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Abstract

Multimorbid Medicare home health patients face a high 30-day read-
mission risk that is associated with not only clinical complexity
but also neighborhood-level disadvantage. Existing prediction tools
often compress this complexity into opaque risk scores, limiting
clinicians, care managers, and policymakers’ ability to see which
social or clinical factors are associated with elevated risk or which
counties bear the greatest burden. We develop PRECISION-Connect,
a population health analytics system that integrates structured
multimorbidity and social determinants of health (SDOH) factors
with county-level disparity indices for Medicare home health pa-
tients in Texas. The structured risk vector preserves age, BMI,
chronic disease indicators, frailty scores, healthcare utilization,
and county-level SDOH data as distinct, queryable components.
These supporting analyses separate clinical from contextual associ-
ations with predicted readmission risk. Using over 440,000 home
health episodes, PRECISION-Connect achieves stable discrimina-
tion and calibration across multimorbid subgroups. At the same
time, county-level SDOH features yield small but consistent im-
provements in predictive performance beyond those achieved with
comorbidity and frailty alone. The study is observational and predic-
tive; all reported relationships between SDOH, multimorbidity, and
30-day readmission are associative, and the models do not identify
causal effects. An interactive clinician-facing dashboard surfaces
these patterns to support equity-aware follow-up strategies and
hypothesis generation.
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1 Introduction

Connect Interface Output
Unified Al/QIS-Ready

Data Repository

Explainable Transparent
Model Repository

a Feature Model
Extraction Building Inferen

Model Interpretability

Data Flow

| .l O

Figure 1: PRECISION-Connect system overview: heteroge-
neous clinical and contextual data are aggregated into an
AI/QIS-ready repository, transformed into an explainable
model repository, and deployed via the Connect interface for
inference, monitoring, and decision support.

Medicare patients often manage multiple chronic conditions
while living in communities with increased social risk. Identifying
patients in need of additional support requires integrating clinical
and social determinants of health (SDOH) data in a consistent,
interpretable model. While health care systems are increasingly
collecting SDOH data in their electronic health records (EHRs), the
use of population health tools that integrate clinical and SDOH
data to support equity-focused interventions remains minimal.

We model clinical and contextual factors within a single, inter-
pretable framework to predict 30-day readmission and to examine
county-level disparities. Our approach constructs structured visit-
level risk vectors that integrate comorbidity, frailty, utilization, and
SDOH features to predict 30-day readmission and support disparity
analysis for people with chronic diseases such as diabetes mellitus
(DM), heart failure (HF), hypertension (HTN), and multimorbid DM,
HF, and HTN.

PRECISION-CONNECT operationalizes this modeling through a
deployable analytics system that unifies end-to-end extract- trans-
form- load (ETL), structured multimorbidity and SDOH risk data,
county-level disparity indices, and explainable gradient-boosted
models within an interactive dashboard. Specifically, it (i) preserves
the multidimensional risk structure instead of collapsing it into
a single opaque score, (ii) links over 440,000 Texas home health
encounters to county-level SDOH data to identify readmission dis-
parities, and (iii) provides cohort- and patient-level explanations
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that clinicians and care managers can use to tailor patient interven-
tion and community partnerships.

Contributions This paper contributes to multimorbidity-
focused, SDOH-informed population health analytics for Medi-
care home health beneficiaries in five ways. We define a visit-level
multimorbidity and SDOH risk vector R; that keeps age, BMI cate-
gory, chronic conditions, diagnostic burden (for example, the count
and complexity of ICD-coded diagnoses for the visit), comorbidity
and frailty scores, utilization measures, and county-level SDOH
attributes as distinct, queryable dimensions rather than compress-
ing them into a single risk score. We build an end-to-end, deploy-
able sociotechnical pipeline that links CMS OASIS assessments
with comorbidity, frailty, and county-level SDOH to create reusable
datasets for large-scale modeling. We implement PRECISION- Con-
NECT, an interactive analytic system that delivers explainable read-
mission models and county-level dashboards for clinicians and care
managers. We provide evidence for equity-focused targeting by
showing that SDOH-enriched, comorbidity-aware risk vectors yield
stable readmission predictions across multimorbid subgroups while
supporting disparity-aware county queries not available in existing
commercial population health dashboards. Because SDOH account
for a large share of modifiable health outcomes, and recent work
highlights AI’s potential to capture SDOH and support disparity-
reducing interventions and policy, our findings underscore the
value of integrating SDOH into population health analytics [31].

2 Related Work

Multimorbidity is highly prevalent among older adults and is as-
sociated with increased healthcare utilization, polypharmacy, and
adverse outcomes in home health populations [24]. Existing co-
morbidity indices such as the Charlson and Elixhauser scores are
widely used for risk stratification but are typically evaluated in iso-
lation and emphasize predictive accuracy over system-level integra-
tion, interpretability, or usability for population health exploration
[7, 10, 30]. In contrast, our work targets Medicare home health
encounters. It aims to build an Al-ready risk representation and
disparity framework that can be operationalized on a deployable,
clinician-facing platform for 30-day readmission prediction and
county-level disparities. We focus on Texas because its large, di-
verse Medicare home health population provides a sufficient sample
size for stratified analysis, and high-quality county identifiers in
Outcome and Assessment Information Set (OASIS) records enable
reliable linkage to SDOH datasets while balancing statistical power,
data quality, and relevance for state-level insights [5, 12].

Multimorbidity, Frailty, and Readmission Risk. Several stud-
ies have demonstrated that integrating comorbidity indices (for
example, Charlson or Elixhauser scores) with EHR data improves
readmission risk stratification and outcomes research [7, 10]. Tra-
ditional risk stratification models such as HOSPITAL and LACE
rely primarily on clinical and utilization variables and achieve only
moderate discrimination, motivating the development of richer
feature sets. However, the models achieve only moderate discrimi-
nation and translate poorly to new populations [8, 29]. These issues
have motivated the development of broader feature sets and more
flexible modeling approaches. Recent work moves beyond simple
clinical predictors toward multifactorial, machine-learning-based
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models that more fully capture the complexity of patient health.
Models that incorporate frailty indicators, comorbidity burden, and
utilization history have improved predictive performance for 30-
day readmission risk, with SHAP-based analyses elucidating how
different factors contribute to individual predictions [33]. These
studies demonstrate that frailty and comorbidity capture comple-
mentary aspects of vulnerability that are not captured by single
scores. Our work uses validated measures of comorbidity and frailty.
Still, instead of treating the features as a flat vector, we organize
them into a structured risk representation that can be queried at
both the episode and county levels.

Social Determinants of Health and Readmissions. Parallel
investigations into social determinants of health (SDOH) have
shown that socioeconomic and access-related factors—such as
poverty, transportation barriers, and insurance or affordability con-
straints—are independently associated with readmission risk after
major hospitalizations [6]. Models that incorporate SDOH variables
at both individual and community levels incrementally improve pre-
dictive discrimination compared with clinical-only baselines, par-
ticularly among older adults and patients from socioeconomically
disadvantaged areas [6, 29]. Deep learning models that integrate
temporal EHR patterns, comorbidity indices, and other longitudi-
nal signals can improve readmission prediction beyond traditional
clinical-only approaches [28]. Nevertheless, most studies focus on
single health systems or inpatient cohorts and stop at model devel-
opment rather than full deployment.

In summary, most existing systems evaluate subsets of the
broader feature space (for example, comorbidity plus frailty, or
SDOH plus clinical features) in isolation [6, 33]. Few published mod-
els simultaneously combine traditional comorbidity scores (Charl-
son, Elixhauser), frailty measures, SDOH variables, and explainable
machine learning techniques into a unified prediction framework,
and even fewer operationalize such frameworks within clinician-
facing, deployable platforms [17, 33]. In particular, we are not aware
of prior systems that (i) construct a structured multimorbidity- and
SDOH-enriched risk vector designed for both prediction and county-
level disparity analysis in home health populations, and (ii) embed
this representation, along with county-level disparity indices, into
a deployable, interactive analytics platform for clinicians and care
managers. PRECISION-CoNNECT addresses these gaps by unify-
ing validated comorbidity and frailty indices, county-level SDOH
features, and explainable gradient-boosted models within a single,
structured risk vector and county-level disparity framework [1, 2].
Unlike prior dashboards, it preserves the multidimensional risk
structure rather than collapsing patient risk into a single score
and operationalizes this representation in a clinician-facing system
that supports both 30-day readmission prediction and county-level
SDOH-disparity analytics for Medicare home health cohorts [17].

3 Methodology

This section describes how we construct an Al-ready,
multimorbidity- and SDOH-enriched representation of home
health encounters; define a structured risk vector for 30-day
readmission prediction; and compute county-level disparity metrics
for SDOH-informed population health analytics [5, 12].

Data model and outcome definition We use the Outcome and
Assessment Information Set (OASIS) from the Centers for Medicare
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Figure 2: PRECISION-CoNNECT county comorbidity view for the diabetes cohort in Anderson County, TX, USA. Panels show
(clockwise) cohort statistics, county map, and statewide urban-rural distribution

Table 1: Analytic cohort patient-level mortality and readmis-
sion by condition group. Rates are based on ever deceased and
ever readmitted indicators.

Condition Group N Mort. (%) Readm. (%) % Cohort

None (D/HF/HTN) 3,413,381 87.36 10.80 70.35
Diabetes only 349,577 83.55 20.98 7.21
Hypertension only 509,605 86.14 18.99 10.50
Heart failure only 124,979 89.45 29.28 2.58
HF + HTN 207,792 91.86 36.13 4.28
Diabetes + HTN 139,120 87.29 28.69 2.87
Diabetes + HF 21,977 91.74 43.73 0.45
Diabetes + HF + HTN 85,261 93.82 48.45 1.76

& Medicaid Services (CMS), a standardized assessment instrument
that captures demographics, functional status, diagnoses, and uti-
lization for Medicare home health beneficiaries [5]. The primary
outcome is all-cause 30-day hospital readmission following the in-
dex assessment, defined using linked utilization indicators in OASIS
and, where available, associated claims [12].

Using the United States’ OASIS extracts, we construct an an-
alytic cohort of home health encounters in Texas. We restrict to
adult beneficiaries (age > 18) with valid county Federal Information
Processing Series (FIPS) codes and identifiers sufficient for linkage
to county-level SDOH tables, excluding records with structurally
missing geocodes or implausible dates [20]. When patients con-
tributed multiple eligible encounters over time, we retained the
first qualifying episode per beneficiary to avoid within-patient cor-
relation in model training and evaluation. Chronic condition flags
(diabetes, heart failure (HF), hypertension (HTN)) and multimorbid
combinations (for example, DHFHTN: diabetes + HF + HTN) are
derived from ICD-10 diagnosis fields following established code
lists [9, 32].

Table 1 summarizes patient characteristics and outcomes for
the final Texas analytic cohort of 221,957 encounters, stratified by
chronic condition group. Mortality and ever-readmission percent-
ages are computed within each group.

Feature Engineering Our feature engineering goal is to encode
multimorbidity, frailty, healthcare utilization, and SDOH data into
a structured risk representation that supports both predictive mod-
eling and disparity analysis [7, 10, 29].

The Body Mass Index (BMI) for each adult patient is calculated

as BMI = %gh}g. Values were rounded to the nearest integer. Adults
were categorized using standard BMI classes [4].
ICD and multimorbidity features. Up to six ICD-10-CM diag-
nosis columns (one primary plus five secondary) were retained
to capture comorbidities and clinical severity [22]. County-level
SDOH features, including education, income, broadband access,
food assistance, and household composition, were merged with
each OASIS record. Missing SDOH values were imputed using fully
populated county-level census summaries, while residual clinical
missingness was imputed as needed for modeling [20]. Diagnosis
fields were collapsed into section-level descriptors (ICDSection,
ICDRange) using an external ICD mapping to group codes into
clinically meaningful ranges.

ICD-10 diagnosis codes were grouped into high-level sections,
and an ICD section co-occurrence network confirmed extensive
multimorbidity, motivating section- or prefix-level coding for inte-
grating diagnoses with SDOH in downstream models.

Comorbidity and frailty were quantified from ICD-10-CM diag-
nosis codes using the comorbidipy package [18], which implements
validated Charlson and Elixhauser indices with multiple weighting
schemes (e.g., Quan, van Walraven, Swiss) [7, 10, 23, 30]. Diagno-
sis codes were transformed into a long-format patient-code table,
mapped to condition groups, and aggregated to patient-level scores.
Age-adjusted Charlson indices were assigned one point per decade
after age 40 (capped at four). Hospital Frailty Risk Scores (HFRS)
were computed by summing weighted frailty-related ICD codes
from index and prior admissions over a two-year lookback and cat-
egorized into low, intermediate, and high risk groups [14, 18, 27].
Utilization and functional status. Visit-level OASIS features
(e.g., days between visits, days cared for, and care-by-discipline) are
retained as utilization metrics, along with functional status items
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(e.g., activities of daily living and sensory impairment indicators)
that capture disability and dependence [5, 32]. We engineer sum-
mary measures (e.g., recent utilization density and, when available,
the number of prior hospitalizations) to capture both the intensity
and recency of care [32].

SDOH and county-level context. Each OASIS record is linked to
county-level SDOH indicators using standardized FIPS codes [13].
SDOH features include census-derived measures of educational
attainment, income and poverty, broadband access, food assistance
participation, and household composition [1, 2, 15, 22]. Missing
SDOH values are imputed using complete county-level census sum-
maries for the corresponding county-level indicators. At the same
time, clinical and utilization missingness is either preserved via
explicit missingness indicators or imputed for modeling using ro-
bust methods for EHR laboratory and assessment data [20, 25].
These county-level attributes serve as contextual features in the
risk vector and as inputs to the disparity metrics defined below.
Structured risk representation for 30-day readmission Rather
than collapsing risk into a single opaque scalar, we represent each
home health episode i by a structured risk vector.

R; = (Age;, BMIcat;, Ci(l), s Ci(c), BV, T, AL Si), (1)

where Ci(c) indicates the presence of chronic condition ¢, B; sum-
marizes diagnostic burden, V; captures recent visit frequency, T;
denotes total days cared for in the episode, A; is the time since the
last contact, and S; is a vector of county-level SDOH attributes (edu-
cation, broadband access, income, household composition). [22, 32].
The categorical feature BMIcat; encodes standard adult BMI classes.
We compared models using a flat concatenation of features with
models using the structured risk vector and evaluated ROC-AUC,
PR-AUC, Brier score, and calibration, both overall and within the
HF, HTN, diabetes, and DHFHTN cohorts. We adapted standard
disparity indices (AID, RID, and PWID) and a Palma-style ratio to
quantify county-level SDOH gradients in the home health popula-
tion [13, 22]. To reduce instability from sparse data, county-level
summaries were restricted to counties with at least 50 eligible en-
counters.
Predictive modeling and evaluation (overview) We train
gradient-boosted decision tree models (LightGBM) for 30-day
readmission using four feature sets: (a) demographics and uti-
lization only, (b) + comorbidity and frailty indices, (c) + county-
level SDOH attributes, and (d) the full structured risk vector R;
[11, 21, 26]. The primary 30-day readmission model used Light-
GBM with learning_rate = 0.05, up to 1,000 boosting rounds, early
stopping after 50 non-improving iterations, maximum depth = 6,
and min_samples_per_leaf = 20. Default subsampling and feature-
fraction settings were retained unless otherwise noted, and a global
random seed ensured reproducible training and evaluation. Models
are evaluated using ROC-AUC, PR-AUC, and Brier score, with cali-
bration assessed via calibration slope and intercept on held-out test
sets, and subgroup performance reported for key clinical cohorts
(HF, DHFHTN, hypertension only) [3, 8, 32]. We define stability as
consistent performance across condition groups and counties (for
example, low standard deviation of ROC-AUC across subgroups)
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and report these statistics to characterize the robustness of SDOH-
enriched, comorbidity-aware models relative to simpler baselines
[15, 19, 32].

4 System Design

This section describes the PRECISION-CONNECT architecture, from
the ingestion of OASIS and SDOH data to risk scoring and the de-
ployment of explainable models and dashboards for home health
readmission and disparity analytics [5, 16]. Figure 2 provides a high-
level view of the county comorbidity module. The proposed system
is designed to ingest, process, and analyze large-scale CMS OASIS
assessment data enriched with county-level social determinants of
health (SDOH), geospatial attributes, and U.S. Census indicators.
The dataset comprises over 440,000 home health encounters with
more than 200 structured features per patient record. The platform
must support iterative feature engineering, risk score computa-
tion, and model deployment while remaining responsive enough to
power an interactive visualization system for clinicians, researchers,
and care managers. Functionally, the system integrates raw OA-
SIS EHR assessments, ICD-10 diagnosis codes, SDOH attributes,
and census-derived features into a unified analytic table. It com-
putes multiple risk and utilization metrics, including readmission
indicators, comorbidity indices, frailty and disability measures, and
derived utilization features. It serves summarized outputs to support
geospatial and population-level exploration within an interactive
dashboard. Non-functional requirements include scalable batch
processing over tens of millions of rows using distributed comput-
ing frameworks, reproducible exploratory and feature-construction
workflows, and export to compact, shareable datasets for down-
stream analytics and visualization.

System Architecture PRECISION-ConNECT follows a four-layer
architecture that ingests OASIS assessments and diagnosis codes,
links them to county-level SDOH tables via standardized geographic
identifiers, and applies the feature engineering steps in Section 3
(BMI categories, ICD groupings, utilization summaries, and comor-
bidity/frailty indices) to construct a structured analytic table for 30-
day readmission modeling. Gradient-boosted decision tree models
(LightGBM) consume the resulting risk vectors to generate readmis-
sion risk scores, which are exported along with key episode- and
county-level indicators in compact formats (e.g., CSV, Parquet) to
drive clinician-facing dashboards that support cohort, geographic,
and outcome filtering, as well as SHAP-based feature-attribution
views.

Functional Modules The system comprises three primary mod-
ules, each providing distinct analytical functionality while sharing
the same structured risk vector and SDOH-enriched analytic table.
1. County Comorbidity and Cohort Analysis. This module de-
rives patient-level comorbidity indicators, frailty categories, and
condition-stratified readmission statistics. It aggregates them to
county and cohort levels, enabling users to explore diabetes, heart
failure, hypertension, and multimorbid groups across Texas coun-
ties and visualize associated demographic and SDOH disparities. 2.
Feature Selection and Model Construction. This module sup-
ports multiple filter- and model-based feature-selection methods, al-
lowing users to iteratively identify and export the most informative
risk-vector components for a given cohort and outcome. 3. Patient
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Risk Modeling and Explainability. This module integrates the
structured risk vector R; with gradient-boosted models to predict
30-day readmission and related outcomes, using SHAP-based ex-
planations to provide global feature importance and patient-level
dependence plots, along with configurable cohorts, targets, and
evaluation metrics.

Implementation and Deployment The system is implemented in
a Python-based analytics stack that combines distributed ETL and
feature engineering with in-memory analysis, using standard sci-
entific libraries for comorbidity and frailty scoring and a small ICD
utility module for reusable diagnosis-group mappings. Workflows
are organized into modular notebooks and scripts for OASIS inges-
tion, feature construction, and analytic table creation. The scoring
interfaces can load either models trained within this pipeline or
compatible externally trained models, enabling flexible deployment
and future integration of third-party models.

Table 2: Predictive performance for 30-day readmission on
the held-out test set using Random Forest and LightGBM
across four nested feature sets.

Feature set Model ROC-AUC PR-AUC Brier score

(1) Demo + Util Random Forest 0.69 0.27 0.13
LightGBM 0.75 0.34 0.21

(2) + Comorb Random Forest 0.72 0.31 0.12
LightGBM 0.76 0.36 0.20

(3) + SDOH Random Forest 0.72 0.29 0.12
LightGBM 0.76 0.36 0.20

(4) Full risk vector Random Forest 0.72 0.30 0.12
LightGBM 0.76 0.37 0.20

LightGBM is used as the primary model because it achieves
higher ROC-AUC and PR-AUC than Random Forest across feature
sets and provides more stable discrimination in multimorbid sub-
groups, consistent with ranking patients by relative risk; calibration
is refined with post-hoc methods when needed. The resulting risk
scores and episode- and county-level indicators are exported as
lightweight CSV and Parquet files to drive dashboards. The pipeline
can be deployed in containerized environments with scheduled
updates, enabling routine refresh of risk scores and disparity sum-
maries without manual intervention.

5 Results

This section demonstrates how PRECISION-CONNECT summarizes
multimorbid home health cohorts, evaluates 30-day readmission
models built on the structured risk vector R;, and surfaces county-
level SDOH disparities and model explanations for clinically mean-
ingful subgroups [5, 32].

Cohort characteristics and outcomes We analyzed 221,957 Texas
home health encounters after applying inclusion criteria (age > 18,
valid county FIPS, complete 30-day follow-up). Table 1 summarizes
episode counts, mortality, and ever-readmitted indicators stratified
by key condition groups (none, HF only, HTN only, diabetes only,
HF+HTN, diabetes+HTN, diabetes+HF, DHFHTN). Mortality and
readmission rates increase with multimorbidity, with the DHFHTN
cohort exhibiting the highest burden and single-condition cohorts
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(e.g., HTN-only) showing lower but still elevated risk relative to
patients without these chronic diseases.

Readmission model performance We trained Random Forest
and LightGBM models to predict 30-day readmission using four
nested feature sets: (1) demographics and utilization only; (2) plus
comorbidity and frailty indices; (3) plus county-level SDOH at-
tributes; and (4) the full structured risk vector R;. Models were
evaluated on a held-out test set using ROC-AUC, PR-AUC, and
Brier score. Adding comorbidity and frailty indices (2) produced
the largest single gain in ROC-AUC, underscoring the value of
explicit multimorbidity representation, and incorporating county-
level SDOH (3) yielded a modest additional improvement in PR-
AUC. The full risk-vector model (4) with LightGBM achieved the
best overall performance and lowest Brier score, and is therefore
used as the default configuration in the risk-modeling module.
Stability across cohorts To assess stability, model performance
was examined across HF, HTN, diabetes, and DHFHTN cohorts
for each feature set, focusing on cohort-specific ROC-AUC and
calibration slopes. The full risk vector improved calibration, partic-
ularly in multimorbid cohorts such as DHFHTN, and maintained
stable discrimination across condition groups, offering a practical
balance between accuracy and reliability. Because differences be-
tween flat and structured representations were modest, the primary
advantage of the structured risk vector lies in its interpretability,
as evidenced by condition-stratified dashboards and SDOH-aware
county queries.

Disparity metrics and county-level patterns Using broadband
access as an example SDOH indicator, county-level disparity indices
were applied to HF-related cohorts to summarize differences in con-
nectivity across urban Texas counties. These metrics indicate that
some counties have substantially higher broadband access than the
statewide mean, and that counties with both large HF populations
and high connectivity contribute disproportionately to the overall
burden of disparity. Disparity estimates are restricted to counties
with at least 50 encounters, and uncertainty is summarized using
bootstrap confidence intervals; low-volume counties are flagged or
omitted in displays.

Use case: navigating HF and DHFHTN risk In a typical work-
flow, a care manager selects HF or DHFHTN cohorts, reviews
county-level maps of multimorbidity and SDOH, and uses dispar-
ity metrics to prioritize counties where many high-risk patients
face adverse social conditions. The risk-modeling module then
provides SHAP-based explanations for representative high-risk pa-
tients, where comorbidity burden, frailty, recent utilization, and
county-level SDOH indicators often emerge as key contributors to
elevated readmission risk. This combination of structured risk vec-
tors, disparity metrics, and explainable models supports disparity-
aware population health decision-making rather than relying on a
single opaque risk score.

6 Discussion

Jointly modeling multimorbidity, frailty, utilization, and county-
level SDOH yields more informative 30-day readmission risk esti-
mates than using clinical or contextual data alone. ICD-based anal-
yses confirm a highly multimorbid Medicare home health cohort,
motivating prefix-level diagnostic features that smooth coding vari-
ation while preserving clinically meaningful structure. Although
models were trained on a Texas Medicare home health cohort, the
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multimorbidity and comorbidity profile aligns with U.S.-wide Medi-
care patterns, suggesting cautious generalizability of the SDOH-
enriched risk representation to other settings with local calibration.

The risk representation R; encodes each episode as a multidi-
mensional vector spanning age, BMI, chronic disease burden, co-
morbidity and frailty scores, utilization intensity, and county-level
SDOH, rather than collapsing risk into a single score. This explicit
structure supports condition-stratified readmission estimates, trans-
parent risk adjustment across multimorbid subgroups, and flexible
cohort queries, as reflected in mortality and readmission gradients
for DHFHTN and related cohorts.

Limitations include the Medicare-only, Texas-centered training
data, coding variability in administrative claims, and predictors that
partly capture care access and workflow in addition to clinical need.
Future work should emphasize external validation across health
systems, systematic fairness assessment across demographic and
clinical subgroups, and governance frameworks for the responsible
use of SDOH-informed risk prediction.

7 Conclusion

PRECISION-CONNECT is a deployable population health analytics
platform that integrates multimorbidity- and SDOH-enriched risk
representations with explainable machine learning and interactive
dashboards for Medicare home health populations. The structured
risk vector R; combines comorbidity and frailty indices, ICD-based
diagnostic groupings, BMI, utilization patterns, and county-level
SDOH, supporting both 30-day readmission prediction and county-
level disparity analysis without collapsing risk into a single opaque
score. Future extensions include incorporating laboratory time se-
ries and clinical text, expanding geospatial SDOH layers, integrat-
ing fairness-aware modeling, and connecting to operational EHR
systems for near-real-time decision support.
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