal 

management of the condition and therefore elevated risk.   The Concerning Utilization domain 

included having 3+ ED visits, any inpatient psychiatric unit visit, 2+ generalized inpatient visits, 

5+ specialty outpatient visits or no well child visit in 2023, with cutoff rationales specified in Table 

3.1.    

These component variables were added to create the final outcome score. The 

continuous 2023 Adverse Outcome Score was used for negative binomial and linear modeling, 

which require count and continuous data respectively. For logistic modeling and 

threshold-specific performance assessment, the score was binarized at the top 5% threshold. 

This translated to 6+ adverse outcomes, meaning that 5% of the Training sample had > 6 

adverse outcomes recorded in the EMR in 2023. These patients were flagged as “true high 

risk.”   

There are several key limitations of this outcome as specified. Because several 

overlapping concepts were captured (condition-specific ED visits and a flag for 3+ ED visits, for 

example), some amount of double-counting was likely present in the score. This outcome score 

weighted depression, anxiety and ADHD slightly more heavily than other conditions, because it 

included both a flag for any visit diagnosis, and a separate flag for ED utilization for these 
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conditions. This was chosen because many adolescents with these conditions have no 

emergent utilization but are still at elevated risk. Adolescents who do have behavioral 

health-related emergent utilization are at extremely elevated risk. The overall impact of this 

overlap was low, impacting n=331 patients with anxiety, n=257 patients with ADHD, and n=360 

patients with depression.   

The outcome score also weighed 3+ ED visits and 3+ chronic comorbidities slightly more 

heavily than other risk factors. The practical impact of these overlaps was also modest. N=256 

patients received a point for 3+ ED visits and also received points for 3+ condition-specific ED 

visits. N=145 patients received 1-2 points for chronic comorbidity which was also captured in  

condition-specific ED visits. Due to the many patients not captured in these overlaps, this 

outcome score retained these slightly overlapping concepts.  

Candidate Predictors: To create the list of candidate predictors across demographics, 

social determinants, utilization and clinical data (Sub-Problems 1-4), a full census of available 

data routinely collected in clean enterprise data warehouse tables was undertaken. High value 

variables were collected for consideration, ultimately yielding 104 candidate variables. These 

variables were mapped to predictor concepts identified as important in the literature or by key 

informants. Variables which were not time-bound or which were considered by NYC 

Health+Hospitals clinical stakeholders to be unreliable were removed from consideration. As 

outlined in Analysis of Data, additional predictor variables were removed during data cleaning 

due to issues of missingness. The full set of tested predictor variables is available in the Data 

Dictionary in the Appendix.    

Defining demographic and utilization predictors (Sub-Questions 1, 3) was relatively 

straightforward, drawing from standard fields in heavy use. Defining social determinants of 

health predictors (Sub-Problem 2) involved reviewing the level of completeness of current social 

determinants of health screenings at H+H, identifying commonly used social determinants 

ICD-10 “z codes,” and reviewing candidate geographic datasets to augment variables such as 
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income which were missing in the record. Ultimately, the CDC Social Vulnerability Index data, 

available at the census tract level (averaging 2016-2020 data) for NYC provided broadly 

applicable measures that are likely to be available longitudinally. Defining clinical predictors 

(Sub-Problem 4) involved heavy consultation of key informant interview transcripts, discussion 

with clinical experts within the Office of Population Health and Ambulatory Care, and thorough 

review of available diagnostic, lab, screening and vitals data. The Data Dictionary provides a full 

definition of each final candidate predictor variable.   

 Instrumentation Details: The scores of multiple instruments were referenced in the 

course of this study. The instruments and broad variable categories are presented here under 

the domains identified in the research sub-questions. Full variable definitions are available in the 

Data Dictionary, within the Appendix.  A brief overview of variables requiring more explanation is 

offered below, organized by category of predictor:  

Demographics and Social Determinants of Health:   

●​ Age (continuous, 12-17 as of Dec 31, 2022)  

●​ Sex at birth (male/female - nonbinary and trans categories not collected routinely in this 

field) 

●​ Race/ethnicity (Hispanic/Latinx and Non-Hispanic: African-American, Asian/Pacific 

Islander, White, Something Else; ) 

●​ Preferred language (English, Spanish, Other) 

●​ Insurance status, as of last visit (Commercial, Medicaid, Uninsured) 

●​ Sexual orientation and Gender Identity (SOGI) Screening   

●​ Social needs screening yield (0 vs. 1+ social needs, as identified across housing, food 

insecurity and other social domains on homegrown Health+Hospitals social screener 

that is semi-routinely administered in primary care) 

●​ Homelessness (history of homelessness in last year, denoted by membership in H+H 

homelessness registry in the clinical data warehouse) 
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●​ Public housing (geographic match to NYCHA public housing, as of last visit in 2022)  

●​ Social Vulnerability Index and associated sub-domains (geographically matched to 

patient home address census tract, using CDC’s 2020 SVI data for New York City (CDC 

SVI Documentation 2020 | Place and Health | ATSDR, 2022))   

Utilization (H+H only - no external utilization available): 

●​ Primary care visits (including visits to pediatrics, adolescent medicine, family medicine) 

in 2022 

●​ Specialty visits (outpatient visits outside primary care) 

●​ Behavioral Health visits (outpatient visits to a behavioral health clinic)  

●​ Emergency department visits (Psych ED and General ED) 

●​ Inpatient stays (Psych Inpatient and General Inpatient)  

Clinical  

●​ Diagnosis variables - 2022 (ICD-10 code diagnoses of persistent asthma, sickle cell, 

diabetes, hyperlipidemia, depression, anxiety, developmental delay, autism, ADHD, 

mood disorder, suspected or confirmed abuse or neglect, enuresis, encopresis, social 

and school-based difficulties, SDOH-related z codes, pregnancy, live birth, abortion, 

sexually transmitted infection)   

●​ Pediatric Comorbidity Index count of comorbidities (Sun et al., 2021))   

●​ Pregnancy-related visits (prenatal, labor and delivery, abortion)  

●​ Depression via Patient Health Questionnaire-9 (PHQ-9) screening  (The PHQ-9 - PMC, 

n.d.) or depression visit diagnosis 

●​ Anxiety via Generalized Anxiety Disorder 7-Item (GAD-7) anxiety screening (Generalized 

Anxiety Disorder 7-Item (GAD-7) - Mental Health Screening - National HIV Curriculum, 

n.d.) or anxiety visit diagnosis 

●​ Tobacco use screening (Current/Former, Never or Missing screening) or ICD-10 code 

diagnosis 
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●​  Alcohol or Substance Use captured via the CRAFFT substance use screening (About 

the CRAFFT – CRAFFT, n.d.; Knight et al., 1999) or visit diagnosis 

●​ Suicidality captured via Columbia Suicide Severity Rating Scale (C-SSRS) suicidality 

screening (Columbia Suicide Severity Rating Scale (C-SSRS), 2021), PHQ-9 question or 

visit diagnosis 

●​ BMI trajectory (95th, 5th percentile of change in BMI from 2022 to 2023, as compared to 

all adolescent primary care patients (Jackson, 2018)) 

●​ Lab evidence of sexually transmitted infection (gonorrhea, chlamydia, syphilis)  

Procedure (Data Collection) 

No primary data were collected for this study. Secondary clinical data were pulled from 

the H+H Office of Population Health’s Enterprise Data Warehouse primary schema by NYC 

Health+Hospitals analysts for the dissertation author. Base data were stored in an 

access-controlled drive by credentialled Office of Population Health staff. The study used 

industry standards for handling electronic medical record data throughout (Goldstein et al., 

2017).  Social Vulnerability Index data were downloaded from the CDC/ATSDR website July 

2023. The study also referenced previously collected Key Informant Interviews with H+H 

clinicians and patients - for more details, see Appendix A.  

Analysis of Data 

The Instrumentation section of methods outlined the definition of candidate predictors 

and the selection process for the adverse outcome score, partially answering Sub-Problems 1-4 

(Which demographic, SDOH, utilization and clinical data in the electronic medical record in 2022 

predict adverse outcomes in 2023 among adolescents in primary care at NYC 

Health+Hospitals?) and fully addressing Sub-Problem 5 (Which adverse outcomes among 

adolescents in primary care can be measured in the electronic medical record and aggregated 

into a single score for 2023?). Analysis of Data addresses the processes used to select final 

predictors from among the candidates and outlines the analytic approach used to answer 
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Sub-Problem 6 (How accurately can the risk of adverse health outcomes for adolescents in 

primary care at a large urban safety net system be predicted by the prior year’s electronic 

medical record and public data across demographic, SDOH, utilization and clinical domains?) 

Analytic Overview: First, data was partitioned geographically into a 70/30  train/validate 

split. Within the Training partition, candidate predictors were examined for collinearity, 

skewness, sparseness and missing data, and transformed, combined or dropped where 

necessary. Preliminary logistic, negative binomial and linear regression models were fitted using 

LASSO variable selection to predict the 2023 adverse outcome score with the 2022 candidate 

predictors described in Instrumentation and defined in the appendix. Model fit and predictive 

power were assessed across all three modeling approaches within the Training data to identify 

the most appropriate modeling distribution.  

Logistic regression was chosen as the optimal LASSO modeling modality, as described 

below. A five-fold cross-validation LASSO selection was then performed to identify final LASSO 

model variables, using the approach outlined by Hastie et al, and results were compared to 

those obtained via SBC selection. Variables retained across at least two of five folds were 

added to the final model, and qualitative review of collinear and essential variables was done. 

The final model was then retrained to obtain the final logistic model parameters. As a sensitivity 

analysis, performance was assessed among those not lost to outpatient follow-up status. To 

identify model bias, equal opportunity and predictive parity were assessed by race/ethnicity, 

language, insurance and sex.  As the final step, the final logistic model was deployed on the 

Validation partition data to obtain Validation statistics.  

Software Data were cleaned and analyzed using SAS Enterprise Guide 8.3. Code used 

for this project is available upon request. Data are available with legal DUA. The data dictionary 

was built and maintained in Excel. Figures were created in SAS, Excel and Powerpoint.  

Data Cleaning The candidate dataset included 161 variables, including 104 candidate 

predictors from 2022 data and 57 candidate outcome score sub-components from 2023 data. 
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Per standard practice, the dataset was first partitioned into Training and Validation datasets 

before any cleaning and exploratory data analysis so as not to overfit or bias the data analysis 

process. The partition is described in Sample. After data cleaning, 88 predictor variables and 46 

outcome score variables were retained. Data were cleaned without demographic stratification.  

Within the Training data, all predictor variables were examined for skewness, 

heteroskedasticity, missingness and sparsity via frequency tables, histograms and descriptive 

statistics (mean, SD, median, interquartile range and spread), using proc freq and proc 

univariate in SAS. Outliers were not removed at this stage, because this population shows true 

heterogeneity that is important to retain. Instead, highly skewed variables were censored or 

transformed to meet skewness <|2| and kurtosis <|7| thresholds recommended by Hair and 

Bryne (Byrne, 2013; Hair et al., 2013). Further details are in Data Transformations below.  

Variables which primarily took a single value (aka small n had non-zero values) were 

dropped or collapsed with similar variables belonging to the same domain (Luo et al., 2016). 

These included the candidate predictors for pregnancy (n=46, combined with STI flag), 

diagnosis of specified personality disorders (n=32, combined into Serious Mental Illness 

diagnosis category) and diagnosis of malignancy (n=38, no natural grouping, dropped).   No 

variables suffered from the problem of perfect separation, whereby a variable is fully predictive 

of the outcome. Variables belonging to a common concept or which were determined to be 

highly collinear using chi square or Spearman’s correlation coefficient were also combined into 

composite flags.   

Data Missingness Missing data can be handled in several ways. For variables with large 

amounts of missing data, it is often most appropriate to either model missing as a category of 

the variable or combine variables with high missingness with other more complete variables as 

a composite flag (M. K. and K. Johnson, n.d.). Within the Training data, multiple candidate 

predictors had large amounts of missing data. They were handled as follows: the SSHADESS 

exercise screening (90.6% missing) and SSHADESS social support screening (83.1% missing) 
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were combined to create a Resilience flag, and patients missing both screeners were labeled as 

“Missing.” The food insecurity SSHADESS screening (82.8% missing) was combined with the 

Social Determinants Screener and visit-level social need diagnoses to create  a composite 

SDOH Need flag. The foster care SSHADESS screening (82.0% missing) and the safety 

screener (63.3% missing) were added to the Abuse and Neglect flag. Foster care will be 

augmented with a new foster care social services flag in future, but these data were not 

available for 2022. The school performance SSHADESS screening (73.7% missing) was 

combined with an AHRQ CCSR diagnosis variable for school challenges to create a School 

Challenges flag. The sexual orientation (65.6% missing) and gender identity (57.8% missing) 

screenings were combined into a SOGI flag, and missing was modeled as a category.    

Variables with less missingness were imputed. Per Steyerberg and Vergouwe, simple or 

multiple imputation is preferable to complete case analysis (i.e. removing patients with any 

missing data from the dataset)  (Steyerberg & Vergouwe, 2014). Multiple imputation can be 

prohibitive to implement within LASSO modeling in the SAS software in terms of working server 

memory and was thus out of scope for this dissertation due to system constraints (Musoro et al., 

2014). K nearest neighbor imputation is another method which preserves variability while 

imputing missing values (Gunn et al., 2023). K nearest neighbor was attempted on these data 

but failed to run due to insufficient server memory in the Health+Hospitals SAS environment. 

This dissertation therefore used hot deck imputation to address missing values in the data, 

which while a weaker imputation approach is still preferable to complete case analysis or 

substitution of mean/mode value (Bechtel et al., n.d.; Mukhopadhyay, n.d.). BMI Trajectory was 

the only outcome variable which required imputation. First, loss to follow-up patients, who had 

no 2023 visits, were set to a BMI trajectory of 0, to avoid providing information for patients who 

had not come in. The impact of these patients’ missing data on model performance was 

examined in the loss to follow-up sensitivity analysis. Next, missing 2022 and 2023 BMIs were 

imputed using simple random sampling without replacement (SRSWOR) using a single donor 
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for each observation (due to memory limitations) based on cells constructed with age, sex, 

race/ethnicity, eating disorder diagnosis and diabetes diagnosis. This resolved BMI trajectory 

missingness for n=2,878 patients, and failed to resolve missingness for n=7 patients. Remaining 

missingness was minimal across SVI variables (Themes n=29; Theme1, Theme2, 

Unemployment, Uninsured n=28; No High School Diploma n=27), Language (n=2), 

Homelessness (n=1), NYCHA Housing (n=1) and Insurance (n=1). Hot deck imputation was 

conducted for these variables using simple random sampling without replacement (SRSWOR) 

using a single donor for each observation based on cells using age, sex, race and SDOH 

screening. This successfully resolved missingness across these variables.  

Data Transformations Utilization variables showed heavy skewness and kurtosis (>|2|, 

>|7|). Candidate utilization variables for behavioral health visits, ED psych visits, inpatient psych 

and non-psych visits were binarized as specified in the data dictionary, using key informant 

feedback to identify thresholds of concern. Primary care visits showed a long tail (max=145). 

Two versions of primary care visits were tested, one censoring at 5+ visits and one censoring at 

20+ visits. Outpatient specialty visits were censored at 10 and also tested as a flag for 0-4 vs. 

5+ visits (top 85% of adolescent utilization at H+H). ED visits were tested as a continuous 

variable and also as a censored 0 to 5+ visits variable.    

Social vulnerability index census tract data showed evidence of both skewness and 

kurtosis. All SVI variables were log-transformed after adding a very small number (0.0001) to 

facilitate log transformation of 0 values. SVI Theme variables, which combine sub-variables into 

thematic domains, were also multiplied by 100 before log transformation to adjust their 0-1 

scale. After transformation, skewness and kurtosis were brought to <|2| across all SVI variables.  

Sample Description: After the model was finalized, Training and Validation sample 

characteristics were compared. Characteristics reported for 2022 baseline status include age, 

sex, race/ethnicity, preferred language, LGBTQ+ status, social needs, homelessness, public 

housing, census tract poverty level and count of comorbidities using PCI categories. Utilization 
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for 2022 was also compared across primary care, specialty care, the ED and inpatient settings.  

Outcome distribution was also compared across Training and Validation samples. The mean, 

median and range of 2023 outcome scores is reported, as is the distribution of scores from 0 to 

6+ (top 5%, aka “true high risk).   Significance of differences between the samples was 

assessed via chi square (categorical variables) and Kruskal-Wallis test (continuous variables). 

Within the Training sample only, the same comparisons were replicated for predicted vs. not 

predicted high risk (final model) and lost to outpatient follow-up vs. not lost to follow-up. The 

tablegen SAS macro developed by Jeffrey Meyers was used to generate all sample and 

population comparison tables (Meyers, 2022). These included Tables 4.1 (Demographic, Clinical 

and Utilization Characteristics of Training and Validation Samples (2022)), 4.2 (Distribution of 

Adverse Outcomes among Training and Validation Samples (2023)), 4.16 (Patient 

Characteristics by Predicted High Risk Status (Training)), 4.17 (Outcome Distribution by 

Predicted High Risk Status (Training)), and 4.18 (Table 4.18 Patient Characteristics by Lost to 

Outpatient Care Status (Training)).  

Data Modeling This study aimed to train an algorithm to predict the number of 2023 

adverse outcomes documented in the EMR, using 2022 EMR and geographic SDOH data. To 

identify the right prediction modeling approach, a preliminary LASSO model was trained using 

linear, negative binomial and logistic approaches.  LASSO selection is a simple form of machine 

learning which uses “shrinkage” to choose model features.  While there has been significant 

attention on heavier machine learning applications in healthcare in recent years, including 

neural networks and random forest approaches, the underlying infrastructure at 

Health+Hospitals is not yet mature enough to support these applications. LASSO selection 

offered a leaner alternative. 

LASSO selection uses “shrinkage,” which is a statistical technique to shrink data values, 

producing a more parsimonious model. LASSO regression has been used in both complex 

genetic studies (Fontanarosa & Dai, 2011) and more traditional chronic disease investigations 
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(Lupton-Smith et al., 2022).  Strengths of regression using LASSO selection include its ability to 

handle multicollinearity and its ability to produce a simple model that is easier to implement and 

to understand than a complex random forest, neural network or other machine learning model. 

LASSO models can also be more generalizable than models produced using other 

methodology, because they may prevent overfitting to the test data that can occur with complex 

models that use many predictors (Collins et al., 2024; Gunn et al., 2023).   Limitations of LASSO 

selection include its sensitivity to outlying observations, which are frequently seen in healthcare 

data and should be capped or transformed. LASSO models are also impacted by predictor 

variables which have very different scales. This study transformed continuous variables to align 

scales and control outliers, skewness and kurtosis. Because of shrinkage, a LASSO model will 

retain a single variable among a parameterized set, which may or may not be the most 

important variable in the set from an etiologic perspective and should be addressed manually.  

This inquiry tested three different types of LASSO regression modeling: linear, negative 

binomial and logistic. All three modeling approaches were used to train a preliminary model 

within the Training partition. Based on the observed calibration, discrimination, parsimony and 

explainability of these models, a top modeling approach was chosen to build a single final 

model. This final model was then deployed with the Validation partition to obtain Validation 

performance.  

Linear regression models a linear relationship between a set of predictors and a 

continuous outcome. It requires stricter assumptions of residual normality than logistic 

regression, although these are less concerning for very large sample sizes such as those seen 

in this study. In this study, the preliminary linear model used 2022 data to predict the number of 

adverse 2023 outcomes (as measured in the adverse outcome score) among 2022 adolescent 

primary care patients.  

Negative binomial regression uses a log link to model the relationship between 

predictors and a discrete count response variable. Because it is used to model count data, it can 
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be useful in healthcare contexts. Negative binomial distributions are used instead of Poisson 

distributions for over-dispersed data, in which the standard deviation of the outcome exceeds 

the mean, such as the 2023 outcome score. The preliminary negative binomial model used 

2022 data to predict the count of 2023 adverse outcomes using a log link.  

Logistic regression models the log of the odds of a binary event or outcome based on 

predictor variable values. Logistic models are also termed binary classification models. Logistic 

regression requires fewer assumptions than linear regression, and clinician audiences and risk 

score stakeholders may be more familiar with logistic regression than negative binomial 

regression. However, information is lost when continuous outcome data are binarized for logistic 

regression, which can be a limitation. For this study, the threshold of interest was the top 5% of 

adverse outcomes (“true high risk”), to align with the H+H adult high risk flag (top 5%). Flagging 

the top 5% is also replicated in the literature as a common a-priori risk threshold absent other 

clear considerations (Lewis et al., 2011).  The logistic model predicted the log odds of a 2022 

primary care patient being in the top 5% of observed 2023 adverse outcomes, based on 2022 

data. Although the model is predicting log odds of being in the top 5% of adverse outcomes, 

implementation of a risk model can modify alerting thresholds based on use case.  

After data preparation, the first modeling step was to model the crude association of 

each candidate predictor and the outcome of interest for each preliminary modeling approach. 

Crude associations for variables selected by the final model are reported in Results. Crude 

associations for the preliminary models are not presented for parsimony but are available upon 

request.  

The next step was preliminary LASSO variable selection and model fitting across linear, 

negative binomial and logistic models. LASSO regression requires a criteria to select the 

optimal shrinkage parameter, which determines how many variables enter the model. For the 

preliminary model testing, Schwarz's Bayesian Criterion (SBC, also referred to as Bayesian 

Information Criterion or BIC) was used as this criteria (Sarkar, 2015). The LASSO modeling step 
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at which the SBC criteria was minimized was selected as optimal. Because of computational 

bandwidth restrictions in the H+H environment, SBC selection was used to select a modeling 

modality from the preliminary models, and the more intensive five-fold cross-validation was 

employed to train the final model, as described below.  

LASSO model selection details are presented in table 4.3, which includes selected 

lambda, SBC and lasso steps for the SBC-selected preliminary models. Figures 4.2-4.4 provide 

LASSO selection plots which show change in SBC at each modeling step.  Where LASSO 

selection retained two overlapping versions of a variable, a single version was prioritized for 

retention to improve model parsimony and ease of data maintenance and flag generation in 

future implementation at Health+Hospitals. For example, if the preliminary LASSO model 

selected both the Alcohol+Substance Use flag and the separate Alcohol flag, the variable with 

the higher beta was retained. The preliminary linear, negative binomial and logistic models were 

then re-fit with SAS to generate fit statistics and parameter estimates.  

The linear LASSO model was fitted using Proc GLMSelect, with a seed of 32 and SBC 

lambda selection. SBC was minimized at 62 LASSO steps. The linear LASSO model selected 

multiple overlapping variables which were manually reduced, as follows: The model selected 

both the Abuse or Foster flag and Abuse or Neglect Diagnosis, a sub-component of that flag. 

The broader Abuse or Foster flag was selected. It also selected both the Serious Mental Illness 

visit variable and the sub-component individual visit diagnosis flags for OCD, conduct disorder 

and psychosis. The individual flags had more influential beta values and were thus retained. 

Similarly, the model selected the developmental disorders flag and its sub-component visit 

diagnosis variables of chromosomal abnormalities, developmental delay and pervasive 

developmental disorders.  The individual flags had more influential beta values and were thus 

retained. The preliminary model also selected both the Risky Sex flag and the STI 

sub-component of that flag (Risky Sex flag retained); binned ED visits, continuous ED visits and 

a flag for 3+ non-psych ED visits (continuous ED visits retained); binned outpatient visits and 5+ 
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outpatient visit flag ( 5+ outpatient visit flag retained due to larger beta); and the School 

Problems flag and educational difficulties sub-component (retained School Problems flag). 

Finally, the linear LASSO selected both the Anemia Diagnosis variable and the Sickle Cell 

diagnosis sub-component. The sickle cell sub-component was retained due to its much higher 

beta value. The 2+ Somatic Symptoms flag and the sleep disorders diagnosis variable were 

selected, but both were retained because they measured overlapping but distinct domains. With 

these adjustments, the linear LASSO variables were used to re-fit the linear model using Proc 

GLM to generate fit and performance statistics.   

The negative binomial LASSO model was fitted using Proc HPGenselect with the SAS 

default of a LASSO RHO of 0.80 and SBC lambda selection.  SBC was minimized at 22 LASSO 

steps. Three manual adjustments were made to the variables selected via LASSO. The 

negative binomial LASSO selected both Depression, and the Anxiety or Depression flag. 

Anxiety was subbed for this flag.  The Serious Mental Illness predictor was swapped for the 

Serious Mental Illness or ADHD predictor because the ADHD visit variable was already in the 

model. Lastly, the negative binomial LASSO selected two overlapping ED predictors (EDcat and 

EDNonsychCat), of which EDcat was retained as the more comprehensive variable. After 

variable adjustments, the model was re-fit using Proc Genmod to generate fit statistics as 

outlined below. 

The logistic LASSO model was fitted using Proc HPGenselect, using the SAS default of 

a LASSO RHO of 0.80. SBC was minimized at 22 LASSO steps. Four adjustments were made 

during manual review to the variables selected via LASSO. Because depression was already 

retained in the model, the Anxiety variable was swapped for the Anxiety or Depression variable. 

Because the Drug Use or Alcohol variable was already retained in the model, the Drug Use 

variable was dropped. Because the ADHD visit variable was retained by the model, the Serious 

Mental Illness flag was substituted for the Series mental Illness or ADHD flag. Finally, the 

logistic LASSO selected both continuous and censored 0-5+ ED visit variables. The censored 
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ED variable was retained due to a higher beta value. After variable selection, the model was 

re-fit using Proc Logistic to generate fit and performance statistics as outlined below.    

Assessing Global Model Fit: Next, a modeling approach was chosen for the final model 

by assessing model fit and performance. Model fit should indicate that the relationship between 

the predictors and outcome is well specified by the chosen modeling distribution. For the 

preliminary linear LASSO regression model, fit was assessed visually with an expected vs. 

observed outcomes plot and a residual vs. outcome plot to identify deviations from normality. Fit 

statistics included root mean squared error (RMSE) and adjusted R squared, to quantify the 

residual noise in the data and the percent of the data explained by the model respectively, as 

well as the mean residual, residual skewness and residual kurtosis. These statistics and 

visualizations were generated via Proc Univariate, Proc GLM and Proc SGPlot. 

For the preliminary negative binomial model, fit was assessed visually with a model fit 

plot, a predicted value vs. residual plot, and an expected vs. observed outcome plot. Fit 

statistics included root mean squared error (RMSE), adjusted R squared and deviance value, or 

the ratio of the deviance to degrees of freedom (UCLA Advanced Research Computing, n.d.). 

The dispersion parameter was examined to determine appropriateness of the negative binomial 

model over the poisson distribution.    

 For logistic models, model fit is often termed calibration. Per Efthimiou et al, 

“[c]calibration refers to the agreement between observed outcomes and the model's predictions” 

across the spectrum of risk (Efthimiou et al., 2023). In this study, calibration was examined using 

a calibration plot and quantified with the calibration slope (or alpha calibration) and intercept (or 

beta calibration) for the preliminary and final logistic models, with slopes closer to 1 and 

intercepts closer to 0 indicating good calibration (Stevens & Poppe, 2020). Calibration plots and 

fit statistics are presented in Results.   

Assessing Global Model Performance: As defined by Efthimiou et al, “Discrimination is 

the ability of the model to correctly rank-order patients with respect to their outcomes. For 
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example…among two randomly chosen patients, the one with the higher predicted outcome will 

also have the higher observed outcome” (Efthimiou et al., 2023). For the linear and negative 

binomial models, discrimination was assessed using Spearman’s correlation coefficient, a 

rank-derived correlation measurement.  For the logistic model, discrimination was assessed 

using the AUROC (also known as the c-statistic), which quantifies area under the receiver 

operating curve, aka true positive vs. false positive rates across all risk score thresholds. An 

AUROC of 0.5 would indicate the model is no better than random chance, while an AUROC of 

1.0 would indicate perfect prediction.      

Assessing Threshold-Specific Performance For NYC Health+Hospitals, the ability to 

determine whether or not an adolescent is at high risk is far more important than differentiating 

gradations of low risk. Among our adult patients, we flag the top 5% of patients as high risk 

using a home-grown risk algorithm. For adolescent patients, need will likely outstrip intervention 

availability, and there is programmatic value in starting with a smaller group of patients while 

intervention workflows are developed, piloted and iterated upon after the conclusion of this 

study (see Discussion for further implementation details). For a parallel 0-4 risk prediction study, 

leadership selected the top 5% as the target risk algorithm prediction threshold. This study 

therefore aimed to predict risk for the top 5% of high risk adolescents.  

This was operationalized by labeling the top 5% of observed outcomes as “true high 

risk,” and flagging the top 5% of predictions across each model as “predicted high risk.”  The 

distribution of the outcome of interest (0-25) did not map exactly onto percentiles. The closest 

2023 outcome score threshold to the 95th percentile was 6+, which in the Training set captured 

the top 5.55% of outcomes.  Patients with an outcome score > 6 were defined as a case and 

referred to as “true high risk.” To classify predictions, model predictions were rank-ordered within 

each model, and the top 5% of predictions were labeled as “predicted high risk.” This was used 

instead of a predicted 6+ threshold for the linear and negative binomial models because the 

goal was to understand how each approach would perform under implementation constraints. 
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The threshold-specific performance assessment then evaluated predicted vs. observed 

performance for the top 5% across each modeling modality.  

To calculate threshold-specific performance, true high risk patients who were also 

predicted high risk were classified as true positives (TP). True high risk patients who were not 

predicted high risk were false positives (FP). Patients who were not true high risk and not 

predicted high risk were true negatives (TN). Patients who were not true high risk but were 

predicted high risk were false negatives (FN). Threshold-specific performance was assessed via 

sensitivity (TP/TP+FN), specificity (TN/TN+FP), positive predictive value (TP/TP+FP), negative 

predictive value (TN/TN+FN), and accuracy (TN+TP/TN+TP+FN+FP).   Alert rate (% predicted 

high risk) and event rate (% true high risk) were also reported.  

Final Model After reviewing fit and performance, logistic LASSO regression was 

assessed as providing the best balance of parsimony, discrimination and explainability while 

offering moderate to strong calibration (additional details reported in Results). Logistic LASSO 

was selected to train the final prediction model. A five-fold cross-validation was undertaken to 

select model variables, following the approach outlined by Hastie et al (Hastie et al., 2009).  

Five-fold cross-validation produces five separate models, holding out 20% of the data each 

time, within the Training partition (Sarkar, 2015). The average squared error (ASE) for each 

fold’s model is generated using that fold’s hold-out data (sometimes called the ‘testing’ data) at 

each value of lambda produced by a given model step. Heterogeneity of values and 

performance was not evaluated across clusters in this study.   

In this study, the Training data were assigned at random to five hold-out samples. Five 

folds were then constructed using 80% of the Training sample, with an associated 20% hold-out. 

A LASSO model was trained within each fold using Proc HPGenselect and then deployed on 

that fold’s hold-out (“test”) to identify that model’s  AIC, SBC, ASE and lambda at each model 

step, using the partition function. Across the five folds, test AIC, SBC, ASE, ASE standard error 

(SE) and lambda were averaged for each lasso step.  
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To select the best LASSO model, the one standard error rule was used, which aims to 

balance parsimony and accuracy by selecting the most parsimonious model within one standard 

error of the minimum ASE (Krstajic et al., 2014).  Across the five folds, ASE was minimized at 

Step 28. To derive the final lambda, this study used the lambda from the most parsimonious 

model whose ASE was within minimum ASE + 1 SE. This occurred across the folds at LASSO 

step 21. This choice was supported graphically by the LASSO selection plot, which showed a 

decrease in ASE improvement after Step 21.   

Because this form of LASSO modeling produces five models, selected parameters vary 

across folds. For this study, any variable selected by at least two folds at Step 21 was tested in 

the final logistic regression, yielding 22 candidate variables. Final model variables selected via 

5-fold cross-validation were compared to variables selected in the preliminary SBC-based model 

(crosswalk reported in Results). During manual review, three cross-validation variables were 

removed because multiple versions of the same variable were retained across folds. The 

anxiety or Depression flag was dropped because anxiety and depression variables were 

separately retained. Drug use was dropped because it was a sub-component of the Alcohol or 

Substance Use flag, which was retained. Primary care visits (0-5+) was dropped because 

primary care visits (0-20+) was already retained. Because ADHD visit diagnosis was already in 

the model, Serious Mental Illness was subbed for Serious Mental Illness or ADHD flag. Eighteen 

of the 22 variables selected across 2+ folds were retained without modification, including the 

Abuse or foster care or psychosocial difficulties flag; alcohol or drug use; anxiety; serious mental 

illness visit flag; behavioral health visit flag; depression; developmental disorders flag; ADHD 

visit, asthma visit, obesity visit, ED visits, outpatient visits, primary care visits, LGBTQ+ flag, 

pediatric comorbidity index count, SDOH needs, sex at birth, smoking and suicidality. In addition 

to these variables, two etiologically meaningful variables flagged by the key informants (sickle 

cell visit diagnosis, eating disorder visit diagnosis) were tested to improve clinical buy-in from 

rendering adolescent providers. Sickle cell had a high beta value and was significant. Eating 
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disorder diagnosis failed to achieve significance, despite a beta higher than other retained 

variables, but improved AUROC and was thus retained. The final model parameters and 

associated odds ratios are presented in Results with the final model calibration, discrimination 

and threshold-specific performance.         

Sensitivity Analysis: Within the Training partition, performance was reported among 

patients who were not lost to outpatient follow-up to evaluate model performance among 

patients with a lower likelihood of unmeasured missing outcome data (Rijnbeek & Reps, 2021). 

Among adolescents, it is not uncommon to utilize care more episodically. True loss to follow-up 

might realistically be defined as no primary care within 18 months. However, this sensitivity 

analysis was seeking to understand the impact of no patient visits during the outcome year on 

measurement of that outcome. Loss to follow up is therefore aligned with the outcome year 

(2023) rather than a clinical 18 month window. Patient baseline characteristics were compared 

between patients lost to outpatient follow-up in 2023 and those who remained engaged in care. 

Threshold-specific performance was then compared between the full Training sample and those 

who remained engaged in outpatient care in 2023. 

Bias Evaluation: This study evaluated fairness across race/ethnicity, insurance, primary 

language and gender. LGBTQ+ status was determined to be of too low quality for inclusion in 

bias evaluation for 2022, with the hope that data are better collected in future. The fairness 

metrics of interest were equal opportunity difference (EOD, comparison of False Negative Rate 

by subgroup) and predictive parity difference (PPD, comparison of positive predictive value by 

subgroup), reflecting disparity in ability to be flagged as positive by the model (EOD) or to be 

positive if flagged (PPD), per Huang and Xu (Huang et al., 2022; J. Xu et al., 2022). Sensitivity, 

specificity, accuracy, event rate and alert rate were also reported by subgroup. For each 

sociodemographic class, the largest subgroup acted as the referent. The referents were 

therefore Hispanic/Latinx race/ethnicity, Medicaid insurance, female sex and English language. 
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The threshold of >10 percentage point difference from the referent was used to flag the 

presence of moderate bias for EOD and PPD.  

Model Validation To produce the internal Type 2b validation, the final model was run on 

the partition data using SAS stored model scoring. The top 5% high risk prediction threshold 

obtained from the Training data (0.281) was applied to predictions within the Validation data to 

flag predicted high risk. Model calibration plot, calibration slope and calibration intercept; 

AUROC; sensitivity, specificity, positive predictive value, negative predictive value and accuracy 

were compared between the Training and data to assess internal validity.   

Result Reporting Results were reported following the Transparent Reporting of a 

multivariable prediction model for Individual Prognosis or Diagnosis +AI (TRIPOD+AI) 

statement, which was published across 11 prominent medical journals to unify risk prediction 

literature in 2015 and then updated to reflect AI considerations in 2024  (Collins et al., 2015, 

2024). The TRIPOD+AI questionnaire is provided in the Appendix. The APA Publication Manual 

(7th Edition) guidelines were used for formatting throughout, and Zotero reference management 

software was used for all references.  No large language models (Chat GPT, Gemini, etc) were 

used for writing or editing this dissertation.  
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Chapter 4: Results  

Introduction 

Chapter 4 presents in depth the results of this study to train a score to identify 

adolescents at high risk of adverse socio-medical outcomes within primary care at NYC 

Health+Hospitals. This section describes the study population; outlines preliminary models 

tested across three modeling approaches, and describes the final model variable models, 

performance and bias. First, the study population is described across both Training and 

Validation samples using the 2022 baseline characteristics and 2023 outcome scores. 

Subsequently, preliminary LASSO modeling fit and performance are described for linear, 

negative binomial and logistic models. Next, the development of the final logistic model is 

described using five-fold cross-validation to select the optimal LASSO lambda. Final model 

parameters and performance statistics within the Training partition are described. Within the 

Training partition, a comparison of 2022 characteristics and 2023 outcome distribution is 

presented by predicted high risk status, and performance is assessed by lost to follow-up status. 

Bias is also evaluated by insurance, preferred language, race/ethnicity and sex at birth. Last, 

final model calibration and discrimination within the Validation partition are presented.   

The goals of model selection within the safety net context are to craft a model that is 1) 

parsimonious, meaning the model is simple to run and maintain; 2) high performing, with an 

AUROC of >70%, sensitivity of >20%, PPV >30% and accuracy of >90% to surpass the null 

hypothesis; and 3) explainable, such that front line providers can understand why a patient has 

been identified as high risk and how a model is broadly working.  Towards these goals, this 

inquiry tested LASSO selection across three modeling approaches: linear, negative binomial 

and logistic. Final model selection prioritized performance and model fit or calibration. As 

described in Results, the preliminary linear model was not parsimonious and showed evidence 
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of model assumption violation. The negative binomial and logistic models selected similar 

variables and showed similar performance. However, calibration/fit was slightly stronger in the 

logistic model, which also had higher levels of familiarity and explainability than the negative 

binomial model for analytic staff and providers. Ultimately, the logistic model was selected, and 

final model performance of this model is described in detail.  

 

Study Population   

Training and Validation Sample Characteristics 

After model cleaning and imputation of missing variables, the final sample for this study 

consisted of 37,126 adolescents with >1 primary care visit to a NYC Health+Hospitals clinic in 

2022. The Validation sample partition included only adolescents whose most recent primary 

care visit was in the Bronx (n = 10,764). The Training sample partition included adolescents 

whose most recent primary care visit was in any H+H clinic outside the Bronx (n = 26,362). 

Validation data was not examined during variable cleaning or transformation stages of modeling, 

and Validation sample characteristics were calculated only after modeling was complete.  

As would be expected with a Validation sample chosen to mimic real-world population 

variation, the Training and Validation samples differed significantly across demographic, clinical 

and utilization criteria (Table 4.1: Demographic, Clinical and Utilization Characteristics of 

Training and Validation Samples (2022)). The Training sample was evenly distributed by age 

(range 17.1% aged 12 to 16.4% aged 17). The Validation sample skewed slightly but 

significantly younger, with 19.1% of the sample aged 12, and 15.0% of the sample aged 17.   

Sex at birth was almost perfectly even in both samples and did not differ significantly. However, 

the distribution of race/ethnicity was significantly different across the two samples. In the 

Training sample, 45.1% of adolescents were recorded as Hispanic/Latinx, followed by Black 

(36.2%), Other (11.8%), Asian (5.4%) and White (1.5%). In the Validation sample, more than 

half of adolescents were Hispanic/Latinx (57.6%), followed by Black (27.4%), Other (8.0%), 
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Asian (4.3%) and White (2.8%). While still significant, the differences in preferred language were 

smaller, with 61.3% (Training) and 59.3% (validation) of patients preferring to speak English, 

and 34.3% (Training) and 37.0% (validation) preferring to speak Spanish. More Training patients 

were commercially insured (19.9% vs. 16.2%) or uninsured (6.1% vs. 2.5%), while Medicaid 

was highest in the Validation sample (74.0% vs. 81.3%). Although significant, differences in 

LGBTQ+ status were minor, with 4.6% (Training) to 4.8% (validation) of adolescents having an 

LGBTQ+ identity recorded in the EMR.   

Social needs differed sharply between the Training and Validation samples. Only 3.8% of 

the Training sample had one or more social needs documented in a diagnosis or social 

screening in 2022, as compared to 10.5% of the Validation sample. Homelessness was slightly 

lower in the Training sample (2.1% vs. 3.5%, p < 0.001) and the percent living in public housing 

was slightly higher (10.3% vs. 9.1%, p < 0.001). Percent living in a poverty census tract was > 

25 percentage points lower in the Training sample (51.2%) compared to the Validation sample 

(78.7%). Based on available social determinants data, 2022 social needs were markedly higher 

in the Validation sample.   

Utilization was also distinct across the two samples. Within the Training sample, 

adolescent patients had 1.9 primary care visits on average (standard deviation: 1.57), with a 

median of 1 and a maximum of 145. (The maximum of 145 visits was verified via chart review. 

The patient with that outlier was retained in the data, but the visit variable was censored in 

candidate predictors.) Training patients also had 1.3 average specialty visits (SD 4.01). 

Validation sample adolescents had fewer primary care visits (mean 1.6, SD 1.03) and equivalent 

specialty visits. Although inpatient visits did not differ significantly between the two samples 

(mean 0, SD 0.19-0.20), Training patients had significantly fewer average ED visits than 

Validation patients (mean 0.3 vs. 0.4, SD 0.83 vs. 0.93). 

The two samples also differed significantly by chronic comorbidity status. The Pediatric 

Comorbidity Index count measures the number of comorbid conditions recorded via visit or 
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billing diagnosis in a given period. On average, patients in the Training sample had a 1.7 PCI 

comorbidity score documented in 2022 (SD: 1.57), but scores ranged from 0-15. In the 

Validation sample, patients had an average of 2.0 comorbidities (SD 1.70), and a range of 0-13. 

Differences in PCI distribution between Training and Validation samples were significant (p < 

0.001). Differences in 2+ somatic symptoms were not significant across samples.  

Training and Validation samples illustrated similar mental health needs. Although 

significant (p=0.04), differences in 1+ Serious Mental Illness (SMI) diagnoses were minor (5.4% 

vs. 4.8%). No significant difference was observed across the depression or anxiety flag (17.0% - 

17.1%), suicidality (4.4% - 4.0%), or evidence of abuse or trauma (6.8% - 7.2%). However, 

behavioral health needs were greater across multiple domains in the Validation sample. Training 

patients had fewer documented pregnancies or STIs in 2022 (1.8% vs. 2.6%). Alcohol or 

substance use was more than five times higher in the Validation sample (3.8% vs. 21.2%).  

Documented school-related needs were similar across samples, with no significant difference in 

developmental-delay related disorders (9.1% - 9.5%) or ADHD diagnosis (5.4% - 5.2%). 

Documented school challenge differences were significant but minor (4.0% vs. 4.6%).  

  

Distribution of Outcome of Interest in Training and Validation Samples 

The 2023 outcome score was materially lower among Training sample patients than Validation 

sample patients (Table 4.2: Distribution of Adverse Outcomes among Training and Validation 

Samples (2023)). Training sample patients had an average 2023 adverse outcome score of 1.8 

(SD 2.05), with a median of 1 and a range of 0-25. Validation sample patients had an average 

2023 adverse outcome score of 2.2 (SD 2.17), with a median of 1 and a range of 0-25.  The 

cutoff of 6+ on the adverse outcome score was chosen as the closest threshold to capture the 

top 5% of risk within the Training data. Within the Training sample, 5.55% of patients had a 2023 

adverse outcome score of 6+, as compared to 7.19% of the Validation sample (p < 0.001). 

Additionally, 61.1% of the Training sample had a low outcome score of 0 or 1, as compared to 
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50.6% of the Validation sample. Across all measurements, the adverse outcome score was 

lower in the Training than the Validation sample.   

Preliminary LASSO Modeling  

Preliminary LASSO Model Selection  

As outlined in Methods, the preliminary LASSO models were trained using linear, 

negative binomial and logistic modeling distributions, with the optimal LASSO model selected 

for the preliminary modeling step by minimizing the Schwarz Bayesian Criterion (SBC, also 

referred to as Bayesian Information Criterion or BIC). A summary of model selection steps and 

criteria is presented in Table 4.3 (Preliminary LASSO Model Selection Details), and Figures 4.2 - 

4.4 (LASSO Model Selection Plots) illustrate the progression of SBC across LASSO modeling 

steps.  

The linear LASSO model was the least parsimonious of the preliminary LASSO models.  

The linear LASSO model minimized the SBC at 62 LASSO selection steps with a lambda of 

0.0115 and an SBC of 21,807. Although SBC was minimized at step 62, the LASSO selection 

plot for the linear model illustrates that SBC gains after step 59 were miniscule, and slope of 

SBC improvement decreased after step 31. The negative binomial LASSO model minimized the 

SBC at 22 LASSO selection steps with a lambda of 0.0074 and an SBC of 89,909. Although 

SBC was minimized at step 22, the LASSO selection plot for the negative binomial model 

illustrates that SBC gains after step 20 were minimal. The preliminary logistic LASSO model 

minimized the SBC at 22 LASSO selection steps with a lambda of 0.0074 and an SBC of 7720. 

The logistic LASSO plot in Figure 4.4 shows that after Step 21 improvement was minimal. 

Information criteria such as SBC (reported in Table 4.3) are used to compare nested models, 

with lower numbers indicating stronger models. This study did not produce nested models.  It is 

interesting to note that SBC was dramatically smaller in the logistic model than the linear or 

negative binomial models. However, SBC cannot be directly compared across non-nested 

models or modeling distributions. 
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Preliminary LASSO Model Parameters 

Table 4.4 (Preliminary Model Parameters for Linear, Negative Binomial and Logistic 

Models) presents the parameter estimates for each retained 2022 predictor variable across the 

three modeling distributions for the preliminary LASSO models after manual adjustment as 

described in Methods. Table 4.5 summarizes variable agreement across all three approaches.  

In the interest of parsimony, this section primarily highlights parameter commonalities and 

differences across modeling approaches.  

A core set of predictor/domains were retained in some format by all LASSO modeling 

modalities. A total of 51 of 88 candidate predictors were retained by at least one of the models 

(Table 4.4). Twelve of the variables were retained by every model, including anxiety and 

depression; diagnosis of ADHD, asthma or obesity; LGBTQ+ status; age; sex, social needs flag; 

smoking status; primary care visits (0-10+); and PCI score (Table 4.4-4.5). Very similar variables 

were also retained by all models for abuse, foster care or psychosocial difficulties; alcohol and 

substance use, ED visits and outpatient visits. The domains of serious mental illness and 

developmental disorders were retained across all models, but the negative binomial and logistic 

models retained the parsimonious SMI and developmental disorder flags, whereas the linear 

model retained individual components of these flags. Two of three modeling modalities also 

retained neighborhood-level limited English proficiency; race/ethnicity; suicidality; behavioral 

health visit flag; and well child visit flag.  All other predictors referenced in the parameter table 

were retained by only one modeling modality. 

The ten most influential predictors in the preliminary linear LASSO model were (from 

most to least)  chromosomal abnormalities, ADHD, OCD, pervasive developmental disabilities, 

sickle cell, outpatient visits, conduct disorder, psychosis, eating disorder diagnoses, and 1+ 

behavioral health visits. These top ten parameter estimates ranged from 0.970 (chromosomal 

abnormalities) to 0.641 (1+ behavioral health visits). This indicates that holding all other 

variables constant, a visit diagnosis of chromosomal abnormalities in 2022 increased the 
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predicted 2023 adverse outcome score by 0.970. The continuous nature of ED visits and PCI 

visits meant that these variables were also quite influential for patients with multiple 

comorbidities or acute visits. All parameters were significant except white vs. Latinx race, 

trauma or PTSD diagnosis and Commercial vs. Medicaid insurance. 

The ten most influential predictors in the preliminary negative binomial LASSO model 

were (from most to least) ADHD visit, developmental disorders flag, alcohol or drug use, 

depression, smoking status, PCI count, abuse or foster care or psychosocial challenges, serious 

mental illness visit, asthma visit, and anxiety. These parameters ranged from 0.288 (ADHD) to 

0.122 (anxiety). This indicates that holding all other variables constant, a 2022 ADHD visit 

diagnosis increased the predicted log count of adverse outcomes in 2023 by 0.288. The 

continuous nature of the PCI score means that this variable is also quite influential for patients 

with multiple comorbidities. All parameters were significant except neighborhood-level limited 

English proficiency, neighborhood-level single parent households, and white vs. Latinx race. 

The ten most influential predictors in the preliminary logistic regression model were (in 

descending order) an ADHD visit, developmental disorders flag, alcohol or substance use, 

LGBTQ+ flag (LGBTQ+ vs. Not LGBTQ+), PCI, smoking status (Cur/Form. vs Never), 

depression, binned ED visits, sex at birth (female vs. male), a serious mental illness visit and  

LGBTQ+ flag (Missing vs. Not LGBTQ+, protective). These parameters ranged from 0.484 

(ADHD) to -0.554 (Missing vs. Not LGBTQ+). This indicates that holding all other variables 

constant, a 2022 visit for ADHD increased the log odds of having a 2023 adverse outcome 

score in the top 5% (“high risk”) by 0.484.  All parameters were significant except 

neighborhood-level limited English, age, obesity diagnosis and smoking status (missing vs. 

never smoker).   

Linear Preliminary Model Performance  

Fit and performance for the preliminary linear LASSO model is presented in Table 4.6 

(Linear LASSO Model Fit and Performance Statistics), Figure 4.5 (Linear Expected vs. 
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Observed Outcomes, Preliminary Model) and Figure 4.6 (Residual Distribution by Predicted 

Outcome, Linear LASSO Model).  

Linear model fit was middling. Residuals were unequally distributed across observed 

(Figure 4.5) and predicted (Figure 4.6) outcomes, suggesting meaningful divergence from 

normality. Although residual mean was 0.00, residuals showed a skewness of 2.38 and kurtosis 

of 14.00 (Table 4.6). This model's RMSE was 1.50.  

Linear model performance was moderately strong (Table 4.6). Predicted and observed 

outcomes showed a Spearman correlation coefficient of 58.60% (p < 0.001), indicating 

moderate correlation of ranked outcomes (Akoglu, 2018). Mean observed and predicted 

outcomes were equivalent to two decimal places (1.79), although standard deviation was 

substantially larger for observed vs. predicted outcomes (2.05 vs. 1.39). The model had an 

adjusted R squared of 0.463, indicating that it explained approximately 46% of the variability 

observed in the outcome data.  

Negative Binomial Preliminary Model Performance  

Fit and performance for the preliminary negative binomial LASSO model is presented in 

table Table 4.7 (Negative Binomial LASSO Model Fit and Performance Statistics), Figure 4.7 

(Negative Binomial Expected vs. Observed Outcomes, Preliminary Model), Figure 4.8 (Negative 

Binomial LASSO Model Fit Plot) and Figure 4.9 (Negative Binomial LASSO Model Residual 

Distribution by Predicted Value).   

Negative binomial model fit was mixed. Observed deviance value per degrees of 

freedom was 0.9360, which approaches the ideal of 1 (Table 4.7). A fit plot showing predicted 

vs. observed outcome by 0-10+ outpatient visits while holding all other variables at their mean 

showed a relatively linear relationship (Figure 4.8). However, the spread of predicted outcomes 

was twice that of observed outcomes for the negative binomial model, with mean and median 

predicted values falling below observed values for most outcomes (Figure 4.7). Residual 
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distribution also meaningfully differed by predicted outcome level (4.9).  This model's RMSE 

was 1.71.  

Negative binomial model performance was moderate (Table 4.7). Predicted and 

observed outcomes showed a Spearman correlation coefficient of 58.12%, indicating moderate 

correlation of ranked outcomes (p < 0.001) that resembled the linear model (Akoglu, 2018).  

Mean observed and predicted outcomes were similar at 1.79 (SD: 1.80) vs. 1.81 (SD: 2.05).  

Standard deviations were closer than those observed in the linear model, suggesting that the 

negative binomial distribution may better capture the dispersion of the outcome count data than 

a linear distribution. However, the model had an adjusted R squared of 10.28, indicating that 

only 10% of the variability observed in the outcome data was explained by the model. 

Logistic Preliminary Model Performance  

Fit and performance for the preliminary logistic LASSO model is presented in Table 4.8 

(Logistic LASSO Preliminary Model Fit and Performance Statistics), Figure 4.10 (Figure 4.10 - 

Preliminary Logistic LASSO Calibration Curve), and Figure 4.11 (Preliminary Logistic LASSO 

ROC Curve).  

The preliminary logistic LASSO model showed good calibration (Table 4.8). A line of 

ideal calibration would have an intercept of 0 and a slope of 1. The calibration slope of the 

preliminary logistic LASSO model was 0.96 (SE: 0.02), and the calibration intercept was 0.00 

(SE: 0.00), approaching ideal calibration. In a calibration curve visualizing 20 partitions of data 

based on predicted probability of the outcome (Figure 4.10), the bottom 90% of points appear 

well calibrated. The 91-95th percentile is modestly but significantly underestimated by the 

model. The top five percent (aka model target for “High Risk” label) is slightly overestimated by 

the model, but the 95% confidence interval overlaps the line of perfect calibration. The 

preliminary logistic LASSO model also showed good discrimination, with an AUROC value 

(90.66%, CI: 89.85%-91.48%) in the “excellent” range of 90-100 (Nahm, 2022).  

Threshold-Specific LASSO Model Performance  
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Preliminary model prediction performance at the high risk threshold is presented in Table 

4.9 (Threshold-Specific Performance Across Preliminary Models, Top 5%). For all models, event 

rate was 5.55% (capturing “true high risk” or who had a 2023 adverse outcome score of 6+) and 

the alert rate was 5% (top 5% of predictions across each model marked as “predicted high 

risk”). Logistic LASSO showed the highest sensitivity (47.74%), specificity (97.51%), positive 

predictive value (PPV, 52.96%) and accuracy (94.75%). Linear and negative binomial model 

sensitivity and positive predictive values were approximately a percentage point below that of 

the logistic model, and specificity and accuracy were all within a percentage point of the logistic 

model.    

Choice of LASSO Modeling Approach 

​ The logistic LASSO was chosen as the modeling approach for this classification task of 

identifying the top 5% of high risk adolescents in primary care. Both linear and negative binomial 

models illustrated residual patterns that suggested potential misspecification of the model. The 

logistic model showed strong calibration and discrimination. All three models showed 

comparable sensitivity, specificity, accuracy and positive predictive value at the threshold of 

interest (top 5% of predictions), with the logistic model performance slightly outpacing the other 

two models. The logistic model achieved this performance far more parsimoniously than the 

linear model, but was largely comparable to the negative binomial model.   

Additionally, an important consideration for clinical models is their “explainability” to front 

line clinicians. Primary care providers need to understand and trust a model which is 

recommending enhanced assessment, referrals or care. Linear models are extremely 

explainable - “this model predicts number of days in the inpatient setting” - but the linear model 

performed poorly within these data. Between broadly comparable approaches, logistic modeling 

is a more familiar modeling approach than negative binomial modeling for both clinicians and 

analysts.  Across fit, discrimination and explainability, the logistic model was determined to be 
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the strongest option with maximum explainability for clinicians and rank-and-file analysts at 

H+H.  

Final Logistic LASSO Model  

Logistic LASSO Five Fold Cross-Validation   

As outlined in Methods, to train the final logistic model, five-fold cross-validation was 

used to select the optimal lambda. Across the five folds, the average squared error was 

minimized at LASSO step 28 with a cross-fold lambda of 0.00193 (Table 4.10 - Model Selection 

Details for Minimum ASE and Minimum ASE + 1 SE Models Using Five Fold Cross-Validation). 

The model which minimized cross-validation ASE retained 53 features, which is only slightly 

less parsimonious than the preliminary linear regression model.   

The most parsimonious model within one standard error of the minimum ASE was 

produced across folds at model step 21, which retained an average of 23 features with a 

cross-fold lambda of 0.00922. This modeling step and lambda were selected to produce the 

final model. The LASSO selection plot showing average ASE and 95% confidence intervals at 

each LASSO selection step is presented in Figure 4.12 (Logistic LASSO Model Selection Plot: 

Five Fold Cross Validation using Average Squared Error). This plot shows that the ASE 

improvement rate decreased after step 21, supporting the selection of this model.  

Comparison of Cross-Validation and SBC Minimization for Logistic LASSO Selection       

Five fold cross-validation produces five separate models, holding out 20% of the data 

each time. Variables which were selected by at least two folds of the minimum ASE + 1 SE 

model were tested for inclusion in the final logistic model. A crosswalk of variables retained by 

2+ folds during cross-validation versus SBC selection is presented in Table 4.11 (Comparison of 

Variables Chosen by SBC vs. Cross-Validation LASSO Selection for Logistic Model). The 

variables presented in this table do not align exactly with those in the preliminary logistic model 

(Table 4.4) and the final logistic model (Table 4.12) because this table presents the variables 

selected by the LASSO step, before manual refinement. These two selection approaches 
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yielded similar models. SBC selection alone retained age and neighborhood-level limited 

English proficiency. Cross-validation alone retained 0-5+ primary care visits and anxiety. All 

other variables were retained by both LASSO selection methods.   

 

Final Logistic LASSO Model Odds Ratios  

​ The variables selected via cross-validation were reviewed and adjusted for collinearity. 

Two etiologically valuable variables (sickle cell visit diagnosis, eating disorder visit diagnosis) 

were manually added. A detailed description of this process is available in Methods. Crude and 

adjusted final model parameters are presented in Table 4.12. Crude and adjusted odds ratios 

(ORs) for final model predictors are presented in Table 4.13. For the sake  of parsimony, this 

section discusses odds ratios.  

 All predictor variables retained by the final logistic LASSO model showed significant 

crude associations with the outcome. The strongest associations were observed for the 

behavioral health visit flag (OR 14.73, 95% Confidence Interval 12.77-16.99), anxiety (OR 

8.687, CI 7.744-9.745), ADHD visit (OR 8.284, CI 7.263-9.449), Depression (OR 8.153, CI 

7.302-9.102), disordered eating (OR 8.125, CI 5.86-11.267) and suicidality (OR 7.99, CI 

6.935-9.205). Serious mental illness; abuse, foster care or psychosocial needs; alcohol or drug 

use; and current/former smoker status all had crude ORs >5. Among the continuous variables, 

the strongest associations were seen with PCI (OR 2.128, CI 2.062-2.196) and binned ED visits 

(OR 1.986, CI 1.901-2.075). Two variables capturing missing screenings (unknown vs. never 

smoker, missing LGBTQ+ screening vs. not LBTQ+) were protective.   

​ The range of ORs was much narrower in the adjusted final model. The most influential 

categorical parameters of the final model were sickle cell (aOR 3.06, CI 1.50 - 6.23), ADHD visit 

diagnosis (aOR 2.68, CI 2.23 - 3.22), developmental disorders flag (aOR 2.21, 1.85 - 2.63), and 

alcohol or drug use (aOR 2.12, CI 1.66-2.72). The most influential continuous parameters of the 

final model were PCI score (aOR for each 1 unit change 1.38, CI 1.30 - 1.44) and 0 to 5+ ED 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 91 

visits (aOR for each 1 unit change 1.28, CI 1.21-1.36). In descending order of magnitude, 

depression, current smoker status, female sex, serious mental illness diagnosis, anxiety, 

asthma, the abuse or psychosocial or foster care flag, and eating disorder diagnosis all had an 

OR > 1.5 (aOR range 1.78 (Depression) to 1.50 (eating disorder diagnosis)). The model also 

retained social determinant need, suicidality, behavioral health visit flag, unknown smoking 

status, LGBTQ+ status, outpatient visits (0-10+) and primary care visits (0-20+), with ORs 

ranging from 1.45 (SDOH need) to 1.09 (aOR for each 1 unit increase in primary care visits).  

After adjusting for other variables, LGBTQ+ status was no longer significant (aOR 1.13, 

CI 0.91 - 1.39). The only significant protective factor was a missing LGBTQ+ status (aOR as 

compared to Not LGBTQ+ (0.46, CI 0.40 - 0.54), indicating that a patient was not screened in 

2023 or responded with “unknown/declined.’  This may represent differential screening patterns 

by risk status of adolescents within primary care, and may also be predictive of no-show status 

for 2023 which would produce an artificially low risk score due to unmeasured outcome data. 

This is further explored in Discussion.  Obesity diagnosis was also slightly protective (aOR 0.92, 

CI 0.80 - 1.05) but failed to achieve significance, indicating that this variable, while selected by 

all models and therefore strengthening model performance, is not particularly predictive of 

adolescent risk in this sample after adjusting for other covariates.  

Final Logistic Model Fit and Calibration within the Training Partition 

Fit and performance for the final logistic model within the Training partition are presented 

in Table 4.14 (Final Logistic Model Fit and Performance Statistics, Training Sample), Figure 4.13 

(Final logistic Model Calibration Curve, Training Sample), and Figure 4.14 (Final logistic Model 

ROC Curve, Training Sample).  

The final logistic model showed good calibration that was comparable to the preliminary 

logistic LASSO model (Tables 4.14, 4.8). The calibration slope of the final logistic model within 

the Training data was 0.96 (SE 0.015) and the calibration intercept was 0.00 (SE 0.002), which 

aligned with the preliminary logistic LASSO calibration fit and slope to two decimal places. The 
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final calibration curve showed modest but significant under-estimation in the 91-95th 

percentiles. In the target top 5% bucket, the final model showed slight but not significant 

over-estimation. This overestimation was smaller in the final than the preliminary model. The 

final model showed excellent global discrimination, with an AUROC of 90.70 (CI 89.89-91.51).  

Final Logistic Model Threshold-Specific Performance  

Threshold-specific performance for predicted vs. actual top 5% high risk is presented in 

Table 4.15 (Threshold-specific Performance of Final Logistic Model across Training and 

Validation Samples). For the top 5% threshold, the final model showed comparable sensitivity 

(47.61%), specificity (97.50%), accuracy (94.73%) and PPV (52.81%) to the preliminary logistic 

LASSO model, within the Training partition. To translate to clinically meaningful terms, this 

sensitivity of the final model means that the final model correctly identified 47-48 of every 100 

adolescents who were truly in the top 5% of 2023 adverse outcome scores (6+). A PPV of 51.81 

means that if a predicted high risk flag produced an intervention list of 100 patients, 52 of those 

patients would go on to have a 2023 outcome score of 6+, while 48 patients would have a score 

<6. This does not take into account loss-to-follow-up, whereby the true adverse outcome score 

of a patient is not being measured.    

Comparison of 2022 Characteristics and 2023 Outcome Score among Predicted High Risk 

Patients 

Patient characteristics by predicted high risk status are presented in Table 4.16 (Patient 

Characteristics by Predicted High Risk Status (Training)), Table 4.17 (Outcome Distribution by 

Predicted High Risk Status (Training)) and Figure 4.15 (Outcome Distribution by Predicted High 

Risk Status (Training)). Age, gender and race/ethnicity distribution differed significantly by 

predicted high risk status (p < 0.001). While patients not predicted to be high risk resembled the 

full population distributions, predicted high risk patients were older, more Hispanic/Latinx and 

female. Predicted high risk patients were more likely to be insured by Medicaid, and less likely 

to be uninsured or commercially insured (p<0.001). Predicted high risk patients were more likely 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 93 

to have an LGBTQ+ identity (21.1% vs. 3.8%, p < 0.001). Predicted high risk patients were 

more than twice as likely to have a social need (8.0% vs. 3.6%, p < 0.001). Homelessness and 

living in public housing or a high-poverty census tract were all significantly higher among 

predicted high risk patients (p < 0.001 public housing and census poverty, p = 0.05 

homelessness).  Predicted high risk patients had significantly higher utilization (p < 0.001) 

across all settings, including primary care (3.0 vs. 1.8 avg. visits), specialty care (8.8 vs. 0.9), 

ED (1.5 vs. 0.3) and inpatient (0.2 vs. 0.0).  Predicted high risk patients had an average of 3.7 

additional PCI comorbidities in 2022 (p < 0.001) with a higher range of comorbidities (1-15) than 

those not predicted high risk (0-8).     

Behavioral and mental health needs were also markedly higher among predicted high 

risk patients. Predicted high risk patients had higher documented rates of Depression or Anxiety 

(78.0% vs 13.7%), suicidality (32.2% vs. 3%) and serious mental illness (33.1% vs. 3.9%). 

Documented abuse or trauma was significantly higher among predicted high risk patients (40.9 

vs. 5.0%), as were alcohol or substance use (20.3% vs. 2.9%) and tobacco use (13.6% vs. 

1.7% current/former). Documented pregnancy or STIs were low for both groups, but  higher 

among predicted high risk (5.2% vs. 1.6%). Rates of diagnosed ADHD (37.8% vs. 3.7%) and 

documented school difficulties (11.2% vs. 3.6%) were also more than three times higher among 

predicted high risk patients. These differences were significant at p<0.001.     

Distribution of 2023 adverse outcome scores differed significantly by predicted high risk 

status (Table 4.17). Fully 52.8% of predicted high risk patients went on to be top 5% high risk, 

as compared to 3.1% of those not predicted to be high risk (p < 0.001).  Predicted high risk 

patients had an average 2023 outcome score of 6.3 (SD: 3.48), with an observed range of 1-25. 

Patients not predicted to be high risk had an average 2023 outcome score of 1.6 (SD: 1.63), 

with scores ranging from 0-20. Only 1.4% of high risk patients had a 2023 outcome score of 0-1, 

as compared to 64.2% of those not predicted to be high risk.  
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Lost to Outpatient Care Sensitivity Analysis   

As mentioned in Methods, it is important to retain lost to follow-up individuals in model 

Training data, but performance can be further quantified by a sensitivity analysis by lost to 

follow-up status. Within the primary care context, adolescents that fall out of outpatient care are 

a particular concern. Table 4.18 (Patient Characteristics by Lost to Outpatient Care Status 

(Training)) provides a comparison of 2022 characteristics by lost to follow-up status, and Table 

4.19 (Sensitivity Analysis for Top 5% Performance by Lost to Outpatient Care Status (Training)) 

provides a comparison of top 5% performance.  In the Training set, 26.5% of 2022 adolescent 

primary care patients received no primary or specialty care in 2023 (n = 6,990). These patients 

differed significantly by age, sex at birth, race/ethnicity, preferred language, LGBTQ+ status, 

homelessness, all utilization except inpatient visits, and PCI comorbidities (p < 0.001 except for 

sex at birth, p = 0.003). No significant difference was observed by social needs, percent living in 

public housing, or percent living in a high poverty census tract. Particularly marked differences 

among those who were lost to outpatient care included older age (20.7% aged 17, versus 

14.9% among those not lost to outpatient care), English language preference (66.1% vs. 

59.6%), missing LBGTQ+ screening data (67.7% vs. 51.6%) and chronic comorbidities (1.3 vs. 

1.8 average PCI score). Note that lost to outpatient care was defined as no outpatient care 

within the system in 2023, which does not differentiate true loss to follow-up, patients who 

sought care in the 12-18 month window rather than within the year, or patients whose care 

transferred to another system or to their university. Lost follow-up patients had fewer 2022 

average primary care visits (1.6 vs. 2.0), specialty visits (0.5 vs. 1.6) and ED visits (0.3 vs. 0.4).  

Among patients lost to outpatient care, 2.3% were flagged by the final model as high risk 

and 1.16% went on to have an observed top 5% high risk outcome. Among those who remained 

in outpatient care, 6.0% were flagged as high risk, and 7.1% went on to be in the top 5% of 

outcomes. For those who remained in care, sensitivity, specificity and NPV were broadly 

comparable to the full Training sample performance, while PPV was four percentage points 
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higher (57.01%) and accuracy was a percentage point lower (93.72%). Among those lost to 

outpatient care, specificity, accuracy and NPV remained high but sensitivity dropped by 7 

percentage points (40.74%) and PPV dropped by more than half (21.02%). Put in clinically 

relevant terms, at the top 5% prediction threshold, the final model was materially better at 

identifying high risk outcomes among “sticky” patients who remained in outpatient care than it 

was for patients who missed outpatient care in 2023. An exploration of these differences and 

their implications for implementation is offered in Discussion. 

Final Logistic Model Fairness   

Model performance and bias across insurance, language, race/ethnicity and sex at birth 

is presented in Table 4.20 (Sociodemographic Bias Evaluation for Top 5% High Risk (Training)). 

Event rate (true top 5%) and alert rate (predicted top 5%) varied by sociodemographic group. 

Event rate was highest among patients with Medicaid; English and Spanish speakers; 

Black/African American or Hispanic/Latinx individuals; and females. Alert rates were also 

highest among these groups (Table 4.20). Using predictive parity, bias was seen by insurance 

(uninsured) and language (other). Using equal opportunity, bias was seen by insurance 

(uninsured) and race/ethnicity (AAPI).  

As outlined in Methods, this study used a threshold of a 10 percentage point difference 

in fairness metric to flag bias. The fairness metrics were predictive parity (PPV difference of 

sub-group vs. referent) and equal opportunity (false negative rate (FNR) difference of sub-group 

vs. referent).  The largest sub-group in each category was used as the referent, including 

Medicaid insurance, English language, Latinx race/ethnicity, and female sex. 

Across both predictive parity and equal opportunity, the most severe bias was seen 

among uninsured patients. Uninsured patients had a PPV 14.5 percentage points below the 

referent and an FNR 25.3 percentage points above the referent. This means that true high risk 

uninsured patients were less likely than Medicaid patients to be flagged as high risk by the 

algorithm. It also means that uninsured patients appearing on a high risk intervention list would 
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be less likely than Medicaid patients to be truly in the top 5%. In brief, the biases observed in 

this study indicate that uninsured patients from the 2022 training sample were less likely to be 

flagged and less likely to be flagged correctly by this risk score. This may translate to decreased 

risk score performance among newly arrived asylum seeking patients or other patients whose 

parents have not enrolled them in CHIP Medicaid insurance, for which all children in New York 

were eligible in 2022. Likely sources of bias and approaches to mitigate bias before 

implementation are discussed in detail in Chapter 5.       

Final Model Performance on Validation Sample: Assessing Internal Validity 

Validation Calibration and Discrimination   

To approximate real-world performance of a risk score on naive data in which it was not 

trained, a Validation partition is withheld during model Training. The final model is then deployed 

within the Validation partition to assess validity. Although an ideal Validation sample would be 

external, this study used geographic partition to approximate a pseudo-external validation (type 

2B). As outlined in Study Population and Tables 4.1-4.2, the Validation sample differed across 

most 2022 characteristics and showed a higher burden of true high risk (7.2%) than the Training 

sample (5.6%). This suggests that the Validation sample successfully captured meaningful 

population variation.  

The calibration and discrimination seen within the Validation sample are presented in 

Table 4.21 (Validation Calibration and Discrimination), Figure 4.16 (Validation Calibration 

Curve), and Figure 4.17 (Validation ROC Curve).  The Validation calibration was strong. Within 

the Validation partition, the final model showed a slightly stronger calibration slope (1.03, SE 

0.02) and comparable calibration intercept to the Training partition (Tables 4.21, 4.14). The 

Validation calibration curve (Figure 4.16) showed significant under-estimation in the 86th-90th 

percentiles. However, model underestimation was not significant in the top ten percent. The final 

model showed good global discrimination in the Validation partition, with an AUROC of 89.30% 

(CI 88.09% - 90.52%). This was a decrease of 1.40 percentage points from the AUROC 
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observed in the Training sample, but Training and Validation AUROC confidence intervals 

overlapped.   

Validation Threshold-Specific Performance 

Threshold-specific performance for predicted vs. actual top 5% high risk is presented in 

Table 4.15 (Threshold-specific Performance of Final Logistic Model across Training and 

Validation Samples). Observed 2023 outcome scores were higher in the Validation than the 

Training sample, with 7.2% versus 5.6% of patients meeting the true high risk definition (“event 

rate”). Using the top 5% prediction threshold from model Training to flag predicted high risk in 

the Validation sample, the alert rate for the Validation sample was 6.0% (Table 4.15). At this top 

5% threshold, the final model had a Validation sample sensitivity of 46.64%, a specificity of 

97.12% and accuracy of 93.49%. This represents a very modest decrease in performance from 

the Training dataset (0.38 - 1.24 percentage points). Positive predictive value improved within 

the Validation sample (55.62% vs. 52.81% Training). To translate to clinically meaningful terms, 

while an intervention list of 100 patients within the Training sample would contain 52 true 

positives, an intervention list within the Validation sample would contain 55 true positives. This 

may reflect the increased prevalence of the high risk outcome (6+ days) in the Validation 

sample, as positive predictive value is influenced by prevalence. Within the Training sample, the 

final model correctly categorized 94-95 of every 100 people. Within the Validation sample, the 

final model correctly categorized 93-94 of every 100 people, a very small decrease in 

performance within naive data from the same system.  
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Chapter 5: Discussion 

Introduction  

Chapter 5 provides a detailed discussion of the results, contributions and limitations of this 

study. Summary of Results reviews preliminary and final model performance, outlines Training 

and Validation cohorts, provides key statistics and highlights model bias. This section also 

answers the research questions posed in Chapter 1. The What Does This Study Contribute? 

Key Findings in Context section identifies final model strengths, outlines how outcome and 

predictor variables aligned with domains in the literature, explores variables which were not 

retained by the final model, and establishes potential sources of algorithmic bias and bias 

remedies. Real-World Implications explores model implementation at H+H. This section 

identifies potential workflows, highlights past risk score implementation, provides detailed 

implementation steps and explores a high-level logic model for how a primary care adolescent 

risk score could improve health and wellbeing at H+H. Limitations details the study limits and 

shortcomings, with a particular focus on generalizability, choice of a locally defined outcome of 

interest, analytic approach and missing data. Further Research explores the next phases of 

work across bias mitigation, temporal validation, implementation, patient outcomes and 

evolution of the field with the emergence of AI. Finally, the Conclusion section summarizes the 

study as a whole and offers key study takeaways.     

Summary of Results  

This section of Chapter 5 provides an overview of model results and answers the research 

questions posed in Chapter 1. This section outlines the modeling approach, final model 

parameters, observed model biases, and performance within the Training and Validation 

partitions. It then answers the study research questions, identifying the demographic, SDOH, 

utilization and clinical variables that predict risk among adolescents in primary care at H+H. 
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Overview   

This study sought to test whether the risk of adverse health outcomes could be predicted 

among adolescents in primary care at a large urban safety net system, using the prior year’s 

demographic, socioeconomic, utilization and clinical data. The null hypothesis was that a risk 

model could not be developed to predict high risk status (top 5% high risk, defined as >6 

Adverse Outcome Score in 2023) with an >70% overall AUROC and a >90% accuracy, >20% 

sensitivity and >30% positive predictive value.    

After exploring linear and negative binomial regression modalities, this study trained a 

binary logistic regression model using 5-fold cross-validated LASSO selection. The model was 

trained on geographically partitioned data (Bronx primary care vs. all other boroughs) with 

71.0% of adolescents in the Training set and 29.0% in the Validation set. Predictors selected by 

LASSO in two of the five folds were tested in the final logistic model. Where overlapping 

predictors were retained across folds, the strongest predictor was retained. Finally, sickle cell 

and eating disorders were tested in the model and retained based on key informant feedback 

that these variables were important for inclusion to maximize provider buy-in.    

The final logistic model retained 21 variables across 23 parameters. Within the Training 

data, the AUROC of the final model was 90.7 (0.89.9 - 91.5), and calibration slope and intercept 

were 0.959 and 0.002 respectively. At a top 5% prediction threshold, the final model showed a 

47.6% sensitivity, 97.5% specificity and 52.8% positive predictive value within the Training 

sample. Top 5% performance was better for patients not lost to follow-up across sensitivity and 

positive predictive value. The model showed evidence of bias among uninsured patients (PPD, 

EOD), Asian patients (EOD only) and those who preferred a language other than English or 

Spanish (PPD only). These biases will need to be investigated and mitigated before 

implementation.  

The model showed minor performance decreases within the Validation cohort. AUROC 

in this cohort was 89.3 (88.1-90.5), with a calibration slope and intercept of 1.030 and 0.002 
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respectively. At the top 5% risk threshold, the model showed a 46.6% sensitivity, 97.1% 

specificity and a 55.6% positive predictive value. Using the Validation statistics, this model 

exceeded performance thresholds established by the null hypothesis. This study suggests that 

risk of adverse events as defined by NYC Health+Hospitals can successfully be predicted for 

the top 5% of adolescents in primary care within a large urban safety net system using EHR and 

publicly available data, assuming acceptable post-processing bias mitigation.    

Answering the Research Questions: Which Demographic, SDOH, Utilization and Clinical 

Variables Predict Risk among Adolescents in Primary Care at H+H?  

  This section delineates what predictors were retained by the final risk score, organized 

by research question. The Introduction posed the following research question for this study: 

“How accurately can the risk of adverse health outcomes for adolescents in primary care at a 

large urban safety net system be predicted by the prior year’s electronic medical record and 

public data across demographic, SDOH, utilization and clinical domains?” It then established 

sub-questions, to identify significant predictors across 1) demographic, 2) SDOH, 3) utilization 

and 4) clinical variable domains. The final risk model retained 3 demographic parameters, 1 

SDOH parameter, 4 utilization parameters and 15 clinical parameters.  

The final model retained two demographic variables disaggregated into three parameters 

(LGBTQ+ vs. Not LGBTQ+; Missing Screening vs. Not LGBTQ+; sex at birth). The model 

retained one composite SDOH variable over individual SDOH factors such as homelessness or 

food insecurity. This composite variable incorporates a positive social determinants of health 

screening, a SSHADESS food insecurity screening, a homelessness indicator, and a NYCHA 

public housing address. This composite was likely retained over individual flags because 

LASSO selection is penalized to create a more parsimonious model.    

The final model also retained four utilization variables, including ED visits (0-5+); 

outpatient visits (0-10+); BH visit flag (0 vs. 1+) and primary care visits (0-20+). Outside the 

behavioral health visit flag, these indicators are continuous variables that were censored to 
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improve skewness and kurtosis, at clinically meaningful or population-derived cutpoints. These 

variables are heavily weighted for patients who frequent primary care or outpatient care, thereby 

capturing patient clinical complexity, a key domain of concern per key informants. The model 

retained 0-5+ categorical ED visits, which will capture, by proxy, patients using the ED for 

primary care, or patients with emergent behavioral health needs.  The model did not retain any 

inpatient or well child visit indicators.  

Of the 23 parameters retained by the model, 15 were primarily clinical. Behavioral health 

was a large contributor to the model, across mental health (anxiety, depression, suicidality visit 

diagnoses or screenings; serious mental illness visit diagnosis); smoking, alcohol or substance 

use (screening or visit diagnosis); and healthy eating (eating disorder or obesity visit diagnosis). 

Although only one composite abuse, neglect and trauma variable was retained, it was highly 

influential. The model retained two school challenge variables (developmental delay-related visit 

diagnosis, ADHD) which could also be categorized under behavioral health. Within chronic 

disease, the model retained asthma and the PCI comorbidity count, which is highly influential for 

multi-morbid patients. Sickle cell and eating disorder diagnosis variables were manually added 

outside of the LASSO selection process to address key informant concerns.  

What Does this Study Contribute? Key Findings in Context   

As outlined in Chapter 2, this study draws from deep bodies of literature on adolescent 

development and risk, social determinants of health, adverse childhood experiences and the 

role of primary care in adolescent health. This section situates the findings of the study within 

those literatures. It delineates key study strengths. It outlines how the 2023 adverse outcome 

score and 2022 model predictors align with the domains of adolescent risk identified in the 

literature. It also explores the variables that were not selected by the model, placing omissions 

into clinical context. Finally, it surveys the sociodemographic biases observed in this study and 

identifies remedies to address them during implementation.  
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Final Model Strengths  

This section outlines the final predictive model’s key strengths. Model weaknesses are 

detailed in Limitations.  Top model strengths included the use of an outcome customized to 

clinical practice at H+H; consistency of results observed across modeling approaches; 

differentiation of Training and Validation samples; minimal Training to Validation performance 

degradation, strong Validation performance overall and at the threshold of interest, and use of 

the PRISMA+AI guidelines.  

There were several important strengths observed in this modeling approach. First, this 

model predicted a locally tailored outcome that was based on ACEs literature but refined locally 

by providers and patients, maximizing its applicability to clinical practice at H+H. Duke’s 

Framework for Algorithm-Based Clinical Decision Support cites the importance of building 

clinical practice algorithms locally, to avoid the siloing of “commercial model developers and 

academic researchers on one side and clinical teams and patients on the other” within 

development (Bedoya et al., 2022). Including clinicians can strengthen algorithm construct 

validity, pointing developers towards complete, reliable, meaningful data (Ehrenstein et al., 

2024).  Patients also want to participate in problem identification, as  Adus et al found in a series 

of AI and algorithm focus groups (Adus et al., 2023). This study anchored outcome development 

on provider and patient feedback. This approach allowed the study to craft an EHR-based 

outcome which included social, behavioral and medical risk despite the paucity of a validated, 

holistic adolescent risk score in the literature. Bringing these voices back to the table to design 

implementation will be important in the next phase of research.    

Second, a reasonable consistency of results was observed across modeling 

approaches. This study tested logistic, linear and negative binomial approaches to arrive at the 

final prediction methodology. Negative binomial and binary LASSO preliminary models selected 

a collective 24 variables across 29 parameters, using SBC selection. Of these, all but two 

(negative binomial) to three (binary) variables were shared across both models. Within logistic 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 104 

LASSO modeling, 5-fold cross-validation and SBC minimization also yielded similar results. 

SBC was minimized at model step 22 (lambda=0.0074), while five-fold cross validation identified 

the optimal ASE + 1SE at model step 21 (lambda=0.0092). This increases confidence that the 

lambda selected for LASSO variable selection was reasonable.   

Third, this study’s Type 2B pseudo-external validation using geographic partition of H+H 

patients by borough captured distinct populations in the Training and Validation samples. The 

goal of geographic partition is to capture distinct populations, to test model performance on data 

it has not yet met (Collins et al., 2015, 2024). This is distinct from a true external validation using 

data from another system, which is the gold standard for external validity. In this sample, sharp 

differences were observed between Training and Validation samples across  social needs (3.8% 

vs. 10.5%), percent living in poverty (51.2% vs. 78.7%), chronic disease burden (1.7 vs. 2.0 PCI 

count) and primary care utilization (1.9 vs. 1.6 avg visits). Training and Validation samples also 

differed sharply by documented alcohol or substance use, although other behavioral health 

factors were similar. On average, Validation patients were sicker but had fewer visits. Average 

2023 adverse outcome scores were also lower in Training than Validation (1.8 vs. 2.2 avg. 

score). This suggests the Training and Validation samples captured distinct populations within 

the safety net and lends strength to the pseudo-external type 2B validation done in this study. 

External generalizability is still limited by both the lack of a validation population outside of NYC 

Health+Hospitals and the tailoring of the outcome of interest to NYC Health+Hospitals’ context 

via key informant interviews.  

Fourth, performance degradation from Training to Validation samples was minor. 

Validation calibration slope improved over Training calibration slope, and intercepts were almost 

equivalent. AUROC measures performance across all possible risk thresholds. AUROC 

decreased modestly (1.4pp), and Training and Validation AUROC confidence intervals 

overlapped. This indicates broadly commensurate performance between Training and Validation 

samples across all risk thresholds.  
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Sensitivity and specificity are measured at specific thresholds, and indicate the 

performance of the algorithm as it would be implemented. Sensitivity at the 5% high risk 

threshold decreased by a single percentage point, from 47.6% in the Training sample to 46.6% 

in the Validation sample. Specificity was almost unchanged (97.5% vs. 97.1%). Positive 

predictive value was higher in the Validation than the Training sample. This is unsurprising given 

that outcome scores were higher in Validation and PPV is impacted by outcome prevalence 

(Monaghan et al., 2021). The consistency of performance from Training to Validation may 

indicate that the algorithm will yield reasonable performance when implemented on data it has 

not yet met, although regular model evaluation and tuning for temporal drift will be essential.  

Fifth, observed performance was high for the clinical context of deployment at NYC 

Health+Hospitals. The choice of risk threshold (top 5% of predicted vs. observed risk within 

Training) was highly tailored to NYC Health+Hospitals. H+H only has resources to identify and 

treat the top 5% of high risk patients across pediatrics and adult medicine. The adult high risk 

algorithm trained by NYC Health+Hospitals also predicts top 5% high risk. Validation 

performance of this algorithm (30.4% sensitivity) was lower than that observed in this study (Li 

et al., 2023). This suggests that observed performance meets clinical deployment needs at 

H+H.  

This study’s algorithm performance should be interpreted conservatively (see Analytic 

Approach in Limitations for further discussion). However, observed performance within the 

Validation cohort of this study was strong. The AUROC observed in this study was very good to 

excellent (Nahm, 2022), and it exceeded reported AUROC ranges for common predictive 

algorithms such as LACE (Rajaguru et al., 2022; Struja et al., 2020). It is difficult to compare the 

threshold-specific performance of this adolescent primary care algorithm to external literature. 

Some algorithm literature reports algorithm performance against reference standards, which 

were unavailable for this study (Ehrenstein et al., 2024). The sensitivity of this algorithm was 

higher than a Framingham study which predicted top 5% risk for 10-year cardiovascular risk 
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(16.9% sensitivity at >40% Framingham score ) (Brindle et al., 2005). However, cardiovascular 

risk events are not directly comparable to adolescent risk. The model was well-calibrated within 

the Validation sample for the population of interest (top 5% risk).  

Finally, this study followed TRIPOD+AI reporting guidelines (Collins et al., 2015, 2024), 

which were published across 11 journals in 2014 and 2024 to unify algorithmic reporting. The 

TRIPOD checklist in the appendix identifies the pages on which each TRIPOD criterion is 

addressed. The use of a standard protocol to organize both this research and its reporting is 

important to ensure that study results are robust, meaningful and replicable.    

Outcome Domains 

As outlined in Chapter 2 (Literature Review), there is no standard definition of risk for 

adolescents in primary care. Expert bodies and leaders in the field enumerate sources of risk 

across development, behaviors, mental health and physical wellbeing. Because there is no one 

standard definition of risk, this study pursued a hyper-local and tailored approach by starting 

from a defined evidence base (adverse childhood outcomes associated with ACEs exposure) 

and asking key informants to tailor outcomes of concern to an urban safety net adolescent 

population. This approach may provide a template for other systems looking to craft a definition 

of adolescent risk that is tailored to local clinical realities but encompasses social, behavioral 

and physical health.   

The final 2023 adverse outcomes used to train the risk score covered many of the 

principle domains identified in the literature. From the WHO’s 2024 inaugural set of global 

adolescent health indicators, the 2023 adverse outcome score directly captured alcohol, 

cannabis and nicotine use; HIV and STI prevalence; food insecurity; health services use; 

depression and anxiety; and suicidality (The Adolescent Health Indicators Recommended by the 

Global Action for Measurement of Adolescent Health, n.d.). It also captured proxy indicators of 

WHO’s healthy weight, diet and exercise; early sexual initiation and use of contraceptives; and 

exposure to violence. From the domains of self-reported risk surfaced on the NYC Youth Risk 
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Behavior Survey, the 2023 adverse outcome score in this study captured sexual health; vaping, 

alcohol and substance use; violence and neglect; mental health; food insecurity; asthma; 

insomnia; and diet and physical activity (NYC Department of Health and Mental Hygiene, n.d.). 

The score also retained variables across each of the “sexual risk-taking, substance use [and] 

…mental health risk” domains identified by the IOM Committee on the Science of Adolescence 

(National Research Council, 2011). 

Some risk domains could not be captured in the EHR. IOM’s “risky driving” domain was 

not recorded in the clinical data, although this factor may be less relevant in New York City. EHR 

data also proved a limitation in capturing bullying (cited by IOM, WHO & YRBS). Per YRBS, 

17% of NYC adolescents reported being bullied at school in 2019, while 14% reported being 

bullied online (NYC Department of Health and Mental Hygiene, n.d.). This is almost certainly an 

issue for H+H patients. Without routine screening or enhanced data matching with the 

Department of Education, bullying will remain poorly captured in the EHR. The 2023 adverse 

outcome score also failed to capture WHO’s poverty and educational opportunities, due to poor 

EHR data quality in these domains, although included variables like SDOH needs were likely 

correlated with household poverty.  

Incarceration or justice involvement (WHO, YRBS, IOM) was also not included in the 

2023 adverse outcome score. H+H captures short-term incarceration for adults via a data match 

with Rikers, a city jail. Recent efforts to move adolescents off Rikers mean that this data match 

did not identify any patients in this cohort. It may be possible to establish data exchanges with 

state and city partners that better capture adolescent justice involvement, which impacts lifetime 

wellbeing (Boch et al., 2019; Folk et al., 2021; Graf et al., 2021).  

Building a good risk score requires a meaningful outcome. As outlined here, there was 

no gold standard definition of generalized risk for the primary care adolescent available in the 

literature or the EHR. Because a global, validated measure was not available, this study crafted 

its definition of adverse outcomes using safety net patient and provider perspectives and a 
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national body of ACEs literature. While the resulting score may have more limited 

generalizability outside the safety net context, the tailored outcome selected by this study 

reflects risk domains identified by national and international bodies, using EHR and available 

public data.  

Predictor Domains  

As outlined above, the final risk score retained 3 demographic parameters, 1 SDOH 

parameter, 4 utilization parameters and 15 clinical parameters, spread across medical and 

behavioral sources of risk. These parameters aligned with many of the major domains of risk 

outlined in Outcome Domains. Five final model parameters measured mental health and 

traumatic stress (IOM, WHO, YRBS).  Two parameters addressed the alcohol, substance use 

and tobacco domain (IOM, WHO, YRBS).Two parameters aligned with the healthy weight, diet 

and exercise domains, and one composite SDOH need flag captured the food insecurity domain 

(WHO, YRBS). Four parameters also covered the WHO health services use domain. The PCI 

comorbidity count did not align neatly with any of the identified risk domains across IOM, WHO 

or YRBS (but did align with H+H key informant request to include chronic complexity). Asthma 

was included in the YRBS, while sickle cell did not align with the identified literature domains. 

While no bullying variables were available in the EMR, the developmental delay and ADHD 

diagnosis variables that were retained are likely correlated with school difficulty (IOM, WHO, 

YRBS). LGBTQ+ flag and sex captured gender and sexual orientation domains of identity 

(Adolescence, 2011; Alderman et al., 2019; Allred, 2024; BALOCCHINI et al., 2013; Saewyc, 

2011).   

This study did not include an ACE screening. H+H does not screen for ACEs across 

pediatric primary care. There is a paucity of evidence supporting effective interventions to pair 

with ACE screening at the individual level in pediatric primary care, and routine ACE screening 

is not recommended by the American Academy of Pediatrics (Stirling et al., 2024). Screening for 

trauma without offering meaningful, evidence-based resources to patients and families risks 
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patient trust and exposes providers to moral injury. However, the final model did select variables 

which align with many ACE-related outcomes cited in the literature. The model was heavily 

weighted towards mental and behavioral health outcomes such as ADHD (Bomysoad & Francis, 

2020), anxiety (Balistreri & Alvira-Hammond, 2016; Bomysoad & Francis, 2020; Elmore & 

Crouch, 2020), depression (Anderson et al., 2022; Blum et al., 2019; Bomysoad & Francis, 

2020; Brockie et al., 2015; Elmore et al., 2020; Elmore & Crouch, 2020), substance use 

(Bomysoad & Francis, 2020; Brockie et al.,  2015; Folk, Kemp, et al., 2021), suicidality 

(Anderson et al., 2022; Brockie et al., 2015; Folk, Kemp, et al., 2021), learning or behavioral 

problems (Burke et al., 2011) and overall poor mental health (Baldwin et al., 2021; C. Bethell et 

al., 2019; Boch et al., 2019; Folk, Ramos, et al., 2021). It also included ACE-associated chronic 

disease outcomes, such as asthma (Bellis et al., 2018; Oh et al., 2018), chronic comorbidity 

(Kerker et al., 2015) and obesity (Oh et al., 2018). As mentioned in the previous section, sexual 

health variables such as STI prevalence or pregnancy were a surprising omission, particularly 

given the strong association of sexual risk taking and ACE exposure (Brown et al., 2015; Hillis 

et al., 2001; Lin et al., 2011; Richter et al., 2014; Folk, Kemp, et al., 2021; Oh et al., 2018). The 

SDOH composite flag, including housing, food insecurity and screened social needs, imperfectly 

captures some of the sources of intergenerational SDOH-mediated ACEs, as outlined in this 

study’s conceptual framework from the Institute for Health Equity (Allen, Matilda & Donkin, 

Angela, 2015). In summary, the final model includes variables which measure major sources of 

risk from the ACES and SDOH literature, as well as local, national and international governing 

bodies.  

What Fell Out? Variables Not Retained by the Final Risk Model 

The final risk model did not retain age, language, insurance status or race/ethnicity. At 

first glance, this is surprising. These variables may be etiologically meaningful. For example, 

older age may yield increased risk-related behaviors, and race/ethnicity or preferred language 

membership may expose patients to increased racism or micro-aggressions, which increase 
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traumatic stress (Shonkoff, Slopen, et al., 2021).  However, predictive models are selecting for 

predictive signal, and not causality. LASSO selection will remove collinear or less predictive 

variables, regardless of etiology. Thus, etiologically meaningful variables like age were dropped 

in favor of other collinear variables with more powerful signals.  

Within this study, directly measured EMR variables appeared to be more powerful 

predictors of adolescent risk than geographic SDOH proxy variables. This study tested Social 

Vulnerability Index (SVI) proxy neighborhood measures of poverty, income, education, housing 

quality, single parent household and languages spoken, matched to patient census tracts. The 

SVI data were included to approximate missing SES data from the EMR, and to approximate 

neighborhood-level factors impacting adolescent development within the Community level of the 

socio-ecological model. However, the final model did not retain any of these geographically 

matched variables. It is possible that data were not accurately representing patient SES. For 

example, many patients attending Bellevue live in public housing complexes in Murray Hill, an 

otherwise affluent neighborhood. These patients may appear higher income on SVI than they 

truly are. It may also be that these variables were ultimately not influential enough to stay in the 

model because of the relative homogeneity of income within a safety net population, as 

compared to a commercial population. These findings align with a cardiovascular risk prediction 

study by UMass which found heterogeneous effects of neighborhood-level SDOH variables on 

algorithmic performance and bias (Liu, 2025). 

Of all the chronic diseases included in the PCI (chronic GI issues, diabetes, 

cardiovascular disease, epilepsy, asthma), the model retained only asthma. Other chronic 

disorders are still included in the PCI comorbidity count. The model similarly retained ADHD but 

dropped component flags for important behavioral, mental and developmental health conditions 

such as autism (aka pervasive developmental disorders), OCD, psychosis or conduct disorders 

in favor of the composite developmental delay and serious mental illness diagnosis flags. This 

approach makes the model easier to run and routinely operationalize, but may blunt its ability to 
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target specific subgroups. Subsequent segmentation or “phenotyping” of the high risk population 

by disease status may be fruitful to guide programming and identify levers of intervention.  

The model also did not retain predictors measuring risky sexual behavior. In this study, 

available variables included pregnancy and gonorrhea, chlamydia or syphilis lab, diagnosis or 

medication. The study excluded HIV due to sensitivity of the data and trichomoniasis due to lack 

of a validated case definition within H+H. SSHADESS sexual health screenings were also too 

incomplete to include. Sexual risk-taking is a major source of risk among adolescents, with 

important consequences for reproductive health (Alderman et al., 2019; Klein et al., 2020). 

Chlamydia and gonorrhea are prevalent nationally, with 2023 rates of 1,711.7 and 406.2 

respectively per 100,000 adolescents aged 15-19 (Centers for Disease Control and Prevention 

(CDC), 2024). The LASSO algorithm may have excluded sexual health variables because of the 

relatively small N of patients with a positive response. However, given the importance of sexual 

health in adolescent risk, this exclusion may also suggest that indicators of risky sexual 

decision-making are poorly captured in the EHR as of 2022/2023.  

It is also notable that the model did not retain the composite resilience variable, which 

included SSHADESS screenings for exercise and social support. Sources of resilience such as 

trusted relationships with adults, close social connections, supportive school and team-based 

environments and community support are essential in mitigating the impact of ACEs exposure 

on lifetime morbidity and mortality (Bellis et al., 2018; Giovanelli et al., 2020; Hall et al., 2021; 

Shonkoff, Boyce, et al., 2021; Sosnowski et al., 2021). These details may be documented in free 

text (or not at all). As AI increasingly changes the healthcare landscape and digital scribes 

improve our ability to document the encounter, it will be important to explore whether more 

comprehensive versions of resilience can be measured using EH data, without adding to 

provider screening burdens.  

The model also did not retain the composite  indicator for school difficulty, including  

SSHADESS screening for challenges in school or poor school performance or a diagnosis of 
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educational difficulties. As noted elsewhere, school performance is poorly documented in the 

EMR.  The WHO and IOM both cited bullying as an important construct of adolescent health, 

but there were few EHR variables available to capture this construct. This area may similarly 

benefit from improved natural language processing and encounter voice capture technology 

advances, to harness informal provider-patient conversations already happening about school.     

It is also interesting to note that the model did not retain the composite somatic 

symptoms predictor, nor its individual component flags (disordered sleep, nausea/vomiting, 

migraine/headache). The connection between somatic symptoms and exposure to trauma is 

well established (Herzog & Schmahl, 2018; Oh et al., 2018; Pfaltz et al., 2022). Some 

adolescents experiencing depression or anxiety may describe somatic symptoms before 

expressing sadness, particularly adolescents from Asian communities (Kim et al., 2019). While 

this variable may have been too non-specific to provide predictive power in this model, 

monitoring for somatic symptoms among high risk adolescents is still important for culturally 

competent clinical practice.   

Addressing Algorithmic Bias    

Algorithmic bias is ubiquitous, reflecting upstream inequities in healthcare access and 

community investment (Obermeyer & Topol, 2021). Although Validation calibration and 

performance was strong in this study, bias above the 10 percentage point threshold was 

observed for uninsured patients across both predictive parity (PPD) and equal opportunity 

(EOD). Bias was also observed for patients speaking a language other than English or Spanish 

(PPD only) and patients with Asian race/ethnicity (EOD only). Bias must be addressed and 

minimized prior to implementation.  

The field of algorithmic fairness research is fast evolving. The TRIPOD 2015 statement 

was updated to TRIPOD+AI in 2024 and now requires that predictive models report their 

performance variation across sensitive attributes (Collins et al., 2024). There is increasing 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 113 

regulatory consensus that bias must be addressed (Mackin et al., 2025a). Bias can be 

addressed in pre-processing, in-processing or post-processing stages (Huang et al., 2022)   

Among bias mitigation techniques, the family of threshold adjustment approaches may 

be the easiest to implement (Mackin et al., 2025b). With threshold adjustment, bias is assessed 

by comparing a metric of interest (often equal opportunity or predictive parity) between a 

reference group and all other subgroups within a sociodemographic class. For sub-groups 

showing significant bias, the “high risk” threshold at which an intervention or flag is triggered is 

adjusted to bring the fairness metric closer to the reference group, making performance fairer.    

In this study, bias was defined as >10 percentage point difference in either equal 

opportunity (using false negative rate) or predictive parity (using positive predictive value). EOD 

disparity indicates that true positives within a given sub-group have a worse chance of being 

flagged as high risk than those in the reference group. The impact of this kind of disparity is that 

patients who truly need an intervention have a lower likelihood of being flagged for it, based on 

sociodemographic group. PPD disparity indicates that individuals in the sub-group who are 

flagged as high risk by the algorithm have a lower likelihood of going on to be a true positive 

than those flagged within the reference group.  The impact of this kind of disparity is that 

patients who are flagged have less chance of benefiting from an intervention based on their 

sociodemographic group. Because these two measures have distinct statistical properties, it 

may be impossible for a given algorithm to achieve both predictive parity and equal opportunity, 

and many studies choose a primary metric based on the implementation use case (Xu et al., 

2022).  

This study examined both predictive parity and equal opportunity. Equal opportunity is a 

common metric for use cases in which an intervention is low cost and it is most important to 

catch all true positives (Paulus & Kent, 2020). For use cases in which an intervention is 

extremely high cost or resource intensive, it is very important that every patient offered the 

intervention be able to benefit from it. In those use cases, predictive parity may be a better 
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measure. As detailed below in Implementation, the primary use case for this risk score is to flag 

patients within primary care so that primary care providers can be sure to do a full range of 

screenings or connect patients with a warm handoff to a social worker or community health 

worker. These use cases span high and low cost interventions, and thus both fairness metrics 

were calculated.   

The most severe bias observed was by insurance status, with uninsured patients having 

the lowest PPV (39.13%) and highest FNR (75.68%) of any sociodemographic group. 

Uninsured patients also had the lowest event rate (2.31% observed) and flag rate (1.4% 

predicted).  It is not surprising that a risk score built on clinical data would under-capture risk 

among uninsured patients. Being uninsured is a barrier to care. According to the 2018 

Community Health Survey, 18% of uninsured New Yorkers didn’t get needed medical care, as 

compared to 9% of people with private insurance (NYC Department of Health and Mental 

Hygiene, n.d.). New Yorkers from immigrant communities cite insurance as a key barrier to care 

(Lent & Hickson, 2023; Pavilon & Virgin, 2022).  As of June 2025, all children under the age of 

18 are still eligible for New York State’s CHIP Medicaid coverage, regardless of immigration 

status (National Academy for State Health Policy, 2019). However, families may not know that 

this coverage exists or how to enroll in it. 

The finding of bias by insurance status also likely reflects the dynamics of recent asylum 

seeker arrivals in New York City. From 2022-2024, 210,000 people seeking asylum arrived in 

New York City. NYC Health+Hospitals saw at least 15,000 patients seeking asylum in this period 

(Newton-Dame et al., 2025).  Patients in these families are new to H+H, and did not have a 

chance to accrue documentation in the EMR before a 2022 arrival. These patients would appear 

less risky than they actually are based on EMR data. However, as patients become established 

and potentially receive needed outpatient services, more data is accrued. These patients might  

indeed have a more accurate EMR-based picture of risk in 2024-2025 than 2022-2023. It will 

also be important to accurately capture risk for this population, because migration itself confers 
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risk. Adolescents who have recently arrived in New York City may have special healthcare 

needs based on gaps in care or trauma accrued during the migration experience (Kroening & 

Dawson-Hahn, 2019; P. Iqbal et al., 2022; Robertshaw et al., 2017). Meeting the physical, 

mental and behavioral health needs of these patients will be critical.   

One upstream solution is coordinated insurance enrollment at the point of care for 

uninsured families. Assuming that CHIP eligibility remains unchanged in the state after final 

adjudication of 2025 federal Medicaid cuts, NYC Health+Hospitals can expand current 

insurance navigator services to reduce adolescent uninsurance. Because insurance enrollment 

may take place in the financial office and not in the clinic, it may be helpful to staff volunteer 

hospital navigators who can walk parents and adolescents to the right office for enrollment. 

Ideally, these volunteers will match the communities they serve, particularly linguistically. This 

will allow families to engage in the full spectrum of care to which they are entitled, ultimately 

yielding more complete data and tailored predictions.  

A near-term remedy is also necessary before deploying this algorithm into production. In 

the 2023-2024 Bias in Algorithms project, the Office of Population Health established an 

algorithmic bias mitigation playbook detailing how to develop custom thresholds to minimize 

algorithmic bias within the deploying system or population (Mackin et al., 2025). As the next 

stage of this work, it will be essential to tailor thresholds to reduce false negative rate among 

uninsured patients to improve insurance parity.  

It will also be important to analyze these biases to identify any underlying system 

patterns which require targeted quality improvement. Potentially intersectional bias was 

observed for uninsured, Asian and “other” language speaking patients. Further investigation 

using more granular race/ethnicity, language and facility sub-groups is warranted to understand 

this bias. For example, if the bias is particularly observed for uninsured, Chinese speaking 

adolescents, there may be linguistic competency, healthcare access and workflow issues to 

identify and address.  
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Finally, it is important to identify unmeasured bias lurking in the outcome itself 

(Obermeyer et al., 2021).  For example, an outcome of cost may under-capture risk for 

uninsured patients or patients of color as compared to an outcome of objectively measured 

mortality, because some patient populations have more access to the care they need 

(Obermeyer et al., 2019). Future research should measure performance and assess outcome 

correlation against a more objective measure of global risk such as school absenteeism to 

understand the impact of unmeasured missing data in this study’s outcome. This will require a 

data use agreement with the NYC Department of Education that demonstrates direct research 

benefit to students or schools  according to FERPA requirements. 

Real-World Implications   

This study set out with a practical goal: to train an adolescent risk score for primary care 

that was tailored to NYC Health+Hospitals patients, clinical practice, and real-world data. This 

section outlines the practical next steps for this work. These include identifying how the risk 

score could impact H+H system workflows and program planning for adolescent care; providing 

practical implementation examples from other H+H risk score portfolios; outlining an 

implementation plan for this score; and providing a logic model of potential inputs, activities, 

outputs and outcomes.      

Implementing the Adolescent Risk Score at H+H 

Although risk score implementation is outside the scope of this study, it is important to 

provide a contextual overview that may inform dissemination, socialization and future validation 

of this score. At the conclusion of this study, the refinement and implementation phases of work 

will begin. This section provides a brief overview of practical steps on that implementation 

pathway.  

First, the algorithm should be re-tuned on 2024-2025 data to account for algorithmic 

drift and changes in data collection patterns, with imputation repeated for missing data. Next, 

bias should be re-evaluated. As outlined in Addressing Algorithmic Bias, before implementation 
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bias must be mitigated via an effective strategy such as threshold adjustment. The model should 

be socialized with key informants, Pediatrics and Adolescent Councils, the Predictive Analytics 

Governance Workgroup and the AI Governance Committee, with clinical insight driving 

implementation threshold selection. Potential auto-qualifiers should be reviewed during this 

process. Pediatrics staff will then work with OPH analysts to design proposed adolescent risk 

score workflows, which will be refined by facility primary care providers in a listening tour 

modeled on young child risk.  

On the technical side, Office of Population Health (OPH) analysts will automate the 

collection of model variables and risk score calculation, after bias mitigation and re-tuning are 

complete. Pediatrics leadership will submit a demand to push the risk score into the Epic EMR. 

Epic build modifications to support finalized workflows will be requested by Pediatrics leadership 

and supported with tailored Training, building on lessons learned in the young child risk project. 

Once live, model drift and bias will be monitored at least quarterly via the Epic Trust and 

Assurance Suite or a commensurate tool. Bias or drift that exceeds system thresholds will 

trigger review, leading to redevelopment or deprecation.    

Resources and Workflows for High Risk Adolescents at H+H   

This section surveys the potential H+H resources and programming that might benefit 

from an embedded adolescent risk score. These include enhanced screening, specialty care 

referrals, CHW placement, community referrals, benefits navigation, and program planning.      

An adolescent risk score embedded thoughtfully in the EMR should prompt more robust 

assessment of high risk adolescents. A 20-minute primary care visit precludes universal 

screening for all patients across all domains. A pilot to place tablets for self-screening into 

pediatric waiting rooms improved screening rates but gaps remain. Many providers experience 

alert fatigue, and best practice alerts are in no way a panacea when providers are not given 

adequate time to address patient needs. Risk-adjusted scheduling which increases well child 

visit length for high risk patients could facilitate more in depth screening and clinical 
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assessment. An order set of core screenings and assessments, chosen by adolescent 

providers, is worth testing to understand uptake and interest. This order set or alert could also 

prompt providers to consider whether additional specialty referrals or more frequent primary 

care follow-up were warranted.  

An adolescent risk score can also complement clinician judgement to improve specialty 

scheduling. Providers often refer adolescents to enhanced care within the H+H network, but 

capacity limitations within specialty and behavioral healthcare can make scheduling challenging.   

A high risk indicator for adolescent patients could complement clinical assessment to prioritize 

patients whose referrals are awaiting scheduling, or whose providers have ordered an e-consult.   

The risk score could also identify patients who might benefit from connection to a 

Community Health Worker (CHW). H+H has developed the largest primary care-based CHW 

program in the nation, with 250 CHWs deployed into adult and pediatric primary care, women’s 

health, and behavioral health services. CHWs help patients and their families with a spectrum of 

medical and social challenges for a three-month deployment, including medication 

management, care coordination, connection to community support, benefits navigation, lifestyle 

support and health coaching. CHWs address what is most important to the patient or family in 

their own health journey. In many cases, a CHW will assist a client family with upstream 

challenges that stand in the way of wellbeing and health management, such as assistance in 

housing applications. The CHWs which have been deployed in pediatric primary care have been 

primarily focused on the 0-4 age range as part of the Healthy Steps and 3-2-1 Impact models. 

Although risk scores should never preclude provider decision-making, an adolescent risk score 

which is featured in pre-visit planning materials could complement clinical judgement to guide 

CHW enrollment where indicated and desired by the family.   

In sites that do not have a CHW program for adolescents, patients flagged as high risk 

would still be able to benefit from community resources. NYC Health+Hospitals integrated the 

FindHelp community referral platform into its Epic EMR. With FindHelp patients can be  referred 
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to verified community CBOs, including food pantries, violence prevention programs, housing 

supports, behavioral health treatment centers and other community organizations which cater to 

social needs. Through FindHelp, providers can refer a patient to a community resource, who 

can then send back enrollment and service details for that patient. A high risk flag for adolescent 

patients would indicate to providers that they should consider leveraging FindHelp to refer the 

patient to community support, in consultation with social screening results.    

H+H has also developed a social medicine program that can benefit higher risk 

adolescents and their families. H+H has created a medical-legal partnership with NYLAG to 

provide no-cost legal assistance on-site at most facilities. High risk children exposed to ACEs 

are more likely to have experienced familial justice involvement or housing insecurity (Folk et al., 

2021; Graf et al., 2021). NYLAG assists patients with eviction prevention, immigration status, 

domestic violence and other prevalent health related legal issues. H+H also offers on-site WIC 

enrollment for pregnant women and mothers of small children, which may include some 

pregnant or parenting adolescents that would be flagged as high risk under the model of this 

inquiry. A high risk alert could prompt practices to connect patients and their families to these 

social medicine resources with a warm hand-off, to improve engagement and increase trust.   

Finally, an adolescent risk score can inform system goals, policy targets and funding 

strategies. H+H has begun to risk-adjust panel sizes for primary care providers in adult medicine 

and pediatrics. Risk-adjusting primary care provider panel size allows systems to better match 

capacity and demand (Shekelle et al., 2019). Currently, pediatric panel adjustment uses PCI 

data as a crude measure of patient need. Incorporating a risk score tuned specifically to H+H 

adolescents would more accurately reflect provider experience of care delivery to patients with 

social, behavioral and medical needs, improving systemwide staffing models and matching 

capacity to demand. Population and facility-level risk snapshots will also be important to argue 

for enhanced CHW staffing models Finally, population-level risk snapshots can identify key 
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drivers of risk within our patient populations, allowing facilities to hone programming or argue for 

resources with empirical data.   

Past Risk Score Implementation at H+H   

H+H has already implemented a home-grown risk score into clinical practice. The Office 

of Population Health trained an adult acute utilization risk score (Li et al., 2023; Ziring et al, 

2018) which was incorporated into Epic. The adult risk score is used during outpatient pre-visit 

planning and flags patients who should be explicitly evaluated for a referral to the CHW 

program. Schedulers use the risk score to prioritize follow-up outreach after inpatient discharge. 

The risk score acts as an eligibility criterion, allowing patients to access enhanced care 

management resources who would otherwise be ineligible. It is also used to risk-adjust primary 

care provider panels. The adult risk score established system workflows and implementation 

pathways that adolescent risk can leverage.   

The adult risk score implementation also offered some lessons learned. This risk score 

was largely designed as a top-down implementation. While a limited listening tour was 

undertaken within primary care to socialize the risk score, providers were not robustly included 

during implementation planning or risk score roll-out. Feedback from primary care providers that 

the adult risk score was not capturing the most primary care-amenable sources of risk were 

received after the score was implemented, and uptake within the primary care setting was 

uneven. The adult risk score alert had an extremely low response rate (<5%) because providers 

were not sure what resources to offer these patients, and was ultimately deprecated. The adult 

risk score implementation also did not include patients in design or implementation. Ultimately, a 

process of iterative implementation and socialization identified that the adult risk score was 

particularly valuable for workflows that cross care settings (e.g. inpatient discharge planning, 

primary care acute follow-up or care management outreach). The risk score is now used 

regularly, but this discovery process unfolded across four years. Continued and frequent 
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partnership with patients and providers during workflow design, implementation, training and 

assessment stages is a critical lesson for the adolescent risk score.   

H+H is also actively implementing a young child risk score (0-4). This risk score uses 

data to approximate the manual risk tiering conducted in the Healthy Steps and 3-2-1 Impact 

programs, with the goal of risk tiering every young child. There are several relevant innovations 

within this project that may benefit the adolescent risk score. The proposed implementation of 

the young child risk score will include a manual override, allowing providers to adjust risk tiers 

that they feel are inappropriate. The risk score implementation will also provide a score 

breakdown to front line providers, enhancing explainability and transparency 

(Economou-Zavlanos et al., 2023). While this is in pilot stage, requiring the OPH team to push 

data into the Epic Clarity environment, such an approach would allow individual providers to 

target drivers of risk (or their proxy variables) more effectively within the clinical encounter, 

tailoring assessment and referrals to patient needs. Developed as lessons learned from the 

adult implementation, these approaches improve provider buy-in and facilitate 

human-in-the-loop decision making (Bedoya et al., 2022). They should be replicated for 

adolescents.  

Another innovation from the young child risk score project is the use of “auto-qualifiers” 

which immediately flag a child as high risk when identified, independent of the risk score. This 

strategy is modeled on Denver Health, a safety net which augmented its adult risk score with 

both physician judgement and auto-qualifiers (Johnson et al., 2015). The auto-qualifiers, 

sourced from clinician leaders within the system, incorporate critical low-prevalence indicators 

which fell out of the young child LASSO model. These include factors such as maternal mental 

illness, maternal substance use disorder or child foster care status. Incorporating auto-qualifiers 

selected by key informants such as early adolescent pregnancy (12-15y) or foster care status 

would enrich the adolescent risk score and minimize the impact of missing data for patients with 

sparse records.   
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The young child risk score project is currently conducting a listening tour with primary 

care sites to review and revise proposed high risk workflows. While the workflows will be 

distinct, this socialization primes the pump for adolescent risk score implementation. These 

networks should be leveraged when H+H is ready to implement, to ensure that proposed 

workflows are valuable across our sites.  

Logic Model: Resources, Outputs and Outcomes 

Finally, this study offers a logic model to describe how this risk score might function to 

improve care and wellbeing for adolescent primary care patients at NYC Health+Hospitals 

(Table 5.1). After model development is finished, the adolescent risk score will require some 

routine system resources. In addition to modeling data, these include OPH analyst time to run 

the model monthly and evaluate model drift and bias quarterly; IT staff time to build Epic 

workflows, Pediatrics time to train, and provider time to learn workflows. We anticipate these 

resources would yield a monthly or weekly refresh of an adolescent risk score in Epic, including 

an editable risk tier in the patient’s chart, a workbench report of high risk patients who are 

overdue for a visit, a patient list of upcoming high risk scheduled visits for pre-visit planning, a 

high risk order set of suggested screenings and referrals, and a best practice alert to prompt 

recommended primary care delivery.  

We expect certain measurable outcomes due to risk score implementation. In the short 

term, the percent of high risk patients with completed screenings across sexual health, 

substance use, mental health,and social needs screenings would increase, as would adolescent 

CHW enrollments, collaborative care engagements, behavioral health referrals and specialty 

referrals. Referrals would also increase to internal social medicine supports such as benefits 

enrollment or legal services and to external community support via the FindHelp platform. No 

show rate would also decrease among high risk patients as a result of enhanced visit outreach, 

and well child and follow-up visit rates would increase due to coordinated scheduling.   

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 123 

In the mid-term, CHW engagements with high risk patients and families would increase, 

and more eligible families would be enrolled in SNAP, WIC or appropriate insurance. More 

families with legal needs would receive NYLAG consultations, and more families with food 

insecurity would visit local food pantries identified by FindHelp. Patients with mild to moderate 

depression, anxiety or ADHD would receive coaching and medication management through 

Collaborative Care and other integrated behavioral health models, while patients with more 

severe needs would be seen in Behavioral Health.  

In the long term, we would hope that using the high risk score to connect high need 

patients and families to H+H and community resources would improve health and wellbeing. 

Among high risk patients, this would translate to improved school attendance and performance; 

higher self-rated overall health; improved symptom control and management of mental and 

behavioral health conditions; and increased family financial, food, housing and legal security. 

This risk score leverages a suite of programming developed by dedicated, hard working staff 

across H+H and the City, and any success of this program would be directly attributable to their 

efforts.  

We also hope that the provision of an adolescent risk score in primary care will improve 

targeting of resources as the Medicaid policy landscape shifts. The passage of H.R.1 One Big 

Beautiful Bill Act (OBBB) in 2025 portends massive Medicaid cuts, with a potential loss of 

insurance for 1.7 million New Yorkers without additional action at the State or City level. As of 

publication, CHIP does not carry immigration status eligibility requirements in New York State. 

However, families who do not meet the 5 year legal residency requirements for Medicaid or who 

were previously covered under the Essential plan will lose insurance and may not know that 

their children are still eligible. These insurance eligibility changes will result in budget shortfalls 

at the State level (projected 13.5 billion) and within safety net hospitals like NYC H+H. Although 

the OBBB includes 50 billion in gap funding for rural hospitals to buffer these changes, no 

additional funding has been earmarked for urban hospitals, and Disproportionate Share Hospital 
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(DSH) payments are a likely future target of additional budgetary cuts.   More frequent 

algorithmic tuning and bias evaluation may be needed to address the likely shifts in healthcare 

data that these seismic changes portend. Implementation workflows will also have to be 

updated frequently, as H+H programming is impacted by budgetary cuts. In this environment, 

using tools like this risk score to support clinician assessment in identifying patients who most 

need our services will be critical. 

Limitations  

This study includes key limitations. Broadly, these limitations can be categorized under 

generalizability and outcome definition; analytic approach; and missing data. Using data from a 

single system to predict a highly customized outcome limited generalizability, as did the use of a 

type 2b pseudo-external Validation sample. LASSO regression may have reduced predictive 

power compared to more intensive AI and machine learning methods. Residual leakage 

between prediction and outcome data may have been present despite minimization efforts. 

Missing data also presented challenges, including the lack of key variables such as resilience, 

bullying, or social isolation, and unmeasured missingness within EMR variables themselves. 

This section outlines these limitations and identifies some potential future research directions to 

understand their impact.   

Generalizability and Outcome Selection 

This study’s adolescent risk score may not generalize to other healthcare care settings. 

This score was developed on primary care patients, who have more complete data than patients 

visiting H+H for specialty and acute care only. Performance must be evaluated before deploying 

this score outside primary care. Generalizability may also be limited for other geographic areas. 

This study leveraged data from NYC Health+Hospitals and public datasets collected in NYC. 

Health information exchange data was not uniformly integrated into the H+H EHR during the 

study period, and thus utilization and diagnosis data from other institutions were not included in 

Training data. Findings from this study may have limited generalizability to hospital systems 
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serving suburban or rural adolescents and middle or high-income patients, whose healthcare 

seeking behaviors and sources of risk may differ.The risk score should be retrained using data 

from multiple systems and regions before deployment outside H+H.   

The validation strategy employed in this study may also have important implications for 

generalizability. This study employed a Type 2B pseudo-external validation using a geographic 

split within NYC Health+Hospitals data. Gold standard validations test risk scores on data from 

other systems to understand generalizability and performance degradation across settings 

(Collins et al., 2015, 2024). Without a true external validation, generalizability outside of NYC 

Health+Hospitals cannot be ascertained.  

Another factor impacting generalizability is this study’s use of a locally defined outcome 

of interest. A review of the literature failed to identify a gold standard outcome incorporating 

medical, social and behavioral risk for adolescent patients. Identified sources provided narrow 

risk scores for a single outcome such as suicide (King et al., 2019; Su et al., 2020), enumerated 

a lengthy list of global indicators (The Adolescent Health Indicators Recommended by the 

Global Action for Measurement of Adolescent Health, n.d.) or introduced comprehensive 

research instruments which are not feasible to deploy within primary care (Bethell et al., 2021).  

As a result, this study aimed to craft an outcome of interest specifically tailored to the concerns 

of NYC Health+Hospitals providers and adolescent patients, via key informant interview. The 

strength of this approach is a score which is highly tailored to NYC Health+Hospitals’ unique 

urban safety net population. However, using a customized outcome over a validated instrument 

likely decreased generalizability outside NYC Health+Hospitals or similar safety net healthcare 

systems.  Future opportunities to compare this outcome of interest to validated instruments such 

as Bethell et al,’s Integrated Child Risk Index would be valuable to establish construct validity 

and quantify generalizability.  

  The customized outcome approach offers some additional limitations worth noting. 

Clinician key informants were identified via snowball recruitment with a system leadership seed. 
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Patient key informants were recruited from an existing adolescent patient advisory group. These 

perspectives may not be representative of all Health+Hospitals clinicians or patients. Key 

informants included primary care providers, system leaders, behavioral health providers and 

social workers but did not include nurses, an important clinical team member. Nursing 

leadership did not consent to nurse recruitment during key informant enrollment. Included 

providers and patients were demographically diverse, but no Hispanic/Latinx participants were 

included. Incorporating Hispanic/Latinx and nursing participants will be essential for the 

implementation stage. Another potential limitation of the outcome of interest is that it weighted 

all adverse outcomes equally. Indices such as the Pediatric Comorbidity Index used in this study 

assign different weights to different variables to reflect clinical importance. However, reviewed 

literature did not identify any ranking schema to determine the relative importance of each risk 

factor (e.g. trauma vs. substance use vs. sexual risk taking) for adolescent health and wellbeing, 

and the key informant process did not yield objective weights or rankings for adverse outcomes. 

The adverse outcome score used to train this risk model therefore weights all factors equally, 

although the resulting risk model provides population-derived weights which can be 

implemented.  

Finally, this study’s outcome likely underestimates true adverse experience risk among 

adolescents. The study defined risk by identifying adolescent outcomes associated with 

Adverse Childhood Experiences and tailoring those outcomes to the NYC Health+Hospitals 

population. However, the outcome period for this study is limited to one year, whereas the 

production of poor health due to toxic stress manifests across a lifetime. Adolescent stressors 

may not fit neatly into a prediction year, or may be reported to a clinician after they are first 

experienced. This study may underestimate longitudinal risk among developing adolescents.  

Analytic Approach 

There are several analytic limitations that merit discussion. These include choice of 

LASSO regression over AI and machine learning approaches, lack of clinical utility estimation, 
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and potential data leakage between prediction and outcome years. This section discusses these 

analytic limitations and offers ideas for future research and development.    

This analysis did not use AI or deep machine learning, which may represent a 

performance limitation. Healthcare systems are increasingly deploying machine learning, neural 

networks and AI-based applications to tackle prediction problems in healthcare (Alowais et al., 

2023).   AI systems promise a high return on investment, but implementation requires significant 

expenditure on software, systems, governance and staff skill development (Bharadwaj et al., 

2024). A 2024 survey of 40 major health systems found that while 34 were using AI and 

predictive analytics for clinical risk stratification, only 12 felt it had been highly successful (Poon 

et al., 2025). After lack of AI maturity, financial concerns were reported as the biggest barrier to 

robust healthcare AI implementation.  

Pairing lower lift methods to address more straightforward problems may make sense for 

safety net systems like H+H. This study selected LASSO regression using a logistic link over 

more sophisticated methods primarily because of the computational limitations of the NYC 

Health+Hospitals system during development. An advantage of LASSO is that it prioritizes 

parsimony, making the model easier to run and maintain long-term for the H+H ambulatory care 

data team. LASSO’s relative simplicity may decrease overfitting and thereby improve temporal 

stability and in-network generalizability as documentation and systems change (Collins et al., 

2024; Gunn et al., 2023). However, model performance would likely have been stronger using a 

more intensive deep learning technique that leverages hundreds of variables and can learn over 

time. Future research should compare these approaches head-to-head for risk prediction within 

adolescent primary care to understand how best to identify kids and families needing 

intervention and support.  

The adolescent risk model should not be interpreted causally. LASSO modeling selects 

at random a single predictor from a set of equally predictive and collinear predictors, without 
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regard to causal pathway or clinical importance. Variables selected via LASSO for this score 

should be interpreted as meaningful prediction signals without inferring a causal relationship.   

Another analytic limitation is that this study did not cover implementation or measure 

clinical utility of the model. This study followed TRIPOD+AI reporting requirements (Collins et 

al., 2024). However, some sources also recommend including measures of clinical utility such 

as a decision curve analysis or net benefit statistic (Steyerberg & Vergouwe, 2014). These 

clinical utility measures require a numeric estimate of treatment benefits and risks, which was 

unavailable as of study publication. As outlined below in Implementation and Impact, patients 

flagged as high risk will leverage multiple intervention pathways, which are likely to vary in 

availability and implementation by facility. In the implementation phase of this research, clinical 

utility assessment for each action pathway should be paired with rapid QI RCT methodology to 

understand what intervention levers are most appropriate for and beneficial to the high risk 

adolescents identified by this score (Horwitz & Krelle, 2023). Of note, many 

implementation-focused evaluations of algorithmic performance also evaluate facility-specific 

statistics when deciding whether to implement across the whole system or deploy on a 

site-by-site basis. This was not undertaken within this study but will be an important step in the 

implementation process.     

Another analytic limitation of this study is the potential for leakage within EHR data. 

Leakage is defined as “the unintended use of known information as unknown” (Luo et al., 2016). 

Validation leakage is the contamination of the Validation data with Training data. Examples 

include using the same patients in both Validation and Training datasets or allowing knowledge 

about the Validation dataset to shape model building in the Training partition. Outcome leakage 

occurs when information from the prediction period is inadvertently captured in the outcome of 

interest. This is a common issue within healthcare data, where information from past encounters 

may be inadvertently copied to future notes. The result of leakage is an overoptimistic model, 

which performs better within the study data than it does in real life (Luo et al., 2016). Results 
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presented in this study may suffer from this optimism. Longitudinal performance monitoring 

before and after implementation of the adolescent risk model should quantify performance 

optimism.    

Validation leakage is likely minimal within this study. This study partitioned the Validation 

data before any data cleaning or descriptive statistics. Each patient identifier contributed to only 

one dataset. It is possible that a patient might have been accidentally registered under two 

patient identifiers at separate primary care visits across two facilities within the study period. 

However, given the lag between the enrollment window (2022) and data abstraction (2024), 

most patients with more than one identifier would have already been merged in Epic before the 

study by the H+H Health Information Management team.  

A bigger threat is unintended outcome leakage. The pediatric comorbidity index (PCI) 

measures chronic conditions per patient, which are likely to be stable from year to year. To 

minimize outcome leakage, this study did not include problem list diagnosis, which may be 

carried forward automatically from visit to visit. All diagnosis variables were derived from visit or 

billing diagnoses added at a specific encounter within the prediction or outcome window. 

Diagnosis-related variables in this study therefore measure care sought for a given condition, 

rather than prevalence of a condition itself. Although the full 2023 PCI count was examined for 

possible inclusion in the outcome score, it was found to be too correlated with the 2022 PCI 

count. Instead, a categorized PCI variable identifying adolescents in the top 75th and 95th 

percentiles of adolescent comorbidity was added to the outcome of interest, contributing no 

more than 2 points to a patients’ adverse outcome score. However, it is likely that residual 

PCI-related leakage is present in this score.  

Because of the potential for leakage within two years of adolescent healthcare data, this 

score is likely flagging risk prevalence rather than new risk incidence. It is likely a diagnostic risk 

model rather than a true prognostic risk model. Per the TRIPOD statement, diagnostic models 

“estimate the probability of the presence of a particular health condition,” while prognostic 
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models “estimate…whether a particular outcome will occur in the future” (Collins et al, 2024). 

This reflects the reality of adolescent development and risk. Risk in adolescence is not a sudden 

outcome, but rather an accumulation of challenges, successes, life experiences, behaviors and 

physical conditions. Toxic stress and its impact on metabolic, immunologic and neurological 

development are cumulative (Danese & McEwen, 2012). A diagnostic risk algorithm is valuable 

for primary care. A prognostic algorithm which predicts sepsis best among patients who are 

already septic is fatally flawed. However, a diagnostic algorithm which correctly flags current or 

future high risk adolescents allows clinicians to connect them to services that address 

adolescent or family needs. In addition to quantifying model optimism, it will be important to 

collect qualitative provider feedback on the accuracy and usefulness of seeing a diagnostic high 

risk flag in the primary care encounter. 

Missing Data  

This study used EMR and geographic data to describe both risk predictors and 

outcomes. However, true adolescent risk and resilience factors are complex, multi-faceted, and 

often poorly or incompletely measured in available data. Missing data present important 

limitations for the adolescent predictive risk score developed in this study.   

Individual and family resilience can buffer the effects of toxic stress on childhood health 

and development development (Bellis et al., 2018; Giovanelli et al., 2020; Hall et al., 2021; 

Shonkoff, Boyce, et al., 2021; Sosnowski et al., 2021). However, resilience-related variables are 

not collected routinely in the Epic EMR system. Community-level resilience is also poorly 

measured in datasets like the Social Vulnerability Index, and zip or census tract level matches of 

resilience factors may not translate reliably to the individual patient. This study was unable to 

measure protective factors, outside two poorly collected exercise and social support screening 

questions in SSHADESS - a significant limitation. AI applications like Ambient Scribe which 

transcribe and summarize the full clinical encounter may increase our ability to identify patient 

resilience in the future. This is explored more fully in Further Research.    
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Some risk factors are also under-captured or not captured at all within this study’s EMR 

data. These include experience of bullying, missing school often, feelings of social isolation and 

problematic smartphone or social media use. Patients who disclose these kinds of risks to their 

provider without screening positive for school difficulties in SSHADESS should receive a manual 

risk tier adjustment, as outlined in Real-World Implications.  

Another problem in prediction research is missing data that cannot be measured, or 

“partially observed” data (Pham et al., 2024). Chronic comorbidity indices such as the PCI that 

use ICD-10 codes fail to capture undiagnosed disease. Patients may not disclose social needs 

or substance use because of stigma or fear of repercussions (Earnshaw, 2020; Hare et al., 

2023). Patients may miss needed care entirely because of scheduling or access barriers. These 

patients receive less care than an otherwise equivalent peer, and they will therefore look less 

risky to an algorithm using EMR data (Obermeyer et al., 2019). Exogenous events may also 

impact data capture. This study used data from 2022, a transitional year in which healthcare, 

schools and families were all emerging from the COVID-19 pandemic’s unprecedented 

upheavals and social stressors. This may have impacted what data were recorded during the 

clinical encounter. Future research should periodically re-evaluate variable inclusion as part of 

routine model retuning, to ensure that the score uses the best available data to flag adolescent 

risk.  

The rate of loss to outpatient follow-up observed in this study among the Training cohort 

(26.5%) suggests that unmeasured missingness is a common problem at H+H. Algorithm 

performance was significantly worse among patients who were lost to outpatient follow-up, and 

these patients differed significantly in care utilization, demographics and chronic disease burden 

from patients not lost to follow-up. A predictive algorithm will work poorly for these patients. 

Workflows to re-engage primary care patients who have fallen out of care should be established 

in parallel to high risk-oriented workflows, to ensure that adolescents in the lost to follow-up 

population are not underserved. 
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Absent upstream investments in comprehensive care, studies can deploy several 

statistical techniques to address missing data. List-wise deletion, or the omission of patients 

with missing data, is not recommended for missing data unless all data are missing completely 

at random - an assumption seldom upheld by healthcare data (Kang, 2013; Pham et al., 2024). 

Imputation is commonly leveraged to address missingness. MICE and K nearest neighbor 

imputation strategies preserve data variability and are the gold standard in prediction imputation 

(Azur et al., 2011; Beretta & Santaniello, 2016; Pham et al., 2024). However, both MICE and K 

nearest neighbor failed to run within the H+H SAS environment. Hot deck imputation is a 

method that preserves sample size while maintaining a group mean, but it underestimates 

sample variance (Andridge & Little, 2010).  For categorical variables with high levels of 

missingness that are not missing at random, modeling a “missing” category is another frequently 

leveraged approach (Pham et al., 2024). Although it was a weaker method, hot deck imputation 

was used for lower missingness variables (<30%) because it was able to run within the H+H 

environment. For variables with >30% missingness in which missing values were likely to be 

correlated with other patient characteristics, a “missing” category was explicitly modeled.  

Two variables with modeled missing data categories were ultimately retained in the 

model: smoking status, and LGBTQ+ status. In univariate regression, both unknown smoking 

and unknown LGBTQ+ status were protective. After adjustment, only unknown LGBTQ+ status 

was protective. It is likely that two things are happening clinically when a patient is missing an 

LGBTQ+ status. First, that patient may have come to fewer appointments overall or have 

missed their well child visit, and the provider may not have had time to screen them. These 

patients may be more likely to be lost to follow-up, in which case their 2023 adverse event score 

would appear artificially low. Second, some clinics may be differentially launching screening 

when they suspect that a patient may want to discuss their sexuality or gender identity. This may 

mean that screening is undertaken more often for non-cis/hetero presenting youth. In turn, 

non-cis/hetero youth are at increased risk of attempting suicide, elevating risk (Allred, 2024). 
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Thus, a missing screening may represent poor EHR data capture and differential screening 

patterns based on provider perception of LGBTQ+ status. In 2025, primary care screening rates 

among adolescents hover around 40% for gender identity and 50% for sexual orientation, an 

improvement from 2022 but falling short of the H+H 80% screening goal. It will be important to 

reevaluate this variable as data capture continues to improve.  

This study also attempted to enrich missing EHR data with available NYC proxy data. 

SDOH screening data were augmented with a homelessness and NYCHA public housing 

address match, creating a composite flag that was retained in the final model. The study also 

attempted to supplement unmeasured SDOH data such as income with neighborhood-level 

Social Vulnerability Index (SVI) data, available from the CDC for every NYC census tract. SVI 

variables fell out of the final model, but this strategy should be investigated for other gaps.  

As mentioned in Real-World Implications, “auto-qualifiers” may augment some missing 

data by using sparse but critical data to automatically mark a child as high risk. Auto-qualifiers 

are most important for patients who are missing or underutilizing care who are truly high risk but 

who might not be scored highly by the algorithm due to under-documentation in the record. 

Auto-qualifiers allow us to flag patients who have any data in a high concern area.  

Foster care data provide an illustrative example of the potential of auto-qualifiers. In 

2024-2025, H+H established automated data exchanges with several City agencies to provide a 

full census of children visiting H+H who have been placed in foster care. This foster care flag is 

far more robust than the incomplete SSHADESS screening data included in this study, triggering 

a tailored  z-code in the EMR. For children with a very chaotic home life, needed care may be 

missed more frequently, and these children may be less likely to be flagged because of their 

unmeasured missing data, but more likely to need services. Automatically marking adolescents 

with foster care history as high risk may help level the playing field for these patients within the 

healthcare system.  Future research should explore the impact of using select auto-qualifiers 

such as this new foster care flag on algorithmic bias and performance.  
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Future Research  

Further research will be necessary to ensure that the adolescent risk algorithm produced 

by this study is effective, fair and trustworthy when implemented. This dissertation is focused on 

the definition, design and preliminary assessment stages of research (Weitzman Institute and 

AcademyHealth et al., 2025). Additional research and monitoring will be necessary as the 

algorithm progresses in the implementation lifecycle (Coalition for Health AI, 2024). In the next 

phase of work, it will be essential to design and assess real-world implementation, leveraging 

approaches from both data science and implementation science to collect stakeholder and 

patient feedback, improve bias performance, assess the model for temporal drift, establish 

longitudinal monitoring, and evaluate the impact of model-driven workflows on the provision of 

care and downstream adolescent health outcomes.     

Bias, Fairness and Digital Equity 

As outlined in Addressing Algorithmic Bias, mitigating observed bias to improve 

algorithmic fairness is the most pressing next phase of work. Threshold mitigation may improve 

observed predictive parity and equal opportunity disparities. Mitigation performance will need to 

meet the established H+H criteria for success before implementation, outlined in the recent Bias 

in Algorithms project as “1) absolute subgroup EODs <5 percentage points [subsequently 

adjusted to 10 percentage points by H+H], 2) accuracy reduction <10%, and 3) alert rate 

change <20%” (Mackin et al., 2025b). Due to the intersectional nature of observed bias, 

threshold mitigation by insurance may ameliorate observed insurance and language biases.  

While implementation will be conditional on bias mitigation, algorithmic fairness is only 

one aspect of digital equity. The Agency for Healthcare Research and Quality and the National 

Institute for Minority Health and Health Disparities have identified five key principles to address 

algorithmic bias, including imbedding health equity in each stage of the life cycle, prioritizing 

transparency and explainability, engaging patients in algorithm development, naming fairness 

challenges and trade-offs, and being accountable for fair and equitable outcomes (Chin et al., 
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2023). This dissertation has touched on the first four principles, but work remains to be done to 

ensure that implementation of an adolescent risk algorithm supports equitable, high quality 

primary care. It will be important to study the impact of deploying this algorithm within clinical 

practice on equitable delivery of screenings, referrals and follow-up care. It will also be 

important to deepen patient partnership, and to partner with patients and parents to design and 

study equitable algorithm implementation. As the National Academy of Medicine has flagged, 

parent and family research partnerships improve outcomes and reduce stigma (Weitzman 

Institute and AcademyHealth et al., 2025). Although patients were consulted during algorithmic 

development, expanding patient involvement and incorporating parent perspectives will 

strengthen implementation and subsequent research. Avoiding patient stigma and protecting 

adolescent patient privacy are essential for fostering trust in the adolescent clinical relationship.   

Ultimately, algorithms are often biased because they use data collected in biased 

real-world systems, where different groups of patients have differential access to high-quality, 

comprehensive care. To truly address bias, upstream changes are required to improve access 

and care within a fragmented US healthcare system. Increasing private and public primary care 

reimbursement would facilitate universal screening, more frequent healthcare touches, 

enhanced access for patients who need more intensive management and improved outreach for 

patients lost to follow-up. Enhanced funding for CHW models could also improve data capture 

by addressing care coordination and social needs outside the clinical encounter, allowing 

providers to operate at top of license (Ignoffo et al., 2024). Providing comprehensive care to all 

patients, regardless of sociodemographic group or income level, will improve unmeasured and 

measured missing data and enhance algorithmic performance.  

Temporal Validation 

Another major phase of research for this risk score will be temporal validation to monitor 

and adjust for algorithmic drift. Input data drift is typical as utilization patterns and data 

documentation workflows change over time (Sahiner et al., 2023). The prediction period of this 
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study overlapped with the tail of the Omicron COVID-19 surge, which may have impacted both 

healthcare seeking behavior and documentation in ambulatory care. Since 2024, H+H has 

improved its screening and coding for social determinants of health, which may change the 

prevalence of key study predictors. The ongoing Medicaid 1115 Waiver in New York State may 

also impact future collection of SDOH data within the medical encounter as screening expands 

for Medicaid patients within regional Social Care Networks (New York State Department of 

Health, n.d.; Office of Health Insurance Programs, 2021). As these two examples illustrate, 

there are many sources of algorithmic drift. In the next phase of work, it will be essential to 

re-tune the algorithm using the most complete two years of data available, and these results 

should be transparently published. Open-source code repositories like Aequitas, AIF-360 or 

Epic’s Trust and Assurance Suite (currently being implemented at H+H) offer packages to 

facilitate longitudinal performance measurement. These data can be leveraged for research 

while meeting regulatory requirements.   

Implementation and Patient Outcomes 

Ultimately, this algorithm will only be successful if it improves the provision of healthcare 

services within adolescent primary care. An implementation-focused body of research will be 

important to establish the value of this risk prediction approach. The NYU Rapid Randomized 

Controlled Trial Lab has established a playbook for rapid RCTs for quality improvement (Horwitz 

& Krelle, 2023). Rapid RCTs can refine implementation by quickly adjusting messaging, Training 

and delivery, improving uptake and acceptability. As outlined in the Duke framework, garnering 

provider input at each stage is essential for algorithmic buy-in (Bedoya et al., 2022). H+H is 

currently implementing a tailored version of Duke’s ABCDs algorithm implementation model, 

which prioritizes real-world effectiveness and efficacy measurement. Pairing quantitative 

measures of uptake such as fire rate, alert action rate and order set open rate with qualitative 

provider acceptability data will be important to understand implementation success.  
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In an ideal world, the risk score would be rolled out using prospective randomization at a 

provider or clinic level to understand the impact of the score on patient care. However, this kind 

of randomization can be challenging from a logistical and technical perspective in a safety net 

with limited IT resources and provider time. Pseudo-randomization compares service provision 

and outcomes for patients just above and below a risk threshold to understand the impact of a 

risk score on care (Apathy, 2025). The next phase of study can leverage pseudo-randomization 

to track algorithmic impact across established system metrics like no-show rate, well child visit 

rate, referral rate for specialty and behavioral health care, completion rate for referred visits, 

CHW referral and engagement rate, and FindHelp referral rate. As outlined in Implementation, 

we hope that a risk score will trigger providers to screen high risk patients thoroughly. This can 

be evaluated using SSHADESS screenings such as PHQ-9, GAD-7, SDOH, tobacco use, 

alcohol use and substance use, as well as lab-based screenings such as chlamydia and 

gonorrhea.   

As identified in Outcome Definition, bounding generalized adverse outcomes among 

adolescents can be challenging. Some outcomes which are currently collected by the system 

which could be studied include depression severity as measured by PHQ-9, anxiety symptoms 

as measured by GAD-7 score, rate of ED visits for asthma or mental health needs, and BMI 

trajectory. While these measures are useful barometers of adolescent wellbeing, the next phase 

of research should consult with clinicians, patients and families to identify the most important 

adolescent outcomes which align with system quality goals and best reflect patient wellbeing.  

Evolution of the Field 

Finally, as the healthcare ecosystem evolves, it will be important to investigate how 

predictive algorithms like this one complement emerging AI. Standards are evolving quickly.  

This study reported model development and results using the TRIPOD+AI guidelines (Collins et 

al., 2024). However, collaboratives such as the Coalition for Health AI (CHAI) are currently 

working to design new certifications and standards for a rapidly evolving landscape (Coalition 
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for Health AI, 2024). Regulatory requirements are also evolving (Mackin et al., 2025a). It will be 

essential to evaluate the adolescent risk score using these more complex frameworks as they 

are finalized.  

It will also be important to evaluate the ability of new AI tools to enrich adolescent risk 

prediction as they become widely available. AI and machine learning are revolutionizing 

healthcare across cancer detection, laboratory interpretation, healthcare staffing, genomic 

discovery and many more domains (Alowais et al., 2023). These innovations may enrich risk 

domains in this risk score. For example, large language models are increasingly being 

leveraged to identify social determinants of health documented within clinical notes, with lower 

cost and higher sensitivity than previous natural language processing methods (Mazurenko et 

al., 2025; Vest, 2025). As H+H implements more large language model functionality within its 

firewall and its EMR, it will be important to evaluate the potential of AI to enrich missing 

screening data on topics like sexual orientation, substance use and sexual health and to 

establish new case definitions for data we don’t systematically collect such as bullying and 

smartphone use. Frequent landscape surveys will enable H+H to compare the adolescent risk 

score to emerging AI solutions, weighing performance gains against implementation costs.     

Conclusion  

NYC Health+Hospitals provides high-quality care across 11 hospitals and 6 ambulatory 

care centers to help all New Yorkers live their healthiest lives. Adolescents are an important 

patient population, and 40 to 50,000 adolescents seek primary care at H+H each year. The 

COVID-19 pandemic exacerbated existing trends in unmet mental and behavioral health needs 

among teens (Abrams, 2023).  However, at H+H, provider time to surface and address those 

needs has remained static or decreased as the system attempts to meet increased patient 

demand (Carbajal, 2024). Access limitations extend beyond the primary care encounter to 

enhanced programming. While H+H’s social medicine programming is robust, it is unable to 

service all adolescents in primary care. Risk models can help systems like NYC 
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Health+Hospitals connect high risk patients to services, resources and comprehensive care 

without adding new screenings.     

Primary care providers are tasked with caring for the whole adolescent. This means 

supporting resilience and addressing a spectrum of risk during this crucial window of brain 

development, identity formation and social exploration. Primary care providers must identify 

mental health conditions like depression or anxiety, manage chronic diseases like asthma and 

diabetes, identify signs of more serious issues like substance use disorder or physical abuse, 

and serve as a trusted adult as adolescents gain independence and make choices about their 

bodies. While there are a wide array of generalized risk scores for adults, predicting outcomes 

such as medical cost, cardiovascular morbidity or acute utilization, pediatric risk scores are often 

trained to a single specific outcome. A literature review failed to surface a global, validated 

measure of adolescent risk which could be deployed in primary care. This represents a gap in 

both literature and practice.  

This study sought to address that gap by training an adolescent risk score which used 

available EHR and public data to predict risk in 2023, as measured by a customized adverse 

outcome score. H+H patients and providers were asked to craft a definition of risk at H+H from a 

menu of health outcomes associated with ACE exposure in the literature. The resulting 2023 

Adverse Outcome score covered major domains of mental, behavioral, social and physical risk 

identified by IOM and WHO. A high risk target of the top 5% was chosen to align 

programmatically with adult and young child high risk score implementation.  

The final risk model retained 21 predictors across 23 parameters which covered 

demographics (3), social determinants (1), utilization (4) and behavioral and physical health 

(15). This model showed strong Validation performance, as measured by AUROC, calibration 

slope and calibration intercept. At a top 5% threshold, the model correctly identified 46% of true 

positives, and more than half of patients flagged by this model would go on to be in the top 5% 

of high risk adolescents. This study’s Type 2B validation strategy used internal data, which limits 
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the generalizability of these findings to other healthcare systems. However, observed  

performance surpasses existing programmatic thresholds at H+H, suggesting implementation 

potential. Significant sociodemographic variation was observed for model performance, and this 

was particularly marked for insurance. Bias mitigation via threshold adjustment or a 

commensurate method will be essential prior to implementation.  

Although this dissertation represents significant work, the true potential of this algorithm 

will be revealed during implementation. H+H has invested in social medicine programming such 

as embedded CHWs and social workers in primary care, on-site insurance and benefits 

enrollment, embedded legal services and community referrals. This risk score has tremendous 

potential to streamline referral and enrollment for these services, within and outside of the 

primary care encounter. The adolescent risk score also has the potential to improve screening 

and referrals among high risk adolescents, so that NYC Health+Hospitals is better able to 

identify and meet patient needs. These clinical pathways, if implemented, have the potential to 

improve care delivery and adolescent health outcomes.  

This dissertation represents the first phase of work to improve adolescent care targeting. 

The next phase of research must evaluate the success of implementation, providing real-time 

data on what works and what doesn’t. It must document the success or failure of bias mitigation, 

to improve equity in practice. It must also identify how robust the score is to changes in data 

documentation, patient populations, insurance and immigration policy, and AI innovations over 

time, to ensure that the score continuously reflects reality on the ground. This study successfully 

trained an EHR-based algorithm to identify adolescents in primary care at high risk of multiple 

adverse outcomes, within a large urban safety net system. Thoughtful, data-driven 

implementation in close partnership with patients and providers will be essential to translate the 

performance observed in this study into improved care delivery for New York City.  
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Tables and Figures 

Introduction 

Figure 1.1: Theoretical framework: Social-Ecological Model of Adolescent Development   

 

Source: Youth 360°: How & Where Youth Live, Learn, & Play Matters (Presentation). (n.d.). Healthy Teen Network. 

Retrieved November 5, 2022, from https://www.healthyteennetwork.org/resources/youth360-presentation/ 

Figure 1.2: Impact of Adverse Experiences in the Home on Children and Young People 
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Source: Allen, Matilda & Donkin, Angela. (2015). The Impact of Adverse Experiences in the Home on Children and 

Young People (9; pp. 1–31). Institute for Health Equity. 

https://www.instituteofhealthequity.org/resources-reports/the-impact-of-adverse-experiences-in-the-home-on-children-

and-young-people 

Methods   

Table 3.1: 2023 Final Outcome Score Components 

 
Domain Item 

Abuse, Trauma, Neglect Abuse or Neglect (Dx or Screen) 

Abuse, Trauma, Neglect Trauma Dx 

Abuse, Trauma, Neglect Enuresis/Encopresis Dx 

Abuse, Trauma, Neglect Psychosocial Difficulties Dx 

Mental Health Depression (Dx or Phq) 

Mental Health Anxiety (Dx or Gad-7) 

Mental Health Suicidality (Cssrs, Phq, Dx) 

Mental Health Serious Mental Illness Dx Flag (Ocd, Specified Personality Disorders, 
Conduct Disorder, Psychosis Pci Categories, or Witness or Perpetration Of 
Violence (Ccsr))  

Alcohol & Substance Use Alcohol Use (Dx or Screen) 

Alcohol & Substance Use Substance Use (Screener or Dx, Incl. Marijuana) 

Alcohol & Substance Use Overdose Dx 

Alcohol & Substance Use Tobacco Use (Smoking, Dip or Vaping) 

Healthy Eating Bmi Change 2022-2023 (Top/Bottom 5%) 

Healthy Eating Eating Disorder Dx 
Healthy Eating Ed Visit: Weight Loss 

Mental Health 2+ Somatic Symptoms 

Social Determinants Sdoh Need (Dx or Screen) 

Social Determinants Lifestyle Dx 

School Challenges Problems In School (Dx or Screen) 

School Challenges Adhd (Dx) 

School Challenges Developmental Challenges Flag (Dx Of Developmental Delay, 
Chromosomal Abnormalities (Including Downs Syndrome) And Pervasive 
Developmental Disorders (Including Autism Spectrum Disorder)  

Sexual Health Pregnancy, Abortion, Delivery or Miscarriage 

Sexual Health 1+ Positive Sti 

Chronic Disease & Complexity Count Of Chronic Conditions Per The Pci, Grouped As 0-2, 3-4 And 5+. 
Cutpoints Sourced From 75th, 95th Percentiles In Training Population.  

Chronic Disease & Complexity Sickle Cell Dx 

Chronic Disease & Complexity Pediatric Comorbidity Index (Pci) Categories For Cardiovascular Disease, 
Gi Chronic Conditions, Diabetes, Epilepsy  

Concerning Utilization 3+ Ed Visits 
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Concerning Utilization 1+ Ip Psych Visits 

Concerning Utilization 2+ Ip Visits 

Concerning Utilization 5+ Op Visits 

Concerning Utilization No Well Child Visit 

Concerning Utilization Ed Visit: Diabetes 

Uncontrolled Chronic Disease Ed Visit: Cardiovascular Disease 

Uncontrolled Chronic Disease Ed Visit: Epilepsy 

Uncontrolled Chronic Disease Ed Visit: Chronic Gi Illnesses 

Uncontrolled Chronic Disease Ed Visit: Asthma 

Unmet Bh Needs Ed Visit: Anxiety 

Unmet Bh Needs Ed Visit: Depression 
Unmet Bh Needs Ed Visit: Conduct Disorder 

Unmet Bh Needs Ed Visit: Ocd 

Unmet Bh Needs Ed Visit: Psychosis 

Unmet Bh Needs Ed Visit: Spec. Personality Disorders 

Unmet Developmental Needs Ed Visit: Chromosomal Malform. 

Unmet Developmental Needs Ed Visit: Congenital Malformation 

Unmet Developmental Needs Ed Visit: Dev Delay 

Unmet Developmental Needs Ed Visit: Pervasive Dev Disorders 

Unmet Bh Needs Ed Visit: Adhd 

  
Results  

Table 4.1: Demographic, Clinical and Utilization Characteristics of Training and Validation 

Samples (2022) 

  

Characteristic  Training 
(N=26362) 

Validation 
(N=10764) 

Total 
(N=37126) 

P-value 

Age, n (%)       <.00011 
12 4508 (17.1%) 2058 (19.1%) 6566 (17.7%)   

13 4437 (16.8%) 1829 (17.0%) 6266 (16.9%)   

14 4396 (16.7%) 1837 (17.1%) 6233 (16.8%)   
15 4355 (16.5%) 1702 (15.8%) 6057 (16.3%)   
16 4337 (16.5%) 1722 (16.0%) 6059 (16.3%)   
17 4329 (16.4%) 1616 (15.0%) 5945 (16.0%)   
          

Sex at Birth, n (%)       0.74561 
Female 13208 (50.1%) 5413 (50.3%) 18621 (50.2%)   
Male 13154 (49.9%) 5351 (49.7%) 18505 (49.8%)   
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Race/Ethnicity, n (%)       <.00011 
Asian 1412 (5.4%) 466 (4.3%) 1878 (5.1%)   
Black 9541 (36.2%) 2944 (27.4%) 12485 (33.6%)   
Latinx 11889 (45.1%) 6199 (57.6%) 18088 (48.7%)   
Other 3123 (11.8%) 857 (8.0%) 3980 (10.7%)   
White 397 (1.5%) 298 (2.8%) 695 (1.9%)   
          

Preferred Language, n (%)       <.00011 
English 16161 (61.3%) 6378 (59.3%) 22539 (60.7%)   
Other 1164 (4.4%) 404 (3.8%) 1568 (4.2%)   
Spanish 9037 (34.3%) 3982 (37.0%) 13019 (35.1%)   
        <.00011  

Insurance, n (%)     
Commercial 5252 (19.9%) 1743 (16.2%) 6995 (18.8%)  
Medicaid 19508 (74.0%) 8754 (81.3%) 28262 (76.1%)  
Uninsured 1603 (6.1%) 267 (2.5%) 1869 (5.0%)  
     

LGBTQ+ Status, n (%)       <.00011 
LGBTQ+ 1221 (4.6%) 512 (4.8%) 1733 (4.7%)   
Missing Data 14736 (55.9%) 5691 (52.9%) 20427 (55.0%)   
Not LGBTQ+ 10405 (39.5%) 4561 (42.4%) 14966 (40.3%)   
          

1+ Social Needs, n (%)       <.00011 
1+ SDOH Needs 1011 (3.8%) 1130 (10.5%) 2141 (5.8%)   
No SDOH Needs Recorded 25351 (96.2%) 9634 (89.5%) 34985 (94.2%)   
          

Homelessness, n (%)       <.00011 
Experienced Homelessness (Last 

12m) 
560 (2.1%) 374 (3.5%) 934 (2.5%)   

Not Homeless 25802 (97.9%) 10390 (96.5%) 36192 (97.5%)   
          

Public Housing, n (%)       0.00061 
Lives in Public Housing 2716 (10.3%) 983 (9.1%) 3699 (10.0%)   
Not in Public Housing 23646 (89.7%) 9781 (90.9%) 33427 (90.0%)   
          

Census Tract Poverty Level, n (%)       <.00011 
High Poverty (>=30%) 13492 (51.2%) 8470 (78.7%) 21962 (59.2%)   
Medium to Low Poverty (0-29%) 12870 (48.8%) 2294 (21.3%) 15164 (40.8%)   
          

Primary Care Visits       <.00012 
Mean (SD) 1.9 (1.57) 1.6 (1.03) 1.8 (1.44)   
Median 1.0 1.0 1.0   
Range 1.0, 145.0 1.0, 17.0 1.0, 145.0   
          

Specialty Visits       <.00012 
Mean (SD) 1.3 (4.01) 1.3 (3.62) 1.3 (3.90)   
Median 0.0 0.0 0.0   
Range 0.0, 180.0 0.0, 64.0 0.0, 180.0   
          

ED Visits       <.00012 
Mean (SD) 0.3 (0.83) 0.4 (0.93) 0.4 (0.86)   
Median 0.0 0.0 0.0   
Range 0.0, 22.0 0.0, 28.0 0.0, 28.0   
          

Inpatient Visits       0.68902 
Mean (SD) 0.0 (0.19) 0.0 (0.20) 0.0 (0.19)   
Median 0.0 0.0 0.0   
Range 0.0, 10.0 0.0, 10.0 0.0, 10.0   
          

Chronic Comorbidities (PCI)       <.00012 
Mean (SD) 1.7 (1.57) 2.0 (1.71) 1.8 (1.62)   
Median 1.0 2.0 1.0   
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Range 0.0, 15.0 0.0, 13.0 0.0, 15.0   
     

2+ Somatic Conditions     0.11101 

No 26189 (99.3%) 10677 (99.2%) 36866 (99.3%)   

Yes 173 (0.7%) 87 (0.8%) 260 (0.7%)   
     
Serious Mental Illness Dx    0.04091 

No 24949 (94.6%) 10243 (95.2%) 35192 (94.8%)   

Yes 1413 (5.4%) 521 (4.8%) 1934 (5.2%)   
     
Depression or Anxiety Dx    0.80491 

No 21891 (83.0%) 8927 (82.9%) 30818 (83.0%)   

Yes 4471 (17.0%) 1837 (17.1%) 6308 (17.0%)   
     
Suicidality    0.06051 

No 25194 (95.6%) 10334 (96.0%) 35528 (95.7%)   

Yes 1168 (4.4%) 430 (4.0%) 1598 (4.3%)   
     
Pregnancy or STI    <.00011 

No 25897 (98.2%) 10483 (97.4%) 36380 (98.0%)   

Yes 465 (1.8%) 281 (2.6%) 746 (2.0%)   
     
Alcohol or Substance Use    <.00011 

No 25361 (96.2%) 8479 (78.8%) 33840 (91.1%)   

Yes 1001 (3.8%) 2285 (21.2%) 3286 (8.9%)   
     
Tobacco Use    <.00011 

Current or Former 605 (2.3%) 296 (2.7%) 901 (2.4%)   

Never 12693 (48.1%) 7214 (67.0%) 19907 (53.6%)   
Unknown 13064 (49.6%) 3254 (30.2%) 16318 (44.0%)  

     
Abuse or Trauma     0.12941 

No 24575 (93.2%) 9987 (92.8%) 34562 (93.1%)   

Yes 1787 (6.8%) 777 (7.2%) 2564 (6.9%)   
     
Developmental Delay-Related 
Disorder 

   0.26981 

No 23965 (90.9%) 9746 (90.5%) 33711 (90.8%)   

Yes 2397 (9.1%) 1018 (9.5%) 3415 (9.2%)   
     
School Challenges     0.00831 

No 25302 (96.0%) 10266 (95.4%) 35568 (95.8%)   

Yes 1060 (4.0%) 498 (4.6%) 1558 (4.2%)   
     
ADHD Dx    0.31061 

No 24929 (94.6%) 10207 (94.8%) 35136 (94.6%)   

Yes 1433 (5.4%) 557 (5.2%) 1990 (5.4%)   
1Chi-Square p-value; 2Kruskal-Wallis p-value; 
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Table 4.2: Distribution of Adverse Outcomes among Training and Validation Samples 

(2023) 

 

Figure 4.1: Distribution of Adverse Outcomes among Training and Validation Samples 

(2023) 

  

  

Table 4.3: Preliminary LASSO Model Selection Details  

 Initial LASSO Model Fit Statistics at Minimized SBC Model 

 

 

 

Characteristic 
  

Train​
 (N=26362) 

Validation​
 (N=10764) 

Total​
 (N=37126) 

P-value 
 

2023 Adverse Outcome Score       <.00011 

Mean (SD) 1.8 (2.05) 2.2 (2.17) 1.9 (2.09)   
Median 1.0 1.0 1.0   
Range 0.0, 25.0 0.0, 25.0 0.0, 25.0   

          
Outcome Score Distribution, n (%)       <.00012 

0 5370 (20.4%) 1640 (15.2%) 7010 (18.9%)   
1 10738 (40.7%) 3810 (35.4%) 14548 (39.2%)   
2 4568 (17.3%) 2017 (18.7%) 6585 (17.7%)   
3 2209 (8.4%) 1278 (11.9%) 3487 (9.4%)   
4 1257 (4.8%) 745 (6.9%) 2002 (5.4%)   
5 758 (2.9%) 500 (4.6%) 1258 (3.4%)   
6+ (true high risk) 1462 (5.5%) 774 (7.2%) 2236 (6.0%)   

1Kruskal-Wallis p-value; 2Chi-Square p-value; 
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Criterion Preliminary Linear 
LASSO 

Preliminary Negative 
Binomial LASSO 

Preliminary Logistic 
LASSO 

Lambda 0.0115 0.0074 0.0074 

SBC 21807 89909 7720 

# LASSO 
Steps 

62 22 22 

AIC 47,722 89549 7376 

*SAS includes n-1 continuous and categorical variable levels when tabulating effects in model for lasso selection. 
  

Figure 4.2: Linear LASSO Model Selection Plot (SBC vs. Model Step)  
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Figure 4.3: Negative Binomial LASSO Model Selection Plot (SBC vs. Model Step)  
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Figure 4.4: Logistic LASSO Model Selection Plot (SBC vs. Model Step)  
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Table 4.4: Preliminary Model Parameters for Linear, Negative Binomial and Logistic LASSO Models   

 

 Linear Negative Binomial Logistic 

Parameter Est. Stand. 
Error 

Wald P 
Value 

Est. Stand. 
Error 

Wald P 
Value 

Est. Stand.
Error 

Wald P 
Value 

Intercept 0.2805 0.0937 0.0028 -0.3133 0.053 <.0001 -1.9694 0.3412 <.0001 

Abuse/Foster 
Psychosocial 

   0.1596 0.0143 <.0001 0.2061 0.0383 <.0001 

Abuse/Foster 
0.236 0.0687 0.0006       

Age 0.035 0.0059 <.0001 0.0246 0.0033 <.0001 -0.0085 0.0211 0.6886 

Alcoholdrug    0.2361 0.024 <.0001 0.3802 0.0636 <.0001 

Alcohol 
0.4926 0.1087 <.0001       

Anxiety 0.4818 0.0391 <.0001 0.1222 0.017 <.0001 0.2229 0.0428 <.0001 

Smidx    0.1413 0.0187 <.0001 0.225 0.0464 <.0001 

Bhvisitflag 
0.6413 0.0636 <.0001    0.1386 0.0574 0.0159 

Depression 0.4665 0.0346 <.0001 0.2224 0.0152 <.0001 0.2842 0.0423 <.0001 

Devdelayflag    0.282 0.0166 <.0001 0.3825 0.0455 <.0001 

Druguse_all 
0.6308 0.0574 <.0001       

Dx_adhd_pci 0.9382 0.046 <.0001 0.2877 0.0188 <.0001 0.4844 0.0471 <.0001 

Dx_asthma_pci 0.212 0.0286 <.0001 0.1239 0.0137 <.0001 0.2104 0.0385 <.0001 

Dx_chromosomal_pci 
0.97 0.1342 <.0001       

Dx_conduct_pci 
0.7837 0.0975 <.0001       
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 Linear Negative Binomial Logistic 

Dx_devdelay_pci 
0.4115 0.0402 <.0001       

Dx_diabetes_pci 
0.5074 0.1037 <.0001       

Dx_eatingdisorder_pc 
0.6443 0.1184 <.0001       

Dx_eneuresis 
0.4639 0.0781 <.0001       

Dx_epilepsy_pci 
0.2846 0.0836 0.0007       

Dx_injuries_pci 
-0.0993 0.0335 0.003       

Dx_lifestyle 
0.4122 0.0813 <.0001       

Dx_obesity_pci -0.2668 0.0225 <.0001 -0.0931 0.0116 <.0001 -0.0539 0.0356 0.1297 

Dx_ocd_pci 
0.9313 0.1505 <.0001       

Dx_perdevdis_pci 
0.8799 0.061 <.0001       

Dx_psychosocial 
0.284 0.0406 <.0001       

Dx_psychotic_pci 
0.7672 0.1427 <.0001       

Dx_sicklecell 
0.8669 0.1669 <.0001       

Dx_sleep_pci 
0.2388 0.0586 <.0001       

Dx_trauma_ptsd 
0.0459 0.0814 0.573       

Ed 
0.2819 0.0127 <.0001       

Ed_cat    0.0902 0.0059 <.0001 0.2466 0.0311 <.0001 
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 Linear Negative Binomial Logistic 

Insurance (Commercial Vs. 
Medicaid) 

0.0035 0.0236 0.8816       

Insurance (Uninsured Vs. 
Medicaid) 

0.1206 0.0403 0.0028       

Ip 
0.1501 0.053 0.0046       

Lgbtq  
(Lgbtq+ Vs. Not Lgbtq+) 

0.3084 0.0466 <.0001 0.105 0.021 <.0001 0.339 0.0708 <.0001 

Lgbtq  
(Missing Vs. Not Lgbtq+) 

-0.226 0.0202 <.0001 -0.1384 0.0113 <.0001 -0.5542 0.055 <.0001 

Log_ep_limeng    0.0006 0.0036 0.8703 -0.0062 0.0225 0.7846 

Log_ep_sngpnt    -0.0038 0.0029 0.1861    

Opvisitcat    0.0324 0.0021 <.0001 0.1088 0.0119 <.0001 

Opvisitflag 
0.8067 0.0713 <.0001       

Pci 0.3808 0.0117 <.0001 0.163 0.0046 <.0001 0.3254 0.0253 <.0001 

Pcvisitcat 0.0552 0.0076 <.0001 0.0251 0.0036 <.0001 0.0895 0.0194 <.0001 

Race  
(AAPI Vs. Hisp/Latinx) 

-0.1271 0.0425 0.0028 -0.0731 0.0245 0.0029    

Race  
(Black/AA Vs. Hisp/Latinx) 

-0.1379 0.0216 <.0001 -0.0796 0.0127 <.0001    

Race  
(Other Vs. Hisp/Latinx) 

-0.1086 0.0304 0.0004 -0.0758 0.0173 <.0001    

Race  
(White Vs. Hisp/Latinx) 

-0.0762 0.0769 0.3215 -0.0233 0.0439 0.5965    

Risky_sex 
0.5067 0.073 <.0001       

Schoolprob 
0.1188 0.0524 0.0233       

Sdohall 0.0795 0.0293 0.0067 0.1041 0.0131 <.0001 0.186 0.0376 <.0001 
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 Linear Negative Binomial Logistic 

Sdohneed 
0.379 0.0556 <.0001       

Sex (Female Vs. Male) 0.1074 0.0194 <.0001 0.067 0.0109 <.0001 0.2297 0.0363 <.0001 

Smoking  
(Cur/Form. Vs Never) 

0.5913 0.0679 <.0001 0.1919 0.0293 <.0001 0.2992 0.101 0.003 

Smoking  
(Missing Vs Never) 

0.0696 0.0201 0.0005 0.0299 0.0113 0.008 -0.0697 0.0645 0.2801 

Somatic 
0.4577 0.1211 0.0002       

Suicidality 
0.3614 0.0509 <.0001    0.1512 0.0522 0.0038 

Wcv_flag 
-0.1394 0.0226 <.0001 -0.0861 0.0124 <.0001    

Dispersion    0.0914 0.0043     

 Note: Model parameters selected with LASSO using minimum SBC criteria in SAS, manually adjusted where applicable as outlined in Methods, and re-run as a 
generalized linear model to generate parameter estimates, confidence intervals, fit plots and statistics.  
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Table 4.5: Preliminary LASSO Model Parameter Comparisons  

Variable Selection Overview 

Variable Selected by: Exact  
Variable 

1 Model 23 

2 Models 11 

3 Models 12 

Any Model 51 

  

Table 4.6: Linear LASSO Model Fit and Performance Statistics (Training) 

 

Statistic Value 

Root MSE 1.4996 

R-Square 0.4630 

Adj R-Sq 0.4630 

Spearman Correlation Coefficient (p-value) 0.5860​
  
(<.0001) 

Mean Predicted Outcome (SD) 1.7884 
(1.3925) 

Mean Observed Outcome (SD) 1.7884  
(2.0464) 

Mean Residual (SD) 0.00  
(1.4996) 

Residual Skewness 2.3794 

Residual Kurtosis 13.9964 
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Figure 4.5: Linear Expected vs. Observed Outcomes, Preliminary Model  

 

Figure 4.6: Residual Distribution by Predicted Outcome, Linear LASSO Model
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Table 4.7: Negative Binomial LASSO Model Fit and Performance Statistics (Training) 

 
Statistic Value 

Deviance Value (Value/DF) 24649  
(0.9360) 

Root MSE 1.7053 

R-Square 0.1029 

Adj R-Sq 0.1028 

Spearman Correlation Coefficient (p-value) 0.5812​
  <.0001 

Mean Predicted Outcome (SD) 1.8136  
(1.8004) 

Mean Observed Outcome (SD) 1.7884  
(2.0464) 

Dispersion Parameter (SE) 0.0914  
(0.0043) 

 

Figure 4.7: Negative Binomial Expected vs. Observed Outcomes, Preliminary Model  
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Figure 4.8: Negative Binomial LASSO Model Fit Plot  

Fit Plot of Outcome vs. Outpatient Visits, Holding All Other Variables Constant, with 95% 

Confidence Limits 

 

 

 

 

 

 

 

 

 

 

Figure 4.9: Negative Binomial LASSO Model Residual Distribution by Predicted Value 
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Table 4.8: Preliminary Logistic LASSO Model Fit and Performance Statistics (Training)  

Statistic Value 

Calibration Slope (SE) 0.9598 (0.0153) 

Calibration Intercept (SE) 0.0022 (0.0021) 

AUROC (95% CI - Wald) 0.9066  (0.8985-0.9148) 

 ​  

Figure 4.10: Preliminary Logistic LASSO Calibration Curve (Training) 
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Figure 4.11: Preliminary Logistic LASSO ROC Curve (Training) 

  

            ​  

Table 4.9: Threshold-Specific Performance Across Preliminary Models, Top 5% (Training) 

 
 

Model Sensitivity Specificity PPV NPV Accuracy Event 
Rate 

Alert 
Rate 

Negative 
Binomial  
LASSO 
 

46.17% 97.42% 51.21% 96.86% 94.58% 5.55% 5.00% 

Linear  
LASSO 
 

46.44% 97.43% 51.52% 96.87% 94.61% 5.55% 5.00% 

Logistic 
LASSO 

47.74% 97.51% 52.96% 96.95% 94.75% 5.55% 5.00% 
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Figure 4.12: Logistic LASSO Model Selection Plot: Five Fold Cross Validation using 

Average Squared Error (Training) 

 

Table 4.10: Model Selection Details for Minimum ASE and Optimal ASE + 1 SE Models 

Using Five Fold Cross-Validation  

 
Model Step Avg Features Avg ASE Avg BIC Avg Lambda  

 
Minimum ASE + 1 SE 21 23 0.0381 1828 0.0092  
  22 25 0.0379 1856 0.0074  
  23 30 0.0379 1923 0.0059  
  24 35 0.0379 1995 0.0047  
  25 41 0.0377 2106 0.0038  
  26 45 0.0377 2178 0.0030  
  27 48 0.0377 2219 0.0024  
Minimum ASE 28 53 0.0377 2280 0.0019 
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Table 4.11: Comparison of Variables Chosen by SBC vs. Cross-Validation LASSO 

Selection for Logistic Model   

 
SBC Selected Parameters Cross-Validation Selected Parameters (2+ Folds) 

AbuseorFosterorPsychosocial AbuseorFosterorPsychosocial 

AGE   

AlcoholDrug AlcoholDrug 1 vs 0 

Anxiety or Depression Anxiety or Depression 

  Anxiety 

BHvisitFlag BHvisitFlag 

Depression Depression 

Dev Disorders Flag Dev Disorders Flag 

Drug Use Drug Use 

dx_adhd_pci dx_adhd_pci 

dx_asthma_pci dx_asthma_pci 

dx_obesity_pci dx_obesity_pci 

ED   

ED_cat ED_cat 

LGBTQ Flag LGBTQ Flag 

log_EP_LIMENG   

OPvisitCat OPvisitCat 

PCI PCI 

  PCvisitCat5 

PCvisitCat PCvisitCat 

SDOHall SDOHall 

SEX (Female vs. Male) SEX (Female vs. Male) 

SMI_ADHD_dx SMI_ADHD_dx 

Smoking  Smoking  

Suicidality Suicidality 

 
 Note: Variables do not align exactly with those in the preliminary logistic model (Table 4.4) and the final logistic 
model (Table 4.12) because this table presents the variables selected by the LASSO step, before manual refinement.  
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Table 4.12: Final Logistic Model Parameters   

  Crude Parameter Estimates Adjusted Parameter Estimates 

Parameter  Estimate Stand. 
Error 

Wald 
P-Value 

Adj. 
Estimate  

Adj. 
Stand. 
Error 

Adj. 
Wald 
P-Value 

Abuseorfosterorpsych 
1 Vs 0 

 0.8879 0.0284 <.0001 0.2072 0.0383 <.0001 

Alcoholdrug 1 Vs 0  0.843 0.041 <.0001 0.3764 0.0628 <.0001 

Anxiety 1 Vs 0  1.0809 0.0293 <.0001 0.2243 0.0428 <.0001 

Smidx 1 Vs 0  0.9628 0.0346 <.0001 0.2304 0.0464 <.0001 

Bhvisitflag 1 Vs 0  1.3448 0.0364 <.0001 0.1454 0.0573 0.0112 

Depression 1 Vs 0  1.0492 0.0281 <.0001 0.2889 0.0423 <.0001 

Devdelayflag 1 Vs 0  0.7256 0.0316 <.0001 0.3953 0.0454 <.0001 

Dx_adhd_pci 1 Vs 0  1.0572 0.0336 <.0001 0.4926 0.047 <.0001 

Dx_asthma_pci 1 Vs 0  0.517 0.0291 <.0001 0.2212 0.0385 <.0001 

Dx_eatingdisorder_pc 
1 Vs 0 

 1.0475 0.0834 <.0001 0.2026 0.1112 0.0684 

Dx_obesity_pci 1 Vs 0  0.2186 0.0271 <.0001 -0.0432 0.0356 0.2245 

Dx_sicklecell 1 Vs 0  0.5788 0.1516 0.0001 0.5593 0.1815 0.0021 

Ed_cat  0.0223 945.322  0.247 0.031 <.0001 

Lgbtq+ Vs Not Lgbtq+  1.0464 0.0532 <.0001 0.3345 0.0708 <.0001 

Missing Data Vs Not 
Lgbtq+ 

 -1.1466 0.0443 <.0001 -0.5512 0.0547 <.0001 

Opvisitcat  0.00774 1738.74
25 

 0.1076 0.012 <.0001 

Pci  0.016 2224.30
54 

 0.3136 0.0255 <.0001 

Pcvisitcat  0.0147 466.430
9 

 0.0881 0.0195 <.0001 

Sdohall 1 Vs 0  0.3943 0.0298 <.0001 0.1866 0.0376 <.0001 

Sex Female Vs Male  0.2745 0.0278 <.0001 0.2306 0.0364 <.0001 

Curform Smoke Vs 
Never 

 1.1607 0.0667 <.0001 0.2984 0.1008 0.0031 
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Unknown Smoke Vs 
Never 

 -0.6981 0.0443 <.0001 -0.0642 0.0637 0.3134 

Suicidality 1 Vs 0  1.0391 0.0361 <.0001 0.1477 0.0523 0.0048 

 

Table 4.13: Univariate and Adjusted Odds Ratios for Predictors in Final Logistic Model  

 Unadjusted Adjusted Model 

Effect OR OR 
LCL 

OR 
UCL 

aOR aOR 
LCL 

aOR UCL 

Abuseorfosterorpsych 1 Vs 0 5.904 5.283 6.599 1.513 1.302 1.759 
Alcoholdrug 1 Vs 0 5.398 4.597 6.338 2.123 1.66 2.716 
Anxiety 1 Vs 0 8.687 7.744 9.745 1.566 1.324 1.852 
Smidx 1 Vs 0 6.859 5.99 7.855 1.585 1.322 1.902 
Bhvisitflag 1 Vs 0 14.727 12.767 16.987 1.337 1.068 1.674 
Depression 1 Vs 0 8.153 7.302 9.102 1.782 1.51 2.103 
Devdelayflag 1 Vs 0 4.268 3.771 4.832 2.205 1.845 2.634 
Dx_adhd_pci 1 Vs 0 8.284 7.263 9.449 2.678 2.228 3.22 
Dx_asthma_pci 1 Vs 0 2.812 2.509 3.152 1.556 1.338 1.81  
Dx_eatingdisorder_pc 1 Vs 0 8.125 5.86 11.267 1.5 0.97 2.319 
Dx_obesity_pci 1 Vs 0 1.548 1.392 1.722 0.917 0.798 1.054 
Dx_sicklecell 1 Vs 0 3.182 1.757 5.766 3.061 1.503 6.233 
Ed_cat 1.986 1.901 2.075 1.28 1.205 1.36 
Lgbtq+ Vs Not Lgbtq+ 2.576 2.196 3.022 1.125 0.911 1.39 
Missing Data Vs Not Lgbtq+ 0.287 0.254 0.325 0.464 0.401 0.537 
Opvisitcat 1.381 1.36 1.402 1.114 1.088 1.14 
Pci 2.128 2.062 2.196 1.368 1.302 1.439 
Pcvisitcat 1.373 1.334 1.413 1.092 1.051 1.135 
Sdohall 1 Vs 0 2.200 1.957 2.473 1.452 1.253 1.683 
Sex Female Vs Male 1.731 1.553 1.931 1.586 1.375 1.829 
Curform Smoke Vs Never 5.07 4.141 6.208 1.703 1.264 2.296 
Unknown Smoke Vs Never 0.79 0.707 0.883 1.185 1.033 1.36 
Suicidality 1 Vs 0 7.99 6.935 9.205 1.344 1.095 1.649 

 

 

Table 4.14: Final Logistic Model Fit and Performance Statistics (Training)  

Statistic Value 

Calibration Slope (SE) 0.9586 (0.0154) 

Calibration Intercept (SE) 0.0023 (0.0022) 

AUROC (95% CI - Wald) 0.9070  (0.8989-0.9151) 
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Figure 4.13: Final Logistic Model Calibration Curve (Training) 

 

Figure 4.14: Final Logistic Model ROC Curve (Training Sample) 
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Table 4.15: Threshold-specific Performance of Final Logistic Model across Training and 

Validation Samples  

 
Model Sensitivity Specificity PPV NPV Accuracy Event 

Rate 
Alert 
Rate 

Final Model: 
Training 

47.61% 97.50% 52.81% 96.94% 94.73% 5.55% 5.00% 

Final Model: 
Validation 

46.64% 97.12% 55.62% 95.92% 93.49% 7.19% 6.03% 

 
 

Table 4.16: Patient Characteristics by Predicted High Risk Status (Training) 

  

Characteristic  Predicted High Risk   

  
No​

 (N=25044) 
Yes​

 (N=1318) 
Total​

 (N=26362) 
P-value 

 
Age, n (%)       <.00011 

12 4360 (17.4%) 148 (11.2%) 4508 (17.1%)   
13 4256 (17.0%) 181 (13.7%) 4437 (16.8%)   
14 4165 (16.6%) 231 (17.5%) 4396 (16.7%)   
15 4143 (16.5%) 212 (16.1%) 4355 (16.5%)   
16 4057 (16.2%) 280 (21.2%) 4337 (16.5%)   
17 4063 (16.2%) 266 (20.2%) 4329 (16.4%)   

          
Sex at Birth, n (%)       <.00011 

Female 12334 (49.2%) 874 (66.3%) 13208 (50.1%)   
Male 12710 (50.8%) 444 (33.7%) 13154 (49.9%)   

     
Insurance, n (%)       <.00011 

Commercial 5057 (20.2%) 195 (14.8%) 5252 (19.9%)   
Medicaid 18408 (73.5%) 1100 (83.5%) 19508 (74.0%)   
Uninsured 1579 (6.3%) 23 (1.7%) 1602 (6.1%)   

          
Race/Ethnicity, n (%)       <.00011 

Asian 1370 (5.5%) 42 (3.2%) 1412 (5.4%)   
Black 9144 (36.5%) 397 (30.1%) 9541 (36.2%)   
Latinx 11137 (44.5%) 752 (57.1%) 11889 (45.1%)   
Other 3012 (12.0%) 111 (8.4%) 3123 (11.8%)   
White 381 (1.5%) 16 (1.2%) 397 (1.5%)   

          
Preferred Language, n (%)       0.00021 

English 15353 (61.3%) 808 (61.3%) 16161 (61.3%)   
Other 1135 (4.5%) 29 (2.2%) 1164 (4.4%)   
Spanish 8556 (34.2%) 481 (36.5%) 9037 (34.3%)   

          
LGBTQ+ Status, n (%)       <.00011 
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LGBTQ+ 943 (3.8%) 278 (21.1%) 1221 (4.6%)   
Missing Data 14544 (58.1%) 192 (14.6%) 14736 (55.9%)   
Not LGBTQ+ 9557 (38.2%) 848 (64.3%) 10405 (39.5%)   

          
1+ Social Needs, n (%)       <.00011 

1+ SDOH Needs 906 (3.6%) 105 (8.0%) 1011 (3.8%)   
No SDOH Needs Recorded 24138 (96.4%) 1213 (92.0%) 25351 (96.2%)   

          
Homelessness, n (%)       0.05001 

Experienced Homelessness (Last 
12m) 

522 (2.1%) 38 (2.9%) 560 (2.1%)   

Not Homeless 24522 (97.9%) 1280 (97.1%) 25802 (97.9%)   
          

Public Housing, n (%)       <.00011 

Lives in Public Housing 2477 (9.9%) 239 (18.1%) 2716 (10.3%)   
Not in Public Housing 22567 (90.1%) 1079 (81.9%) 23646 (89.7%)   

          
Census Tract Poverty Level, n (%)       <.00011 

High Poverty (>=30%) 12729 (50.8%) 763 (57.9%) 13492 (51.2%)   
Medium to Low Poverty (0-29%) 12315 (49.2%) 555 (42.1%) 12870 (48.8%)   

          
Primary Care Visits       <.00012 

Mean (SD) 1.8 (1.50) 3.0 (2.17) 1.9 (1.57)   
Median 1.0 3.0 1.0   
Range 1.0, 145.0 1.0, 23.0 1.0, 145.0   

          
Specialty Visits       <.00012 

Mean (SD) 0.9 (2.92) 8.8 (10.05) 1.3 (4.01)   
Median 0.0 5.0 0.0   
Range 0.0, 180.0 0.0, 56.0 0.0, 180.0   

          
ED Visits       <.00012 

Mean (SD) 0.3 (0.68) 1.5 (1.96) 0.3 (0.83)   
Median 0.0 1.0 0.0   
Range 0.0, 10.0 0.0, 22.0 0.0, 22.0   

          
Inpatient Visits       <.00012 

Mean (SD) 0.0 (0.14) 0.2 (0.53) 0.0 (0.19)   
Median 0.0 0.0 0.0   
Range 0.0, 10.0 0.0, 5.0 0.0, 10.0   

          
Chronic Comorbidities (PCI)       <.00012 

 

Mean (SD) 1.5 (1.31) 5.2 (1.85) 1.7 (1.57)   
Median 1.0 5.0 1.0   
Range 0.0, 8.0 1.0, 15.0 0.0, 15.0  

     

2+ Somatic Conditions     <.00011 

No 24939 (99.6%) 1250 (94.8%) 26189 (99.3%)   

Yes 105 (0.4%) 68 (5.2%) 173 (0.7%)   

     

Serious Mental Illness Dx    <.00011 

No 24067 (96.1%) 882 (66.9%) 24949 (94.6%)   

Yes 977 (3.9%) 436 (33.1%) 1413 (5.4%)   
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Depression or Anxiety Dx    <.00011 

No 24067 (96.1%) 882 (66.9%) 24949 (94.6%)   

Yes 977 (3.9%) 436 (33.1%) 1413 (5.4%)   

     

Suicidality    <.00011 

No 24300 (97.0%) 894 (67.8%) 25194 (95.6%)   

Yes 744 (3.0%) 424 (32.2%) 1168 (4.4%)   

     

Pregnancy or STI    <.00011 

No 24648 (98.4%) 1249 (94.8%) 25897 (98.2%)   

Yes 396 (1.6%) 69 (5.2%) 465 (1.8%)   

     

Alcohol or Substance Use    <.00011 

No 24310 (97.1%) 1051 (79.7%) 25361 (96.2%)   

Yes 734 (2.9%) 267 (20.3%) 1001 (3.8%)   

     

Tobacco Use    <.00011 

Current or Former 426 (1.7%) 179 (13.6%) 605 (2.3%)   

Never 12031 (48.0%) 662 (50.2%) 12693 (48.1%)   

Unknown 12587 (50.3%) 477 (36.2%) 13064 (49.6%)   

     

Abuse or Trauma     <.00011 

No 23796 (95.0%) 779 (59.1%) 24575 (93.2%)   

Yes 1248 (5.0%) 539 (40.9%) 1787 (6.8%)   

     

Developmental Delay-Related 
Disorder 

   <.00011 

No 23102 (92.2%) 863 (65.5%) 23965 (90.9%)   

Yes 1942 (7.8%) 455 (34.5%) 2397 (9.1%)   

     

School Challenges     <.00011 

No 24131 (96.4%) 1171 (88.8%) 25302 (96.0%)   

Yes 913 (3.6%) 147 (11.2%) 1060 (4.0%)   

     

ADHD Dx    <.00011 

No 24109 (96.3%) 820 (62.2%) 24929 (94.6%)   

Yes 935 (3.7%) 498 (37.8%) 1433 (5.4%)   
1Chi-Square p-value; 2Kruskal-Wallis p-value; 
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Table 4.17: Outcome Distribution by Predicted High Risk Status (Training)  

 

 

 

 

 

 

  

  Predicted High Risk   

  
0​

 (N=25044) 
1​

 (N=1318) 
Total​

 (N=26362) P-value 
Actual High Risk, n (%)       <.00011 

Not Top 5% 24278 (96.9%) 622 (47.2%) 24900 (94.5%)   

Top 5% 766 (3.1%) 696 (52.8%) 1462 (5.5%)   
          

2023 Adverse Outcome Score       <.00012 

Mean (SD) 1.6 (1.63) 6.3 (3.48) 1.8 (2.05)   
Median 1.0 6.0 1.0   
Range 0.0, 20.0 1.0, 25.0 0.0, 25.0   

          
Outcome Score Distribution, n (%)       <.00011 

0 5370 (21.4%) 0 (0.0%) 5370 (20.4%)   
1 10720 (42.8%) 18 (1.4%) 10738 (40.7%)   

2 4496 (18.0%) 72 (5.5%) 4568 (17.3%)   
3 2016 (8.0%) 193 (14.6%) 2209 (8.4%)   
4 1075 (4.3%) 182 (13.8%) 1257 (4.8%)   
5 601 (2.4%) 157 (11.9%) 758 (2.9%)   
6 766 (3.1%) 696 (52.8%) 1462 (5.5%)   

1Chi-Square p-value; 2Kruskal-Wallis p-value; 
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Figure 4.15: Outcome Distribution by Predicted High Risk Status (Training) 

 

 

 

Table 4.18: Patient Characteristics by Lost to Outpatient Care Status (Training)  

 

  Lost to Outpatient Care - 2023   
  0 

(N=19372) 
1 

(N=6990) 
Total 

(N=26362) 
P-value 

Age, n (%)       <.00011 
12 3424 (17.7%) 1084 (15.5%) 4508 (17.1%)   
13 3373 (17.4%) 1064 (15.2%) 4437 (16.8%)   
14 3281 (16.9%) 1115 (16.0%) 4396 (16.7%)   
15 3245 (16.8%) 1110 (15.9%) 4355 (16.5%)   
16 3168 (16.4%) 1169 (16.7%) 4337 (16.5%)   
17 2881 (14.9%) 1448 (20.7%) 4329 (16.4%)   
          

Sex at Birth, n (%)       0.00031 
Female 9837 (50.8%) 3371 (48.2%) 13208 (50.1%)   
Male 9535 (49.2%) 3619 (51.8%) 13154 (49.9%)   
          

Race/Ethnicity, n (%)       <.00011 
Asian 1047 (5.4%) 365 (5.2%) 1412 (5.4%)   
Black 6842 (35.3%) 2699 (38.6%) 9541 (36.2%)   
Latinx 8989 (46.4%) 2900 (41.5%) 11889 (45.1%)   
Other 2254 (11.6%) 869 (12.4%) 3123 (11.8%)   
White 240 (1.2%) 157 (2.2%) 397 (1.5%)   
          

Preferred Language, n (%)       <.00011 
English 11539 (59.6%) 4622 (66.1%) 16161 (61.3%)   
Other 819 (4.2%) 345 (4.9%) 1164 (4.4%)   
Spanish 7014 (36.2%) 2023 (28.9%) 9037 (34.3%)   
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LGBTQ+ Status, n (%)       <.00011 

LGBTQ+ 988 (5.1%) 233 (3.3%) 1221 (4.6%)   
Missing Data 10002 (51.6%) 4734 (67.7%) 14736 (55.9%)   
Not LGBTQ+ 8382 (43.3%) 2023 (28.9%) 10405 (39.5%)   
          

1+ Social Needs, n (%)       0.10881 
1+ SDOH Needs 765 (3.9%) 246 (3.5%) 1011 (3.8%)   
No SDOH Needs Recorded 18607 (96.1%) 6744 (96.5%) 25351 (96.2%)   
          

Homelessness, n (%)       <.00011 
Experienced Homelessness (Last 

12m) 
369 (1.9%) 191 (2.7%) 560 (2.1%)   

Not Homeless 19003 (98.1%) 6799 (97.3%) 25802 (97.9%)   
          

Public Housing, n (%)       0.22991 
Lives in Public Housing 2022 (10.4%) 694 (9.9%) 2716 (10.3%)   
Not in Public Housing 17350 (89.6%) 6296 (90.1%) 23646 (89.7%)   
          

Census Tract Poverty Level, n (%)       0.07201 
High Poverty (>=30%) 9979 (51.5%) 3513 (50.3%) 13492 (51.2%)   
Medium to Low Poverty (0-29%) 9393 (48.5%) 3477 (49.7%) 12870 (48.8%)   
          

Primary Care Visits       <.00012 
Mean (SD) 2.0 (1.72) 1.6 (0.95) 1.9 (1.57)   
Median 2.0 1.0 1.0   
Range 1.0, 145.0 1.0, 13.0 1.0, 145.0   
          

Specialty Visits       <.00012 
Mean (SD) 1.6 (4.54) 0.5 (1.65) 1.3 (4.01)   
Median 0.0 0.0 0.0   
Range 0.0, 180.0 0.0, 39.0 0.0, 180.0   
          

Behavioral Health Visits       <.00012 
Mean (SD) 0.5 (3.16) 0.1 (1.21) 0.4 (2.79)   
Median 0.0 0.0 0.0   
Range 0.0, 56.0 0.0, 39.0 0.0, 56.0   
          

ED Visits       <.00012 
Mean (SD) 0.4 (0.85) 0.3 (0.77) 0.3 (0.83)   
Median 0.0 0.0 0.0   
Range 0.0, 22.0 0.0, 15.0 0.0, 22.0   
          

Inpatient Visits       0.34432 
Mean (SD) 0.0 (0.17) 0.0 (0.22) 0.0 (0.19)   
Median 0.0 0.0 0.0   
Range 0.0, 5.0 0.0, 10.0 0.0, 10.0   
          

Chronic Comorbidities (PCI)       <.00012 
Mean (SD) 1.8 (1.62) 1.3 (1.37) 1.7 (1.57)   
Median 1.0 1.0 1.0   
Range 0.0, 15.0 0.0, 13.0 0.0, 15.0   

1Chi-Square p-value; 2Kruskal-Wallis p-value; 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 172 

 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 173 

Table 4.19: Sensitivity Analysis for Top 5% Performance by Lost to Outpatient Care Status (Training)  

 

Sample Sensitivity Specificity PPV NPV Accuracy Alert 
Rate 

Event 
Rate 

Full Training 
Sample 

47.61% 97.50% 52.81% 96.94% 94.73% 5.55% 5.00% 
  

Lost to 
Outpatient 
Care (2023) 

40.74% 98.21% 21.02% 99.30% 97.54% 2.25% 1.16% 

Not Lost to 
Outpatient 
Care (2023) 

47.94% 97.23% 57.07% 96.05% 93.72% 5.99% 7.13% 
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Table 4.20: Sociodemographic Bias Evaluation for Top 5% High Risk (Training)  

Class Subgroup PPV PPD 

Bias 
by 
PPD FNR EOD 

Bias by 
EOD Event Rate Alert Rate Sensitivity Specificity Accuracy 

Insurance Commercial 49.23% ( 4.45%) No 59.49% 9.16% No 4.51% 3.71% 40.51% 98.03% 95.43% 

  Medicaid 53.69% . 
 

50.34% . 
 

6.09% 5.63% 49.66% 97.22% 94.33% 

  Uninsured 39.13% (14.55%) Yes 75.68% 25.34% Yes 2.31% 1.44% 24.32% 99.11% 97.38% 

Language Other 65.52% 12.67% Yes 48.65% -2.16% No 3.18% 2.49% 51.35% 99.11% 97.59% 

  English 52.85% . 
 

50.81% . 
 

5.37% 5.00% 49.19% 97.51% 94.91% 

  Spanish 51.88% -0.97% No 55.30% -4.49% No 6.16% 5.31% 44.70% 97.28% 94.04% 

Race Asian 45.24% ( 7.49%) No 61.22% 10.11% Yes 3.47% 2.97% 38.78% 98.31% 96.25% 

  Black 55.16% 2.43% No 52.80% 1.69% No 4.86% 4.16% 47.20% 98.04% 95.57% 

  Latinx 52.73% . 
 

51.11% . 
 

6.81% 6.32% 48.89% 96.80% 93.53% 

  Other 48.65% ( 4.08%) No 56.45% 5.34% No 3.97% 3.55% 43.55% 98.10% 95.93% 

  White 43.75% ( 8.98%) No 53.33% 2.22% No 3.78% 4.03% 46.67% 97.64% 95.72% 

Sex Female 53.15% . 
 

49.46% . 
 

6.95% 6.61% 50.54% 96.67% 93.47% 

  Male 52.03% ( 1.12%) No 57.54% 8.08% No 4.14% 3.38% 42.46% 98.31% 96.00% 
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Table 4.21: Validation Calibration and Discrimination   

  

Statistic Value 

Calibration Slope (SE) 1.0296 (0.0150)   

Calibration Intercept (SE) 0.0023 (0.0023) 
                      ​   

AUROC (95% CI - Wald) 0.8930 (0.8809-0.9052)  

 

Figure 4.16: Validation Calibration Curve 
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Figure 4.17: Validation ROC Curve 
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Discussion  

Table 5.1: Logic Model for Implementation of an Adolescent Risk Score in Primary Care at 

NYC Health+Hospitals 
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Appendices 

Appendix A: Key Informant Interview Methods 

Key Informant Overview  No single gold standard definition exists to define risk in 

adolescence. The adolescent risk outcome definition portion of this work was initiated before the 

author began the Marywood doctoral program in August of 2023. This work defined adolescent 

risk by sourcing adverse outcomes associated with ACEs in the literature (S. Nelson et al., 

2021) and refining them using patient and provider key informants at H+H, to produce a highly 

localized outcome of interest representing local practice and needs.  

H+H key informant experts and patients were asked to evaluate individual and 

domain-level ACE-associated outcomes for their importance to risk assessment in adolescent 

primary care. They were asked to flag crucial missing domains. Finally, they were asked to 

suggest meaningful ways to measure these domains as specific variables inside an electronic 

medical record.  The key informant feedback shaped the final analytic dataset and informed a 

continuous score representing the number of ACE-associated adverse outcomes experienced 

by each adolescent in 2023. 

Sample Key informant feedback was collected before this study. As such, key informant 

selection criteria and processes are covered here only briefly. From March to May 2023, NYC 

Health+Hospitals conducted 14 key informant interviews, with 10 NYC Health+Hospitals staff 

members and four adolescent patients.  Participants were recruited with a snowball 

methodology. The seed key informants were solicited from a group of co-investigators 

participating in a pediatric risk study focusing on replicating a HealthySteps methodology for 

children ages 0-4. Suggestions for additional key informants were solicited from this group and 

from each key informant who completed an interview.  Informed consent was not solicited, as 

the key informants were deemed not to be human subjects by the IRB. No compensation was 

offered for participation. Key informants were informed that participation was entirely voluntary 

and that individual quotations would not be attributed to them by name. Permission to record the 
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session was solicited from participants. Recordings were done via Webex and stored within the 

H+H network.   

Overview: The key informant interview followed a semi-structured format. As outlined by 

Nina Kammerer in her guide to preparing qualitative proposals, the interviews were purposefully 

designed to be adaptive, following the wisdom gleaned from the key informants (Kammerer 

2013).  Each key informant started the interview with an overview of risk prediction goals and 

possible approaches.  Key informants then had a chance to ask questions and to offer overall 

reactions to the proposed goals and approach. Finally, key informants were asked to rate 

domains on importance to risk assessment in primary care for adolescents.  

Procedure: Key informants were asked to review adverse outcome domains identified by 

Nelson et al to be significantly associated with ACEs exposure. They were instructed to identify 

domains that were essential, domains which should not be measured, and domains that might 

be missing or incomplete in the provided list.  The initial domains (depression, anxiety, ADHD, 

suicidality, self-harm, early sexual debut/high risk sexual activity, substance use, alcohol use, 

victim of violence, higher ED utilization, lower primary care utilization, poor asthma control, teen 

pregnancy, disordered eating) expanded as key informants identified other key areas that they 

felt should be included. Key informants were also asked what they felt were the most important 

risk predictors in their own practice, and which screenings were routinely done in primary care 

that should be leveraged for risk prediction.  Key informants rated each proposed measure on a 

pseudo Lickert scale (4= strongly agree, 3= agree, 2= disagree, 1=strongly disagree). The list of 

measures changed through the process in response to suggestions about additions and 

deletions from the key informants. The interviews closed with a request for any additional 

thoughts or feedback that the interview process had missed.  Notes were taken via excel 

throughout key informant interviews, and Webex recordings were consulted to improve notes 

where full quotes were not captured. Interview transcript notes were analyzed twice. They were 

analyzed at the midpoint of the interview process, to ensure that any key themes that were 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 180 

emerging were added to the interview process, and again once all interviews were complete. 

Interview transcript notes were analyzed using Microsoft Excel.  
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Appendix B: Key Informant Select Results 

Key Informant Interviews  

Key Informant Characteristics The key informants included a diverse group of viewpoints 

in both lived experience and clinical practice (see Key Informant Characteristics table below). 

The final key informant group included five pediatric and adolescent primary care providers, two 

of whom also hold administrative leadership positions in addition to clinical care, and all of 

whom hold either adjunct or full professorship at NYU Grossman School of Medicine. The key 

informants also included two behavioral health providers, including a child psychiatrist and a 

pediatrician who runs the NYC Health+Hospitals pediatric child abuse program. The adult 

participants also included three pediatric and adolescent social workers, one of whom works 

primarily in administration with a focus on adolescent health. The four adolescent participants 

were recruited from the Youth Leadership Council, and were current or former patients at NYC 

Health+Hospitals. A limitation of the key informant interviews was the lack of inclusion of the 

nursing perspective, due to inability to gain permission to interview the nurses recruited for the 

study.  A majority of the key informants were female (71.4%), broadly mirroring the 

demographics of those working in this area.  Half of participants were mid-career (aged 30-49). 

Half the participants were white and 35.7% were African-American (35.7%), with one 

Asian-American participant, and one Two or More Races/Other participant. A limitation of the 

key informant perspectives represented in this study is the lack of inclusion of a Hispanic/Latinx 

participant, which would have been remedied had the two solicited nurses been able to 

participate. Findings should be investigated for their applicability across ethnicities and spoken 

languages during the implementation phase, after study conclusion.  

Table: Key Informant Characteristics 

Characteristics 
Number of 

Participants 
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Role 

Behavioral Health 

Provider 2 

PCP 5 

Social Worker 3 

Student 4 

Age 

14-17 4 

30-49 7 

50-65 3 

Gender 
Female 10 

Male 4 

Race/Ethnicity 

African-American 5 

Asian-American 1 

Other 1 

White 7 

Total Participants  14 

Findings: Risk Prediction Overview Overall, key informants thought that the outcome 

domains significantly associated with ACEs exposure in the literature covered the major 

outcome domains of adolescent risk in their clinical and lived experience. As one key informant 

said, “Some of these are going to be easier to capture than others, but I think they are all 

outcomes worthy of inclusion."  Multiple key informants flagged that creation of an aggregated 

adolescent risk score was a challenging but worthy endeavor:  

"[Traditional] risk scores were developed in disease care systems, which are oriented 

around hospital costs. You are looking to predict risk based on health outcomes, which 
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has a venn diagram with healthcare utilization, but is a distinct thing.... Making that 

referral and making sure that they get...that service? That's where there's a big gap in 

the tools that we have to help kids and adults." 

Key informants felt that an integrated risk score which triggered services within the EMR would 

be beneficial, and were particularly excited about the possibility of adjusting primary care patient 

panel sizes by risk score, as well as risk score-informed pre-visit planning in the context of an 

expanded Community Health Worker program roll-out.  

Areas of Consensus: Strongly Recommended for Inclusion Key informants agreed on 

the importance of many proposed socio-medical outcome domains and measures (see Key 

Informant Measure Feedback table below). Using a pseudo-lichert scale of 4 (strongly agree) to 

1 (strongly disagree), key informants rated at a 3.5 or above visits for depression, anxiety, 

disordered eating, self-harm, perpetration or victimhood of violence, abuse, suicidal ideation or 

attempt, substance use disorder or alcohol use disorder. According to one key informant, 

behavioral health concerns were the most important area for this age group: “"Certainly, [I am 

most concerned about] mental health, like suicidality, history of suicide, depression or anxiety.  

Those for me are the kids I want to spend more time with, getting [them] the care they need and 

[making sure] that they have good safety plans [in place].”  The key informants were unified in 

their recommendations to include visits for substance use disorder (SUD) or alcohol use 

disorder (AUD).  They also favored including visits to a chemical dependency or methadone 

clinic or a prescription of buprenorphine or methadone (for opioid use), but there were no such 

visits or prescriptions in 2023, upon exploratory data analysis.  All measures of pregnancy and 

sexually transmitted infection (STI) outcomes were uniformly recommended for inclusion as 

adverse outcomes. Finally, a mid-interview addition of separate Psych ED and Psych inpatient 

visits (split from overall ED/inpatient) received universally strong agreement.  

Additions: Medical Complexity Multiple key informants flagged the need for an addition of 

autism, developmental disorders and learning disabilities, which they felt were responsible for a 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 184 

significant amount of acute utilization: "Kids with developmental disabilities are often left out, 

and I think it's important to include them. Especially those who have significant autism disorder 

or cognitive challenges. They have disruptive behaviors, and if they don't have good access to 

care, they end up using our emergency room a lot." This variable was added via the 

developmental delay and pervasive developmental disorder PCI flags. Two key informants also 

identified the need to capture other chronic childhood illnesses like diabetes, epilepsy, IBD, 

Crohn’s and sickle cell, to capture children facing significant medical complexity who were at 

elevated medical risk. Most key informant feedback was oriented simultaneously towards both 

predictor and outcome measures. When asked if medical complexity measures needed to be 

captured as outcomes, most key informants agreed that these measures might be better served 

as predictors.  

Additions: Behavioral Health Key informants reported additional available measures of 

suicidality, including the final question of the PHQ-9 screener, the ASQ, and the CCSR 

(although the ASQ was found to be paper-based and therefore not eligible for inclusion). 

Multiple key informants recommended adding a prescription of PrEP, a medication to prevent 

transmission of HIV, as another way to capture higher risk sexual activity, although this variable 

was not adequately captured for the reporting period to be included. Key informants reported 

use of PTSD, trauma and abuse ICD-10 codes in visit diagnoses, which were added to the 

tracked categories. One key informant specifically recommended the CDC Social Vulnerability 

Index for geographic SDOH enrichment, which was adopted. Another key informant expressed 

doubt that zip-code level geographic data would have predictive power in New York City, due to 

the challenge of having public housing complexes or shelters located in affluent areas, and 

recommended use of census tract data if available. This suggestion was also adopted. Key 

informants recommended the addition of tobacco use and vaping as an outcome, and 

suggested that any included substance use screening focus on non-marijuana drug use in 
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particular. Marijuana couldn’t be reliably disaggregated from other substance use in screening 

data. The ultimate SUD variable captured all forms of drug and substance use.  

Another key addition area centered around somatic symptoms, or physical symptoms 

which express underlying distress. In the literature, allergies, dizziness, headache, nausea, 

insomnia, and weight gain or loss are significantly associated with exposure to ACEs. All of 

these symptoms are non-specific, meaning that they are associated with many other things as 

well as ACEs and may not in and of themselves indicate that a child is at elevated risk. As part 

of the key informant interview, key informants were asked whether any of these symptoms rose 

to the level of concern to merit inclusion, in their opinion. All key informants agreed that allergies 

should not be included. Key informants felt that BMI trajectory, and in particular rapid weight loss 

or gain, was cause for concern. Most but not all key informants felt that insomnia was an 

important risk factor. For other symptoms, key informants felt that presence of multiple 

symptoms were an important somatic clue, particularly among diverse populations, as is 

outlined in the text box below.   

Key Informants on the Importance of Somatic Symptoms 

●​ " Especially coming from cultures that don't express emotions, it comes out 

somatically...The ones that are sticking out to me are headache, dizziness and 

insomnia. " 

●​ "I think this gets into our somatizing symptoms. For patients where there's lots going 

on for trauma and mental health, there may be physical symptoms like headache or 

nausea. If you have three symptoms (headaches, GI symptoms, dizziness - those 

would be my top three)... that might be worth considering." 

●​ "I think a lot of patients who present with depression, anxiety or mental health 

concerns often come across as having a lot of somatic complaints like headache or 

belly pain. I think it's hard to pick up in the medical record [but]...one thing I do see a 
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lot in kids is headaches, and that does come up a lot with mental health comorbidities. 

GI symptoms, headache, dizziness/nausea, and insomnia. Those four [are the ones 

where] we typically see issues." 

●​ "The ones I think should stay would be insomnia, headaches/migraines and GI 

symptoms, as well as if there's been any shift in the BMI percentile. " 

●​ "I think headache or insomnia are vague complaints. People with vague complaints 

likely have anxiety or depression, so maybe that's worth including." 

●​ "Dizziness, nausea - they definitely can be muddy but I wouldn't eliminate them." 

Key informant feedback was synthesized as the presence of 2 or more symptoms among 

insomnia, headache and GI issues, using diagnoses. BMI trajectory (top or bottom 5%) was 

included as a separate outcome.  

Areas of Mixed Feedback: Utilization   Some key informants felt that utilization data 

would also act as an important proxy outcome for medical complexity, with the suggestions to 

include number of primary care visits, number of specialty visits, and number of different types 

of specialists visited. However, key informants were divided about the inclusion of these 

measures as outcomes, particularly the primary care measure, as they felt this might actually be 

measuring the receipt of needed care versus flagging children who were not getting care 

adequate to their risk state. As one key informant said, “With youth, one of the problems is that 

they are not seeking help for their problems.” Another worried that aggregate visit counts 

wouldn’t capture the appropriateness of care: “One of the things I struggle with a little bit, in 

terms of predictors and outcomes, is that you want the right kind of utilization at the right time. 

When you have low value care, whether it's not the right amount of something or too much of 

something, it's a problem.” Key informants did feel more comfortable using very high outpatient 

utilization (>95th percentile) as an outcome. Ultimately, this study used the number of primary 

care visits as a predictor but not as an outcome, and tested >85th percentile specialty visits at 
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H+H as an outcome. Counting the number of different specialists visited was not feasible with 

currently available data.  

Areas of Mixed Feedback: Bias and Behavioral Health Measures  The issue of bias in 

healthcare was a key concern among key informants. Despite a very lively conversation about 

whether to include race/ethnicity in predictive and clinical algorithms that is currently underway 

in academia, key informants did not object to the use of race/ethnicity within the H+H adolescent 

risk algorithm. Key informants recognized the impact of the lived experience of racism: “In that 

socio-ecological model, one of the things I would put in there is racism. Because it's really 

big…having switched my practice to central Harlem where my patients are mostly black from 

[facilities] where it was mostly hispanic, the impact of racism is mind-boggling."  Concerns about 

bias extended to bio-measures, which might be ordered differentially. For example, two key 

informants suggested including positive urine toxicology results, but one key informant was 

concerned about bias in toxicology screening orders, with screens more likely to be ordered for 

Black youth. That variable was ultimately not included because data were not available.   

The most lively conversation centered around bias and aggression-associated visit 

diagnoses. Five providers and all teen key informants felt that aggression-related diagnoses 

should be included as predictors of outcomes in some form. However the majority of providers 

expressed ambivalence about including a variable that has been robustly been shown in the 

literature to be differentially assigned as a label to children of color, particularly Black children - 

see text box below.  

Key Informants on Aggression-Related Disorders and Bias  

●​ "I don't really like these terms. It's a little tricky. I'm of two minds. If anyone is coming in 

with a primary diagnosis of aggression or behavioral health problems, inherently 

there's going to be bias, especially around kids who are BIPOC and marginalized. I 

hesitate to include it in an algorithm because of the implicit bias. Underlying them are 
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depression, anxiety and underlying trauma - I see these more as symptoms and not a 

diagnosis." 

●​ "I don't like the ODD diagnosis. I think that underneath, when you look at ODD, this 

comes out in more of skipping school, getting into fights. I think you want to be more 

concrete with the behavior so that it's not judgemental...Acting out is acting to get a 

need met...I don't know what the options are, but if we could pull out behaviors [it's 

better]. If we do the ODD diagnosis, it's already creating bias." 

●​ "There is a lot of bias in the diagnosis, but it doesn't mean that there's not a problem if 

it's there [and this kid needs more support.] I will say, having switched my practice to 

central Harlem...it's mind-boggling the impact of racism. It’s unbelievable how many 

kids have school dysfunction and behavioral issues, and then get an identity around 

[it]." 

●​ "I can understand why [it's controversial] - this is also baked into racism and how we 

document in the EMR, and need to be really thoughtful about it. And so much of this is 

also associated with autism. That's a whole other bag of worms as well. Similarly to 

our non-specific things associated with ACEs, is there a certain threshold where this 

doesn't become noise and signals an issue? And is this also correlated with high ED 

or IP numbers?" 

Key informants identified several proxy measures for aggression, such as psychiatric ED or 

Inpatient visits, which could be used in place of aggression-related diagnoses. As stated by one 

provider, “"ED visits potentially related to [aggression], and psychiatric [issues] overlap here. 

You're going to have parents or caregivers sending a teen who is out of control to the psych 

emergency room." Another provider suggested that aggression-related disorders might often 

occur with other conditions that could more accurately be captured, “like autism, 

schizophrenia/affective disorder, bipolar, or major depression with psychosis.” Providers also 
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flagged common alternative diagnoses, such as parent-child conflict that might more robustly 

get at the underlying challenge. Ultimately, conduct disorder and psychosis were both included 

in a composite serious mental illness prediction flag, in addition to PCI and behavioral health 

utilization flags.  

Missing Data Key informants lamented the lack of standardized documentation around 

school difficulties such as documentation of an IEP, which they felt were key predictors and 

outcomes in and of themselves. As one key informant stated, “I don't know that there's any way, 

[but I’d want to capture] kids who are struggling in school. That's not necessarily in the EMR, but 

if they're having a hard time at school, they're more likely to get into trouble in other ways, [like] 

maybe using drugs, hanging out in the streets, or getting involved in gang activities." Bullying 

was a key area of risk for adolescents that all felt was missing from the EHR.  Multiple key 

informants also felt that social media and phone use were important but missing data that are 

not well captured within the EMR.  

Summary The key informant process was an invaluable component of the inquiry. The 

key informants clarified ambiguous areas, affirmed the overall approach and direction of the 

inquiry, and highlighted essential additional outcomes and predictors that were added to the 

candidate variable list. They also identified areas where data entry was likely too heterogeneous 

or sparse to use.  Where data availability allowed,  outcome domains and measures 

recommended by the key informants were included in the study. Where data were not available, 

or exploratory data analysis showed that no data were recorded for a given domain, the variable 

was not included despite key informant recommendations. Additional details are available by 

domain in the Key Informant Measure Ratings table.   

Table: Key Informant Measure Ratings 
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Domain Variable Averag

e Key 

Inf. 

Score 

N Action 

ADHD ADHD Dx 3.1 1

0 

Included 

Alcohol Use 

Disorder 

Alcohol Use 

Disorder Dx  

3.9 1

0 

Included and augmented w/screening 

Alcohol Use 

Disorder 

Antabuse Rx 2 3 Not included - no Rx recorded in time 

frame 

Depression 

& Anxiety 

Depression Dx 3.6 1

0 

Included and augmented w/screening 

Depression 

& Anxiety 

Anxiety Dx 3.6 1

0 

Included and augmented w/screening 

Higher 

Acute 

Utilization 

# ED Psych Visits 4 6 Collapsed with Non-Psych ED and 

included in 3+ ED Visit Flag + Behavioral 

Health Dx-Specific ED Visits 

Higher 

Acute 

Utilization 

# Inpatient Psych 

Visits 

4 6 Included 

Higher 

Acute 

Utilization 

# ED Visits 3.4 1

0 

Collapsed with Non-Psych ED and 

included  
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Higher 

Acute 

Utilization 

# Inpatient Visits 3.1 1

0 

Included 

Higher 

Acute 

Utilization 

# PC-sensitive 

ED Visits 

2.8 1

0 

Not included - poor quality data without 

external tool 

Higher Risk 

Sexual 

Behavior 

Pregnancy/Live 

Birth/Abortion Dx 

3.8 1

0 

Included in pregnancy flag 

Higher Risk 

Sexual 

Behavior 

Prenatal/Abortion

/Miscarriage Visit 

3.9 1

0 

Included in pregnancy flag 

Higher Risk 

Sexual 

Behavior 

STI Dx 3.9 1

0 

Included in STI flag 

Higher Risk 

Sexual 

Behavior 

Positive STI Lab 

Result 

3.9 1

0 

Included in STI flag 

Higher Risk 

Sexual 

Behavior 

PrEP Rx 3.3 6 Not included - no Rx recorded in time 

frame 

Key 

Informant 

Addition 

Disordered 

Eating Dx 

3.7 1

0 

Included 
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Key 

Informant 

Addition 

# Rx 

(Polypharmacy) 

2.5 8 Not included - not feasible in EHR data. 

Proxy captured in comorbidity index. 

Key 

Informant 

Addition 

>11 Outpatient 

Visits 

3.2 5 Included - changed to 5+ visits to align to 

85th percentile at HH 

Key 

Informant 

Addition 

# Specialty Visits 3.1 8 Collapsed with above 

Lower PC 

Utilization 

# 

No-Show/Cancel

ed PC Visits  

3.1 1

0 

Not included - poor quality data   

Lower PC 

utilization 

No Well-Child 

Visit   

2.5 1

0 

Included as proxy for loss-to-follow-up in 

outcome year 

Lower PC 

utilization 

# Primary Care 

Visits 

2.4 5 Included as predictor but not outcome 

Poor 

Asthma 

Control 

Persistent 

Asthma Dx 

3.1 1

0 

Included for ED visits only - key informants 

felt poor control was the source of risk, 

and other measures of poor control not 

available. 

Substance 

Use 

Disorder 

Substance Use 

Disorder Dx 

3.9 1

0 

Included and augmented w/screening 
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Substance 

Use 

Disorder 

Positive Urine 

Toxicology Result 

3.3 7 Not included - concerns about stigma and 

low data availability 

Substance 

Use 

Disorder 

Urine Toxicology 

order 

2.5 4 Not included - concerns about stigma and 

low data availability 

Substance 

Use 

Disorder 

Buprenorphine or 

Methadone Rx 

4 5 Not included - no Rx recorded in time 

frame 

Substance 

Use 

Disorder 

Chem. 

Dependency or 

Methadone Visit 

3.8 5 Not included - no adolescent visits in 

prediction year 

Suicidality 

& 

Self-Harm 

Suicidal 

Ideation/Attempt 

Dx 

4 1

0 

Included and augmented w/screening 

Suicidality 

& 

Self-Harm 

Self Harm Dx 3.7 1

0 

Collapsed with Suicidality 

Trauma, 

Abuse & 

Maltreatme

nt 

Abuse Visit Dx 4 1

0 

Included 

Trauma, 

Abuse & 

Violent Injury Dx 3.9 1

0 

Included 
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Maltreatme

nt 

Trauma, 

Abuse & 

Maltreatme

nt 

Perpetrator of 

Violence Dx 

3.8 5 Not Included - diagnoses not available. 

Victim of violence diagnoses were 

included instead, within the abuse, trauma 

and neglect composite flag.  

 

Note: adolescent key informants provided feedback on all variable domains but did not score 

individual variables, due to the highly clinical nature of the variables. Max N is therefore 10.  
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Appendix C: Data Dictionary 

 

Domain Variable Var Type Definition 

Abuse, Trauma, 

Neglect  AbuseNeg_23 Outcome 

1 = Positive SSHADESS safety issue 

screening or 1+ visits with a visit 

diagnosis of abuse, maltreatment or 

neglect (AHRQ CCSR) in 2023.  ​

 0 = No positive screen or visit 

diagnosis in 2023 

Abuse, Trauma, 

Neglect dx_eneuresis_23 Outcome 

1 = 1+ visits with a visit diagnosis of 

enuresis or encopresis  (AHRQ 

CCSR) in 2023. ​

 0 = No such visit diagnosis in 2023 

Abuse, Trauma, 

Neglect dx_psychosocial_23 Outcome 

1 = 1+ visits with a visit diagnosis of 

socioeconomic or psychosocial 

difficulties (CCSR, Z60.x - 65.x) in 

2023.​

 0 = no such visit diagnosis in 2023.  

Abuse, Trauma, 

Neglect dx_trauma_ptsd_23 Outcome 

1 = 1+ visits with a visit diagnosis of 

emotional trauma or post traumatic 

stress disorder (CCSR) in 2023. ​

 0 = No such visits in 2023 

Alcohol & 

Substance Use alcohol_23 Outcome 

1 = Positive alcohol use screen or 1+ 

visits with a visit diagnosis of alcohol 

use disorder (PCI) in 2023​
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 0 = No positive screen or visit 

diagnosis in 2023 

Alcohol & 

Substance Use druguse_all_23 Outcome 

1 = Patient screened positive for 

marijuana use or substance use; or 1+ 

visits with a diagnosis of substance 

use (PCI) or overdose (CCSR) in 

2023.​

 0 = No positive screen or visit 

diagnosis in 2023 

Alcohol & 

Substance Use dx_overdose_23 Outcome 

1 = 1+ visits with a visit diagnosis of a 

substance overdose  (AHRQ CCSR) 

in 2023. ​

 0 = No such visit diagnosis in 2023 

Alcohol & 

Substance Use smoke_23 Outcome 

Curform = Patient screened positive 

for current or former tobacco use or 

vaping on SSHADESS screener or 

received 1+ visit diagnoses for 

tobacco use in 2023.​

 Never = no current or former tobacco 

use recorded in 2023.​

 Missing = Smoking status not 

collected or marked as "unknown" in 

2023.  
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Complexity pciflag_23 Outcome 

0 = 0-2 score on the Pediatric 

Comorbidity Index for 2023, aka 

patient in the bottom 75th percentile of 

adolescents at H+H​

 1 = 3-4 score on the Pediatric 

Comorbidity Index for 2023​

 2 = 5+ score on the Pediatric 

Comorbidity Index for 2023, aka in the 

top 94th percentile of adolescents at 

H+H (closest integer to 95th)  

General Chronic 

Disease dx_sicklecell_23 Outcome 

1 = 1+ visits with a visit diagnosis of 

sickle cell disorder (AHRQ CCSR) in 

2023.  Note that PCI category was not 

used because it includes sickle cell 

trait, which this definition does not.​

 0 = No such visit diagnosis in 2023 

Healthy Eating bmitraj_23 Outcome 

1 = Patients' change in BMI from 2022 

to 2023 was <5th percentile or >95th 

percentile of adolescents with a BMI 

measured at H+H in 2022 and 2023.​

 0 = Patient not in top or bottom 5% of 

BMI trajectory change from 2022 to 

2023.  
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Healthy Eating 

dx_eatingdisorder_

pci_23 Outcome 

1 = 1+ visits with a visit diagnosis of 

eating disorders  (PCI) in 2023. ​

 0 = No such visit diagnosis in 2023 

Healthy Eating 

dx_weightloss_pci_

ed23 Outcome 

1 = 1+ visits to the Emergency 

Department for weight loss (PCI) in 

2023. ​

 0 = No such ED visits in 2023 

Mental Health anxiety_23 Outcome 

1 = Patient screened positive on the 

GAD-7 or 1+ visits with a visit 

diagnosis of anxiety (PCI) in 2023.​

 0 = No positive screen or visit 

diagnosis in 2023 

Mental Health depression_23 Outcome 

1 = Patient screened positive on the 

PHQ-9 or 1+ visits with a visit 

diagnosis of depression (PCI) in 2023.​

 0 = No positive screen or visit 

diagnosis in 2023 

Mental Health 

dx_anxiety_pci_ed2

3 Outcome 

1 = 1+ visits to the Emergency 

Department for anxiety (PCI) in 2023. ​

 0 = No such ED visits in 2023 

Mental Health 

dx_depression_pci_

ed23 Outcome 

1 = 1+ visits to the Emergency 

Department for depression (PCI) in 

2023. ​

 0 = No such ED visits in 2023 
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Mental Health SMIdx_23 Outcome 

1 = 1+ visits with a visit diagnosis of: 

disordered conduct, obsessive 

compulsive disorder, psychosis, or 

specified personality disorders (PCI); 

or 1+ visits with a diagnosis of having 

witnessed or perpetrated violence 

(AHRQ CCSR) in 2023. ​

 0 = No such visit diagnosis in 2023 

Mental Health somatic_23 Outcome 

1 = Patient had 1+ visits in 2023 for 

two of the following three somatic 

symptom diagnosis categories: sleep 

problems, headache or migraine, 

nausea or vomiting (PCI).​

 0 = Patient did not record 2+ somatic 

symptom diagnoses in 2023. 

Mental Health suicidality_23 Outcome 

1=Patient screened positive for 

suicidality on the CCSR or question 9 

of the PHQ-9, or patient had 1+ visits 

with a suicidality diagnosis (PCI) in 

2023.​

 0 = No screening or diagnosis of 

suicidality recorded in 2023. 

School Challenges DevDelayFlag_23 Outcome 

1 = 1+ visits with a visit diagnosis of: 

chromosomal abnormalities, 

developmental delay or pervasive 

 



PREDICTING ADOLESCENT RISK ​ ​ ​ ​ ​ ​ ​ ​ 200 

developmental disorders (PCI) in 

2023. ​

 0 = No such visit diagnosis in 2023 

School Challenges dx_adhd_pci_23 Outcome 

1 = 1+ visits with a visit diagnosis of 

ADHD  (PCI) in 2023. ​

 0 = No such visit diagnosis in 2023 

School Challenges SchoolProb_23 Outcome 

1 = Challenges in school or poor 

school performance SSHADESS 

screening in 2023 or 1+ visits with a 

visit diagnosis of educational 

difficulties (AHRQ CCSR) in 2023.​

 0= No screening or visit diagnosis 

recorded in 2023.  

Sexual Health 

PREG_DEL_ABO_

MIS_FLAG_23 Outcome 

1 = Pregnancy, delivery, abortion or 

miscarriage documented in 2023.​

 0 = No pregnancy, delivery, abortion 

or miscarriage documented in 2023. 

Sexual Health STI_FLAG_23 Outcome 

1 = Patient tested positive for syphilis, 

chlamydia, gonorrhea; received an 

STI-specific medication prescription, 

or was diagnosed with 1+ STIs in 

2023 (internal H+H grouper, curated 

by Sexual Health providers).​

 0 = No lab, medication or diagnostic 

evidence of STI in 2023. 
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Social 

Determinants dx_lifestyle_23 Outcome 

1 = 1+ visit with visit diagnosis for 

problems relating to lifestyle, habits 

and healthy behaviors (Z72.x family, 

AHRQ CCSR)  in 2023.​

 0 = no such visit diagnosis in 2023. 

Social 

Determinants SDOHneed_23 Outcome 

1 = Patient screened positive for food 

insecurity in SSHADESS or positive 

for any domain on the social 

determinants screener in 2023.​

 0 = No positive social needs recorded 

in 2023. 

Uncontrolled 

Chronic Disease 

dx_asthma_pci_ed2

3 Outcome 

1 = 1+ visits to the Emergency 

Department for asthma (PCI) in 2023. ​

 0 = No such ED visits in 2023 

Uncontrolled 

Chronic Disease 

dx_cardiovascular_

pci_ed23 Outcome 

1 = 1+ visits to the Emergency 

Department for cardiovascular issues 

(PCI) in 2023. ​

 0 = No such ED visits in 2023 

Uncontrolled 

Chronic Disease 

dx_diabetes_pci_ed

23 Outcome 

1 = 1+ visits to the Emergency 

Department for diabetes (PCI) in 2023. ​

 0 = No such ED visits in 2023 

Uncontrolled 

Chronic Disease 

dx_epilepsy_pci_ed

23 Outcome 

1 = 1+ visits to the Emergency 

Department for epilepsy (PCI) in 2023. ​

 0 = No such ED visits in 2023 
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Uncontrolled 

Chronic Disease dx_gi_pci_ed23 Outcome 

1 = 1+ visits to the Emergency 

Department for chronic gastrointestinal 

disease (PCI) in 2023. ​

 0 = No such ED visits in 2023 

Unmet BH Needs 

dx_conduct_pci_ed

23 Outcome 

1 = 1+ visits to the Emergency 

Department for conduct disorder (PCI) 

in 2023. ​

 0 = No such ED visits in 2023 

Unmet BH Needs dx_ocd_pci_ed23 Outcome 

1 = 1+ visits to the Emergency 

Department for obsessive compulsive 

disorder (PCI) in 2023. ​

 0 = No such ED visits in 2023 

Unmet BH Needs 

dx_psychotic_pci_e

d23 Outcome 

1 = 1+ visits to the Emergency 

Department for psychosis (PCI) in 

2023. ​

 0 = No such ED visits in 2023 

Unmet BH Needs 

dx_specpersonality

_pci_ed23 Outcome 

1 = 1+ visits to the Emergency 

Department for specified personality 

disorders (PCI) in 2023. ​

 0 = No such ED visits in 2023 

Unmet 

Developmental 

Needs dx_adhd_pci_ed23 Outcome 

1 = 1+ visits to the Emergency 

Department for ADHD (PCI) in 2023. ​

 0 = No such ED visits in 2023 
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Unmet 

Developmental 

Needs 

dx_chromosomal_p

ci_ed23 Outcome 

1 = 1+ visits to the Emergency 

Department for chromosomal 

abnormalities (PCI) in 2023. ​

 0 = No such ED visits in 2023 

Unmet 

Developmental 

Needs 

dx_congmal_pci_ed

23 Outcome 

1 = 1+ visits to the Emergency 

Department for congenital 

malformations (PCI) in 2023. ​

 0 = No such ED visits in 2023 

Unmet 

Developmental 

Needs 

dx_devdelay_pci_e

d23 Outcome 

1 = 1+ visits to the Emergency 

Department for developmental delay 

(PCI) in 2023. ​

 0 = No such ED visits in 2023 

Unmet 

Developmental 

Needs 

dx_perdevdis_pci_e

d23 Outcome 

1 = 1+ visits to the Emergency 

Department for pervasive 

developmental disorders (PCI) in 

2023. ​

 0 = No such ED visits in 2023 

Utilization ed_flag_23 Outcome 

1 = Patient had 3+ visits to the ED in 

2023 (Source: PCI recommended 

cutoff, verified by key informants)​

 0 = Patient had 0-2 visits to ED in 

2023. 

Utilization 

IP_NONPSYCH_Fl

ag_23 Outcome 

1 = Patient had 2+ visits to inpatient 

setting, not including inpatient 

psychiatric units, in 2023.​
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 0 = Patient had  0-1 visits to 

non-psychiatric inpatient setting in 

2023. 

Utilization 

IP_PSYCH_Flag_2

3 Outcome 

1 = Patient had a visit to a psychiatric 

inpatient unit in 2023.​

 0 = no visits to inpatient psychiatric 

units in 2023.  

Utilization OPvisitFlag_23 Outcome 

1 = Patient had 5+ outpatient visits in 

2023 exclusive of primary care, and 

was therefore in the 95th percentile of 

adolescent outpatient utilization at 

H+H.  ​

 0 = 0-4 outpatient visits in 2023. 

Utilization WCV_FLAG_23 Outcome 

1 = Patient did not attend a Well Child 

Visit in 2023, either because it was 

missed or it was not scheduled.​

 0 = Patient attended a Well Child Visit 

in 2023.  

Abuse, Trauma, 

Neglect dx_abuse_neglect Predictor 

1= Patient had 1+ visits with a visit 

diagnosis of abuse, maltreatment or 

neglect (AHRQ CCSR) in 2022.​

 0 = No such visits in 2022.   

Abuse, Trauma, 

Neglect dx_eneuresis Predictor 

1 = 1+ visits with a visit diagnosis of 

enuresis or encopresis  (AHRQ 
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CCSR) in 2022. ​

 0 = No such visit diagnosis in 2022 

Abuse, Trauma, 

Neglect dx_psychosocial Predictor 

1 = 1+ visits with a visit diagnosis of 

socioeconomic or psychosocial 

difficulties (CCSR, Z60.x - 65.x) in 

2022.​

 0 = no such visit diagnosis in 2022.  

Abuse, Trauma, 

Neglect dx_trauma_ptsd Predictor 

1 = 1+ visits with a visit diagnosis of 

emotional trauma or post traumatic 

stress disorder (CCSR) in 2022. ​

 0 = No such visit diagnosis in 2022 

Abuse/Trauma AbuseorFoster Predictor 

1 = Positive SSHADESS safety issue 

screening or Foster screening or 1+ 

visits with a visit diagnosis of abuse, 

maltreatment or neglect (AHRQ 

CCSR) in 2022.  ​

 0 = No positive screen or visit 

diagnosis in 2022 

Abuse/Trauma 

AbuseorFosterorPs

ychosocial Predictor 

1 = Positive SSHADESS safety issue 

screening or Foster screening or 1+ 

visits with a visit diagnosis of abuse, 

maltreatment, neglect or psychosocial 

issues (AHRQ CCSR) in 2022.  ​

 0 = No positive screen or visit 

diagnosis in 2022 
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Alcohol & 

Substance Use AlcoholDrug Predictor 

1 = Positive alcohol use screen OR 

substance use screen or 1+ visits with 

a visit diagnosis of alcohol use 

disorder or substance use (PCI) or 

overdose (AHRQ CCSR) in 2022​

 0 = No positive screen or visit 

diagnosis in 2022 

Alcohol & 

Substance Use druguse_all Predictor 

1 = Positive substance use screen or 

1+ visits with a visit diagnosis of 

substance use (PCI) or overdose 

(AHRQ CCSR) in 2022​

 0 = No positive screen or visit 

diagnosis in 2022 

Alcohol & 

Substance Use smoke Predictor 

Curform = Patient screened positive 

for current or former tobacco use or 

vaping on SSHADESS screener or 

received 1+ visit diagnoses for 

tobacco use in 2023.​

 Never = no current or former tobacco 

use recorded in 2022.​

 Missing = Smoking status not 

collected or marked as "unknown" in 

2022.  

Alcohol & 

Substance Use alcohol Predictor 

1 = Positive alcohol use screen or 1+ 

visits with a visit diagnosis of alcohol 
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use disorder (PCI) in 2022​

 0 = No positive screen or visit 

diagnosis in 2022 

Complexity PCI Predictor 

Continuous pediatric comorbidity index 

score for 2022, censored at 10+. 

Demographics AGE Predictor Age as of end of 2022 

Demographics English Predictor 

1 = English recorded as patient's 

preferred language.​

 0 = English not recorded as patient's 

preferred language. 

Demographics Insurance Predictor 

if 

(PRIMARY_PAYER_GRP='Commerci

al' or 

PRIMARY_PAYER_GRP='Other') then 

Insurance='Commercial';   if 

(PRIMARY_PAYER_GRP='Medicaid' 

or PRIMARY_PAYER_GRP='Medicaid 

MC' or 

PRIMARY_PAYER_GRP='Medicare 

MC') then insurance='Medicaid'; if 

PRIMARY_PAYER_GRP='Self-pay' 

then insurance='Uninsured' ; 

Demographics Language_lang3 Predictor 

English = patient's preferred language 

listed as English.​

 Spanish = patient's preferred 
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language listed as Spanish.​

 Other = patient's preferred language 

not listed as Spanish or English 

Demographics LGBTQ_FLAG Predictor 

Not LGBTQ+ = patient's sexual 

orientation listed as 

straight/heterosexual and patients' 

gender identity listed as cis female or 

cis male on SOGI screening​

 Missing = Both sexual orientation and 

gender identity SOGI screenings 

missing or unknown/declined to 

answer​

 LGBTQ+ = SOGI screening 

completed for gender identity or 

sexual orientation and NOT equal to 

unknown/declined, 

straight/heterosexual, or cisgender 

Demographics race Predictor 

Hispanic/Latinx = patient's ethnicity 

listed as Hispanic/Latinx.​

 Black or African American = patient's 

race listed as 'Black' and ethnicity not 

listed as Hispanic/Latinx.​

 Asian = patient's race listed as 

'Asian/Native Hawaiian/Pacific 

Islander' and ethnicity not listed as 
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Hispanic/Latinx.​

 White = patient's race listed as 'White' 

and ethnicity not listed as 

Hispanic/Latinx.​

 Other = patient's race and ethnicity 

not listed as any of the above 

categories. 

Demographics SEX Predictor 

Sex at birth, as recorded in 

registration. Captures only Male, 

Female in this sample. 

General Chronic 

Disease dx_asthma_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

asthma  (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

General Chronic 

Disease 

dx_cardiovascular_

pci Predictor 

1 = 1+ visits with a visit diagnosis of 

cardiovascular disease  (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

General Chronic 

Disease dx_diabetes_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

diabetes (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

General Chronic 

Disease dx_epilepsy_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

epilepsy (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

General Chronic 

Disease dx_gi_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

chronic gastrointestinal disease (PCI) 
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in 2022. ​

 0 = No such visit diagnosis in 2022 

General Chronic 

Disease dx_sicklecell Predictor 

1 = 1+ visits with a visit diagnosis of 

sickle cell disorder (AHRQ CCSR) in 

2022.  Note that PCI category was not 

used because it includes sickle cell 

trait, which this definition does not.​

 0 = No such visit diagnosis in 2022 

Healthy Eating 

dx_eatingdisorder_

pci Predictor 

1 = 1+ visits with an eating disorder 

visit diagnosis (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

Healthy Eating dx_obesity_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

obesity (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

Healthy Eating dx_weightloss_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

weight loss (PCI) in 2022. ​

 0 = No such ED visits in 2022. 

Mental Health anxiety Predictor 

1 = Patient screened positive on the 

GAD-7 or 1+ visits with a visit 

diagnosis of anxiety (PCI) in 2022.​

 0 = No positive screen or visit 

diagnosis in 2022 

Mental Health anxietydepress Predictor 

1 = Patient screened positive on the 

PHQ-9 or GAD-7 or 1+ visits with a 

visit diagnosis of depression or anxiety 
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(PCI) in 2022.​

 0 = No positive screen or visit 

diagnosis in 2022 

Mental Health SMI_ADHD_dx Predictor 

1 = 1+ visits with a visit diagnosis of: 

ADHD, disordered conduct, obsessive 

compulsive disorder, psychosis, or 

specified personality disorders (PCI); 

or 1+ visits with a diagnosis of having 

witnessed or perpetrated violence 

(AHRQ CCSR) in 2022. ​

 0 = No such visit diagnosis in 2022 

Mental Health SMIdx Predictor 

1 = 1+ visits with a visit diagnosis of: 

disordered conduct, obsessive 

compulsive disorder, psychosis, or 

specified personality disorders (PCI); 

or 1+ visits with a diagnosis of having 

witnessed or perpetrated violence 

(AHRQ CCSR) in 2022. ​

 0 = No such visit diagnosis in 2022 

Mental Health dx_conduct_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

conduct disorder  (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

Mental Health dx_ocd_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

obsessive compulsive disorder (PCI) 
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in 2022. ​

 0 = No such visit diagnosis in 2022 

Mental Health dx_psychotic_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

psychosis (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

Mental Health dx_violence Predictor 

1 = 1+ visits with perpetration of 

violence-related diagnosis (CCSR, 

r45.x, 46.x) in 2022.​

 0 = no such visit. 

Mental Health somatic Predictor 

1 = Patient had 1+ visits in 2022 for 

two of the following three somatic 

symptom diagnosis categories: sleep 

problems, headache or migraine, 

nausea or vomiting (PCI).​

 0 = Patient did not record 2+ somatic 

symptom diagnoses in 2022. 

Mental Health suicidality Predictor 

1=Patient screened positive for 

suicidality on the CCSR or question 9 

of the PHQ-9, or patient had 1+ visits 

with a suicidality diagnosis (PCI) in 

2022.​

 0 = No screening or diagnosis of 

suicidality recorded in 2022. 

Mental Health Depression Predictor 

1 = Patient screened positive on the 

PHQ-9 or 1+ visits with a visit 
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diagnosis of depression (PCI) in 2022.​

 0 = No positive screen or visit 

diagnosis in 2022 

PCI Other dx_anemia_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

anemia-related disorders, including 

sickle cell trait and sickle cell disease  

(PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

PCI Other dx_injuries_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

injury (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

PCI Other dx_joint_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

joint disorders (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

PCI Other dx_menstrual_pci Predictor 

1 = 1+ visits with a visit diagnosis 

related to menstrual-related problems 

(PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

PCI Other dx_migraine_pci Predictor 

1 = 1+ visits with a visit diagnosis 

related to headache or migraine (PCI) 

in 2022. ​

 0 = No such visit diagnosis in 2022 

PCI Other 

dx_nauseavomit_pc

i Predictor 

1 = 1+ visits with a visit diagnosis 

related to nausea or vomiting (PCI) in 
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2022. ​

 0 = No such visit diagnosis in 2022 

PCI Other dx_pain_pci Predictor 

1 = 1+ visits with a visit diagnosis of a 

pain-related disorder (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

PCI Other dx_sleep_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

insomnia or a sleep disorder (PCI) in 

2022. ​

 0 = No such visit diagnosis in 2022 

School Challenges DevDelayFlag Predictor 

1 = 1+ visits with a visit diagnosis of: 

chromosomal abnormalities, 

developmental delay or pervasive 

developmental disorders (PCI) in 

2022. ​

 0 = No such visit diagnosis in 2022 

School Challenges dx_adhd_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

ADHD  (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

School Challenges 

dx_chromosomal_p

ci Predictor 

1 = 1+ visits with a visit diagnosis of 

chromosomal abnormalities  (PCI) in 

2022. ​

 0 = No such visit diagnosis in 2022 

School Challenges dx_congmal_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

congenital malformation  (PCI) in 
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2022. ​

 0 = No such visit diagnosis in 2022 

School Challenges dx_devdelay_pci Predictor 

1 = 1+ visits with a visit diagnosis of 

developmental delay (PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

School Challenges dx_education Predictor 

1 = 1+ visits with a visit diagnosis of 

problems related to education and 

literacy (Z55.x family, AHRQ CCSR) in 

2022.​

 0 = no such visit diagnosis in 2022. 

School Challenges dx_perdevdis_pci Predictor 

1 = 1+ visits with a visit diagnosis of a 

pervasive developmental disability 

(PCI) in 2022. ​

 0 = No such visit diagnosis in 2022 

School Challenges SchoolProb Predictor 

1 = Challenges in school or poor 

school performance SSHADESS 

screening in 2022 or 1+ visits with a 

visit diagnosis of educational 

difficulties (AHRQ CCSR) in 2022.​

 0= No screening or visit diagnosis 

recorded in 2022.  

Sexual Health Risky_sex Predictor 

1 = Patient screened positive for STI 

(see STI definition) or received care 

for delivery, abortion or miscarriage in 

2022. Note that pregnancy is not 
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included in the definition, because of 

the potential for data leakage to 2023.​

 0 = no evidence of positive STI or 

delivery, abortion or miscarriage in 

2022.  

Sexual Health STI_FLAG Predictor 

1 = Patient tested positive for syphilis, 

chlamydia, gonorrhea; received an 

STI-specific medication prescription, 

or was diagnosed with 1+ STIs in 

2022 (internal H+H grouper, curated 

by Sexual Health providers).​

 0 = No lab, medication or diagnostic 

evidence of STI in 2022. 

Social 

Determinants dx_lifestyle Predictor 

1 = 1+ visit with visit diagnosis for 

problems relating to lifestyle, habits 

and healthy behaviors (Z72.x family, 

AHRQ CCSR)  in 2022.​

 0 = no such visit diagnosis in 2022. 

Social 

Determinants HOMELESS_FLG Predictor 

1 = Patient appeared on H+H registry 

of patients experiencing 

homelessness within 12 months of a 

2022 visit.​

 0 = Patient did not appear on H+H 

registry of patients experiencing 

homelessness in this time frame. 
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Social 

Determinants Housing Predictor 

1 = Patient home address matched to 

NYCHA Housing OR Patient appeared 

on H+H registry of patients 

experiencing homelessness within 12 

months of a 2022 visit.​

 0 = Patient did not appear on H+H 

registry of patients experiencing 

homelessness or match to NYCHA 

housing in this time frame. 

Social 

Determinants NYCHA_FLG Predictor 

1 = Patient's home address matched 

with a known NYCHA public housing 

property in 2022.​

 0 = Patient's home address did not 

match with NYCHA. 

Social 

Determinants resilience Predictor 

1 = Patient reported exercise or 

positive sources of social support in 

SSHADESS screening.​

 0 = SSHADESS screening complete 

but social support or exercise not 

reported​

 Missing = SSHADESS screenings not 

completed.  

Social 

Determinants SDOHall Predictor 

1 = positive for variables sdohneed=1 

or HOMELESS_FLG=1 or 

NYCHA_FLG=1 or dx_lifestyle= 1.​
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 0 = not positive for any of those social 

variables. 

Social 

Determinants SDOHneed Predictor 

1 = Patient screened positive for food 

insecurity in SSHADESS or positive 

for any domain on the social 

determinants screener in 2022.​

 0 = No positive social needs recorded 

in 2022. 

Social 

Determinants SVI_EP_CROWD Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level residential crowding 

(EP_CROWD) 

Social 

Determinants SVI_EP_HBURD Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level Housing Cost Burden 

(EP_HBURD) 

Social 

Determinants SVI_EP_LIMENG Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level English Language 

Proficiency (EP_LIMENG) 

Social 

Determinants SVI_EP_NOHSDP Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level No High School Diploma 

(EP_NOHSDP) 
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Social 

Determinants SVI_EP_NOINT Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level No broadband internet 

(EP_NOINT) 

Social 

Determinants SVI_EP_POV150 Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level Below 150% Poverty 

(EP_POV150) 

Social 

Determinants SVI_EP_SNGPNT Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level Single-Parent Households 

(EP_SNGPNT). 

Social 

Determinants SVI_EP_UNEMP Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level Unemployed (EP_UNEMP) 

Social 

Determinants SVI_EP_UNINSUR Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level No Health Insurance 

(EP_UNINSUR) 

Social 

Determinants SVI_RPL_THEME1 Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 

tract-level score for socioeconomic 

needs (RPL_THEME1) 

Social 

Determinants SVI_RPL_THEME2 Predictor 

Log transformed continuous Social 

Vulnerability Index measure of census 
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tract-level score for household 

characteristics (RPL_THEME2) 

Social 

Determinants SVI_RPL_THEMES Predictor 

Log transformed continuous Social 

Vulnerability Index measure of zip 

code level Overall Ranking within NYS 

(RPL_THEMES) 

Utilization BHvisitFlag Predictor 

1= Had an outpatient behavioral 

health visit in 2022​

 0= did not have an outpatient BH visit 

in 2022 

Utilization ED Predictor 

Number of ED visits in 2022 

(continuous) 

Utilization ED_cat Predictor 

Continuous number of ED visits in 

2022, censured at 5+ (representing 

99% of the sample). 

Utilization 

ED_NONPSYCH_c

at Predictor 

Continuous number of ED visits to a 

non-psychiatric unit in 2022, censured 

at 5+ (representing 99% of the 

sample). 

Utilization 

ED_NONPSYCH_Fl

ag Predictor 

1 = Patient had 3+ visits to a 

non-psychiatric unit of the ED in 2022 

(Source: PCI recommended cutoff, 

verified by key informants)​

 0 = Patient had 0-2 visits to ED in 

2022. 
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Utilization ED_PSYCH_Flag Predictor 

1 = 1+ visits to an emergency 

department psychiatric unit in 2022.​

 0 = no such visits in 2022. 

Utilization IP Predictor 

Continuous number of inpatient visits 

in 2022. 

Utilization IP_flag Predictor 

1 = 1+ inpatient visits in 2022.​

 0 = no inpatient visits in 2022. 

Utilization OPvisitCat Predictor 

Continuous number of specialty 

outpatient visits, censored at 10+. 

Utilization OPvisitFlag Predictor 

1 = Patients with 5+ specialty 

outpatient visits not including primary 

care, in 2022 (representing 95th 

percentile of H+H adolescents).​

 0 = Patient had 0 -4 specialty visits in 

2022. 

Utilization PCvisitCat Predictor 

Continuous 2022 primary care visits, 

censored at 20+. 

Utilization PCvisitCat5 Predictor 

Continuous 2022 primary care visits, 

censored at 5+. 

Utilization WCV_FLAG Predictor 

1 = Patient had a Well Child Visit in 

2022.​

 0 = Patient did not  have a Well Child 

Visit in 2022.  
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Appendix D: TRIPOD+AI Checklist 
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Appendix E: IRB Approval 
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