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Introduction

Elena Petrova , Ivan Georgiev , Nikolay Stoyanov , Petar Kolev1* 1 2 1

Surgical site infections (SSIs) affect 2–20% of surgical procedures and are a major source of postoperative morbidity,
prolonged hospitalization, readmission, mortality, and healthcare costs, making prevention a key priority. Existing
prediction tools such as the NNIS index and SENIC score depend on a limited set of clinical variables including wound
class, ASA status, and operative duration, while failing to capture complex interactions among patients, surgeons, and
comorbidities. To address this limitation, we propose a graph attention network (GAT) framework that represents each
surgical case as a heterogeneous graph composed of patient, surgeon, and comorbidity nodes, with intraoperative
variables included as features and attention mechanisms used to learn the most influential relationships. This
approach models relational dependencies such as the interaction between surgeon experience, patient conditions,
and comorbidity combinations, enabling more accurate and context-aware SSI risk prediction to support personalized
preventive interventions.

1

2

Surgical site infections are classified as superficial
incisional, deep incisional, or organ/space infections, with
incidence varying substantially by procedure type from
approximately 1% in clean surgeries to over 20% in
contaminated or emergency operations [1, 2]. The
consequences of SSI extend beyond the immediate
postoperative period to include prolonged hospital stays
averaging 7-11 additional days, doubled readmission rates,
increased mortality risk ranging from two to eleven times
that of uninfected patients, and substantial healthcare costs
estimated at $20,000 to $35,000 per infection episode [3,

4]. These clinical and economic burdens have motivated
decades of research into risk factor identification and
prediction model development, yet SSI rates have
remained stubbornly persistent in many surgical
populations [5, 6].

Current risk prediction tools used in clinical practice, such
as the NNIS index and various institutional scoring
systems, typically incorporate only three to five variables
including wound contamination class, ASA score,
procedure duration, and occasionally body mass index or
diabetes status [4, 7]. These models, while simple to
calculate at the bedside, fundamentally ignore two critical
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domains: the substantial evidence that surgeon experience
metrics including annual case volume and years of practice
independently predict surgical outcomes, and the network
of interacting comorbidities that modify infection risk in
nonlinear ways [8-10]. Machine learning approaches
applied to SSI prediction have shown improved
performance over traditional logistic regression, but most
remain tabular models that treat each patient as an
independent observation rather than modeling relational
structure [11-14].

Table 1 contrasts the proposed graph attention framework
with both traditional SSI scoring systems and non-relational
machine learning models to clarify the distinct analytical
advantage of relational surgical risk modeling.

Table 1. Conceptual Comparison of Prediction Paradigms
for Surgical Site Infection Risk Stratification
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Graph neural networks, and specifically graph attention
networks (GATs), offer a paradigm shift by explicitly
modeling entities as nodes and their relationships as
edges, then learning through message passing how
information propagates across the graph structure [15, 16].
Unlike conventional graph convolutional networks that
apply fixed weights to neighbors, GATs compute attention
coefficients that learn which neighboring nodes are most
relevant for prediction, providing inherent interpretability
about which relationships drove a given risk estimate [17,
18]. This attention mechanism is particularly well-suited to
surgical risk prediction because it can identify whether a
patient's SSI risk is driven primarily by their own
comorbidities, by their surgeon's inexperience, by
intraoperative factors, or by interactions among these
domains [19, 20].

This article presents a conceptual framework for SSI
prediction using a heterogeneous graph attention network
that integrates three node types: patient nodes carrying
demographic and clinical features, surgeon nodes encoding
experience metrics, and comorbidity nodes representing
individual diagnoses. Intraoperative variables are
incorporated as additional features on patient nodes, while
edges connect each patient to their operating surgeon and
to all comorbidities present. The remainder of this paper is
organized as follows.

Surgical site infection risk factors
Established risk factors for SSI span preoperative patient
characteristics including diabetes mellitus, obesity defined
as body mass index greater than 30 kg/m², active smoking,
immunosuppressive medication use, and prior surgical site
infection, as well as intraoperative variables including
procedure duration exceeding the 75th percentile for that
operation, wound contamination class (clean, clean-
contaminated, contaminated, dirty), estimated blood loss,
and transfusion requirement [2, 6, 21]. Postoperative
factors such as wound care practices, glycemic control, and
duration of surgical drain placement also contribute to risk,
though these occur after the prediction window for
preoperative risk stratification [22]. Meta-analyses have
consistently identified diabetes with odds ratios for SSI
ranging from 1.5 to 2.5, obesity with similar effect sizes,
and dirty wound class with odds ratios exceeding 5.0
compared to clean procedures [2, 6].

Surgeon experience metrics
Surgeon experience is most commonly quantified through
annual case volume, with systematic reviews
demonstrating that higher-volume surgeons achieve lower
complication rates, including SSI, across multiple surgical
specialties including cardiac, urologic, hepatobiliary, and
colorectal surgery [8, 9, 23, 24]. Additional experience
metrics include years in independent practice following
residency completion, fellowship training in a subspecialty,
board certification status, and individual surgeon's historical
SSI rate adjusted for case mix [10, 25, 26]. The volume-
outcome relationship exhibits both a threshold effect, where
very low-volume surgeons (fewer than 5-10 cases annually)
have substantially higher complication rates, and a
continuous gradient where increasing volume up to
approximately 50-100 cases annually continues to show
improved outcomes [8, 23, 24].

Comorbidity networks
Individual comorbidities do not operate independently but
rather interact in complex networks where the presence of
multiple conditions can amplify infection risk synergistically
beyond additive effects [27, 28]. Common comorbidities
relevant to SSI risk include diabetes mellitus (impaired
wound healing and immune function), obesity (poor
vascularity of adipose tissue and technical difficulty),
chronic obstructive pulmonary disease (impaired
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Framework Overview

Graph Construction

oxygenation and coughing impairment), chronic kidney
disease (immune dysfunction and fluid management
challenges), and immunosuppression from medications or
disease states [2, 17, 22]. The interaction between diabetes
and obesity, for example, produces higher SSI risk than
either condition alone, while the combination of
immunosuppression with any contaminated wound class
dramatically elevates risk [6, 21].

Graph neural networks
Graph neural networks operate by propagating information
between connected nodes through iterative message
passing, where each node aggregates features from its
neighbors to update its own embedding [15, 16]. Graph
convolutional networks (GCNs) perform this aggregation
using fixed, normalized weights based on node degrees,
whereas graph attention networks introduce learnable
attention coefficients that allow the model to weight
neighbors differently depending on their features [15, 18].
The attention mechanism computes a normalized
importance score for each neighbor-edge pair using a
shared learnable weight matrix, then aggregates neighbor
features weighted by these attention coefficients, enabling
the model to focus on the most informative relationships for
the prediction task [17, 20].

High-level architecture
The proposed framework constructs a heterogeneous
graph for each surgical episode containing three node
types: a single patient node, one surgeon node
representing the operating surgeon, and multiple
comorbidity nodes for each diagnosis present in the
patient's medical history. Edges connect the patient node to
the surgeon node and to each comorbidity node, while no
direct edges exist between comorbidity nodes or between
surgeon nodes across different patients. This graph serves
as input to a multi-head graph attention network that learns
node embeddings through attention-based aggregation,
followed by a readout function and multilayer perceptron
classifier to output a probability of SSI within 30
postoperative days.

Figure 1 shows the proposed heterogeneous graph
attention network framework, illustrating how patient
features, intraoperative variables, surgeon experience, and

comorbidity structure are integrated into an interpretable
relational model for surgical site infection risk prediction.

Figure 1. Heterogeneous Graph Attention Network
Architecture for Relational Surgical Site Infection Prediction

Core assumptions
The framework assumes availability of structured electronic
health record data containing patient demographics,
preoperative diagnosis codes, intraoperative variables
recorded in standard anesthesia or surgical documentation,
and reliable surgeon identifiers that can be linked across
cases. Additional assumptions include consistent coding of
wound contamination class, complete capture of surgical
duration and estimated blood loss, and availability of at
least 12 months of historical data to compute surgeon
volume metrics and prior SSI rates. For hospitals with low
surgical volumes per surgeon, the framework may require
pooling across multiple sites or using Bayesian approaches
to stabilize volume estimates.

Design principles
Three design principles guide the framework: relational
reasoning that explicitly models the connections between
patients, surgeons, and comorbidities rather than treating
them as independent features; attention-based
interpretability that enables clinicians to understand which
relationships drove each prediction; and multi-source
integration that combines preoperative, intraoperative, and
surgeon-level information without requiring manual feature
engineering of interactions. The framework prioritizes
clinical actionability by designing risk stratification
thresholds that correspond to evidence-based interventions
such as additional antibiotic dosing, enhanced glucose
monitoring, or wound care protocols.
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Graph Attention NetworkPatient nodes
Each surgical case is represented as a single patient node
with features extracted from preoperative and
intraoperative data, including age in years, body mass
index, diabetes status (binary), current smoking status,
history of prior surgery at the same anatomic site, wound
contamination class encoded as one-hot categorical
variable, and American Society of Anesthesiologists
physical status score [2, 7]. Additional patient features may
include preoperative serum albumin as a marker of
nutritional status, hemoglobin A1c for diabetic patients, and
white blood cell count as a baseline inflammatory marker
[4, 21]. All continuous features are normalized to zero mean
and unit variance across the training dataset to facilitate
stable gradient-based optimization.

Surgeon nodes
Each distinct surgeon in the dataset is represented as a
single node with features that capture experience metrics
computed from historical surgical data, including annual
case volume averaged over the preceding 12 months,
years in independent practice since residency completion,
board certification status in the relevant specialty,
fellowship training in a subspecialty (binary), and the
surgeon's historical SSI rate adjusted for case mix using a
rolling window of the prior 50-100 cases [8-10]. Surgeon
node features are updated dynamically as new surgical
cases are added to the dataset, allowing the framework to
adapt to improving surgeon experience or changing
practice patterns over time [24, 26].

Comorbidity nodes
Individual comorbidities are represented as separate
nodes, each with a fixed feature vector containing the
prevalence of that comorbidity in the training population
and a learned embedding that captures the comorbidity's
baseline association with SSI risk [27, 28]. Comorbidities
included in the graph are selected based on established
SSI risk factors and International Classification of Diseases
(ICD) diagnosis codes, including diabetes mellitus (E08-
E13), obesity (E66), chronic obstructive pulmonary disease
(J44), chronic kidney disease (N18), immunosuppression
(D84, Z79.8), and peripheral vascular disease (I73.9) [2,
17, 22]. Edges connect each patient node to every
comorbidity node for which that patient has a qualifying
diagnosis code in the 12 months preceding surgery.

Attention mechanism
For each node in the heterogeneous graph, the attention
mechanism computes normalized importance scores for all
neighboring nodes by applying a shared learnable weight
matrix to transform node features, then using a single-layer
feedforward neural network to produce unnormalized
attention coefficients [15, 18]. These coefficients are
normalized across each node's neighborhood using the
softmax function, producing attention weights that sum to
one and indicate the relative importance of each neighbor
for predicting SSI from the target node's perspective. The
attention weights are computed separately for each node
and each attention head, allowing the model to learn that
for some patients, the surgeon node may be highly
influential, while for others, specific comorbidity nodes may
dominate the risk signal.

Multi-head attention
Multi-head attention stabilizes the learning process and
enables the framework to capture different types of
relationships simultaneously by applying K independent
attention mechanisms in parallel, each with its own
learnable parameters, then concatenating or averaging the
resulting feature representations [15, 18]. In the context of
SSI prediction, one attention head might specialize in
learning patient-surgeon relationships that capture volume-
outcome effects, a second head might focus on patient-
comorbidity interactions that identify high-risk comorbidity
combinations, and a third head might learn surgeon-
comorbidity indirect relationships where specific surgeons
have systematically different outcomes for patients with
particular comorbidities [16, 20]. The multi-head
architecture provides a form of ensemble learning within
the graph attention network without substantially increasing
model complexity.

Node embedding update
The node embedding update proceeds by computing, for
each node, a weighted sum of its neighbors' transformed
features using the attention weights from each head,
applying a nonlinear activation function (typically
exponential linear unit or rectified linear unit), and optionally
adding a self-connection to preserve the node's original
features [1, 3]. Multiple graph attention layers are stacked
to enable higher-order relationship learning, where the first
layer aggregates information from immediate neighbors
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Node Feature Integration

SSI Prediction

Interpretability

(directly connected comorbidities and the surgeon), and
subsequent layers propagate information from neighbors-
of-neighbors (e.g., other patients of the same surgeon or
patients sharing comorbidities) [18, 19]. This multi-layer
architecture allows the framework to learn that a patient's
SSI risk may be influenced not only by their own surgeon's
volume but also by the complication rates of that surgeon
across other patients with similar comorbidity profiles.

Intraoperative variables
Intraoperative variables are integrated as additional
features on the patient node, including total procedure
duration in minutes from incision to closure, estimated
blood loss in milliliters, binary indicator for intraoperative
transfusion of packed red blood cells, wound contamination
class (clean, clean-contaminated, contaminated, dirty), and
timing of prophylactic antibiotic administration relative to
incision [3, 5, 7]. These variables are recorded in real time
during surgery and represent modifiable factors that can be
targeted for quality improvement, such as reducing
procedure duration through efficient surgical techniques or
ensuring antibiotic redosing for prolonged operations [2, 4].
The framework processes these intraoperative features
alongside static preoperative patient characteristics,
enabling the attention mechanism to learn interactions such
as how prolonged operative time may increase SSI risk
more substantially for patients with diabetes or obesity than
for otherwise healthy patients [6, 21].

Surgeon Experience Metrics
Surgeon experience metrics are encoded as features on
the surgeon node, including annual case volume
categorized as low (fewer than 20 cases per year), medium
(20-50 cases), or high (more than 50 cases), years in
independent practice post-residency, completion of
fellowship training in the relevant surgical subspecialty, and
the surgeon's risk-adjusted SSI rate computed from
historical cases using a rolling window of the preceding 50
procedures or 12 months, whichever is larger [8- 10].
These metrics are updated dynamically as new surgical
cases accrue, allowing the framework to reflect improving
surgeon performance over time and to capture volume
thresholds beyond which additional experience yields
diminishing returns [23, 24, 26]. The attention mechanism
can learn that low surgeon volume should be weighted
more heavily for complex procedures or for patients with

multiple comorbidities, while for low-risk patients
undergoing routine procedures, surgeon experience may
contribute minimally to the predicted SSI probability [25].

Readout and classification
After applying multiple graph attention network layers, the
framework produces final node embeddings for the patient
node, surgeon node, and all comorbidity nodes, which are
then aggregated through a readout function that pools
information across the entire graph to produce a fixed-
dimensional graph-level representation [15, 16]. The
readout operation can take multiple forms including mean
pooling (averaging all node embeddings), sum pooling
(adding all node embeddings), or attention-based pooling
that learns which nodes are most informative for the
prediction task [17, 18]. This graph-level representation is
passed through a multilayer perceptron with one or two
hidden layers and a sigmoid output activation to produce a
predicted probability of surgical site infection occurring
within 30 days postoperatively, with the model trained using
binary cross-entropy loss and class weights to address the
inherent class imbalance where SSI is the minority
outcome [12, 14].

Risk stratification
The continuous predicted SSI probability is mapped to
discrete risk categories using thresholds derived from the
training distribution and calibrated to clinical actionability,
with typical stratification defining low risk as predicted
probability below 2-3%, moderate risk as 3-10%, and high
risk as above 10% [4, 5, 7]. For patients classified as high
risk, the framework recommends specific perioperative
interventions including administration of additional
preoperative antibiotic doses, enhanced postoperative
wound monitoring with daily inspection, extended duration
of prophylactic antibiotics for 24 rather than 12 hours, and
stricter glycemic control protocols targeting blood glucose
below 180 mg/dL [2, 3]. Moderate-risk patients may benefit
from targeted interventions such as chlorhexidine gluconate
washes or negative pressure wound therapy dressings,
while low-risk patients receive standard perioperative care
without additional resource allocation [13, 22].
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Attention visualization
The attention coefficients learned by the graph attention
network provide direct interpretability by revealing which
neighboring nodes most influenced the prediction for any
given patient, enabling visualization of the relational risk
factors that drove the SSI probability estimate [15, 18]. For
an individual prediction, the framework can output a
heatmap showing the attention weight assigned to the
surgeon node (indicating how strongly the surgeon's
experience influenced risk), to each comorbidity node
(identifying which specific diagnoses contributed most), and
to the patient's own features (capturing baseline risk from
demographics and intraoperative variables) [17, 19]. These
attention weights can be aggregated across a cohort of
patients to discover population-level patterns, such as
whether certain surgeons systematically receive high
attention weights from patients with specific comorbidity
profiles, suggesting systematic quality gaps that could be
addressed through targeted training or protocol changes [8,
20].

Table 2 consolidates the relational mechanisms that the
graph attention model is intended to capture and links each
mechanism to its corresponding clinical interpretation and
intervention pathway.

Table 2. Relational Mechanisms, Attention Targets, and
Clinical Consequences in the Proposed SSI Graph

Framework
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Evaluation Strategy

Conclusion
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Clinical utility
The clinical utility of attention-based interpretability lies in
generating patient-specific explanations that can be
communicated to the surgical team at the point of care, for
example: "This patient is at high risk for SSI (predicted
probability 14%) primarily due to low surgeon volume for
this procedure (attention weight 0.62) and the combination
of diabetes with obesity (combined comorbidity attention
0.28)" [5, 14, 16]. These explanations enable clinicians to
understand not just the risk magnitude but also its drivers,
facilitating targeted interventions such as assigning a
higher-volume surgeon to the case, optimizing glycemic
control preoperatively, or implementing enhanced infection
prevention protocols for this specific patient-surgeon
combination [7, 9]. The framework can also produce
counterfactual explanations by simulating how the
predicted probability would change if a different surgeon
performed the procedure or if a modifiable comorbidity
were better controlled, supporting shared decision-making
between surgeons and patients [4, 10].

Prediction metrics
The framework should be evaluated using metrics
appropriate for binary classification with class imbalance,
including area under the receiver operating characteristic
curve (AUROC) for overall discriminative ability, area under
the precision-recall curve (AUPRC) which is more
informative when SSI prevalence is low (typically 2-10%),
calibration assessed via Brier score and calibration plots,
and sensitivity and specificity at clinically relevant risk
thresholds [5, 12, 13]. For surgical site infection prediction,
the minimum acceptable performance threshold should be
an AUROC of at least 0.75 for external validation, given
that traditional models such as NNIS achieve AUROC
values in the 0.60-0.70 range and machine learning models
have reported values from 0.70 to 0.85 depending on
procedure type and dataset size [4, 7, 14]. Calibration is
equally important as discrimination, because poorly
calibrated probabilities may lead to inappropriate resource
allocation if predicted risks do not match observed
frequencies across risk strata [5, 29].

Validation protocols
Validation of the framework requires temporal splitting
where the model is trained on surgeries performed during
an earlier time period (e.g., calendar years 1-3) and tested
on surgeries from a subsequent period (year 4), ensuring
that the evaluation simulates prospective deployment
where future cases are unseen during training [4, 5, 14].
External validation on data from a different hospital or
healthcare system is essential to assess generalizability, as
surgeon volume distributions, comorbidity coding practices,
and SSI surveillance protocols vary substantially across
institutions [12, 29]. For temporal validation, the framework
should demonstrate stability of performance across time,
with particular attention to whether model performance
degrades as surgeon experience improves or as
perioperative protocols change, necessitating periodic
model retraining or online learning approaches [7, 13].

Ablation studies
Ablation studies are necessary to quantify the contribution
of each framework component, including removal of
surgeon nodes (forcing the model to predict SSI using only
patient and comorbidity information), removal of
comorbidity nodes (using only patient and surgeon
features), replacement of the graph attention network with a
graph convolutional network to assess the value of
attention, and replacement of the graph-based architecture
with a logistic regression or random forest model using the
same flattened features [15, 16, 18]. Expected results from
ablation studies include demonstration that adding surgeon
nodes improves AUROC by at least 0.03-0.05 compared to
patient-only models, that attention provides interpretability
without substantial performance degradation relative to
GCNs, and that the full graph model outperforms logistic
regression by a margin of 0.05-0.10 in AUROC across
validation datasets [7, 19, 20]. These analyses identify
which data elements are most critical for prediction and
guide minimum data collection requirements for hospitals
considering implementation [4, 17].

This conceptual framework proposes a graph attention
network that integrates intraoperative variables, surgeon
experience metrics, and patient comorbidity graphs to
predict postoperative surgical site infection risk, moving
beyond traditional tabular models by explicitly modeling the
relational structure of the surgical episode. By representing

https://cirpublications.com/panel/pub-article/157/update#ref-febf96af-7d17-4314-9d57-b8a310a3b149
https://cirpublications.com/panel/pub-article/157/update#ref-9ce47409-9fb3-426f-9980-641c7f2b8984
https://cirpublications.com/panel/pub-article/157/update#ref-74bb4c2b-483e-44c2-9013-646501268eaa
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patients, surgeons, and comorbidities as nodes in a
heterogeneous graph with edges capturing clinical
relationships, the framework enables attention-based
learning of how these entities interact to influence infection
risk, including nonlinear and synergistic effects that
conventional models cannot capture.

The key advantages of this framework include its relational
reasoning capacity that mirrors clinical cognition, where
experienced surgeons implicitly consider how patient
comorbidities interact with their own technical approach; its
attention-based interpretability that generates patient-
specific explanations linking predicted risk to modifiable
factors; and its multi-source integration that combines
preoperative, intraoperative, and surgeon-level data without
requiring manual specification of higher-order interaction
terms. These advantages position the framework as a
potential decision support tool for preoperative risk
stratification and perioperative resource allocation.

Several limitations must be addressed before clinical
implementation. The framework requires linked surgeon-
patient data that may not be readily available in all
electronic health record systems, particularly in settings
where surgical schedules do not reliably document the
primary operating surgeon. Hospitals with low surgical
volumes may have insufficient data to estimate stable
surgeon volume metrics or attention coefficients, requiring
transfer learning from larger centers or Bayesian
hierarchical models that pool information across surgeons.
Variability in comorbidity coding practices across
institutions and over time may affect generalizability,
necessitating standardized coding guidelines or natural
language processing approaches to extract comorbidities
from clinical notes.

We call for implementation of this framework on existing
surgical registries including the National Surgical Quality
Improvement Program (NSQIP), the Society of Thoracic
Surgeons (STS) database, and local institutional data
sources to enable large-scale validation of the relational
approach to SSI prediction. Prospective deployment
studies should assess not only predictive accuracy but also
clinical utility, including whether attention-based
explanations change surgeon behavior, whether risk-
stratified interventions reduce observed SSI rates, and
whether the framework achieves acceptable usability and
trust among surgical teams. If successful, the relational
graph attention paradigm could be extended beyond SSI to
predict other postoperative complications such as venous
thromboembolism, acute kidney injury, and unplanned
readmission.
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