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Abstract

Health care organizations are increasingly documenting patients for social risk factors in structured data. Two main
approaches to documentation, ICD-10 Z codes and screening questions, face limited adoption and conceptual challenges.
This study compared estimates of social risk factors obtained via screening questions and ICD-10 Z diagnoses coding, as
used in clinical practice, to estiamtes from validated survey instruments in a sample of adult primary care and emergency
department patients at an urban safety-net health system. Financial strain, transportation barriers, food insecurity, and housing
instability were independently assessed using instruments with published reliability and validity. These four social factors
were also being collected by the health system in screening questions or could be mapped to ICD-10 Z code diagnosis code
concepts. Neither the screening questions nor ICD-10 Z codes performed particularly well in terms of accuracy. For the
screening questions, the Area Under the Curve (AUC) scores were 0.609 for financial strain, 0.703 for transportation, 0.698
for food insecurity, and 0.714 for housing instability. For the ICD-10 Z codes, AUC scores tended to be lower in the range
of 0.523 to 0.535. For both screening questions and ICD-10 Z codes, the measures were much more specific than sensitive.
Under real world conditions, ICD-10 Z codes and screening questions are at the minimal, or below, threshold for being diagnosti-
cally useful approaches to identifying patients’ social risk factors. Data collection support through information technology
or novel approaches combining data sources may be necessary to improve the usefulness of these data.
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Introduction

Social risk factors include the array of nonclinical, con-
textual, and socioeconomic characteristics that negatively
affect health and increase utilization and costs [1, 2].
Patients’ social risk factor information can drive referrals
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to community partners [3] or be applied to population
health management activities, like risk stratification [4]. In
response to the potential value of these data and increased
interest from payers and policymakers, the collection of
patients’ social risk factor information has become more
common [5, 6].

While social risk factors may be documented as part of
narrative notes within electronic health records (EHR), data
are more useful when stored in a structured form (i.e., coded
and not narrative text) that facilitates retrieval and analyses
[7]. For organizations’ wishing to collect patients’ social fac-
tors as structured data, one option is to use one of the vari-
ous multi-domain social factors screening questionnaires [8].
Provider organizations, payers, researchers, and technology
vendors have designed and implemented a variety of short
screening questions to reflect multiple social risk factors
such as housing, financing, hunger, transportation, and other
issues [8—11]. In addition, ICD-10 introduced “Z codes” to
reflect patient factors other than disease, injury, or exter-
nal causes as problems or diagnoses [12]. Using ICD-10 Z
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codes, providers may document a variety of social factors,
including housing, income, unemployment, and social rela-
tionships during the care of patients — just as they would for
any clinical condition [13]. Innovative health care organiza-
tions have successfully integrated screening questions, as
well as ICD-10 Z coding, into EHR systems and clinical
workflows in order to facilitate structured data collection at
the point of care [9, 14-16].

Nevertheless, these aforementioned social risk factor
measurement approaches face limitations. For one, evidence
suggests both ICD-10 Z codes and screening questions, even
when integrated in the EHR, face limited adoption. The little
available evidence on ICD-10 Z codes and earlier incarna-
tions of non-medical diagnosis codes indicates substantial
underusage and potentially biased usage [17-19]. Research
and demonstration projects have successfully implemented
screening questions in practice [3, 9, 15], but overall uptake
remains low and inconsistent [20]. Moreover, usage of social
risk factor screening questions faces general workflow and
time constraint barriers [21, 22]. More importantly, how-
ever, the validity and reliability of both of these approaches
are unknown. Systematic reviews conclude that the psycho-
metric properties of many social factor screening questions
have not been established [23, 24]. While no studies have
specifically investigated the psychometric properties of Z
codes, overall, the reliability and validity of ICD-10 diag-
noses have been documented as low [25, 26], and concerns
exist about the conceptual linkage between codes and social
factors [27].

This study sought to compare estimates of social risk fac-
tors derived from screen questions and ICD-10 Z diagnoses
coding, as used in clinical practice, against estimates derived

using validated instruments. Estimates of social risk factor
screening performance address a gap in the literature, and
our use of validated instruments provides a strong refer-
ence standard. Moreover, establishing performance identi-
fies opportunities for improved social factors measurement
approaches.

Methods

We compared the performance of commonly used social risk
factor screening questions and ICD-10 Z codes in identify-
ing patients with financial strain, transportation, food insecu-
rity, and housing instability against estimates obtained from
validated survey instruments.

Setting & sample

The study sample included adult primary care and emer-
gency department (ED) patients who sought care at an Indi-
anapolis, IN safety-net provider during August and Septem-
ber of 2020. Patients were eligible for inclusion if they: were
18 years old or older; did not require an interpreter; were
able to complete a self-administered survey unassisted; and
were not marked as positive for COVID-19 symptoms in the
EHR scheduling system. Data were collected via REDCap
[28], and all patients received an incentive for participation.

Measures: Validated measures of social risk factors

Figure 1 describes the construction of the analytic sample.
Patients completed validated (e.g., published psychometric
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properties) social risk factor survey instruments covering:
financial strain [29], transportation [30], food insecurity
[31], housing instability [32], and other social risk factors.
Due to the length of these individual instruments, patients
were not administered all the validated survey instruments
concurrently. Instead, we used a random number generator in
REDCap to deliver a subset of instruments to the participants
(e.g., 3 of the 4 domains) to minimize the response burden.
The validated survey instruments were self-administered
using tablets during health care encounters or via email.
For those responding in-person using tablets, research staff
approached patients during ED or primary care visits while
the patient waited for the provider. Patients receiving in-
person care at primary care sites that were physically too
small to accommodate data collection staff (due to physical
distancing requirements) were emailed a link to participate
via email. No significant differences in social risk factors
prevalence existed by mode or location of data collection.
This approach resulted in 170 responses to the financial
strain survey, 174 to the transportation survey, 164 to the
food insecurity survey, and 165 to the housing instability
survey among 256 unique patients.

All four validated survey instruments demonstrated levels
of internal consistency (Cronbach’s a) generally considered
acceptable [33]. We created binary indicators for the pres-
ence of each social risk factor following recommendations
in the literature. Financial strain was assessed using the
comprehensive score for financial toxicity (COST) instru-
ment (@ = 0.75) and defined by the median total scores
[29]. The Transportation Barriers Measure assessed trans-
portation barriers (« = 0.79) and was also divided as the
median total score [30]. Food insecurity was defined as a
total food insecurity raw score of 3 or greater (low or very
low food insecurity) on the U.S. Household Food Security
Survey Module: Six-Item Short Form (a = 0.87) [31, 34].
The Housing Instability Index was divided at the median to
measure housing instability (a = 0.71) [32].

Measures: Social risk factor screening questions

We merged responses from the validated survey instruments
to the health system’s EHR using patient identifiers to obtain
responses to existing social risk factor screening questions
and ICD-10 Z codes. The health system used the social risk
factor screening questions included in the Epic EHR system
[35]. For these screening questionnaires, the standard prac-
tice at the health system is for medical assistants to collect
structured responses to these screening questions. The struc-
tured responses are retained and providers have the option of
automatically incorporating the responses into clinical notes
as text (called “smart phrases” within the EHR). However,
these questions were not asked of all patients. We created
binary indicators for positive screens from the screening

questions for financial strain, transportation, food insecurity,
and housing instability following published guidelines [36].

Among the 256 patients in the sample (Fig. 1), 36% had
been administered screening questions from at least one of
the four social risks of interest. The combination of vali-
dated surveys and EHR survey questions resulted in: 57
observations for financial strain (mean days between vali-
dated survey and EHR screening question collection=14.4;
SD =26.5); 57 observations for transportation barriers
(mean days between=11.1; SD=24.9); 52 observations for
food insecurity (mean days between=7.8; SD=16.3); and
44 observations for housing (mean days =32.7; SD=33.8).

Measures: ICD-10 Z codes for social factors

ICD-10 Z codes were available to providers to document
any patients’ primary or secondary diagnoses and were also
assessed as implemented in practice at the health system.
We adapted published mapping of ICD-10 Z codes to social
factors [27] (see Appendix A). For the entire patient sample
(n=256), we considered the presence of the ICD-10 Z code
within one year of the date of the validated survey admin-
istration as a positive screen and the absence as a negative
screen for each social factor. We also created a single indica-
tor reflecting either the presence of an ICD-10 Z code or a
positive response to the screening questionnaires. One of the
ICD-10 Z codes of interest was present in 15.2% of the study
sample (mean days between validated survey and ICD-10 Z
code diagnosis date=103.6; SD=113.3).

Analyses

We described the sample characteristics using frequencies
and percents. For each social factor, we describe the percent
positive according to each screening method. We compared
the performance of screening questions and ICD-10 Z codes
against the validated measures using sensitivity, specific-
ity, positive predictive values (PPV), and the area under the
curve (AUC) values. As a sensitivity check, we limited the
sample to those with screening questions collected within
30 days of the validated survey. Additionally, we repeated
the analyses using either a positive response to screening
questions or the presence of ICD-10 Z code as an indicator
of social risk for all respondents of the validated surveys.
Differences in AUC were compared by the Delong test [37].
The study was approved by the IRB of Indiana University.

Results
The study sample was predominately female, under the

age of 45, and covered by Medicaid (Table 1). The sample
was also highly diverse, with less than one-third of patients

@ Springer



111 Page4of9

Journal of Medical Systems (2021) 45: 111

Table 1 Characteristics of the patient sample

n Percent

Gender

Male 99 38.7

Female 157 61.3
Age

18-34 97 37.9

35-44 40 15.6

45-64 101 39.5

>65 18 7.0
Race and ethnicity

White non-Hispanic 77 30.1

African American non-Hispanic 145 56.6

Hispanic 23 9.0

Other / unknown 11 4.3
Insurance status

Medicaid 141 55.1

Medicare 34 13.3

Private 46 18.0

Uninsured 35 13.7
Elixhauser score (mean, sd) - 25124
Questionnaire screening present 94 36.7
Z-code (any) present 39 15.2

identified as White and non-Hispanic. The percentage of
patients with identified social factors was consistently high-
est per the validated questionnaires (Fig. 2). Only for food
insecurity was the prevalence from screening questions simi-
lar to the validated surveys. Percentages were lowest using
ICD-10 Z codes.

Neither the screening questions nor ICD-10 Z codes per-
formed particularly well in terms of accuracy (Table 2). For
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the screening questions, AUC scores ranged from 0.61 to
0.71, and were significantly higher than the ICD-10 Z codes
for transportation, food insecurity, and housing instability.
For the ICD-10 Z codes, AUC scores tended to be lower in
the range of 0.52 to 0.53. In general, both measures were
much more specific than sensitive. For ICD-10 Z codes, the
specificity was greater than 90% for each social factor. For
screening questions, specificity was greater than 90% for
financial security, transportation barriers, and housing insta-
bility. Our sensitivity analysis, which limited the sample to
screening questions collected within 30 days of the validated
measures, did not change overall performance, except for
food insecurity, where the AUC decreased significantly (see
Appendix B).

When the available screening questions were added to
the information from ICD-10 Z codes, only the AUC for
housing instability increased significantly (Fig. 3). However,
even with the additional information, all the AUC values
remained below 0.60. While not statistically significant, the
sensitivity for financial insecurity, transportation barriers,
food insecurity, and housing instability all were higher when
both data sources were used (see Appendix C).

Discussion

Current approaches to social factor measurement are very
specific. When either an ICD-10 Z code is present or
a screening question is positive, the social factor is very
likely present. However, in real world conditions, these two
screening approaches did not perform particularly well over-
all in this sample of safety-net patients. As identification of
patients’ social factors is critical to organizational opera-
tions, population health, and current health policy, current

42.4
39.7 39.0
37.2
31.3
19.1
7.4 7.8
2.0

Transportation Food insecurity Housing instability

screening questions ICD-10 Z code
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Table 2 Performance of screening questions and ICD-10 Z codes for social risk factor screening measurement compared to validated survey

Positive predictive value (PPV)

Area under the curve (AUC)

instruments
Social factor n Sensitivity Specificity
Financial strain
screening questions® 57 28.0(12.1,49.4) 93.8 (79.2,99.2)
ICD-10 Z codes® 170 10.3 (4.5,19.2) 96.7 (90.8, 99.3)
Transportation
screening questions 57 50.0 (23.0, 77.0) 90.7 (77.9, 97.4)
ICD-10 Z codes 174 11.6 (5.1, 21.6) 94.3 (88.0,97.9)
Food insecurity
screening questions 52 66.7 (38.4, 88.2) 73.0 (55.9, 86.2)

77.8 (40.0, 47.4)
72.7 (39.0, 94.0)

63.6 (30.8, 89.1)
57.1(28.9, 82.3)

50.0 (27.2, 72.8)

0.609 (0.509, 0.708)
0.535 (0.496, 0.573)

0.703 (0.561, 0.846)*
0.529 (0.485, 0.574)

0.698 (0.555, 0.841)*

ICD-10 Z codes 164
Housing instability

4.7(1.0,13.1) 100.0 (96.4, 100.0)

screening questions 44
ICD-10 Z codes 165

50.0 (24.7, 75.3)
10.0 (4.1, 19.5)

92.9 (76.5, 99.1)
96.8 (91.0, 99.3)

100.0 (29.2, 100.0) 0.523 (0.487, 0.550)

80.0 (44.4, 97.5)
70.0 (34.8, 93.3)

0.714 (0.579, 0.850)*
0.534 (0.495, 0.574)

*p<0.05 comparison of AUC values
aScreening questions extracted from the EHR
ICD-10 Z codes see Appendix

measurement strategies require substantial improvement or
new innovative approaches.

The introduction of ICD-10 Z codes for social risks
factors has been an exciting development for those inter-
ested in population health and an important step towards
potential reimbursement for health care organizations [38].
Nevertheless, our findings add to the growing evidence
that ICD-10 Z codes are significantly underutilized as a
method of documenting diagnoses [13, 17-19]. In this
sample, nearly 15% of patients had at least one ICD-10
Z code, whereas other studies have reported the preva-
lence of ICD-10 Z codes at around 2% [17, 39]. Even in
this instance of more common usage, ICD-10 Z codes
still underestimated the prevalence of social risk factors

and are limited in their potential to effectively infer the
presence of a social factor for a patient. Tying ICD-10 Z
codes to reimbursement would undoubtedly increase their
usage. Nevertheless, changing documentation practices is
always challenging. Technological solutions may improve
data collection and presentation to providers. This site’s
use of automatic creation of text in the provider’s notes
through “smart phrases” is one such example that makes
this information more accessible to providers. Also, some
health systems have demonstrated success in linking ICD-
10 Z codes to screening activities to improve data capture
[14, 16]. Such automation could be combined with efforts
to have patients self-report social factors with EHR portals
[40] or tablets [41].
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. . 0.549
g 0.535 0.529 0.523 0.544 0.534
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=
—
5
c 0.3
S5
3
5 02
0.1
0
Financial strain Transportation Food insecurity Housing instability
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Additionally, no standard mapping of ICD-10 Z codes
to social factors exists [27]. Individual codes could be
mapped to multiple different social risks (e.g., Z59.8—
Other problems related to housing and economic circum-
stances other problems mapped to housing and financial
strain) [12] or could possibly reflect patient diagnoses not
related to the social factor of interest (e.g., Z91.80 — other
specified personal risk factors mapped to transportation
[27], but may reflect other risks). As a result, those relying
solely on ICD-10 Z codes may not be measuring the intended
social construct. Unstructured data associated with the
diagnosis code could clarify the factor being documented;
although, that increases the difficulty of data extraction
and analysis, and also undermines the advantages of struc-
tured data elements.

In general, social risk factor screening questions were
also very specific, but had higher sensitivity than ICD-10 Z
codes. The screening questions performed better than ICD-
10 Z codes, but with qualifications. The transportation barri-
ers and housing instability just reached commonly accepted
thresholds for acceptable performance, but financial strain
and food insecurity did not reach the level of being diagnos-
tically useful [42, 43]. This better, but still not overwhelm-
ing, performance could be due to both characteristics of
the questions and workflow issues. First, screening ques-
tionnaires, as in this study, typically draw single or pairs of
items from existing tools [8]. This practice results in strongly
worded and consistent screening questions, whereas inter-
pretation of ICD-10 Z codes could result from very different
and inconsistently worded questioning by providers [44].
Hence, a possible reason for better performance. Neverthe-
less, adopted or adapted items do not inherit the psycho-
metric properties of the original validated instruments [45],
which may explain the middling to poor performance. Any
resulting questionnaire that adapts or adopts a subset of
items would require independent psychometric evaluation
to assess reliability and validity. Although, in the case of
food insecurity, the screening questions included as part of
the Epic EHR come from a well-tested short-screening tool
[46], which likely explains the stronger performance. Sec-
ond, the administration of screening questions is at risk for
selective screening practices and incomplete implementation
[6]. While the evidence suggests that most providers and
health systems are favorably disposed to screening for social
risk factors, implementation is inconsistent and faces bar-
riers of time and workflow integration [20, 22, 47]. Related
to concerns about data collection time burdens, the social
risk factors screening questions were much shorter than the
validated instruments, e.g., 3 questions versus 10 for hous-
ing stability and 2 compared to up to 16 for transportation in
the validated instrument). Nevertheless, even with these less
time consuming approaches, screening via questionnaires
was less than universal in practice.

@ Springer

The context of these findings is important; the health care
organization had integrated data collection into the EHR,
adjusted workflows, and made social risk factors a prior-
ity. The limited performance of screening questionnaires
and ICD-10 Z codes was observed even with such efforts to
address data collection challenges. As such, more innova-
tive and alternative methods of social factor measurement
may be needed to achieve higher screening rates and more
accurate measurements. Recently, experts have suggested
alternative means of representing patient-level social factors
such as computable phenotypes [48]. In particular, comput-
able phenotypes are composites of characteristics defined
through single data elements or a collection of data ele-
ments, observations or events, to identify relevant patients
[49-51]. This study indicated that single measurement
approaches, as currently used in practice, are insufficient.
However, in support of the phenotype idea, the combination
of screening questions and ICD-10 Z codes resulted in small
improvements in performance. Work has already indicated
that social risk factor identification may be improved using
textual and structured data sources [52]. While this study
focused on structural data, health care providers have his-
torically recorded their patients’ social risk factors within
patient records as text [53, 54] with social history as a stand-
ard portion of health records [55]. As a result, unstructured
text constitutes an important and rich source for information
[56], and multiple researchers and institutions are increas-
ingly leveraging natural language processing (NLP) to
extract a variety of social risk factors into structured data
elements [57-60]. Future work would be necessary to see
if leveraging the existing screening questions and ICD-10 Z
code data collected by health systems could yield informa-
tive social risk factor measures.

Limitations

First, this was an analysis of social screening as conducted in
practice. Thus, the potential for selection or non-response bias in
the administration of screening questions or the documentation
of ICD-10Z codes cannot be assessed. Studies that control both
for all three different processes of social risk factor screening
may result in alternative measures of performance. Second,
performance may be due in part to inconsistent construct
definitions. Social factors as measured in the validated survey
instruments, screening questions, and the individual provider’s
diagnosis coding may reflect slightly different concepts (e.g.,
housing instability vs. homelessness). Also, differences may
be due to temporal issues, as we did not collect all data points
simultaneously, and social factors change over time. This study
was also limited by the COVID-19 pandemic. Limited patients
access meant the sample reflected different care settings and
a smaller sample size. In particular, our sample sizes only
provided sufficient power to detect AUC differences greater
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than 0.10 [61]. Thus, our study is unpowered to detect smaller
AUC differences. The prevalence of financial insecurity and
transportation barriers were higher among ED patients, but the
sample size prohibited stratified analyses. Lastly, the findings
are limited in terms of generalizability both for ICD-10 Z
codes and screening questions. These data reflect workflows
and processes of our clinical partner, which may be different
from other locations. Specifically, our health system partner was
using ICD-10 Z codes at a much higher rate than national reports
[17, 18]. Likewise, no single standard multi-domain social risk
factor screening questionnaire exists [23], and while many share
common questions, the EHR-based screening questions in this
study may not generalize completely to all other tools.

Conclusions

Under real world conditions, ICD-10 Z codes and screening
questions did not perform very well in accurately identifying
patients’ social risk factors. Data collection support through
information technology or novel approaches combining data
sources may be necessary to improve the usefulness of these
data.
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