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Abstract. Data scarcity is a major bottleneck in medical Multiple In-
stance Learning (MIL), especially for rare diseases and expensive modal-
ities. We introduce a statistically grounded patient augmentation ap-
proach that generates realistic patients directly in embedding space.
Using Gaussian mixture models to probabilistically cluster pooled in-
stance embeddings from all patients, our method learns disease-specific
"recipes"—statistical distributions of instances across unsupervised clus-
ters. New patients are then generated by sampling embeddings from
clusters based on learned recipes. Unlike existing methods that require
examples from all categories, our method can generate patients offline
by remixing pooled embeddings. Generated patients are further selected
based on uncertainty quantification to improve MIL performance. We
evaluate our method across three clinically relevant scenarios: (i) cross-
dataset transfer, where an entirely missing healthy class is generated us-
ing statistics from an external cohort; (ii) low-data regimes, where class
sizes are extremely limited; and (iii) small-cohort non-image tasks, in-
cluding single-cell RNA-seq and flow cytometry. Across all experiments,
our method improves performance over baseline, often outperforming
other bag-mixing strategies. Notably, in the missing-class scenario, a per-
formance comparable to full-dataset training is achieved, demonstrating
its potential for rare disease diagnostic and privacy-preserving patient
augmentation. The code is available at https://github.com/marrlab/
RECIPE.
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1 Introduction

Multiple Instance Learning (MIL) has emerged as a powerful paradigm for
weakly supervised learning in medical imaging, where only bag-level labels (e.g.,
patient diagnoses) are available and instance-level annotations (e.g., individ-
ual cell or image patch labels) are impractical to obtain [17]. In MIL, a “bag”
comprises a set of instances—such as histopathology patches [13], single cell im-
ages [4], or genomic/immune features [10,2]—and the learning objective is to
predict the bag label while weighting key instances.

One persistent bottleneck in healthcare MIL is data scarcity, particularly
in rare diseases and in diseases whose diagnosis depends on specialized, ex-
pensive technologies or invasive data collection. Traditional augmentation tech-
niques—rotations, flips, and color perturbations—operate at the instance level
and fail to generate realistic variation at the bag level. We introduce Remixing
Embeddings via Clustering for Patient augmEntation (RECIPE), which gen-
erates new bags for MIL pipelines in data-scarce settings. Given disease-level
labels from internal or external datasets, RECIPE unsupervisedly extracts in-
stance “recipes” needed to form each disease class and enables uncertainty quan-
tification. We showcase our pipeline in three scenarios: (i) when one class has
no patients and the recipe is derived from an external dataset, (ii) when only a
few patients exist in one class, and (iii) when the dataset is naturally small, as
in single-cell RNA-seq or flow cytometry.

2 Related work

Data augmentation improves generalization in machine learning [22,19,14,16],
yet its application in MIL is limited. Since whole slide images (WSI) contain
largely non-discriminative patches, naive instance-level augmentation often am-
plifies noise and redundancy. Moreover, in MIL, patch-level augmentation entails
significant computational overhead due to the need for feature re-extraction.

To address this, bag-level strategies have been developed to generate new
bags by mixing instances. PseMix [11] generates synthetic bags in a mini-batch
by combining patches from two WSIs into one mixed bag; the label is mixed in
the same proportion. ReMix [21] similarly augments within the training batch,
but first summarizes each WSI into a few representative patch groups and then
mixes those summaries. While these methods increase diversity, they face critical
limitations. First, they operate exclusively online, producing ephemeral synthetic
bags during training that cannot be validated or reused. Second, their local
mixing scope fails to capture global population statistics. Most critically, they
require real examples from every class, rendering them ineffective when an entire
class is missing—a frequent challenge when a healthy control or a rare disease
class is missing.

We introduce RECIPE, a paradigm for offline, statistically-grounded patient
generation. Unlike local mixing, RECIPE models global instance distributions
via clustering to learn class-specific "recipes" of disease phenotypes. This en-
ables the creation of persistent, analyzable cohorts. Uniquely, RECIPE supports
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Fig.1l. Remixing embeddings via clustering for patient augmentation
(RECIPE). (A) A Gaussian mixture model (GMM) is fitted to pooled instance em-
beddings to define unsupervised clusters. Class-specific "recipes" are computed as dis-
tributions across these clusters (mean + s.d.). New patients are generated by sampling
instances according to these recipes. (B) Informative patients are selected by quanti-
fying patient-level uncertainty via Monte Carlo dropout. The model is then retrained
using the most uncertain generated samples to improve performance.

cross-dataset transfer, generating missing classes using external statistics with-
out sharing sensitive data. To our knowledge, this is the first MIL framework
addressing missing patient classes, with applicability extending to single-cell and
cytometry data.

3 Methods

3.1 Dataset and Preprocessing

We evaluated RECIPE on both image (hematologic cytology) and non-image
(single-cell RN A-seq, flow cytometry) datasets where limited sample sizes benefit
from patient-level augmentation.

AML-Hehr [4] contains single white blood cell (WBC) images from 189
patients, including healthy donors (n = 60) and four AML genetic subtypes (n =
129; CBFB::MYH11, NPM1, PML::RARA, RUNX1::RUNX1T1), collected at
Munich Leukemia Laboratory (MLL) (2009-2020).

cAltomorph [1] comprises peripheral blood smear images from 2043 pa-
tients across seven hematological conditions and healthy donors, collected at
MLL (2021-2022). Images were resized to 224 x 224, normalized (ImageNet
statistics), and embedded into 768-dimensional vectors using the DinoBloom-
B [7] hematology foundation model.

Covid-scRNA-seq [18] is a single-cell RN A-seq cohort of 130 donors (647,366
cells) with varying COVID-19 severity. Following [10], we utilized three major
classes: healthy (n = 23), mild (n = 23), and severe (n = 13). Cell embeddings
were generated using PCA (30-dim) and scVI [12] (50-dim; default parameters
with site and sample ID covariates).
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Covid-flow [9] consists of flow cytometry data from COVID-19 patients and
healthy controls. Merging mild and moderate classes [2] resulted in 172 healthy,
43 mild /moderate, and 54 severe cases. We used BDC1 and BDC2 panels, each
with 29 channels, and applied channel-wise z-score normalization.

All datasets were evaluated using 5-fold cross-validation.

3.2 Cluster-based unsupervised sampling

Our pipeline has two parts. In part 1 (Fig. 1A), we pool N instance embeddings,
each of dimension D, {x;}¥; C R, from all training patients, and fit a K-
component Gaussian mixture model (GMM) using scikit-learn (v1.5):

K
p(xi) =Y e N (i | g, T (1)

k=1

where Zkl,(zl 7, = 1 and Xy is diagonal. We maximize the data log-likelihood
via Expectation—-Maximization (EM).

For each real patient in class ¢, we count the instances assigned to each
cluster k. Aggregating these yields the class—cluster mean u.j; and standard
deviation oy, defining a class-specific recipe. To generate a patient of class c,
we first sample a continuous cluster count 7. ~ N (pie,k, 03’ &) and discretize it as
N = max (0, [ r]). We then draw n. ;, embeddings from the pool of instances
assigned to cluster k. The sampled embeddings form a new bag, generating new
patients by remixing instances according to disease-specific statistics.

3.3 Uncertainty aware patient selection

Part 2 (Fig. 1B) of the pipeline selects the most informative generated patients
to improve MIL classification performance and is independent of Part 1. After
generating patients, we estimate the predictive uncertainty of the pretrained
MIL model (f) on these bags using Monte Carlo (MC) dropout at inference,
with dropout applied in the classifier head. For a generated patient bag x and
T stochastic forward passes, we compute the logits

29 (x) = f(x; 01) e RE, p?(x) = softmax(z(t) (X)) , (2)
and form the mean predictive distribution. We quantify uncertainty U with the

predictive entropy of p(x):

T
) = 2P, U() = HpR) = > plx) logpcx).  (3)

Here, higher entropy indicates more uncertain predictions [15,3]. We also ablate
BALD (Bayesian Active Learning by Disagreement) [5] and the standard devia-
tion of the predicted class’s maximum logit (Max-STD) across posterior samples
[3] as alternative uncertainty metrics (see section 5.4).



RECIPE 5

A cAltomorph AML-Hehr D .
IZ e oMM [ @7 o ;' Real Generated Total H Real Generated Total
- - e &7 CBFB:MYH11 22 0 22 22 0 22
"‘ ). % . ‘r ? %, = NPM1 23 0 23 23 0 23
3 15D: 012 < PML::RARA 24 0 24 H 24 0 24
[: ) D . RUNX1:RUNX1TT 20 0 20 E 20 0 20
’g B S 1 Healthy 0 37 7 i 3 0 37
B o s 000 000 000 000 | 0 .00 0.00
100 CBFB:MYH11 {ydd) (0.00) (0.00) (0.00) (0.00) X)) (0.00) (0.00) (0.00) (0.00)
S —— S — '
0.42 NN 000 005 000 i 003 003 0.00
w80 I NPM1% J(9/06) (K1) (0.00) (0.06) (0.00) ~(0.06) (L] (0.05) (0.05) (0.00)
£ 60 .. 000 000 FIA 013 0.00 000 000 JFXTN 0.10 0.00
§40 I | ‘ | | PML:RARA® - (0.00) (0.00) [t] (0.07) (0.00) *(0.00) (0.00) {E2Y (0.08) (0.00)
©
. 0.06 034 0.09 0.00
& 20. it ‘ ” ; RUNXT:RUNX1T1 '(0.11) (0. 15) (o.on (. (o om (o 07) (o oe) w 07) (0.00)
olll i HIHM\ i .‘ . H:IM 000 000 0.02 000 0.00 0.00 JEEN

0.00
Healthy ® - (o 03) (0.00) (0.00) (0.03 @ (0. 00) (0.00) (0.00) (0.00) [CKL]

Generated patients Real pa(len(s

& 3 ) \ \ S
c X QS’ S X e‘* &
60 . O Generated 5\‘2‘ éz\“ &P \‘;\Q‘ é?\‘\ R e‘\‘\ =
g h Shea & Ny T &y & T
= X o 2 .
z 40 ! S S S S
§ ‘ - <« <<
g 201 E F
e é$ . . ﬂ L | # real healthy # gen. healthy Balanced acc. {0 sﬁ@
e - B —-
Loy T . gL E e wwnnw 3 Baseline [ ) 0242014 @ © oycauny (ea)
855585383368 E608 88  Diecttransfer a7 0 0.66 * 003 " *Healthy (generated)
E 99828 >2>2cc EE 8 o °
S gL 202 EEg > o o RECIPE (ours) 0 37 0.78 £ 0.05 °
885228283 ET 3 0 0.83 002 TR ¢ 3
8 s 538 a crg » £ 8 s 2 Full dataset 7 .83 = 0. NMP1 " 4e
= - o zZ 5 ‘ PML:RARA z
o *Externally transferred from cAltomorph data RUNX1::RUNX1T1

3
UMAP 1

Fig. 2. Generating realistic patients using externally derived recipes. (A)
We fit a Gaussian Mixture Model (GMM) on pooled instance embeddings from the
cAltomorph data to obtain unsupervised clusters and class-specific recipes. We then
transfer this clustering structure to AML-Hehr and generate healthy individuals by
sampling only from the AML-Hehr embedding pool according to the externally learned
healthy recipe. Transferring the GMM yields aligned clusters across datasets: real cell-
label distributions within corresponding clusters agree well between cAltomorph and
AML-Hehr (JSD= 0.12). (B) Per-patient cell-type composition of generated versus
real AML-Hehr patients, computed using real cytomorphology labels. (C) Cell-type
proportions across patients shows that generated patients recapitulate the real cell-
composition statistics. (D, E) Training with generated patients achieves test-set per-
formance comparable to the full-dataset setting. (F) Generated patients align well with
real patients in the latent space, as visualized by UMAP.

4 Experiments

Previous patient-level augmentation approaches have mainly targeted already
large cohorts (e.g., TCGA), where gains are often marginal [11,21]. In practice,
medical datasets are frequently imbalanced, rare classes and healthy controls
can be difficult to collect, and some diagnostic tests are invasive or too costly
to apply broadly. We therefore evaluate our pipeline in three clinically relevant
data-scarce scenarios:

(i) Generating patient recipes from an external dataset. We intentionally re-
moved all healthy controls from the AML-Hehr training split and derived the
healthy recipe from healthy controls in the cAltomorph dataset. Using this ex-
ternal recipe, we then generated healthy individuals by sampling only from the
AML-Hehr diseased instance embedding pool. We generated the same number
of healthy controls as in the original AML-Hehr dataset (n = 37). We could not



6 Dasdelen et al.

>
@

Baseline Mixup PseMix RECIPE (ours)

o

CBFB:MYH11" - 3
c . | 808 ;
3 NPM?1- ] ] ] . 3
T PML::RARA 508 /
2 i 1 . - . . 3 04 Full dataset
& RUNX1:RUNX1T10- - ] e I [/ RECEE(ous)
K ----@
Healthy®- 1 1 ) . 302 l l t?ﬁx;
a . . o #- Baseline
bAcc 0.26 £ 016 0.60+0.02 0.64£0.07 0.68+0.06 1 2 4 8 16 32
wF1 0.14+0.14 0.57+0.04 0.63+0.10 0.69+0.06 Number of real patients

Fig. 3. Augmenting classes with few patients. (A) Performance comparison of
augmentation methods when only one real healthy control is available in the training
set. (B) RECIPE achieves the highest performance for almost all sample sizes.

include baseline augmentation comparisons in this setting because other existing
methods assume that at least some real samples are available for every class.

(i) Generating patients from few samples. We reduced the number of healthy
controls in the AML-Hehr training set to n € 1,2,4,8,16,32 and generated
additional healthy patients to match the original class size. In this setting, the
recipe statistics were estimated from the few available healthy samples, while
new bags were created by sampling instances from the AML-Hehr embedding
pool. We compared our method with other augmentation methods.

(iii) Application in single cell omics/cytometry. We applied our approach to
modalities where sample sizes are naturally limited, including single-cell RNA-
seq and flow cytometry. In these experiments, we augmented the training set
with generated patients corresponding to 30% of the original training data size
(see 5.4) and compared with other augmentation methods.

In all experiments, the number of GMM clusters is fixed to K = 50 (see 5.4).

4.1 Multiple instance learning architecture and training

Since our pipeline is architecture-agnostic, we used attention-based multiple in-
stance learning (ABMIL) [6]. We also show compatibility with other aggregators
such as Transformer [20] and DSMIL [8] (see 5.4). ABMIL uses a 256-dimensional
hidden representation with an MLP classifier. We trained ABMIL with batch
size 16 and learning rate 1 x 10~ using AdamW (weight decay = 0.01) for up to
150 epochs, with early stopping based on validation loss. Training used a single
NVIDIA A100 80GB GPU.

5 Results

5.1 Generating patient recipes from an external dataset

We fit a GMM on cAltomorph and computed healthy-control statistics (recipes)
from the resulting clusters, without using cell-type labels. We then applied the
same GMM to AML-Hehr to assign clusters and generated healthy individuals
using the precomputed recipe (Fig. 2A). The clustering structure transferred
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Table 1. Balanced accuracy (bAcc) on non-image COVID-19 datasets. Values are
mean =+ std. Best result in each column is shown in bold.

scRNA-seq Flow cytometry
Method PCA scVI BDC1 BDC2
Baseline 0.56 + 0.12 0.58 £ 0.15 0.50 £+ 0.05 0.49 £ 0.05
Mixup 0.60 £0.14 0.65 £ 0.12 0.57 £0.04 0.58 £0.04
ReMix 0.54 +£0.08 0.58 +£0.10 0.56 £+ 0.05 0.55 £ 0.05
PseMix 0.63£0.14 0.62 £0.04 0.57£0.05 0.56 £ 0.04

RECIPE (ours) 0.64 +£0.05 0.73 £0.09 0.61 +£0.07 0.60 £ 0.03

well: corresponding clusters in the two datasets showed similar real cell-type
compositions, with a low Jensen—Shannon divergence (0.12). Using the original
AML-Hehr cell labels for evaluation, the generated individuals closely matched
the expected cellular composition of healthy peripheral blood (Fig. 2B,C), with
segmented neutrophils comprising ~60% and typical lymphocytes ~20%. We
generated 37 healthy controls (matching the original cohort size) and trained
ABMIL using these cases. On a test set of real patients, training with gener-
ated healthy controls achieved performance close to the full dataset (Fig. 2D,E;
balanced accuracy of 0.78 &+ 0.05 vs. 0.83 £ 0.02) and outperformed directly
transferring healthy cases from cAltomorph to AML-Hehr (0.66 £ 0.03).

5.2 Generating patients from few samples

Next, we evaluated our pipeline in a low-data setting where only a few healthy
controls are available. Disease recipes were estimated from a limited number of
healthy samples n € {1,2,4,8,16,32}, and healthy individuals were generated
from the pooled AML-Hehr embedding set based on these recipes. For a single
healthy individual (n = 1), the baseline achieved only 0.26 £+ 0.16 balanced
accuracy (Fig. 3A). MixUp [23] and PseMix improved performance to 0.6040.02
and 0.6440.07, respectively, while RECIPE achieved the best result (0.68+£0.06).
RECIPE also improved sensitivity across classes, particularly for the healthy
class (Fig. 3A). This trend was consistent across all sample sizes (Fig. 3B).

5.3 Application in single cell omics/cytometry

Finally, we evaluated RECIPE on real-world non-image modalities using scRNA-
seq and flow cytometry (Table 1). On scRNA-seq, RECIPE achieved the best
performance for both embedding types, improving balanced accuracy from 0.56+
0.12 to 0.64 + 0.05 with PCA (+14%) and from 0.58 £ 0.15 to 0.73 &+ 0.09 with
scVI (4+26%). On flow cytometry, RECIPE improved performance on both panels
(+22%): for BDC1, balanced accuracy increased from 0.50 & 0.05 to 0.61 +0.07,
for BDC2, RECIPE increased balanced accuracy from 0.494+0.05 to 0.60 £ 0.03.
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Table 2. One-factor-at-a-time ablation study on Covid-scRNA-seq scVI embeddings
(left) and RECIPE performance with various aggregators on Covid-scRNA-seq PCA
embeddings (right). The first row denotes default settings; each subsequent row varies
a single hyperparameter. Best balanced accuracy is shown in bold. Default: predictive
entropy uncertainty, global most uncertain selection, 30% augmentation ratio, and
K = 50 clusters

Hyperparameter bAcc Architecture bAcc
Default 0.73+0.09 ABMIL (Baseline) 0.56 £0.12
Uncertainty: BALD 0.62 +0.23 IABMIL (RESIPE) 0.64 lig)(;'(ﬁ
Uncertainty: Max-STD 0.61 +0.24 mprovemen 1oz

. DSMIL (Baseline) 0.45+0.11
Mixed t t. 724+0.1

1O oSt Aneer 072017 HoMIL (RECIPE) 0.58 +0.17
Per-class most uncert. 0.68 £0.19 I ¢ 29%
Random certain 0.70£0.16 __mprovemen 297
Most certain 0.53+£0.12 Transformer (Baseline) 0.49 £0.09
Aug. ratio: 5% 0,68+ 0.16 ;I‘ransformert(RECIPE) 0.67;;(;.11
Aug. ratio: 10% 0.69 4 0.20 __mprovemen 1387
Aug. ratio: 20% 0.70 £ 0.15
Aug. ratio: 60% 0.68 +£0.21
Aug. ratio: 90% 0.70 +£0.14
K:3 0.61 £0.16
K: 10 0.60 £0.10
K: 30 0.52 £0.16
K: 100 0.48 £0.17

5.4 Ablation studies

We conducted a one-factor-at-a-time ablation study (Table 2) to evaluate the
impact of key hyperparameters. Predictive entropy proved to be the most effec-
tive uncertainty measure, outperforming BALD and Max-STD by over 10%. We
also examined the selection scope, which determines how uncertain patients are
prioritized: global (top uncertain patients across the entire dataset), per-class
(top uncertain patients within each class), or mized. Global selection achieved
the highest balanced accuracy (0.73+£0.09), suggesting that prioritizing the most
uncertain samples regardless of class labels provides the most information. To
demonstrate the benefit of selecting the most uncertain patients, we also ablated
augmenting with the most certain patients or randomly selected patients. Se-
lecting the most certain patients yielded the lowest performance, while selecting
random patients resulted in intermediate performance. The augmentation ratio
showed an optimal peak at 30%; exceeding this threshold did not improve more.
For the number of clusters, K = 50 provided the best resolution for capturing se-
mantic diversity. Finally, RECIPE is architecture-agnostic, providing significant
performance gains—up to 38% —across different aggregators including ABMIL,
DSMIL, and Transformer.
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6 Conclusion

We propose RECIPE, a patient-level augmentation framework designed to over-
come data scarcity in MIL. By deriving probabilistic class "recipes" via unsu-
pervised clustering, our method generates realistic patients by remixing instance
embeddings. A key innovation of RECIPE is its ability to generate entirely miss-
ing cohorts using externally derived statistics, demonstrating that disease pheno-
types can be effectively transferred across datasets without sharing patient data.
Furthermore, RECIPE proved highly effective in non-imaging domains, yielding
performance gains in data-limited single-cell RNA-seq and flow cytometry tasks.
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