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Abstract

Background: Food insecurity is associated with worse diabetes outcomes, but how that
association may vary across individuals is unclear. We sought to better understand possible
heterogeneity in the association between food insecurity and diabetes outcomes.

Methods: Longitudinal cohort study of adults with type 2 diabetes assessed for food insecurity
in community-based health centers. Diabetes outcomes were hemoglobin Alc (HbA1c), systolic
and diastolic blood pressure, and low-density lipoprotein cholesterol (LDL), 12 months after
food insecurity assessment. We used three machine learning methods (generalized random
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forest [GRF], X-Learner, and DR-Learner) to assess outcome heterogeneity across the following
variables: age, sex, race and ethnicity, health insurance, income, comorbidity, baseline outcome,
and social vulnerability index.

Results: Among 41,581 individuals (mean age 56.2 [SD: 12.8] years, 56.9% female), mean
baseline HbAlc was 7.8% (SD: 1.9%) and 10,399 (25.0%) reported food insecurity. Food
insecurity was associated with 0.1% greater HbA1c at 12 months, with little heterogeneity. For
example, using GRF, the mean difference in HbAlc in the quartile with the lowest estimated
HbA1c difference associated with experiencing, versus not experiencing, food insecurity was
0.0%, while the mean difference in the quartile with the greatest estimated difference was 0.2%.
Results were similar for other outcomes, except there was no association between food insecurity
and LDL.

Conclusions: In this study, we did not observe meaningful heterogeneity in the associations
between food insecurity and diabetes outcomes.

Food insecurity, lack of consistent access or uncertainty in access to the food needed for an
active, healthy life, is associated with numerous poor health outcomes.1# Food insecurity
affected 14.1% of Americans in 2023, or over 47 million individuals.> Among individuals
with type 2 diabetes mellitus (T2DM), food insecurity is associated with higher hemoglobin
Alc, blood pressure, and low-density lipoprotein cholesterol (LDL) levels, on average.2-
Possible pathways for this connection include: incentivizing consumption of less expensive
but less healthful foods; tradeoffs between affording medications and affording healthful
foods; and the stress of experiencing food insecurity.47:8 It is therefore plausible that
interventions to address food insecurity may improve T2DM outcomes. However, some
food insecurity interventions tested in randomized clinical trials have not shown clear
benefit, as the trials found modest differences between study arms that were not statistically
significant.®-10 Moreover, a recent observational study had similar findings, in line with
estimates from randomized trials.1

There are several possible explanations for modest average differences between arms in
studies of food insecurity interventions in T2DM. One is that addressing food insecurity

on its own only has a small impact on T2DM outcomes for all people. Another is that

two equally sized subgroups have offsetting associations (e.g., strongly positive for one,

and strongly negative for another). A third possibility is that a small subgroup has a strong
association that, because of its size, has only a modest impact on the overall association
(e.g., a strong positive association for a small subgroup, and a weak association for the
majority of individuals). Distinguishing between these possibilities is important, as it can
inform the design of future interventions, particularly the utility of targeting the intervention
to specific individuals.

One common way to investigate heterogeneity of associations is to analyze results by
subgroups, such as racial and ethnic identity or sex. This approach has drawbacks,
including typically exploring only a single variable at a time rather than combinations

of characteristics, and ignoring potential non-linearities in the relationship between
relevant variables and the outcomes.12-15 Recent advances in statistical methods for

such ‘heterogeneous treatment effect’ (HTE) estimation use machine learning approaches
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to overcome these limitations.16-18 In this study, we applied recently developed HTE
methods to understand heterogeneity in the relationship between food insecurity and T2DM
outcomes. Though such methods would ideally be applied to randomized clinical trial data,
to date no randomized clinical trials have had sufficient sample sizes to comprehensively
investigate heterogeneity. Therefore, we used a large observational dataset in exploratory
analyses to help guide the design of future interventions.

This study sought to identify situations in which food insecurity represents a more or

less important barrier to better T2DM outcomes. Such variation may occur when people
face barriers to T2DM management in addition to food insecurity, so that addressing food
insecurity alone may have less impact. To that end, this study: 1) examined variation in the
associations between food insecurity and T2DM outcomes, and 2) explored characteristics
associated with greater and lesser estimated difference in T2DM outcomes associated with
food insecurity.

Data Source and Study Setting

Exposure

Outcomes

Data came from electronic health record hosted by OCHIN, Inc. (not an acronym), a
provider of a centralized electronic health record system for community-based health centers
across the U.S. The population for this study was adults with T2DM seen in community-
based health centers. We included all adults (age = 18 years) in the OCHIN dataset with
T2DM (determined by previously validated algorithm—Technical Appendix) who had at
least one food insecurity assessment!1:19-21 jn the period of study (June 24™, 2016 to April
301, 2023).

The exposure of interest was reporting food insecurity, or reporting food security, at

initial food insecurity assessment. In the OCHIN clinics’ shared electronic health record,
several food insecurity assessment tools are used.1! The most common include items

from the PRAPARE (Protocol for Responding to & Assessing Patients’ Assets, Risks &
Experiences) and Accountable Health Communities Health-Related Social Needs screening
tools.?2:23 Both have been validated as performing well in comparison with the 18-item
USDA household food security survey module.24 The USDA module is considered the gold
standard of food security assessment, but is rarely used in routine care given its length and
respondent burden. Thus, the brief food insecurity assessments used in this study are those
that are commonly used in routine clinical care to determine the need for food insecurity
interventions.

The primary outcome for this study was hemoglobin Alc (HbAlc). Secondary outcomes
were systolic blood pressure (SBP), diastolic blood pressure (DBP), and LDL. The timepoint
of interest was 12 months after the initial food insecurity assessment during the study period.
To operationalize this within electronic health record data, outcomes were computed as the
mean of all assessments for that outcome made in the 6-12 months after the ‘index date’
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(date of initial food insecurity assessment). Individuals with no outcome recorded within
this time window were not included in analyses of that outcome, but could be included

in analyses of another outcome recorded in that period (e.g., if an individual had a blood
pressure but not an LDL cholesterol recorded in the time window, they would be included in
the blood pressure analyses but not in the LDL analyses).

We considered several covariates that could affect the relationship between food insecurity
and study outcomes. We used electronic health record data for following variables as of the
date of initial food insecurity assessment; age, sex (recognizing that electronic health record
assessment often imperfectly distinguishes between sex and gender), race and ethnicity,
health insurance, income, an ICD-10 based comorbidity index,?® and the mean value of the
outcome in the year prior to food insecurity assessment. Using address data, we created a
variable for the social vulnerability index (SV1) score of the census tract of residence, which
reflects area-based socioeconomic exposures.26 In sensitivity analyses, we also included
body mass index (BMI) as a covariate.

Statistical Analysis

For statistical analysis, our goal was to estimate, using observational data, the difference in
study outcomes at 12 months that may have occurred if individuals in the study had versus
had not experienced food insecurity at their initial assessment. Moreover, we sought to
explore whether and how those estimates varied across different combinations of covariates
that could affect the relationship between food insecurity and the study outcomes. To do this,
we used three different approaches that estimate “potential outcomes’ (outcomes that may
have occurred under different counterfactual exposure scenarios) and ‘conditional average
treatment effects’ (CATEs—the estimated difference in outcomes under different exposure
scenarios conditional on the specific combination of individual covariates). Under the
assumptions of conditional exchangeability, positivity, and consistency, these estimates can
have a causal interpretation, and when discussing the metfods used here we use terms like
‘HTE’ and ‘CATE’ to retain consistency with the broader literature on this topic. However,
because we do not know that causal inference assumptions were met in this observational
study, in interpretation of this study’s resufts we consider findings to be associations. We
view these as exploratory, hypothesisgenerating findings to be studied further.

To aid in exploring potential heterogeneity in the association between food insecurity

and the study outcomes, we used three different analytic approaches. We reasoned that

if different methods found similar results, it would be a stronger signal of true heterogeneity,
while if different methods had different results, it may be more suggestive of chance
differences without clear heterogeneity. The three methods used were generalized random
forests?’, X-learnerl’, and DR-Learner.28 We describe each of these methods briefly below,
and provided references include more technical details.

Generalized random forest (GRF) is a non-parametric, tree-based approach to HTE
estimation.2’ In brief, the approach randomly samples observations and variables within
a data set to grow a ‘tree” based on splitting the sample at a value of a variable that
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minimizes a loss function (e.g., mean squared error), in order to model the relationship
between exposure, covariates, and the outcome. This process is then repeated many times to
grow a “forest’ of such trees. This ‘forest’ can then be used to estimate what an individual’s
outcome would have been under the scenario in which they experienced food insecurity, and
the scenario in which they did not, which can then be contrasted. We fit forests of 2,000
trees.

The X-learner approach starts by fitting two separate models predicting the outcome—one
using data from the exposure group (i.e., those who experienced food insecurity) and one
using data from the comparison group (i.e., those who did not experience food insecurity).1”
It then uses those models to impute the unobserved potential outcome (i.e., for those who
experienced food insecurity, an estimate of what their outcome would have been if they had
not experienced food insecurity, and vice versa). Next, an estimate of the treatment effect is
created by taking the difference of two outcomes—the observed outcome under the exposure
the individual experienced (food insecure or secure), and the estimated outcome had they
experienced the other exposure. Then another two models are created, one using treatment
group data and one using comparison group data, but this time the treatment effect estimated
in the prior step is modeled. From these models, two new estimates of the treatment effect
for each individual are produced, one using the treatment group model and one using the
comparison group model. Next, a propensity model is created to estimate the probability of
the exposure (i.e., experiencing food insecurity). Finally, the two treatment effects from the
second step are combined as a weighted average to create a single estimate per individual,
with the weights being a function of the propensity score.

DR-learner is an estimator of HTE that, like X-learner, relies on estimating two quantities
of interest—the outcome under different scenarios, and the propensity score.?8 DR-

learner allows for an approach to estimating the outcome and propensity score called
‘SuperLearning’ which creates a weighted average of estimates produced using multiple
machine learning methods.2® With DR-learner, estimates of the outcome and propensity
score can be made using several machine learning methods; then cross-validation is used to
find a weighted average of estimates, each made using a different approach, that minimizes
a loss function (such as mean squared error). This study implemented a SuperLearner
approach that combined estimates from generalized linear models, generalized additive
models, ridge regression, random forest implemented by R package ranger;3° and extreme
gradient boosting trees (XGBoost31) approaches.

To avoid overfitting, for each algorithm we employed sample splitting, randomly selecting
80% of the cohort for the training set (i.e., the part of the overall sample used to train the
models), with the remainder allocated to the test set (i.e., the part of the overall sample in
which the results we present are calculated). To address data missing in the clinical record,
we used multiple imputation by chained equations,32 fitting 10 imputation datasets. Results
from different datasets were pooled using Rubin’s Rules.33

GRF, X-learner, and DR-learner algorithms all have variable importance metrics which
can aid in understanding what factors, if any, contribute to heterogeneity in associations
between food insecurity and study outcomes. GRF and X-learner report variable importance
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metrics on a similar scale, while the scale for DR-learner is different. This makes direct
numeric comparison between all three methods challenging, but the ranking of the variables,
a relative metric of importance, can facilitate such comparisons. Overall, if the methods
produce relatively similar rankings for individual variables, it would be interpreted as
evidence of consistency of the association between the variable and heterogeneity in
outcomes. Or if the methods do not rank variables consistently, it may indicate lack of
strong associations between the variable and outcome heterogeneity, with chance variation
playing a larger role.

Analyses were conducted in R version 4.2.1 and Python 3.9.13, including use of R packages
mice, grf. ranger, tidyhte, and Python package causalm/30:34-37

The dataset used to evaluate the HbAlc outcome included 41,581 individuals (Table 1). The
mean age was 56.2 (SD: 12.8) years, 56.9% were female, and mean income expressed as

a percentage of the Federal Poverty Guideline was 135% (SD: 321%). Demographics were
similar in the datasets used in SBP, DBP, and LDL analyses (eTables 1-3). Mean HbAlc

at the time of food insecurity assessment (“baseline”) was 7.8% (SD: 1.9%) and 10,399
participants (25.0%) reported food insecurity. Baseline mean SBP was 129.2 (12.9) mm Hg,
mean DBP was 77.8 (7.7) mm Hg, and mean LDL was 100.8 (34.6) mg/dL.

At 12 months, mean HbAlc was 7.6% (SD: 1.9%), mean SBP was 128.5 mm Hg (SD: 14.9
mm Hg), mean DBP was 76.9 mm Hg (SD: 9.0 mm Hg), and mean LDL was 96.8 mg/dL
(37.8 mg/dL).

In GRF analyses, having food insecurity was associated with a greater estimated mean
HbAlc at 12 months (0.078%, 95%CI 0.031 to 0.124) with only modest heterogeneity in
the estimates (Table 2 and Figure 1). For example, the quartile with the lowest estimated
difference between having and not having food insecurity had mean difference in HbAlc
of 0.0%, while the quartile with the greatest estimated difference had a mean difference in
HbA1c of 0.2%.

Results from X-learner and DR-learner followed a similar pattern. For X-learner, the
estimated mean difference in HbAlc was 0.084 (95%CI 0.008 to 0.159) greater with

food insecurity, again showing modest heterogeneity (lowest quartile mean —0.1%, highest
quartile mean 0.2%). For DR-learner, the estimated mean difference in HbAlc was 0.123%
(95%CI 0.075 to 0.170) greater with food insecurity, again with modest heterogeneity
(lowest quartile mean 0.0%, highest quartile mean 0.3%).

In examining the quartiles with the greatest and least estimated difference, across all three
estimation approaches the quartile with the greatest estimated difference had higher baseline
HbA1c than average, greater comorbidity burden than average, and a greater prevalence

of lacking health insurance than average. The variable importance estimates for GRF and
X-learner both ranked baseline HbAlc, SVI, and income as the three most important
variables for explaining heterogeneity in estimates (Table 3). DR-learner, which uses a
different method for estimating variable importance, ranked these variables lower, meaning
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there is variability in how the different approaches rank variables. Overall, GRF estimated
less variability in outcomes than other methods.

Results for the SBP, DBP, and LDL analyses followed similar patterns (eTables 4-9 and
eFigures 1-3). Food insecurity was associated with greater SBP and DBP on average, and
there was little heterogeneity. Food insecurity was not associated with greater LDL on
average, and there was again little heterogeneity. Further, variable importance rankings were
not consistent across methods.

Sensitivity analyses including BMI as a covariate were not meaningfully different from the
main analyses (eTable 10).

Discussion

This observational study of adults with T2DM seen in community-based health centers
found associations of modest magnitude between food insecurity and the outcomes of
HbA1c and blood pressure. These associations did not exhibit meaningful of heterogeneity;
most estimates were within a narrow range. Moreover, there was variability in rankings

of variable importance across methods, meaning no particular variables were consistently
associated with more heterogeneity. No clear association was found between food insecurity
and LDL cholesterol on average, again with little heterogeneity and inconsistent variable
importance rankings.

These findings expand on those of prior studies. Past observational studies found association
between food insecurity and worse diabetes outcomes, as seen here for HbAlc and blood
pressure.®11 However, some randomized trials of interventions to address food insecurity
did not find statistically significant benefits, producing confidence intervals that contain the
modest estimates found here.%10 This study adds an investigation of heterogeneity of these
associations using modern machine learning methods that evaluate multiple combinations of
factors simultaneously and are sensitive to possible nonlinearities. One possibility for the
relatively modest association seen between food insecurity and study outcomes in this study
is that participants did not experience food insecurity for a sufficient duration to see more
harmful impacts. However, a prior study with a longer follow-up period did not find that
associations between food insecurity diabetes outcomes increased with longer exposure to
food insecurity.11

These findings have several implications. First, because there seems to be limited
heterogeneity in the association between food insecurity and study outcomes, food
insecurity interventions may be a case where seeking to identify those most likely to benefit
and targeting an intervention only to them is not needed. This may make intervention
implementation more convenient. Second, because rankings of variable importance varied
across methods, it may be wise to use several methods when trying to understand potential
heterogeneity, to avoid possibly being misinformed by the results of any particular method.

One direction for future research would be to examine the possibility of heterogenous
treatment effects in actual interventions, rather than in hypothetical scenarios such as these.
Though methodological advances have increased our technical ability to do this, sample
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size requirements are such that it may take relatively large datasets to detect meaningful
differences, and trials that are adequately powered to detect average treatment effects may
not be powered to detect heterogenous treatment effects.

Results interpretation should consider several limitations. First, in this observational study,
associations between food insecurity and T2DM outcomes may not be equivalent to changes
in outcomes were food insecurity to be resolved by an actual intervention. Moreover, given
the possibility of unmeasured confounding, we do not advocate a causal interpretation

of these findings. For example, we did not have data on nutritional status at baseline or
smoking status. Finally, study data came from electronic health records so may be subject

to measurement error, and data from patients seen in community-based health centers may
not be generalizable to all clinical populations. However, these limitations are balanced

by several strengths. First, the measures of association between food insecurity and study
outcomes were within the confidence limits of effect estimates from prior randomized trials
of food insecurity interventions®10, lending credibility to the estimates of this study. Second,
this study used several advanced methods for detecting HTES, and a large dataset from
across the country, with adequate sample size for even relatively low prevalence features.

In this observational study of the heterogeneity of the associations between food insecurity
and T2DM outcomes, food insecurity was associated with worse HbAlc and blood pressure
outcomes with relatively little heterogeneity, and was not associated with LDL, again with
little heterogeneity. These findings may be useful in planning and understanding the results
of food insecurity interventions.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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What isalready known on thistopic:

Food insecurity is associated with worse diabetes outcomes, but how those associations
may vary across individuals is not well studied.

What this study adds:

There was little heterogeneity in the associations between food insecurity and diabetes
outcomes.

How this study might affect research, practice or policy:

Because there is little heterogeneity in the associations between food insecurity and
diabetes outcomes, targeting of food insecurity interventions may not be needed.
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Figure 1:

Density plot of estimated differences in HbAlc

Density plot depicts the distribution of estimates comparing counterfactual scenarios in
which individuals did vs. did not experience food insecurity, with an outcome of HbA1c at
12 months after food insecurity assessment. Three different estimation approaches are used:
DR-learner, GRF, and X-learner. The y-axis indicates the density of estimates and the x-axis
indicates the estimated difference between the two counterfactual scenarios (an estimate of
the ‘treatment effect’ of resolving food insecurity on the outcome).
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Table 1:
Demographics of Overall Cohort for HbAlc Analyses
Overall Food Insecurity =0 Food Insecurity = 1
N = 41581 N = 31182 N = 10399
Mean or N (SD or %) | Meanor N (SDor %) | Meanor N (SD or %)
Age 56.2 (12.8) 56.9 (13.1) 54.3 (11.6)
Age Missing 0 (0) 0 (0) 0 (0)
Gender
Male 17918 (43.1) 13618 (43.7) 4300 (41.4)
Female 23651 (56.9) 17557 (56.3) 6094 (58.6)
Missing 12 (0) 7(0) 5 (0)
Race
Black 11259 (27.1) 8377 (26.9) 2882 (27.7)
White 24433 (58.8) 18433 (59.1) 6000 (57.7)
Other 2707 (6.5) 2184 (7) 523 (5)
Missing 3182 (7.7) 2188 (7) 994 (9.6)
Ethnicity
Hispanic 14031 (33.7) 10581 (33.9) 3450 (33.2)
Non-Hispanic 26381 (63.4) 19739 (63.3) 6642 (63.9)
Missing 1169 (2.8) 862 (2.8) 307 (3)
Insurance
Medicaid 14217 (34.2) 9838 (31.6) 4379 (42.1)
Medicare 11192 (26.9) 8825 (28.3) 2367 (22.8)
Private 7634 (18.4) 6329 (20.3) 1305 (12.6)
Uninsured 7872 (18.9) 5678 (18.2) 2194 (21.1)
Missing 666 (1.6) 512 (1.6) 154 (1.5)
Income 134.5 (320.8) 145.3 (345.4) 103.9 (235.4)
Income Missing 6901 (16.6) 5585 (17.9) 1316 (12.7)
svI 0.7 (0.2) 0.7 (0.2) 0.7 (0.2)
SVI Missing 7640 (18.4) 5988 (19.2) 1652 (15.9)
Comorbidity Index 0.2 (0.9) 0.2 (0.9) 0.3(0.9)
Comorbidity Index Missing | 322 (0.8) 250 (0.8) 72(0.7)
Baseline HbAlc 7.8(1.9) 7.7(1.8) 7.9(2)
Baseline HbAlc Missing 11290 (27.2) 8888 (28.5) 2402 (23.1)
12 Month HbALc 7.6 (1.9) 7.6 (1.9) 7.8(2.1)
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HbAlc = Hemoglobin Alc

SVI = social vulnerability index
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Table 2:
Demographics of Test Data Set, Overall and by Quartile of Estimated HbA1c Difference
GRF X-Learner DR-L earner
Overall Quartile Quartile Quartile Quartilewith Quartile Quartile
with with with L owest with with
Greatest L owest Greatest Estimated Greatest L owest
Estimated Estimated | Estimated Differencein Estimated Estimated
Difference | Difference | Difference | HbAl Difference | Difference
inHbAlc | inHbAlc | inHbAlc inHbAlc | inHbA1
= N= N= N= N= N= N=
8317 2080 2080 2080 2080 2080 2080
Mean Meanor N | Mean or Mean or Mean or N (SD | Mean or Mean or
or N (SD (SD or %) N (SD or N (SD or or %) N (SD or N (SD or
or %) %) %) %) %)
Estimated Difference in - 0.2 0.0 0.2 -0.1 0.3 0.0
Outcome
Age 56.1(12.7) | 53.2(12.4) | 57.7(12.1) | 53.2(13.0) | 56.0 (13.6) 51.4 (13.0) | 59.9 (11.7)
Gender
Male 3553 (42.7) | 1003 (48.2) | 860 (41.3) | 979 (47.1) | 934 (44.9) 1092 (52.5) | 647 (31.1)
Female 4764 (57.3) | 1077 (51.8) | 1220 (58.7) | 1101 (52.9) | 1147 (55.1) 989 (47.5) | 1433 (68.9)
Race
Black 2433 (29.2) | 583 (28.0) | 694 (33.4) | 591(28.4) | 668(32.1) 249 (12.0) | 1201 (57.7)
White 5319 (64.0) | 1377 (66.2) | 1243 (59.7) | 1377 (66.2) | 1263 (60.7) 1729 (83.1) | 708 (34.1)
Other Categorization 565 (6.8) 120 (5.8) 143 (6.9) 112 (5.4) 149 (7.1) 102 (4.9) 171 (8.2)
Ethnicity
Hispanic 2890 (34.7) | 750(36.1) | 763(36.7) | 713 (34.3) | 814 (39.1) 1164 (55.9) | 297 (14.3)
Non-Hispanic 5427 (65.3) | 1330 (63.9) | 1318 (63.3) | 1368 (65.7) | 1266 (60.9) 917 (44.1) | 1783 (85.7)
Insurance
Medicaid 2895 (34.8) | 686 (33.0) | 768(36.9) | 656 (31.5) | 812(39.0) 770 (37.0) | 607 (29.2)
Medicare 2217 (26.7) | 404 (19.4) | 623(30.0) | 475(22.8) | 511 (24.6) 461 (22.2) | 594 (28.6)
Private 1572 (18.9) | 434 (20.8) | 375(18.0) | 438(21.1) | 385(18.5) 259 (12.4) | 584 (28.1)
Uninsured 1633 (19.6) | 556 (26.7) | 314 (15.1) | 512(24.6) | 372 (17.9) 590 (28.4) | 295 (14.2)
Income 135 (323.3) | 128 (286.0) | 114 (325.3) | 143 (303.5) | 155 (422.4) 121 (330.6) | 161 (360.1)
svI 0.70 (0.24) | 0.65(0.26) | 0.75(0.20) | 0.65(0.27) | 0.72(0.24) 0.76 (0.21) | 0.62 (0.27)
Comorbidity Index 0.2 (0.9) 0.4 (0.9) 0.1(0.8) 0.4 (1.0) 0.1(0.9) 0.4 (0.9) 0.0 (0.9)
Baseline HbALc 7.7 (L.9) 9.9 (1.8) 6.4 (0.9) 9.0 (2.1) 7.2(L.9) 9.6 (2.1) 6.6 (1.0)

This table presents demographic characteristics of individuals in the quartile estimated to have the greatest difference in hemoglobin alc values

if they did vs. did not experience food insecurity, and the characteristics of individuals in the quartile estimated to have the lowest difference in
hemoglobin alc values if they did vs. did not experience food insecurity, organized by the method used to estimate heterogeneity. For example,
compared with the overall mean hemoglobin Alc at baseline of 7.7, those estimated to have the greatest difference in hemoglobin alc under the
counterfactual scenarios of experiencing vs. not experiencing food insecurity had mean hemoglobin alc of 9.9 (when using the GRF method), 9.0
(when using the X-Learner method) and 9.6 (when using the DR-Learner method). Taken together, this suggests that food insecurity may more
strongly impact the hemoglobin alc of those with greater baseline hemoglobin alc. However, it is important to keep in mind that the magnitude of

the difference across quartiles is relatively modest.
GRF: Generalized random forest
DR-Learner: Doubly Robust learner

HbAlc = Hemoglobin Alc
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SVI = social vulnerability index
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Table 3:
Variable Importance Metrics for HbAlc Analyses
GRF X-learner DR-learner
Variable Value | Variable Value | Variable Value
Baseline HbAlc 0.675 | Baseline HbAlc 0.387 | Medicare Insurance | 0.0018
SVI 0.120 | SvI 0.225 Female 0.0017
Income 0.069 | Income 0.134 | Comorbidity 0.0016
Age 0.066 | Age 0.119 | White 0.0014
Comorbidity 0.027 | Comorbidity 0.040 | Baseline HbAlc 0.0012
Medicaid Insurance | 0.012 | Medicaid Insurance | 0.027 | Hispanic 0.0009
Uninsured 0.008 | Female 0.023 | svi 0.0008
Hispanic 0.007 | Uninsured 0.013 | Age 0.0007
Female 0.006 | Black 0.010 | Black 0.0007
Black 0.004 | Hispanic 0.009 | Medicaid Insurance | 0.0007
White 0.004 | Medicare Insurance | 0.007 | Uninsured 0.0005
Medicare Insurance | 0.002 | White 0.006 | Income 0.0004

SVI = social vulnerability index

Page 17

GRF and X-learner use similar variable importance metrics so the variable importance values are directly comparable. DR-learner uses a different

metric so numeric values are difficult to compare with other methods, but rankings can be compared
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