Jiamaliding et al. BMC Gastroenterology ~ (2025) 25:841 BMC Gastroente ro|ogy
https://doi.org/10.1186/512876-025-04465-y

. . . . @
Predictive model for early fluid requirement 2
In severe acute pancreatitis

Ayijiang Jiamaliding'!, Gaolei Sun'", Junhong Wang'", Minjie Duan? and Qingbian Ma""

Abstract

Background Severe acute pancreatitis (SAP) involves significant fluid loss, necessitating precise fluid therapy.
However, standardized protocols are lacking. This study aimed to develop a machine learning-based prediction model
for fluid requirement in SAP patients.

Methods We conducted a retrospective observational study of SAP patients admitted to Peking University Third
Hospital (2016-2020) within 48 h of onset. Fluid requirement was quantified by 48-hour rehydration volume.

Using the Lasso algorithm, we screened predictive variables and trained five models: Gradient Boosting Decision
Tree (GBDT), eXtreme Gradient Boosting (XGBoost), LightGBM, CatBoost, and multiple linear regression. Model
performance was evaluated via mean absolute error (MAE), root mean square error (RMSE), R?, and fitting curves. The
soft voting method was used to fuse the above five prediction models to improve the performance of the model.
The optimal model was interpreted using SHapley Additive exPlanations (SHAP). To illustrate potential clinical use, ten
randomly selected cases from the test set are presented.

Results Among 308 included patients, 90% were allocated to the training set. Sixteen key variables were selected for
prediction. Among the five machine learning algorithms used to build prediction models, the MAE and RMSE values
of the XGBoost algorithm were the smallest and the R? value was the closest to 1, which indicated that XGBoost was
the best-performing model in our study. After model fusion, the model performance was further improved. SHAP
analysis of the optimal model, XGBoost, revealed the relative importance of each predictor. To illustrate the model’s
practical application, we present the predictions for 10 randomly selected test-set cases. The differences between

the predicted and actual fluid volumes in these individual cases ranged from 31.07 to 329.80 mL, serving as concrete
examples of how the model could be used at the bedside.

Conclusion In this study, we developed the Fluid Requirement Predicting Model for SAP (FRPM-SAP), which can
predict the specific amount of fluid loss in SAP patients. The predictive performance was good, demonstrating that
the model has practical application for guiding clinicians in their assessment of 48-hour rehydration volume.
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Introduction

Acute pancreatitis (AP) is a common gastrointestinal
disorder requiring hospitalization, with 15-20% of cases
progressing to severe acute pancreatitis (SAP). SAP is
life-threatening, associated with multiple organ failure
and a mortality rate of 20—-40% [1]. Early fluid resusci-
tation is critical in SAP management, as inadequate or
excessive fluid therapy can lead to complications such
as pulmonary edema or abdominal compartment syn-
drome [2-8]. However, current clinical practice lacks
precise protocols [9, 10], which rely heavily on empirical
judgment.

Existing predictive models for AP primarily focus on
complications or mortality, neglecting early fluid resus-
citation—a key determinant of patient outcomes [11].
While guidelines such as the Surviving Sepsis Campaign
(2021) [9] and WSES (2019) [10] emphasize early goal-
directed fluid therapy, they lack tools for individualized
volume assessment. This gap limits clinicians’ ability to
tailor fluid resuscitation. To address this, we developed
the Fluid Requirement Predicting Model for SAP (FRPM-
SAP) via machine learning (ML). Unlike traditional sta-
tistical methods, ML captures nonlinear relationships
among variables, enabling accurate prediction of fluid
loss. Our model leverages 16 easily accessible clini-
cal parameters obtained during initial emergency visits,
offering a rapid, actionable tool for fluid management.

This study makes significant advancements by focusing
on early fluid requirement in SAP, specifically by target-
ing the critical first 48 h where timely intervention has
the greatest impactful. Our approach combines machine
learning precision through five advanced algorithms with
SHARP interpretability to enhance clinical interpretability,
effectively bridging the gap between complex ML outputs
and practical decision-making. By integrating capabili-
ties, the FRPM-SAP model aims to offer a practical tool
for assisting personalized fluid resuscitation, ultimately
reducing complications and improving patient outcomes.

Methods
Study design and participants
This single-center retrospective study enrolled consecu-
tive SAP patients admitted to the Emergency Department
of Peking University Third Hospital between January
2016 and December 2020. This study complied with the
Declaration of Helsinki [12] and China’s Personal Infor-
mation Protection Law (PIPL) [13]. All the data were
anonymized before analysis and stored on password-
protected hospital servers. Access was restricted to study
team members under confidentiality agreements.
Patients were included if they (1) met the 2012 Atlanta
criteria for SAP diagnosis [14]; (2) received protocolized
fluid therapy within 48 h of admission [7, 9, 15-17],
defined as achieving lactate clearance > 10%, heart
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rate(HR) < 120 bpm, mean arterial pressure (MAP)
65—-85 mmHg, and urine output >0.5 mL/kg/h; and (3)
had complete 48-hour fluid records with key param-
eters (lactate, HR, MAP, and urine output) measured at
admission and 48 h post-admission. Exclusion criteria
were as follows: (1) age < 16 years; (2) pregnancy; (3) car-
diac arrest on arrival; or (4) >20% missing data for key
variables.

Patients were randomly split into training (90%,
n=277) and test (10%, n=31) sets. The sample size met
the requirement of 10-20 times the number of predictors
(16 variables) for stable modeling. The model’s perfor-
mance was primarily evaluated through internal valida-
tion on the held-out test set (z=31). To demonstrate the
model’s potential for clinical application with concrete
examples, we randomly selected 10 cases from the test
set (n=31) for a detailed case presentation. This selection
was intended solely for illustrative purposes and was not
used to assess the model’s performance.

Crucially, to ensure the prospective utility of the pre-
dictive model, a strict temporal distinction was main-
tained between predictor and outcome variables. All
predictors were collected exclusively at the initial emer-
gency department presentation, prior to the initiation of
the 48-hour rehydration protocol and the assessment of
its total volume. The outcome variable—the total 48-hour
rehydration volume—was calculated retrospectively after
this period. The parameters used solely for assessing ade-
quate fluid therapy (lactate clearance, HR, MAP, urine
output) at 48 h were not used as predictors, thus prevent-
ing any information leakage.

Data collection and preprocessing

A standard strategy was developed to avoid inconsis-
tency. Data were anonymized and collected via Research
Electronic Data Capture (REDCap), a platform provided
by the Department of Emergency Medicine and the Clin-
ical Epidemiology Research Centre of the Third Hospital
of Peking University. Demographic data, clinical manifes-
tations, laboratory examination data, and abdominal CT
examination data were all manually uploaded into RED-
Cap hospital information.

For cases with missing variables, a common method of
filling missing values is to use the median or mean. These
methods are relatively easy, but they can affect the dis-
tribution of the original data and increase the bias of the
dataset itself. In our study, the missForest algorithm from
the Python tool library missingpy was used to input con-
tinuous variables, and plurality was used to input discrete
variables.

MissForest is a robust, non-parametric method that
assumes the data are Missing at Random(MAR). We
believe the MAR assumption is reasonable in our clinical
context for the following reasons: First, the majority of
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missingness occurred in specialized laboratory tests (e.g.,
cardiac markers, detailed lipid profiles), which were likely
omitted based on the clinician’s initial assessment rather
than the patient’s unobserved condition (e.g., a test was
not ordered due to hospital protocol or lack of specific
indication, not because the clinician intuitively knew the
value was pathological). Second, our dataset is rich with
strong predictors from demographics, vital signs, routine
labs, and imaging. These observed variables are likely to
capture the underlying reasons for the missingness of
other variables, thus making the MAR assumption more
plausible.

Descriptive statistics were performed using SPSS 20.0
(IBM Inc., Armonk, NY, USA). Normally distributed
variables were expressed as the meantstandard devia-
tion (x #s), and abnormally distributed variables were
expressed as the median and interquartile range [median
(25th percentile, 75th percentile)]. Count data was
expressed as frequencies and percentages [n(%)].

Prior to feature selection and model training, all con-
tinuous variables were standardized to a common scale
to ensure that the model coefficients would be compara-
ble and to improve the convergence of the machine learn-
ing algorithms. We applied the MinMaxScaler from the
scikit-learn library to rescale the values of each continu-
ous variable to a range between 0 and 1. This normaliza-
tion process was applied to the dataset after imputation
of missing values and before performing Lasso regression
and training the machine learning models.

Feature selection and modeling

All subsequent analyses, including feature selection and
model training, were performed using the preprocessed
dataset (after imputation and standardization). In the
fields of mathematics and statistics, screening param-
eters refers to the process of extracting a subset of useful
features from the original data. This process can reduce
the number of features, reduce noise, increase the speed
of model training, strengthen the model’s generalizabil-
ity, reduce overfitting, and make the model more con-
venient to be applied in the clinic. In this study, we used
the “glmnet” package in R (version 4.1-7.1) to perform
The Least Absolute Shrinkage and Selection Operator
(Lasso) analysis. Lasso regression is particularly suitable
for high-dimensional data as it performs both variable
selection and regularization by imposing an L1 penalty
on the regression coefficients. This approach not only
reduces the number of features but also minimizes the
risk of overfitting by shrinking the coefficients of less
important variables to zero. The optimal penalty param-
eter (\) was determined through 10-fold cross-validation,
a process which partitions the training data into 10 folds
of roughly equal size. The model is fit 10 times, each time
using 9 folds for training and the remaining 1 fold for
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validation, to compute the mean cross-validated error for
each A value. The value of A that resulted in the minimum
mean cross-validated error was selected as optimal. This
approach ensures that the feature selection is robust and
generalizable.

Gradient Boosting Decision Tree (GBDT), eXtreme
Gradient Boosting (XGBoost), Light Gradient Boost-
ing Machine (LightGBM), CatBoost and multiple linear
regression machine learning methods were established.
The methodology of these methods is described in
the supplementary materials. The SHapley Additive
explanation(SHAP) (version 0.39) method was used to
explain the optimal model among the five models, pro-
viding a unified framework to explain individual predic-
tions by quantifying the contribution of each feature.
This approach aligns with recent advances in explainable
Al for tree-based models [18], ensuring transparency in
clinical decision support.

To further enhance predictive performance, we imple-
mented a soft voting ensemble approach to integrate pre-
dictions from all five machine learning models. Model
fusion is a technique that combines multiple base esti-
mators to solve a problem of interest, often outperform-
ing any single constituent model. Among various fusion
methods, the voting method is most commonly used.
Specifically, for regression tasks, it computes the final
prediction as a weighted average of all models’ outputs,
rather than a simple average. This approach leverages the
principle that a properly weighted combination of diverse
models can reduce prediction variance and improve
model robustness, which is particularly valuable in clini-
cal prediction tasks where stability is crucial. In our
implementation, each model’s contribution to the final
prediction was determined by its validation set perfor-
mance, with higher-performing models receiving greater
influence. The specific weight values were objectively
derived to ensure the ensemble optimally balanced accu-
racy and diversity. Accordingly, XGBoost was assigned
the highest weight due to its superior individual perfor-
mance, followed by CatBoost and GBDT, whereas Light-
GBM and linear regression received proportionally lower
weights on the basis of their relative MAE values. The
ensemble was implemented via scikit-learn’s VotingRe-
gressor. This strategically weighted integration allowed
the fusion model to effectively mitigate individual model
weaknesses while preserving their collective predictive
power.

Results

As shown in Fig.1, 308 cases were included in the final
analysis. Among the included patients, 65% were male,
and the mean age was 53 years. Supplementary Table 1
in the supplementary materials details the demographics,
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Patients with acute severe pancreatitis
attending the Emergency Department of
Peking University Third Hospital from
January 2016 to December 2020 (n=521)

Exclusion
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1) Age <16 years;
2) Patients who arrived at the hospital
without

spontaneous  respiration or

heartbeat and declared clinically dead;

criteria

Screening according to inclusion and

exclusion criteria (n=406)

The following conditions were met
within 48 hours of presentation: lactate
clearance >10%, HR <120 beats/min,
MAP between 65 and 85 mmHg, and
urine output >0.5 mL/kg/h.

\ 4

Inclusion in final study (n=308)

A

Extracted patients’ demographics,
physiology, laboratory tests, imaging
studies, and other medical records

[
v ¥

Training Test set

Fig. 1 Schematic diagram of the present study

physiological characteristics, and laboratory results of
the studied population.

Results of parameter screening by applying Lasso

A total of 101 variables were collected and collated, 22 of
which were excluded due to a large proportion of miss-
ing data. We applied Lasso regression to select predic-
tive features from the remaining 79 parameters (Fig. 2).
Cross-validation identified the optimal penalty parameter
(M), ensuring that the selected features contribute signifi-
cantly to the prediction of fluid loss in SAP patients. At
this value of A, 16 variables were retained, each contrib-
uting significantly to the prediction of fluid loss. Figure 2
shows the cross-validation curve for Lasso regression,
where the optimal penalty parameter (A\) was selected
to minimize the mean squared error. The vertical axis

3) Pregnant patients;
4) Patients with

information (proportion missing >20% or

severely missing

missing predictive endpoint indicators).

represents the mean squared error of the model, while
the horizontal axis represents the value of log(\). The
upper horizontal axis indicates the number of non-zero
coefficient features. When the number of features is 16,
the mean squared error is the smallest, indicating the
optimal balance between model complexity and predic-
tive accuracy.

The importance ranking of the 16 variables in Table 1
shows that of the four physical signs, three were highly
important and consistent with the results of clinical
assessment, namely, the presence of cyanosis of the skin
at the time of consultation, abdominal muscle tension,
and upper abdominal tenderness. In terms of laboratory
tests, the importance of serum calcium, CTSI, and arte-
rial blood lactate values was greater and more consistent
with the clinical fingdings. These features are clinically
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Fig. 2 Penalty strength cross-validation plot. The vertical axis represents the mean square error of the model, the lower horizontal axis represents the
value of log(), and the upper horizontal axis represents the number of non-zero coefficient features. When the number of features is 16, the mean square
error is the smallest

Table 1 Importance rankings of all features

Number Variant Coefficient
1 skin color 1207.88
2 abdominal muscle tension 408.59
3 upper abdominal tenderness 298.28
4 serum calcium —27143
5 respiratory rate 25273
6 CTSI 221.21
7 diarrhea 220.81
8 abdominal distension 195.02
9 RBC 185.68
10 arterial blood lactate 130.57
1 S| 19.04
12 BE -13.28
13 age -243
14 HB 1.52
15 ALT(U/L) 0.90
16 AST(U/L) 0.07

relevant, as they reflect the severity of tissue hypoperfu-
sion and systemic inflammation, which are key drivers of
fluid imbalance in SAP patients. The feature importance
performances of the four machine learning algorithms
based on decision trees are shown in Fig.S1 (a-d) in the
Supplementary materials.

Results of internal validation of the model

The prediction performance of all five machine learn-
ing algorithms is shown in Table 2. Among them, the
XGBoost model had the smallest MAE(537.131) and
RMSE(730.566) values, and the R?(0.743) was the closest
to 1, indicating the best predictive performance. The Cat-
Boost model closely followed, with an MAE of 556.977
and an RMSE of 760.650, whereas the GBDT and Light-
GBM models presented slightly greater errors. The mul-
tiple linear regression model performed the worst, with
the highest MAE (734.843) and RMSE (1038.489) and the
lowest R? (0.480).
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Table 2 Predictive performance of the five machine learning
models and the fusion model

Model MAE RMSE R?

XGBoost 537.131 730.566 0.743
CatBoost 556.977 760.650 0.721
GBDT 582.221 781.970 0.705
LightGBM 640.054 808.831 0.685
Linear Regression 734.843 1038.489 0480
Ensemble model 496.917 701.654 0.763

To provide a comprehensive rationale for selecting
XGBoost as the optimal model, we discuss the strengths
and limitations of each algorithm below:

GBDT is an ensemble learning method that builds
decision trees sequentially, with each tree correcting the
errors of the previous tree. It is known for its robustness
and ability to handle complex, nonlinear relationships in
the data. However, GBDT can be computationally expen-
sive and prone to overfitting if not properly regularized.
In our study, GBDT performed well but was outper-
formed by XGBoost in terms of both the MAE and the
RMSE.

XGBoost is an advanced implementation of gradient
boosting that incorporates several optimizations, includ-
ing regularization to prevent overfitting, parallel process-
ing for faster training, and handling of missing values
[19]. These features make XGBoost highly efficient and
accurate, particularly for structured data. In our analysis,
XGBoost achieved the smallest MAE and RMSE values,
with R? values closest to 1, indicating the best predictive
performance among the five models. Its ability to handle
high-dimensional data and its robustness against overfit-
ting make it the optimal choice for our predictive model.

The LightGBM is designed for efficiency and speed,
particularly with large datasets. It uses a leaf-wise tree
growth strategy, which can lead to faster training times
than depthwise growth. However, this approach can also
make LightGBM more prone to overfitting on smaller
datasets. In our study, LightGBM performed reasonably
well but was slightly less accurate than XGBoost, with
higher MAE (640.054) and RMSE (808.831) values.

CatBoost is another gradient boosting algorithm that
excels in handling categorical data and is robust to over-
fitting [20]. It uses ordered boosting and a novel algo-
rithm for processing categorical features, which can
improve model performance. However, CatBoost can
be slower to train than XGBoost and LightGBM. In our
analysis, CatBoost performed similarly to GBDT but was
outperformed by XGBoost, with an MAE of 556.977 and
RMSE of 760.650.

Multiple linear regression is a traditional statistical
method that assumes a linear relationship between the
independent and dependent variables. While it is sim-
ple and interpretable, it often fails to capture complex,
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nonlinear relationships in the data. In our study, linear
regression had the highest MAE (734.843) and RMSE
(1038.489),and the lowest R* (0.480), indicating poor pre-
dictive performance compared with the other machine
learning models.

In conclusion, while all five models demonstrated vary-
ing degrees of predictive ability, XGBoost emerged as
the most accurate and reliable model for predicting fluid
loss in SAP patients. Its combination of high predic-
tive accuracy, robustness, and interpretability makes it a
valuable tool for guiding fluid resuscitation strategies in
clinical practice. To visualize the validation results, fitting
curves were constructed for each model via the test set,
as shown in Fig.S2 (a-e) in the Supplementary materials.

The five prediction models were fused via the soft vot-
ing method, with each model’s contribution weighted
according to its validation set performance. The result-
ing ensemble model achieved superior predictive accu-
racy, with MAE (496.917) and RMSE (701.654) values
that were 7.5% and 4.0% lower, respectively, than those
of best-performing individual model (XGBoost). The
ensemble’s R* (0.763) also showed a 2.7% improvement
over XGBoost, demonstrating that the weighted combi-
nation effectively leveraged the strengths of each constit-
uent model. This performance enhancement validates the
soft voting approach’s ability to mitigate individual model
weaknesses while preserving their collective predictive
power. Notably, the weight distribution, with XGBoost
contributing most significantly (28%) and linear regres-
sion the least (5%), reflects the models’ relative accuracies
while maintaining beneficial diversity in the ensemble.

Results of model interpretation and application
In this study, the SHAP method was used to interpret the
XGBoost model, which is the optimal model among the
five single models. The SHAP values for each variable in
all the training set samples were averaged to derive the
importance value of that feature, as shown in Fig. 3(a).
Base excess (BE) contributes the most to the model, fol-
lowed by the shock index and lactate value. Figure 3(b)
further visualizes the positive or negative relationship of
each feature to the target value. The high feature value
of BE at the time of patient visit has a negative Shapley
value, showing that BE was negatively correlated with
fluid loss. SI is another important feature that is nega-
tively correlated with fluid loss. The lactate concentration
was positively correlated with fluid loss. Similar interpre-
tations can be obtained for the remaining variables. Fig.
S3 and Fig.S4 in the Supplementary materials provide
examples of the features involved in an individual predic-
tion of the amount of fluid loss.

Supplementary Table 2 shows the 10 cases from the test
set that were investigated. Taking Patient 10 as an exam-
ple, it can be assumed that the amount of fluid loss of this
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Fig. 3 a Mean SHAP values of variables in the prediction model. b Honeycomb graph presentation of SHAP value ranking. In b, each point on the graph
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patient was 6,268.93 mL, and the amount of fluid replen-
ishment for the next 48 h after this patient’s visit should
have been this value. This means that the exact amount of
fluid replenishment for 48 h can be determined by input-
ting the values of the above 16 variables into the compu-
tational model after the SAP patient’s visit.

Discussion

Performance of the predictive model for measuring early
fluid requirement in the SAP

SAP induces a characteristic systemic inflammatory
response [1] that promotes rapid fluid shift into third
spaces through increased vascular permeability. This
pathophysiological basis directly supports our model’s
design focusing on early volume prediction, as accurate
assessment of these losses within the initial 48 h is criti-
cal for guiding resuscitation. In this study, the FRPM-
SAP was developed to assess fluid supplement volume
in SAP patients. Based on the comparison of the five
models’ predictive performances, the XGBoost model
was identified as the optimal model. The soft voting
ensemble approach further enhances this performance
by strategically combining all five models through accu-
racy-weighted integration. The optimal model, XGBoost,
was subsequently interpreted via the SHAP tool, and its
results are consistent with those of clinical observations

and related studies [8, 21-28], confirming the relevance
of the selected parameters in predicting fluid require-
ment in pancreatitis patients. Finally, the model’s appli-
cation was demonstrated using 10 randomly selected
clinical cases from the test set, providing a tangible illus-
tration of its potential for real-world use.

Recent evidence has emphasized individualized fluid
therapy for SAP [7, 8, 29]. Our model aligns with this
need by providing an accurate estimate of fluid loss
within the first 48 h of admission and assisting clinicians
in tailoring fluid resuscitation strategies to individual
patient needs, thereby reducing the risk of complications
such as pulmonary edema or abdominal compartment
syndrome. The model’s reliance on easily accessible clini-
cal parameters, such as arterial blood lactate, BE, and the
shock index, makes it particularly suitable for use in the
emergency department, where rapid decision-making
is critical. Moreover, the interpretability of the model,
enhanced by the SHAP method, allows clinicians to
understand the contribution of each variable to the pre-
dicted fluid loss, increasing their confidence in the mod-
el’'s recommendations.

Although our model was developed using data from
a single center, which may introduce selection bias and
limit the generalizability of the findings, its reliance
on widely recognized and routinely collected clinical
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parameters suggests strong potential for broader appli-
cability. Key predictors such as arterial blood lactate, BE,
and the shock index reflect fundamental pathophysiolog-
ical processes (e.g., tissue hypoperfusion and systemic
inflammation) that are common across diverse SAP
patient populations. Therefore, while external validation
is necessary, the model's design based on universally rel-
evant physiology supports its potential for use in other
tertiary care settings. Furthermore, the practicality of the
FRPM-SAP model extends to resource-limited environ-
ments. Its simplicity and dependence on clinical data that
are readily available even in settings without advanced
diagnostic tools make it particularly valuable. By enabling
more precise and personalized fluid management at the
critical early stages of SAP, the model has the potential
to improve clinical outcomes across a wide spectrum
of healthcare systems. Future studies should prioritize
multicenter validation to confirm its generalizability and
refine its adaptability to different clinical environments.

Compared with previous approaches for SAP fluid
management, our FRPM-SAP demonstrates measurable
advancements through machine learning integration.
While traditional protocols such as those by de-Madaria
[4] and Kuwabara [5] established volume-based resus-
citation frameworks, they lack quantitative predic-
tion models for individual patients. To our knowledge,
our approach represents one of the first studies to pro-
vide a validated 48-hour fluid loss prediction model for
SAP, incorporating several features such as (a) dynamic
weighting of metabolic markers through SHAP-guided
interpretation, (b) ensemble modeling that reduces vari-
ance compared with single-algorithm approaches, and
(c) early prediction using admission parameters without
requiring serial measurements.

Factors influencing early fluid requirement in patients with
severe acute pancreatitis

The particular clinical working environment was taken
into account in the selection of parameters. First, the
parameters selected in this study are those that can be
rapidly obtained in the emergency department, which
allows the model to be applied in the early stages of
patient consultation. Second, the universality of the
model was considered: most of the indicators that are
routinely collected in the emergency department were
selected in this study, which makes the model applicable
in hospitals of different levels.

The use of Lasso regression for feature selection not
only reduced the dimensionality of our dataset but also
enhanced the model’s generalizability by eliminating
redundant or irrelevant variables. This approach is par-
ticularly important in clinical settings, where overfitting
can lead to models that perform well on training data but
poorly in real-world applications. By retaining only the
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most significant features, our model achieves a balance
between complexity and predictive accuracy. The final set
of 16 variables collectively captures the pathophysiologi-
cal mechanisms underlying fluid loss in SAP. While our
model focuses on SAD, its parameters are consistent with
the general principles of sepsis resuscitation [9], suggest-
ing broader applicability.

1) Arterial blood lactate: The early stage of AP leads
to hypovolemia and microcirculatory disorders due
to the systemic inflammatory response resulting in
fluid loss in the third interstitial space, which in turn
leads to inadequate tissue perfusion and hypoxia
and ultimately to elevated lactate [24]. The lactate
indicator contributes to the prediction of fluid loss in
the models in this study, with a coefficient of 130.57.
The higher the lactate concentration is, the greater
the volume of fluid added. The strong predictive
power of lactate in our model corroborates recent
work by Zeng et al. [24], who demonstrated that
dynamic lactate clearance rates outperform static
values in the prediction of SAP outcomes.

2) BE: BE reflects the status of tissue perfusion,
the level of cellular energy metabolism, and the
functional status of each organ. When the effective
circulating blood volume is reduced, tissue perfusion
is insufficient, leading to a significant increase in the
negative value of BE. This increase causes changes
in the osmotic pressure inside and outside the cell
membrane of the organs in vivo, leading to edema
and apoptosis of the epithelial cells and triggering
platelet-activating factor, intestinal bacterial
endotoxin, and related metabolites to act on the
tissues and organs together to cause an excessive
inflammatory response, resulting in multiorgan
failure [25]. The relationship between BE and the
fluid loss measure revealed by the model in this study
is compatible with clinical logic.

3) SIL: Traditionally, HR and systolic blood pressure
have been widely used to assess the hemodynamic
status of patients upon arrival at the emergency
department. In our study, a proportion of patients
presented with volume deficits, such as rapid heart
rate (123, 39.9%) and low blood pressure (80, 30%), at
disease onset. However, even in critically ill patients,
these parameters may be normal at the onset of
illness and may lead to delayed intervention. Patients
with an SI >1 are more likely to respond to fluid
resuscitation [26]. Therefore, the SI can be used as
an alternative to traditional vital signs of HR and
systolic blood pressure to assess the hemodynamic
stability of patients, especially when assessing their
fluid volume responsiveness is assessed. The results
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of this study, analyzed by the Lasso method, suggest
an importance coefficient of 19.04 for SI, suggesting
that SI is associated with fluid loss in SAP patients.

4) Respiratory rate: Patients with SAP often suffer
from respiratory distress due to pain, interstitial lung
edema, pleural effusion, or other reasons, and their
respiratory rate is accelerated. As it increases, the
amount of fluid loss through respiration increases
accordingly; that is, more fluid replacement is
needed.

5) Serum calcium: A large amount of calcium ions
flow into alveolar cells in SAP, leading to pancreatic
necrosis and severe inflammatory response
syndrome, while pancreatitis produces a large
amount of lipase to decompose fats, generating a
large amount of fatty acids; these acids react with
calcium ions in the body, thus leading to the loss
of calcium ions in the bloodstream, resulting in a
decrease in the level of serum calcium [27]. Calcium
ions can be used as an indicator to reflect the severity
of disease in AP patients, thus indirectly predicting
fluid requirement. The prediction model in this study
also suggested that the lower the serum calcium is,
the greater the fluid requirement.

6) Age: The results of this study suggest a negative
correlation between age and 48-hour fluid
supplement volume. Elderly patients tend to
have underlying cardiopulmonary diseases that
increase their susceptibility to complications such
as pulmonary edema and heart failure due to fluid
overload.

7) Hct and HB: Previous studies have shown that Hct
is correlated with volume, but in this study, Lasso
analysis suggested that the erythrocyte count and
hemoglobin level, especially the erythrocyte count,
which has an importance coefficient of 185.68,
are correlated with fluid loss in SAP patients. The
possible reasons for these results were considered.
First, the rapid activation of the inflammatory
response, which occurs in the early stages of disease
in SAP patients, and high oxidative stress can reduce
erythrocyte survival, affect erythrocyte lifespan and
deformability and reduce RBC and Hb in peripheral
blood [28]. Second, the range of variability of Hct
is smaller than that of the erythrocyte count and
hemoglobin levels. Therefore, the erythrocyte count
and hemoglobin concentration were included in this
study.

8) Physical signs: Abdominal distension, abdominal
muscle tension, epigastric tenderness, and skin
color were included in this study. The first three can
intuitively reflect the severity of AP, and the last can
reflect tissue perfusion and the degree of volume
insufficiency. These parameters can indirectly
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reflect the amount of fluid inflammatory exudation
and fluid imbalance in the third interstitial space.
However, it is also important to recognize that these
parameters are highly subjective and depend to a
large extent on the clinician’s judgment, which may
result in some bias.

9) CTSI: Imaging examinations, such as abdominal
ultrasound, abdominal CT, ERCP, magnetic
resonance imaging, and magnetic resonance
cholangiopancreatography, play important roles
in the diagnosis and treatment of pancreatic
diseases. Among the imaging techniques, CT has
high sensitivity and accuracy in observing the
morphology of the pancreas and the surrounding
diseased tissues; it can more intuitively reflect the
presence and degree of hemorrhage or necrosis
of pancreatic tissues and is the preferred imaging
method for assessing the severity and complications
of AP. In 1990, Balthazar proposed the CT Severity
Index (CTSI), which correlates the original grading
system with pancreatic necrosis and the extent of
necrosis; the CTSI was the first clinically recognized
scoring system for assessing AP imaging [30]. The
more severe the degree of pancreatic exudation and
necrosis is, the greater the degree of fluid loss, and a
greater rehydration volume is needed. In this study,
the CTSI was used to predict the amount of fluid loss
in SAP patients, which is consistent with the results
of previous studies.

Necessity of the predictive model
Clinicians measure the amount of fluid replacement for
SAP patients on the basis of experience. In this study, 98
(24.1%) of the 308 patients did not meet the criteria for
appropriate fluid therapy. Among these 98 patients, 56
(13.8%) experienced different degrees of acute pulmonary
edema, acute heart failure, and other complications due
to excessive fluid replacement, while 42 (10.3%) patients
presented with narrowing of the inferior vena cava and
elevated lactic acid, indicating that they did not have
enough fluid replacement. Therefore, there is an urgent
need for a general and accurate predictive model to guide
the rehydration regimens of SAP patients in clinical prac-
tice, which is particularly important for junior physicians.
Compared with traditional models, machine learning
models are more capable of handling multiple redundant
and interrelated variables, and are increasingly being
used in clinical research. Machine learning models were
applied in this study to construct a predictive model for
the early assessment of fluid loss in SAP patients at the
time of emergency primary diagnosis. In this scenario,
the physician has little information about the patient,
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including a preliminary history, physical examination,
and simple laboratory results; however, the physician
needs to make a rapid judgment of the overall fluid loss
and then decide the fluid supplement volume. Establish-
ing such a prediction model requires the consideration
of many factors, not only indicators that can assess fluid
capacity but also some reference indicators specific to
pancreatitis. SAP patients in the emergency department
often have characteristics such as advanced age, comor-
bid chronic diseases, and a history of repeated visits.
With reference to previous literature and actual clinical
experience, this study collected a large amount of clinical
data and tried to employ all the data to comprehensively
assess fluid loss in SAP patients. However, increasing the
number of variables only led to an increase in the “noise”
of the model, resulting in the model being overfit and
unable to be extrapolated, which made the model more
difficult to use. Therefore, the accessibility of the variables
was taken into account when selecting variables for this
study; specifically, the model variables were restricted to
information that could be obtained within a few hours of
the patient’s visit to the clinic.

Despite the great success of machine learning meth-
ods in the medical field, few models can be practically
applied in the clinical setting, largely due to the lack of
explanatory properties of machine learning algorithms,
which are considered “black boxes” A medical aid diag-
nostic system must be understandable and interpretable.
Ideally, it should be able to explain the complete applica-
tion methodology and logic of the model to all relevant
parties to gain their trust. In this study, the SHAP tool
was used to explain the contribution of each feature to
the predicted value in each patient sample. This inter-
pretability is critical for clinician adoption, as it bridges
the gap between complex machine learning outputs and
actionable clinical insights [18, 31]. Finally, the specific
application methodology is demonstrated using data
from 10 patients, which increased transparency and facil-
itated clinicians’ understanding and application.

Limitations of this study

This study has several limitations. First, this was a single-
center retrospective study, and the predictive results of
the model relied on the selection of cases in the train-
ing set. Therefore, the variables are closely related to the
rehydration habits of the hospital from which the cases
originated. The single-center nature of the dataset may
introduce selection bias and limit the generalizability of
the findings. The patient population and clinical prac-
tices at our institution may not fully represent those
in other hospitals or regions, potentially affecting the
model’s applicability in diverse settings. Future studies
should incorporate multicenter data and conduct exter-
nal validations in diverse patient populations. This would
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enhance the reliability and generalizability of the model,
ensuring its effectiveness across different healthcare envi-
ronments. Second, the sample size of the independent
test set (n=31) is relatively small, which may affect the
precision of the performance estimates. We employed
strategies to enhance model robustness, including regu-
larized feature selection via Lasso regression and the
use of a soft-voting ensemble, which are known to miti-
gate overfitting. Nevertheless, the performance metrics
obtained from this test set should be interpreted with
caution, and external validation in a larger cohort is
essential to confirm the model’s generalizability. Third,
and most importantly, our outcome variable was the
actual fluid volume administered, not an independently
verified optimal volume. While the model accurately
predicts what was done in our clinical practice, and this
likely correlates with true physiological need, it does not
necessarily predict the ideal fluid volume. A subset of
patients (31.8%) did not meet the optimal fluid therapy
endpoints, indicating that clinical practice itself is imper-
fect. Therefore, the model encapsulates ‘collective clini-
cal wisdom’ which includes both correct and potentially
suboptimal decisions. It serves as a data-driven starting
point for resuscitation, which should then be fine-tuned
based on ongoing clinical assessment. Future research
should aim to define and predict a truly optimal fluid
volume based on hard outcomes. Furthermore, although
the missForest algorithm was effective in imputing miss-
ing values, it assumes that the missing data mechanism
is MAR, which may not always hold true in clinical set-
tings. If the data are not MAR, the imputed values may
introduce bias. Future studies could explore alternative
imputation methods, such as multiple imputation or
deep learning-based approaches, to further improve the
robustness of the predictive models. Finally, lactate clear-
ance, heart rate, mean arterial pressure, and urine output
were selected as criteria for appropriate fluid therapy in
this study; however, SAP is a disease that requires com-
prehensive treatment, and many factors influencing these
metrics do not depend entirely on fluid resuscitation
therapy. Thus, there may be some systematic bias. Future
studies should consider longitudinal data collection to
capture the dynamic changes in patient conditions and
further refine the predictive model.

Conclusions

For SAP patients, we developed FRPM-SAP using easily
accessible parameters obtained at emergency department
presentation. The use of Lasso regression for feature
selection ensured that only the most significant vari-
ables were retained, minimizing the risk of overfitting
and enhancing the model's generalizability. Among five
machine learning methods applied, the XGBoost model
emerged as the optimal model, and its performance
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was further improved through a soft voting ensemble.
Enhanced interpretability, provided by SHAP analysis,
offers insights into the contribution of key predictors.
This study addresses a critical gap in SAP management
by providing a practical, data-driven tool for guiding fluid
resuscitation. Future plans include multicenter validation
and the development of a clinician-friendly website for
real-time application, aiming to confirm the model's reli-
ability and facilitate its integration into clinical practice.
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