Development and Validation of an Individual Socioeconomic Deprivation Index (ISDI) in
the NIH’s All of Us Data Network

Nripendra Acharya, BA', Karthik Natarajan, PhD'
!Columbia University Medical Center, Department of Biomedical Informatics, New York, New
York

1 Background

A little over 15 years ago, the final report produced by the World Health Organization’s Commission on
Social Determinants of Health identified health equity as a key criterion for social and economic policies and
initiatives'->*, which paralleled the growing awareness within the United States that medical care alone cannot
address health disparities without an understanding of the fundamental role of social factors on health*>°, However,
given the multi-domain and dynamic nature of its component factors’®, along with the complex pathways in which
these factors affect health outcomes®!?, social determinants of health (SDOH) can be challenging to assess and
articulate in a clear and measurable framework. Composite indices that aggregate diverse SDOH factors, such as
Area Deprivation Index!'!"!3, Social Vulnerability Index'*, and Community Deprivation Index !, are valuable tools in
providing a quantifiable framework for assessing, monitoring, and comparing health disparities for a variety of
purposes!&171819.20,

In general, composite SDOH indices can include spatially specific environmental variables like water
quality and air-pollution®'2* as well as broadly aspatial socioeconomic variables like education level and income
However, many of the most-widely used socioeconomic deprivation indices in the United States are constrained by
their reliance on constrained census-based neighborhood definitions, the modifiable area unit problem (MUAP)*,
and their dependency on stale and aggregated American Community Survey (ACS) responses?*. Furthermore, these
approaches possess limitations in (1) understanding disparities between subcommunities that exist within a given
area entity?, (2) comparing shared SDOH profiles for patients in disparate geographic regions®®, and (3) effectively
capturing temporal changes for both individual patients and for subcommunities?”2%,

The NIH’s All of Us Research Program (4! of Us) presents an opportunity to construct a composite
individual level socioeconomic index, hereafter referred to as ISDI, using a nation-wide data network that includes
wide-ranging SDOH factors collected at the participant level. In this study, we focus on two aims: (1) the
development of an individual-level socioeconomic deprivation index, and (2) the initial validation of this index. This
validation includes two parts: (1) assessing correlation with an area-approximated index, (2) assessing changes in Al
model performance and accuracy in the context of stratified sampling based on ISDI quintiles.
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2 Methods
2.1 Data Source

This study used the 4// of Us v7 Curated Data Repository (CDR), Controlled Tier Data. Al/ of Us has
created seven surveys, of which three are available to participants to complete right upon initial enrollment.
Furthermore, recent research has shown that missingness was low in A/l of Us baseline surveys, and only 0.2% of
participants skipped all questions in at least one of the baseline surveys.?’ The participant- completed survey
responses were then converted into the OMOP data format using the PPI vocabulary within the OMOP vocabulary.

2.2 Ontology Mapping & Index Construction

The initial step in index construction was domain selection, which was done through extraction of
identified domains from recent systematic reviews and grey literature on area-based socioeconomic deprivation
indices.3%3! The relevant domains identified were income, education, financial stress, household structure, housing
and environment, transportation, insurance, and language barrier. Each domain was then mapped to an OMOP
concept that represented a PPI answer from one of the following survey modules: The Basics, Healthcare Access
and Utilization, Social Determinants of Health, which themselves were originally derived from the CDC’s BRFSS
questionnaire, the Veterans Health Administration’s National Homelessness screening instrument, and the California
Health Interview Survey.
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Figure 1. Ontology mapping framework between relevant SDOH domains (the Deprivation Ontology) and 4// of Us Survey
Artifacts. The final development will use the Delphi method to build consensus.

The initial development and construction of the index may contain some subjectivity in the mapping of the
‘Deprivation Ontology’ (each domain) to relevant survey artifacts, despite the use of the Jaccard Similarity
Coefficient, because it was performed by an individual researcher. Further work is being done to rectify this via
iterative consensus building with domain experts using the Delphi Method. Given the categorical nature of survey
responses at the individual level, this study employed weighted multiple correspondence analysis, which is a well
validated machine learning methodology that acts as a categorical corollary to primary component analysis. A final
raw score was then calculated for each participant, and then the distribution of the scores broken into equal
quintiles.
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Figure 2: Inertia (variance) explained by each component. The weight of each relevant OMOP PPI concept used in combining
socioeconomic domains was calculated using multiple correspondence analysis.

2.3 Validation

First, correlation between the ISDI and the Brokamp ADI was assessed between the mean of the ISDI
aggregated at the 3-digit zip code level and the corresponding 3-digit Brokamp ADI score for each 3-digit zip code.
Although coarse-grained, this is the most refined scale available within the workbench for geographic entity match.
Second, for further validation, this study reconstructed an 4// of Us demonstration project that trained machine
learning models adapted from a highly cited study that found racial bias in health algorithms?2. This demonstration
project is publicly available on the A/l of Us support center and researcher workbench and is designed to predict the
health status of participants following the year of a participant’s enrollment. The inputs to this model include:

» Demographics: age at enrollment, gender, race and ethnicity, insurance, education

» Indicators for active chronic conditions at the enrollment year



»  Biomarkers related to chronic diseases, including blood pressure, A1C, creatinine, hematocrit, and LDL as
indicators: (normal, low, high)

»  Medication: number of unique medications
To better validate ISDI, we assess whether regularizing the data using stratified sampling based on ISDI quintile
changes the model’s performance and accuracy. The motivation for this specific application of ISDI is to assess the
impact of de-biasing data network skewness as it relates to socioeconomic status. For example, each hospital that
comprises of a data network encounters a different population structure, and to this end, AI models trained on these
networks may benefit from regularization.

3 Results

Only participants who completed every relevant identified survey item were included, which was a total of
40,027 participants. The raw ISDI score assigned to each participant was normalized on a scale of 0-10. The
distribution of raw ISDI scores was then split into quintiles, and each participant was assigned an ISDI quintile score
from 1-5, with 5 being the most socioeconomically deprived group. Some of the breakdown of counts and
percentages for the extreme deprivation limits, both high and low are shown in Table 1. These results follow
expected trends: namely, there are greater percentages of high deprivation participants who indicated lower
education attainment, less financial stability, less home ownership, lower income, language barriers, and delayed
care due to transportation. The deviation was a small group of high earners in the high deprivation group.

Table 1. Select breakdown of counts and percentage of low and high deprivation per survey artifact response. This
profile follows expected trends apart from a small group of high earners in the high deprivation group.
Quintile 1 (Low Deprivation) Quintile 5 (High Deprivation)

Deprivation Category Count (n) Percent (%) Count (n) Percent (%)
Highest Education Attainment
Advanced Degree 4849 58.5 1891 23.6
College Graduate 3446 41.5 2217 27.7
College 1-3 Years 0 0 1022 12.7
Grades 5-8 0 0 52 0.6
Grades 1-4 0 0 <30 -
Financial Stability & Pressure
No 8295 100 5781 72.1
Yes <30 - 2237 279
Housing Status
Own Home 8295 100 2869 35.8
Rent Home <30 - 5149 64.2
Other Language
Yes 0 0 2191 27.3
No 8295 0 5827 72.7
Transportation
Delayed Care Due to Transportation: Yes 0 0 1578 19.7
Delayed Care Due to Transportation: No 8295 100 6440 80.3

The correlation between the ISDI and the Brokamp ADI is assessed at a relatively large geographic area
approximation. Due to privacy and reidentification concerns, 4// of Us currently only has the 3-digit zip code and its
corresponding Brokamp ADI available for each participant. Again, this external data element is derived from ACS
and an area approximation, and to this extent is more coarsely refined than ISDI which is constructed on an
individual scale. This may explain the weak correlation seen in Figure 3. Finer area approximations may yield a
stronger correlation, further validation may be explored to this extent.
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Figure 3. ISDI-ADI Correlation at the 3-digit zip code area entity. A comparison between the mean ISDI and the mean Brokamp
ADI using a coarse geographic area approximation.

The last component of the analysis was the re-creation of an A/l of Us demonstration project derived from a highly
cited study regarding racial bias in health algorithms®2. The machine learning models were first trained normally
using the standard train-test split. Then these same models were also trained with ISDI normalization (in this case:
stratified sampling based on ISDI quintile). Table 2 demonstrates that although the accuracy of the models did not
change, the AUC did decrease post-ISDI normalization for both logistic regression and random forest models. This
may mean the model is becoming less discriminatory, which some literature indicates a more fair AI model across
demographic groups®*. Interestingly, when regularization was removed (L2), AUC increased regardless of ISDI
normalization.

Table 2. Comparison of Accuracy and Area Under the Curve (AUC) Pre- and Post-ISDI Normalization. Notably While accuracy
is maintained, AUC decreases post normalization, which is aligned with the notion that addressing biases may lead to fairer
models which may also be less discriminatory across demographic groups.

Pre ISDI Post ISDI

Normalization Normalization
LR Accuracy | 0.983 | LR Accuracy | 0.983
L2 Regularization LR AUC 0.581 LR AUC 0.562
LR Accuracy | 0.983 | LR Accuracy | 0.983
No Regularization LR AUC 0.610 LR AUC 0.559
L2 Regularization with Varied Penalty LR Accuracy | 0.983 LR Accuracy 0.983
Strength LR AUC 0.583 LR AUC 0.563
RF Accuracy | 0.975 | RF Accuracy 0.975
Random Forest RF AUC 0.887 RFAUC 0.841




Feature Importance: Pre vs. Post ISDI Normalization
Pre ISDI Normalization Importance [l Post ISDI Normalization Importance

LDL Mean
Annual Income: More than

0K [
Annual Income: 100K -
150K

Race: Black

Race: Skip
Procedure Number
Race: None _
Insurance:
Medicare/Medicaid
Gender: Man

Feature

Creatinine: Min
A1C: MIN

SBP: MIN
Hematocrit: MIN

Insurance: Other

1111111

Creatinine Counts

0.05 0.10 0.15 0.20 0.25

o —
<]

0.

Figure 4. Comparison of the Pre- and Post- ISDI Normalization feature importance. Notably, although overall AUC was reduced,
the importance of the certain features (e.g. ‘Race: Black’) went up.

Finally, Figure 4 compares the pre and post ISDI normalization feature importance, which can be
interpreted in the context of the reduction of overall AUC from ISDI normalization. Features such as ‘Race: Black’
and ‘Insurance: Medicare/Medicaid’ became more important post normalization. The highlighted section indicates
reordering of feature importance ranking pre and post normalization.

4 Discussion

This study builds on a body of work around indexing complex SDOH factors into composite area based
deprivation measures. It extends this work into the development of an individual socioeconomic deprivation index
(ISDI) constructed on a heterogenous data network designed to recruit UBR populations and capture its data
diversity. Such an approach to indexing may have numerous unanticipated use cases in the context of precision
medicine. The use of the ISDI to normalize a dataset for Al model training had tangible differences in AUC, while
preserving accuracy, and simultaneously increasing the importance of features like ‘Race: Black’. This can have
multiple interpretations, and further validation will be needed across various models and contexts, nonetheless some
literature has suggested such a trend can be interpreted in the context of making Al models more ethical®>,

A shortcoming of the initial development and construction of the index was the subjectivity in mapping the
‘Deprivation Ontology’ (each domain) to relevant survey artifacts, despite the use of the Jaccard Similarity
Coefficient. Further work is being done to rectify this via iterative consensus building with domain experts using the
Delphi Method.

Finally, this approach may be valuable in the light of growing health data networks and data linkages. For
instance, distributed machine learning approaches such as federated learning models may hold significant potential
for precision medicine at scale, but need to address the heterogeneity of the SDOH profile of various health data
sources and account for non-independent and identically distributed (non-11D) datasets®*3>.
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