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Abstract

Single-cell RNA sequencing (scRNA-seq) enables high-resolution characterization
of heterogeneous cellular populations, but predictive modeling remains funda-
mentally limited in clinical settings where outcomes are defined at the sample
level. This problem is especially acute in contexts like chimeric antigen receptor
(CAR) T cell therapy, where infused cellular products vary dramatically across
patients and lie outside the training distributions of existing single-cell foundation
models. Compounding this, strong batch effects across cohorts obscure true bio-
logical signals and hinder generalization. We introduce fcellMIL, a biologically
informed multiple instance learning (MIL) framework that models each patient
sample as a bag of unlabeled cells to predict therapeutic response. tcellMIL in-
corporates prior biological knowledge by leveraging SCENIC, a gene regulatory
network inference method that uses known transcription factor binding motifs
to compute regulon activity scores — biologically grounded features that reduce
dimensionality and mitigate batch effects. These features are denoised via a self-
supervised autoencoder and combined with explicit batch encoding to improve
cross-cohort generalization. An attention-based MIL mechanism identifies the
most outcome-relevant subpopulations, providing interpretability at cell and regu-
lon levels. Applied to 64 CD19-directed CAR T cell infusion products, tcelIMIL
outperforms pseudobulk and standard MIL baselines, and identifies regulatory
programs, such as TBX21, that drive therapeutic outcomes. Our results highlight a
generalizable path for outcome prediction from scRNA-seq data where labels exist
only at the sample level and cellular distributions deviate from standard atlases.
Code: https://github.com/zinagoodlab/tcellMIL

1 Introduction

Biological problem. Single-cell RNA sequencing (scRNA-seq) enables transcriptomic profiling at the
resolution of individual cells, enabling applications across immunology, oncology, and developmental
biology [} 2, 3]]. Yet predicting clinically meaningful outcomes remains an open challenge when
labels exist only at the sample level, while the input data consist of noisy, heterogeneous, unlabeled
cells. This challenge is most acute in cell therapy contexts such as chimeric antigen receptor (CAR)
T cell therapy [4], where infusion products exhibit substantial inter-patient variation and clinical
outcomes are driven by subtle differences across rare cell states. Existing methods typically rely on
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pseudobulk aggregation, which obscures important cellular heterogeneity, or cell-level foundation
models [5} 16} [7, 18] trained on healthy cell atlases [[1], which generalize poorly to out-of-distribution
therapeutic samples. Furthermore, batch effects arising from technical variation across cohorts remain
a major confounder in both representation learning and prediction. Addressing these issues requires
a framework that is robust to batch effects, preserves cell level information, and supports outcome
prediction at the patient level.

Solution framework. Attention-based multiple instance learning (MIL) naturally fits this setting,
where patient-level labels exist only at the aggregate (bag) level, but predictions must be informed
by instance-level features [9, [10]. In the CAR T cell context, each patient’s infusion product can
be modeled as a bag of unlabeled instances (cells), with the clinical response serving as the bag
label. MIL enables outcome prediction while preserving single-cell resolution, providing a principled
alternative to pseudobulk aggregation and label oversimplification.

Cell-level representation learning. Effective MIL requires informative, robust cell representations.
Current statistical methods like multi-omics factor analysis (MOFA) [IL1} [12], existing MIL ap-
proaches (e.g., scMILD, PaSCient) [13] [14], and large pretrained single-cell foundation models like
Geneformer [Sl], scGPT [6], scFoundation [7]], and universal cell embeddings (UCE) [8]], struggle in
the context of therapy outcome prediction. These approaches often suffer from: (i) the extremely
high dimensionality and sparsity in single-cell omics data; (ii) a strong batch effect in the represen-
tations; (iii) poor performance on data outside of pretraining distribution; (iv) limited biological
interpretability for actionable biological insights; and (v) poor aggregation mechanisms for accurate
patient-level phenotyping[[15, [16]. There is a pressing need for learning models that jointly enable
robust representation learning, biological interpretability, and accurate outcome prediction.

Innovation. We present tcellMIL, a biologically informed MIL framework predicting patient-level
outcomes by modeling each infusion sample as a bag of cells. zcel/IMIL integrates prior transcriptional
regulation knowledge via SCENIC [17], which computes transcription factor "regulon" activity
scores producing interpretable, low-dimensional features that mitigate both sparsity and batch effects.
These representations are further denoised with a self-supervised autoencoder, and aggregated via
an attention-based MIL mechanism that identifies outcome-relevant cell subpopulations. We also
explicitly encode batch metadata into the model to enhance generalization across datasets. This
architecture enables interpretable, patient-level predictions from high-dimensional, noisy single-cell
data, and supports biomarker discovery through attention weights and in silico perturbations.

Application to real-world problems. CAR T cell therapy works by collecting a patient’s blood
cells, genetically engineering their T cells to attack cancer cells, then infusing these engineered
cells back into the patient [18]. Since the initial FDA approval in 2017, CAR T cell therapies
have transformed clinical care for patients with hematologic malignancies [4] and offered promise
for autoimmune diseases and organ transplantation [19, 20]. CD19-directed CAR T cell therapy
axicabtagene ciloleucel (axi-cel) induces durable remission in approximately 40-50% of patients
with relapsed or refractory large B-cell lymphoma (LBCL) [21]]. Forecasting patient outcomes after
CAR T cell therapy is challenging [22} 123} 24} 125|126, 27], in part due to the cellular heterogeneity of
the infused CAR T cell products [28}29]. Here, we applied rcellMIL to a dataset of 64 axi-cel CAR
T cell infusion products for LBCL with known response outcomes, where tcellMIL outperformed
other classifiers achieving state-of-the-art (SOTA) performance. Beyond predictive accuracy, our
framework enables interpretability at the cell and regulon levels, uncovering biologically relevant
drivers of treatment response and nominating potential targets for therapeutic optimization. More
broadly, this study illustrates a scalable and generalizable strategy for predictive modeling in single-
cell contexts where labels are sample-level, cellular distributions are heterogeneous, and batch effects
are nontrivial.

2 Methods

Our model architecture integrates biological priors and deep learning components optimized for
weakly-labeled hierarchical data. The pipeline consists of three key components: (i) a regulatory
network-based feature extraction using SCENIC, (ii) an autoencoder for robust latent representation
learning, and (iii) an attention-based pooling mechanism that aggregates cell-level features into
patient-level predictions (Figure [I).
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Figure 1: Overview of the fcellMIL workflow.

2.1. Problem setup. Let each patient i € {1,..., N} be represented by a bag of n; CAR T cells, and
each cell z;; € RY denote an scRNA-seq gene expression vector of dimension g. The patient-level
treatment response label is y; € {0, 1}, indicating non-response or response to CAR T cell therapy.
The objective is to learn a function:

f : {mila s axini} — gl € [Oa 1]7
mapping each bag of cells to a predicted patient-level treatment outcome probability.

2.2 Data collection. To evaluate our approach, we assembled a multi-cohort sScRNA-seq dataset
comprising CD19-directed CAR T cell infusion products from 64 patients treated across 5 publicly
available or internal clinical cohorts spanning 3 U.S. institutions (Supplementary Table 1). All
patients received axicabtagene ciloleucel (axi-cel; Yescarta, Kite Pharma) as standard-of-care therapy
for relapsed or refractory large B cell lymphoma (LBCL). For internal samples from the Stanford
cohort, patients provided informed consent to participate in the Clinical Outcomes Biorepository
(Stanford IRB #43375), and clinical metadata were obtained via retrospective chart review. Infusion
products were profiled by scRNA-seq prior to infusion, and response outcomes were assessed via
PET/CT imaging at 3 months post-treatment using Lugano criteria [30]. Patients achieving complete
or partial response were categorized as overall responders (OR, n=35), while those with stable or
progressive disease were labeled non-responders (NR, n=29). One sample lacked outcome data
(NA, n=1) and was removed from model training. This dataset provides a unique opportunity to
model real-world therapeutic heterogeneity using weak supervision: cellular-level measurements
(83,410 preprocessed cells) paired with patient-level outcome labels (Supplementary Table 1). To
control computational complexity while preserving diversity, we subsampled 600 cells per patient for
training and evaluation. Smaller samples (<600 cells; n=7) were retained in full.

2.3 SCENIC-based feature extraction. We filtered raw scRNA-seq matrices by removing low-quality
cells (> 15% mitochondrial reads, < 300 or > 10, 000 detected gene reads) and normalized using
SCTransform [31] from single-cell toolkit Seurat v4 [32]]. Clonotype-specific and sex-specific genes
were removed to prevent overfitting to non-generalizable features. This yielded a filtered cell x
gene matrix of size 36,537 x 35,530. To integrate biological priors on transcription factor binding
motifs, enhance interpretability, and reduce batch effects, we applied SCENIC [17], which infers gene
regulatory networks using cis-regulatory motif enrichment and co-expression. For each cell, SCENIC
computes an activity score for each regulon, producing a regulon activity matrix R; € R™*", where
7 is the number of regulons. We denote the resulting cell representations as 2z;; = fscenic (z; j) € R",
resulting in a cell x regulon matrix of size 36,537 x 154.

2.4 Self-supervised autoencoder pretraining. To obtain robust and compressed representations, we
pretrain an autoencoder on all SCENIC features. The encoder maps each z;; to a latent vector:

zij = fenc(2ij) € RY,
and the decoder reconstructs the input:
Zij = faec(%ij)-
The autoencoder is trained to minimize reconstruction loss:

Lrecon = Z ||Zij - 21]“3 .
,J



We retain only the encoder output z;; for downstream MIL modeling.

2.5 Multiple instance learning with attention pooling. We model patient-level outcome prediction
using an attention-based MIL framework [13]]. The cells of each patient {z;; ?;1 are scored by an
attention mechanism:

exp(w ! tanh(Vz;;))
> jrexp(w’ tanh(Vzjr))’

where V € RPXk_ 4 € RP, and p is the hidden dimension.

aij =

We obtain a sample-level embedding via a weighted sum:
n;

S; = Z Otij Zij .
j=1

To account for batch effects at the cohort level, we concatenate a one-hot encoded batch vector
b; € RE into the aggregated feature: h; = [s;; b;].

Finally, we predict the probability of response using a fully connected classifier:
9 = o(wy hi + ¢),

and optimize the cross-entropy loss:

Ly =~ (yilogi + (1 — yi) log(1 — §)) -
K3

2.6 Training procedure. Our fcellMIL model was trained in two stages. First, an autoencoder was
pretrained for 150 epochs to minimize a reconstruction 1oss (Lecon) in all cells. In the second stage,
we jointly fine-tune the attention module and sample-level classifier to minimize a sample-level
classification loss Ly. Due to the limited number of patient samples, to optimize the usage of
data, we used leave-one-out cross-validation (LOOCYV) to train the model and evaluate performance,
holding out one patient for testing in each fold.

2.7 Correlation between SCENIC activity scores and attention. We computed the correlation
between SCENIC regulon activity scores and attention weights. Specifically, we used Kendall’s tau
correlation between each regulon’s activity vector and attention weight vector across all cells. The
resulting p-values were corrected for multiple testing using Benjamini—-Hochberg (BH) procedure. To
summarize the results, we plotted each regulon’s Kendall’s tau coefficient against the negative logig
of its adjusted p-value.

2.8 In silico perturbation. To investigate the functional importance of regulons and generate testable
novel biological hypotheses from our predictive model, we performed in silico perturbation on the
trained tcelIMIL models. To address non-Gaussian distributions in regulon activity scores (range: [-1,
1]), we computed the median and median absolute deviation (MAD) of each regulon in all cells:

Median; = median(z;), MAD; = median(|z; — Median;|),

We then simulated perturbations by modifying each cell’s regulon activity score z;; for the regulon j
in the cell 7 according to the following rules:

In silico upregulation:

zgp) =min (1, z;; + 3- MAD;)

In silico downregulation:

20 = max (—1, z; — 3- MAD;)
Then, the in-silico-perturbed regulon activity matrices are fed into zcelIMIL to compute changes
in predicted response probability at the patient level. We evaluated the changes in the predictive
probability of CAR T treatment response to quantify the effects of different regulons. Notably, to
avoid data leakage, we ensured that predictions were only generated using the corresponding LOOCV-
trained model for each test sample. To statistically assess the impact of in silico perturbations on
predicted treatment response, we performed pairwise Wilcoxon signed-rank tests comparing baseline
response probabilities to those after perturbing each transcription factor (see Supplemental Materials).
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Figure 2: SCENIC transcription factor regulon mapping reduces batch effects in single-cell RNA-
seq data. (a) UMAP visualization of axi-cel CAR T cells before and after SCENIC feature extraction.
(Left) UMAP of single-cell transcriptomes, depicting large batch effect across studies. (Right) UMAP
of SCENIC regulons with reduced batch effect. (b) Adjusted Rand Index (ARI) between clusters
based on scRNA-seq or SCENIC regulons and their batch labels reflects significantly reduced batch
effect with SCENIC (p<0.001, Wilcoxon signed-rank test, 30 random K-mean initializations).
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Figure 3: tcellMIL shows improved performance compared to other MIL models and baseline
models. Receiver Operating Characteristic (ROC) curve (left) and Precision-Recall Curve (PRC)
(right) for predicting patient overall response (OR) at 3 months after axi-cel therapy for LBCL based
on CAR T infusion product scRNA-seq data (positive class, OR).

Table 1: Model performance in predicting patient-level response.””

scRNA-seq SCENIC

Classifier Overall Overall Overall Overall

Accuracy Fl1 Accuracy Fl1
tcelIMIL 0.53 0.55 0.72 0.74
scMILD 0.53 0.64 - -
PaSCient 0.55 0.58 - -
scGPT (fine-tuned)” 0.62 0.67 - -
Logistic Regression™ 0.61 0.51 0.54 0.71
svc* 0.42 0.57 0.53 0.69
Decision Tree* 0.42 043 0.58 0.61
Random Forest” 0.60 0.59 0.69 0.73
Gaussian NB* 0.55 0.59 0.63 0.65
XGBoost™ 0.69 0.73 0.70 0.72

# All models used the same single-cell dataset either as the normalized scRNA-seq or as computed SCENIC
regulons from axi-cel CAR T cell infusion products.

f Evaluated on a train/test (53/11) patient level split; all other models used leave-one-out cross-validation.
* Dataset was pseudobulked before classification.
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and difference in attention-weighted SHAP values for classification across entire learning strategy
per regulon, mean summarized across patients (y-axis), with significance indicated by color. Mixed-
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3 Results

3.1 SCENIC representations enhance biological relevance and reduce batch effects. To derive
biologically meaningful and robust cell representations, we applied SCENIC to compute regulon
activity scores per cell by incorporating transcription factor binding site information and summarizing
gene expression in terms of underlying transcriptional regulatory programs. This transformation
preserves biological programs in the data while substantially reducing dimensionality and sparsity.
Critically, SCENIC features also attenuated technical variation: cells transformed via SCENIC no
longer clustered by sample-of-origin in UMAP projections, indicating diminished batch effects
(Figure [2h). Quantitatively, clustering based on SCENIC features yielded a 51gn1ﬁcantly lower
Adjusted Rand Index (ARI) with batch labels than raw scRNA-seq (p = 2.87 x 10~°, Wilcoxon
signed-rank test; Figure 2b), confirming a substantial reduction in batch-driven variance.

3.2 tcellMIL achieves state-of-the-art performance in outcome prediction. We evaluated tcellMIL on
64 CAR T cell infusion products using leave-one-out cross-validation (LOOCV). fcellMIL achieved
the best overall performance with accuracy (0.72) and F1 score (0.74) among all models tested,
including six pseudobulk classifiers, scMILD, PaSCient and scGPT (Table 1). tcellMIL also out-
performed alternatives in AUROC (0.72) and AUPRC (0.78) (Figure 3). XGBoost and Random
Forest classifiers applied on pseudobulk SCENIC features also achieved competitive performance
(F1 =0.72 & 0.73, respectively), its lower AUPRC (0.65 & 0.71) reflected reduced precision in
identifying responders — a key clinical concern. In contrast, models trained on raw or normalized
scRNA-seq data, including scMILD, PaSCient and scGPT, consistently underperformed (accuracy
< 0.62), highlighting the limitations of generic scRNA-seq representations, which continue to suffer
from batch effects, drop-out, and the curse of dimensionality (Table 1, Supplementary Table 2,
Supplementary Figure 1). These results demonstrate the advantage of coupling biological priors with
a MIL framework to improve prediction from noisy, high-dimensional single-cell data.

3.3 Cell attention of tcellMIL with Shapley values model biologically-relevant populations
of cells. To evaluate model interpretability, we first analyzed the attention weights assigned by
tcellMIL to each cell. We hypothesized that CD8+ T cells, which are key mediators of tumor killing
[33], would receive higher attention for responder patients (OR). Indeed, the attention scores of
tcellMIL aligned with known biology of CAR T cell therapy. CD8+ T cells and myeloid cells had
statistically significant enrichment for high attention scores (p = 0.022 and p = 0.015, respectively),
as determined by permutation testing, while other cell types showed no significant enrichment
(Figure ). Notably, myeloid cell enrichment is consistent with previous findings, linking this
cell type to poor response [34]]. Next, we examined feature-level contributions to attention by
correlating SCENIC regulon activity with attention scores. Transcription factors such as NFYB,
FOXM1, and HMGA1 were positively associated with attention weights, while JUND, IRF1 and
KLF6 showed negative correlations (Figure @p; Supplementary Figure 3). To assess which regulon
features were most predictive of treatment response, we calculated Shapley values (SHAP) for
the whole learning strategy for each LOOCV model and regulon. The median SHAP Importance
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Figure 5: In silico perturbatlon analy51s identifies candidate therapeutic targets. Boxplots shows
average change in predicted patient response probability across trained fcellMIL models following
in silico (a) upregulation and (b) downregulation of individual regulons. Regulons are ranked by
median effect, and the top largest statistically significant positive (blue) and negative (red) shifts are
displayed. (See Supplemental Figure 9 for statistical tests).

reveals the absolute importance of each regulon in response prediction. For example, JUND is
important for predictions and inversely correlated with cell attention while FOXM1, YBX1 and
HMGAL are relatively important for predictions and their activity levels are higher among cells that
are given higher attention by tcellMIL (Figure @b). UMAP visualization of cell attention, response
class, cell type, and regulon activity confirmed these findings, with CD8+ T cells and CD4+ T cells
containing high JUND activity being strongly associated with no response (Supplementary Figure 6).
These patterns suggest distinct regulatory programs underlying outcome-relevant subpopulations and
demonstrate that fcellMIL enables multiscale interpretability from cell types to regulons.

3.4 In silico perturbation shows potential candidate therapeutic targets. Beyond correlation, to
assess functional impacts of regulons, we conducted in silico perturbation according to Section 2.8.
For each regulon, we simulated upregulation and downregulation by adjusting its activity in every
cell to £3 median absolute deviations (MAD) from its original value, then evaluated the resulting
change in predicted patient response. Upregulating KLF6, FOXM1, and TBX21 yielded the largest
increases in predicted response probability, suggesting a potential role in enhancing therapeutic
efficacy (Figure[Sh). In contrast, increasing the activity of KLF2, JUN, and HMGAI consistently
suppressed response predictions, nominating them as candidate negative regulators (Figure 5p).

By integrating results from SHAP analysis, we uncovered both concordant and discordant regulatory
patterns. Notably, TBX21 emerged as a consistent marker across multiple analytical layers: its activity
positively correlated with tcelIMIL attention weights, and it was highlighted as predictive of response
by SHAP (Figures [4 and [5). This convergence of evidence positions TBX2/ overexpression as a
compelling, testable therapeutic hypothesis. HMGAI showed negative associations with response in
both SHAP and perturbation analyses: upregulation reduced predicted efficacy, while downregulation
improved it. In contrast, KLF6 was negatively associated with response by SHAP but increased
predicted response when overexpressed in silico, suggesting that the therapeutic benefit of modulating
such regulons may be context-specific and potentially restricted to certain cellular subpopulations.
These nuanced effects underscore the importance of modeling intra-patient heterogeneity to identify
broadly generalizable therapeutic targets. Overall, these simulations illustrate how fcelIMIL can
generate mechanistically grounded, actionable insights directly from single-cell data by linking
learned features to interpretable functional consequences.

4 Discussion

5.1 Contributions to machine learning and bioinformatics. Our work on fcellMIL illustrates how
integrating domain knowledge with modern ML techniques advances both accuracy and interpretabil-
ity for biomedical prediction. A central contribution is domain-informed representation learning:
instead of relying on generic gene expression features or purely unsupervised embeddings, we embed
a priori biological structure by using SCENIC-inferred transcriptional regulons. This inductive bias
aligns the model with known gene network topology and effectively mitigates batch effects, enabling



meaningful patterns discovery from only 64 patient samples. To address residual batch effects, we
incorporated explicit batch encoding into the MIL pooling stage, an approach also adopted in recent
biological foundation models, such as STATE [35]], allowing to further disentangle technical variation
from biological signal. Together, these steps allows the model to distinguish biological signal from
technical noise more effectively, yielding reliable predictions even when the test data come from
a different experimental batch or clinical site than the training data. Notably, this robustness to
distribution shift was evidenced by tcelIMIL’s strong cross-cohort performance, addressing a common
pain point in deploying ML models in healthcare (where distribution shifts between hospitals or
trials are inevitable). Additionally, we place emphasis on interpretable attention mechanisms within
the MIL framework. The learned attention weights highlight which cellular subpopulations (and
which regulon features) are most responsible for a given patient’s predicted outcome. This form of
interpretability is particularly valuable in biomedical settings, as it allows researchers and clinicians
to extract testable hypotheses. For example, fcellMIL identified that cells with high activity of TBX21
(T-bet) regulons were given greater weight in patients who responded well to therapy, suggesting a
link between T-bet-driven CAR T cell state and treatment success. By providing such insights, our
model moves beyond black-box prediction to become a tool for scientific discovery. This aligns with
NeurIPS’s growing emphasis on explainability and trustworthiness in Al

5.2 Limitations. Although we introduce a novel and interpretable framework for outcome prediction
from single-cell data, several limitations warrant discussion. First, due to the limited number of
available patient samples, we employ a leave-one-out cross-validation (LOOCYV) strategy to maximize
data utilization during evaluation. Although LOOCY is appropriate in low-data regimes, it may
overestimate generalizability. As larger cohorts of patients become available, future work should
incorporate holdout validation or external test sets for more rigorous performance assessment. In
addition, we downsampled each patient to 600 cells to address large variability in cell counts across
patients. While this avoids over-representing patients with high cell counts, it may miss rare cells; in
future work, we plan to adopting multi-sampling strategies for patient with large n to retain more
information while preserving balance. Further, while our interpretation framework based on attention
weights and in silico perturbation provides insight into the association between transcriptional
programs and treatment outcomes, it is inherently correlational. In particular, attention mechanisms
highlight cells most predictive of outcome but do not establish causal relationships.

5.3 Societal impact. To our knowledge, tcelIMIL is the first model that can predict the therapeutic
outcome following CAR T cell therapy and nominate advanced cell therapy designs. Given that ~50%
of patients do not receive a lasting benefit from CAR T cell therapy, the opportunity to optimize CAR
T cell designs for better patient outcomes is exciting. As engineered T cell therapies show increasing
clinical efficacy in cancer, autoimmune diseases, and organ transplantation, this approach could be
broadly applicable to multiple indications in the future.

5.4 Conclusion. We present fcellMIL, a biologically informed MIL framework that enables in-
terpretable patient-level prediction from single-cell transcriptomic data. By leveraging SCENIC-
inferred transcriptional regulons, self-supervised representation learning, and attention-based pooling,
tcellMIL captures meaningful cellular heterogeneity while mitigating batch effects and data spar-
sity. Applied to CAR T cell therapy, our framework outperforms existing baselines — including
pseudobulk methods, scRNA-seq foundation models, and prior MIL approaches — demonstrating
SOTA performance on a real-world clinical dataset. Beyond predictive accuracy, tcelIMIL provides
multiscale interpretability and supports mechanistic insight through cell-level attention and in sil-
ico perturbation, nominating candidate regulatory programs like 7BX21 for further study. While
developed for CAR T cell infusion products, fcelIMIL may generalize to other applications where
high-dimensional, noisy, and weakly labeled single-cell data are common. This includes spatial
transcriptomics, where spatially resolved cellular units can be treated as instances for sample-level
outcome prediction. Our work contributes a flexible and extensible framework for biomedical
machine learning, illustrating how domain-informed MIL can enable robust prediction, biological
discovery, and translational insight across diverse single-cell modalities.
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6 Appendix 1. Supplementary Methods

6.1 Adjusted Rand Index Calculation

To quantify batch effect removal, we compared the Adjusted Rand Index (ARI) between clustering
results and known batch labels (“Sample source”) before and after applying the SCENIC pipeline.
For the baseline (RNA), we performed principal component analysis (PCA) on scRNA-seq data and
used the top 154 components to match the dimensionality of the SCENIC regulon activity matrix.
For both RNA and SCENIC assays, we ran k-means clustering (k = 4) on the respective feature
spaces and computed ARI between the resulting clusters and batch labels. To ensure robustness, the
procedure was repeated 30 times with different initializations, and the distribution of ARI values was
compared between assays using the Wilcoxon rank-sum test.

6.2 scMILD training procedure

We closely followed the scMILD pipeline [36, [13] to ensure fair comparison. Raw UMI counts
(filtered to 2000 most highly variable genes) were used to pre-train an autoencoder by minimizing a
negative binomial reconstruction loss. Training ran for up to 250 epochs with early stopping (patience
= 15), which halted at epoch 75 on our dataset. Next, we trained the scMILD dual-branch model to
classify sample level classification using our patient response labels, and evaluated its performance
under leave one out cross validation (LOOCYV), holding out one patient for testing in each validation
fold.

6.3 PaSCient training procedure

The base PaSCient model [[14]], originally designed for multi-label disease classification was adapted
to a binary classification setting. Starting from the model’s pretrained weights, the model was fine
tuned and evaluated using the same LOOCYV strategy as tcellMIL and scMILD. For each fold, training
was performed for up to 15 epochs with early stopping to prevent overfitting based on validation set
performance.

6.4 Baseline methods

We benchmarked rcellMIL against conventional approaches using pseudobulk representations. For
each patient, we computed the average SCENIC activity across all cells to generate a pseudobulk
feature vector (without batch encoding). Logistic Regression, Random Forests, Support Vector
Machines, Decision Tree and Gaussian Naive Bayes were trained on these aggregated features. All
baseline models were trained and evaluated under the same LOOCYV protocol for fair comparison and
better exploitation of a limited number of samples (3).

6.5 Permutation-based cell-type enrichment analysis

To assess whether specific cell types exhibit consistently elevated attention scores, we conducted a
permutation-based enrichment analysis across individual patients. For each patient, attention scores
were grouped by cell type. Only cell types with at least three cells (min_cells = 3) were considered
to ensure statistical robustness. For each eligible cell type within each patient, we calculated the
observed median attention score. To generate a null distribution, we generated by randomly permuting
cell type labels across all cells within that patient while keeping attention scores fixed, then calculated
the median attention scores for cells assigned to the target cell type under this random labeling. The
permutation process was repeated 10,000 times (n_permutations = 10000) to construct an empirical
null distribution.

Empirical p-values were computed as the fraction of permuted medians greater than or equal to the
observed median, providing a one-tailed test for attention enrichment. For each cell type, we used
Wilcoxon signed-rank tests to assess whether the differences between observed and null distribution
medians were consistently non-zero across patients.
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6.6 Shapley analysis

Shapley (SHAP) values are a great way to interpret machine learning models. They provide a value of
importance to each feature for the learning task. To interpret the model we conducted SHAP analysis
on the full machine learning strategy (post-SCENIC, but including the autoencoder and MIL). To do
this we used the SHAP python package [37]]. More specifically, we ran the SHAP analysis on each
LOOCYV model separately and only for the cells from the patient that was left out for validation data
for each model. For background in the SHAP analysis 5000 cells were randomly used from patients,
stratified by response and balanced by cell number per patient. The analysis resulted in a SHAP value
for each class (Overall response = OR; No response = NR) for each SCENIC feature for each cell
and for each patient. These SHAP values for each cell were then mean summarized for each patient
for each regulon (Supplementary Figure ).

Because the tcellMIL model gives attention for specific cells and downweights relvance of gene
expression for some cells, a typical average of SHAP values across all a patient’s cells can be
misleading due to non homogenous gene expression within the cells of a patient. Therefore, we also
computed weighted average of the SHAP values using normalized cell attention scores from tcellIMIL
as weights.

In binary classification, given a certain feature value, SHAP values represent how that feature value
contributes to the classification task. For the positive classification, positive SHAP values correspond
to higher importance for positive classification, while negative values indicate importance against
positive classification. For the negative classification, positive values indicate more importance for
negative classification, while negative values indicase importance against negative classification.
Importantly, SHAP values do not indicate the sign of the feature value, only the directionality of
importance of that feature value towards the specific classification class.

To make clearer which features are most distinctive for the binary classification, we calculated
the difference in the weighted average SHAP values for OR and NR (OR SHAP - NR SHAP)
(Supplementary Figure [I0). To assess the relationships uncovered, we visualized some of the
regulons identified as most important for response classification (Supplementary Figure [TT). We
found that weighting the SHAP values by cell attention was important for understanding the direction
for feature contributions towards response, as key features changed signed when the analysis was
performed unweighted, further emphasizing how different subpopulations contribute differently to
the patient response (Supplementary Figure[13).

6.7 Paired Wilcoxon test for in silico perturbation analysis

To statistically assess the impact of in silico perturbations on predicted treatment response, we first
applied a logit transformation to baseline and perturbed probabilities (with a small offset, € = 1e-6, to
avoid division by zero), then computed the change in logit (Alogit). Pairwise Wilcoxon signed-rank
tests were performed per regulon, separately for upregulation and downregulation conditions, to
compare Alogit distributions. This non-parametric test was applied at the per-patient level, treating
each perturbed probability as a paired sample with the corresponding baseline (Supplementary Figure
[[4p). For each test, we recorded the p-value and mean change in response probability (A). To
account for multiple hypothesis testing, we applied the Benjamini—Hochberg procedure to control
the false discovery rate (FDR), with significance defined as FDR-adjusted p < 0.05. This analysis
enabled identification of regulons whose perturbation consistently and significantly altered predicted
therapeutic responses across patients. (Supplementary figure[T4p).

6.8 scGPT fine-tuning

The scGPT [6]] repository contains a list of biological language models pretrained on whole-human
and organ-specific cell atlases. We selected the blood model for our application and fine-tuned it
under a classification objective using data from 53 patients and tested on 11 patients or fine-tuned on
12 patients and tested on 52. We fine-tuned the scGPT blood model for classification following the
annotating fine-tuning protocol on the repository. All hyperparameters were kept as default except:
mask_ratio = 0.3 and MVC = True. All predictions were on a patient level: if more than 50% of cells
were predicted to be responsive, then the patient was classified as responsive (Supplementary Figure
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7 Appendix II. Autoencoder ablation study

To evaluate the contribution of the autoencoder to downstream classification, we ablated the encoder
module and directly input the full SCENIC-derived regulon activity matrix into the fcellMIL model.
To assess whether the autoencoder captures non-linear structure beyond standard linear compression,
we also compared performance against principal component analysis (PCA), using the top 64
principal components—matching the dimensionality of the autoencoder’s latent space. Receiver
operating characteristic (ROC) and precision-recall (PRC) curves for each variant are presented in

Supplementary Figure

8 Appendix III. Correlation between regulon activity score and attention

To investigate whether transcriptional programs modulated by specific regulons are associated
with model-assigned importance at the single-cell level, we computed the correlation between
regulon activity scores and attention weights from the trained tce//MIL model. For each regulon, we
calculated both Spearman’s rank correlation and Kendall’s tau between its activity across cells and
the corresponding attention scores. To control for multiple hypothesis testing, p-values were adjusted
using the Benjamini—Hochberg FDR procedure. The Kendall tau correlation coefficients are plotted
against the — log,, adjusted p-values in Supplementary Figure 8] To contextualize these findings,
Supplementary Figure [I2]displays the distribution of SCENIC regulon activity enrichment scores
across cells.

9 Appendix IV. Model Training Details

All experiments were conducted on two Linux-based HPC clusters (server names withheld for double-
blind review). On cluster 1, we ran jobs on GPU-equipped nodes featuring AMD EPYC 7543 CPUs
(32 cores) and 256 GB RAM with access to NVIDIA A100 GPUs; each training run was allocated
1 A100 GPU, all 32 CPU cores, and 256 GB of RAM, requiring approximately 2—3 h per run. On
cluster 2, an NVIDIA DGX H100 SuperPOD of 31 DGX H100 servers, each node offers 8§ NVIDIA
H100 80 GB GPUs, dual Intel Xeon Platinum 8480C CPUs (112 cores), and 2 TB RAM; we allocated
1 H100 GPU, 14 CPU cores, and 180 GB RAM per job, with 1.5 h per run. See [] for training
hyperparamters for various models trained in this work.

10 Appendix V. Supplementary Tables and Figures

Table 2: Supplementary Table 1: Study dataset summary and sources.’

Sample Source Patients Response Ratio Cells
(m=65) *(NR:OR:NA) (29:35:1) (n=83,410)
Li et al. (2023) [38] & Deng et al. (2020) [29] 35 16:19:0 35,000
Haradhvala et al. (2022) [39] 18 6:12:0 30,611
Internal Data (In Preparation) 7 5:2:0 13,559
Maurer et al. (2023) [33]] 5 2:2:1 4,240

*OR: Overall Response, NR: No Response, NA: Not Available.
fSingle-cell RNA-sequencing data from axi-cel CAR T cell infusion product given to patients with large B
Cell lymphoma (LBCL).

Table 3: Supplementary Table 2: Baseline models performance metrics®.

Classifier scRNA-seq SCENIC
Accuracy  Fl Precision Recall Accuracy Fl1 Precision  Recall
Logistic Regression 0.53 0.58 0.59 0.46 0.54 0.71 0.55 1.0
SvC 0.55 0.69 0.55 0.94 0.53 0.69 0.54 0.97
Decision Tree 0.61 0.67 0.63 0.714 0.58 0.61 0.62 0.60
Random Forest 0.52 0.60 0.55 0.66 0.69 0.73 0.68 0.80
Gaussian NB 0.56 0.70 0.56 0.94 0.63 0.65 0.67 0.63

* All datasets were pseudo-bulked to sample level for classification.
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Figure 6: Finetuned scGPT performance on classification of CAR T cell therapy treatment response
at 3 months.

Table 4: Supplementary Table 3: Model training hyperparameters.
tcellMIL  scGPT fine-tuning scMILD

Learning rate Se-4 le-4 le-3

Batch size 256 16 128
Autoencoder training epoch 150 NA 250
Training epoch 60 7 30
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Figure 7: Model performance with the ablation of the autoencoder in tcellMIL.

Correlation between activity score and attention
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Figure 8: Correlation between the cell-level attention and SCENIC regulon activity scores.
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SHAP Value Distributions per Class (Weighted)
Top 20 TFs by median absolute SHAP
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Figure 9: Distribution of SHAP values for top 20 regulons/TFs — ranked by median absolute SHAP
value — are shown for no response (NR: class 0; red) vs. overall response (OR: class 1; blue), arranged
alphabetically.
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Top 29 TFs Driving Class Difference
(Attention-Weighted SHAP Class 1 — Class 0)
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Figure 10: Distribution of difference in SHAP values across patients for top scoring regulons as OR
(class 1) - NR (class 0).
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Figure 11: UMAP of SHAP values and relationship with cell type annotation, cell attention, gene
expression, and patient response. All colors depict the magnitude of associated metric labeled. (a)
UMAP of NR and OR cells. (b) UMAP of NR for regulons that have the largest difference in SHAP
values for each prediction class. (¢) UMAP of OR for regulons that have largest difference in SHAP
values for each prediction class.
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Distribution of Regulon Activity Scores Across Cells
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Figure 12: Violin plot showing the distribution of SCENIC regulon activity enrichment scores across
cells, ordered by the mean of each regulon (from low to high).

Cell attention importance vs classification importance (Unweighted)
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Figure 13: Unweighted Shapley analysis.
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Volcano Plot: Wilcoxon Paired Test
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Figure 14: a) Volcano plot of adjusted p-values and log odds difference in response prediction across
LOOCYV models using only the held out validation patient for perturbation prediction, Wilcoxon
test across the cohort with baseline and perturbed predictions paired per patient, FDR adjusted. (b)
Volcano plot of adjusted p-values and log odds difference in response prediction across LOOCV
models applied to all patients for perturbation prediction, Wilcoxon test with each patient paired for
their baseline and perturbation when predicted using the same model, FDR adjusted.
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