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Received 17 June 2025 but pathway inference from differentially expressed gene (DEG) signatures remains limited by data scarcity,
Accepted 9 April 2026 model incompatibility with tabular data, and limited interpretability. We aimed to develop an efficient and
explainable model that predict gene-pathway associations from a large curated DEG signature compendium
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Method: We developed SaintGSE, a supervised prediction framework combining an autoencoder for
dimensionality reduction and the SAINT for modeling tabular DEG signatures. The model was trained
on a large public DEG compendium with pathway labels derived from EnrichR and interpreted using
Integrated Gradients (IG) to prioritize driver genes. Experimental validation was conducted using

mouse (n=5) and human (n=3) chondrocyte cultures, and in vivo OA-induced mouse models (n=5 per
group).
Results: SaintGSE analysis identified key OA-related signaling pathways potentially modulated by natural
extract from Senna obtusifolia, including NF-xB and p38. In vitro, the extract reduced OA catabolic factors
compared with IL-1p-treated controls, including Mmp3 (mean difference 52.06, 95% CI 32.8-71.3,
p<0.0001), Mmp13 (mean difference 5.13, 95% CI 2.9-7.4, p <0.0001), and Cox2 (mean difference 1.39, 95%
CI 1.1-1.7, p<0.0001). In vivo, the extract significantly reduced cartilage damage compared with the DMM-
operated PBS-treated group (effect estimate [mean rank difference] 13.3, p=0.0009). IG-based driver genes
provided compact, condition-specific candidates supporting each pathway prediction.
Conclusions: SaintGSE offers scalable, explainable pathway prediction from DEG signatures and enables
mechanism- and target-oriented follow-up for disease studies and drug candidate screening.

© 2026 Osteoarthritis Research Society International. Published by Elsevier Ltd. All rights are reserved,

including those for text and data mining, Al training, and similar technologies.

Introduction

Signaling pathway analysis, traditionally based on differentially
expressed genes (DEGs), is increasingly incorporating artificial in-
telligence (Al) to analyze gene sets from large-scale gene expression
profiles. Previous studies have significantly increased the accessi-
bility of biological insights through user-friendly web-based tools,
offering novel ways to explore transcription factor (TF) interactions
and discover related genes or drugs in signaling pathways [1-4].
However, traditional gene set enrichment analysis (GSEA) or over-
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representation analysis (ORA) still face limitations due to its reliance
on predefined gene sets, while Al models often struggle with issues
like insufficient training data and difficulty in handling tabular gene
expression data and due to the black-box nature of the models, in-
terpreting the results can be difficult.

To address challenges in gene expression analysis, we utilized
fold change instead of raw gene expression data, allowing us to re-
duce outliers, streamline normalization, and enhance data aug-
mentation for a more robust analysis [5-7]. To handle the
computational cost of large-scale datasets, we implemented auto-
encoder (AE) for dimensionality. Additionally, application of the Self-
Attention and Intersample Attention Transformer (SAINT) to tabular
expression data generated superior performance compared to tra-
ditional machine learning approaches by considering relationships
between features and samples at the same time [8,9]. Finally, the
application of eXplainable Al (XAl) interpreted model outputs, using
Integrated Gradients (IG) for each stage of AE and SAINT, identifying
influential genes within signaling pathways, thus providing insight
into our model’s predictions [3,10].

This entire modeling process, named as SaintGSE, outperformed
other models in evaluation metrics, particularly for imbalanced da-
tasets, and was used to analyze signaling networks involved in os-
teoarthritis (OA). Osteoarthritis, whose incidence generally increases
with age and various contributing factors, is characterized by pain,
inflammation, and cartilage deformity [11,12]. The representative
pro-inflammatory cytokine IL-1p activates downstream signaling
pathways, such as the Erk, NF-xB, P38, and JNK pathways, leading to
the secretion of OA-related factors, including metalloproteinases
(Mmp3 and Mmp13) and cyclooxygenase 2 (Cox2), contributing to
joint inflammation and cartilage damage [13,14|. While no curative
drugs exist for OA, natural products like Senna obtusifolia have
shown promise due to their multi-compound nature, which is also
beneficial for alleviating several diseases [15-20]. S. obtusifolia is
composed of compounds such as anthraquinones and naphtho-
pyrone glycosides [21,22] and anthraquinones have been studied for
their anti-inflammatory and anti-arthritic effects, which include
Cox2 regulation and their role in drug development [23-26]. Our
previous study also identified that obtusifolin, an anthraquinone
from S. obtusifolia, can reduce OA severity by specifically regulating
NF-xB signaling under OA conditions [27]. Hypothesizing that the
natural extract would modulate more OA-related pathways than the
single isolated compound, obtusifolin, due to synergistic effects, we
used SaintGSE to identify key OA-related genes and signaling path-
ways. This research demonstrated that SaintGSE could efficiently
predict candidate signaling pathways and showcased its broader
applicability in predicting potentially effective drugs.

Methods

We compiled a large collection of public DEG signatures and
trained SaintGSE to predict pathway involvement and identify driver
genes from DEG profiles. We curated 1295 GEO experiments (Oct
2023-Apr 2024; >2 replicates per group) and performed within-
study DEG analysis using pyDESeq2 (ver. 0.5.3), yielding 29,065
signatures; 929 additional human DEG signatures from the Gene
Expression Atlas were included (total 29,994; summarized in
Supplementary Fig. 1 and Supplementary Table 1) [28,29]. Each
signature was represented as a log,FC vector over 36,926 genes
(matched NCBI/Ensembl IDs); genes with adjusted p>0.05 or not
expressed were assigned log,FC=0 [30].

Pathway labels were derived by ORA in EnrichR using the
“Elsevier_Pathway_Collection” library: genes with Ilog,FCi>1 were
submitted to ORA, and pathways with adjusted p < 0.05 were labeled
positive, producing 1719 pathway-wise binary tasks [31]. For appli-
cation analyses, we additionally performed pre-ranked GSEA and

sSGSEA using the same pathway library to compare ORA-, GSEA-,
ssGSEA-, and SaintGSE-based pathway signals [32,33].

SaintGSE is a two-stage model (AE and SAINT) trained per
pathway. Inputs were standardized using a training-only scaler. The
AE was trained with MSE reconstruction plus an L1 penalty and
encoded each signature into a 256-dimensional latent vector (se-
lected by consistent performance; Supplementary Table 2). A [CLS]
token was prepended to latent tokens and a SAINT-based classifier
was pretrained and fine-tuned with BCEWithLogitsLoss. Data were
split at the signature level into non-overlapping train/validation/test
sets (70/10/20 for AE; 65/15/20 for SAINT). We compared SaintGSE
with representative gradient-boosting and deep-learning baselines
using the same AE latents, identical splits, early stopping, and area
under the receiver operating characteristic curve (AUROC).

For interpretation, we report post-hoc calibrated pathway scores
and IG-based gene attributions. SaintGSE pathway signals were
compared with conventional ORA(EnrichR)/GSEA/ssGSEA outputs
using the same pathway library [34]. Gene-level attributions were
computed with IG on the pathway logit, using a zero baseline in the
standardized input space. Chondrocyte and animal validation ex-
periments, RNA-seq processing, and downstream pathway analyses,
as well as replicate-dependent stability analysis in paired prostate
cancer RNA-seq (GSE22260; paired DESeq2 (ver. 1.42.1) with nested
downsampling N=5-2, seed=1), are described in the Supplementary
Information [35].

Results

SaintGSE’s transformer architecture is robust under severe class
imbalance in signaling pathway prediction

SaintGSE formulates pathway involvement prediction as in-
dependent binary classification tasks (1719 total; one model per
pathway) (Fig 1A; Methods). We benchmarked SaintGSE against nine
baselines (XGBoost, LightGBM, CatBoost, CNN, RNN, LSTM, FT-
Transformer, TabNet, and NODE) across four pathway occurrence
groups (rare, low, balanced, and high) using 5-fold stratified cross-
validation on the same fixed AE-encoded inputs for all models.
Performance was evaluated using AUROC, area under the pre-
cision-recall curve (AUPRC) and F1 score (Fig. 1B-D) [36-38]. In low-
to-high occurrence pathways, SaintGSE showed discrimination and
ranking performance comparable to that of the strongest baseline
models. For example, in “Chronic Myeloid Leukemia” (n=4588),
SaintGSE achieved mean AUROC/AUPRC/F1 values of 0.868 (95% CI
0.862-0.874)/0.695 (95% CI 0.681-0.709)/0.629 (95% CI
0.618-0.640). Corresponding mean AUROC/AUPRC/F1 values were
0.883 (95% C1 0.876-0.890)/0.712 (95% CI 0.705-0.719)/0.643 (95% CI
0.628-0.658) for XGBoost, 0.874 (95% CI 0.868-0.880)/0.699 (95% CI
0.690-0.708)/0.629 (95% CI 0.618-0.640) for LightGBM, and 0.864
(95% CI 0.855-0.873)/0.687 (95% CI 0.678-0.696)/0.624 (95% CI
0.610-0.638) for CatBoost, indicating performance comparable to
the gradient-boosting baselines in this low-occurrence pathway.

However, performance differences became more evident under
extreme imbalance, a setting of particular importance because 400
of 1719 pathways (23.3%) were in the rare-occurrence group and
1305 of 1719 pathways (75.9%) were in the low-occurrence group
(Supplementary Fig. 2A). In the rare pathway “Proteins with Altered
Expression in Cancer-Associated DNA Methylation” (n=105), AUPRC
was low across all models, as expected under extreme imbalance.
SaintGSE achieved mean AUROC/AUPRC/F1 values of 0.766 (95% CI
0.715-0.817)/0.111 (95% CI 0.061-0.161)/0.192 (95% CI 0.125-0.259).
Corresponding mean AUROC/AUPRC/F1 values were 0.678 (95% CI
0.580-0.776)/0.029 (95% CI 0.000-0.059)/0.073 (95% CI 0.018-0.128)
for FT-Transformer, 0.506 (95% CI 0.424-0.588)/0.006 (95% CI
0.000-0.013)/0.005 (95% CI 0.000-0.011) for TabNet, and 0.478 (95%
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Schematic representation of the SaintGSE architecture and the evaluation metrics of seven distinct models across four occurrence groups. (A) In

the dataset preparation stage, human differentially expressed gene (DEG) datasets from Expression Atlas and GEO are merged and submitted to

an autoencoder (AE). The AE is pre-trained by minimizing the mean squared error (MSE) loss between the raw DEG data and its reconstructed

data after encoding and decoding. Following pre-training, the AE encodes the merged DEG dataset into a latent gene set, which is subsequently

used for the pretraining of the SAINT model. SAINT fine-tunes its parameters during pretraining and learns to predict using the [CLS] token during
the training phase. For model interpretation, gene-level contribution scores were computed on the trained end-to-end SaintGSE model using
Integrated Gradients (IGs). (B-D) Predictive performance of SaintGSE and baseline models was evaluated across four pathway occurrence groups
(rare, low, balanced, and high) using 5-fold stratified cross-validation and is reported as mean + standard deviation (s.d.) for (B) AUROC, (C)
AUPRC, and (D) F1-score. All baseline models were trained using the same AE-encoded latent gene set as SaintGSE. The occurrence groups
were defined by the number of positive DEG signatures in the full dataset (29,996 signatures): rare (n < 1000), low (1000 < n < 13,000), balanced
(13,000 < n < 16,000), and high (n > 16,000). The occurrence counts for the representative pathways shown are n=105 for “Proteins with Altered
Expression in Cancer-Associated DNA Methylation,” n=4588 for “Chronic Myeloid Leukemia,” n=15,399 for “Proteins Involved in Osteoarthritis,”
and n=17,987 for “Proteins Involved in Glioma.”.
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Cl 0.361-0.595)/0.007 (95% CI 0.003-0.011)/0.029 (95% CI
0.000-0.064) for NODE, indicating less severe degradation than in
these tabular deep-learning baselines. This robustness may reflect
SaintGSE’s design, which combines feature-wise attention with an
additional mini-batch inter-sample attention block that may capture
sample-level context beyond within-sample feature interactions
(Supplementary Fig. 3). Although tree-based boosting models mat-
ched or exceeded SaintGSE in AUROC for some tasks (Fig. 1B-D),
their explanations are naturally defined in the AE latent feature
space, whereas SaintGSE supports end-to-end, gradient-based gene
attribution through the encoder and classifier within a single dif-
ferentiable framework. To test whether imbalance could be miti-
gated beyond architectural choices, we additionally evaluated
imbalance-handling loss functions (class re-weighting and focal
loss) and mixup/CutMix augmentation. Class re-weighting and focal
loss did not consistently improve performance relative to the un-
augmented model (Supplementary Table 3). Mixup/CutMix-based
augmentation consistently improved AUROC across the five re-
presentative rare-occurrence pathways and improved AUPRC in four
of five pathways, but improved F1 in only three of five pathways
(Supplementary Table 4), indicating metric-dependent trade-offs
rather than a uniformly superior performance profile. Consequently,
we retained the unaugmented SaintGSE model as the final predictive
model, prioritizing consistency across evaluation metrics and a
training setup directly aligned with downstream gene-level inter-
pretation.

Applying SaintGSE to mouse chondrocyte RNA-seq reveals OA-related
pathway involvement by an independent scoring framework

We subsequently applied SaintGSE to an external RNA-seq dataset
of mouse chondrocytes by converting mouse genes to human orthologs
and evaluated three contrasts: (1) IL-1p-treated (Numerator) vs. None
(Denominator) mouse chondrocytes, (2) IL-1p-treated (Numerator) vs.
IL-1p and S. obtusifolia-cotreated mouse chondrocytes (Denominator),
and (3) IL-1p-treated (Numerator) vs. IL-18 and obtusifolin-cotreated
mouse chondrocytes (Denominator). Using the same Elsevier Pathway
Collection, we compared ORA, pre-ranked GSEA, and ssGSEA against
SaintGSE on a harmonized pathway set. For a like-for-like comparison,
we retained only terms detectable by all three conventional methods
(ORA adjusted p<0.05, GSEA FDR <0.25, ssGSEA max Iz>1.5 in any
sample), resulting in 20 pathways (Fig. 2A). For each contrast, we
quantified agreement by Spearman rank correlation across pathways
using method-specific scores: ORA = -log;o(FDR), GSEA = INESI, ssGSEA
= JANES], and SaintGSE = calibrated score (post-hoc calibrated on vali-
dation set). Because these approaches summarize pathway signals
using different assumptions (gene-set aggregation vs. learned scoring),
pathway rankings differed across methods, particularly for IL-1p (Nu-
merator) vs. None (Denominator), where rank similarity between
SaintGSE and GSEA was low (Spearman p=0.153), whereas similarity
between SaintGSE and ORA was higher (p=0.769).

To understand why pathway rankings diverged between enrich-
ment-based methods (predefined gene sets) and SaintGSE, we
compared curated pathway members with SaintGSE gene-level at-
tributions derived by IG. IG attributions were highly concentrated
across signatures: only 17.2% of DEGs in IL-1p-treated (Numerator)
vs. None (Denominator), 20.3% in IL-1p-treated (Numerator) vs. S.
obtusifolia-cotreated mouse chondrocytes (Denominator), and 20.4%
in IL-1p-treated (Numerator) vs. obtusifolin-cotreated mouse chon-
drocytes (Denominator) were required to account for 50% of cu-
mulative IIGI (Supplementary Fig. 4A). We therefore adopted top 50%
of cumulative IIGI—the minimal DEG set explaining 50% of cumula-
tive IIGl—as a compact definition of high-contribution genes and
applied it to discordant cases. In the IL-1p-treated (Numerator) vs.
None (Denominator) contrast, where the rank similarity between

SaintGSE and GSEA was lowest (p=0.153), we examined a re-
presentative discordant pathway (“Proteins Involved in Glioma”).
Overlap between the curated Elsevier gene set and top 50% of cu-
mulative [IGI was minimal (Jaccard J=0.016; Supplementary Fig. 4B).
Notably, top IG-ranked drivers were predominantly out-of-set yet
plausible in an inflammatory response (e.g., NOS2, ARG2, ANGPTL4,
MMP3), indicating that SaintGSE can prioritize condition-responsive
drivers even when overlap with curated pathway members is limited
(Supplementary Fig. 4C) [14].

Across all three contrasts, SaintGSE assigned higher calibrated scores
to “Proteins Involved in Osteoarthritis” (PIOA; 0.99, 0.61, and 0.49) than
to OA (0.08, 0.19, and 0.07) (Supplementary Fig. 4D). To interpret what
supported these predictions in each signature, we examined IG-based
gene attributions and focused on the top 50% of cumulative [IGl, which
yields a compact, pathway-directed driver set (Fig. 2B). In IL-1p-treated
(Numerator) vs. None (Denominator), multiple strongly induced in-
flammatory/catabolic genes also carried high attribution (e.g., NOS2,
log,FC=12.56, IIGI=0.217; MMP3, log,FC=8.09, lIGI=0.221), consistent with
an IL-1p-driven inflammatory program supporting the PIOA prediction
[14,39]. Importantly, SaintGSE did not simply prioritize fold change:
some genes showed only modest expression shifts yet ranked among the
strongest decision-driving contributors (e.g, SPIDR, log,F(C=1.75,
IIGI=0.226). SPIDR has been implicated in DNA damage response/repair-
linked regulatory programs, which is mechanistically compatible with
emerging evidence that genome stress, senescence, and inflammatory
signaling are intertwined in OA-like chondrocyte states, making it a
plausible context-specific driver candidate despite moderate fold change
[40]. In contrast, other DEGs with non-trivial fold changes contributed
negligibly (e.g., COMP, log,FC=—1.74 but IGI=1.3x10"*), indicating selec-
tive, context-dependent attribution rather than uniform weighting
of DEGs.

Under co-treatment conditions, the IG-based driver profiles differed
from those in IL-1p-treated (Numerator) vs. None (Denominator). In IL-
1p-treated (Numerator) vs. S. obtusifolia-cotreated (Denominator), high-
attribution genes were enriched for remodeling-associated components
(e.g., TNC and ACTG2 among top contributors), together with regulatory
nodes such as CCND1, suggesting a shift from dominant inflammatory
markers toward tissue remodeling and signaling axes [39,41]. In IL-1p-
treated (Numerator) vs. obtusifolin-cotreated (Denominator), top attri-
butions emphasized structural/regulatory factors (e.g., COL23A1, TRIM16,
TGMT1), and included candidates with relatively small fold changes but
notable attribution (e.g., SH3BP4, log,FC=1.02, IIGI=0.072) [27]. SH3BP4
has been reported as a functional OA susceptibility gene in in vivo
screening and its known roles in receptor trafficking and growth/nu-
trient signaling modules (e.g., FGFR/mTOR/Wnt-linked regulation) pro-
vide a coherent interpretation for why it emerges as a treatment-
specific, model-prioritized driver [42]. Across contrasts, bottom-ranked
genes could retain measurable fold changes but near-zero attribution,
supporting that IIGI reflects signature-specific contribution to the PIOA
involvement prediction rather than differential expression magnitude.

To connect model-derived drivers with conventional gene-set inter-
pretation, we compared (1) the top 50% of cumulative [IGI genes, (2) the
full DEG list, and (3) the EnrichR PIOA gene set, and summarized their
functional orientation by DAVID/Reactome (Fig. 2C-E). The curated PIOA
gene set showed broad, largely invariant coverage across immune/sig-
naling/ECM categories, reflecting fixed prior membership [14]. In con-
trast, SaintGSE drivers were more selective and contrast-dependent: IL-
18 stimulation emphasized immune/cytokine-related categories,
whereas co-treatment signatures shifted toward signaling and extra-
cellular matrix organization, consistent with distinct transcriptional
programs underlying each condition. Together, these results support that
SaintGSE complements enrichment outputs by providing a calibrated
pathway score and a compact, context-specific driver set, which can
guide downstream validation of OA-relevant catabolic and remodeling
factors.
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Application of SaintGSE to an external mouse chondrocyte RNA-seq dataset highlights OA-related pathway involvement and context-specific
driver genes. Mouse genes were converted to human orthologs, and DEG signatures were generated for three contrasts: IL-1p-treated
(Numerator) vs. None (Denominator), IL-1p-treated (Numerator) vs. Senna obtusifolia-cotreated (Denominator), and IL-1p-treated (Numerator) vs.
Obtusifolin-cotreated (Denominator). (A) Benchmark comparison of ORA (EnrichR), GSEA, ssGSEA, and SaintGSE across the three DEG sig-
natures. Pathways shown (n=20) were selected as the set of terms detectable by all three conventional methods under the analysis thresholds
(ORA adjusted p < 0.05; GSEA FDR g<0.25; ssGSEA max IzI>1.5 in any sample). Pathway scores were method-specific (ORA: -logo(FDR);
GSEA: INESI; ssGSEA: IANESI; SaintGSE: calibrated score), with missing values shown as NA (gray). Spearman’s rank correlation (p) between
SaintGSE and each conventional method was computed across the 20 pathways for each contrast and is shown beneath each contrast. (B) Gene-
level interpretation of the “Proteins involved in osteoarthritis” (PIOA) prediction. DEGs were ranked by IIGI and summarized by cumulative II1Gl;
high-contribution genes (orange) were defined as the minimal set of DEGs accounting for the top 50% of cumulative IIGl. (C-E) Functional
orientation of three gene sets—total DEGs, the EnrichR-derived PIOA gene set, and SaintGSE drivers (top cumulative 50% IIGI)—for three
contrasts using DAVID Reactome annotations. Bars show related genes (%; y-axis), defined as the fraction of genes in each input set annotated to

each Reactome category (x-axis).

Generalizability and replicate-dependent stability of SaintGSE

We further analyzed an external prostate cancer RNA-Seq dataset
with matched tumor-benign pairs (GSE22260). To evaluate the ef-
fect of biological replicate number on pathway involvement pre-
diction, we generated DEG signatures for primary prostate cancer
(Numerator) vs. matched benign tissues (Denominator) while
varying the number of replicates (N=2-5). The calibrated score of
SaintGSE for the “Prostate cancer” pathway (n=10,123) was 0.03,
0.07, 0.98, and 0.05 at N=2, N=3, N=4, and N=5, respectively, whereas
the corresponding score for “Proteins involved in prostate cancer”
(n=13,379) was 0.11, 0.14, 0.42, and 0.28 (Fig. 3A), indicating sensi-
tivity of pathway scores to replicate number. Although the number
of detected DEGs increased with additional replicates, DEG compo-
sition varied across replicate settings (Fig. 3B; Fig. S3A), indicating
that replicate choice affected the inferred transcriptional signature.

We next assessed the stability of gene-level interpretation across
replicate settings by defining an anchor set as the top 50% cumulative lIGI
genes from the N=4 signature (58 genes). These anchor genes were
rarely recovered in the DEG lists at N=2-3, but showed partial retention
at N=5 (41/58 present as DEGs, with 27/58 remaining within the top
cumulative IIGI set; Fig. 3C), consistent with additional biological het-
erogeneity across sample subsets reshaping gene prioritization. Notably,
representative genes highlighted in Fig. 3D include IFNAR2-IL10RB
(readthrough/chimeric  transcript candidate), SAA2 (immune/in-
flammatory signal), and transcriptional regulators such as SETD7 and
TP53INP1, illustrating that IIGI reflects model reliance on expression
features rather than a simple function of log,FC [41,43-45]. Consistently,
IIGI exhibited limited association with log,FC (p=0.26; Fig. 3D). Finally,
pathway enrichment based on the total DEG set was dominated by
immune-related terms (e.g., “Innate Immune System” and “Neutrophil
degranulation”), whereas enrichment restricted to the SaintGSE-prior-
itized genes (top 50% cumulative IIGI among DEGs) retained the immune
signal but additionally highlighted programs such as small-molecule
transport (including “SLC-mediated transmembrane transport”) and the
“RHO GTPase cycle” (Fig. 3E), supporting that SaintGSE concentrates
model decision on decision-driving signals within the expression sig-
nature [46].

Senna obtusifolia extract attenuates the levels of OA catabolic factors in
chondrocytes

To validate the result of SaintGSE using DEG comparisons, we
treated cells with S. obtusifolia at 10, 50, 100, or 200 pg/mL. After
confirming cell damage at a concentration of 200 pg/mL through
LDH (Fig. 4A and Supplementary Table 5), we further investigated
the effect of S. obtusifolia under OA-mimicking conditions. Mmp3,
Mmp13, and Cox2 are well-known as key molecules in the

degradation of cartilage ECM in OA (15). When chondrocytes were
treated with IL-1 in the presence of S. obtusifolia extract under OA-
mimicking conditions, the extract significantly reduced the expres-
sion of OA catabolic factors compared with IL-1B-treated controls,
including Mmp3 (mean difference 52.06, 95% CI 32.871.3, p <0.0001),
Mmp13 (mean difference 5.13, 95% CI 2.9-7.4, p <0.0001), and Cox2
(mean difference 1.39, 95% CI 1.1-1.7, p<0.0001) (Fig. 4B, C and
Supplementary Table 6). Cox2 protein expression was also reduced
compared with IL-1p-treated controls, consistent with the mRNA
results (Fig. 4B, D and Supplementary Table 7). The magnitude of
reduction was comparable to, and in some cases numerically greater
than, that observed with obtusifolin treatment under the same
conditions. In OA, cartilage extracellular matrix (ECM) degradation is
mediated in part by collagenase activity and PGE, secretion [47].
Under IL-1p stimulation, S. obtusifolia extract significantly reduced
PGE, secretion compared with IL-1p-treated controls (effect esti-
mate [mean rank difference] 22.6, p=0.0002) (Fig. 4E and
Supplementary Table 8). Collagenase activity was also significantly
reduced compared with IL-1p-treated controls (mean difference
133, 95% CI 0.93-1.73, p<0.0001) (Fig. 4F and Supplementary
Table 9). The magnitude of reduction was numerically greater than
that observed with obtusifolin treatment. To assess translational
relevance, we evaluated whether similar effects were observed in
human chondrocytes (Supplementary Fig. 6A). In human chon-
drocytes, S. obtusifolia extract did not induce significant cytotoxicity
and significantly reduced OA catabolic factors and collagenase ac-
tivity compared with IL-1p-treated controls, demonstrating a con-
sistent pattern of modulation (Supplementary Fig. 6B-6E and
Supplementary Tables 10-12).

Prediction and verification of the signaling pathways regulated by S.
obtusifolia extract under OA conditions

To predict the OA pathways regulated by S. obtusifolia extract and
obtusifolin, an RNA-seq analysis was performed. From the sequen-
cing results, various gene-related drugs were identified and com-
pared to predict signaling using ingenuity pathway analysis (IPA).
Among them, IL-1p-related signaling drugs were identified. First, we
compared the number of IL-1p-related signaling modulators asso-
ciated with genes regulated by the whole extract and obtusifolin
(Fig. 5A). Representative pathways for IL-1p signaling include the
Erk, NF-«xB, P38, and JNK pathways, and we identified drugs that
regulate genes involved in each pathway (Fig. 5B) [14]. Overlapping
drugs (Fig. 5A and B) with similar effects (Fig. 5C) were found be-
tween the two substances. A greater proportion of non-overlapping
drugs was associated with S. obtusifolia extract across multiple sig-
naling pathways (Fig. 5D and E), suggesting broader pathway mod-
ulation compared with obtusifolin. Western blot analysis confirmed
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Replicate number affects stability of SaintGSE pathway scores and IG-attributed genes in an external prostate cancer dataset. An external
prostate cancer RNA-seq dataset (GSE22260; tumor and matched benign samples) was used to assess replicate-dependent stability of
SaintGSE predictions. Differential expression was computed with a paired design (tumor (Numerator) vs. matched benign (Denominator) within
each patient), and log,FC signatures were used for SaintGSE inference using two pre-trained prostate-related pathways (“Prostate cancer” and
“Proteins involved in prostate cancer”). (A) Replicate-dependent changes in SaintGSE calibrated pathway scores across nested downsampling
(N=2-5 matched pairs). (B) Total number of DEGs (adjusted p < 0.05) detected at each replicate count and their overlap structure across nested
subsets, visualized as an UpSet-style intersection summary. (C) Retention of the anchor gene set defined by the N=4 top 50% cumulative IIGI
genes (anchor size=58). For each replicate count (N=2, 3, 4, and 5), anchor genes were categorized as: (1) retained as top cumulative IIGl, (2)
present among DEGs but not in the top cumulative IIGl set, or (3) absent from the DEG list; values are reported as fractions of the anchor set. (D)
Relationship between gene-level attribution and effect size at N=4. Each point represents a DEG, plotted by log,FC (x-axis) and IIGl (y-axis);
genes in the N=4 top 50% cumulative IIGI set are highlighted. The annotated value indicates the Spearman correlation (p) between IIGI and
llogoFCl. (E) Reactome over-representation analysis comparing pathway composition between all DEGs (“Total DEGs”) and the top 50% cu-
mulative IIGI subset at N=4. Bars show the percentage of genes in each set (y-axis) associated with the displayed Reactome terms (Related
genes, %; x-axis); terms are shown as the union of top-ranked results from the two gene sets.
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Senna obtusifolia extract reduces the levels of osteoarthritis (OA)-related factors in chondrocytes. (A) Mouse chondrocytes were treated with 10,
50, 100, or 200 pg/mL of S. obtusifolia extract for 24 h, and cell viability was measured using a lactate dehydrogenase assay. (B-F) Interleukin-1p
(IL-1B; 1 ng/mL) was co-administered with either S. obtusifolia extract (10, 50, or 100 pg/mL) or obtusifolin (200 pM) for 24 h. The expression of
OA catabolic factors Mmp3, Mmp13, and Cox2 were confirmed using PCR (B-upper) and quantified using gPCR (C). The expression of Cox2
protein was determined using western blotting (B-lower) and densitometry (D). (E and F) Assessments of prostaglandin E2 (PGE,) and col-
lagenase activities. The data for each group are shown as the mean + SD (n=5). Panels A, C, D and F were analyzed using one-way ANOVA
followed by Dunnett’s multiple comparison test after confirmation of normality using the Shapiro-Wilk test. Panel E was analyzed using the

Kruskal-Wallis test with Dunn’s post hoc test. Adjusted p are indicated in the graphs.

these predictions. Under IL-18 stimulation, S. obtusifolia extract sig-
nificantly reduced pp65 levels compared with IL-1p-treated controls
(mean difference 6.05, 95% CI 3.58-8.52, p<0.0001), reduced pp38
levels (mean difference 4.51, 95% CI 3.43-5.59, p<0.0001), and in-
creased IkB expression (mean difference 45.7, 95% Cl 37.67-53.72,
p<0.0001) (Fig. 5F, G and Supplementary Table 13). The magnitude
of modulation was numerically greater than that observed with
obtusifolin treatment under the same conditions. This suggests that
the predictions of the signaling pathways regulated by related drugs
are supported by experimental validation. Consistently, similar
modulation of NF-xB and p38 signaling pathways was observed in
human chondrocytes compared with IL-1p-treated controls
(Supplementary Fig. 6F, 6G, and Supplementary Table 14).

Inhibition of cartilage destruction by S. obtusifolia extract

We have so far demonstrated that S. obtusifolia extract down-
regulates OA at the cellular level and previous studies have shown
that obtusifolin reduces cartilage damage in mice [27]. Thus, we
conducted an animal experiment to see if it could prevent damage to
cartilage tissue. First, DMM surgery was performed on 12-week-old
mice to induce OA and then S. obtusifolia extract was orally ad-
ministered daily for six weeks starting four weeks after surgery

(Fig. 6A). As the administered concentrations increased, cartilage
damage was reduced compared with DMM-operated PBS-treated
group (Fig. 6B). Specifically, OARSI scores were significantly reduced
(effect estimate [mean rank difference] 13.3, p=0.0009), SBP thick-
ness was decreased (mean difference 79.26, 95% Cl 51.82-106.7,
p<0.0001), and Osteophyte formation was suppressed (effect esti-
mate [mean rank difference] 12.6, p=0.0019) compared with DMM-
operated PBS-treated group, demonstrating a consistent protective
effect of S. obtusifolia across all scoring parameters (Fig. 6C-E, and
Supplementary Tables 15-17).

Discussion
Architectural design and interpretability of SaintGSE

We developed SaintGSE to predict the association between DEG
results and specific signaling pathways and to identify key genes in
these pathways using large gene expression datasets. Although
gradient-boosting methods often outperform neural networks on
conventional tabular benchmarks [9], our setting differs because all
models operate on an AE-compressed representation of DEG sig-
natures. Training directly on raw gene-level features (36,926 genes)
would be computationally prohibitive at this scale in both memory
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Osteoarthritis (OA) signaling is regulated by compounds from Senna obtusifolia. An ingenuity pathway analysis (IPA) was performed using RNA-
seq data from chondrocytes treated with S. obtusifolia extract and obtusifolin, and the signaling regulation that these compounds produced was
predicted through signaling drugs. After sorting the interleukin-1p (IL-1p) signaling drug and upstream drug data related to the genes regulated by
each extract through IPA analysis, the numbers of overlapping and unique signaling drugs associated with each treatment were determined. (A)
The number of IL-1p signaling drugs associated with the extract (b), obtusifolin (c), and both (a) is displayed as a Venn diagram. (B) A graph
showing IL-1p signaling (Erk, NF-xB, P38, and JNK)-associated drugs belonging to parts (a), (b), and (c) of the Venn diagram. (C) The Z-scores of
the downstream activation of the drugs in part (a) of the Venn diagram, presented as a heatmap. (D) The number of IL-1p signaling (Erk, NF-xB,
P38, and JNK)-drugs in each extract belonging to parts (a), (b), and (c) of the Venn diagram. (E) The proportion of the signaling involved in the
drugs in (b) and (c) of the Venn diagram. The signaling proteins regulated in each extract were identified using western blotting (F) and quantified
by densitometry (G). The data are shown as mean + SD (n=>5). All statistical data were analyzed using one-way ANOVA followed by Dunnett’s
multiple comparison after confirmation of normality using the Shapiro-Wilk test. Adjusted p are indicated in the graph.

and runtime. Moreover, because pathway labels are extremely im-
balanced, accuracy can be misleading, and generic remedies (e.g.,
mixup/CutMix, class re-weighting, or focal loss) showed no con-
sistent improvements in rare-pathway ranking performance across
tasks. In this context, SaintGSE’s attention-based architecture can
model non-linear interactions among AE latent features and showed
robust behavior under class imbalance in our benchmarks. In addi-
tion, the SAINT architecture uses both feature-wise attention and
inter-sample attention, which may contribute to stable ranking
performance when positive signals are sparse and distributed across
correlated dimensions. For interpretation, tree-based baselines ex-
plain importance in the AE latent space (e.g., TreeSHAP on latent
dimensions). By contrast, SaintGSE supports end-to-end, gradient-

based gene-level attributions through a single differentiable pipeline
using IG, which we report as our primary interpretation.

Application of SaintGSE across external datasets

Leveraging a large and diverse training compendium
(Supplementary Table 1; Supplementary Fig. 1), SaintGSE is designed
to generalize across heterogeneous DEG contexts and to prioritize
context-specific drivers from each input signature. Because pathway
labels are derived from EnrichR ORA, they serve as weak supervision,
and calibrated scores of SaintGSE and IG-prioritized drivers should
be interpreted as complementary, context-specific evidence along-
side enrichment outputs and experimental validation. To assess
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Protective effects of Senna obtusifolia on mouse cartilage tissue. Osteoarthritis (OA) was induced in mice by performing destabilization of the
medial meniscus (DMM) surgery, which was followed by oral administration of PBS (control) or S. obtusifolia extract (5, 25, or 50 mg/kg). Sham-
operated mice were used as controls. (A) The time schedule for oral administration: OA-induced mice were orally administered PBS or S.
obtusifolia every day for six weeks starting four weeks after the surgery. (B) Histological images of cartilage destruction using safranin O staining.
Cartilage destruction was scored based on the OARSI grade (C), subchondral bone plate thickness (D), and osteophyte formation (E). The data
for each group are shown as the mean + SD (n=5). All in vivo experiments were performed using independent animals. For statistical analysis
panels C and E were analyzed using the Kruskal-Wallis test followed by Dunn’s post hoc test, whereas panel D was analyzed using one-way

ANOVA with Dunnett’s post hoc test after confirming normality with the Shapiro-Wilk test. Adjusted p are indicated in the graph.

practical generalizability and the stability of these gene-level inter-
pretations under realistic perturbations, we evaluated two external
datasets.

In addition to performance benchmarking, the external mouse
chondrocyte dataset illustrates how SaintGSE can be used as a
complementary readout to conventional enrichment analyses. ORA
and pre-ranked GSEA summarize pathway-level signals by ag-
gregating evidence over predefined gene sets, whereas SaintGSE
produces a calibrated pathway involvement score directly from the
DEG signature and enables a model-based interpretation of which
DEGs support that prediction through IIGI. In the mouse OA setting,
SaintGSE consistently assigned higher calibrated scores to PIOA than
to OA, and the IG profiles showed that the PIOA prediction relied on
a compact subset of DEGs rather than the full DEG list. This con-
centration is practically useful because it focuses mechanistic in-
terpretation on decision-driving genes; conversely, DEGs with
measurable fold changes can still receive low IIGI when they are not
primary contributors under the specific perturbation context, in-
dicating that SaintGSE prioritization is not a simple proxy for
llog,FCl. At the functional level, the EnrichR PIOA gene set exhibited a
stable, broad Reactome composition, whereas SaintGSE drivers
shifted across contrasts—immune/cytokine-oriented under IL-1p
stimulation but more signal-transduction/ECM-oriented under co-
treatment—supporting context-dependent driver selection rather
than a direct reflection of static gene-set membership. Finally, this
framework can surface candidate therapeutic targets that may be
missed by fold-change-first prioritization; for example, genes with

modest llog,FCl but high IIGI (e.g., SPIDR or SH3BP4 in our analyses)
merit follow-up as potential regulators of OA-relevant programs,
which can be directly tested in further molecular assays.

We further evaluated generalizability and the impact of replicate
number using an external prostate cancer dataset with matched
tumor-benign pairs (GSE22260). This analysis highlights an im-
portant practical limitation of DEG-derived inputs: increasing re-
plicate number can substantially change not only the number of
detected DEGs, but also the composition of the DEG signature itself.
Consistent with this, SaintGSE pathway scores and gene-level
prioritization were replicate-dependent, with the calibrated score of
“Prostate cancer” pathway peaking at N=4 but decreasing at N=5,
and with partial loss of the N=4 anchor driver set when additional
replicates were included. This behavior is not necessarily a model
failure; rather, it reflects that DEG signatures are summaries of un-
derlying transcriptional states, and changes in replicate composition
(including biological heterogeneity) can shift the apparent signature
that both enrichment methods and SaintGSE operate on.
Importantly, the weak association between IIGI and log,FC observed
in this dataset further supports that IIGI captures model reliance on
specific features in the learned representation instead of simply
ranking the largest fold changes. Finally, restricting enrichment to
SaintGSE-prioritized genes retained dominant immune signals while
revealing additional programs that were less evident from total-DEG
enrichment alone, suggesting that SaintGSE can help separate broad
background responses from signals that more directly drive the
model’s pathway involvement decision. Overall, these external
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applications suggest that SaintGSE scores and drivers should be in-
terpreted as summaries of the input DEG signature, which can shift
with replicate composition and biological heterogeneity. Building on
these generalizability analyses, we next interpret SaintGSE predic-
tions in the OA perturbation setting and connect them to experi-
mentally testable mechanisms.

Biological implications of Senna obtusifolia in osteoarthritis

The progression of OA is known to be exacerbated by the acti-
vation of pro-inflammatory cytokines like IL-18, which triggers Erk,
NF-xB, P38, and JNK signaling pathways that play well-established
roles in OA regulation and are widely studied as therapeutic targets
[13,14,48-50]. Previous studies have represented the synergistic ef-
fects from various active compounds in natural products [21,51] and
the therapeutic role of Senna obtusifolia, as a traditional medicine in
Asia and a natural product with anti-inflammatory, anti-hepatotoxic,
anti-cancer, and anti-neurodegenerative activities [17-20]. Further-
more, our previous research revealed that obtusifolin, a single
compound in S. obtusifolia, effectively regulates OA by modulating
the NF-xB signaling pathway [27].

We hypothesized that S. obtusifolia would have broader effects on
gene expression in OA beyond those of obtusifolin alone. SaintGSE
predicted that treatment with either S. obtusifolia extract or obtu-
sifolin in OA-induced mouse chondrocytes were associate with at-
tenuation of OA-related phenotypes, primarily through modulation
of ECM-related genes, and that S. obtusifolia had a broad impact
compared to obtusifolin alone. These predictions were supported by
downstream molecular assays and IPA-based drug-perturbation in-
terpretation, linking the predicted signatures to actionable reg-
ulatory programs. Together, these results support SaintGSE as a
practical framework for linking perturbation-specific DEG signatures
to testable pathway mechanisms and candidate targets, and suggest
that the multi-compound S. obtusifolia extract modulates broader
OA-relevant programs than obtusifolin alone.
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