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Background: Acute pancreatitis (AP) is a common gastrointestinal disease. Systemic inflammatory response syndrome (SIRS),
a severe complication of AP, increases the risk of organ failure and progression to severe AP (SAP). Gut microbiota dysbiosis is linked
to AP pathogenesis. The aim of this study is to investigate the gut microbiota characteristics of AP patients and their association with
SIRS and organ failure.

Methods: Rectal swabs from 19 healthy controls (HC) and 88 AP patients (stratified into non_SIRS, SIRS, low/med/high _sequential
organ failure assessment (SOFA) groups) were analyzed using 16S rRNA gene sequencing. Microbiota diversity, composition, and
function were evaluated, and random forest diagnostic models were constructed.

Results: Compared with HC, AP (SIRS/non_SIRS) patients had altered clinical indices, reduced gut microbial richness and diversity.
As SOFA scores increased, the high SOFA group exhibited further reductions in richness and diversity. Barplots analysis showed that
there were differences in the mainly dominant microbiota between HC and AP (SIRS/non_SIRS) patients. Some differentially
abundant genera such as Faecalibacterium, Parabacteroides, Megasphaera, and Fusicatenibacter may be closely associated with
the occurrence of AP, development of SIRS, and severity of organ failure. Furthermore, functional pathways like L-isoleucine
biosynthesis, lysine biosynthesis, AMPK signaling, and glycogen biosynthesis may also play significant roles in diseases. The random
forest models constructed for distinguishing between HC and non_SIRS, as well as for distinguishing between HC and SIRS, showed
extremely diagnostic accuracy.

Conclusion: Gut microbiota dysbiosis is correlated with the occurrence of AP, development of SIRS, and severity of organ failure.
Specific microbiota taxa and functional pathways may serve as potential therapeutic targets or diagnostic biomarkers for AP, providing
a microbial perspective for personalized management of this disease.

Keywords: acute pancreatitis, systemic inflammatory response syndrome, sequential organ failure assessment, gut microbiota,
function prediction, diagnostic classification model

Introduction

Acute pancreatitis (AP) refers to an acute inflammatory condition of the pancreas.' As one of the most common
gastrointestinal diseases today, its incidence is continuously increasing across the world and all age groups.” Systemic
inflammatory response syndrome (SIRS) is a common and serious complication of AP. Persistent SIRS elevates the risk
of persistent organ failure and may lead to the progression of AP to severe AP (SAP).* SIRS is a key factor in the
progression of SAP, and it is closely related to the severity of SAP, which can lead to multiple organ failure and even
death.>” The mortality rate of AP increases as much as 30% when organ failure occurs.® To accurately assess the
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severity of organ failure in AP patients with SIRS, the sequential organ failure assessment (SOFA) score has been widely
adopted.”'® Given that the persistence of SIRS will significantly increase the risk of organ failure and worsen AP
outcomes, revealing the influencing mechanism has become the focus of clinical research.

Gut homeostasis is disturbed during the pathogenesis of AP, which can lead to gut microbiota imbalance.'" In recent
years, accumulating evidence has highlighted the role of gut microbiota in the pathogenesis of AP.'*'* Gut microbiota
dysbiosis is linked to enhanced intestinal barrier permeability, bacterial translocation, and amplification of systemic
inflammation, thereby influencing AP progression.'* Derivatives of the gut microbiota can regulate the severity of AP by
modulating relevant signaling pathways.'> Moreover, modulating gut microbiota may indirectly protect the intestinal
barrier, alleviating bacterial translocation and inflammatory flare-ups during AP.'® While existing studies confirm a link
between gut microbiota dysbiosis and AP, specific associations between gut microbial characteristics and SIRS occur-
rence, as well as organ failure severity (as measured by SOFA scores) in AP patients, remain unclear. Moreover, it is not
clear which specific microbial taxa or functional pathways are associated with the SIRS progression or organ failure in
AP. Thus, the aim of this study is to investigate the gut microbiota characteristics of AP patients and their association
with SIRS and organ failure.

Rectal swabs, as a non-invasive sample source, have been increasingly used to characterize gut microbiota composi-
tion via 16S rRNA gene sequencing, a technique that enables comprehensive analysis of microbial community
structure.!”'® In this study, rectal swab samples were collected from 19 healthy control volunteers and 88 patients
with AP. Subsequently, 16S rRNA gene sequencing technology was used to investigate the composition of the gut
microbiome in each group.

Materials and Methods

Patient Selection and Grouping

The detailed inclusion criteria for patients with AP were as follows: (1) Patients diagnosed with AP according to the 2012
revised Atlanta classification and hospitalized in the Affiliated Hospital of Guizhou Medical University; (2) Patients with
complete clinical data; (3) Patients who have not received enema treatment; (4) Aged 18-75 years; (5) Onset time within
72 hours. The detailed exclusion criteria for patients with AP were as follows: (1) Patients with a history of immuno-
deficiency, allergy, asthma, celiac disease, colon cancer, HIV infection, inflammatory bowel disease, irritable bowel
syndrome, gastroenteritis, narcotic enterocolitis, or arthritis; (2) Patients who had received antibiotics, probiotics,
hormones, traditional Chinese medicine enemas, or other treatments within 8 weeks (8 weeks is a conservative and

19:20). (3) Patients with missing clinical

commonly used time window to exclude the acute effects of potent interventions
data; (4) Pregnant women. The control group consisted of healthy individuals with no known allergens, no medication
affecting intestinal function, and no special diet for weight loss or other purposes. A power analysis for balanced one-way
ANOVA was performed using the pwr package in R, with parameters set as k=3 (number of groups), f=0.5 (effect size),
sig.level=0.05 (significance level), and power=0.8 (power level). The results showed that the number of samples required
for each group was 14. From January 2025 to May 2025, all patients who were diagnosed with AP according to the 2012
Revised Atlanta Classification, hospitalized at the Affiliated Hospital of Guizhou Medical University, and met the
aforementioned inclusion and exclusion criteria were enrolled in this study. This study included a total of 107
participants: 58 patients with AP and SIRS (SIRS group), 30 AP patients without SIRS (non_SIRS group), and 19 healthy
control volunteers (HC group). Within the clinically more severe SIRS group, we stratified subgroups based on SOFA
scores: low_SOFA (SOFA < 2, n = 20), med SOFA (SOFA = 2, n = 18), and high SOFA (SOFA > 2, n = 20). The
sample types were rectal swabs.

lllumina MiSeq Sequencing

DNA was extracted from rectal swab samples and detected using 1% agarose gel electrophoresis. The V3—-V4 region of
the bacteria’s 16S ribosomal RNA (rRNA) gene was amplified by PCR using transGen AP221-02: TransStart Fastpfu
DNA Polymerase. The PCR instrument was the ABI GeneAmp®™ 9700. AxyPrep DNA Gel Extraction Kit (AXYGEN)
was suitable for gel extraction of PCR products. The QuantiFluor™-ST Blue Fluorescence Quantitation System
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(Promega) was used for the quantitation of PCR products. The TruSeq™ DNA Sample Prep Kit was used to process
amplification products into standardized library that met the requirements of the Illumina MiSeq sequencing platform.

Sequencing Data Processing

Raw data obtained by MiSeq sequencing were saved in fastq format. FASTP (v0.23.4) and FLASH (v1.2.11) were used
to quality-control, filter, and splice of the raw data. Z-Score normalization was performed on the processed data. These
processed sequences were subjected to operational taxonomic unit (OTU) analysis. The Usearch (v7.0.1090) was used to
cluster OTUs (97% similarity), including extracting non-redundant sequences, removing singletons, and eliminating
chimeras. To obtain the species classification information corresponding to each OTU, the RDP classifier (a naive
Bayesian classifier) algorithm (version 2.11) was used to perform taxonomic analysis on the OTU representative
sequences at the 97% similarity level. The classification confidence was 0.7. Species annotation (reference database:
Silval38, https://www.arb-silva.de/documentation/release-138/) was carried out the based on QIIME platform (http://
giime.org/scripts/assign taxonomy.html).

Diversity Analysis

The mothur package (version 1.30.2) was used for alpha diversity analysis. In alpha diversity, the sobs, chao, and ace
indices were used to reflect community richness; the shannon index was used to reflect community diversity; the
coverage index was used to reflect community coverage; and the smithwilson index was used to reflect community
evenness. The Kruskal-Wallis rank sum test was used to analyze differences of alpha diversity indices among groups.
Subsequently, beta diversity analysis was performed using the principal co-ordinates analysis (PCoA) method to
investigate the similarities or differences of sample community composition. The unweighted UniFrac distance algorithm
was used to calculate the distance between samples. The ANOSIM was used to test differences among groups. In
addition, the microbial dysbiosis index (MDI)*! was calculated using the vegan (v2.4.3) and python (v2.7.10) packages.
The larger the MDI value, the higher the degree of microbiota dysbiosis. The Kruskal-Wallis rank sum test was used to
analyze differences of MDI among groups.

Composition and Differential Analyses of Microbiota

Barplots were generated using R software (v3.3.1) to illustrate the relative abundance composition of microbial
communities at three taxonomic levels (phylum, genus, and species) in all study groups. Meanwhile, differential
abundance analysis was conducted using the stats in the R package (v3.3.1). Based on the relative abundance data of
community, the Wilcoxon rank-sum test was used to identify gut microbiota with significant differences between groups
(P <0.0%).

Function Prediction

PICRUSt2 is an important tool for predicting the functions of microbial community using 16S rRNA gene data.”” Its
predictions are based on several gene family databases, including MetaCyc and Kyoto Encyclopedia of Genes and
Genomes (KEGG).”> KEGG is an integrated database resource composed of multiple functional units such as enzyme,
KEGG module, and KEGG pathway.>* MetaCyc database is the largest curated collection of metabolic pathways.?> In
this study, PICRUSt2 (http://huttenhower.sph.harvard.edu/galaxy) was used for functional prediction, and the Kruskal—
Wallis rank sum test was employed to analyze differences among groups.

Construction of Diagnostic Models

The randomForest function in the R package (v3.3.1) was used to construct random forest diagnostic classification
models. Genus level microbiota taxa were ranked by importance in descending order based on the Mean Decrease
Accuracy value derived from the random forest algorithm. Following the ranking results, taxa were added one by one in
top-to-bottom order. For each of these cases, classification was conducted via the random forest algorithm, and the area
under curve (AUC) value was calculated using the 10-fold cross-validation. The genera involved when the AUC value
reached its maximum were identified as the optimal biomarkers. The pROC in the R package (v3.3.1) was used to
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perform receiver operator characteristic (ROC) analysis to verify the diagnostic accuracy of classification models. The
AUC ranges from 0 to 1, and it is a good indicator of the goodness of the test. A perfect diagnostic test achieves an AUC
of 1.0.%

Statistical Analysis

The statistical analyses in this study were performed using R software. Normally distributed continuous variables were
expressed as mean + standard deviation (SD) and analyzed using analysis of variance (ANOVA). Non-normally
distributed continuous variables were presented as median (Q;, Q;) and compared using the Kruskal-Wallis test.
Categorical variables were expressed as frequencies (percentages) and analyzed using either the chi-square test or
Fisher’s exact test, as appropriate. P < 0.05 was considered statistically significant.

Results

Statistical Analysis of Clinical Characteristics

Among the SIRS, non SIRS, and HC groups, there were no significant differences in demographic indicators such as
age, body mass index (BMI), and gender. However, significant differences were observed in drinking history, smoking
history, and hypertension, suggesting that drinking history, smoking history, and hypertension may be risk factors for
disease. Among clinical indicators, the neutrophil percentage and count (NEU%, NEU#) in the SIRS group were
significantly higher than those in the non_SIRS group, while the lymphocyte count (LYM#) was significantly lower.
Additionally, scores such as SOFA and acute physiology and chronic health evaluation II (APACHE II), as well as serum
amylase (AMS) levels, were higher in the SIRS group (Table S1), indicating a more severe inflammatory response and
condition in the SIRS group.

Fifty-eight patients with SIRS were further divided into three groups based on their SOFA scores: low SOFA,
med SOFA, and high SOFA. The high SOFA group had significantly lower platelets (PIt) and significantly higher levels
of D-dimer, serum creatinine (Cr), aspartate aminotransferase (AST), and alanine aminotransferase (ALT), suggesting
more obvious organ damage. Moreover, the proportion of severe acute pancreatitis (SAP) in the high SOFA group was
45.00%, higher than the 10.00% in the low_SOFA group, indicating that higher SOFA scores were associated with
greater disease severity (Table S2).

Differences in inflammatory factors among different groups were also compared. The results showed that the
non_SIRS group had significantly lower levels of white blood cells (WBC), systemic immune-inflammation index
(SII), systemic inflammatory response index (SIRI), C-reactive protein (CRP), procalcitonin (PCT), and interleukin-6
(IL-6) compared to the SIRS-related subgroups (low_SOFA, med SOFA, and high SOFA). Among the SIRS subgroups,
the high SOFA group had significantly higher levels of CRP and PCT than the low_SOFA and med SOFA groups, and
IL-6 levels were also higher than those in the latter two groups (Table 1). These findings suggest that inflammatory factor
levels were directly correlated with disease severity, with the high SOFA group exhibiting the most intense inflammatory
response.

Table | Blood Concentrations of Inflammatory Factors in Different Subgroups of Patients with Acute Pancreatitis

Variables Low_SOFA Med_SOFA High_SOFA Non_SIRS F/H P

WBC 15.24 + 4.60 15.40 + 4.40 1431 £+ 5.05 10.22 + 2.62*¢ 9.066 | <0.001
SlI 3463.12 + 2232.36 2685.50 £ 1676.01 3195.59 + 3276.29 1384.10 £ 1051.96%¢ 4.89 0.004
SIRI 10.29 + 6.85 9.90 + 7.85 11.23 £9.17 3.48 + 3.12%¢ 7.246 | <0.001
CRP 106.42 + 92.88 149.00 £ 110.99 201.75 + 125.79? 4520 + 53.94% 10.623 | <0.001
PCT 0.11 (0.07, 0.32) 0.12 (0.07, 0.84) 2.04 (0.48, 9.49)* 0.08 (0.04, 0.11)° 39.229 | <0.001
IL-6 79.40 (24.80, 169.25) | 88.10 (22.75, 175.40) | 117.50 (68.40, 213.20) | 9.40 (4.10, 20.65)* | 32.813 | <0.00I

Notes: “Represents P < 0.05 vs low_SOFA. bRepresents P < 0.05 vs med_SOFA. “Represents P < 0.05 vs high_SOFA.
Abbreviations: WBC, White Blood Cell; SlI, Systemic immune-inflammation index; SIRI, Systemic inflammatory response index; CRP, C-reactive protein;
PCT, Procalcitonin; IL-6, Interleukin-6.
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Diversity Analysis of Microbiota

Compared with the HC group, the ace, chao, sobs and shannon indexes were significantly decreased in the SIRS and
non_SIRS groups (Figure 1A—D), while the coverage and smithwilson indexes were significantly increased (Figure 1E
and F). These results suggested that microbial richness may be reduced in the disease state, and the community structure
may also have undergone changes. However, there were no significant differences in community richness, community
diversity, community coverage and community evenness between the SIRS and non_SIRS groups. Moreover, with the
increase of SOFA scores, the high SOFA group showed decreased community richness and community diversity, as well
as increased community coverage and community evenness (Figure 1G-L). Among them, compared with the low SOFA
group, the differences in community richness and community coverage were statistically significant.

PCoA analysis showed that distinct differences existed in the distribution patterns between the HC and SIRS groups,
as well as between the HC and non_SIRS groups. Meanwhile, an overlap was observed between the SIRS and non_SIRS
groups (Figure S1A). This indicated that the microbiota structure of both the SIRS group and the non SIRS group were
notably different from that of the HC group, while the microbiota structure of the SIRS and non_SIRS groups was not
significantly different. The sample distributions among the low SOFA, med SOFA, and high SOFA groups were
somewhat dispersed (Figure S1B). The P value also indicated that there were certain differences among the groups.
However, the degree of difference in microbiota structure among the groups was relatively small. MDI results indicated
that the microbial dysbiosis in SIRS and non_SIRS groups were relatively severe (Figure S1C). Additionally, as the
SOFA score increased, the microbial dysbiosis worsened (Figure S1D).

Composition of Microbiota in Different Groups

Barplot revealed that the mainly dominant microbiota in the HC group at the phylum level were Bacillota, Bacteroidota,
Actinomycetota, and Pseudomonadota (Figure 2A). The mainly dominant microbiota in the SIRS, non SIRS,
low_SOFA, med SOFA, and high SOFA groups at the phylum level were Bacillota, Bacteroidota, Pseudomonadota,
and Fusobacteriota (Figure 2A and B). At the genus level, barplot showed that the mainly dominant microbiota in the HC
group were Blautia, Bacteroides, Faecalibacterium, Segatella, and Agathobacter (Figure 2C). The mainly dominant
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Figure | Alpha diversity analysis. (A—F) Difference analysis of ace, chao, sobs, shannon, coverage, and smithwilson indexes among the HC, SIRS, and non_SIRS groups; (G-
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Figure 2 Barplots of the dominant microbiota species at phylum and genus levels in different groups. (A) Barplot of the dominant species at phylum level in the HC, SIRS,
and non_SIRS groups; (B) Barplot of the dominant species at phylum level in the low_SOFA, med_SOFA, and high_SOFA groups; (C) Barplot of the dominant species at
genus level in the HC, SIRS, and non_SIRS groups; (D) Barplot of the dominant species at genus level in the low_SOFA, med_SOFA, and high_SOFA groups.

microbiota in the SIRS, non_SIRS, low SOFA, med SOFA, and high SOFA groups at the genus level were Bacteroides,
Finegoldia, Peptoniphilus, Escherichia-Shigella, and Anaerococcus (Figure 2C and D). At both the phylum and genus
levels, the mainly dominant microbiota in each disease group exhibited consistency, whereas they showed certain
differences from those in the HC group, indicating a certain degree of disorder in the microbiota of each disease group.

Differential Analysis of Microbiota at the Genus Level

The Wilcoxon rank sum test identified 94 taxa with significant differences between the HC and non_SIRS groups,
including Blautia, Faecalibacterium, Finegoldia, Escherichia-Shigella, and Peptoniphilus (Figure 3A). It revealed 9 taxa
with significant differences between the SIRS and non SIRS groups, such as Parabacteroides, norank uncl.
Sutterellaceae (also known as norank_f Sutterellaceae), Limosilactobacillus, Winkia, and Actinotignum (Figure 3B).
There were 113 taxa with significant differences between the HC and SIRS groups, such as Blautia, Faecalibacterium,
Finegoldia, Escherichia-Shigella, and Segatella (Figure 3C). Additionally, 12 taxa with significant differences were
identified between the low SOFA and med SOFA, such as Megasphaera, norank f [Eubacterium] coprostanoligen-
es_group, Eggerthella, Sellimonas, and UCG-003 (Figure 4A). Moreover, 9 taxa with significant differences were
identified between the med SOFA and high SOFA groups, such as Fusicatenibacter, Limosilactobacillus,
Lachnospira, norank f _Lachnospiraceae, and norank o__Clostridia UCG-014 (Figure 4B). The identification of
these differential taxa was expected to reveal the mechanisms of action of the microbiota in the occurrence and
progression of diseases, thereby providing candidate microbiota for the development of microbiota-based therapeutic
strategies.
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Figure 3 Differential analysis of microbiota at genus level in the HC, SIRS, and non_SIRS groups. (A) Differential analysis of microbiota at genus level between the HC and
non_SIRS groups; (B) Differential analysis of microbiota at genus level between the SIRS and non_SIRS groups; (C) Differential analysis of microbiota at genus level between
the HC and SIRS groups. *P <0.05; **P <0.01; ***P <0.001. Wilcoxon rank-sum test.

Identification of Differential PICRUSt Functions

Within the functional units of enzyme (Figure 5A), MetaCyc (Figure 5B), module (Figure 5C), and pathway
(Figure 5D), significant differences in multiple functional features were observed among the HC, SIRS, and
non_SIRS groups. Functions such as 6-phosphofructokinase (Enzyme ID: 2.7.1.11), PWY-5101: L-isoleucine bio-
synthesis 11, M00527: Lysine biosynthesis, DAP aminotransferase pathway, aspartate < lysine, and 2-Oxocarboxylic
acid metabolism were particularly prominent among these differences and may play important roles in the pathological
mechanisms of patients. Likewise, within the functional units of enzyme (Figure 6A), MetaCyc (Figure 6B), module
(Figure 6C), and pathway (Figure 6D), marked differences in multiple functions were also observed among
low_SOFA, med SOFA, and high SOFA groups. Functions such as UMP/CMP kinase (Enzyme ID: 2.7.4.14),
GLYCOGENSYNTH-PWY: glycogen biosynthesis I (from ADP-D-Glucose), M00763: Ornithine biosynthesis,
mediated by LysW, glutamate < ornithine, and AMPK signaling pathway stood out as typical examples, and they
may play a significant role in the progression of the patients’ diseases. The results of PICRUSt analysis revealed the
potential association between the microbiota and diseases at the functional level, providing a new perspective for

understanding the molecular mechanisms of diseases.

Construction of Random Forest Classification Models for HC and non_SIRS Groups,
as Well as HC and SIRS Groups Based on Genus Level Microbiota

Random forest analysis was performed on the genus level microbiota of HC and non_SIRS groups. The results showed
that the AUC value reached the maximum when the number of included species was two (Anaerococcus and
Varibaculum) (Figure S2A and B). ROC curve analysis indicated that the classification model constructed based on
Anaerococcus and Varibaculum had excellent diagnostic accuracy in distinguishing between the HC and non_SIRS
groups (Figure S2C). Similarly, random forest analysis was performed on the genus level microbiota of HC and SIRS
groups. The results showed that the AUC value reached the maximum when the number of included species was two
(Peptoniphilus and Finegoldia) (Figure S2D and E). ROC curve analysis indicated that the classification model
constructed based on Peptoniphilus and Finegoldia had excellent diagnostic accuracy in distinguishing between the
HC and SIRS groups (Figure S2F). Although these models showed excellent diagnostic accuracy, their clinical value in

independent populations still needs to be further verified.
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Figure 4 Differential analysis of microbiota at genus level in the low_SOFA, med_SOFA, and high_SOFA groups. (A) Differential analysis of microbiota at genus level
between the low_SOFA and med_SOFA groups; (B) Differential analysis of microbiota at genus level between the med_SOFA and high_SOFA groups. *P <0.05; **P <0.01.
Wilcoxon rank-sum test.

Discussion

This study explored the characteristics of gut microbiota in AP patients with or without SIRS, healthy controls, and
subgroups stratified by SOFA scores using 16S rRNA gene sequencing of rectal swabs. The results revealed alterations in
gut microbiota diversity, composition, and function, which provide new insights into the interplay between gut micro-
biota and the progression of AP. Clinical data analysis showed that the SIRS group exhibited higher neutrophil, SOFA
scores, APACHE II scores, and serum amylase levels, accompanied by elevated inflammatory factors (CRP, PCT, IL-6),
which is consistent with the pathological feature that SIRS in AP is driven by excessive systemic inflammation, leading
to aggravated organ dysfunction.*® Notably, the high SOFA group had lower platelets and higher D-dimer, Cr, AST, and
ALT, confirming that elevated SOFA scores reflect more severe organ damage.

Alpha diversity analysis demonstrated that compared with the HC group, the SIRS and non SIRS groups had
significantly reduced community richness (ace, chao, sobs) and diversity (shannon), while community coverage and
evenness increased. This is consistent with previous findings that AP is accompanied by gut microbiota dysbiosis and
a decreased microbial diversity.”’*® Notably, as SOFA scores increased, the high SOFA group exhibited further
reductions in richness and diversity, indicating that severe organ dysfunction is linked to more pronounced microbiota
imbalance. Furthermore, the results of beta diversity analysis showed that there were significant differences in the
distribution patterns of microbial communities between HC and AP (SIRS/non_SIRS) groups, which also confirmed the
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<0.05; **P <0.01; ***P <0.001. Kruskal-Wallis rank sum test.
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Figure 6 PICRUSt functional prediction of low_SOFA, med_SOFA, and high_SOFA groups. (A) Difference analysis of Enzyme functional of microbiota among the
low_SOFA, med_SOFA, and high_SOFA groups groups; (B) Difference analysis of MetaCyc functional of microbiota among the low_SOFA, med_SOFA, and high_SOFA
groups groups; (C) Difference analysis of KEGG Module functional of microbiota among the low_SOFA, med_SOFA, and high_SOFA groups groups; (D) Difference analysis
of KEGG Pathway functional of microbiota among the low_SOFA, med_SOFA, and high_SOFA groups groups. *P <0.05; **P <0.01; ***P <0.001. Kruskal-Wallis rank sum
test.

importance of microbial community structure in the occurrence of AP. However, there were no significant differences in
the alpha and beta diversity between the SIRS and non_SIRS groups. This may suggest that the microbial communities in
the SIRS and non_SIRS groups are relatively stable in terms of diversity, evenness, coverage and the degree of change in
community composition. The MDI further confirmed that patients with AP have more severe microbiota disorder, and
MDI increases with SOFA scores, reinforcing the correlation between microbiota dysregulation and disease severity.
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Barplots showed that there were differences in the mainly dominant microbiota between HC and AP patients,
especially at the genus level. The mainly dominant microbiota in the HC individuals at the genus level were Blautia,
Bacteroides, Faecalibacterium, Segatella, and Agathobacter. The mainly dominant microbiota in the AP patients at the
genus level were Bacteroides, Finegoldia, Peptoniphilus, Escherichia-Shigella, and Anaerococcus. Blautia is a genus of
anaerobic bacteria with probiotic properties, and it plays a significant role in alleviating inflammatory and metabolic
diseases.”” Faecalibacterium is a genus of strictly anaerobic, extremely oxygen-sensitive. Low level of Faecalibacterium
is associated with inflammation.’® One of the main metabolites produced by Faecalibacterium is butyrate,®" which can
be used as a carbon source by colon cells and enhances the intestinal barrier by strengthening tight junctions.** A study
has shown that GV-971 can promote Faecalibacterium, resulting in subsequent anti-inflammatory microbiota metabolites
(such as propionate and butyrate) that inhibit macrophage M1 polarization in SAP.**> Agathobacter is a beneficial
bacterium in the gastrointestinal tract, and its reduced abundance is associated with many neurological diseases and
mediates neuroinflammation.>* Agathobacter is also associated with extraintestinal manifestations of inflammatory bowel
disease.”> Finegoldia and Peptoniphilus, as anaerobic gram-positive cocci, are often associated with infections and
inflammations.?**%3% Escherichia-Shigella is the major intestinal microbe in AP, and increased abundance of this group
is associated with the deterioration of AP.'> Members of the genus Anaerococcus are mostly anaerobic gram-positive
cocci and are closely associated with human health.*® Anaerococcus is also a potential diagnostic biomarker for moderate
AP.*° Moreover, the Wilcoxon rank sum test results showed that Blautia, Faecalibacterium, Agathobacter, Finegoldia,
Peptoniphilus, Escherichia-Shigella, and Anaerococcus exhibited significant differences between the HC and AP (SIRS/
non_SIRS) groups, suggesting that they may play an important role in the AP, and the specific mechanism needs further
study.

The Wilcoxon rank sum test also revealed 9 significantly different taxa between the SIRS and non_SIRS groups, such
as Parabacteroides, norank_f Sutterellaceae, Limosilactobacillus, Winkia, and Actinotignum. These taxa are part of the
gut microbiota and may be involved in gastrointestinal health and disease. For example, some members of
Parabacteroides have been associated with the production of short-chain fatty acids, which play important roles in gut
health.*>*! In the context of AP, we hypothesize that they may be associated with the development of SIRS. However,
their specific functional mechanisms remain unclear and require further investigation. Additionally, 12 taxa with
significant differences were identified between the low SOFA and med SOFA, such as Megasphaera and Eggerthella.
Moreover, 9 taxa with significant differences were identified between the med SOFA and high SOFA groups, such as
Fusicatenibacter and Lachnospira. In the context of AP, they may be associated with the patient’s organ failure. Studies
have shown that Megasphaera,** Eggerthella,® Fusicatenibacter,** and Lachnospira® are closely related to human
health, but the role of Megasphaera, Eggerthella, Fusicatenibacter, and Limosilactobacillus in AP remains to be further
studied. This study provides a potential research direction for subsequent exploration.

PICRUSt2 analysis revealed functional differences in gut microbiota among groups. In the comparison among the
HC, SIRS, and non_SIRS groups, pathways such as L-isoleucine biosynthesis and lysine biosynthesis were altered.
Amino acids are the basic building blocks of protein synthesis, and their metabolic disorders are associated with various
pathological conditions, including metabolic diseases, cardiovascular diseases, immune and inflammatory diseases, and
cancer.*® For the SIRS subgroups, there was a significant difference in the enrichment of the AMPK signaling pathway.
AMPK is a key regulator of energy metabolism, and its activation can inhibit inflammatory responses.*’** Additionally,
glycogen biosynthesis pathway was altered among SIRS subgroups, which may be related to the energy metabolism
disorder in organ failure.*’ Collectively, these results suggest that gut microbiota-driven functional dysregulation plays
a crucial role in the occurrence and progression of AP as well as the severity of AP-related organ failure, providing new
insights for subsequent research.

Random forest, a powerful machine learning algorithm that leverages bootstrap aggregation and randomization of
predictors for high prediction accuracy, finds extensive use across multiple domains, including the development of
diagnostic classification models.’® > In this study, the random forest models constructed using Anaerococcus and
Varibaculum (for distinguishing HC and non SIRS) and Peptoniphilus and Finegoldia (for distinguishing HC and
SIRS) showed excellent diagnostic accuracy, suggesting these genera could serve as potential microbial biomarkers.
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From the patient’s perspective, the findings of this study have practical implications for the clinical management of
AP. In terms of early diagnosis and risk stratification, the microbial biomarkers identified were derived from rectal swabs.
This is a non-invasive, easy-to-collect sample that causes minimal discomfort to AP patients. Compared with invasive
sampling or complex imaging, rectal swab-based microbial detection is more acceptable to patients and reduces the
psychological burden of repeated invasive tests. For prognosis monitoring, the dysregulation of the gut microbiota
provides potential “accessible indicators” for the progression of the disease in patients. Combined with routine clinical
indicators, microbial changes can help patients and clinicians better understand disease severity, adjust care plans in
a timely manner, and improve treatment compliance.

However, this study also has certain limitations. Firstly, the specific mechanism between the identified gut microbiota
and the progression of AP remains unclear and requires further investigation via functional experiments (eg, fecal
transplantation experiments). Secondly, the current sample size is relatively small, and the constructed diagnostic
classification models still need further validation in larger clinical samples. In conclusion, this study demonstrates that
gut microbiota dysbiosis is closely associated with the occurrence of AP, development of SIRS, and severity of organ
failure. Specific microbiota taxa and functional pathways may serve as potential therapeutic targets or diagnostic
biomarkers for AP, providing a microbial perspective for personalized management of this disease.
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