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Abstract
Acute hypotension is a common and severe clinical condition, closely associated with adverse

outcomes such as acute kidney injury and myocardial infarction. Existing research primarily relies
on vital sign data to develop predictive models; however, relying solely on these data is insufficient
to fully capture the progression of the condition. Integrating laboratory biomarkers can provide
a more comprehensive assessment of patient status, thereby significantly improving the model’s
accuracy and clinical utility. However, the vast number of available laboratory biomarkers intro-
duces data redundancy and increases complexity, necessitating an efficient feature selection method
to identify the most relevant indicators. To overcome limitations of existing methods, this study
introduces a novel integration of multi-objective optimization with quantum particle swarm opti-
mization (QPSO), significantly improving indicator selection and prediction accuracy compared to
traditional methods. This method optimizes the number of indicators, patient status identification
accuracy, sensitivity, and specificity, while setting different priorities for various clinical scenarios.
The method was applied to the emergency database of infection patients from the Chinese People’s
Liberation Army General Hospital to identify key indicators that align with current clinical needs.
The selected indicators demonstrated strong alignment with clinical experience and established
guidelines, highlighting their clinical relevance. In the full feature scenario, the model exhibited
significant improvements in accuracy, F1 score, and specificity, with accuracy ranging from 89.75%
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to 94.07% and a peak specificity of 98.51%, outperforming other feature selection methods. Even
in high-restriction scenarios, where fewer indicators were available, the model maintained strong
performance, with accuracy ranging from 88.66% to 93.38%, demonstrating the method’s resilience
and reliability. The proposed multi-objective QPSO method performed excellently across differ-
ent scenarios, providing an effective tool for indicator selection in acute hypotension prediction
and complex medical data analysis. This method enhances the model’s accuracy and clinical ap-
plicability, supporting more precise predictions and practical implementation in diverse clinical
environments.

Keywords: Feature selection; Hypotension; Particle swarm optimization; Multi-objective op-
timization.

1 Introduction
Acute hypotensive episodes (AHE) are defined as a sudden drop in blood pressure to a systolic

level below 90 mmHg, a diastolic level below 60 mmHg, or a reduction of more than 30% from a
higher baseline. Alternatively, AHE may be characterized by a MAP that remains at or below 60
mmHg for more than 30 minutes [1]. AHE can be triggered by various factors, including infections,
trauma, pancreatitis, and hemorrhage. Infectious diseases are often accompanied by vasodilation and
hemodynamic changes, leading to significant drops in blood pressure. Prolonged hypotension can com-
promise organ perfusion, potentially leading to multiple organ dysfunction syndrome (MODS) and,
in severe cases, life-threatening conditions[2]. Recently, numerous studies have focused on developing
early warning systems for AHE using machine learning techniques, aiming to provide healthcare pro-
fessionals with valuable intervention time. Most of these studies predominantly rely on vital sign data,
especially blood pressure and its derived statistical features. For instance, Kendale et al.[3]developed a
hypotension prediction model using preoperative medications, medical comorbidities, induction med-
ica tions, and time-series data from intraoperative vital signs. Additionally, other research efforts[4, 5]
have sought to extract features from MAP time-series waveforms to identify numerical characteristics
most likely associated with AHE onset.

In clinical practice, physicians often need to consider multidimensional patient data to make com-
prehensive and accurate diagnostic and treatment decisions, especially when dealing with complex
conditions. While vital signs data can reflect a patient’s immediate physiological status, it may not
always capture subtle health changes, particularly when the disease progresses insidiously[6]. In con-
trast, laboratory biomarkers (such as blood tests, metabolic parameters, and other lab data) provide
deeper insights at the pathological level, revealing changes in cellular, organ, and metabolic functions.
These data effectively complement the physiological information derived from vital signs. Therefore,
integrating vital signs with laboratory biomarkers when constructing hypotension prediction models
can significantly enhance the model’s ability to predict patient status, offering a more comprehensive
pathological context. This integration supports more precise risk assessment and treatment inter-
ventions by clinicians. The fusion of multi-source data not only improves early warning systems for
acute hypotension but also lays a robust foundation for personalized medicine, facilitating the early
identification of potential health risks and enabling timely and effective interventions[7].

The vast array of clinical indicators in patient data complicates rapid and accurate assessments
by clinicians, underscoring the need for effective selection of key indicators. Many current studies
address indicator selection as a multi-objective optimization problem, balancing between the number
of features and classification errors. For instance, Jimenez et al.[8] optimized feature selection for
predicting antibiotic resistance outbreaks by minimizing the number of indicators while maximizing
model performance. Abd et al.[9] employed a strategy to minimize selected feature quantities while
maximizing descriptor dependencies to predict risk factors in unknown biotransformation drugs. How-
ever, in the medical field, evaluation metrics beyond accuracy, such as sensitivity and specificity, are
crucial[10]. Sensitivity (related to low miss rates) and specificity (related to minimizing false posi-
tives) reflect the model’s ability to detect true cases without overdiagnosing, making them essential
for clinical reliability. Relying solely on accuracy does not provide a comprehensive assessment of the
model’s performance in real-world clinical applications[11, 12]. Therefore, integrating sensitivity and
specificity into multi-objective optimization not only enhances diagnostic capability but also offers
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clinicians more reliable guidance for decision-making.
Existing literature predominantly employs wrapper methods for feature selection[13, 14], which

integrate feature selection directly with model training, iteratively evaluating different feature sub-
sets to identify those most critical for predictive performance. Due to their ability to align closely
with the performance of the prediction model, wrapper methods are especially suited for precise
feature screening and have demonstrated significant advantages in many medical prediction tasks.
However, this approach requires repeated model training and evaluation of feature subsets, leading
to high computational costs and complex iterations, making it time-consuming[15]. To address this
issue, researchers have recently introduced meta-heuristic optimization algorithms, aiming to balance
computational efficiency and model performance[16]. Among various meta-heuristic algorithms, the
particle swarm optimization (PSO) algorithm has emerged as a successful nature-inspired method due
to its fast convergence, flexible parameter adjustment, and strong global search capabilities[17]. The
core of PSO lies in the collaboration and information sharing among particles, which enables them
to iteratively approach the optimal solution. Nevertheless, classic PSO may struggle with slow con-
vergence or getting trapped in local optima when dealing with high-dimensional, complex problems.
Existing wrapper-based methods require repeated model training, resulting in high computational
overhead. Unlike classical PSO, which suffers from premature convergence and local optima, our
QPSO-based approach ensures better global exploration capability, significantly enhancing feature
selection efficiency[18]. QPSO has been successfully applied to several complex optimization tasks,
such as multi-agent system task allocation[19], fault diagnosis in mechanical transmission systems[20],
and edge detection and fine segmentation in image processing[21]. These applications demonstrate
QPSO’s superior performance and wide adaptability. Therefore, applying QPSO to feature selection
is expected to overcome the computational bottlenecks of wrapper methods in medical prediction,
improving both predictive accuracy and efficiency.

To comprehensively evaluate the performance of predictive models, our study integrates multi-
objective optimization concepts with QPSO algorithm, proposing a novel QPSO-based feature selection
method. This approach simultaneously incorporates the number of features, accuracy of patient
status recognition, sensitivity, and specificity as optimization objectives. Through this multi-objective
strategy, the method not only balances the model’s performance across various metrics but also allows
for prioritization of goals based on different clinical scenarios, thereby catering to diverse diagnostic
needs. Our research particularly focuses on two typical scenarios of acute hypotension (AHE), each
reflecting distinct clinical requirements. In these settings, the model dynamically adjusts optimization
targets to ensure that the selected feature set can accurately predict hypotension while also meeting
practical clinical demands. By identifying and integrating key features into the hypotension prediction
model, our proposed method significantly enhances both the model’s accuracy and practical utility,
making it more adaptable to real-world clinical settings.

2 Materials and methods

2.1 Dataset

The data for this study were obtained from the emergency database of the Chinese People’s
Liberation Army General Hospital, focusing on infection patients. Inclusion and exclusion criteria
were established based on relevant literature[22] and guidance from emergency department physicians
at the hospital(see Figure 1):

Inclusion Criteria: 1) Patients aged 18 or older with complete admission and discharge records;
2) Patients diagnosed with infections, determined through ICD-9 coding and clinical expertise; 3)
Patients whose systolic blood pressure (SBP) remained ≤90 mmHg or decreased by 30% from baseline
for over 30 minutes during hospitalization were included in the experimental group, while those with
SBP consistently >90 mmHg were classified in the control group.

Exclusion Criteria: 1) Patients whose SBP dropped below 90 mmHg during hospitalization but did
not last for 30 minutes were excluded; 2) Patients in the experimental group who used antihypertensive
drugs or underwent surgery within 30 minutes before the onset of hypotension were excluded to ensure
that the hypotensive events were spontaneous or pathophysiological in nature, thus enhancing the
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clinical purity of the dataset; 3) Patients in the control group who used vasopressors or underwent
surgery were excluded to avoid misclassification of individuals whose potential hypotensive episodes
may have been suppressed by medical interventions.

Patients who developed acute hypotension after infection were assigned to the experimental group,
while those who did not experience acute hypotension were included in the control group. The
study also divided the samples into four groups based on the occurrence and duration of AHE[23]:
AHE(group 1), AHE lasting 0.5-1 hour(group 2), AHE lasting 1-2 hours(group 3), and AHE lasting
more than 2 hours(group 4). These classifications allowed for the analysis of physiological differences
across different stages, revealing the pathophysiological mechanisms of AHE over time.

Figure 1: Inclusion and exclusion process

In selecting indicators for our study, we expanded beyond commonly used vital signs to include
laboratory metrics such as blood gas analysis, complete blood count, blood biochemistry, coagulation
factors, and inflammation markers. Indicators with a missing rate exceeding 80% were excluded from
the dataset[24]. Ultimately, 62 indicators were retained as initial features, comprising 6 vital signs,
5 blood gas analysis indicators, 16 complete blood count metrics, 25 blood biochemistry markers, 7
coagulation function indicators, and 3 inflammation markers.

2.2 Scenario and Objective Setting

The number of features is a critical factor in optimization. Patient data often contain numer-
ous indicators, but not all contribute significantly to predictive outcomes. By reducing redundant
or irrelevant features, the model’s complexity can be simplified, leading to improved computational
efficiency and enabling clinicians to make faster decisions in practice. Accuracy is a core metric for
assessing overall model performance, with higher accuracy reflecting stronger predictive capability.
However, relying solely on accuracy can obscure the model’s limitations, especially when handling
different types of errors. In the medical field, overlooking sensitivity and specificity may have serious
consequences[25]. Sensitivity measures the model’s ability to correctly identify positive cases. Low
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sensitivity can lead to missed diagnoses, causing patients to miss the optimal treatment window, po-
tentially endangering lives. Enhancing sensitivity reduces the risk of missed diagnoses, ensuring that
high-risk patients receive timely interventions. Specificity, on the other hand, indicates the model’s
ability to accurately identify negative cases, thereby minimizing false positives. This reduces unneces-
sary treatments, conserves resources, and alleviates patients’ psychological burdens. Therefore, both
sensitivity and specificity are essential in medical predictions and must not be overlooked.

In medical data analysis, the complexity and availability of data collection can vary significantly
due to limitations imposed by different environments and equipment conditions. This diversity poses
distinct challenges for model design, particularly in feature selection and optimization of predictive
models. To better accommodate various clinical scenarios and enhance predictive accuracy, the ex-
perimental settings were categorized into two types based on recommendations from clinical experts
at the Chinese People’s Liberation Army General Hospital. These categories, termed full-feature and
high-restriction scenarios, were defined by the ease of data acquisition within the patient’s environ-
ment.

Full-Feature Scenario: This scenario represents environments with comprehensive equipment, such
as well-equipped hospital settings. In such settings, there are fewer limitations on data collection,
allowing for the acquisition of a wide range of indicators. This enables the use of complex and
comprehensive feature sets for building predictive models. Here, accuracy is the primary focus, to
ensure that clinicians can make more reliable diagnoses based on extensive data support. Since false
positives can may lead to unnecessary medical interventions and resource consumption, specificity is
also prioritized. Feature quantity is considered secondary, with an emphasis on simplifying the model
while maintaining high accuracy and specificity. Consequently, the decision-making preference is set
as: prioritize accuracy and specificity, followed by feature quantity.

High-Restriction Scenario: This scenario applies to environments such as pre-hospital emergency
care or triage stations, where data collection equipment is limited, typically allowing only the capture
of basic vital signs and blood gas indicators. Due to these equipment constraints, extensive and
complex data cannot be collected, making it essential to simplify the model inputs to ensure practical
applicability. In this context, the primary focus is on minimizing the number of features to reduce
the complexity and time required for data collection. Additionally, the simplified data environment
may increase the risk of missed diagnoses, making sensitivity a key priority to avoid missing critical
hypotensive episodes. While feature quantity and sensitivity take precedence, accuracy remains an
important consideration. Consequently, the decision-making preference in this scenario is to prioritize
feature quantity and sensitivity, followed by accuracy.

The multi-objective problem constructed in this study is solved using the Quantum Particle Swarm
Optimization (QPSO) algorithm. QPSO integrates the advantages of traditional PSO with quantum
behavior characteristics, significantly enhancing the algorithm’s global exploration capabilities. It ad-
dresses the common issues in traditional PSO, such as premature convergence and a tendency to get
trapped in local optima. With its robust global search ability and suitability for high-dimensional
problems, QPSO is particularly well-suited for the multi-objective optimization of feature selection
tasks developed in this study. During the optimization process, each particle represents a combination
of features encoded using quantum bits. The update of particle positions involves strategies such
as quantum rotation gates, mean-variance, and chaotic mutation, allowing the algorithm to better
explore the solution space and avoid local optima. Through multiple iterations, the algorithm gradu-
ally optimizes the particle swarm positions, ultimately identifying the key feature combinations that
contribute most to the model’s predictive performance. This optimization process not only enhances
the model’s predictive accuracy, but also improves its practical applicability in clinical settings.

2.3 Feature Selection Model and Pareto Optimal Solutions

For binary classification problems, metrics such as accuracy, recall, and precision are commonly
used to evaluate the performance of classifiers. In the medical field, however, additional considera-
tions are essential, particularly sensitivity and specificity[26]. High sensitivity indicates a low rate of
missed diagnoses (false negatives), while high specificity reduces the rate of incorrect diagnoses (false
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positives). Based on these evaluation metrics, the objective set D in this study can be defined as:

D = {Accuracy, Sensitivity, Specificity, Index}

where accuracy represents the overall prediction accuracy of the model, sensitivity indicates the
model’s ability to correctly identify true positive cases, specificity reflects the model’s ability to cor-
rectly identify true negative cases.

Accuracy = (TN + TP )/(TN + TP + FN + FP )

Sensitivity = TP/(TP + FN)

Specificity = TN/(TN + FP )

In different clinical scenarios, physicians may exhibit varying decision-making preferences. As a
result, the constraint set J can be defined as

J = {ScenarioConstraints, DecisionPreferences}

The scenario constraints and decision preferences within J influence the selection and prioritization
of the objective set D. Consequently, these constraints must be associated with the objectives when
constructing the optimization model. This linkage between constraints and objectives formulates a
multi-objective optimization problem, as described below:

minf(D, J)subjecttoJ

In multi-objective optimization, the objectives often conflict with one another, making it challeng-
ing to optimize them simultaneously. To address this, the concept of Pareto optimality is introduced
to balance multiple competing objectives effectively[27].

Definition 1: Pareto Dominance. Consider a multi-objective optimization problem with
m objective functions f1(x), f2(x), . . . , fm(x), collectively denoted as the objective vector F (x) =
[f1(x), f2(x), . . . , fm(x)]. Given two objective vectors F (xA) and F (xB), we say that F (xA) domi-
nates F (xB), written as F (xA) ≻ F (xB), if and only if: fi(xA) ≤ fi(xB) for all i = 1, 2, . . . , m, and
there exists at least one j ∈ {1, 2, . . . , m} such that fi(xA) < fi(xB).

Definition 2: Pareto non-dominated solution A solution xA in the decision space is called
non-dominated if there does not exist another feasible solution xk such that F (xk) ≻ F (xA).

Definition 3: Pareto optimal set The Pareto optimal set consists of all non-dominated solutions
within the decision space, where none of the solutions can dominate another. The Pareto front refers
to the set of corresponding objective function values in the objective space, representing the trade-offs
among the optimal solutions.

By leveraging the concept of Pareto optimality, this study seeks to identify a set of solutions where
multiple objectives are balanced, ensuring that no objective can be improved without compromising
others. This approach provides a robust framework for handling conflicting objectives and supports
more informed decision-making.

2.4 Execution Process of the QPSO Algorithm

Step 1: Initialization of Algorithm Parameters. The algorithm begins by initializing key parame-
ters, including the population size N , the storage capacity for the individual non-dominated solution
set NDi within each particle, and the global non-dominated solution set NDg. Additionally, the num-
ber of iterations is set. Each particle in the population is encoded using quantum bits xi, and the
corresponding objective function values are represented as:

F (xi) = [f1(xi), f2(xi), f3(xi)]

Step 2: Evaluation of Particle Feature Sets. Each particle in the population represents a quantum
bit encoding with a length m, corresponding to the number of selected features. These feature sets
are used as input for the machine learning algorithm to evaluate their effectiveness. The objective
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function values, derived from training the model on these feature combinations, are calculated and
assessed against the solutions in the non-dominated solution sets. The process follows specific rules to
update the non-dominated solution sets ND (including both NDi and NDg). For any solution ND(k)
within the non-dominated set, if F (xi) ≻ ND(k), then ND(k) is removed from the set. Conversely, if
F (xi) is not dominated by any existing solution in ND, it is added to the set.

Step 3: Calculation of Crowding Distance within the Non-Dominated Set. Let K represent the
number of solutions stored in the non-dominated set. First, the solutions are sorted in descending
order based on their objective function values fr(xs), resulting in a new sequence with reordered
indices f ′

r(xs), where r denotes the objective function index (in this study, r = 1, 2, 3) and s ∈ [1, K].
The crowding distance for the s-th solution in objective r is calculated as follows:

d(s,r) =


f ′

r(xs+1)−f ′
r(xs−1)

f ′
r(xK)−f ′

r(x1) , s ∈ (1, K)
∞, s = 1 or s = K

The total crowding distance for the s-th solution is determined by summing over all objective
functions:

ds =
M∑

r=1
d(s,r)

Step 4: Selection of "Individual Best" and "Global Best" Quantum Bit Encodings. Based on
the calculated crowding distances, the algorithm selects the "individual best" quantum bit encoding
from the local non-dominated set NDi and the "global best" quantum bit encoding from the global
non-dominated set NDg. The probability of a particle being selected is proportional to its crowding
distance, where particles with larger crowding distances have a higher likelihood of being chosen.
The probability for selection is computed as the ratio of the particle’s crowding distance to the total
crowding distance of all particles. The particle chosen from NDi is denoted as i′, while the particle
selected from NDg is represented as i′′.

Step 5: Deriving Optimal Encodings Using Mean-Variance Method and Updating Particles via
Quantum Rotation Gate. The process begins by converting the current quantum bit encoding of
particle i, along with its "individual best" and "global best" encodings, into real-number encodings.
Let these be denoted as xR

i , xR
i′ , and xR

i′′ , respectively, where

xR
i = {xR

i1, . . . , xR
ik, . . . , xR

im}.

The mean and variance are calculated as µR
i = (xR

i′ + xR
i′′)/2 and σ = |xR

i′ − xR
i′′ |, respectively. The

optimal encoding xR∗
i is then derived using the mean-variance crossover operator:

xR∗
i = N(µR

i , σ2)

Next, a random number rand is generated within the range [0, 1]. If rand < ps (where ps is the
probability of selecting the particle update method), the algorithm compares F (xR

i ) and F (xR∗
i ) and

designs a rotation angle adjustment strategy: θik = ∆θik · s(αik, βik). Here, ∆θik denotes the rotation
angle, and s(αik, βik) indicates the direction of rotation. The adjustment strategy is determined, after
which the particle’s flight position is updated based on the rules detailed in the Table 1.

Table 1: Quantum Rotation Adjustment Strategy
xik µik F (xR

i ) ≻ F (x(R∗)
i ) αik · βik > 0 αik · βik < 0 αik = 0 βik = 0

0 1 False 1 -1 0 ±1
0 1 True -1 1 ±1 0
1 0 False -1 1 ±1 0
1 0 True 1 -1 0 ±1

Step 6: Chaotic Mutation. To introduce further variability, a mutation probability pm is set.
Particles are selected for mutation with a probability of pm. For each chosen particle i, the variable
xR

ik undergoes t iterations using the Tent map. The iterative process is defined as:

xR
ik(t + 1) =

{
2xR

ik(t), if xR
ik(t) ≤ 0.5,

2 − 2xR
ik(t), if xR

ik(t) > 0.5.
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Step 7: Termination Condition. The algorithm concludes when the Pareto front no longer changes
or when the maximum number of iterations is reached. If this condition is not met, the process loops
back to Step 2.

It is important to note that since QPSO is a heuristic algorithm, the Pareto front obtained repre-
sents a set of approximate non-dominated solutions identified through iterative search, rather than the
theoretical global Pareto-optimal front. Despite this, the algorithm effectively approximates the Pareto
front of key feature combinations, providing balanced trade-offs across multiple clinical criteria. More-
over, the objective function priorities can be flexibly adjusted based on specific scenario constraints
and decision-making preferences. This allows the algorithm to guide the selection of clinically relevant
feature sets that align with the most critical objectives in each clinical scenario.

3 Result

3.1 Results of Hypotension Indicator Selection

In full-feature scenario, where comprehensive monitoring equipment is available, the system can
collect most of the necessary indicators, enabling the use of a full set of indicators as inputs for the
multi-objective model. Based on the decision preference, which prioritizes accuracy and specificity
over the number of indicators, the model selects the combination from the Pareto-optimal solutions
that offers the highest accuracy, as shown in Table 2. From the table, it can be observed that
the key indicators chosen across the four groups of post-infection AHE samples include MAP, Lac,
HR, LDH, and DBIL, among others, indicating their critical role in the onset and progression of
AHE[28, 29]. As illustrated in the accompanying Figure 2, indicators associated with cardiovascular
function are more prominent in the early stages of AHE[30]. However, as the duration of AHE extends,
the selected indicators shift towards those reflecting more severe physiological disruptions, such as
inflammation and coagulation abnormalities. For patients experiencing prolonged AHE, emphasis
is placed on markers related to myocardial injury and systemic inflammatory responses, including
troponin T, procalcitonin, and C-reactive protein[31, 32]. In the early stages of hypotension, various
organs and tissue cells may begin to experience different degrees of ischemia and hypoxia. For example,
sensitive vital signs such as HR and MAP often show early fluctuations, while Lac, an indicator of
microcirculatory dysfunction, tends to rise concurrently. These key indicators are consistently present
across all feature sets. Clinically, a prolonged duration of hypotension typically indicates greater
difficulty in correction, reflecting more severe underlying conditions and associated with progressive
organ hypoperfusion and cellular injury. In Group 2, early elevations in ALT, CREA, and CK likely
reflect the high sensitivity of the liver, kidneys, and muscles to ischemic and hypoxic insults. In
Group 4, cTnT shows a marked increase, and the average CREA level is higher than that in Group 2
(127.9 vs. 106.9 umol/L). Other vital signs, including RR and Temp, also exhibit deteriorating trends.
These findings suggest that myocardial and renal injury may already be present prior to the onset of
hypotension, indicating more advanced disease severity.

These observations align with established clinical understanding and further support the clinical
validity and pathophysiological relevance of the model’s selected features.

Table 2: Full-feature scenario Select indicators
Group 1
(24)

MAP, Lac, NT-proBNP, HR, BMI, LDH, SpO2, PTA, DBIL, RBC, pCO2, AST, D-Dimer,
MCHC, NEU, PT, MONO, K+, CK, GGT, CO2, BE, Pi, EOC

Group 2
(22)

MAP, NT-proBNP, Lac, LDH, HR, SpO2, PTA, DBIL, NEU, WBC, pO2, GGT, CO2, MCV,
IL-6, PLT, K+, CK, MONO, CREA, ALT, Mg

Group 3
(21)

MAP, BUN, Lac, HR, DBIL, PTA, D-Dimer, LYM, WBC, pCO2, CK-MB, HCT, INR, pO2,
CO2, PLT, TP, PH, FIB, MCH, BASO

Group 4
(22)

MAP, Lac, HR, LDH, cTnT, PCT, Mb, TT, PTA, TBIL, RR, SpO2, CRP, HCT, GLU, temp,
MPV, PH, CREA, MCV, CO2, EOC

In our study, the selected indicators were categorized into six groups: vital signs, complete blood
count (CBC), blood biochemistry, blood gas, coagulation function, and inflammatory markers. To
evaluate the importance of each category for the model’s predictive performance, we employed SHAP
(Shapley Additive Explanations) values to quantify the contribution of each indicator to the model’s
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Figure 2: Full-feature scene feature directed graph

output. SHAP values, derived from the Shapley value principle in game theory, aim to explain the
predictions made by machine learning models[33]. By calculating the marginal contribution of a
feature across all possible feature combinations, SHAP reveals its overall influence on the model’s
output, with each feature’s SHAP value indicating its positive or negative impact. Summing the
SHAP values within each category allowed us to determine their relative importance in the model[34].
The results(see Table 3) demonstrated that, in addition to vital signs, blood biochemistry and blood
gas indicators also significantly contributed to the predictive performance, highlighting the critical
role of incorporating laboratory test data in the model.

Table 3: Sum the SHAP values of different types of indicators
Category Group 1 Group 2 Group 3 Group 4
Vital Signs 0.2463 0.1231 0.0976 0.1892
Blood Biochemistry 0.1527 0.1089 0.0651 0.1084
Blood Gas 0.0931 0.0391 0.0504 0.0628
CBC 0.0510 0.0351 0.0338 0.0292
Coagulation 0.0424 0.0116 0.0318 0.0315
Inflammatory Indicators 0 0.0056 0 0.0336

In the high-restriction scenario, where equipment limitations necessitate reducing the complexity
of data collection, the primary objective was to minimize the number of selected indicators. Based
on the cumulative SHAP values from the Full-feature scenario, we determined that selecting only
vital signs, blood biochemistry, and blood gas indicators would retain the most significant predictive
features. However, blood biochemistry indicators often require longer processing times, making them
less suitable for rapid decision-making in this context. Following discussions with clinical experts, it
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was concluded that vital signs and blood gas indicators would be the most appropriate input features
for the model in this scenario. Additionally, to prioritize patient safety and reduce the risk of missed
diagnoses, the study aimed to ensure timely clinical intervention. Therefore, within the final Pareto
optimal set, the combination of indicators with the highest sensitivity was selected as the optimal
solution(see Table 4).And it can be intuitively seen from Figure 3 the changes of the indicators selected
for different groups.

Among the indicators chosen across the four groups of post-infection AHE samples, systolic blood
pressure (SBP), diastolic blood pressure (DBP), lactate (Lac), and heart rate (HR) were ranked as the
most critical. HR and blood pressure-related indicators such as SBP and DBP are widely recognized
as key markers for detecting hypotension[35]. Lactate, a product of tissue hypoxia and anaerobic
metabolism, increases under hypotensive conditions due to insufficient tissue perfusion, forcing cells
to rely more on anaerobic pathways. Elevated lactate levels are closely associated with shock and
organ dysfunction[36].

Table 4: Full-feature scenario Select indicators
Group 1 (8) SBP, HR, Lac, SpO2, RR, temp, pCO2, PH
Group 2 (8) SBP, HR, SpO2, RR, temp, pO2, pCO2, PH
Group 3 (8) SBP, HR, DP, Lac, SpO2, temp, pO2, PH
Group 4 (8) SBP, DP, HR, Lac, RR, SpO2, temp, PH

Figure 3: Full-feature scene feature directed graph

To further analyze the relationship between the selected features and the final predictive out-
comes, this study employed the SHAP (Shapley Additive Explanations) method for feature importance
interpretation[37]. By visualizing SHAP bee swarm plots, the overall impact and marginal contribu-
tion of each feature to the model’s output were intuitively displayed(see Figure 4 and Figure 5). The
horizontal axis in the plots represents the SHAP values, which indicate how each feature affects the
model’s predictions: a larger SHAP value suggests that the feature is likely to increase the prediction,
while a smaller SHAP value implies the opposite. Each point on the plot corresponds to the SHAP
value of a particular sample for a given feature, with color gradients reflecting the feature’s actual
value—blue indicating lower values and red denoting higher values. The combination of color and
SHAP values allows for a clear illustration of how variations in feature values influence the model’s
predictions, enhancing the interpretability of the model. Additionally, the bee swarm plots reveal
similarities and differences in feature influence across various scenarios, providing insights into the
model’s dependencies and decision-making processes. This enhanced interpretability offers a clearer
reference for understanding the model’s behavior in practical applications.

The selected indicators identified through our research were compared with clinical guidelines and
expert opinions. This comparison revealed that the features deemed highly significant by our study
align closely with established clinical knowledge, demonstrating clear clinical relevance(see Table 5).
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Group 1 Group 2

Group 3 Group 4

Figure 4: SHAP cellular diagram of each sample in the full-feature scenario

3.2 Results Comparison

To evaluate the performance of the proposed multi-objective QPSO algorithm in feature selection,
this study compared it against four commonly used feature selection methods: filter-based methods
(correlation matrix and mutual information), wrapper methods (recursive feature elimination with
cross-validation, RFECV), and embedded methods (Gini impurity-based selection).

Correlation matrix-based feature selection quantifies the linear relationship between each feature
and the target variable by calculating correlation coefficients, retaining highly correlated features
while eliminating those with low correlation or high multicollinearity[38]. The mutual information
method, on the other hand, captures both linear and nonlinear dependencies by measuring the mutual
information between features and the target, selecting features that contribute the most information
gain[39]. The RFECV method recursively constructs models to eliminate the least significant features,
using cross-validation to ensure the selected features generalize well[40]. Finally, Gini impurity-based
selection, employed in decision tree models (such as random forests), identifies features that maximize
data purity, thereby pinpointing those that most significantly contribute to the target variable[41].

After applying these four methods to filter 62 features, a random forest model was constructed,
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Group 1 Group 2
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Figure 5: SHAP cellular diagram of each sample in a high-restriction scenario

Table 5: Clinical significance of the selected indicators
Indicator Clinical Significance
MAP A critical hemodynamic parameter, directly reflecting the perfusion status of vital organs.
Lactate A byproduct of anaerobic metabolism; elevated during AHE due to insufficient tissue perfu-

sion, leading to lactate accumulation.
HR Tachycardia may be a compensatory response to maintain cardiac output during AHE.
SpO2 Low oxygen saturation indicates severe hypoperfusion and oxygen transport dysfunction,

closely related to AHE progression.
DBIL Elevated levels indicate liver dysfunction, which can impair systemic metabolism and immune

regulation, thereby increasing AHE risk.
LDH A marker of cell damage; hypoxia and hypoperfusion during AHE cause cell damage and

necrosis, leading to elevated LDH levels.
PTA Decreased prothrombin activity suggests coagulation abnormalities, which may lead to bleed-

ing or thrombosis, exacerbating systemic hypoperfusion and increasing the risk of AHE.
pCO2 Variations in pCO2 levels indicate disturbances in the body’s acid-base balance.
NT-proBNP A biomarker released by the heart in response to volume overload or cardiac stress, associated

with the onset of hypotension following infection.

and performance was evaluated using metrics such as accuracy, precision, F1-score, sensitivity, and
specificity[42].

precision = TP/(TP + FN)

F1 = 2 ∗ precision ∗ recall/(precision + recall)

The results(see Table 6)demonstrate that the QPSO algorithm outperformed other feature selection
methods across all key metrics, including accuracy, precision, specificity, and sensitivity, exhibiting
robust overall performance.

To demonstrate the overall superiority of the proposed method, we employed radar charts to
visualize the model’s performance metrics(see Figure 6). This allowed for a comprehensive comparison
across multiple evaluation dimensions and provided an intuitive illustration of the method’s balanced
optimization capability.

In high-restriction scenarios, the selection of easily accessible indicators such as vital signs and
blood gas parameters, followed by multi-objective feature selection, effectively reduced the complexity
of the model while maintaining acceptable performance, as shown in Table 7. Despite the reduction
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Table 6: Performance comparison result
Group Method Accuracy Precision F1 Score Sensitivity Specificity

Group 1

QPSO 0.8975 0.8921 0.8601 0.8302 0.9386
RFECV 0.8928 0.8814 0.8530 0.8263 0.9329
Mutual Information 0.8952 0.8749 0.8568 0.8394 0.9285
Correlation matrix 0.8722 0.8601 0.8237 0.7903 0.9220
Gini impurity 0.8900 0.8805 0.8485 0.8189 0.9329

Group 2

QPSO 0.9326 0.8421 0.7095 0.6130 0.9822
RFECV 0.9231 0.8125 0.6667 0.5652 0.9795
Mutual Information 0.9262 0.8350 0.6995 0.6018 0.9802
Correlation matrix 0.9270 0.8117 0.6920 0.6030 0.9780
Gini impurity 0.9252 0.8219 0.7040 0.6157 0.9775

Group 3

QPSO 0.9407 0.8442 0.7066 0.6076 0.9851
RFECV 0.9367 0.8338 0.6970 0.5987 0.9835
Mutual Information 0.9335 0.8428 0.6802 0.5702 0.9849
Correlation matrix 0.9343 0.7908 0.6603 0.5667 0.9810
Gini impurity 0.9388 0.8155 0.6848 0.5902 0.9831

Group 4

QPSO 0.9256 0.8971 0.8285 0.7696 0.9731
RFECV 0.9235 0.8782 0.8248 0.7774 0.9675
Mutual Information 0.9191 0.8716 0.8181 0.7709 0.9649
Correlation matrix 0.9015 0.8580 0.7713 0.7005 0.9640
Gini impurity 0.9185 0.8621 0.8120 0.7675 0.9634

Table 7: High-restriction scenario model performance
Group Accuracy Precision F1 Score Sensitivity Specificity
Group 1 0.8866 0.8695 0.8458 0.8234 0.9250
Group 2 0.9218 0.8024 0.6866 0.6000 0.9754
Group 3 0.9338 0.8249 0.6890 0.5915 0.9822
Group 4 0.9162 0.8703 0.8055 0.7498 0.9663

in the number of features, the decline in model performance remained within an acceptable range.
This finding suggests that using vital signs and blood gas indicators not only provides strong repre-
sentativeness and predictive capability but also offers sufficient information for the effective prediction
and management of AHE. Moreover, this approach simplifies data collection processes, reduces the
complexity of clinical operations, and enhances the applicability and practicality of the model in real-
world medical settings. This is particularly beneficial in clinical scenarios where rapid decision-making
is critical.

4 Discussion
We integrated multi-objective optimization concepts with the QPSO algorithm to propose a novel

feature selection method based on multi-objective QPSO. This approach incorporates feature count,
prediction accuracy, sensitivity, and specificity as optimization targets. The multi-objective optimiza-
tion strategy not only enables a balanced performance across different evaluation metrics but also
allows the prioritization of objectives based on specific clinical scenarios, ensuring the method can be
tailored to diverse diagnostic needs.

Our study focuses on two typical AHE scenarios, each corresponding to distinct clinical require-
ments. Based on the characteristics of these scenarios, the optimization objectives can be dynamically
adjusted, ensuring that the selected feature sets accurately predict patients’ hypotensive states while
aligning with practical clinical needs. Results indicate that as AHE progresses, the importance rank-
ing of indicators exhibits a phased shift. For instance, during short-term AHE episodes (lasting 0.5-1
hour), cardiovascular-related indicators such as MAP and HR are predominant. However, as the
duration of AHE increases, the model increasingly emphasizes indicators reflecting more severe phys-
iological disruptions and organ dysfunction, such as Lac, cTnT, and PCT. This progression reveals
the pathological evolution of AHE from hemodynamic instability to systemic inflammation and organ
failure, aligning with previous studies which indicate that the consequences of AHE worsen with longer
durations[43].

In the full-feature scenario, comprehensive data collection was enabled by advanced equipment,
allowing the model to prioritize accuracy, specificity, and streamlined feature selection, resulting in
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Figure 6: SHAP cellular diagram of each sample in the full-feature scenario

superior predictive performance. The study demonstrated that model accuracy ranged from 89.75%
to 94.07%, with specificity reaching up to 98.51%. These results align with the findings of Sun et al.,
where incorporating multiple physiological indicators enhanced predictive performance[44].

In the resource-constrained scenario, equipment limitations necessitated the retention of only vi-
tal signs and blood gas parameters. Despite the reduced input data, the model maintained robust
performance, with accuracy ranging from 88.66% to 93.38%. This suggests that in resource-limited
settings, simplified feature sets can sustain predictive power while significantly enhancing data col-
lection and processing efficiency, making the approach especially valuable for emergency and rapid
decision-making scenarios. SHAP analysis further confirmed that these streamlined feature sets ef-
fectively predict AHE occurrence and duration. Even with limited equipment, the simplified features
reliably provided accurate predictions.

In general, our feature selection strategy effectively integrates clinical requirements and equipment
constraints, demonstrating broad applicability and practical potential in various scenarios. However,
this study has certain limitations. The experimental data were derived from a single-center dataset col-
lected at the Chinese People’s Liberation Army General Hospital, which may limit the generalizability
of the proposed QPSO-based feature selection method. Future research should involve multicenter and
geographically diverse datasets to further validate the robustness and applicability of the approach.
Moreover, the dynamic nature of physiological states may affect the model’s generalization capabil-
ity. Our current model is constructed based on static features and does not fully capture temporal
changes during disease progression. To address this, future work could explore the incorporation of
temporal modeling techniques, such as time series analysis or adaptive mechanisms like dynamic win-
dowing, to enhance the model’s responsiveness to complex clinical situations and improve its predictive
performance and generalizability.

5 Conclusion
We integrate multi-objective optimization concepts with QPSO to develop an innovative feature

selection method. By constructing multi-objective models and analyzing prediction requirements for
two typical scenarios, we precisely defined optimization objectives and balanced competing goals to
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achieve comprehensive optimization across diverse needs. In the full-feature scenario, the method
substantially improved the model’s capacity to detect AHE, effectively supporting clinicians in iden-
tifying high-risk patients early, reducing misdiagnoses and unnecessary interventions, and optimizing
the allocation of medical resources. In high-restriction scenarios, simplified combinations of vital signs
and blood gas indicators maintained reliable performance even with limited data, making the method
particularly suitable for pre-hospital triage, emergency transport, and time-sensitive decision-making
environments.

Compared with conventional feature selection methods, our approach achieves superior clinical per-
formance across all major metrics. Moreover, by incorporating SHAP analysis for interpretability, the
method enables transparent explanation of each indicator’s contribution to prediction outcomes, thus
improving clinicians’ trust and acceptance of model decisions. From a clinical impact perspective, this
method offers practical value for risk warning and personalized management of hypotensive patients.
On one hand, it enables earlier prediction of AHE—often before overt symptoms appear—facilitating
proactive intervention and risk stratification. On the other hand, its flexible model design and fea-
ture adaptability promote deployment across diverse clinical departments and use cases, enhancing
system-wide decision-making support.

In summary, the proposed approach serves not only as a technically advanced predictive tool but
also as a clinically actionable solution. It provides a new pathway for integrating AI-driven feature
selection into complex medical prediction tasks and holds significant promise for improving rapid
recognition and decision-making in acute and critical care settings.
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