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Social Determinants of

Severe Injury Among
Pediatric Patients During the
COVID-19 Pandemic: An
Exploratory Study

Rebeccah L. Sokol, PhD, Usha Sethuraman, MD,
Katherine Oag, MSN, RN, ACCNS-P, CCRN, Lisa Vitale, BSN, RN, CPN,
Lydia Donoghue, MD, & Nirupama Kannikeswaran, MD
Introduction: This study sought to identify social determinants of
health (SDH) patterns associated with severe pediatric injuries.
Method: We used cross-sectional data from children (≤18 years)
admitted to a pediatric trauma center between March and November
2021 (n = 360). We used association rule mining (ARM) to explore
SDH patterns associated with severe injury. We then used ARM-
identified SDH patterns in multivariable logistic regressions of severe
injury, controlling for patient and caregiver demographics. Finally, we
compared results to naive hierarchical logistic regressions that consid-
ered SDH types as primary exposures rather than SDH patterns.
Results: We identified three SDH patterns associated with severe
injury: (1) having child care needs in combination with neighbor-
hood violence, (2) caregiver lacking health insurance, and (3) care-
giver lacking social support. In the ARM-informed logistic
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regression models, the presence of a child care need in combination
with neighborhood violence was associated with an increased odds
of severe injury (aOR, 2.77; 95% CI, 1.01−7.62), as was caregiver
lacking health insurance (aOR, 2.29; 95% CI, 1.02−5.16). In the
naive hierarchical logistic regressions, no SDH type in isolation was
associated with severe injury.
Discussion: Our exploratory analyses suggest that considering the
co-occurrence of negative SDH that families experience rather
than isolated SDH may provide greater insights into prevention
strategies for severe pediatric injury. J Pediatr Health Care. (2022)
36, 549−559

KEYWORDS
Association rule mining, social determinants of health, pediatric
injury

INTRODUCTION
Injuries are the leading cause of mortality among children
aged 0−18 years in the United States (Centers for Disease
Control and Prevention, 2018). Several social and material
factors are associated with pediatric injuries, known as social
determinants of health (SDH). The risk of injury progres-
sively increases from the most advantaged to the least
advantaged individuals in society (Marmot, 2010;
Viner et al., 2012). Researchers have identified associations
between pediatric injury and specific negative SDH—includ-
ing financial insecurity, unsafe housing, and neighborhood
disadvantage (Gielen et al., 2012; Newgard et al., 2011;
Shai, 2006). However, identifying isolated negative SDH risk
factors for severe injury does not account for the reality that
multiple negative SDH often coexist within families
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(Harlem, 2020; Pourmotabbed et al., 2020; Whittle et al.,
2020). Thus, although isolated negative SDH may increase
the risk of injury, studying patterns of SDH better reflects
families’ lived experienced. Machine learning techniques
provide methods for identifying such patterns. The present
exploratory study aimed to identify which negative SDH
interrelate to increase risk for severe pediatric injury.

The influence of an ongoing pandemic and its resultant
social isolation on injury risk is a new area of research
(Barboza, Schiamberg, & Pachl, 2021; Yamaoka et al., 2021).
Because of the COVID-19 pandemic, families experienced
heightened levels of multiple different types of childhood
injury risk factors, such as caregiver depression, caregiver
unemployment, and lack of child care (Kalluri, Kelly, & Garg,
2021; Lee, Ward, Chang, & Downing, 2021b;
Russell, Tambling, Horton, Hutchison, & Tomkunas, 2021).
However, no studies have evaluated associations between fam-
ilies’ constellations of negative SDH and childhood injuries
during the pandemic. Thus, the present study sought to iden-
tify which SDH patterns were associated with severe pediatric
injuries during the second year of the COVID-19 pandemic.

An issue in traditional regression modeling entails how to
represent co-occurring negative SDH. One strategy is to
ignore the structure of co-occurrence and focus on a single
SDH while controlling for other SDH. In this approach, a
specific negative SDH may be dismissed as not contributing
to increased risk for severe injury if it is not a sufficient cause
for the severe injury itself—even if its combination with
another negative SDH increases injury risk. Another option
is to include interaction terms between SDH. However, the
number of interaction terms grows exponentially with SDH.
Thus, the researcher must establish a priori which interac-
tions to include. Another common approach is creating a
count of the total number of SDH. This approach assumes
the impact of a given SDH is fungible (i.e., it can be replaced
by a different SDH) and additive (i.e., the influence of any
given SDH is equal to other SDH).

Association rule mining (ARM) is a rule-based machine
learning method for identifying observed relations between
variables (i.e., SDH and severe injury) that can overcome the
limitations of traditional regression approaches
(Hornik, Gr€un, & Hahsler, 2005). In contrast to ignoring
co-occurrence and focusing on a single SDH, deciding a pri-
ori which SDH co-occurrences to focus on, or reducing
SDH to frequency counts, ARM allows the identification of
patterns as they exist in the data. Each generated pattern—
referred to as a rule in ARM terminology—contains an ante-
cedent and a consequent. Antecedents and consequents can
be interpreted as if-then statements. For example, consider
the following rule: food insecurity and unemployment lead
to severe injury. In this rule, food insecurity and unemploy-
ment are antecedents to severe injury, and severe injury is
the consequent. The rule implies that if food insecurity and
unemployment are present, then severe injury is present.

The present study used ARM on cross-sectional, obser-
vational data from children aged 0−18 years admitted to a
level 1 urban pediatric trauma center between March 26,
550 Volume 36 � Number 6
2021 and November 14, 2021. We first used ARM to iden-
tify SDH patterns associated with severe injury. We then
used these identified patterns as the primary exposure varia-
bles in multivariable logistic regressions of severe injury,
comparing results to a naive hierarchical logistic regression.
The overall goal of this exploratory study was to identify
patterns of SDH associated with severe pediatric traumatic
injuries.

METHODS
Study Design and Setting
This was a cross-sectional, observational study of 360 chil-
dren aged ≤ 18 years admitted to an urban level 1 pediatric
trauma center between March 26, 2021 and November 14,
2021 (Figure 1). Data came from patient electronic medical
records and caregiver questionnaires. Information extracted
from patient records included: patient demographics, patient
insurance status, injury severity score (ISS), total burn sur-
face area (TBSA), interventions performed, and outcomes.
Research assistants, blinded to injury severity, approached
caregivers (i.e., the parent or legal guardian) and invited
them to complete a 10-min SDH questionnaire on an elec-
tronic device before child discharge (Supplementary Table).
The questionnaire included questions on the SDH of chil-
dren and caregivers. The caregiver provided consent before
completing the questionnaire. Wayne State University Insti-
tutional Review Board approved all study protocols.

Measures

Severe injury
We defined severe injury as the following: ISS ≥ 16, TBSA ≥
15, pediatric intensive care unit admission, blood product
transfusion, operative intervention, or death secondary to
the injury. The ISS is the most well-known scoring system
for injury severity, and it attempts to standardize the severity
of injuries sustained during a trauma (Baker, O’Neill, Had-
don, & Long, 1974), with ISS ≥ 16 traditionally used to
define severe injury (Sasser et al., 2012). Given the well-
documented limitations of ISS (Sasser et al., 2012), we also
used pediatric intensive care unit admission, blood product
transfusion, operative intervention, and death secondary to
the injury to classify injuries as severe versus mild or moder-
ate. In burn victims, ISS is not calculated, and so a TBSA
indicates the burn severity, with TBSA ≥ 15 indicating
severe burns in children.

Social determinants of health
The SDH questionnaire included validated items to assess
negative SDH, including food insecurity (Hager et al., 2010)
and financial instability (Brcic, Eberdt, & Kaczorowski,
2011), and previously developed items to assess employment
needs (from the Panel Study of Income Dynamics), lack of
caregiver health insurance (from the Behavioral Risk Factors
Surveillance System), health care access issues (from the
Behavioral Risk Factors Surveillance System), child care
needs, poor mental health of caregiver or patient
Journal of Pediatric Health Care�



FIGURE 1. Study participant flow chart. RA, research assistant.
(Gottlieb, Hessler, Long, Amaya, & Adler, 2014), transporta-
tion needs (Park et al., 2010), neighborhood violence (Gold-
man-Mellor, Margerison-Zilko, Allen, & Cerda, 2016),
housing instability (Bottino, Fleegler, Cox, & Rhodes, 2019),
unsafe housing conditions (Bottino et al., 2019), and lack of
social support (Uwemedimo & May, 2018). The team also
extracted child insurance status (i.e., insured or uninsured)
from the patient medical record. The study team dichoto-
mized each negative SDH to indicate the presence versus
absence.
Demographic characteristics
We extracted patient demographic data from the medical
record, including child age (in years), race (White, Black,
American Indian or Alaska Native, Asian, Pacific Islander,
multiracial, or not documented [nonmutually exclusive]),
ethnicity (Hispanic or non-Hispanic), and gender (male,
female, or other). From the caregiver questionnaire, we
obtained information on caregiver age (in years), relationship
to child (parent, grandparent, aunt/uncle, other legal guardi-
ans), the highest level of education completed (less than
high school, high school graduate, or General Educational
Development [GED], some college, 2-year college degree,
www.jpedhc.org
4-year college degree, graduate education), race (White,
Black, American Indian or Alaska Native, Asian, Pacific
Islander, or another race [nonmutually exclusive]), and eth-
nicity (Hispanic or non-Hispanic). We categorized patient
and caregiver race into mutually exclusive categories: (1)
White, (2) Black, (3) multiracial, or (4) another race. We cate-
gorized caregiver education into (1) less than high school,
high school graduate, or General Educational Development;
(2) Some college or 2-year college degree; or (3) 4-year col-
lege degree or graduate education. We dichotomized the
caregiver relationship to the child into parent versus another
guardian.
Analysis
We used R programming version 4.0.2 for data management
and analyses. We first calculated the prevalence of each nega-
tive SDH among patients in the study and the average num-
ber of negative SDH per patient (as reported by caregivers).
For any given negative SDH, we calculated the percentage
of cases in which the given negative SDH was the only one
present and identified the average number of co-occurring
negative SDH per negative SDH.
November/December 2022 551
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Association rule mining
We used ARM to explore and identify SDH patterns in chil-
dren with severe injuries. We conducted ARM using the
arules R-package version 1.6.8 (Hahsler et al., 2022) to
define these patterns. ARM is a rule-based machine learning
method for identifying observed patterns between variables
(i.e., SDH and injury severity; Hornik et al., 2005). Associa-
tion rules use confidence, support, and lift metrics to indi-
cate the certainty, prevalence, and associational strength of a
specific rule. Confidence refers to how often a given rule is
true, and this equates to the ratio of the frequency of the
antecedent over the frequency of the antecedent and conse-
quent occurring together (e.g., what is the probability that
severe injury occurs if food insecurity and unemployment
occur). Support refers to the probability that two or more
specific determinants exist within the same family, or how
often the antecedent and consequent appear together (e.g.,
the prevalence of severe injury and food insecurity and
unemployment)? Finally, lift is the ratio of the observed sup-
port to that expected if the antecedent and consequent were
independent. A lift of 1 means that the probability of occur-
rence of the antecedent and that of the consequent are inde-
pendent of each other. Hence, a higher lift indicates a higher
chance of co-occurrence of the consequent with the ante-
cedent.

For the ARM analyses, we restricted the sample to
patients whose caregivers reported at least one SDH
(n = 248). We restricted extracted rules to those in which
severe injury was the consequent, as the goal of the ARM
analysis was to determine what patterns of SDH were asso-
ciated with severe injury. We also determined minimum sup-
port (2%), confidence (20%), and lift (> 1.00) thresholds for
rules to ensure that: (1) the patterns were common enough
in the full sample of 360 patients to allow for statistical test-
ing (n ≥ 20); (2) rules were true at least one-fifth of the time;
(3) rules were more common than chance alone would pre-
dict.

ARM-informed multivariable logistic regression
After identifying the SDH patterns, we conducted multivari-
able logistic regression models informed by the ARM algo-
rithm. Specifically, rather than entering multiple negative
SDH of the same type simultaneously into the model as in a
hierarchical regression, we entered SDH patterns associated
with injury severity in the ARM analysis into separate mod-
els. All models controlled for demographic variables, includ-
ing patient age and gender, caregiver age, race, ethnicity,
relationship to the child, and level of education. We omitted
patient race and ethnicity from these models, given their
high correlation and collinearity with caregiver race and eth-
nicity (r = 0.94−0.96).

Naive hierarchical multivariable logistic regression
Using multivariable linear logistic regression models gener-
ated hierarchically, we evaluated the associations between
SDH and severe injury (vs. mild/moderate injury). The
baseline model included only demographic variables,
552 Volume 36 � Number 6
including patient age and gender, caregiver age, race, ethnic-
ity, relationship to the child, and level of education. As with
the ARM-informed regression, we omitted patient race and
ethnicity from models, given their high correlations and col-
linearity with caregiver race and ethnicity (r = 0.94−0.96).
Model 2 added financial determinants (i.e., financial instabil-
ity, employment needs, and food insecurity) to the baseline
model. Model 3 added housing determinants (i.e., housing
instability, unsafe housing), Model 4 added community-level
determinants (i.e., transportation needs, child care needs,
lack of social support, neighborhood violence), Model 5
added health care determinants (i.e., caregiver uninsured,
child uninsured health care access issues), and Model 6
added mental health determinants (caregiver poor mental
health and child poor mental health). We conducted a likeli-
hood-ratio test between each model iteration to identify if
the inclusion of additional negative SDH improved model
fit. We retained only those variable sets that significantly
improved model fit at each step.

For ARM-informed and naive multivariable logistic
regression models, given missing data on key variables for
48 patients, we conducted multivariate imputation by
chained equations using the mice R-package version 3.14
(Van Buuren & Groothuis-Oudshoorn, 2011). We imputed
20 datasets and pooled results over the analyses of these 20
datasets.

RESULTS
Table 1 provides descriptive characteristics for the 360
patients and their caregivers in this study, stratified by injury
severity. The average age of patients was 7.4 years (standard
deviation = 5.3). Most patients were male (61%), White
(43%), and non-Hispanic (92%). The average age of care-
givers was 35.5 years (standard deviation = 12.6). Caregivers
were predominately the patient’s parent (94%), White (42%),
non-Hispanic (90%), and attained less than high school or a
high school education (43%). Severely injured patients were
more likely to identify as Black or multiracial than mild or
moderately injured patients (x2[3, n = 360]= 10.6; p = .01),
and caregivers of severely injured patients were less likely to
attain a 4-year college degree or graduate education than
caregivers of mild or moderately injured patients (x2[2,
n = 355] = 7.43; p = .02).

Sixty-nine percent of caregivers identified at least one
SDH. Financial instability was the most prevalent negative
SDH (34% of patients), followed by child care needs (33%)
and food insecurity (29%; Figure 2A; Table 1). Severely
injured patients were more likely to be uninsured than mild
or moderately injured patients (x2[1, n = 352] = 6.24;
p = .01), but no other individual negative SDH differed
between families of severely and mild or moderately injured
patients (Table 1). Negative SDH co-occurrence was com-
mon, with 49% of families having two or more negative
SDH (Figure 2B). Caregivers being uninsured was the most
common negative SDH to occur in isolation: 27% of care-
givers who reported being uninsured reported no other neg-
ative SDH (Figure 2C). Unsafe housing, health care access
Journal of Pediatric Health Care�



TABLE 1. Characteristics of pediatric patients admitted to an urban level 1 pediatric trauma center between March 26, 2021 and November 14,
2021 and their caregivers

All patients (n = 360) Severe injury (n = 55) Mild/moderate injury (n = 305)

Characteristics n % n % n % x2 or t test

Demographic variables
Patient age, years (mean § standard deviation) 7.4 § 5.3 8.5 § 5.8 7.2 § 5.2 t(70.1) = �1.57
Patient gender

Female 140 39 23 42 117 38 x2(1) = 0.23
Male 220 61 32 58 188 62
Transgender, nonbinary, or other − − − − − −

Patient race
White 151 43 15 27 136 45 x2(3) = 10.6*
Black 145 40 30 55 115 38
Multiracial 48 13 5 9 43 14
Other racea 16 4 5 9 11 4

Patient ethnicity
Hispanic 30 8 − − − − x2(1) = 0.10
Non-Hispanic 330 92 − − − −

Caregiver age, years (mean § standard deviation) 35.5 § 12.6 34.9 § 9.8 35.6 § 13.0 t(93.7) = 0.45
Caregiver relationship to child

Parent 339 94 − − − − x2(1) = 0.02
Other caregiverb 18 5 − − − −

Caregiver race
White 150 42 15 27 135 44 x2(3) = 6.92
Black 151 42 30 55 121 40
Multiracial 13 4 − − − −
Other racea 46 13 − − − −

Caregiver ethnicity
Hispanic 27 8 − − − − x2(1) = 0.002
Non-Hispanic 324 90 − − − −

Caregiver education
Less than high school or high school 156 43 29 53 127 42 x2(2) = 7.43*
Some college or 2-year college 116 32 21 38 95 32
4-year college or graduate school 83 23 5 9 78 26

Financial determinants
Financial instability 122 34 16 30 106 36 x2(1) = 0.65
Employment needs 52 14 8 15 44 14 x2(1) < 0.01
Food insecurity 104 29 14 26 90 30 x2(1) = 0.30

Housing determinants
Housing instability 70 19 11 20 59 20 x2(1) = 0.02
Unsafe housing 17 5 5 10 12 4 x2(1) = 2.66

Community-level determinants
Transportation needs 36 10 6 11 30 10 x2(1) = 0.03
Child care needs 117 33 21 38 96 32 x2(1) = 0.69
Lack of social support 40 11 9 16 31 10 x2(1) = 1.71
Neighborhood violence 44 12 9 16 35 12 x2(1) = 0.98

Health care determinants
Uninsured, caregiver 37 10 11 20 26 9 x2(1) = 6.24*
Uninsured, child 10 3 − − − − −
Health care access issues 13 4 − − − − −

(continued on next page )
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needs, and uninsured children never occurred in isolation
(Figure 2C). The average number of co-occurring negative
SDH associated with each negative SDH varied between
three and five (Figure 2D).

Association rule mining
Table 2 provides the association rules that define the pat-
terns of SDH associated with severe injury among pediatric
patients with at least one reported negative SDH (n = 248).
Overall, we extracted three unique SDH patterns associated
with severe injury: (1) having child care needs in combina-
tion with neighborhood violence, (2) caregiver lacking health
insurance, and (3) caregiver lacking social support. The rule
with the highest confidence was that between having child
care needs in combination with neighborhood violence and
severe injury: 35% of patients whose caregivers reported
both a child care need and neighborhood violence had a
severe injury. The pattern of having child care needs in com-
bination with neighborhood violence was more common
among severely injured as compared with mild/moderately
injured patients (x2[1, n = 357] = 6.24; p = .01), as was lack-
ing health insurance (x2[1, n = 352] = 6.24; p = .01; Table 1).
The other two patterns—(1) having food and housing inse-
curity in combination with poor mental health and (2) care-
givers lacking social support—were equally common among
severely injured as compared with mild/moderately injured
patients (Table 1).

ARM-Informed Multivariable Logistic Regression
In the ARM-informed multivariate logistic regression mod-
els, two of the three identified SDH patterns were associated
with severe injury. After controlling for demographic charac-
teristics, the presence of a child care need in combination
with neighborhood violence was associated with an
increased odds of severe injury (adjusted odds ratios [aOR],
2.77; 95% confidence interval [CI], 1.01−7.62), as was the
caregiver lacking health insurance (aOR, 2.29; 95% CI, 1.02
−5.16; Table 3). The other pattern identified in the ARM
analysis—caregiver lacking social support—was not associ-
ated with severe injury after controlling for demographic
characteristics (aOR, 1.53; 95% CI, 0.66−3.57; Table 3).

Naive Hierarchical Multivariable Logistic
Regression
In our hierarchical multivariable logistic regressions, no
SDH sets (i.e., financial determinants, housing determinants,
community-level determinants, health care determinants, or
mental health determinants) improved model fit above the
baseline demographic model (Table 4). In all hierarchical
multivariable logistic regression models, caregiver education
was significantly associated with severe injury, such that
patients whose caregivers had less than a high school/high
school education or some college/2-year college degree
were more likely to have severe injuries compared with
patients whose caregivers had a 4-year college degree and
above (aOR, 2.94−3.58; 95% CI, from 1.04−8.60 to 1.23
−10.5).
Journal of Pediatric Health Care�



FIGURE 2. The prevalence of specific negative social determinants of health (SDH) among caregivers
(A), the prevalence of the number of negative SDH per caregiver (B), the prevalence of each negative
SDH in isolation given the presence of the negative SDH (C), and the average number of co-occurring
negative SDH associated with each specific SDH (D)
DISCUSSION
Considering the co-occurrence of negative SDH that fami-
lies experience may provide greater insight into severe pedi-
atric injury prevention strategies than focusing on isolated
SDH. As with prior research (Harlem, 2020;
Pourmotabbed et al., 2020; Whittle et al., 2020), negative
SDH often coexisted within families; nearly half of families
in the study experienced two or more negative SDH. Two
SDH patterns identified by ARM analyses—(1) child care
needs in combination with neighborhood violence and (2)
caregivers lacking health insurance—were associated with
severe pediatric injury during the second year of the
COVID-19 pandemic in our sample. Lack of caregiver
health insurance was the only SDH associated with injury
severity in bivariate associations, and no negative SDH type
was associated with injury severity in the hierarchical models.
Overall, this study suggests that ARM may be a useful
exploratory analysis tool for identifying SDH patterns
among families that are associated with various child health
outcomes, including injury severity.

The first SDH pattern associated with severe injury in
our sample was a caregiver having child care needs in
www.jpedhc.org
combination with neighborhood violence. Prior geospatial
injury studies have suggested that the locations in which
injuries occur are not random and that environmental (e.g.,
the density of alcohol outlets) and socioeconomic (e.g., pov-
erty) factors are associated with higher injury and crime rates
(Bell, Schuurman, & Hameed, 2008; Newgard et al., 2011).
Similarly, residents may feel unsafe in these areas with higher
rates of injury and crime, so feeling unsafe in one’s neighbor-
hood may be a proxy for the environmental and socioeco-
nomic conditions associated with injury. However, in our
analyses, neighborhood violence was not a sufficient risk
factor for severe pediatric injury; rather, it had to be com-
bined with child care needs to increase the risk for severe
injury.

Since the beginning of the COVID-19 pandemic, there
has been an ongoing child care crisis, with child care centers
closing temporarily or permanently across the United States
(Kalluri et al., 2021; Lee & Parolin, 2021a). In addition,
many grandparents—a key source of child care among
many families—died of COVID-19 within the first
two years of the pandemic (Hillis et al., 2021). Combining
low availability with the high cost of child care for the
November/December 2022 555
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TABLE 2. Association rules depicting patterns of social determinants of health associated with
severe injury among pediatric patients with at least one reported social determinant of health
(n = 248) admitted to an urban level 1 pediatric trauma center between March 26, 2021 and November
14, 2021

Pattern Support Confidence Lift

Child care need + neighborhood violence 0.03 0.35 1.67
Uninsured, caregiver 0.04 0.30 1.42
Lack of social support 0.03 0.23 1.07

Notes. Rules restricted to those with severe injury as the consequent, support ≥ 0.02, confidence ≥ 0.20, and lift > 1.00.
average family, affordable access to quality child care has
been limited across the United States, particularly within
low-income urban communities similar to the one presently
investigated (Moran, 2021). When caregivers cannot access
needed child care, they often adjust to supervising or provid-
ing at-home education, which may lead to inadequate super-
vision (Lee et al., 2021b). Inadequate child supervision may
increase injury risk among children when hazards to child
TABLE 3. Association rule mining informed multivari
adjusted odds ratios and 95% confidence intervals fo
of health patterns and severe injury (vs. mild/modera
an urban level 1 pediatric trauma center between Ma

Characteristics Child care need +
violence model

Patient age 1.06 (0.99−1.13)
Patient gender
Female (reference) −
Male 0.89 (0.48−1.66)

Caregiver race
White (reference) −
Black 1.52 (0.73−3.17)
Multiracial 0.51 (0.06−4.46)
Othera 2.10 (0.76−5.80)

Caregiver ethnicity
Hispanic 0.66 (0.18−2.44)
Non-Hispanic (reference) −

Caregiver age 0.99 (0.96−1.02)
Caregiver relationship to child
Parent 1.17 (0.30−4.48)
Otherb (reference) −

Caregiver education
Less than high school/high school 3.18 (1.11−9.10)*
Some college/2-year college 3.11 (1.08−8.97)*
4-year college/graduate school (reference) −

Social determinants of health pattern
Child care need + neighborhood violence 2.77 (1.01−7.62)*
Uninsured −
Lack of social support −

Notes. Displayed values are adjusted odds ratios (95% confidence interv
tions with chained equations.
aOther includes Asian, American Indian or Alaska Native, Pacific Islander,
bOther includes grandparents, aunts, uncles, or other legal guardians.
*p < .05.

556 Volume 36 � Number 6
safety are present (Morrongiello & Schell, 2010;
Petrass, Finch, & Blitvich, 2009). Turning to the present
analyses, a caregiver indicating child care needs may reflect a
situation of suboptimal child supervision. In addition, indi-
cating neighborhood safety concerns may reflect a context
in which the number and types of hazards and risks are
heightened. An interpretation of the present findings is that
this dual condition of suboptimal child supervision co-
able logistic regression results presenting
r the associations between social determinants
te injury) among pediatric patients admitted to
rch 26, 2021 and November 14, 2021

neighborhood Uninsured model Lack of social
support model

1.06 (0.99−1.13) 1.06 (0.99−1.13)

− −
0.93 (0.50−1.75) 0.87 (0.47−1.63)

− −
1.61 (0.76−3.36) 1.62 (0.78−3.35)
0.62 (0.07−5.37) 0.55 (0.06−4.71)
2.02 (0.73−5.57) 2.00 (0.72−5.54)

0.59 (0.16−2.20) 0.70 (0.19−2.60)
− −
0.99 (0.96−1.03) 0.99 (0.96−1.02)

1.14 (0.30−4.36) 1.22 (0.32−4.64)
− −

3.13 (1.09−8.97)* 3.11 (1.09−8.88)*
3.12 (1.08−8.98)* 3.04 (1.06−8.73)*
− −

− −
2.29 (1.02−5.16)* −
− 1.53 (0.66−3.57)

al). Results are pooled > 20 imputed datasets using multiple imputa-

and unknown.
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TABLE 4. Hierarchical multivariable logistic regression results present adjusted odds ratios and 95% confidence intervals for associations
between types of social determinants of health and severe injury (vs. mild/moderate injury) among pediatric patients admitted to an urban level 1
pediatric trauma center between March 26, 2021 and November 14, 2021
Characteristics Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Patient age 1.06 (0.99−1.13) 1.06 (1.00−1.13) 1.06 (0.99−1.13) 1.06 (1.00−1.14) 1.06 (0.99−1.13) 1.06 (0.99−1.14)
Patient gender
Female (reference) − − − − − −
Male 0.88 (0.48−1.64) 0.84 (0.45−1.56) 0.88 (0.47−1.63) 0.87 (0.46−1.62) 0.90 (0.48−1.70) 0.89 (0.48−1.66)

Patient race
White (reference) − − − − − −
Black 1.67 (0.81−3.45) 1.64 (0.80−3.40) 1.64 (0.79−3.40) 1.65 (0.79−3.46) 1.55 (0.75−3.23) 1.77 (0.85−3.69)
Multiracial 0.55 (0.06−4.73) 0.55 (0.06−4.76) 0.55 (0.06−4.79) 0.56 (0.06−4.84) 0.64 (0.07−5.55) 0.58 (0.07−5.06)
Othera 2.13 (0.77−5.85) 2.13 (0.78−5.85) 2.14 (0.78−5.90) 2.05 (0.73−5.75) 1.99 (0.71−5.54) 2.23 (0.79−6.32)

Patient ethnicity
Hispanic 0.67 (0.18−2.46) 0.65 (0.17−2.46) 0.70 (0.19−2.59) 0.68 (0.18−2.56) 0.54 (0.14−2.09) 0.65 (0.17−2.44)
Non-Hispanic (reference) − − − − − −

Caregiver age 0.99 (0.96−1.02) 0.99 (0.96−1.03) 0.99 (0.95−1.02) 0.99 (0.96−1.02) 0.99 (0.95−1.03) 0.99 (0.96−1.03)
Caregiver relationship to child
Parent 1.20 (0.32−4.55) 1.22 (0.31−4.74) 1.27 (0.33−4.92) 1.20 (0.31−4.62) 1.10 (0.28−4.29) 1.21 (0.32−4.64)
Otherb (reference) − − − − − −

Caregiver education
Less than high school/high school 3.16 (1.11−9.01)* 3.58 (1.23−10.5)* 3.07 (1.07−8.82)* 3.09 (1.08−8.83)* 3.10 (1.08−8.93)* 3.18 (1.11−9.08)*
Some college/2-year college 3.06 (1.07−8.77)* 3.30 (1.13−9.59)* 3.10 (1.08−8.91)* 2.99 (1.04−8.60)* 2.94 (1.02−8.57)* 3.05 (1.06−8.78)*
4-year college/graduate school (reference) − − − − − −

Financial determinants
Financial instability − 0.69 (0.31−1.53) − − − −
Employment needs − 0.99 (0.41−2.37) − − − −
Food insecurity − 0.73 (0.32−1.69) − − − −

Housing determinants
Housing instability − − 0.90 (0.41−1.98) − − −
Unsafe housing − − 2.30 (0.70−7.60) − − −

Community-level determinants
Transportation needs − − − 0.82 (0.31−2.22) − −
Child care needs − − − 1.30 (0.67−2.50) − −
Lack of social support − − − 1.43 (0.58−3.56) − −
Neighborhood violence − − − 0.99 (0.42−2.37) − −

Health care determinants
Uninsured, caregiver − − − − 2.19 (0.94−5.13) −
Uninsured, child − − − − 2.70 (0.59−12.3) −

Health care access issues − − − − 0.26 (0.03−2.53) −
Mental health determinants
Poor mental health, caregiver − − − − − 1.64 (0.27−1.95)
Poor mental health, child − − − − − 0.72 (0.27−1.95)

Likelihood-ratio test − x2(3) = 1.05 x2(2) = 0.85 x2(4) = 0.41 x2(3) = 2.22 x2(2) = 0.54

Notes. Displayed values are adjusted odds ratios (95% confidence interval). Results pooled > 20 imputed datasets using multiple imputations with chained equations. Likelihood-ratio test assesses
improvement in model fit between Model 1 (baseline demographic model) and subsequent models.
aOther includes Asian, American Indian or Alaska Native, Pacific Islander, and unknown.
bOther includes grandparents, aunts, uncles, or other legal guardians.
*p < .05.
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occurring in a context with increased environmental hazards
may increase children’s risk of severe injury by providing an
opportunity (i.e., decreased supervision) and means (i.e.,
hazards available within the child’s setting) for injury.

The second SDH pattern associated with severe injury in
our ARM-informed regression models was a caregiver lack-
ing health insurance; however, caregiver insurance status
was not associated with injury severity in the hierarchical
multivariable logistic regression. This inconsistency is the
product of other health care determinants (i.e., child insur-
ance status and health care access issues) being included in
the hierarchical regression model that explains the same por-
tion of the variance in injury severity as caregiver insurance
status, thus rendering the association between caregiver
insurance status and injury severity nonsignificant. This dis-
crepancy demonstrates that regression models are sensitive
to the inclusion or exclusion of co-occurring negative SDH.
Negative SDH often co-occur with each other and may be
related to outcomes through similar mechanisms. Research-
ers must critically assess which negative SDH are appropri-
ate to include in different statistical models. Using an ARM
algorithm can guide the focal negative SDH to include in a
regression model, and the researcher can then identify
potential confounders of the association between the focal
negative SDH and the outcome to include in such a model.

Considering the ARM-informed logistic regression
results, researchers have repeatedly found that both adults
and children lacking health insurance are less likely to seek
medical care than insured individuals (Newton, Keirns, Cun-
ningham, Hayward, & Stanley, 2008; Zhou, Baicker, Taub-
man, & Finkelstein, 2017). Regardless of child insurance
status, children of caregivers who lack health insurance are
less likely to obtain regular medical care than children of
caregivers who have health insurance (Davidoff, Dubay,
Kenney, & Yemane, 2003). Thus, it may be that caregivers
who lack health insurance are less likely to seek medical care
for their children following a mild or moderate injury com-
pared with insured individuals. It also may be that caregiver
insurance status is a surrogate for other factors that affect
child injury severity, for example, financial strain and pov-
erty.

Limitations
The present study has several limitations. As a convenience
hospital-based sample, we were limited in comparing mild/
moderate injury to severe injury, and we could not compare
injury to no injury. Furthermore, findings may only general-
ize to those who ultimately seek medical care rather than the
broader community. As observational, cross-sectional data,
we are unable to infer causation. In addition, we did not
include data for some patients with confirmed child mal-
treatment, as the legal guardians in most of these cases were
not available to complete the SDH questionnaire. Finally,
our use of machine learning techniques is exploratory. Iden-
tified SDH patterns associated with severe injury may be
unique to the present sample. We attempted to overcome
this limitation by controlling for several key demographic
558 Volume 36 � Number 6
variables when assessing the association between SDH pat-
terns and severe injury, but future work should evaluate if
the presently identified SDH patterns are associated with
severe injury in other populations.
Conclusions
Two SDH patterns identified using exploratory ARM—(1)
child care needs in combination with neighborhood violence
and (2) lack of caregiver health insurance—were associated
with pediatric severe injury during the second year of the
COVID-19 pandemic. Considering patterns of SDH that
families experience rather than isolated SDH may provide
greater insights into prevention strategies for severe pediatric
injury.
SUPPLEMENTARY MATERIALS
Supplementary material associated with this article can be
found in the online version at https://doi.org/10.1016/j.
pedhc.2022.05.021.
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