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Using Social Risk Scores  
to Predict Unnecessary  
Healthcare Utilization
A DataGen Market Report

225% better prediction  
of unnecessary ED use by ZIP code p. 6

Aggregated social risk correlates to a  
96% increase in low birth weight  p. 10

The many risk factors that impact  
uncontrolled diabetes  p. 15

LOOK INSIDE



2   |   Using Social Risk Scores to Predict Unnecessary Healthcare Utilization     © 2022 DataGen, Inc.

Executive summary

Match more cost drivers to more social risk, reliably

Two realities can no longer be ignored: 

 For many health conditions, social  
determinants of health drive  
outcomes more than clinical care.

 SDOH risks are deeply intertwined 
with clinical care.

These realities make SDOH a clear  
priority, but it remains burdened by  
unanswered questions: What should we  
do first? Who should we partner with?  
How do we create sustainable change? 

Finding quality data sources you can trust 
is another challenge. At DataGen, we  
do this work for you to help you develop a 
new standard of care.

From January to May 2022, DataGen  
analyzed whether SDOH data combined 
with claims data demonstrated greater 
value than claims data alone. The answer 
was yes, via a deep dive into three  
high-cost, frequently preventable drivers:

• unnecessary emergency department 
utilization;

• hospitalization for low birth weight; and

• hospitalization for uncontrolled 
diabetes.

1 

2
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Key findings

Claims+ is our term for the combination of SDOH, claims data and analytics. Claims+ 
demonstrates clear value in the areas of description, prediction, correlation and variation, 
using claims data as a key variable. 

Using SDOH data licensed from our partner, Socially Determined, in conjunction with 
claims data sourced from SPARCS, Claims+:

• identified ZIP code variation up to 225% better;

• predicted adverse utilization up to 17% better;

• correlated social risk with an up to 149% increase in improper visits; 

• pinpointed the single SDOH risk factor that contributed most within each ZIP code; and 

• quantified the combined impact of all risk factors.

This analysis included five social domains: 

ECONOMIC TRANSPORTATIONFOOD HEALTH LITERACY HOUSING

Executive summary, continued
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compared to claims-only data

Data that work harder — and smarter

According to a 2021 Population Health Management analysis, two strategies determine 
whether companies can help improve SDOH outcomes: measuring SDOH broadly across 
multiple domains and measuring individual domains with depth and specificity.1

DataGen’s claims-based analytics combined with Socially Determined data and metrics 
achieve both.  

Value means more than you think

The right social risk data applied in the best ways can be the difference between health 
equity and continued disparity, improved or failing outcomes and interventions that thrive 
or founder. 

This is the essence of value, with one missing component: the time, talent and energy of 
every person in your organization who is deeply committed to achieving health equity.

The following three case studies demonstrate how to build that journey, together.

PREDICTION VARIATION CORRELATION

Executive summary, continued
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ED visits

Adverse ED visits are nearly 50,000 higher per 100,000 residents in high-
risk versus low-risk ZIP codes. DataGen’s analysis can improve predictions of 
unnecessary utilization variation by 225%.

There are many reasons why a person ends 
up in the emergency room. While accidents 
happen, some visits are preventable and 
often due to both medical and social factors.

A heart attack or stroke that arises sud-
denly may have been a long time coming 
due to dietary deficiencies and lack of 
exercise, factors often correlated with low 
income or lack of health literacy. 

Factors like these are why preventable ED 
use is a primary driver of excess healthcare 
spending2 and why it is a massive opportu-
nity for hospital cost savings when social 
risk analysis is applied.3

DataGen’s ED visit analysis demonstrates 
that when social risk is added to claims 
data, it is a much better predictor of 
adverse use overall within defined ZIP codes.
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Visualization of the relationship between Socially Determined risk metrics and 
ZIP code-level ED visits per 100,000 residents

225%  
Better

17%  
Better

Predictive analytics of variation in ZIP code-level ED visits per 100,000 
explained by Socially Determined risk metrics

Predictive Validity of Claims Relevant Metrics (Population, % Black, % White, % Under Age 18, % Over Age 65)

 RMSE Rsquared MAE

 19814.77 0.0737091 14169.23

Predictive Validity of Socially Determined Risk Scores Plus Claims Relevant Metrics

 RMSE Rsquared MAE

 17975.21 0.2376869 11779.96

The following analysis uses predictive analytics to answer two questions: 1) How much of the variation in the ED Visit metric is explained by the Socially Determined risk 
scores? 2) If we know SD risk scores for a given ZIP code, how well can we predict aggregate ED utilization?

The methodology uses the risk scores to fit a linear model measuring the relationship between SD risk scores and ED visits, consistent with the approach in the regression 
analysis section. The model is fit on 1,718/1,719 observations of the sample, and then used to predict the ED visit outcome on the single observation that was left out. This 
process is repeated 1719 times, leaving out and then predicting each observation in turn. At the end, the results of all these predictions are aggregated to assess accuracy.

To assess the value of the SD metrics above and beyond information that may be found on a claim, two models are used. One model predicts the ED visits metric using 
only information that may be found on a claim, specifically age and demographic information. Specifically, this model uses ZIP code-level population, % Black, % White, 
% under 18 and % over 65, and NYC residence to to predict ED visits. A second predictive model adds the five SD risk scores to these six claims relevant metrics, to 
produce a model with 11 predictors capturing both claims relevant factors and social risk metrics. The improved performance of this model over the basic claims relevant 
model is used to demonstrate the value add of the SD risk score metrics.

The predictive model with only claims relevant metrics explains 7.4% of the variation in ZIP code-level ED visits, while the model with both SD risk scores and claims 
relevant metrics explains 23.7%, a 225% improvement.

The model with both SD risk scores and claims relevant metrics predicts ED visits to within .57 standard deviations or 34% of the true value, compared to .69 standard 
deviations and 41% for the model with only claims relevant information, a 17% improvement.

The above graphic visualizes the relationship between a composite Socially Determined risk metrics and ZIP code-level ED visits per 100,000 residents. The composite risk score was created by averaging all five Socially 
Determined risk scores (Economic, Food, Housing, Transportation, and Health Literacy), to allow representation of the full spectrum of risk on a single graph. Each data point on the graph represents a single ZIP code, with points 
arranged horizontally from lowest to highest risk, and vertically from lowest to highest ED utilization. The blue line represents the average number of ED visits per 100,000 residents at each incremental level of risk. The graph 
shows disproportionately higher levels of ED utilization as risk rises, especially approaching the elevated risk threshold (risk score greater than or equal to four). The blue line shows an elevated level of ED utilization of nearly 
50,000 visits when comparing the lowest risk ZIP codes to the highest risk.

ED visits, continued

Identification 
of preventable 
use variation 
by ZIP code
Using Claims+ 
vs. claims alone

Ability to predict 
unnecessary  
ED visits
Using Claims+ 
data

V A R I A T I O N

P R E D I C T I O N
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149%  
Increase

ED visits across all factors
Nearly 45K more visits identified with Claims+ data

Lack of  
Health  
Literacy

Regression analysis of the relationship between Socially Determined risk 
metrics and ZIP code-level ED visits per 100,000 residents

The above table provides the results of a regression analysis of the relationship between being at elevated risk according to Socially Determined risk scores (risk score greater than or equal to 4) and ED visits per 100,000. Each 
coefficient statistic in the table describes how many additional ED visits per 100,000 can be expected in a given ZIP code that is determined to be at elevated risk for a given risk score metric. The results show that the five SD 
risk metrics are significantly related to the ED visits outcome, both independently and when combined in a single multiple regression model. The strongest relationship is with the health literacy risk score metric. A NYS ZIP code 
determined to be at elevated risk for health literacy challenges will have on average 21,571.30 additional ED visits per 100,000 residents, with the relationship lowering to 15,102.19 visits in a full model including all risk metrics, 
due to possible overlap in the social factors explained by the various SD metrics. Summing across all coefficients in the model, a ZIP code at elevated risk for all five risk domains would have 44,745.22 additional ED visits per 
100,000 residents compared to a baseline of 30,001.17 visits in a ZIP code not at elevated risk for any risk domain, a 149% increase.

Excess ED Visits per 100,000 in ZIP Codes with Elevated Risk According to Socially Determined Risk Metrics

Dependent variable: 

ED Visits

 (1) (2) (3) (4) (5) (6)

Economic 16,873.78**     3,395.54 
 (2,737.22)     (3,101.11)

Food  16,543.21**    6,750.88* 
  (3,135.67)    (2,924.25)

Housing   17,374.60**   11,276.07** 
   (3,014.47)   (2,591.29)

Transportation    9,106.13**  8,220.54** 
    (2,260.29)  (2,129.38)

Health Literacy     21,571.30** 15,102.19** 
     (3,761.44) (3,616.66)

NYC -9,843.63** -3,658.59 -11,046.91** 750.10 -10,920.37** -14,393.40** 
 (2,802.87) (3,071.84) (3,152.22) (3,502.25) (2,953.03) (2,684.13)

Constant 33,399.91** 34,019.48** 32,871.50** 32,367.99** 33,852.01** 30,001.17** 
 (1,558.37) (1,486.70) (1,481.03) (1,274.09) (1,559.09) (1,302.63)

Observations 1,719 1,719 1,719 1,719 1,719 1,719

R2 0.07 0.04 0.08 0.04 0.07 0.16

Adjusted R2 0.06 0.04 0.08 0.03 0.07 0.16

Residual Std.  19,920.67  20,212.30  19,740.85  20,235.00  19,840.89 18,869.78

Error (df = 1716) (df = 1716) (df = 1716) (df = 1716) (df = 1716)  (df = 1712)

Note: +p<0.1; *p<0.05; **p<0.01

Responsible 
for 15,102 
unnecessary 
ED visits
Per 100,000 
ZIP code 
residents

C O R R E L A T I O N

ED visits, continued
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Assessing social risk
Social risk, according to Socially Determined, is a measure of vulnerability as defined by 
specific SDOH. DataGen uses the following six SDOH categories to calculate social risk for 
better outcomes:

CATEGORY DEFINED BY COMMUNITY RISK INFLUENCERS

Finance Strength, resources and resiliency Income, cost of living  
  and opportunity

Food Sufficient access and affordability Healthy foods and  
  food literacy

Health literacy Healthcare access, navigation,  Culture, demographics  
 comprehension and adherence and education

Housing Standard of living Stability, quality, crowding  
  and affordability

Transportation Adequacy related to healthcare Access and proximity

Each category includes drivers that help calculate social risk (little to no risk to severe risk) 
and prioritize need. Multiple data points and sources for each social determinant can help 
hospitals design interventions that transition individuals and communities from struggling to 
thriving.

S O C I A L  R I S K
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Low birth weight

Low birth weight puts newborns at greater risk from day one. Disparities 
amplify their disadvantage every day that follows. Even worse, low birth weight 
contributes to infant morbidity and mortality more than any other factor.4

There is a longstanding history of research 
showing that early interventions like  
prenatal care reduce the prevalence of low 
birth weight.5 Additional research shows 
that inadequate income, education and 
other life stressors — in addition to age, 
race, marital and relationship status, and 
drug abuse — often result in less prenatal 
care and more at-risk births.6-9

These data make it clear that low birth 
weight is another key area where SDOH 
data can save lives and help the healthcare 
delivery system provide care when it 
should. 

DataGen’s analysis shows that hospitals 
can use these data in concert with claims 
data to better predict low birth weight, 
overall and by ZIP code.
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Predictive analytics of variation in ZIP code-level low birth weight newborns 
per 1,000 live births explained by Socially Determined risk metrics

96%  
Increase

Visualization of the relationship between Socially Determined risk metrics and 
ZIP code-level low birth weight newborns per 1,000 live births

Predictive Validity of Claims Relevant Metrics (Population, % Black, % White, % Under Age 18, % Over Age 65)

 RMSE Rsquared MAE

 65.97057 0.0509098 45.41621

Predictive Validity of Socially Determined Risk Scores Plus Claims Relevant Metrics

 RMSE Rsquared MAE

 63.63018 0.1172167 42.99616

The above graphic visualizes the relationship between composite Socially Determined risk metrics and ZIP code-level low birth weight newborns per 1,000 live births. The composite risk score was created by averaging all five 
Socially Determined risk scores (Economic, Food, Housing, Transportation, and Health Literacy), to allow representation of the full spectrum of risk on a single graph. Each data point on the graph represents a single ZIP code, with 
points arranged horizontally from lowest to highest risk and vertically from lowest to highest occurrence of low birth rate per 1,000 live births.. The blue line represents the average number of low birth weight newborns per 1,000 
live births at each incremental level of risk. The graph shows disproportionately higher levels of low birth rate newborns per 1,000 live births as risk rises, especially approaching the elevated risk threshold (risk score greater than 
or equal to four). The blue line shows an elevated level of approximately 75 additional low birth weight newborns when comparing the lowest risk ZIP codes to the highest risk.

The following analysis uses predictive analytics to answer two questions: 1) How much of the variation in the low birth weight metric is explained by the Socially Determined 
risk scores? 2) If we know SD risk scores for a given ZIP code, how well can we predict aggregate low birth weight newborns?

The methodology uses the risk scores to fit a linear model measuring the relationship between SD risk scores and low birth weight newborns, consistent with the approach 
in the regression analysis section. The model is fit on 1,119/ 1,120 observations of the sample, and then used to predict the low birth weight outcome on the single  
observation that was left out. This process is repeated 1,120 times, leaving out and then predicting each observation in turn. At the end, the results of all these predictions 
are aggregated to assess accuracy.

To assess the value of the SD metrics above and beyond information that may be found on a claim, two models are used. One model predicts the low birth weight metric 
using only information that may be found on a claim, specifically age and demographic information. Specifically, this model uses ZIP code-level population, % Black, % 
White, % under 18 and % over 65, and NYC residence to predict low birth weight newborns. A second predictive model adds the five SD risk scores to these six claims 
relevant metrics, to produce a model with 11 predictors capturing both claims relevant factors and social risk metrics. The improved performance of this model over the 
basic claims relevant model is used to demonstrate the value add of the SD risk score metrics.

The predictive model with only claims relevant metrics explains 5.1% of the variation in ZIP code-level low birth weight newborns, while the model with both SD risk scores 
and claims relevant metrics explains 11.7%, a 129% improvement.

The model with both SD risk scores and claims relevant metrics predicts low birth weight newborns to within .63 standard deviations or 42% of the true value, compared 
to .67 standard deviation and 44% for the model with only claims relevant information, a 6% improvement.

Low birth weight, continued

Low birth 
weight across 
all factors
Approximately 
90 more births 
identified with 
Claims+ data per 
1,000 live births

129%  
Better
Identification  
of low birth  
weight variation  
by ZIP code

Using Claims+  
vs. claims alone

V A R I A T I O N

C O R R E L A T I O N
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5%  
Better

Ability to predict LBW incidence
Using Claims+ data

Transportation

Nearly 47 
more LBW 
hospitalizations
Per 1,000 live 
births
Second to  
transportation, 
health literacy 
explained the  
most significant 
LBW risk.

Regression analysis of the relationship between Socially Determined risk 
metrics and ZIP code-level low birth weight newborns per 1,000 live births

The above table provides the results of a regression analysis of the relationship between being at elevated risk according to Socially Determined risk scores (risk score greater than or equal to 4) and low birth weight newborns 
per 1,000 live births. Each coefficient statistic in the table describes how many additional low birth weight newborns can be expected in a given ZIP code that is determined to be at elevated risk for a given risk score metric. The 
results show that the five SD risk metrics are significantly positiviely related to the newborn birth weights. In a model including all five metrics, transportation and health literacy explain the most significant share of risk. The 
strongest relationship is with the transportation risk score metric. A NYS ZIP code determined to be at elevated risk for transportation barriers will have on average 46.78 additional low birth weight newborns, with the relationship 
rising to 47.60 in the full model including all risk metrics. This relationship could be explained if transportation barriers prevent adequate prenatal care leading to prgnancy complications. Summing across all coefficients in the 
model, a ZIP code at elevated risk for all five risk domains would have 91.78 additional low birth weight newborns compared to a baseline of 95.13 in a ZIP code not at elevated risk for any risk domain, a 96% increase.

Excess Low Birth Weight per 1,000 Live Births in ZIP Codes with Elevated Risk According to Socially Determined 
Risk Metrics

Dependent variable: 

Low Birth Weight

 (1) (2) (3) (4) (5) (6)

Economic 31.07**     15.76+ 
 (6.04)     (8.64)

Food  25.46**    7.58 
  (9.56)    (9.68)

Housing   12.97+   -3.35 
   (6.84)   (6.04)

Transportation    46.78**  47.60** 
    (7.44)  (7.08)

Health Literacy     31.69** 24.19* 
     (7.49) (10.22)

NYC -28.96** -17.02 -20.70* -6.78 -26.84** -23.83** 
 (9.67) (10.61) (10.04) (10.56) (9.18) (8.65)

Constant 101.97** 103.79** 103.12** 97.67** 102.68** 95.13** 
 (4.96) (5.03) (5.30) (4.96) (5.05) (4.96)

Observations 1,142 1,142 1,142 1,142 1,142 1,142

R2 0.03 0.01 0.01 0.06 0.02 0.08

Adjusted R2 0.02 0.01 0.01 0.05 0.02 0.08

Residual Std.  66.89 67.40 67.46 65.89 66.98 65.09 
Error (df = 1139) (df = 1139) (df = 1139) (df = 1139) (df = 1139)  (df = 1135)

Note: +p<0.1; *p<0.05; **p<0.01

P R E D I C T I O N

Low birth weight, continued
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What is health equity?
80% of health outcomes are 
dependent on SDOH.10 A lack of 
health equity, however, pervades 
all factors, including access to  
and quality of clinical care.

But what is health equity?  
According to CMS:

“Health equity means the attainment of the highest level of health for all people, where 
everyone has a fair and just opportunity to attain their optimal health regardless of race, 
ethnicity, disability, sexual orientation, gender identity, socioeconomic status, geography, 
preferred language, or other factors that affect access to care and health outcomes.” — CMS11

The challenge is for stakeholders to develop a new standard of care that captures this  
complexity while maximizing resources and investments. An analytics-forward approach 
that combines claims data and social risk data is a start.

H E A L T H  E Q U I T Y

Physical Environment

40%

10%

30%

20%

Socioeconomic Factors

Community  
safety

Education Job 
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Family/
social

support

Income

Health Behaviors

Tobacco 
use

Diet & 
exercise

Alcohol 
use

Sexual 
activity

Healthcare

Access to care 
Quality of care

Physical 
environment
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Uncontrolled diabetes

From the lowest risk ZIP code to the highest, DataGen’s analysis has 
identified 34 more admissions per 1,000 admissions for uncontrolled 
diabetes that could have been prevented.

Uncontrolled diabetes is another preventable 
condition that is strongly related to excess 
care costs12 and SDOH.13 In addition, 
socially vulnerable Medicare Advantage 
members are more likely to be non-compli-
ant with four diabetes-related measures:14

• HbA1c adequate control (<8%)

• Eye exam

• Blood sugar controlled (≤9%)

• HbA1c test

Diabetes care

Interventions that can prevent and/or address these factors are a focus of chronic disease 
management.15

DataGen’s analysis shows that Claims+ data (SDOH + claims) helps hospitals better  
predict admissions tied to uncontrolled diabetes, while shining a light on ZIP code  
variation and the multiple risk factors that contribute to unnecessary utilization. 

-14.8% Diabetes care: HbA1c adequate control (<8%)

Diabetes care: Eye exam

Diabetes care: Blood sugar controlled (<=9%)

Diabetes care: HbA1c test

-9.6%

-8.8%

-1.4%

0.0%-5.0%-10.0%-15.0%
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Predictive analytics of variation in ZIP code-level uncontrolled diabetes 
diagnoses per 1,000 adult inpatient admissions explained by Socially 
Determined risk metrics 

174%  
Better

Predictive Validity of Claims Relevant Metrics (Population, % Black, % White, % Under Age 18, % Over Age 65)

 RMSE Rsquared MAE

 27.05699 0.0428317 20.298

Predictive Validity of Socially Determined Risk Scores Plus Claims Relevant Metrics

 RMSE Rsquared MAE

 25.96784 0.1184146 19.04383

The following analysis uses predictive analytics to answer two questions: 1) How much of the variation in the uncontrolled diabetes metric is explained by the Socially 
Determined risk scores? 2) If we know SD risk scores for a given ZIP code, how well can we predict aggregate uncontrolled diabetes diagnoses?

The methodology uses the risk scores to fit a linear model measuring the relationship between SD risk scores and uncontrolled diabetes diagnoses, consistent with the 
approach in the regression analysis section. The model is fit on 1,616/ 1,617 observations of the sample, and then used to predict the uncontrolled diabetes outcome on 
the single observation that was left out. This process is repeated 1,617 times, leaving out and then predicting each observation in turn. At the end, the results of all these 
predictions are aggregated to assess accuracy.

To assess the value of the SD metrics above and beyond information that may be found on a claim, two models are used. One model predicts the uncontrolled diabetes 
metric using only information that may be found on a claim, specifically age and demographic information. Specifically, this model uses ZIP code-level population, % 
Black, % White, % under 18 and % over 65, and NYC residence to predict uncontrolled diabetes diagnoses. A second predictive model adds the five SD risk scores to 
these six claims relevant metrics, to produce a model with 11 predictors capturing both claims relevant factors and social risk metrics. The improved performance of this 
model over the basic claims relevant model is used to demonstrate the value add of the SD risk score metrics.

The predictive model with only claims relevant metrics explains 4.3% of the variation in ZIP code-level uncontrolled diabetes diagnoses, while the model with both SD risk 
scores and claims relevant metrics explains 11.8%, a 174% improvement.

The model with both SD risk scores and claims relevant metrics predicts uncontrolled diabetes diagnoses to within .69 standard deviations or 31% of the true value, 
compared to .73 standard deviation and 33% for the model with only claims relevant information, a 5% improvement.

Uncontrolled diabetes, continued

Prediction of 
adverse use 
variation by  
ZIP code
Using Claims+  
vs. claims alone

V A R I A T I O N

The above graphic visualizes the relationship between a composite Socially Determined risk metrics and ZIP code-level uncontrolled diabetes diagnoses per 1,000 adult 
inpatient admissions. The composite risk score was created by averaging all five Socially Determined risk scores (Economic, Food, Housing, Transportation and Health 
Literacy), to allow representation of the full spectrum of risk on a single graph. Each data point on the graph represents a single ZIP code, with points arranged horizontally 
from lowest to highest risk, and vertically from lowest to highest uncontrolled diabetes diagnoses. The blue line represents the average number of uncontrolled diabetes 
diagnoses per 1,000 adult inpatient admissions at each incremental level of risk. The graph shows disproportionately higher levels of diagnoses as risk rises, especially 
approaching the elevated risk threshold (risk score greater than or equal to four). The blue line shows an elevated level of approximately 75 additional diagnoses when 
comparing the lowest risk ZIP codes to the highest risk.

58%  
Increase

Visualization of the relationship between Socially Determined risk metrics and ZIP 
code-level uncontrolled diabetes diagnoses per 1,000 adult inpatient admissions

Uncontrolled 
diabetes across  
all factors
Approximately  
33.78 more cases  
per 1,000 adult  
inpatient admissions 
identified with 
Claims+

C O R R E L A T I O N
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Multiple  
Risk Factors

Contribute to 
uncontrolled 
diabetes
Health literacy  
followed by  
economics and 
transportation  
create the  
greatest risk

Regression analysis of the relationship between Socially Determined risk 
metrics and ZIP code-level uncontrolled diabetes diagnoses per 1,000 adult 
inpatient admissions

The above table provides the results of a regression analysis of the relationship between being at elevated risk according to Socially Determined risk scores (risk score greater than or equal to four) and uncontroled diabetes 
diagnoses per 1,000 adult inpatient admissions. Each coefficient statistic in the table describes how many additional diabetes diagnoses can be expected in a given ZIP code that is determined to be at elevated risk for a given 
risk score metric. The results show that the five SD risk metrics are significantly positiviely related to the uncontrolled diabetes diagnoses. In a model including all five metrics, Economic, Transportation and Health Literacy risk 
explain the most significant share of risk. The strongest relationship is with the health literacy risk score metric. A NYS ZIP code determined to be at elevated risk for health literacy challenges will have on average 22.30 additional 
diabetes diagnoses, with the relationship lowering to 17.26 in the full model including all risk metrics, likely due to overlap in risk explained between metrics. Summing across all coefficients in the model, a ZIP code at elevated 
risk for all five risk domains would have 33.78 additional uncontrolled diabetes diagnoses compared to a baseline of 58.24 in a ZIP code not at elevated risk for any risk domain, a 58% increase.

6%  
Better

Ability to predict uncontrolled diabetes
Using Claims+ data

Excess ED Visits per 100,000 in ZIP Codes with Elevated Risk According to Socially Determined Risk Metrics

Dependent variable: Uncontrolled Diabetes

 (1) (2) (3) (4) (5) (6)

Economic 16.13**     6.49* 
 (3.82)     (3.15)

Food  11.87**    3.63 
  (4.20)    (3.66)

Housing   8.53**   1.46 
   (2.89)   (2.64)

Transportation    4.92+  4.94+ 
    (2.65)  (2.68)

Health Literacy     22.30** 17.26** 
     (4.10) (3.83)

NYC -0.76 5.64 2.50 8.27 -2.47 -3.50 
 (6.33) (6.90) (6.74) (6.63) (6.04) (5.92)

Constant 59.79** 60.64** 60.21** 59.98** 60.08** 58.24** 
 (1.94) (1.88) (2.00) (1.94) (1.93) (2.12)

Observations 1,619 1,619 1,619 1,619 1,619 1,619

R2 0.04 0.02 0.02 0.01 0.05 0.06

Adjusted R2 0.04 0.02 0.02 0.01 0.05 0.06

Error 27.12 27.45 27.43 27.51 26.95 26.80 
 (df = 1616) (df = 1616) (df = 1616) (df = 1616) (df = 1616)  (df = 1612)

Note: +p<0.1; *p<0.05; **p<0.01

P R E D I C T I O N

Uncontrolled diabetes, continued
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Social risk impacts multiple areas
SDOH data and analysis are critical for assessing need; creating, implementing and  
measuring interventions; and improving health outcomes and health equity. 

S O C I A L  R I S K  I M P A C T S

In these three areas alone, the impact of SDOH intelligence ranges from lowering total  
cost of care, to reducing unnecessary hospital and ED utilization, to deploying prevention 
and chronic condition care at the right times.

COST UTILIZATION CARE MANAGEMENT
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Conclusion

This is just the beginning

Adverse utilization drives adverse cost — two factors that 
have been the target of value-based care reform for more 
than a decade. The same is now true for health equity 
reform. SDOH, individually and combined, increase risk 
while compromising health outcomes. 

Collectively, DataGen’s analysis has shown:

• Health literacy is a significant risk factor, leading to 
greater preventable utilization for ED, low birth weight 
and uncontrolled diabetes.

• Transportation is a common risk factor in multiple 
areas (low birth weight and uncontrolled diabetes).

• Economic stability is an additional risk factor for 
uncontrolled diabetes.

But this is just part of the story.

Social risk data + claims data  >  Claims alone
Broader studies16 have shown that investing in the  
mitigation of economic SDOH risks had “significant  
positive effects on health outcomes, cost, or both.” 
Housing, food and care coordination also yield positive 
results. Between 2017 and 2019, 917 hospitals put the 
bulk of their $2.5 billion SDOH investment in housing 
and employment assistance. 
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Making a better match
DataGen can help amplify your SDOH strategy  
in three ways:

APPLYING our Claims+ analysis to  
additional problem areas. 

EXPANDING Claims+ to more states by  
integrating additional sources of claims 
data.

EMBEDDING multiple SDOH data sources 
into CHNA Advantage™, our new turnkey 
solution with a customizable Community 
Health Needs Assessment survey, data 
analytics and consulting services.

CHNA Advantage™ incorporates 200 metrics 
from 20+ different domains. These include the 
42 influencer measures across the six domains 
of SDOH community risk that DataGen used to 
create this white paper and which are embedded 
in our analytics-forward approach.

Imagine the possibilities.

1 

2

3 

Conclusion, continued

One Empire Drive, Rensselaer, NY 12144
844.328.2436 | www.datagen.info
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Methodology and references
Data and analysis sources: DataGen statistical analysis; 2021 Socially Determined data; 2019 New York State SPARCS 
hospital claims database, including six data elements: ZIP code-level population, New York City residence and the  
percentage of patients who are Black, White, under age 18 and/or over 65. 

Outputs: 1) Summary statistics of ZIP code-level utilization per 100,000 residents; 2) Relationship between and regression 
analysis of Socially Determined risk metrics and ZIP code-level utilization per 100,000 residents; and 3) ZIP code  
utilization variation prediction by Socially Determined risk metrics per 100,000 residents.
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