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INTRODUCTION

Data on chronic conditions and clinical diagnoses is used to
predict patient outcomes and utilization of health services and
subsequently shapes clinical care.1 Despite strong associations
between social risks and health outcomes, little is known about
advancing social care practices in healthcare settings. This
study explores how social risks cluster by type and frequency
to better understand how patterns of social risks may be
associated with chronic conditions and healthcare utilization
with the aim to improve care for patients and communities.

METHODS

We utilized prospectively collected social risk data gathered
from a social needs intervention for adult predicted healthcare
high utilizers and applied latent class analysis (LCA) based on
14 patient-reported social risks: food insecurity, healthy food,
housing, housing safety, employment, transportation, financial
security, utility assistance, public benefits, financial counsel-
ing, affordable medical care, health literacy, caregiver support,
and social support.2 LCA is a probabilistic approach that
empirically identifies clusters of individuals by categorical
variables using a maximum likelihood approach. Tests of
model fit were used to indicate the optimal number of distin-
guishable classes. After comparing with Pearson’s χ2, likeli-
hood ratio χ2, Akaike’s information criterion, and Lo-
Mendell-Rubin’s likelihood ratio test, the lowest Bayesian
information criterion (BIC) evaluated the best LCA model
fit.3 After creating the classes, we used patient data from
claims and our electronic health record to describe each clus-
ter. Tests of proportions and Student’s t tests compared

proportions and means by latent class. The study was ap-
proved by the Kaiser Permanente Southern California Institu-
tional Review Board.

RESULTS

Our sample included 2533 high-utilizing patients who com-
pleted screening, of which 1984 (65%) reported at least one
social risk. The best-fitting LCA model categorized individ-
uals into four classes (BIC = 28,171.96).
Classes differed by types and overall number of social risks

as well as race and insurance carrier (Table 1). Yet, the number
of social risks per patient differentiated classes most. All of
class 1 possessed 4 or more risks while a majority of class 4
had no self-reported risk (p < 0.001) (Table 2).
The class with the most social risks (class 1) had the highest

total utilization. Compared with the lowest social risk class
(class 4), patients in class 1 had significantly more total (5.5
vs. 4.3, p = 0.003), emergency department (2.1 vs. 1.2, p <
0.001), and inpatient visits (1.5 vs. 1.1, p < 0.001) despite
fewer medical comorbidities based on the Charlson score
(Table 2). Additionally, patients in class 1 more often identi-
fied as black compared with those in class 4 (35% vs. 13%, p <
0.001).

DISCUSSION

Our study found that in a predicted high healthcare utilization
patient sample, latent classes emerge based on endorsed social
risks. The class with the most social risks had the highest
utilization of care, despite being younger and having the
fewest medical comorbidities. Patterns of social risks appear
to provide valuable, complementary information to the clinical
variables traditionally used to predict utilization.4

Often, social care interventions are based on clinical diag-
nosis, age, or insurance coverage instead of the types or
number of social risks, which our findings indicate should
influence the design of these interventions.5 Furthermore, this
study suggests that the number and types of social risks may
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Table 1 Patient Characteristics by Latent Class

Patient
characteristics

Total
(N = 2533)

Class 1
(N = 421)
Most social
risk factors

Class 2
(N = 320)

Class 3
(N = 439)

Class 4
(N = 1353)
Fewest social
risk factors

p value for t test for
difference between class 1
and class 4

Mean
(SD)

Age 66.1 (15.0) 60.5 (15.1) 62.9 (15.2) 66.4 (15.1) 68.5 (14.4) p < 0.001

Percent
(N)

Gender
Male 61 (1555) 57 (242) 51 (163) 66 (289) 64 (862) p = 0.01
Female 39 (978) 43 (179) 49 (157) 34 (150) 36 (491)
Race/ethnicity
Asian 4.3 (110) 4 (17) 4 (13) 6 (27) 4 (52) p = 0.79
Black 20.9 (530) 35 (148) 26 (82) 29 (126) 13 (174) p < 0.001
Hispanic 26.3 (667) 34 (145) 35 (111) 22 (97) 23 (309) p = 0.16
White 46 (1153) 24 (99) 33 (105) 39 (172) 58 (782) p < 0.001
Insurance
Medicaid only 4(101) 8.6 (36) 7.8 (25) 3.4 (15) 1.8 (25) p = 0.009
Medicare only 58.3 (1476) 48.0 (202) 56.3 (180) 56.7 (249) 62.5 (845) p < 0.001
Dual 4.4 (111) 8.3 (35) 6.9 (22) 4.8 (21) 2.4 (33) p < 0.001
Commercial 33.4 (845) 35.2 (148) 29.1 (93) 35.1 (154) 33.3 (450) p = 0.472

Percent
(N)

Social risk by domain
Food insecurity 27.5 (697) 87.8 (370) 0.8 (3) 0.1 (0) 0.9 (12) p < 0.001
Healthy food 28.6 (724) 89.4 (376) 80.6 (258) 13.2 (58) 1.9 (25) p < 0.001
Homelessness/safe
place

8.9 (225) 39.2 (165) 6.0 (19) 8.2 (36) 0.3 (3) p < 0.001

Housing conditions 9.4 (238) 32.0 (135) 7.9 (25) 14.2 (62) 0.8 (11) p < 0.001
Adult education 4.6 (116) 18.6 (78) 2.4 (8) 5.2 (23) 0.5 (6) p < 0.001
Transportation
(medical)

20.1 (508) 48.2 (203) 24.1 (77) 34.6 (152) 4.6 (63) p < 0.001

Financial insecurity 34.3 (870) 97.6 (411) 64.1 (205) 46.0 (202) 2.3 (31) p < 0.001
Utility assistance 22.6 (573) 76.7 (323) 33.4 (107) 27.0 (119) 1.0 (14) p < 0.001
Public benefits 10.4 (264) 40.1 (169) 7.7 (25) 14.1 (62) 0.3 (4) p < 0.001
Financial counsel. 7.4 (188) 30.5 (128) 1.9 (6) 11.4 (50) 0.0 (0) p < 0.001
Financial
assist—medical care

19.3 (488) 53.8 (226) 34.2 (109) 25.7 (113) 2.1 (28) p < 0.001

Health literacy* 15.4 (389) 36.4 (153) 15.9 (51) 21.1 (92) 6.4 (87) p < 0.001
Caregiver
assistance**

11.3 (285) 17.9 (76) 6.2 (20) 21.3 (94) 6.6 (90) p < 0.001

Social isolation*** 21.9 (554) 54.7 (230) 24.1 (77) 34.9 (153) 6.0 (81) p < 0.001

*Health literacy includes all positive responses: all, most, some
**Only 12% of pilot population identified as caregivers of an individual who is physically or mentally disabled
***Social isolation includes all positive responses: always, often, sometimes

Table 2 Healthcare Utilization, Comorbidity Score, and Number of Social Risks per Patient by Latent Class

Total
(N = 2533)

Class 1
(N = 421)
Most social
risk factors

Class 2
(N = 320)

Class 3
(N = 439)

Class 4
(N = 1353)
Fewest social
risk factors

p value for test for difference
between class 1 and class 4

Mean
(SD)

Utilization
Total
utilization

4.5 (6.7) 5.5 (8.4) 5.0 (6.0) 3.8 (5.0) 4.3 (6.7) p = 0.003

ED
utilization

1.4 (2.8) 2.1 (4.3) 1.8 (2.7) 1.2 (1.7) 1.2 (2.4) p < 0.001

IP
utilization

1.2 (1.6) 1.5 (2.1) 1.3 (1.6) 1.1 (1.4) 1.1 (1.5) p < 0.001

OP
utilization

1.9 (5.1) 1.8 (4.8) 1.9 (4.7) 1.5 (4.0) 2.0 (5.6) p = 0.509

Mean
(SD)

Charlson
score

7.0 (3.1) 6.7 (3.1) 7.1 (3.2) 7.1 (3.0) 7.1 (3.1) p = 0.021

Percent
(N)

Social risks per patient
No social
risk

34 (851) 0 (0) 0 (0) 0 (0) 63 (851) p < 0.001

1 social risk 15 (380) 0 (0) 0 (0) 0 (1) 28 (379) p < 0.001
2 social
risks

10 (254) 0 (0) 11 (34) 25 (110) 8 (110) p < 0.001

3 social
risks

8 (206) 0 (0) 23 (75) 27 (119) 1 (12) p = 0.039

4+ social
risks

33 (842) 100 (421) 66 (211) 48 (210) 0 (0) p < 0.001
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have as much utility in predicting health outcomes and service
utilization as the traditional clinical variables. We found dis-
parities in social risks for racial/ethnic minorities, women, and
amongMedicaid enrollees. Therefore, addressing equity in the
design and implementation of healthcare-based social care
interventions is essential to maximize impact.6

These descriptive results should inform future efforts to
develop predictive algorithms that incorporate social risk data
and spur more research on strategies for using social risk data
to advance social care practices in healthcare settings.

Corresponding Author: Artair Rogers, MS; Health Leads, Los
Angeles, CA, USA
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