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Objective: To estimate the association between food needs and diabetes outcomes.

Research design and methods: Longitudinal cohort study, using a target trial emulation approach. 96,792 adults
with type 2 diabetes mellitus who underwent food need assessment in a network of community-based health
centers were followed up to 36 months after initial assessment. We used targeted minimum loss estimation to
estimate the association between not experiencing food needs, compared with experiencing food needs, and
hemoglobin alc (HbAlc), systolic and diastolic blood pressure (SBP and DBP), and LDL cholesterol. The study
period was June 24th, 2016 to April 30th, 2023.

Results: We estimated that not experiencing food needs, compared with experiencing food needs, would be
associated with 0.12 percentage points lower (95% Confidence Interval [CI] —0.16% to —0.09%, p = < 0.0001)
mean HbA1lc at 12 months. We further estimated that not experiencing food needs would be associated with a 12-
month SBP that was 0.67 mm Hg lower (95%CI -0.97 to —0.38 mm Hg, p < .0001), DBP 0.21 mm Hg lower (95%
CI-0.38 to —0.04 mm Hg, p = .01). There was no association with lower LDL cholesterol. Results were similar at
other timepoints, with associations for HbAlc, SBP, and DBP of similar magnitude, and no difference in LDL
cholesterol.

Conclusions: We estimated that not experiencing food needs may be associated with modestly better diabetes
outcomes. These findings support testing interventions that address food needs as part of their mechanism of
action.

Food insecurity, lack of consistent access to the food needed for an
active, healthy life, is a major threat to public health (Rabbitt et al.;
Seligman & Berkowitz, 2019). Food insecurity is associated with poor
health outcomes through several pathways, including worse diet qual-
ity, forcing trade-offs between food and other goods and services needed
for health (like medications), and increasing psychological distress
(Leung & Tester, 2018; Myers, 2020; Orr et al., 2019; Palakshappa et al.,
2021; Te et al., 2021). The harms of food insecurity are particularly clear
for type 2 diabetes mellitus (T2DM). In T2DM, food insecurity is asso-
ciated with worse metabolic control, and increased hypoglycemia,

microvascular and macrovascular diabetes complications, emergency
department visits, and hospitalizations (Berkowitz et al., 2013, 2018a;
Crews et al., 2014, 2022; Dean et al., 2020; Gibson, 2019; Johnson et al.,
2021; Seligman et al., 2012; Te et al., 2021; Volpp et al., 2023; Weinstein
et al., 2022).

As understanding of the prevalence and harms of food insecurity has
expanded, interventions to address it are of increasing clinical interest
(Mozaffarian et al., 2024; Volpp et al., 2023). The provision of such
interventions is facilitated by the recent rise in assessing food insecurity
and other health-related social needs as part of clinical care (National
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Academies of Sciences). Although it is not feasible for clinical providers
to administer comprehensive food insecurity measures used for research
and epidemiologic surveillance (Arteaga & Wilde, 2023), brief ‘food
needs’ assessments, which have adequate sensitivity and specificity for
indicating food insecurity, are commonly used in many healthcare set-
tings (De et al., 2023; Hager et al., 2010).

Despite their potential, many questions regarding clinical food need
interventions are still unanswered. In part this is because randomized
clinical trials — understood as the gold standard for testing intervention
effects — have important limitations in their ability to test such in-
terventions’ impacts. They can be slow and expensive to conduct, are
often limited to small, non-generalizable samples, and are ill-equipped
to identify specific routes of intervention impact when interventions
may affect multiple concurrent pathways (Berkowitz et al., 2023; Carls
et al., 2017; Najafzadeh & Schneeweiss, 2017; PCORI Methodology
Standards, 2015).

Observational studies, like the one conducted here, can address some
of these limitations while concurrently generating data to inform trial
design (for example, by suggesting what effect sizes may be plausible in
a given timeframe) (Hernan et al., 2022). Moreover, observational study
samples may better reflect real-world populations than those in trials,
which can have enrollment bias. Observational studies can also focus on
specific pathways of interest, which is difficult to study in
multi-component interventions such as those commonly used to address
food needs (PCORI Methodology Standards, 2015).

Of course, observational data must be used carefully. One well
known issue relates to unmeasured confounding (Hernan & Robins,
2020). But another important issue relates to study design—some
observational study designs create selection and other biases that pre-
sent threats to validity even in the absence of unmeasured confounding
(Hernan et al., 2022; Hoffman et al., 2022; Matthews et al., 2022). To
help prevent these issues, a target trial emulation framework (that is,
thinking of an observational study as if trying to carry out a randomized
trial) can be helpful (Hernan et al., 2022; Hoffman et al., 2022; Madenci
et al., 2021; Matthews et al., 2022).

This study used observational data to generate evidence that both
complements and informs studies of food need interventions. To help
avoid common biases of other observational studies, we used a target
trial emulation framework to conduct an observational study designed
to estimate how a hypothetical intervention addressing food needs
might affect outcomes in a sample of adults with T2DM seen in com-
munity health centers.

1. Methods

We conducted a target trial emulation study of the association be-
tween food needs and outcomes for adults with T2DM. The institutional
review board at the University of North Carolina at Chapel Hill provided
approval for these analyses. The purpose of this study was to evaluate
the association between food needs and diabetes outcomes, and this
study does not evaluate actual interventions that may have been
provided.

In designing the target trial emulation, investigators need to deter-
mine which treatment strategies to emulate. One way to address food
needs is to prevent them from occurring. Our primary analyses attempt
to emulate this (described in more detail below). However, another way
to address them is to ‘treat’ them once they occur. We also attempted to
emulate this strategy in a set of sensitivity analyses, described in more
detail in the statistical analysis section.

1.1. Setting and study sample

This study used data from a network of community-based health
centers located across the U.S. that share an electronic health record
(EHR) through membership in OCHIN, Inc. (not an acronym) (Gold
etal., 2017, 2018). We drew on prior work to identify a cohort of adults
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with T2DM who received an assessment for food needs at least once in
the study period (Gold et al., 2018; Nichols et al., 2015, 2016). Data
were observed from June 24th, 2016 to April 30th, 2023; data analysis
occurred through June 2024.

1.2. Components of target trial protocol

This study applied a target trial emulation approach to help under-
stand the connection between food needs and diabetes outcomes
(Hernan et al., 2022; Hoffman et al., 2022; Madenci et al., 2021). A
protocol for this hypothetical target trial is presented as Appendix
Table 1.

We included adults (age 18 years or older at time of initial food need
assessment) with T2DM, determined by a previously validated algo-
rithm (Nichols et al., 2016), who received a food need assessment at
least once in a network clinic between June 24th, 2016 and April 30th,
2023 (Appendix Table 2). (Gold et al., 2018) To make the sample as
generalizable as possible, we included data from all individuals who met
these criteria.

We defined two situations of interest (within the terminology of
target trial emulation, these situations are referred to as ‘intervention
strategies’): ‘always report a food need’ and ‘always report not having a
food need.” These can be thought of as testing a hypothetical interven-
tion that effectively prevents food needs from occurring, compared with
a scenario in which an intervention caused individuals to experience
persistent food needs. An individual was considered ‘assigned’ to the
‘have a food need’ strategy if they reported a food need at their first food
need assessment, and ‘assigned’ to the ‘do not have a food need’ strategy
if they reported not having a food need at their first assessment.

Food need assessment data were taken from the OCHIN EHR, where
the results of a food need assessment are recorded (Bensken et al., 2023;
Gold et al., 2018; Nguyen et al., 2023). In the EHR’s social determinants
interface, users can choose from several widely-used tools. The tools
most often used are the Protocol for Responding to and Assessing Pa-
tient’s Assets, Risks, and Experience (PRAPARE) tool(CSL STYLE
ERROR: reference with no printed form.) and the Accountable Health
Communities (AHC) Health-Related Social Needs Tool. (CMS) PRAPARE
was developed by the National Association of Community Health Cen-
ters for use in community health centers and has high penetrance. (CSL
STYLE ERROR: reference with no printed form.) The AHC tool was
developed by CMS, and its food items are identical to those of the widely
used Hunger Vital Sign, which derives from the USDA Household Food
Security Survey Module (Hager et al., 2010; CMS; Bickel et al.). Prior
studies have found that several tools assess food needs similarly well,
allowing for determination of food need status that is homogenous
across instruments used. (Risk Screening Tools Review) The primary
outcome was hemoglobin Alc (HbAlc). Secondary outcomes were sys-
tolic blood pressure (SBP), diastolic blood pressure (DBP), and
low-density lipoprotein (LDL) cholesterol. For most individuals with
diabetes, the recommendation would be for HbAlc to be <7.0% or
<8.0% (depending on comorbidities, preferences, and the treatments
needed to achieve that level), the blood pressure treatment goal would
be < 130/80 mm Hg, and the LDL goal would be < 70 mg/dL, although
these recommendations need to be individualized (American Diabetes
Association Professional Practice Committee, 2023, 2024).

The date of the first food need assessment was designated ‘time zero’,
or the date the individual became ‘eligible for’ and was ‘enrolled in’ the
hypothetical intervention (Appendix Fig. 1). The primary time point for
outcome analysis was 12 months after the date of food need assessment.
Secondary time points were 6, 18, 24, 30, and 36 months after the date
of first food need assessment.

We sought to estimate the difference in mean values of the outcome
that result from contrasting the hypothetical scenario in which an
intervention prevented the entire cohort from having a food need with
the hypothetical scenario in which the entire cohort experienced a
persistent food need.
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In an actual clinical trial, randomization is meant to provide un-
conditional exchangeability between treatment groups. This observa-
tional study needed to account for potential confounding between the
experience of food needs and diabetes outcomes, to help support con-
ditional exchangeability. To do so, we considered several covariates
known from prior work to be associated with both food needs and study
outcomes (Rabbitt et al.; Gundersen & Ziliak, 2015; Berkowitz et al.,
2024). These covariates were designated as time-invariant or
time-varying. Time-invariant covariates were: date of first food need
assessment; age at first food need assessment; sex (we use the term ‘sex’
in this paper while acknowledging that the EHR data available often do
not distinguish well between sex and gender identity (Bates et al.,
2022)); race and ethnicity (socially constructed variables included as
they may indicate the experience of racism); primary language; and an
ICD-10 code based comorbidity index (Sun et al., 2017) meant to indi-
cate the burden of other conditions participants experienced, calculated
at the time of first food need assessment. Time-varying covariates were:
health insurance, income expressed as a percentage of the federal
poverty threshold (to account for both household size and inflation), the
social vulnerability index of the census tract of residence (given that
area-level factors can impact diabetes outcomes) (CDC/ATSDR Social
Vulnerability Index, 2024), and the analysis outcome in the preceding
periods (e.g., HbAlc prior to food need assessments for analyses where
HbAlc is the outcome). A directed acyclic graph (DAG) illustrates the
hypothesized relationship between the included variables under which
our analyses were conducted (Appendix Fig. 2).

If on a subsequent food needs assessment individuals reported a
status not concordant with their ‘assigned’ strategy, they were censored
from that time point forward (i.e., if a person ‘assigned’ to have a food
need based on their first food need assessment then reported that they
did not have a food need in a subsequent assessment, or if a person
‘assigned’ to not have a food need then reported that they did have a
food need, their data were censored from the time of the later assessment
onwards) (Appendix Table 3). (Hernan et al., 2016, 2022; Hernan &
Robins, 2017) Censoring data at the time of deviation from the hypo-
thetical protocol is necessary to prevent bias that could otherwise be
introduced by excluding those individuals from the analysis entirely or
not accounting for the fact that their data are no longer consistent with
their ‘assigned’ treatment strategy (Hernan et al., 2016; Hernan &
Robins, 2017). Individuals were considered lost to follow-up, and
censored, if they did not report whether or not they had a food need at
least every 24 months, or did not have an outcome measurement within
6 months prior to the timepoint of a particular analysis (e.g., for the 12
month analysis of HbAlc, individuals were censored if they did not have
an HbA1lc measurement at some point in the preceding 6 months).

Missing data for variables not related to censoring as described above
were handled using multiple imputation by chained equations, with 50
imputation datasets (Appendix Table 4). (Buuren et al., 2023; White
et al., 2011)

1.3. Statistical analysis

To estimate the differences in means as described above, we used
targeted minimum loss estimation (TMLE) (Laan & Rose, 2013, p. 700;
van der and van der Laan, 2010; Diaz et al., 2021). TMLE is a
multiply-robust approach that is well suited for these analyses given the
possibility of treatment confounder feedback (e.g., when a confounder
in one period affects a treatment that in turn can affect the confounder in
a subsequent period) (Hernan & Robins, 2020; Laan & Rose, 2013). For
instance, if income in one period affects the risk of experiencing a food
need in that period, but experiencing a food need affects income in the
subsequent period (e.g., by worsening health and impairing the ability
to work), then conventional regression approaches (such as linear mixed
models) will be biased as they must either adjust for income even though
it is a mediator, or not adjust for income even though it is a confounder
(Hernan & Robins, 2020; Johnson et al., 2021; Weinstein et al., 2022).
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Methods such as TMLE do not have this limitation (Hernan & Robins,
2020; Laan & Rose, 2013).

In brief, TMLE, at each timepoint, first fits an outcome regression
model and standardizes outcome estimates over the distribution of
observed covariates (similar to parametric g-formula analyses) (Laan &
Rose, 2013,; KHstats). It then estimates the treatment mechanism (i.e.,
the probability of ‘treatment’ conditional on covariates, also called the
‘propensity score’) and finally uses estimates from that propensity score
model to update the outcome estimates made in the first step, by using
what is termed the ‘clever covariate’ to fluctuate initial estimates (Laan
& Rose, 2013; van der Laan, 2010). TMLE also estimates the censoring
mechanism along with the treatment mechanism, which helps account
for possibly informative censoring, such as differential loss to follow-up
(similar to inverse probability of censoring weights) (van der Laan &
Rose). It does this analogously to its approach for estimating the treat-
ment mechanism, using observed variables to estimate the probability of
remaining uncensored, incorporating these estimates into the ‘clever
covariate,” and using the ‘clever covariate’ to update the initial estimates
to account for (possibly informative) censoring (Laan & Rose, 2013).

Our primary approach in conducting TMLE used generalized linear
models. However, TMLE can also be conducted using an ensemble of
supervised machine learning algorithms that may better account for
interactions and nonlinearities in the data, and reduce the impact of
model misspecification on results (Laan & Rose, 2013; van der et al.,
2007). This is sometimes called a ‘SuperLearner’ approach (van der Laan
et al., 2007). We conducted TMLE using a SuperLearner approach in
sensitivity analyses, using an ensemble of generalized linear models,
multivariable adaptive regression splines, and gradient boosted tree
learners.

As noted above, one way to address food needs is to prevent them
from occurring, as modeled in our main analyses, while another is to
‘treat’ them once they occur. To investigate this second approach, we
conducted another set of sensitivity analyses to assess associations be-
tween a hypothetical intervention that treated food needs after in-
dividuals experienced them and diabetes outcomes. To do this, we
created a sub-cohort from our primary analytic cohort consisting of
those individuals who initially reported a food need and then reported
whether or not they still had a food need within 12 months of their
initial assessment. We ‘assigned’ those who again reported a food need
to an interventional strategy of ‘continue to report a food need’ and
those who reported not having a food need at follow-up to an inter-
ventional strategy of ‘continue to report not having a food need’. This
can be thought of as testing a hypothetical intervention that effectively
treats food needs once they occur, compared with a scenario in which
individuals persistently experience food needs. We then estimated the
difference in outcome means at the 12-month timepoint in this cohort,
following the same hypothetical trial protocol and analytic approach as
for the main analyses.

Analyses were performed in SAS version 9.4 and R version 4.3.1.
Multiple imputation was conducted using the mice package, and TMLE
analyses were conducted using the Imtp package (Diaz et al.,, 2021;
Hoffman et al., 2023; Williams & Diaz, 2022). Results across 50 multiple
imputation datasets were combined using Rubin’s rules (Little & Rubin,
2002).

1.4. Data availability

The datasets generated during and analyzed during the current study
are not publicly available due to the data use agreements under which
the study was conducted.
2. Results

2.1. Characteristics of the study sample

96,792 adults with T2DM were assessed for a food need at least once
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and were included in the study. They lived in 41 states and were seen in
1268 unique departments of healthcare facilities. The cohort was 56.3%
female, the mean age at time of first food need assessment was 55.1
years (SD: 13.7 years), and the mean income expressed as a percentage
of the federal poverty threshold was 123.5% (SD: 308.4%) (Table 1).
24,767 (25.6%) individuals reported a food need at initial screening.
The unadjusted mean HbAlc in the year prior to food need

Table 1
Demographic characteristics of cohort.
Characteristic Overall Did Not Reported P-value
Report Food  Food Need
Need
N= N = 72,025 N = 24,767
96,792
Mean (SD) Mean (SD) Mean (SD)
or % (N) or % (N) or % (N)
Age at Initial Food Need 55.15 55.77 53.33 <0.001
Assessment, Years (13.68) (14.05) (12.36)
Female 56.34% 56.10% 57.04% 0.01
(54,516) (40,396) (14,120)
Racial Identity <0.001
American Indian/ 1.11% 1.04% 1.32%
Alaska Native (1079) (752) (327)
Asian 4.78% 5.36% 3.09%
(4624) (3858) (766)
Black 26.03% 25.31% 28.15%
(25,198) (18,227) (6971)
Multiple 0.89% 0.73% 1.34%
(857) (524) (333)
Native Hawaiian or 0.77% 0.73% 0.89%
Other Pacific Islander (750) (529) (221)
Not Reported 7.90% 7.75% 8.34%
(7647) (5582) (2065)
White 58.51% 59.08% 56.87%
(56,637) (42,553) (14,084)
Hispanic Ethnicity 33.99% 34.45% 32.65% <0.001
(31,698) (23,889) (7809)
Primary Language Other 33.86% 35.26% 29.79% <0.001
Than English (32,749) (25,381) (7368)
Comorbidity Index 0.23 0.22 (0.95) 0.27 (0.89) <0.001
(0.93)
Health Insurance <0.001
Medicaid 35.19% 32.72% 42.40%
(33,513) (23,184) (10,329)
Medicare 25.72% 27.06% 21.83%
(24,490) (19,172) (5318)
Other Public 2.03% 2.01% 2.10%
(1934) (1423) (511)
Private 18.51% 20.77% 11.95%
(17,626) (14,716) (2910)
Uninsured 18.55% 17.45% 21.73%
(17,659) (12,366) (5293)
Household Income as 123.50 133.46 96.35 <0.001
Percentage of Federal (308.37) (328.81) (242.06)
Poverty Threshold
Social Vulnerability Index 0.69 0.69 (0.24) 0.71 (0.23) <0.001
at Census Tract Level (0.24)
Mean HbAlc in Year Prior  7.66 7.60 (1.89) 7.82 (2.09) <0.001
to Food Need (1.95)
Assessment, %
Mean Systolic Blood 129.78 129.75 129.87 0.80
Pressure in Year Prior to (13.49) (13.44) (13.64)
Food Need Assessment,
mm Hg
Mean Diastolic Blood 78.05 77.79 78.78 <0.001
Pressure in Year Prior to (8.01) (7.93) (8.18)
Food Need Assessment,
mm Hg
Mean LDL Cholesterol in 101.11 100.61 102.52 <0.001
Year Prior to Food Need (35.17) (34.93) (35.79)

Assessment, mg/dL

Greater comorbidity index scores indicate greater comorbidity; greater social
vulnerability index scores indicates greater risk; HbAlc = hemoglobin alc; LDL
= low density lipoprotein.
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assessment was 7.82% in individuals who reported a food need, and
7.60% in individuals who did not (p < .001). Similarly, comparing in-
dividuals who did versus did not report a food need, unadjusted mean
SBP in the year prior to assessment was 129.9 vs. 129.8 mm Hg (p =
.80), unadjusted mean DBP was 78.8 vs. 77.8 mm Hg (p < .001), and
unadjusted mean LDL was 102.5 vs. 100.6 mg/dL (p < .001).

2.2. Target trial emulation

We estimated that not experiencing food needs, compared with
experiencing food needs, would be associated with a 0.12 percentage
points lower mean HbAlc at 12 months (95% Confidence Interval [CI]
-0.16% to -0.09%, p = < 0.0001) (Table 2, Fig. 1, Appendix Table 5).
The observed HbAlc standard deviation of 1.9% implies that an actual
clinical trial would need approximately 7560 individuals (3780 per arm)
to have 80% power of detecting a difference of this magnitude or
greater.

For other study outcomes at 12 months, the differences were: SBP
0.67 mm Hg lower (95%CI -0.97 to -0.38 mm Hg, p < .0001), DBP 0.21
mm Hg lower (95%CI -0.38 to -0.04 mm Hg, p = .01), and LDL 0.60 mg/
dL lower (95%CI -1.80 to 0.60 mg/dL, p = .33). Results were similar at
other timepoints, typically with differences of similar magnitude asso-
ciated with not experiencing food needs for HbAlc, SBP, and DBP, and
no difference for LDL cholesterol. In sensitivity analyses using the
SuperLearner approach to TMLE, results were quite similar (Appendix
Table 6).

The demographics of the cohort of individuals who initially reported
a food need and had a re-assessment within 12 months are reported in
Appendix Table 7. Target trial emulation analyses in this cohort yielded
results similar to the main analyses (Table 3).

3. Discussion

In this observational study among adults with T2DM seen in com-
munity health centers, we estimated that not experiencing food needs,
compared with experiencing persistent unmet food needs, would be
associated with lower HbAlc, SBP, and DBP at most timepoints, and
would not be associated with lower LDL. Despite the statistical signifi-
cance of the associations, the magnitude of the difference was small and
may not be clinically meaningful. Sensitivity analyses estimating asso-
ciations with ‘treating’ food needs once they occurred, rather than
preventing them, yielded similar results.

The results of this study are consistent with and expand on those of
previous studies. Several studies, albeit not specific to T2DM, have
found that SNAP (the Supplemental Nutrition Assistance Program),
which effectively relieves food insecurity, is associated with reduced
healthcare utilization, suggesting a beneficial impact on health
(Berkowitz et al., 2017, 2021). Specific to T2DM, prior work, predom-
inately cross-sectional, found that food insecurity, food needs, and other
forms of food hardships are associated with worse HbAlc (Berkowitz
et al., 2013; Seligman et al., 2012; Te Vazquez et al., 2021). However,
some randomized trials of food interventions did not find significant
improvements for T2DM outcomes (Bryce et al., 2021; Doyle et al.,
2023; Seligman et al., 2018). The effect estimates in those studies had
confidence intervals that included the estimates seen here (Bryce et al.,
2021; Doyle et al., 2023; Seligman et al., 2018). Moreover, our results
suggest that an actual trial would need a sample size of approximately
7560 patients to have 80% power for detecting HbAlc differences of the
magnitude seen here. As this is larger than many randomized food need
intervention trials to date, it may be that studies with null results were
underpowered to detect real, but modest, differences.

Differences in HbAlc and blood pressure outcomes were apparent at
the 6- and 12-month timeframes, with little change in those differences
at later timepoints. Many randomized trials of interventions to address
food needs use 6-to 12-month timeframes, and our results provide
support for doing so. Finally, we did not find associations between food
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Table 2
Differences in diabetes outcomes associated with not experiencing, compared with experiencing, food needs among all individuals assessed for food needs.
Timepoint ~ Hemoglobin Alc Systolic Blood Pressure Diastolic Blood Pressure LDL Cholesterol
Estimated Mean p-value Estimated Mean p-value Estimated Mean p-value Estimated Mean p-
Difference, % (95% CI) Difference, mm Hg (95% Difference, mm Hg (95% Difference, mg/dL (95% value
(@] Ccn Ch
6 Months —0.13 (—0.17 to —0.09) <0.0001 —0.44 (—0.68 to —0.20) 0.0003 —0.26 (—0.40 to —0.11) 0.0004 —0.30 (—1.40 to 0.81) 0.60
12 Months —0.12 (—0.16 to —0.09) <0.0001 —0.67 (—0.97 to —0.38) <0.0001 —0.21 (—0.38 to —0.04) 0.01 —0.60 (—1.80 to 0.60) 0.33
18 Months —0.15 (-0.19 to —0.10) <0.0001 —0.63 (—0.98 to —0.29) 0.0003 —0.39 (-0.59 to —0.19) 0.0002 —0.40 (—1.66 to 0.86) 0.54
24 Months —0.19 (—0.24 to —0.14) <0.0001 —1.04 (—1.40 to —0.68) <0.0001 —0.48 (—0.69 to —0.27) <0.0001 —1.13 (—2.41 to 0.15) 0.08
30 Months —0.21 (-0.27 to —0.15) <0.0001 —0.51 (—1.01 to 0.00) 0.0498 —0.50 (—-0.82 to —0.18) 0.002 0.65 (—0.71 to 2.01) 0.35
36 Months —0.20 (—0.28 to —0.11) <0.0001 —0.23 (—1.06 to 0.61) 0.60 —0.56 (—1.01 to —0.11) 0.02 1.21 (—0.84 to 3.26) 0.25

Estimated mean difference compares the estimated difference in outcomes between counterfactual scenarios in which individuals did not versus did experience a food
need from the time of first food need assessment to the specified time point, using a longitudinal targeted minimum loss estimation approach. A negative value in-
dicates an association with estimated benefit.

LDL = Low Density Lipoprotein.

CI = Confidence Interval.
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Fig. 1. Legend: Estimated of Mean Hemoglobin Alc, Systolic Blood Pressure, Diastolic Blood Pressure, and Low Density Lipoprotein (LDL) Cholesterol comparing
counterfactual scenarios in which individuals did versus did not experience a food need between baseline and the specified time points.

Table 3
Differences in diabetes outcomes at 12 Months associated with not experiencing, compared with experiencing, food needs among individuals who initially reported a
food need.

Hemoglobin Alc, % (95% Systolic Blood Pressure, mm Hg (95% Diastolic Blood Pressure, mm Hg (95% LDL Cholesterol, mg/dL (95%
Cn CD CcD CDh
Mean if No Food Need 7.63 (7.54-7.72) 128.94 (128.17-129.71) 77.00 (76.56-77.44) 94.88 (92.07-97.68)
Mean if Food Need 7.76 (7.66-7.86) 129.85 (129.08-130.63) 77.65 (77.19-78.10) 95.36 (92.58-98.15)
Estimated Mean —0.13 (—0.26 to 0.00) —0.91 (—1.97 to0 0.15) —0.65 (—1.26 to —0.04) —0.49 (—4.37 to 3.40)

Difference

Estimated mean difference compares the estimated difference in outcomes between counterfactual scenarios in which individuals did not versus did experience a food
need from the time of first food need assessment to the specified time point, using a longitudinal targeted minimum loss estimation approach. A negative value in-
dicates an association with estimated benefit.

LDL = Low Density Lipoprotein.

CI = Confidence Interval.
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needs and LDL cholesterol outcomes, also consistent with prior inter-
ventional work (Berkowitz et al., 2019).

The estimated associations between addressing food needs and
HbAlc and blood pressure seen in this study were smaller than those
seen in some other observational studies (Berkowitz et al., 2013, 2018b;
Seligman et al., 2011, 2012). There may be several explanations for this.
First, this study adopted a target trial emulation approach that may have
addressed forms of bias affecting other observational studies (Hernan
et al., 2022; Hoffman et al., 2022; Matthews et al., 2022). Second, in
focusing on community-based health centers, which on average serve
lower income populations than other clinic types, we may have removed
some confounding due to income or other socioeconomic factors more
effectively than prior studies. Third, this study defined its exposures
using data on pragmatic food need assessments as performed in clinics,
rather than longer food insecurity instruments used in research. This is
justified as these measures are used in practice to identify food needs
and determine intervention eligibility, but it may also have resulted in
misclassification bias relative to using longer instruments.

This study has important implications and suggests directions for
future investigation. The analyses examined a hypothetical interven-
tional strategy in the abstract, rather than a specific intervention, to
focus on one particular pathway to poor health for the purposes of
epidemiological investigation. Real-world interventions often have
more than one mechanism of action. For example, medically tailored
meals can address food needs, improve diet quality, and provide social
support—all of which may have clinical benefits (Berkowitz et al.,
2020). Thus, real-world interventions may have larger benefits than
estimated here. These findings do support the idea, however, of
addressing multiple pathways to maximize clinical impact, which is
central to many ‘food is medicine’ interventions that seek to combine
food provision with clinical support (Mozaffarian et al., 2024; Volpp
et al., 2023).

Study results should be considered in light of several limitations.
First, this observational study may be subject to bias owing to unmea-
sured confounding. Although we did adjust for measured time varying
and time invariant confounders and used a design that helps account for
unmeasured time invariant confounding, unmeasured time varying
confounding is still possible. Given the possibility of unmeasured time-
varying confounding, the associations we report may not be causal.
Second, the study sample drew from patients seen in community-based
health centers that shared a common EHR, and thus may not be na-
tionally representative. However, it is a large sample of diverse clinics
located across many states, and the focus on individuals seen in
community-based health centers is important as they are dispropor-
tionately burdened by food needs. Third, some data collection occurred
during the COVID pandemic, but we adjusted for the time at which
observations were made, and it is not clear that this would have dif-
ferential impact on the groups studied. Fourth, we did not have data on
use of programs such as SNAP (the Supplemental Nutrition Assistance
Program). Finally, the study goal was to better understand the rela-
tionship between food needs and clinical outcomes, rather than to
evaluate a specific intervention. We believe this is scientifically useful,
but note that these results do not predict what any particular interven-
tion will achieve. We plan additional work evaluating the impact of
specific interventions that address food needs. These limitations were
balanced by several strengths. We observed a large number of in-
dividuals over a relatively long timeframe and used both study design
and analytical approaches that helped minimize the impact of con-
founding and selection bias on study results.

4. Conclusions

Overall, we found evidence suggesting that not experiencing food
needs among adults with T2DM may be associated with significantly,
albeit modestly, better diabetes outcomes. These findings support
testing interventions that address adverse social conditions, like food
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needs, as one part of their putative mechanism of action. These findings
also help define what sample sizes and timeframes may be useful for
detecting intervention effects in clinical trials. As it is clear that adverse
social conditions impact health for people with T2DM, learning how to
improve health for people in these circumstances is critical. This study
makes progress in understanding how to do so.
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