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Abstract

PURPOSE: We examined how longitudinal changes and inter-community differences of food 

insecurity rates were associated with child maltreatment report (CMR) rates at the zip code 

level. We assessed these associations overall, by urbanicity, and within subgroups of age and 

maltreatment type.

METHODS: We used Illinois statewide zip code-level data from 2011-2018. We measured 

CMR rates based on Illinois child protective services records and food insecurity rates from 

Feeding America’s Map the Meal Gap. We used linear spatial-temporal autoregressive models 

with controls for various socioeconomic, demographic, care burden, and instability conditions of 

communities.

RESULTS: Both longitudinal changes and inter-community differences of food insecurity 

rates were significantly associated with increased CMR rates overall and within all subgroups. 

These associations were significant among all large urban, small urban, and rural areas, while 

longitudinal changes of food insecurity rates had significantly stronger associations among small 

urban and rural areas than among large urban areas.

CONCLUSIONS: Communities experiencing higher food insecurity had higher CMR rates. 

Increases in food insecurity over time were also associated with increases in CMR rates. These 

associations were reproduced within subgroups of child age, maltreatment type, and urbanicity. 

Attention and collaborative efforts are warranted for high food-insecure communities.
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Introduction

Food insecurity (FI) and child maltreatment (CM) are major public health problems. 

In 2020, 14.8% of U.S. children lived in food-insecure households [1], and in 2019, 

4.7% of U.S. children were reported to child protective services for CM [2]. Emerging 

evidence documents a strong FI-CM association [3–8]. This is concerning because both 

problems increase the risk of a wide range of negative outcomes for children, including 

developmental, cognitive, psychological, behavioral, and health problems [9–16].

Existing research focuses on individual-level pathways from FI to CM. For example, 

stress theory suggests that FI provokes parental distress, which creates conflicts and 

violence between family members and eventually increases CM risk [5,17]. While research 

is scant, community-level pathways from FI to CM are also possible. A sociological 

perspective suggests that concentrated disadvantages, such as FI, may weaken protective 

neighborhood processes (e.g., collective efficacy) that can alleviate community problems, 

including CM [18]. A psychological perspective proposes that concentrated disadvantages 

may function as environmental stressors, and when families have few social supports to 

mitigate environmental stressors, CM risk may escalate [19].

Prior FI-CM studies are limited to individual-level relationships, high-risk samples, and 

local and mostly urban data [3–8]. These limitations hinder our ability to shape good 

interventions in several important ways. First, understanding community-level relationships 

has important practical implications given the emphasis on community-based interventions 

in both public health and social work [20,21]. It also has strong implications for shaping 

policy measures, identifying high-risk communities and geographically allocating services 

and resources. Second, from a public health perspective, understanding impacts of risk 

factors in a general population can inform programs and policies seeking population-level 

impacts [22,23]. Finally, emerging research suggests that CM contexts may differ by 

urbanicity [24,25]. This requires using data across all urban-rural areas and examining 

impacts of risk/protective factors by urbanicity to develop tailored responses to local 

contexts and needs.

This study examines community-level associations between FI and CM report (CMR) 

rates, using Illinois statewide zip code-level data from 2011-2018. This is built upon 

the unique opportunity to access 2011-2018 Illinois CMR records, including residential 

zip code information, which is confidential and unavailable in national and most other 

states’ data. Both longitudinal changes (i.e., within-effects) and inter-community differences 

(i.e., between-effects) of FI rates were considered for their associations with CMR rates. 

Additional analysis tested whether these associations differed by urbanicity. Compared with 

large urban areas, small urban and rural areas have fewer social service providers, including 

physical/behavioral health professionals [26–28]. Although these professionals make over 

one-fourth of CMRs in the U.S. [2], a recent national study identifies no systematic 

underreporting of CM incidents in small urban or rural areas in spite of the shortages 

[25]. Rather, CMR rates are higher in these areas, both overall and from these professionals 

[25]. We expect that the impacts of community FI may be greater in small urban and rural 

areas than large urban areas because the shortage of social service providers in small urban 
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and rural areas may aggravate community FI and its consequences. We estimated these 

associations overall, as well as within subgroups of age and CM type. Younger children 

have substantially higher CMR risks than older children [2]. Some research suggests that the 

lower physical and cognitive capabilities and the greater care needs of younger children may 

interact with CM risk factors [29]. Regarding CM type, prior research suggests that impacts 

of community economic conditions may differ by type, with neglect showing the largest 

impacts, followed by physical abuse and sexual abuse [30].

Methods

Data/Sample

We constructed zip code-level data based on Illinois statewide administrative/archival data 

from 2011-2018. We used all official CMRs, investigated by the Illinois Department of 

Children and Family Services (DCFS) in 2011-2018. This study included both substantiated 

CMRs (about 20% of CMRs that DCFS identified as having enough evidence to legally 

substantiate CM allegations) and unsubstantiated CMRs (about 80% of CMRs) because of 

strong evidence suggesting substantiation decisions are unreliable [31–35]. Substantiated 

and unsubstantiated cases are practically indistinguishable across a broad range of negative 

outcomes (e.g., recidivism, developmental, academic, behavioral, mental health, and 

health problems) [31–35]. Including only substantiated CMRs would therefore greatly 

underestimate CM rates.

CMRs were made about 70% of the time by professionals (e.g., education, legal/law 

enforcement, medical, social service, and mental health professionals) and about 30% by 

non-professionals (e.g., family, friends, and neighbors). Many CM incidents go unreported 

and were not included in our data, raising reporting bias concerns. For example, report rates 

can be erroneously inflated among low-income families due to class bias (straightforward 

classism) or visibility bias (high visibility due to frequent contacts with social service 

professionals). The shortage of professionals in small urban and rural communities [26–28] 

can lower visibility of their residents, which can falsely diminish report rates in these 

communities. There can be also racial bias (straightforward racism) in CMRs. However, best 

available evidence suggests class bias, income/urbanicity-based visibility bias, and racial 

bias in CMRs are all minimal [25,36–40].

In 2011-2018, 1,073,168 children were reported to and investigated by DCFS in Illinois 

(annual unique counts). Among these children, we excluded children with (1) missing/out-

of-range ages (1.35%) or (2) missing/outside-Illinois zip codes (1.86%). We aggregated the 

remaining 1,038,772 reported children (96.79% of the DCFS data) into zip code-years to 

compute annual CMR rates per zip code from 2011-2018.

We traced all 1,383 Illinois zip codes from 2011-2018. The initial data had 11,064 zip 

code-years (1,383 zip codes×8 years). The analyses excluded 188 zip code-years with no 

resident children (1.7%) and 156 zip code-years with missing controls (1.4%). For each 

age-specific analysis, we further excluded 175 zip code-years with no resident children aged 

0-5 (1.6%), 173 zip code-years with no resident children aged 6-11 (1.6%), and 145 zip 
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code-years with no resident children aged 12-17 (1.3%). Altogether, the analyses included 

96.9% (overall and type-specific) and 95.3%-95.6% (age-specific) of Illinois zip code-years.

We used the DCFS data with permission from the DCFS IRB and the University of Illinois 

at Urbana-Champaign IRB. Other data were publicly available and linked with the DCFS 

data at the zip code level.

Measures

We created seven dependent variables: one variable measuring overall CMR rates and 

six variables measuring age- and type-specific CMR rates per zip code each year from 

2011-2018 (Table 1). We estimated separate models for each dependent variable.

We obtained zip code-level FI rates (i.e., percentages of residents in a food-insecure 

household) from Feeding America’s Map the Meal Gap (MMG) [41,42]. MMG first 

estimated state-level FI models based on the official FI measure and the FI determinants 

(i.e., poverty rates, unemployment rates, median income, homeowner rates, disability rates, 

% Black, and % Latino) from the Current Population Survey. Then, MMG estimated zip 

code-level FI rates by applying the state-level FI models to zip code-level FI determinants 

from the American Community Survey (ACS). Many studies have used MMG estimates as 

predictors of outcomes [43–48], and research shows they are consistent with available direct 

measures of FI rates of metropolitan areas [42]. We used MMG-estimated zip code-level FI 

rates in Illinois from 2011-2018.

We measured zip code-level urbanicity based on the rural-urban code of a county in which 

a zip code was located. For zip codes crossing multiple counties, we assigned the closest 

integer of the population-weighted average of the rural-urban codes. We used the 2013 U.S. 

Department of Agriculture Rural-Urban Continuum Codes [49]. We combined the original 

nine-category codes into three for parsimony (Table 1).

We considered a range of controls in analyses guided by the existing literature (Table 1). 

Research has identified myriad community conditions that elevate CMR risks, including 

low socioeconomic conditions (e.g., high rates of child poverty, single-parent, no high 

school, and vacant housing and low house values), high care burdens (e.g., high percentages 

of children and elders, low percentages of female adults, and high rates of children 

with disabilities), and high instability (e.g., high rates of residential moves) [50–52]. 

Emerging evidence suggests that racial/ethnic minority (e.g., Black, Latino, and foreign-

born) populations have lower CMR risks than White populations while controlling for 

socioeconomic conditions [53–55] and that higher percentages of these minority populations 

may reduce CMR rates in communities [56,57]. The cited papers provide more theoretical 

explanations on these community factors. We obtained control variables from the ACS 

5-year estimates and linked them with 1-year CMR rates by mid-year (e.g., ACS 2009-2013 

estimates were linked to 2011 CMR rates). No predictors showed high and non-tolerable 

correlations with other predictors (VIF>10) (Table S1 in the Supplement).
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Statistical Analysis

We estimated linear spatial-temporal autoregressive models, using the R package spaMM 

(version 3.11.14). All models considered a first-order temporal autoregressive random 

effect, as well as a spatially conditional autoregressive random effect based on a first-order 

queen contiguity matrix. We entered both with-effect of FI (WFI = xti − x−i; here, xti is 

the FI rate for the tth year in the ith zip code, and x−i is the mean of the FI rates from 

2011-2018 for the ith zip code) and between-effect of FI (BFI = x−i) together in the models. 

This was to examine both the longitudinal changes (i.e., within-effects) and the inter-

community differences (i.e., between-effects) simultaneously. Methodologically, within-

effects corresponded to fixed effects eliminating time-invariant confounding, and between-

effects were equivalent to time-invariant variables in random effects modeling [58,59]. We 

additionally entered year fixed effects (year dummies), urbanicity (time-invariant), and other 

controls (time-varying) in the models. The distributions of residuals were fairly normal for 

most models but positively skewed for some less frequent outcomes (i.e., physical abuse and 

sexual abuse) (skewness>1). Given the large sample sizes (>10,000), the estimates would 

be robust to minor normality violations. All estimates were weighted by zip code child 

populations.

Results

Table 1 presents the descriptive statistics. Annually, 43.6 per 1,000 children in a zip code 

had a CMR on average. The mean CMR rate was higher for younger children. The mean 

neglect report rate was the highest, followed by physical abuse and sexual abuse. Each year, 

on average, 12.7% of zip code residents were in a food-insecure household.

Both WFI and BFI were significantly associated with increased CMR rates in all models 

(Table 2). A 10-percentage-point increase in WFI increased CMR rates by 13.8 per 1,000 

without controls (coefficient=13.8; 95% confidence interval=[11.9, 15.7]) and 10.3 per 1,000 

with controls (10.3 [8.4, 12.1]). Every 10-percentage-point increase in BFI increased CMR 

rates by 43.9 per 1,000 without controls (43.9 [34.7, 53.1]) and 16.5 per 1,000 with controls 

(16.5 [8.9, 24.3]). Adding the WFI-urbanicity interaction significantly improved the model 

fit according to the likelihood ratio test (χ2=20.2, df=2, p<.0001). Compared with large 

urban areas, the WFI-CMR relationship was significantly stronger for small urban areas (8.1 

[4.6, 11.7]) but was not significantly different for rural areas (0.9 [−2.7, 4.6]). Specifically, 

a 10-percentage-point increase in WFI significantly increased CMR rates by 8.5 per 1,000 

for large urban (8.5 [6.3, 10.7]), 16.6 per 1,000 for small urban (8.5+8.1 [13.4, 19.9]), and 

9.4 per 1,000 for rural areas (8.5+0.9 [6.3, 12.6]). The BFI-urbanicity interaction was not 

significant (results not shown).

Table 3 reports the model results of subgroup-specific CMR rates. We additionally present 

coefficients relative to the mean of the outcome (e.g., a 10-percentage-point increase in WFI 

increased CMR rates for aged 12-17 by 26.3%). The subgroup-specific results were mostly 

consistent with the overall results. Yet, a few exceptions were found. First, for age 0-5, age 

6-11, physical abuse, and sexual abuse CMR rates, the WFI-CMR association among rural 

areas was also significantly stronger than among large urban areas. Second, for sexual abuse, 
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WFI was not significant among large urban areas, while WFI was stronger and significant 

among small urban and rural areas.

To further assess the WFI×urbanicity interaction, Figures 1 and 2 depict the estimated 

longitudinal changes in overall and subgroup-specific CMR rates by the longitudinal 

changes in FI rates and urbanicity. Compared with large urban zip codes, small urban zip 

codes showed a significantly steeper slope (i.e., a steeper increase in CMR rates along with 

an increase in FI rates) for overall and all subgroup-specific CMR rates. Rural zip codes also 

showed a significantly steeper slope for age 0-5, age 6-11, physical abuse, and sexual abuse 

CMR rates than large urban zip codes.

Discussion

This study reports the first findings on the zip code-level associations between FI rates 

and CMR rates in Illinois from 2011-2018. While controlling for potential confounders, 

we found that both the longitudinal change and the inter-community difference in FI rates 

were significantly associated with CMR rates, overall and within all age/type subgroups. 

This suggests that community FI raises risk of CMR in the general child population, as 

well as all specific age groups and CM subtypes. We found that the effect sizes of BFI 

were generally larger than those of WFI. This is because within-effects are closer to the 

net effects in that time-invariant confounding is eliminated. However, between-effects allow 

for assessing relationships in a wide social context and can be useful for locating high-risk 

communities. Methodologically, the community-level approach allowed us to use statewide 

population-level data and helped us expand on prior individual-level findings within high-

risk populations [3–8] to address community-level associations in general populations, 

including all urban-rural areas. This study also extended existing evidence to specific age 

groups and CM subtypes.

The present study also extended insights mostly drawn from large urban populations to 

small urban and rural populations. Findings indicate that the BFI-CMR relationship was 

significant and did not differ by urbanicity. That is, in inter-community comparisons, 

higher FI rates consistently increased CMR rates in all urban-rural communities. For WFI, 

longitudinal increases of FI rates were found to increase CMR rates in all urban-rural 

communities, but this relationship was significantly stronger among small urban and rural 

communities. This suggests that small urban and rural communities may be more vulnerable 

to longitudinal worsening of FI. We speculate that the shortages of social service providers 

in small urban and rural communities [26–28] may limit the availability of social services to 

alleviate FI directly or buffer its impacts on CMR risk. This may eventually worsen impacts 

of community FI on CMRs in small urban and rural communities. Further research is needed 

to confirm, generalize, and better understand the FI-CM relationship by urban-rural context.

The robust community-level FI-CMR associations point to the need for interdisciplinary 

efforts. Policies and programs for FI may need to be trauma-informed [60,61], and those for 

CM may need to reinforce material supports [4,5,62]. Screening FI and CM and referring to 

community resources as a part of routine public health and medical practices may help early 

identification and intervention [63,64]. Building a database of these screening results can 
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help agencies monitor community-level adversities directly, while indirect MMG estimates 

and CMR data are readily available for this monitoring to date.

Although correlational rather than experimental, accumulating evidence, including ours, 

suggests that addressing FI can be a viable approach for CM prevention efforts. A few CM 

prevention programs that provide services for food hardships do exist, such as Child First, 

Healthy Beginnings, Minding the Baby Home Visiting, and Safe Environment for Every 

Kid [65,66]. These programs provide FI screenings, referral services to promote access 

to eligible food assistance programs, intensive case management to coordinate community 

services and resources for food hardships, and education and training about FI. Expanding 

these services in a community may help prevent CM. Policy-wise, the Supplemental 

Nutrition Assistance Program (SNAP) is the largest federal program providing nutrition 

benefits and the key policy tool to address FI [67]. Expanding SNAP benefits and eligibility 

can reduce FI rates substantially [67,68]. Increasing the number of stores that accept SNAP 

benefits in communities, especially those with high FI rates, may enhance access to food and 

reduce FI [69]. These in turn may help reduce CM incidents and reports.

Limitations

This study drew upon Illinois statewide data, which allowed us to cover almost all Illinois 

populations and conduct analyses overall and within important subgroups. This was only 

possible by using the MMG estimates and the DCFS records and linking them at the 

zip code level. Examining both WFI and BFI simultaneously was also a strength for a 

comprehensive understanding of a phenomenon while considering both dynamic changes 

and wider social contexts [58,59].

Several limitations call for caution when interpreting the findings. First, the generalizability 

of the findings is limited to zip code-level relationships in Illinois. Although they are in 

line with prior individual-level findings [3–8], multilevel studies are needed to examine 

unique contributions of individual-level and community-level FI. Second, this study is 

observational, not experimental. Even though the within-effects controlled for time-invariant 

confounders, this study could not adjust for unobserved time-varying confounders. Third, 

we used indirect MMG estimates, which are currently the most comprehensive and best 

available data for community FI. However, direct measurement of community FI might 

improve on the MMG estimates. Fourth, we used FI rates among all persons, reflecting 

overall community contexts. Future studies might use child FI rates as a potential driver 

of CMR rates. Finally, our findings are about CMRs, which are a subset of all incidents 

[70]. Although much evidence denies any existence of substantial reporting bias in CMRs 

by poverty, urbanicity, or race/ethnicity [25,36–40], it is also the case that many incidents of 

abuse go unreported.

Conclusions

This study found that FI rates were significantly associated with CMR rates at the 

zip code level in Illinois from 2011-2018, while adjusting for potential confounders. 

Both longitudinal changes and inter-community differences of FI rates had significant 

associations with CMR rates overall and within subgroups of urbanicity, age, and CM 
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type. We further found that small urban and rural communities generally showed larger 

increases in CMR rates when their FI rates increased longitudinally, compared with large 

urban communities. Although further research is required to understand interactions and 

causal mechanisms, our findings suggest the need for increased attention to communities 

with high FI rates and for interdisciplinary efforts to address comorbid FI and CMR within 

communities.
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CM child maltreatment

CMR child maltreatment report

DCFS Department of Children and Family Services
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FI food insecurity

WFI within-effect of food insecurity

BFI between-effect of food insecurity

SNAP Supplemental Nutrition Assistance Program
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Figure 1. 
Estimated longitudinal changes in total and age-specific child maltreatment report (CMR) 

rates by longitudinal changes in food insecurity rates and urban-rural areas, Illinois zip 

codes, 2011-2018.

Note. Estimated longitudinal changes in total CMR rates are based on Model 3 in Table 

2. Estimated longitudinal changes in age-specific CMR rates are based on the age-specific 

models in Table 3.

*The given slope is significantly different from the large urban slope at p < .05.
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Figure 2. 
Estimated longitudinal changes in type-specific report rates by longitudinal changes in food 

insecurity rates and urban-rural areas, Illinois zip codes, 2011-2018.

Note. Estimated longitudinal changes in type-specific report rates are based on the type-

specific models in Table 3.

*The given slope is significantly different from the large urban slope at p < .05.
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Table 1.

Descriptive Statistics, Illinois Zip Codes, 2011-2018.

Variable M (SD) or %

Dependent variables: child maltreatment report rate

Total

 Total: # reported children per 1k children (N1=10,720; N2=1,358) 43.6 (31.1)

By child age

 Young: # reported children per 1k children aged 0-5 years (N1=10,545; N2=1,347) 51.6 (42.3)

 Middle: # reported children per 1k children aged 6-11 years (N1=10,547; N2=1,350) 45.2 (33.7)

 Adolescent: # reported children per 1k children aged 12-17 years (N1=10,575; N2=1,348) 34.9 (24.5)

By maltreatment type

 Neglect: # reported children for neglect per 1k children (N1=10,720; N2=1,358) 21.5 (18.1)

 Physical abuse: # reported children for physical abuse per 1k children (N1=10,720; N2=1,358) 10.3 (7.2)

 Sexual abuse: # reported children for sexual abuse per 1k children (N1=10,720; N2=1,358) 5.2 (4.9)

Independent variables (based on data for total report rates)

% persons in a food-insecure household 12.7 (5.7)

Control variables (based on data for total report rates)

% children in poverty 18.9 (13.9)

% single-parent households 33.7 (17.0)

% persons aged ≥ 25 years with no high school diploma 12.6 (9.5)

Median owner-occupied house value per 10k 21.3 (12.2)

% vacant housing units 9.1 (5.3)

% Black among children 15.8 (24.2)

% Latino among children 24.2 (24.6)

% foreign-born among persons 14.2 (12.1)

% children (aged 17 years and younger) among persons 24.2 (4.4)

% male among adults aged 20-64 years 49.4 (3.0)

% elderly persons (aged 65 years and older) 13.9 (4.6)

% moved in one year among persons 12.3 (5.2)

% children with disabilities 3.4 (2.0)

Urbanicity

 Large urban: zip code in metro area with ≥ 1 million population (USDA RUC code 1) 31.7%

 Small urban: zip code in metro area with < 1 million population (USDA RUC code 2 to 3) 24.3%

 Rural: zip code in nonmetro area (USDA RUC code 4 to 9) 44.0%

Year

 2011 12.6%

 2012 12.6%

 2013 12.5%

 2014 12.5%

 2015 12.5%

 2016 12.4%

 2017 12.4%
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Variable M (SD) or %

 2018 12.4%

M = mean. SD = standard deviation. All means and standard deviations were weighted by the child population in each zip code. N1 = number of 

zip code-year observations. N2 = number of zip codes. USDA RUC = U.S. Department of Agriculture Rural-Urban Continuum Codes (1 = counties 

in metro areas of 1 million population or more; 2 = counties in metro areas of 250,000 to 1 million population; 3 = counties in metro areas of fewer 
than 250,000 population; 4 to 9 = nonmetropolitan counties).
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