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ABSTRACT
Objective: Theory-based research of social and behavioral determinants of health (SBDH) found SBDH-related patterns in interventions and
outcomes for pregnant/birthing people. The objectives of this study were to replicate the theory-based SBDH study with a new sample, and to
compare these findings to a data-driven SBDH study.

Materials and Methods: Using deidentified public health nurse-generated Omaha System data, 2 SBDH indices were computed separately to
create groups based on SBDH (0–5þ signs/symptoms). The data-driven SBDH index used multiple linear regression with backward elimination
to identify SBDH factors. Changes in Knowledge, Behavior, and Status (KBS) outcomes, numbers of interventions, and adjusted R-squared
statistics were computed for both models.

Results: There were 4109 clients ages 13–40 years. Outcome patterns aligned with the original research: KBS increased from admission to
discharge with Knowledge improving the most; discharge KBS decreased as SBDH increased; and interventions increased as SBDH increased.
Slopes of the data-driven model were steeper, showing clearer KBS trends for data-driven SBDH groups. The theory-based model adjusted
R-squared was 0.54 (SE¼0.38) versus 0.61 (SE¼0.35) for the data-driven model with an entirely different set of SBDH factors.

Conclusions: The theory-based approach provided a framework to identity patterns and relationships and may be applied consistently across
studies and populations. In contrast, the data-driven approach can provide insights based on novel patterns for a given dataset and reveal insights
and relationships not predicted by existing theories. Data-driven methods may be an advantage if there is sufficiently comprehensive SBDH data
upon which to create the data-driven models.
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BACKGROUND AND SIGNIFICANCE

Social and behavioral determinants of health (SBDH) are
known to impact health outcomes.1,2 SBDH are defined as
the environmental context and social conditions in which peo-
ple live such as geographic location, income, and access to
resources.1,3 Behavioral determinants include but are not lim-
ited to diet, exercise, sleep routines, substance use and abuse,
and risky behaviors.3 Existing reports have shown approxi-
mately 80% of an individual’s health is influenced by
SBDH.3–5 Care delivery models seek to incorporate whole-
person health assessments, including SBDH, to provide a
basis for tailored interventions to optimize health outcomes
and to address social needs (eg, income or food insecurity)
that impact overall health.6–8 Whole-person care takes into
account a person’s environment, physical and psychosocial
aspects, and health-related behaviors.6,9 Toward optimal
whole-person care, it is essential to consider data collection,
measurement, and analysis needs related to SBDH.

In 2014, the Institute of Medicine (IOM) (now the National
Academies of Medicine [NAM]) advanced the notion that
EHRs should adopt a standardized approach to SBDH docu-
mentation and data reuse to advance clinical care and
improve population health.2,10,11 Efforts to achieve this goal
have proliferated since that time such as the NAM Futures of
Nursing Report 2020–2030: Charting a Path to Achieve
Health Equity described SBDH as a key focus for nursing
leadership and policy to improve health outcomes for patients
and communities.11 Additionally, the revised National Insti-
tute of Nursing Research (NINR) framework includes SBDH
as a core research lens.12 Numerous approaches for SBDH
assessments have proliferated and are currently in use. Spe-
cific examples of SBDH data include the Social Interventions
Research and Evaluation Network (SIREN) project, a reposi-
tory of SBDH assessment tools and the Gravity Project, a
national collaborative to build consensus-based data stand-
ards for SBDH.13,14
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Despite all these efforts, a recent report identified key chal-
lenges to the data collection, integration, and use of SBDH
data.15 These include lack of data standards and integration into
patient records; inadequate training and education how to cap-
ture, collect, and use SBDH data; and limited use of the data to
enable 2-way communication between health providers (sys-
tems) and community-based organizations.15 Standardized nurs-
ing terminologies such as the Omaha System have demonstrated
effectiveness as informatics approaches for addressing these chal-
lenges.16–18 The Omaha System, multidisciplinary standardized
terminology, consists of 3 valid instruments, the Problem Classi-
fication Scheme, the Intervention Scheme, and the Problem Rat-
ing Scale for Outcomes.19

The Omaha System Problem Classification Scheme is a rigor-
ous, psychometrically sound assessment used to document all of
health, including SBDH signs/symptoms.19 It is a taxonomy of
42 defined problems and their respective signs/symptoms. There
are 335 Omaha System signs and symptoms that assess whole-
person health across Environmental, Psychosocial, Physiological,
and Health-related Behaviors Domains.20,21 Of the 335 signs/
symptoms, over half (n¼ 187, 56%) are in the Environmental
(40), Psychosocial (85), or Health-related Behaviors Domains
(62). By definition, these are social or behavioral determinants
of health given that they are outside of the Physiological Domain
(n¼ 148) in which the signs/symptoms are for problems of the
body or physical health. The Omaha System is widely used by
public health nurses (PHNs) to guide and document care.19

The Omaha System Problem Rating Scale for Outcomes
consists of 3 Likert-type ordinal scales for each of the 42
problems: Knowledge (1¼ no knowledge, 5¼ superior
knowledge), Behavior (1¼ not appropriate, 5¼ consistently
appropriate), and Status (1¼ extreme signs/symptoms, 5¼ no
signs/symptoms). As with the original study, in this replica-
tion study, we focused on the Knowledge outcome due the
age and overall health status of this population.20,22,23

The original theory-based study mapped NAM/IOM-
recommended SBDH factors to the Omaha System (Table 1)
and examined client outcomes for a sample of pregnant/birth-
ing people served by PHNs using existing practice-generated
data (N¼ 4263).20 The clients were stratified into groups by a
calculated SBDH index based on the SBDH factors. Several
SBDH-related patterns were discovered for this vulnerable
group related to racism, income needs, and alcohol use. Build-
ing on this work, 2 separate studies addressed the need for
algorithm development to identify and serve adults with
SBDH and frailty vulnerabilities. Gao et al16 examined
assisted living clients (N¼ 1618) and identified relationships
between SBDH and frailty for older adults along a continuum
of frailty. Building on Gao’s work, Lu et al18 examined
community-generated Omaha System data for older adults
receiving home care (N¼ 4322), and confirmed Gao’s find-
ings in creating a new Omaha System-based algorithm for
frailty. In addition to the unique findings for each of the stud-
ies, important findings were the same across diverse popula-
tions and Omaha System data sources: First, as the number of
SBDH items increased, interventions increased; and second,
as the number of SBDH items increased, outcomes worsened.

These studies demonstrate the value of standardization to
examine SBDH using the NAM/IOM-recommended SBDH
factors. Building on this work, we aimed to compare the
NAM/IOM-recommended SBDH index to a data-driven
selection of SBDH factors that best predict outcomes. As pre-
viously described, the 17 NAM/IOM-recommended signs/

symptoms are a small subset of the available 187 Environ-
mental, Psychosocial, and Health-related Behaviors signs/
symptoms in the Omaha System.2 In this replication and com-
parison study, we focused on pregnant/birthing people with
mental health concerns, given the known importance of
SBDH factors for this population.24–26 This is a priority pop-
ulation in which SBDH factors have long-term health out-
comes for both pregnant/birthing people and their
children.24,26 This further aligns with international initiatives
to improve maternal health outcomes and support the use of
data standards.25,27

OBJECTIVE

We examined a new dataset that comprised PHN-generated
data for pregnant/birthing people with at least one mental
health sign/symptom for influences of SBDH on client out-
comes using 2 approaches. The objectives were: (1) using the
existing SBDH index, to replicate the original theory-based
study in the new sample; (2) to create and use a data-driven
SBDH index derived from all signs/symptoms and to repeat
the replication analysis with the same sample; and (3) to
describe the predictive abilities of theory-based and data-
driven models for baseline knowledge scores.

MATERIALS AND METHODS

This retrospective, replication, comparison study was deemed
exempt from review by the University Institutional Review
Board (00004498-2018, 1606E88542-2016). The Clinical &
Translational Science Institute Best Practices Integrated Infor-
matics Core (BPIC) granted access to the data shelter on May
27, 2020, where all analyses were completed. The Omaha
System Data Collaborative exists within the University’s Aca-
demic Health Center Secure Computing Environment.

Sample

The dataset was selected to match the data from the original
SBDH study, with an emphasis on mental health as a priority
population for public health nursing intervention.26,28 The
original sample included pregnant/birthing people (N¼4263)
with an average age of 23.6 years (SD¼ 6.1), married
(21.4%), and white (39.1%). The Health Insurance Portabil-
ity and Accountability Act (HIPAA)-compliant, deidentified
data were generated through routine documentation of
PHNs.

Instrument

The Omaha System is a comprehensive multidisciplinary
standardized health terminology that is integrated within
SNOMED CT and LOINC.19 It consists of 3 instruments
with documented psychometric properties: the Problem Clas-
sification Scheme, the Intervention Scheme, and the Problem
Rating Scale for Outcomes.19 The Omaha System provides a
framework to support clinical documentation of assessments
and interventions, and enables health outcomes measure-
ment.19 Documentation using the Omaha System generates
standardized interoperable data across settings and systems.

The problem classification scheme

The Problem Classification Scheme is a comprehensive, mutu-
ally exclusive classification and instrument that consists of 42
nonoverlapping problem concepts taxonomically arranged
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within 4 Domains (Environmental, Psychosocial, Physiologi-
cal, and Health-related Behaviors).19 Each problem is
defined and has a unique set of signs/symptoms, ranging
from 3 to 19 per problem. For example, the sign/symptom
low/no income is found only in the Income problem within
the Environmental Domain, while the symptom language
barrier is found only in the Communication with community
resources problem within the Psychosocial Domain. The
Problem Classification Scheme enables practitioners to iden-
tify health-related concerns objectively and efficiently,
organize data elements, and help identify relationships and
trends within the data.19

Intervention scheme

The Intervention Scheme is a comprehensive classification
used to describe practitioners’ actions and activities. Each
intervention addresses a problem from the Problem Classifica-
tion Scheme, described using a category (action) term, a
defined target term that further specifies the action, and a care
description term (customizable). The 4 category terms are: (1)
Teaching, Guidance, and Counseling, (2) Treatments and
Procedures, (3) Case Management, and (4) Surveillance.19

The 75 target terms are arranged alphabetically from anat-
omy/physiology to wellness. Care description term examples
are provided in the Omaha System book, and numerous
evidence-based interventions for SBDH are available on the
Omaha System Guidelines website.29 An example of an
evidence-based SBDH intervention is Social contact (prob-
lem)-Teaching, Guidance, and Counseling (category)-interac-
tion (target)-importance of social connection for well-being
(care description). Interventions may be analyzed by term or
combinations of terms, or by counts in which each problem-
category-target-care description string is counted as a one
intervention (as in this study).

Problem rating scale for outcomes

The Problems Rating Scale for Outcomes is comprehensive
systematic recurring evaluation framework designed to meas-
ure client progress related to a specific health problem.19 This
systematic method for evaluation provides the practitioner an
objective measure between client problems and delivery of
care.19 For example, a person with the sign/symptom of
homeless with no prospects of being sheltered would have a
Status score of 1 (extreme signs/symptoms) for the Residence
problem. Problem Rating Scale for Outcomes measurements
offer a quantitative method of documentation and the ability
to track client progress over time. In this study, the mean
Knowledge, Behavior, and Status (KBS) scores for all prob-
lems on admission and on discharge from services were
calculated.

Analytic strategy

The data-driven model was developed using stepwise linear
regression with backward elimination to create an alternative
data-driven SBDH index. Pearson chi-squared statistical tests
were used for understanding the applicability of the various
signs/symptoms to the model. The dependent variable was the
baseline Knowledge score, and the independent variables
were Knowledge on admission, age, race/ethnicity, and 335
signs and symptoms across all problems. These 338 independ-
ent variables were included in the first step and were reduced
to 18 significant predictors by the fourth backward elimina-
tion step. New SBSH subgroups were assigned via backward
elimination until all variables were significant.

For both theory-based and data-driven aims, the respective
SBDH Index scores were calculated for each client, with 5 or
more items condensed into one group (5þ-item). Changes in
KBS outcomes, numbers of interventions, and adjusted R-
squared statistics were computed for both models. All statisti-
cal tests were carried out in R Version 1.2.5003 and Excel

Table 1. Mapping of NAM/IOM SBDH factors to Omaha System signs/symptoms

Problem Sign/symptom SBDH measure

Income Able to buy only necessities General resource strain (þ for somewhat hard)
Income Low/no income General resource strain (þ for very hard or

somewhat hard)
Income Difficulty buying necessities General resource strain (þ for very hard)
Social contact Limited social contact NHANES III (þ for yes answers to Q1 or Q2)
Social contact Minimal outside stimulation/leisure time

activities
NHANES III (þ for yes answers to Q3 or Q4)

Mental health Loss of interest/involvement in activities/self-
care

PHQ-2 (þ for Question 1)

Mental health Sadness/hopelessness/decreased self-esteem PHQ-2 (þ for Question 2)
Mental health Difficulty managing stress Single item measure of stress symptoms (þ for

score of >1)
Abuse Attacked verbally HARK (þ for “H”)
Abuse Consistent negative messages HARK (þ for “H”)
Abuse Fearful/hyper vigilant behavior HARK (þ for “A”)
Abuse Assaulted sexually HARK (þ for “R”)
Abuse Welts/bruises/burns/injuries HARK (þ for “K”)
Physical activity Sedentary lifestyle Exercise vital sign (þ for inactive)
Physical activity Inadequate/inconsistent exercise routine Exercise vital sign (þ for insufficiently active)
Substance use Smokes/uses tobacco products NHIS (þ for current every day or current some

day smoker)
Substance use Abuses alcohol AUDIT C (þ for score of greater than 4 for

men or 3 for women)

NHANES: National Health and Nutrition Examination Survey; PHQ2: Patient Health Questionnaire; HARK: Humiliation, Abuse, Rape, Kick Assessment;
NHIS: National Health Interview Survey; AUDIT C: Alcohol Use Disorders Identification Test.
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(Microsoft Corporation, version 14.5.2). Excel spreadsheets
were used to create heat maps, line graphs, and other visual-
izations used in the analysis.

RESULTS

There were 4109 pregnant/birthing people aged 25.7 years
(range¼ 13–40; SD¼ 5.9) with at least one sign/symptom of
the Mental health problem. As with the original study, there
was an overall positive change from baseline to discharge.20

The overall knowledge score increased from 2.42 to 3.03
(t¼�35.3, P<.001; basic to adequate knowledge). The over-
all behavior score increased from 2.67 to 3.60 (t¼�25.6,
P<.001; inconsistently appropriate to usually appropriate
behavior). The overall status score increased from 2.59 to
3.90 (t¼�21.7, P<.001; minimal signs/symptoms).

The NAM/IOM-recommended SBDH factors varied across
6 SBDH index groups (Figure 1). The highest theory-based
SBDH Index score was 13 of 18 possible. The 2 most com-
mon signs/symptoms were sadness/hopelessness/decreased

self-esteem (n¼ 2467) and low/no income (n¼2452). Similar
to the original study, age decreased across SBDH groups.20

For the data-driven model, the highest SBDH Index score
was 11 of 18 possible. Unlike the theory-based model, aver-
age age was not a significant factor. No signs/symptoms from
the IOM-recommended assessments were included in the final
data-driven SBDH index (Table 1 and Figure 2). However,
signs/symptoms from Income and Mental health problems
were present in the data-driven model, along with signs/symp-
toms from numerous other problems not found within the
IOM-recommended signs/symptoms (Figure 2).

The signs/symptoms that significantly predicted knowledge
outcomes on admission (P<.05) were difficulty with money
management (11.4%, Income problem), difficulty under-
standing roles/regulations of service providers (8.0%, Com-
munication with community resources problem), difficulty
providing physical care/safety (32.4%, Caretaking/parenting
problem), fails to seek care for symptoms requiring evalua-
tion/treatment (18.2%, Health care supervision problem),
and inadequate social support (49.6%, Pregnancy problem).

Omaha System
Problem SBDH Subgroup 0 1 2 3 4 5+

n= 310 806 1053 836 548 556

Proportion of the sample
(n=4,109) 8% 20% 26% 20% 13% 14%

minority (n=1338) 0% 7% 26% 27% 21% 20%

Income Low/no income (n=2452) 0% 10% 24% 25% 19% 21%

Income able to buy only necessities
(n=554) 0% 3% 12% 20% 21% 44%

Income difficulty buying necessities
(n=709) 0% 1% 11% 21% 24% 43%

Mental health sadness/hopelessness/decr
eased self-esteem (n=2467) 0% 13% 24% 24% 18% 20%

Mental health loss of interest/involvement
in activites/self-care (n=973) 0% 5% 15% 23% 22% 35%

Mental health difficulty managing stress
(n=912) 0% 4% 14% 23% 24% 35%

Abuse attacked verbally (n=270) 0% 1% 10% 12% 16% 61%

Abuse fearful/hypervigilant behavior
(n=96) 0% 1% 4% 6% 18% 71%

Abuse consistent negative
messages (n=217) 0% 1% 4% 13% 13% 69%

Abuse assaulted sexually (n=88) 0% 2% 10% 14% 26% 48%

Abuse welts/bruises/burns/other
injuries (n=55) 0% 4% 4% 11% 11% 71%

Substance use abuses alcohol (n=106) 0% 0% 5% 13% 14% 68%

Substance use smokes/uses tobacco
products (n=516) 0% 4% 17% 21% 23% 35%

Figure 1. Heat map of theory-based signs/symptoms frequencies.
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Comparison of theory-based and data-driven

models in predictive ability

The adjusted R-squared for the theory-based model was 0.54
(SE¼ 0.38). The adjusted R-squared for the data-driven
model was 0.61 (SE¼ 0.35). No signs/symptoms from the
theory-based model were significant in the data-driven study.
In both models, outcome patterns aligned with the original
research: KBS increased from admission to discharge, overall
discharge scores decreased as SBDH index increased, Knowl-
edge scores, while lowest at baseline, showed the most
improvement (Figure 3), and the number of interventions
increased as SBDH increased (Figure 4).20 The slopes of the
data-driven model were steeper for KBS outcomes by group,
showing clearer trends across data-driven SBDH groups.

DISCUSSION

This retrospective comparative study examining SBDH for
PHN clients replicated a previous theory-based study with a
new dataset and compared findings to those of a data-driven
approach. In general, SBDH patterns in interventions and

outcomes were similar across the original research, the repli-
cation theory-based model, and the data-driven model. KBS
increased with Knowledge showing most improvement; dis-
charge scores decreased as signs/symptoms accrued, and more
interventions were provided to those with most signs/symp-
toms. The finding that signs and symptoms from the theory-
driven model differed from those in the data-based study was
surprising, given that these were recommended by the NAM/
IOM and are generally thought to be a gold standard upon
which many SBDH assessments have been developed.2,30,31

While the 2 models shared some problem concepts in com-
mon, there were no signs/symptoms from the theory-driven
model in the data-driven model.

There are advantages and disadvantages of both the
theory-based and data-driven approaches. The theory-based
approach provides a framework to identity patterns and rela-
tionships, and may be applied consistently across studies and
populations.32 The disadvantage of a theory-based approach
is the potential for assumptions and limitations of the theory
which may not be applicable to real-world clinical environ-
ments, potentially masking factors that truly drive

Omaha System Problem SBDH Subgroup 0 1 2 3 4 5+

n= 1387 1106 738 422 200 256

Proportion of the sample (n=4,109) 34% 27% 18% 10% 5% 6%

Income difficulty with money management (n=469) 0% 15% 22% 21% 14% 29%

Communication with community
resources

difficulty understanding roles/regulations of
service providers (n=113) 0% 5% 18% 26% 16% 35%

Neighborhood/workplace safety difficulty providing physical care/safety
(n=456) 0% 17% 22% 20% 11% 30%

Substance use fails to seek care for symptoms requiring
evaluation/treatment (n=256) 0% 12% 18% 17% 13% 41%

Communication with community
resources inadequate social support (n=699) 0% 16% 27% 23% 12% 22%

Communication with community
resources inadequate safety devices (n=92) 0% 10% 20% 25% 7% 39%

Communication with community
resources

unfamiliar with options/procedures for
obtaining services (n=245) 0% 11% 22% 28% 11% 28%

Communication with community
resources

limited access to care/services/goods
(n=107) 0% 9% 12% 26% 8% 44%

Role change loses previous role (n=99) 0% 23% 20% 21% 10% 25%

Intepersonal relationships physically/emotionally abusive to partner
(n=74) 0% 12% 15% 11% 24% 38%

Mental health flat affect (n=544) 0% 19% 23% 20% 13% 25%

Mental health mood swings (n=1116) 0% 33% 24% 18% 10% 15%

Nutrition does not follow recommended nutrition plan
(n=202) 0% 8% 25% 26% 17% 24%

Family planning inappropriate/insufficient knowledge about
family planning methods (n=331) 0% 13% 21% 19% 16% 32%

Pregnancy fear delivery procedure (n=644) 0% 18% 28% 23% 10% 20%

Postpartum difficulty breast-feeding (n=589) 0% 24% 25% 21% 10% 21%

Postpartum difficulty with postpartum
exercise/rest/diet/behaviors (n=428) 0% 18% 21% 21% 12% 27%

Figure 2. Heat map of data-driven signs/symptoms frequencies.
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outcomes.32 In contrast, the data-driven approach can pro-
vide insights based on novel patterns for a given dataset and
reveal insights and relationships not predicted by existing the-
ories.32,33 In particular, data-driven methods may be an
advantage if there is sufficiently comprehensive SBDH data
upon which to create the data-driven models.18,21 Limitations
of a data-driven approach are lack of uniformity across stud-
ies, the potential for confounding variables, and lack of theo-
retical explanations for underlying mechanisms related to the
findings.32 In this study, we discovered new predictors using a
data-driven approach for this dataset. Researchers and infor-
matics teams should consider these advantages and disadvan-
tages when determining which approach (theory-based or
data-driven) to employ. For example, these findings suggest
that data-driven models should be used to understand health
determinants, as they have potential to better inform nurses
of unique SBDH considerations, and nurses can thereby target
interventions to optimize outcomes for a given group.

Furthermore, if data-driven SBDH algorithms were
embedded within an EHR platform, for e-clinical decision
support data-driven SBDH algorithms and programming
would need to be agile to provide important clinical decision
support for each person’s care.18,34 The advantage with the
data-driven model would be realized only if there were suffi-
cient data and resources for continuous algorithm updates.
For example, protocols would be needed to address how often
the data are updated in the system to keep algorithms current
as new data accrue, which in turn could affect associated clin-
ical decision support systems in other parts of the EHR. This
both improves data-driven decision making and makes EHR
and algorithm updating more challenging.18

The finding that lower baseline knowledge scores were
related to a broad range of signs/symptoms and problems that

Figure 3. Final knowledge, behavior, and status scores by SBDH Index

groups for theory-based and data-driven models.

Figure 4. Intervention counts by SBDH index groups for theory-based and data-driven models.
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were present in the Omaha System but not typically recom-
mended for SBDH assessments suggests the need for a more
comprehensive and complete SBDH assessment. In particular,
such a comprehensive assessment should be given special con-
sideration for pregnant/birthing people with mental health
signs/symptoms and other vulnerable populations.16,18,27,30

Such assessments may be completed by a nurse or, to decrease
documentation burden and promote client engagement, by
the use of a consumer-facing application that generates data
that can be provided to the practitioner electronically or on
paper.35,36

The findings of this study suggest that SBDH are complex
and multifaceted and may differently impact health. The specif-
icity of the Omaha System assessments has provided critical
data that nurses use to inform their practice. Informatics nurses
have a moral imperative to use such data optimally in order to
create clinical decision support systems guiding targeted or tail-
ored interventions to improve outcomes for pregnant/birthing
people and potentially other vulnerable groups.37–39 Given the
complexity of SBDH, there is a need for a comprehensive and
yet standardized approach to assess and address SBDH, and
standardized nursing terminologies such as the Omaha System
offer opportunities to assess a broad array of SBDH factors that
will in turn provide high quality data for data-driven models
and clinical decision support. It will be important to regularly
examine such approaches to ensure both methods and outcomes
align with population needs.40

This work aligns with the Futures of Nursing report and
provides foundational knowledge to support nurses in
addressing SBDH.11 This study provides insight into signs
and symptoms that best predicted baseline Knowledge scores
in this sample of pregnant/birthing people with at least one
mental health sign/symptom. Future research should examine
other datasets to determine whether data driven SBDH mod-
els differ for other populations of interest. Commonalities
across data driven models may aid in further refining SBDH
assessments for use in clinical decision support algorithms.

This secondary data analysis of a deidentified practice-
generated dataset may be biased or limited by programmatic
documentation requirements or time constraints. However,
the SBDH-related patterns aligned with those of the original
study, increasing confidence in the findings. Findings are not
generalizable beyond the study population and specific health
condition (mental health). Further research is needed to con-
firm and extend these findings with other samples and set-
tings. As with the original study, this study focused on client
Knowledge. Future work should predict Behavior ratings, Sta-
tus ratings, or other measures to provide comprehensive
insight into optimal SBDH indices.

CONCLUSION

In this replication study of standardized SBDH data, patterns
in intervention effectiveness were consistent with those of the
original study: As SBDH accrued, outcomes decreased while
interventions increased. Use of a data-driven SBDH index
identified different predictors than typical SBDH assessments.
This research aligns with national initiatives and provides an
example of how nurses can use standardized data to address
SBDH toward improving health outcomes. The findings
underscore the complexity of SBDH and demonstrate the

importance of a comprehensive holistic assessment. The
advantages and disadvantages of both theory-based and data-
driven approaches should be carefully considered in future
research as well as in clinical decision support development
for practicing nurses.
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