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Abstract

Predicting postoperative adverse events and managing the associated risk factors is crucial for
patient safety. Care coordination, also known as provider team interactions, significantly impacts
outcomes, yet few studies have explored this link and applied it to risk prediction. To address
this, Medical Heterogeneous Graphs for Patient Safety analysis (MedHG-PS), a novel graph-
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based framework that simultaneously models complex relationships among patient characteristics,
provider interactions, and patient transfer records was proposed in this study. Evaluated on a
real-world dataset with 102,768 patients from the University of Florida Health Integrated Data
Repository, MedHG-PS outperforms state-of-the-art methods, achieving an AUC above 0.90 and
up to a 20% improvement in recall for three major postoperative outcomes—prolonged length

of stay (PLOS), 30-day mortality, and 90-day mortality. By using meta-path analysis (MPA),
SHapley Additive exPlanations (SHAP) and Local Interpretable Model-agnostic Explanations
(LIME), MedHG-PS identifies key predictive features, such as patient transfers highly influencing
PLOS, whereas provider interactions affect mortality risks. This study highlights how care
coordination can be modeled at scale using EHRs and can affect patient care safety outcomes—an
important aspect of an automated and rapid-learning health system.

Patient safety refers to the absence of preventable harm to patients and the minimization

of the potential risks associated with healthcare procedures®. Despite the concerted efforts
and investments made by federal and local governments, private agencies, and concerned
institutions to improve patient safety, studies persistently reveal unfavorable patient safety
outcomes?3. The emergence of real-world data (RWD), including electronic health records
(EHRs), and developments of artificial intelligence (Al)/machine learning (ML) techniques
offer a valuable opportunity to develop personalized prediction models that can assess
patient safety outcomes*-8. In the perioperative setting, a potential strategy for improving
care quality is to build AI/ML models to predict the risk of postoperative adverse events’
(e.g., mortality) and manage the associated risk factors. This proactive approach not only
promotes patient safety but also improves the workplace environment of healthcare delivery
organizations®.

Most existing models primarily rely on demographic variables (e.g., age, sex, and race)

and clinical factors (e.g., anthropometric variables, physical and laboratory examinations,
questionnaires, and lifestyles)®. Various outcome measures, such as mortality, postoperative
length-of-stay10-11 and readmission, are often considered as the outcomes of interest for
assessing care quality and patient safety. These measures reflect the impact of healthcare
services or interventions on patient health directly or indirectlyl? Yet, such outcomes are
influenced by numerous factors, many of which are beyond the control of providers. This
variability across patients makes accurate prediction a significant challenge.

In real-world settings, the communication and interactions among a patient’s healthcare
team, also known as care coordination, have a significant impact on the quality of care and
patient safety outcomes, particularly in perioperative settings'3. Despite its importance, only
a limited number of studies'#1® (see detailed literature review in Supplementary Section

1) have explored how such interactions affect patient safety outcomes. Incorporating care
team coordination—which can be modeled as care coordination networks—into outcome
prediction models could enhance predictive accuracy and provide explainable insights to
help the care team improve the quality of care.

In this study, a graph-based analytic framework, called medical heterogeneous graphs
for patient safety analysis (MedHG-PS), was proposed. This framework incorporates
heterogeneous graph neural networks (HGNN) to simultaneously model patient
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demographics characteristics, along with perioperative information, transfer records, and
provider team information during the stay, to predict patient postoperative safety outcomes.
An interpretable and efficient heterogeneous graph convolutional network (ie-HGCN)16
was used as the backbone model of the MedHG-PS. This model effectively analyzes
heterogeneous graphs, identifying the most relevant meta-paths—patterns representing
semantic relationships between nodes in the graph (e.g., patients and providers)—for
specific tasks. Its ability to enhance accuracy and interpretabilityl® makes it suited for
healthcare applicationl’. Furthermore, by integrating explainable Al (XAl) techniques into
the MedHG-PS, key factors among clinical factors to care coordination that contribute most
to the predictions were identified.

A series of experiments were conducted on a cohort (7= 102,768) to validate the proposed
framework, using EHRs from the University of Florida (UF) Health Integrated Data
Repository (IDR). The framework was comprehensively evaluated against various baseline
models, including ML techniques combined with network science approaches, for multiple
outcome predictions. The key contributions of this study are as follows: (1) the development
of a graph-based analytic framework, MedHG-PS, for modeling care coordination using
real-world data; (2) the evaluation of MedHG-PS in predicting patient safety outcomes;

(3) the use of XAl techniques to identify key factors influencing patients’ outcomes—an
important aspect of an automated and rapid-learning health system.

Descriptive statistics of the study cohort

The cohort included 136,647 surgical encounters, with 102,768 adult patients (Table 1).
The mean age was 55.72 (£18.01) years, and 60.37% were women. Of the cohort, 64.73%
were Non-Hispanic White (NHW), 12.81% were Non-Hispanic Black (NHB), 4.64% were
Hispanic, and 17.82% were other races/ethnicities. For three outcomes, based on encounter-
level statistics, 25.00% present prolonged length of postoperative hospitalization (i.e.,
greater than 75th percentile, 6 days), 3.16% and 5.32% encounters have 30-day and 90-day
mortality records. Statistically significant differences in patient outcomes were identified
across age, sex, and race-ethnicity groups (p value < 0.01). The detailed statistics of the
study cohort are shown in Supplementary Table S2. The missing data rates for non-binary
features in this study are summarized in Supplementary Table S3. Consistent with previous
research, this dataset generally exhibits low missing data rates, with most variables missing
less than 2%. However, higher missing rates for certain variables were observed: the
Charlson Comorbidity Index (CCI) had the highest missing rate at 28.49%, followed by
body mass index (BMI) at 9.52%, and height at 9.22%.

Prediction model of patient safety outcome

Figure 1 shows the prediction performance of three tasks among four models. As shown in
Fig. 1a, MedHG-PS shows an area under the receiver operating characteristic (AUROC) of
0.960 (95% confidence intervals [95% CI]: 0.956-0.963), an area under the precision-recall
curve (AUPRC) of 0.904 (95% CI: 0.895-0.913), an F1-score of 0.844, a precision of
0.786, a recall of 0.912, and a specificity of 0.900. Compared to the baseline models,
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particularly the best-performing model, Extreme Gradient Boosting (XGBoost), MedHG-
PS demonstrates higher recall performance while maintaining comparable metrics for
other measures. Across these three tasks, the outcome distributions varied. While 30-day
and 90-day mortality predictions are more imbalanced compared to PLOS predictions,
MedHG-PS excels in achieving high recall rates for handling different tasks. Figure 1b
visualizes the performance in predicting 30-day mortality, where MedHG-PS achieved
the highest recall (0.771), outperforming the best traditional ML models by over 15%.
For the 90-day mortality prediction task (Fig. 1¢c), MedHG-PS further demonstrates its
strengths, outperforming the ML models by at least 20% in recall rates. These results
confirm the robustness of MedHG-PS across both balanced and imbalanced prediction tasks,
making it particularly suitable for predicting negative events with potentially irreversible
consequences?s,

The impacts of different features on model performance across these three tasks were

also investigated, as detailed in Supplementary Tables S4-S6. For the PLOS prediction
task, using only demographic and perioperative information yielded satisfactory results
with XGBoost, achieving an AUROC of 0.964 (95% CI 0.961-0.967), AUPRC of 0.905,
F1-score of 0.827, precision of 0.843, recall of 0.812, and specificity of 0.938. Although
the differences in AUROC is not significant compared with demographic and perioperative
information only mode (p value = 0.06), incorporating provider interaction and patient
transfer information improved the recall to 0.912 when using MedHG-PS. Notably, even
without patient-specific demographic or perioperative information, the provider team alone
demonstrated predictive capabilities, with an AUROC of 0.694, a recall of 0.640, and an
F1-score of 0.503—significantly outperforming XGBoost (AUROC = 0.645; recall = 0.178;
F1-score = 0.272).

For the more challenging tasks of 30-day and 90-day mortality predictions, relying solely
on demographic and perioperative information resulted in suboptimal recall performance
of 0.592 and 0.674, respectively. MedHG-PS significantly improved the recall rates to
0.771 and 0.827 without compromising AUROCSs (p value = 0.12 and 0.70), AUPRCs,
and F1-scores performance. The importance of provider teams with MedHG-PS was even
greater for these mortality prediction tasks (Supplementary Tables S5 and S6), achieving
AUROC:s of 0.721 and 0.701, recalls of 0.682 and 0.718, and F1-scores of 0.124 and 0.155,
compared with AUROCSs of 0.649 and 0.603, recalls of 0.000 and 0.000, and F1-scores of
0.000 and 0.000 for XGBoost, respectively. In summary, provider interaction and patient
transfer information play a crucial role in enhancing the prediction of mortality outcomes,
particularly for more complex and imbalanced tasks.

A series of ablation studies were performed to examine the models’ robustness to missing
data and class imbalance. In the missingness experiment, key variables—BMI, height,
CCI, and ASA-PS—were manually masked. This led to modest declines in predictive
performance for both PLOS and 30-day mortality outcomes. For PLOS prediction,
performance metrics decreased as follows: AUROC by 0.009, AUPRC by 0.048, F1-score
by 0.002, precision by 0.018, recall by 0.020, and specificity by 0.014. For 30-day
mortality prediction, a slight increase in AUROC by 0.02, accompanied by decreases

in AUPRC (0.008), F1-score (0.025), precision (0.021), recall (0.029), and specificity
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(0.022) were observed. The impact was more significant for 90-day mortality prediction,
with performance metrics showing declines ranging from 0.053 to 0.255. Contrary to
expectations, resampling techniques failed to enhance model performance, even in highly
imbalanced scenarios. Instead, all models experienced decreased overall performance.

For PLOS, undersampling slightly reduced all metrics, while oversampling significantly
impacted the AUPRC, decreasing it by 7.9%, with other metrics declining between 0.2%
and 6.6%. For 30-day mortality, undersampling significantly affected performance, with
metrics decreasing by 2.1% to 66.1%, while oversampling improved the F1-score to 0.361
but significantly sacrificed recall (0.274), reducing the practical utility of the MedHG-PS.
Similarly, for 90-day mortality, undersampling showed moderate performance impacts,
while oversampling improved precision at the expense of recall. On the other hand, although
less prominent, ML models also experienced similar negative impacts with resampling.
Detailed statistics can also be found in Supplementary Tables S4-S6.

To examine the computational efficiency of MedHG-PS, Multiply-Accumulate Operations
(MACs) and inference time were calculated. With only 3.2 million parameters, MedHG-
PS demonstrated low computational cost, requiring only 75.85 million MACs. When
performing inference on a single A100 GPU, MedHG-PS required only 0.03 s to generate
predictions for an individual patient.

Explainable Al to identify important feature contributing to predicting patient safety

outcome

Figure 2 shows the meta-paths generated by MedHG-PS using a three-layer ie-HGCN,
comparing the importance of encounter factors (i.e., demographics and perioperative
information), provider-provider interactions, and patient transfer information. For the

PLOS prediction (Fig. 2a), the top five meta-paths were identified: Encounter-Acute Care
Unit, Encounter-Surgeon, Encounter-Technician, Encounter-Acute Care Unit-Encounter, and
Encounter-Nurse. The most influential factor was the level of care, with an importance score
of 0.172—significantly higher than the second-ranked meta-path. Notably, two of the top
five meta-paths involved the Acute Care Unit, underscoring its critical role in predicting
PLOS. Additionally, interactions with surgeons and technicians, such as perfusionists, also
contributed significantly to PLOS predictions. The results of 30-day mortality prediction
task (Fig. 2b) suggest that provider teams and operational risks are key factors in predicting
30-day mortality. The complexity of operations and the skill levels of providers, as
represented by the Technician and Surgeon nodes, play a critical role. In contrast, for

the 90-day mortality prediction task, the direct contributions of providers involved in
operations diminished. Instead, nodes associated with perioperative teams, including Other
Clinicians and others (e.g., anesthesiologists and observers), played a more prominent role,
emphasizing their importance in predicting longer-term outcomes.

SHapley Additive exPlanations (SHAP) analysis was applied to examine the contributions
of encounter information, including demographics and perioperative features, to the model’s
predictions. For the PLOS prediction task (Fig. 3a), the most significant feature was time
spent in the acute care unit, which positively influenced predictions (longer stays correlated
with PLOS). Other important features included type of day (weekday or weekend),
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admission weight, and BMI. In the 30-day (Fig. 3b) and 90-day mortality prediction

tasks (Fig. 3c), similar features were identified. However, SHAP values for these features
were comparable, indicating they contributed equally without any dominant features. These
findings align with the meta-path analysis (MPA), confirming that for mortality predictions,
provider coordination and patient transfer records add substantial predictive value to the
models.

Local Interpretable Model-agnostic Explanations (LIME) analysis complemented the SHAP
findings by providing further insights into feature contributions across prediction tasks.

For PLOS prediction (Fig. 4a), hip fracture and fever emerged as significant positive
contributors, while several time-related variables (emergency to end, induction to incision),
care unit durations (intermediate time, acute time), urinary system cancers, diagnostic ear
procedures, and secondary malignancies were associated with reduced PLOS risk. In the
30-day mortality model (Fig. 4b), blindness/vision defects and acute lymphoblastic leukemia
(ALL) demonstrated the strongest positive associations with mortality outcomes. Additional
mortality risk factors included surgical timing variables (induction to incision), service type
(General Pediatrics), feeding disorders, and anesthesia duration. Conversely, drug-induced
conditions, suicidal ideation/self-harm, start to induction timing, and intensive care duration
appeared to reduce 30-day mortality risk, potentially reflecting increased monitoring and
intervention for these conditions. The 90-day mortality prediction model (Fig. 4c) reinforced
the SHAP analysis findings, with age at encounter serving as the predominant risk factor,
followed by weight, CCI, and postoperative neurological complications. Protective factors
included BMI, height, acute care duration, and surgical timing metrics (induction to incision,
incision to dressing). The consistency between LIME and SHAP attribution values across
features, particularly for 30-day mortality prediction, strengthens confidence in the feature
importance assessments and suggests robust model interpretability.

Discussion

In this study, MedHG-PS, a heterogeneous graph-based framework to model care
coordination and predict postoperative safety outcomes, was developed. MedHG-PS learns
latent relationships and embeddings from perioperative information, provider team details,
and patient transfer records using heterogeneous graphs derived from EHR data. It supports
multiple tasks, including PLOS prediction, 30-day, and 90-day mortality predictions. The
framework was evaluated on a cohort of 102,768 real-world surgical patients from the UF
IDR EHR dataset. Compared to traditional ML models combined with network science
techniques, MedHG-PS demonstrated up to a 20% improvement in recall rates across the
three prediction tasks. Given the potentially devastating consequences of negative outcomes,
recall is the most critical metric, particularly within learning health systems. This is
especially important for smaller hospitals, which may experience higher mortality®

The findings of this study have implications for clinical practice, particularly in the context
of developing automated, real-time decision support tools. Length of stay (LOS) is an
important factor to evaluate the efficiency of a healthcare system. PLOS could increase
costs for both patients and healthcare systems while potentially reducing quality of care
and patient satisfaction?9. The 30-day and 90-day mortality are widely used patient safety
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outcome measures employed to assess and compare healthcare quality for benchmarking and
pay-for-performance initiatives2122, By incorporating care coordination data into outcome
prediction models, healthcare organizations can more accurately identify patients at risk of
adverse events, enabling more targeted and timely interventions2324, For example, accurate
PLOS prediction has the potential to guide bed management, discharge planning, and
resource allocation, ultimately improving the efficiency of hospital operations and patient
throughput?®. Similarly, the high recall achieved by MedHG-PS in predicting 30-day and 90-
day mortality highlights its potential utility in identifying high-risk patients who may benefit
from early interventions or closer postoperative monitoring. This capability is especially
critical in surgical settings, where timely actions can significantly reduce morbidity and
mortality.

The MedHG-PS model provides comprehensive analysis using Meta-Path Analysis (MPA),
SHAP, and LIME for different purposes. MPA investigates the importance of encounter
information (e.g., demographic and perioperative features), care coordination (e.g., provider-
provider interactions), and patient transfer records. Meanwhile, SHAP and LIME highlights
the most important factors within the encounters themselves. Based on MPA, several
findings were obtained for three outcomes: (1) For PLOS prediction, patient transfer records
were identified as the most important factors; (2) For 30-day mortality prediction, care
coordination between technicians and surgeons played a vital role; and (3) For 90-day
mortality prediction, perioperative teams (e.g., anesthesiologists and observers) emerged as
the primary contributors. In PLOS prediction, acute care units were the most influential
feature based on both attention coefficients and SHAP analysis. This aligns with clinical
intuition, as preoperative stays in acute care units typically indicate more severe or complex
conditions, leading to extended recovery times and increased resource utilization?6. SHAP
analysis also revealed that the type of day (commonly referred to as the “weekend effect”)
was the second most influential feature for PLOS prediction. This effect has been well-
documented in healthcare literature, showing that patients admitted or undergoing surgery
on weekends tend to have longer hospital stays2’. Additionally, BMI and admission weight
were significant factors, consistent with prior studies that associate higher BMI with longer
PLOS28:29 For mortality prediction, several features stood out. The weekend effect was

a key factor, which is consistent with findings from prior studies that have demonstrated
higher mortality rates for patients admitted or treated on weekends30. Another prominent
feature in the mortality models was admission age, which had a strong positive influence

on both 30-day and 90-day mortality predictions. Age has long been recognized as a critical
determinant of surgical outcomes, with older patients being more vulnerable to postoperative
complications and mortality31:32,

The LIME analysis conducted in this study provides complementary insights to MPA

and SHAP findings, further illuminating the feature-level contributions to patient safety
outcomes. For PLOS prediction, LIME suggested that specific clinical conditions like

hip fractures and fever significantly increase likelihood of extended hospitalization. This
aligns with established clinical knowledge that hip fractures often require complex surgical
interventions and rehabilitation protocols, typically necessitating extended inpatient care33,
In the 30-day mortality prediction model, LIME analysis revealed ALL emerged as one of
the strongest mortality predictors. ALL’s strong association with 30-day mortality aligns
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with the known high-risk nature of this malignancy3*. Counterintuitively, LIME identified
suicidal ideation and drug-induced conditions as protective factors against 30-day mortality.
This paradoxical finding likely reflects the intensive monitoring and specialized care these
patients receive rather than a direct biological protective effect, highlighting how healthcare
delivery patterns can influence predicted outcomes. For 90-day mortality, LIME analysis
reinforced the primacy of age as the dominant risk factor, consistent with the SHAP
findings. The CClI’s strong positive influence further validates the model’s alignment with
clinical expectations, as this index was specifically designed to predict mortality3°. The
negative association between BMI and 90-day mortality aligns with the “obesity paradox”
observed in some surgical populations, where moderate obesity appears protective against
longer-term mortality despite increasing other complications3.

However, this study has several limitations. First, the data were sourced from a single
healthcare system, which may restrict the generalizability of these findings, as they

are influenced by specific geographical factors (i.e., Florida). Second, several features
(e.g., Insertion, revision, replacement, removal of cardiac pacemaker or cardioverter/
defibrillator, encounter for mental health conditions, sexually transmitted infections) had
limited sample sizes, potentially introducing bias into the model. Future research should
focus on validating MedHG-PS across diverse healthcare systems to assess its broader
applicability. In addition, incorporating advanced feature engineering techniques can help
in mitigating potential bias in the model. Specifically, for mortality prediction, ML models
demonstrate high precision in mortality prediction but suffer from low recall, indicating
they accurately identify positives while failing to capture a substantial portion of at-risk
patients. Conversely, the MedHG-PS model achieves high recall, successfully capturing
most mortality cases, albeit with a slightly higher rate of false positives. This trade-off
suggests that developing ensemble methods that integrate MedHG-PS with traditional ML
models could be a promising direction for future research. Such hybrid approaches may
leverage the high precision of ML models and the superior recall of MedHG-PS to achieve
more balanced and clinically useful predictive performance. Additionally, findings from
feature masking and resampling experiments indicate that advanced data augmentation
and imputation strategies—particularly those incorporating care coordination information—
should be further explored to address the inherent imbalance in outcome distributions.

In conclusion, this study highlights the significant potential of GNN-based approaches in
modeling care coordination and predicting postoperative safety outcomes. This method has
proven to be a promising tool for predicting multiple patient safety outcomes with high
recall rates. Leveraging EHR data, the MedHG-PS holds great potential for integration into
EHR systems and clinical workflows.

Data and study design

A retrospective study was conducted using EHR data from UF Health IDR, an enterprise
data warehouse integrating different patient information systems across the UF Health
system. In this study, 125,356 adult patients with 217,221 inpatient encounters who
underwent at least one surgical procedure between 2011 and 2022 were initially identified.
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Patients were excluded if they lacked (1) outcome information (i.e., LOS or mortality), (2)
provider information, or (3) recorded surgery dates. After applying the exclusion criteria,
the final cohort comprised 136,647 inpatient encounters of 102,768 patients. For this
study, the index date was defined as the date of the last surgical procedure within each
hospital encounter. Predictors were extracted for each patient during their inpatient stay

to the point of discharge, while outcomes were assessed after the index date. The data
extraction process is visualized in Fig. 5. This study was conducted in accordance with
the ethical principles outlined in the Declaration of Helsinki. This study was approved

as exempt by the University of Florida Institutional Review Board (IRB) under protocol
number IRB202202634. The research involved the use of de-identified EHR data to ensure
participant privacy and confidentiality.

Study outcomes

Covariates

Three study outcomes were validated in this study: PLOS, 30-day and 90-day all-cause
mortality after the index date. To determine PLOS, the 75th percentile was used as the
cut-off threshold according to the related works37-41, The 30-day and 90-day mortalities
are two important criteria set by the Centers for Medicare & Medicaid Services (CMS) for
hospitals*2.

Various patient demographic characteristics recorded at the time of admission were
incorporated as predictive variables, including age, weight, height, BMI, race, ethnicity,
sex, and marital status.

Clinical factors and calendar-related factors during the patient’s perioperative period were
extracted. For clinical factors, comorbidities, the CCI35, the ASA-PS*3, surgery services
received, procedure interval, anesthesia-related information, and the presence of delirium4
were included. The procedure intervals, including the durations between various operative
stages: from room start to induction, from induction to incision, from incision to dressing,
from dressing to emergency, from emergency to room end, and duration from the anesthesia
start to end were also extracted. Anesthesia-related information was incorporated, including
type of anesthesia, and occurrence of anesthesia block. Calendar-related factors, which

can potentially impact health quality, were also considered; for example, the type of day
(weekday or weekend) may interact with provider shifts, influencing healthcare quality*®.
These features included the day of week, type of day, admission source, and care unit type.

Preoperative ICU stay has been recognized as a risk factor for adverse outcomes?6.
Accordingly, records of emergency admissions, preoperative LOS across various care unit
types (i.e., intermediate, intensive, and acute), and frequency of transfers between these units
were incorporated as predictive features.

A key focus of this study is to discover the impact of care team coordination on outcomes.
Therefore, provider information (e.g., expertise type) were included and the interactions
among providers within the same encounter and across different encounters were analyzed.

Npj Health Syst. Author manuscript; available in PMC 2026 March 28.
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The proposed framework

The proposed analysis framework, MedHG-PS, has three steps: (1) graph construction, (2)
GNN modeling, and (3) feature contribution exploration. The inputs to this framework
include demographics, perioperative information, transfer records, and provider team details.
Before loading inputs to the framework, the raw data was preprocessed by filtering out
outliers, standardizing continuous features, and applying one-hot encoding to categorical
variables. Missing data were addressed by assigning “Unknown” to missing categorical
variables and imputing missing continuous variables using their mean values. To address the
imbalanced nature of patient safety outcomes, resampling strategies were further assessed.
For each task, data balancing was achieved by either randomly removing negative samples
or oversampling positive samples.

A heterogeneous graph ¢ = (7, &), as shown in Fig. 6a, was first constructed as the

starting point using the input variables. The graph consists of three types of nodes

7 € {ENE, P, €}, representing encounter (€.4€), provider (%), and care unit (&). All
nodes are connected by undirected edges (&), which represent their interaction. For example,
if a provider is associated with an encounter, a link is established between the corresponding
nodes. Demographic and perioperative information were embedded into a feature matrix
HEVE e 38VEXF \where  is the number of features. The provider nodes (%) were
divided into five subgroups: Surgical Team, Other Clinicians, Nurses, Technicians, and
Others. The Surgical Team subgroup includes surgeons, surgical assistants, and surgical
fellows/residents. Other Clinicians encompasses providers who do not directly perform
surgery, such as anesthesiologists, certified registered nurse anesthetists, anesthesiologist
assistants, residents, and physician assistants. The Nurse subgroup includes nurse monitors,
nurse practitioners, post-anesthesia care unit nurses, pre-procedural nurses, registered nurses
in interventional radiology, and scrub nurses. Technicians consist of cell saver technicians,
control room technicians, cardiovascular technicians, gastrointestinal technicians, radiology
technologists, surgical technologists, catheterization lab scrubs, and perfusionists. The care
unit (&) was classified into three subgroups: Intermediate, Intensive, and Acute. & and € has

no feature. For ablation studies, subgraphs only containing % and &4 without HEVE 9

and &4/€ with Hg/‘/%, € and &/ € with Hg/’/%,was constructed.

An interpretable and efficient heterogeneous graph convolutional network (ie-HGCN)16 was
implemented to model the heterogeneous graph €. In the ie-HGCN, given the graph &4,
the task is to learn representation matrices of nodes in &.#°% for health outcome prediction.
The model architecture is illustrated in Fig. 6b, which contains three graph convolutional
network (GCN) layers to learn embeddings layer-wise for each node Q € &4, and then
pass to softmax function to generate the outputs. In ie-HGCN, Hg' refers to the input
features, and each GCN layer calculated the node embeddings H;* based on previous-layer
representation H;* , based on previous-layer representation H ,, where ! is the index of
layer and I € [1,3], by aggregating self-features 7% and neighboring features z', where
res®= {n |n€ 7 andn# Q} Since the neighbors of a node in a heterogeneous graph are

of different types, the convolution operation cannot be applied directly across all node types
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simultaneously. Instead, the features Zwas calculated separately by node types. The GCN
layer can be formulated as Eq. (1):

H® =ELU

at- Zp + Z a -7

Fe/VQ

@

where £LU:) is the Exponential Linear Unit activation function*’. The normalized attention
coefficients «*2 and o for each layer are calculated by Eq. (2). It follows the key, query,
value attention mechanism maps a set of queries and a set of key-value pairs to an output.
The attention function is implemented as follows:

a® = 50 ftmax(ELU([(ZQW?)H(ZQWQ)] we))
a = sofimax(ELU(|(Z Wi (2%w)|- W)

where trainable matrices W maps Zinto attention keys, and W, maps Zinto attention
queries. Operation Il denotes the row-wise concatenation, and W7 is a learnable attention
parameter vector. z® and Z' are generated by heterogeneous graph convolution operation.
For Z', as is shown in Eq. (3), w' ~ < along with the row-normalized adjacency matrix

~Q — -1 _ R .
AT diag(A® ") 4% =T and the previous-layer representation Hj_, together govern

the transformation. For z%, since the A2 Tare identity matrix, the equation can be
simplified to Eqg. (4):

2= AT g g0

@)

79 _ HE . w—Q

4)

In the final step, the hidden embeddings from the third GNN layer are fed into a
softmax function to generate the final prediction probabilities 3, as shown = softmax(H?).

During the training phase, the objective is to minimize prediction errors. A gradient-based
optimization method is employed to update the trainable parameters, which is illustrated
below:

N
Loss = — Z [vilog(31) + (1 — yplog(1 — 3;)]

®)
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The significance of different input variables influencing patients’ safety outcomes were
explored by MPA, SHAP8 analysis and LIMEA#9. MPA assesses the impact of various

paths in the graph structure across different node types on patient safety outcomes, offering
insights into the most influential clinical interactions. To perform MPA, meta-paths from

the graph was constructed by linking different node types. For example, a meta-path could
be Encounter -> Provider -> Care unit. For each path " — Q, the mean normalized attention
coefficients of edges a; from each model layer was recorded, capturing the interactions
between specific node type pairs (e.g., Acute Care Unit and Encounter nodes). The overall
importance of each meta-path was determined by multiplying the attention coefficients along
the sequence of edges in the meta-path.

To identify the key demographic and perioperative information influencing patients’ safety
outcomes, SHAP8 and LIME, widely used XAl techniques, were employed. SHAP and
LIME allow for the interpretation of model predictions by quantifying the contribution

of individual features. Given the high dimensionality of the feature space, the Clinical
Classifications Software Refined (CCSR) database was applied to aggregate diagnosis

and procedure codes into higher-level clinical categories, simplifying the features while
preserving their clinical relevanceC,

Experimental settings

The proposed analysis was conducted on the University of Florida’s HiperGator high-
performance computing cluster (https://www.rc.ufl.edu/about/hipergator/). The experiment
used 16 cores of AMD EPYC 7742 processors, 64GB memory, and an Nvidia A100

GPU. For framework implementation and data processing, Python version 3.11 with the
libraries: OpenHGNN®1, XGBoost, Scikit-learn®2, Scikit-optimize®3, Captum®*, MLstatkit,
and Imbalanced-learn®® were used.

The MedHG-PS was compared with traditional ML models, including three representative
ML algorithms: logistic regression (LR), multi-layer perceptron (MLP), and XGBoost®6.
These methods were evaluated using demographic and perioperative information alone,

as well as in combination with different network science features to analyze provider
interactions and patient transfers within the hospital.

To obtain network science features, the provider information of all hospital encounters

was constructed as a single holistic provider-to-provider interaction graph, where nodes

are individual providers and undirected edge, and the weights represent the number of
interactions—two providers operated on the same patient. Then, the inpatient transfer
information of each single hospital encounter was modeled as individual, standalone patient
transfer graphs, where nodes represented hospital care units and directed edges indicated
patient transfers between units (e.g., a patient from an acute care unit to an intensive care
unit) during a single hospital stay. Various network metrics®’:58 such as centralities, average
degree connectivity, clustering coefficient, authority, page rank, density, number of nodes,
and weighted number of edges were extracted from these graphs. For each encounter, these
metrics were computed for each node (providers in the provider-to-provider interaction
graph and care units in the patient transfer graphs) and then aggregated them into summary
statistics, including maximum, minimum, mean, median, and interquartile range. As a result,
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the inputs for ML models included encounter-level demographics, perioperative information,
and graph metrics derived from provider-to-provider interaction and patient transfer graphs.

Following ML best practices, the dataset was divided into training, validation, and testing
sets with a ratio of 8:1:1 for model training and hyperparameter tuning. The detailed search
space for hyperparameter tuning for different methods is summarized in Table 2. For the
ie-HGCN in MedHG-PS, the Adam optimizer® with binary cross-entropy loss (Eq. (4))
was used to train the MedHG-PS and tree-structured parzen estimator algorithm89 was
used to optimize the learning rate, L2 regularization, dropout rate, batch normalization, the
dimension of the first hidden layer, and attention vector. The training batch size was set to
51261,

For the ML baselines, Bayes algorithm62 was used to tune hyperparameters and optimize
performance. An early stopping strategy was applied to all training processes by monitoring
the AUROC changes on the validation set. For the XGBoost, the L2 regularization was set to
1, and the L1 regularization was set to 0. For the MLP, the number of layers was set to 3, and
the activation layers were ReLUB3, The MLP was trained for a maximum of 200 iterations
with the Adam optimizer with cross-entropy loss in an initial learning rate of 0.001. The
training data was divided into mini-batches for MLP training, and the mini-batch size was
200. The LR models were optimized using the Newton-CG algorithm with L2 regularization
with 500 iterations.

To evaluate the effectiveness of the imputation strategy, a masking approach was
implemented based on previous studies. Prior research84-66 suggests that demographic
information is generally well-recorded in EHR, with the exception of BMI, which may

be missing at a rate of approximately 1.7% to 4.3%57:68 primarily due to the absence

of height data. Marriage status data may also be missing at a rate of around 2.11%54. In
addition, CCI might have a higher missing rate to 8.3%59. In this experiment, BMI and
height were randomly masked at a rate of 4.3%, while marital status was masked at a rate
of 2.11%. CCI was also masked at a rate of 8.3%. Given the advancements in EHR systems,
most procedural intervals and calendar-related factors are recorded seamlessly. In addition,
it remains challenging to distinguish between missing and truly negative for comorbidities,
the presence of delirium, and the occurrence of anesthesia. Therefore, these features were
not masked. Additionally, ASA-PS was masked at a rate of 1.7, consistent with previous
findings®8. The masked features were then imputed using the proposed methods.

All the models were evaluated on the testing set. Six typical metrics were adopted to
assess model performance, including AUROC’0, AUPRC'!, F1-score, precision, recall’?,
and specificity’3. To examinate the statistical significance between AUROC of different
models, DeLong’s test’* was applied. 95% CI for AUROC and AUPRC were estimated
using bootstrapping”®.
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Refer to Web version on PubMed Central for supplementary material.
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Fig. 1|. Model performance assessment of MedHG-PS and baseline models.

The AUROC, AUPRC, F1-score, precision, recall, and specificity of MedHG-PS, XGBoost,
MLP, and LR in predicting a PLOS, b 30-day mortality, and ¢ 90-day mortality.
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Fig. 2|. Meta-path importance analysis.
The plot visualized the contribution of each meta-path to the MedHG-PS when predicting a

PLOS, b 30-day mortality, and c 90-day mortality.
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Fig. 3|. Featureimportance analysiswith SHAP values.
The SHAP plot visualized the contribution of each feature to the MedHG-PS when

predicting a PLOS, b 30-day mortality, and c 90-day mortality.
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Fig. 4 |. Featureimportance analysiswith LIME values.
The LIME plot visualized the contribution of each feature to the MedHG-PS when

predicting a PLOS, b 30-day mortality, and ¢ 90-day mortality.
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Fig. 5|. Processing wor kflow of the UF Health integrated data repository inpatient surgery

cohort and the patient timeline.

a Study cohort construction process. b Patient timeline. The study cohort consists of adult
inpatient surgery patients with documented provider and outcome information. Risk factors
are observed during the inpatient stay, prior to the completion of the last surgery. The model
is designed to predict patient safety outcomes based on the pre-surgery observation period.
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Fig. 6 |. Graph representation and MedHG-PS model architecture.
a The representation of the graph. Circles represent encounters, triangles represent

providers, and squares represent care units. Different colors represent different providers or
care unit types. b MedHG-PS with three stacked layers, where solid edges denote neighbor
connections, and dashed edges represent self-relations.
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Table 1|

Cohort information

Patients (Per centage)

Patient-level

Total 102,768
Age 55.72 (+18.01)
Sex

Female 62,042 (60.37%)

Male 40,726 (39.63%)

Race-Ethnicity

NHW 66,525 (64.73%)

NHB 13,161 (12.81%)

Hispanic 4765 (4.64%)

Other 18,317 (17.82%)

Encounter-level

Total 136,647

PLOS
Yes 34,156 (25.00%)
No 102,491 (75.00%)

30-day mortality

Yes 4319 (3.16%)

No 132,328 (96.84%)

90-day mortality

Yes 7274 (5.32%)

No 129,373 (94.68%)
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Table 2 |
Hyperparameters
Model Hyper parameter Range
MedHG-PS  Learning rate [1077,1071]
L2 regularization [1077,107]
Dropout rate [0.0,0.8]
Batch normalization {True, False}
Dimension of the first hidden layer {32, 64, 128, 256]
Dimension of attention vector {8, 16, 32, 64, 128}
XGBoost Number of estimators [50, 600]
Learning rate [0.01,0.3]
Max depth [3, 15]
Subsample [0.6, 1]
The fraction of features for training  [0.5, 1]
MLP Learning rate scheduler {constant, adaptive}
L2 regularization [0.0001, 0.99]
LR c [1076, 50]
Class weight {balance, none}
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