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Abstract

Despite being resource-intensive to train, 3D
convolutional neural networks (CNNs) have
been the standard approach to classify CT and
MRI scans. Recent work suggests that deep
multiple instance learning (MIL) may be a more
efficient alternative for 3D brain scans, espe-
cially when the pre-trained image encoder used
to embed each 2D slice is frozen and only the
pooling operation and classifier are trained. In
this paper, we systematically compare simple
MIL, attention-based MIL, 3D CNNs, and 3D
ViTs across three CT and four MRI datasets,
including two large datasets of at least 10,000
scans. Our goal is to help resource-constrained
practitioners understand which neural networks
work well for 3D neuroimages and why. We
further compare design choices for MIL, includ-
ing different encoders, pooling operations, and
architectural orderings. We find that simple
mean pooling MIL, without any learnable at-
tention, matches or outperforms recent MIL or
3D NN alternatives on 4 of 6 moderate-sized
tasks. This baseline remains competitive on two
large datasets while being 25x faster to train.
To explain mean pooling’s success, we examine
per-slice attention quality and a semi-synthetic
dataset where we can derive the best possible
classifier via a Bayes estimator. This analysis
reveals the limits of existing MIL approaches
and suggests routes for future improvements.

Data and Code Availability. We use open
datasets like ADNI1 (Mueller et al., 2005), OASIS-
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Figure 1: Test AUROC on OASIS-3 MRI (higher is bet-
ter) vs. number of trainable parameters (lower is better)
for MIL and 3D NN methods. Takeaway: Mean pool-
ing MIL is almost as good and far more efficient
than the best MIL or 3D NN method. All MIL
methods use the same pre-trained ViT encoder.

3 (LaMontagne et al., 2019), and RSNA (Flan-
ders et al., 2020), as well as non-shareable Propri-
etary data (Sec. 4). Our code is publicly available:
github.com/tufts-ml/neuroimage-classifiers.

Institutional Review Board (IRB). Our study
of Proprietary datasets of deidentified neuroimages
with associated diagnostic labels was approved by our
local Institutional Review Board (Tufts Health Sci-
ence IRB #3977 and #4374). Other data are open-
access and deidentified; no approval is needed.

© 2026 E. Harvey, D.J. Loevlie, A.A. Satani, W. Chen, D.M. Kent & M.C. Hughes.
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1. Introduction

We investigate the problem of predicting a single
binary label given a 3D image of the brain. We fo-
cus on two common imaging modalities: computed
tomography (CT) and magnetic resonance imaging
(MRI). Such images provide high-quality clinical ev-
idence for critical neurological conditions such as
Alzheimer’s or brain lesions. Our work is especially
motivated by the potential for effective detection of
small vessel diseases like covert brain infarction or
white matter disease. Reliable automatic detection
on routine scans may improve long-term risk assess-
ment for stroke, dementia, and other serious conse-
quences (Pasi and Cordonnier, 2020).

Deep neural networks have become widespread for
neuroimaging classification tasks. One approach al-
lows the network direct access to an input 3D vol-
ume (Wen et al., 2020). Another increasingly com-
mon approach is multiple instance learning (MIL).
Here, the 3D volume is divided into slices. Each slice
or “instance” is processed separately by an encoder,
then the MIL architecture pools instance-level results
into a whole-scan prediction. We consider here both
simplistic pooling strategies as well as recent pool-
ing methods like TransMIL (Shao et al., 2021) and
SmAP (Castro-Macias et al., 2024) that account for
interaction between instances.

Two aspects of MIL make it appealing for neu-
roimage classification. First, current MIL processing
broadly parallels how human clinical experts make
classification judgments from 3D images. Experts to-
day page through axial slices to find a specific slice
or set of slices with visual evidence for an abnormal-
ity, synthesizing information across slices with clinical
context. The ability to find one “smoking gun” in-
stance to justify a positive classification of the entire
scan is a fundamental assumption of MIL (Dietterich
et al., 1997; Raff and Holt, 2023). Second, MIL neural
networks can be more runtime and storage efficient
for training and evaluation than 3D neural networks,
especially if using a pre-trained encoder.

We make several contributions to improve under-
standing of the strengths and weaknesses of MIL for
3D brain scan classification:

e We provide a systematic study of MIL architec-
tural approaches, encoders, and pooling operations
on 9 classification tasks using 7 datasets of MRI or
CT scans (Tab. 2). This multi-dataset, apples-to-
apples comparison is missing in earlier work trying
MIL for brain imaging (Castro-Macias et al., 2024),
which compare advanced MIL methods but not 3D

neural networks or simple baselines like mean pool-
ing on one relatively small CT dataset.

e We provide evidence across multiple MRI and CT
datasets that a simple MIL baseline using mean
pooling, rather than learned attention, can often
match or outperform recent MIL methods pub-
lished in top conferences, despite the substantial
additional complexity of learned attention. Even
on larger datasets with 10,000+ scans, we find re-
cent variants of attention-based MIL like Trans-
MIL (Shao et al., 2021) or SmAP (Castro-Macias
et al., 2024) never provide an absolute gain in AU-
ROC greater than 0.025 (see Tab. 5), while requir-
ing 25x longer training times. We thus argue for
including mean pooling MIL as a strong baseline
in future work.

e We directly examine the quality of learned atten-
tion on real data. The RSNA CT dataset (Flanders
et al., 2020) uniquely provides instance-level (per-
slice) labels for lesion presence/absence, enabling
evaluation of how well learned attention predicts
instance-level labels. We compare ABMIL, Trans-
MIL, and SmAP to a simple center-focused Gaus-
sian baseline that ignores the image entirely and
allocates attention solely by slice position. Sur-
prisingly, on this large dataset no learned attention
method outperforms this trivial baseline on atten-
tion correctness, AUROC, or AUPRC (see Tab. 6).

e To better explain the lack of strong gains from re-
cent MIL methods designed to account for instance
interaction, in Sec. 6 we create a semi-synthetic
dataset intended to match the statistics of slice-
level labels in the RSNA CT dataset. Knowledge
of the data-generating process allows us to define
the best possible classifier via a Bayes estimator.
This analysis reveals that even at large data sizes,
recent MIL approaches score substantially worse
than the best possible classifier.

Altogether, our work suggests the potential for future

methods innovation in the MIL design space and pro-

vides a reproducible platform for verifying how such
innovations impact overall classifier quality.

2. Background: MIL Methods

MIL (Dietterich et al., 1997; Maron and Lozano-
Pérez, 1997; Quellec et al., 2017) is a branch of weakly
supervised learning where the goal is to train a predic-
tor that, given a variable-sized set of instances each
with its own feature vector, can predict a single bi-
nary label for the entire set. The training dataset for
a generic MIL problem, denoted {(x;,y;)}Y , con-
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sists of N labeled bags of data. Each bag is a set of
S; instance feature vectors x; = {z; 1,...,%; s, } with
a single binary label y; € {0,1}. For our work on
brain scans, each bag is a 3D CT or MRI, and an
instance is the 2D image of one axial slice.

In this work, we study three aspects of MIL design
for 3D brain scans: architectural approach, encoder
choice, and pooling operation. These are summarized
in Tab. 1 and outlined in the three subsections below.

Table 1: We provide a systematic comparison of MIL ar-
chitectural approaches, encoders, and pooling operations.

Architectural ordering Embedding-aggregation,
prediction-aggregation
ViT-B/16, ConvNeXt-Tiny,

MedSAM

Encoders

Pooling
MIL without instance interaction Max, Mean, ABMIL
MIL with instance interaction TransMIL, SmAP

2.1. Architectural ordering approaches

Among deep neural networks for MIL, there are
two main paradigms, which we refer to as embedding-
aggregation and prediction-aggregation. Both ap-
proaches consist of three parts: an encoder, a pooling
operation, and a classifier. They differ in the ordering
of these parts, as shown in Fig. 2.
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Figure 2: Architectural ordering approaches: embedding-
aggregation (left) pools before classifying; prediction-
aggregation (right) classifies before pooling.

In the embedding-aggregation approach, the or-
der is encode, pool, then classify. First, each in-
stance’s C-channel 2D image z;; € RE*HXW jg
encoded to an instance-specific representation vec-
tor h;; = f(z;;) € RM. Second, a pooling op-
eration o(-) (e.g., max, mean, or attention-based

pooling) aggregates all S; instance representations
hi ={hia,...,h; s} into a single representation vec-
tor z; = o(h;) € RM. Finally, the bag level represen-
tation vector z; is classified into a predicted proba-
bility, g(z;) € [0,1]. We can denote the ultimate pre-
diction as §; = g(o(f(x;)). In this notation, applying
f to a set yields another set containing a mapping of
each instance.

In the prediction-aggregation approach, the order-
ing of ¢g(-) and o(-) is swapped. A separate pre-
diction score vector containing logits or probabili-
ties is produced for each of the S; instances sepa-
rately, and then pooling determines the final predic-
tion, i = o (g(f(z:))))).

In either approach, model parameters for all parts
(encoder, pooling, and classifier) can be trained to
minimize binary cross entropy averaged across all
data: + Zf\; (BCE (y;, 4;), where ; is a function of
input features and parameters.

2.2. Encoders

In both architectural approaches, an encoder f(-)
embeds each 2D slice into a representation vector. We
compare a vision transformer (ViT, Dosovitskiy et al.
2021) pre-trained on ImageNet-1k (Deng et al., 2009),
a convolutional encoder (Liu et al., 2022b) also pre-
trained on ImageNet-1k, and a medical image encoder
from the medical segment anything model (MedSAM,
Ma et al. 2024), a variant of a recent method (Kirillov
et al., 2023) fine-tuned for medical image segmenta-
tion on a large medical image dataset.

2.3. Pooling

The design of the pooling operation o(-), which
aggregates across instances, is generally most impor-
tant for understanding how spatial context is incor-
porated. We describe several architectures below.
We focus on embedding-aggregation for concreteness;
translation to prediction-aggregation is straightfor-
ward. Here, we take as input a set of embeddings
hi={hi1,...,h;s,} for bagi. Each instance j in the
bag is encoded as a representation vector h; ; € RM,

Max and mean pooling. Two simple pooling
operations find the maximum or mean element-wise
of the given M-dimensional vectors:

Z; =

(1)

max_ h;j, or

z; = mean hy;.
Jj=1,....8;

J=1,...,5;
Early deep MIL methods (Pinheiro and Collobert,
2015; Zhu et al., 2017; Feng and Zhou, 2017) used

such simple, non-trainable operations to aggregate
instance representations.
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Attention-based pooling. Attention-based
pooling (ABMIL) (Ilse et al., 2018) assigns an at-
tention weight a;; to each instance via

_exp (u' tanh (Uh;;))
Soniy exp (uT tanh (Uhiy))’

then forms bag-level embedding vector z; via a

weighted average: z; = ZJS:l a;jh;j. The weights

a;; are non-negative and sum to one: a;; > 0 for all
7; Zj a;; = 1. In the equation above, vector u € RE

(2)

CLZ‘J‘

and matrix U € REXM are trainable parameters.

Smooth attention pooling. Smooth attention
pooling (SmAP) (Castro-Macias et al., 2024) uses
a smoothing operation to add local interactions be-
tween instance embeddings. The smoothed embed-
dings g; € R%*M for all S, instances are obtained by
solving an optimization problem

Sm(hi) = argmin a€p(g:) + (1 = &) ||hi — gillF, (3)
9i
where a € [0,1) controls the amount of smoothness,
| - || 7 denotes the Frobenius norm, and

Eplgi) = % Zj:l Zk:l Aijk”.gij - 9ik||§~ (4)

Here, A; € R%*5 is an adjacency matrix defining lo-
cal relationships between instances and || - ||3 denotes
the squared Euclidean norm aka “sum of squares”.
Following Castro-Macias et al. (2024), we use an ad-
jacency matrix that links each slice to its adjacent
slices in scan order. The resulting smoothed embed-
ding g;; then replaces embedding h;; in Eq. (2).

Transformer-based pooling. Shao et al.
(2021)’s transformer-based correlated MIL (Trans-
MIL) allows instance interactions to inform pooling.
First, TransMIL uses convolutions over instances in a
pyramidal position encoding to model dependencies.
Second, interactions between all pairs of instances
are captured via multi-head self-attention. For layer
¢ and head h, there’s a S;+1 x S;+1 attention matrix,
where rows sum to one and weight 7, k is:

(¢;h)

e\ T, (0h
a; j§ O exp ((ql(] )) kz(,k )/\/5 )

Here, each instance j has embeddings of size D for

()

Lh £,h) 01— £,k 06,h); 0—
query qz(,j ) = Wc(g )hf,j17 key kz(,j ) = WI(( )hf7j1v
and value vl(,e]?h) = W‘(f’h)hf;l. Propagating embed-

dings via attention-weighted value averages over sev-
eral layers and heads allows instance features to in-
teract flexibly to inform the ultimate bag-level em-
bedding.

3. Related Work

CNNs for 3D neuroimaging. Deep learning
has been widely applied to neuroimaging classifica-
tion tasks (Huang et al., 2023; Dorfner et al., 2025).
Several works examine 2D vs. 3D CNN architec-
tures. Wen et al. (2020) provide a comprehensive
overview and reproducible evaluation of CNNs for
Alzheimer’s disease (AD) classification using MRI
neuroimages. They compared 2D slice-based and 3D
volumetric approaches on the ADNI, AIBL and OA-
SIS datasets and found that the performance of 2D
slice-based approaches pre-trained on ImageNet-1k
(Deng et al., 2009) was generally lower compared
to 3D approaches. On a small subset, Dufumier
et al. (2021) showed that randomly initialized 3D
CNNs outperform randomly initialized 2D CNNs us-
ing mean pooling with a prediction-aggregation archi-
tecture. Recent work further demonstrates that the
performance of 3D CNNs strongly depends on design
choices related to normalization, downsampling, and
depth (Liu et al., 2019, 2022a). In contrast to these
works that focus only on 2D and 3D CNN approaches,
we systematically compare MIL methods.

MIL for neuroimaging. The popularity of MIL
for neuroimaging classification tasks has grown in re-
cent years (Tong et al., 2014; Lépez Pérez et al., 2022;
Harvey et al., 2023; Perez-Cano et al., 2024), yet
quality benchmarking especially to methods outside
MIL remains underexplored. For example, Wu et al.
(2021) in their Table 2 compare their MIL method’s
ICH classification results on a subset of the RSNA
dataset to 3D CNN ICH classification numbers pulled
directly from other papers that evaluate on differ-
ent datasets. This comparison is “apples-to-oranges”,
making it difficult to draw conclusions about the rel-
ative rankings of the two approaches.

Recent MIL for neuroimaging work has focused on
improving classification and localization results com-
pared to conventional MIL by introducing smooth at-
tention (Wu et al., 2023; Castro-Macias et al., 2024),
described earlier in Sec. 2. However, despite growing
interest, there are no systematic evaluations of differ-
ent MIL encoders, aggregation approaches, and pool-
ing operations. Moreover, MIL’s relative strengths
and weaknesses compared to more traditional ap-
proaches like 3D CNNs remain poorly understood.

Brain foundation models. Work has begun to
develop brain foundation models that pre-train large
encoders on neuroimaging data and then adapt them
to downstream neuroimaging tasks. For example,
Deng et al. (2026) propose a brain foundation model
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that they adapt for brain disease segmentation and
classification tasks, and Wang et al. (2024) intro-
duce Vote-MI, an unsupervised representative slice
selection method that selects representative 2D slices
from 3D brain MRIs to enable effective use of 2D vi-
sion—language models (VLMs). Related multimodal
clinical foundation models, such as Dai et al. (2025a),
also include 3D neuroimages in their training data
(Dai et al., 2025b). Overall, these efforts are relevant
but largely tangential to our study. Many brain foun-
dation model pipelines ultimately process 3D neu-
roimages in a slice-wise manner, which requires aggre-
gating information across slices to produce scan-level
predictions. Therefore, our systematic evaluation of
different MIL architectural orderings and pooling op-
erators can inform the design of future MIL that uses
a brain foundation model encoder.

4. Experiment Design
4.1. Datasets of 3D Brain Scans

We study classification on the seven datasets of 3D
brain scans in Tab. 2. For all CT datasets, we follow
recommended preprocessing (Muschelli, 2019), leav-
ing the original number of slices which varies across
scans. For all MRI datasets, we follow recommended
preprocessing (Wen et al., 2020; Routier et al., 2021).
Each available modality (T1 and T2, if included)
is mapped to a fixed-size template with 179 slices.
Across CT and MRI, the same preprocessed 3D image
is fed into all 3D and MIL NNs. MIL encoders process
axial slices where each 2D image is resized to 224 x 224
(except for MedSAM, which uses 1024 x 1024). See
App. A for more details preprocessing.

ADNI1. The ADNI1 Complete 1Y 1.5T
dataset (Mueller et al., 2005) includes 2,294 T1 MRI
scans from 639 patients. We use the diagnostic co-
horts assigned upon enrollment for binary classifica-
tion of Alzheimer’s disease (AD).

OASIS-3 CT. The OASIS-3 CT dataset (LaM-
ontagne et al., 2019) has 662 CT scans from 495 pa-
tients. We use the clinical dementia rating (CDR) for
binary classification of AD. Positive labels indicate
the patient has a diagnosis at most 80 days before or
365 days after the MRI scan date.

OASIS-3 MRI. The OASIS-3 MRI dataset (La-
Montagne et al., 2019) includes 1,620 T1 and T2 MRI
scans from 903 patients. Label definitions for AD are
the same as in OASIS-3 CT.

RSNA-1,149. Prior work in MIL for neuroim-
age classification (Wu et al., 2021; Lépez Pérez et al.,
2022; Perez-Cano et al., 2024; Castro-Macias et al.,

2024) uses a subset of 1,150 CT scans from the
RSNA 2019 Brain CT Hemorrhage Challenge (Flan-
ders et al., 2020). In the released subset’s train and
test sets (Castro-Macias et al., 2025), we found one
scan appears in both the training and test set. We
removed the duplicate scan, resulting in 1,149 unique
CT scans which we subdivide as described below.

RSNA-21,744. The RSNA 2019 Brain CT Hem-
orrhage Challenge (Flanders et al., 2020) includes
752,803 slices from 21,744 CT scans with released la-
bels for presence/absence of any intracranial hemor-
rhage (ICH). We subdivide the released training set
(no other release has labels) into our own training,
validation, and test sets as described below.

Proprietary-800. The Proprietary-800 dataset
contains de-identified axial T1 and T2 MRI scans
from 800 patients 50+ years of age who received an
MRI in 2009-2019 during the course of routine care
within the Kaiser Permanente health system in south-
ern California, USA. Our study’s IRB approval is
documented on page 1.

Two separate binary labels are of interest: white
matter disease (WMD) and covert brain infarction
(CBI). These are often incidental findings with no
outward symptoms. Yet the presence of either may
be predictive of future stroke or dementia (Pasi and
Cordonnier, 2020).

Of the 800 scans here, 640 scans were randomly
sampled from all eligible scans. For the remainder,
we deliberately sample 160 scans directly from CBI-
positive patients in the eligible cohort (regardless of
WDMD status) to overcome CBI’s rarity. Our 800 scan
dataset contains 251 CBI cases and 541 WMD cases.

Proprietary-10k. The Proprietary-10k dataset is
a larger dataset of T1 and T2 MRIs from 10,000 pa-
tients 50+ years of age who received a routine-care
MRI in 2009-2019 from the same southern California
health system. Our study’s IRB approval is docu-
mented on page 1.

This larger dataset has the same binary labels for
WMD and CBI. All scans with CBI (regardless of
WMD status) were included and the remaining scans
were randomly sampled from the eligible cohort. This
yielded a total dataset of 474 CBI cases and 4,291
WMD cases.

WMD/CBI label extraction. WMD and CBI
labels for Proprietary scans are extracted from rou-
tine text reports provided by an clinical expert dur-
ing routine image interpretation. We use an NLP
tool developed by Fu et al. (2019) for the extrac-
tion. The tool achieved 1.00 positive predictive value
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Table 2: Dataset statistics: Patient-scan counts by class.

Dataset Modality Label Num Neg. Num Pos. Total Scans Instances/Scan
ADNI1 MRI AD 1,818 476 2,294 179-179
OASIS-3 CT AD 556 106 662 74-111
MRI AD 1,239 381 1,620 179-179

RSNA-1,149 CT ICH 666 483 1,149 24-57
RSNA-21,744 CT ICH 12,862 8,882 21,744 20-60
Proprietary-800 MRI CBI 549 251 800 179-179
WMD 259 541 800 179-179

Proprietary-10k  MRI CBI 9,526 474 10,000 179-179
WMD 5,709 4,291 10,000 179-179

(PPV) and 0.99 negative predictive value (NPV) for
CBI and 0.99 PPV and 0.99 NPV for WMD on 1,000
manually annotated reports across two sites with high
interannotator agreement (Cohen’s k = 0.87 and 0.91
for CBI at the two sites).

Spatial extent of labels. The relevant spatial
extent of a 3D scan needed to correctly classify the
different labels here differs in important ways that
impact our later analysis. The binary label for AD
arises from broader clinical knowledge not just ob-
served imaging. In imaging, the signs of neurodegen-
erative diseases like AD are likely diffuse throughout
many axial slices. In contrast, ICH lesions are vis-
ible in a focal region of the brain but can be volu-
metrically extensive: in RSNA the mean number of
contiguous slices for a lesion is 12. CBI lesions are
also focal, lacunar infarcts in particular are often less
than 1 cm in size. WMD is typically bilateral and
regionally patterned (periventricular and deep white
matter), often visible across multiple slices. It is re-
gionally concentrated, but not as focal as a lacunar
infarct.

4.2. 3D Methods

We compare two families of 3D baselines.

3D CNNs. 3D CNNs are the standard approach
to classify CT and MRI scans. We include a 3D
ResNet-18 that can process a variable number of in-
puts (Tran et al., 2018) and a 3D CNN designed for
AD (Liu et al., 2019, 2022a) as baselines.

3D ViTs. We additionally evaluate 3DINO (Xu
et al., 2025), a ViT-L/16 pre-trained on a large cor-
pus of 3D medical data via self-supervised learning.
As recommended by the creators, in our implemen-
tation the embedding concatenates the class tokens
from the last 4 transformer blocks with the mean-
pooled patch tokens of the final block. For MRI scans
with both T1 and T2 available, the per-modality
embeddings are also concatenated. A single linear

classification head is then trained on this scan-level
embedding. 3DINO’s pre-training data includes im-
ages from ADNI1, OASIS-3, and the large RSNA-
21,744 dataset, but no labels y; from these datasets
informed the pre-training of 3DINO. Only our Propri-
etary datasets provide a truly leakage-free evaluation
of this encoder.

4.3. Training and Evaluation Procedures

For all non-Proprietary datasets, we randomly as-
sign images at a 4:1:1 ratio into training, validation,
and testing sets. We ensure each patient’s data be-
longs to exactly one set to avoid leakage. We strat-
ify by class to ensure comparable class frequencies.
We repeat this process with three data-split random
seeds; each seed selects a different partition into train-
ing, validation, and test sets.

Our Proprietary data comes from different hospi-
tal sites within an integrated healthcare system. To
better assess cross-site generalization, we assign scans
to training, validation, and test sets using site IDs,
ensuring each site’s data belongs to exactly one split.
We repeat this data splitting 5 times in a leave-one-
site-group-out design.

Performance metrics. Ultimately, all tables and
figures report the test set mean of a specific metric
across 3 data splits (5 for Proprietary), with uncer-
tainty quantified via “+/-” one standard deviation.

All our classification tasks are binary, so we pri-
marily use area under the receiver operating char-
acteristic curve (AUROC) to measure discriminative
quality. We further report area under the precision-
recall curve (AUPRC) in the supplement. We find
that relative method rankings are typically preserved
across these metrics.

Training and hyperparameter tuning. As
much as possible, we ensure an apples-to-apples treat-
ment of training and hyperparameter search for fair
benchmarking across diverse methods (Huang et al.,
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2024).  All methods are trained with minibatch
stochastic gradient descent (SGD) to minimize binary
cross entropy loss with L1 or L2 regularization. We
use SGD with a momentum parameter of 0.9. We set
batch size to 64 for frozen MIL and 4 for 3D CNNs
(more than 4 risks memory errors on our commod-
ity GPUs). We train frozen MIL for 1,000 epochs; we
train the far more expensive 3D CNNs for 100 epochs,
following Liu et al. (2019, 2022a). After training, we
select the checkpoint that maximizes validation AU-
ROC, subject to the constraint that validation AU-
ROC is lower than training AUROC, to mitigate un-
reliable model selection on small datasets.

For both MIL and 3D CNNs, we select learning
rate from {0.1, 0.01, 0.001, 0.0001} and L1 or L2
regularization strength from {1.0, 0.1, 0.01, 0.001,
0.0001, le-5, le-6, 0.0}.

5. Results and Analysis

5.1. Performance on Moderate-Sized Data

Here, we report results and analysis from exper-
iments on moderately-sized CT and MRI datasets
(600-3,000 total scans). For such data, thorough ex-
periments were affordable for understanding the im-
pact of different MIL design choices (architectural or-
dering, encoders, pooling, etc.) as well as tradeoffs
between 3D CNNs, and MIL methods. In a later
subsection, we analyze the two bigger datasets to see
if the best-performing methods still work well.

What architectural ordering works best?
In Fig. 3, we compare embedding-aggregation and
prediction-aggregation versions of MIL pooling meth-
ods, all using a common ViT encoder. We find over-
all that usually the two orderings yield roughly the
same AUROC. Though some individual results can
differ by up to 0.05 AUROC, the scale of uncertainty
is also high. Tables of AUROC and AUPRC num-
bers for embedding-aggregation (Tab. 4 and D.2) and
prediction-aggregation (Tab. C.1 and D.3) show that
relative ranking of pooling approaches is not greatly
altered by the ordering choice. For the rest of this
main paper, we focus on embedding aggregation as it
allows inclusion of TransMIL, which does not have a
prediction-aggregation approach due to the nature of
its multi-head self-attention.

What encoder works best? Tab. 3 and D.1
report AUROC and AUPRC on OASIS-3 MRI for
three different encoders: ViT-B/16, ConvNeXt-Tiny,
and MedSAM. Encoder performance varied for each
pooling strategy. ViT-B/16 performed better for
simple pooling operations (Max and Mean) while
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Figure 3: Test AUROC for embedding-aggregation and
prediction-aggregation on OASIS-3 CT (@), RSNA-1,149
CT (A), ADNI1 MRI (M), and OASIS-3 MRI (). Take-
away: Results are concentrated around the y =z
line, indicating the performance of embedding-
aggregation and prediction-aggregation is compa-
rable across pooling operations and datasets.

ConvNeXt-Tiny performed better for learnable pool-
ing operations (ABMIL, SmAP, and TransMIL).
MedSAM consistently underperformed both ViT-
B/16 and ConvNeXt-Tiny for all pooling operations.
We chose a frozen ViT-B/16 for all subsequent exper-
iments because of its superior performance with sim-
ple pooling operations, which was not significantly
exceeded by any other encoder with any other pool-
ing strategy.

What pooling operation works best? Tab. 4
and D.2 report AUROC and AUPRC for embedding-
aggregation approaches for five different pooling oper-
ations: Max, Mean, ABMIL, TransMIL, and SmAP.
On all non-Proprietary datasets, mean pooling per-
formed comparable with and in many cases outper-
forms, more complicated pooling approaches. Mean
pooling also was competitive in separate evaluations
of prediction-aggregation approaches (see Tab. C.1
and D.3). Notably, many prior works on MIL for
brain scans (Wu et al., 2021; Lopez Pérez et al., 2022;
Perez-Cano et al., 2024; Castro-Macias et al., 2024)
do not include mean pooling as a baseline, despite its
strong and consistent performance observed here.
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Table 3: Encoder comparison: Test AUROC on OASIS-3 MRI. All MIL methods use embedding-aggregation.

MIL without instance interaction

MIL with instance interaction

Max Mean ABMIL TransMIL SmAP
ViT-B/16 0.802+0.025 0.801+0.035 0.783+0.006 0.744+0.038 0.786+0.022
ConvNeXt-Tiny  0.789+0.039  0.788+0.024  0.801+0.019  0.792+0.032 0.800+0.025
MedSAM 0.769+0.03s  0.767+0.003 0.791+0.031 0.775+0.010 0.780+0.026

Table 4: Pooling comparison: Test AUROC on medium datasets. All MIL methods use a frozen ViT and embedding-
aggregation. T3DINO was pre-trained on ADNI1, OASIS-3, and half of the RSNA ICH full dataset.

CT MRI

OASIS-3 RSNA-1,149 ADNI1 OASIS-3 Proprietary-800

AD ICH AD AD CBI WMD
MIL without Max 0.620+0.084 0.862+0.028 0.614+0.05¢  0.802+0.025 0.648+0.020 0.644+0.052
instance Mean 0.701+0.087 0.898+0.008 0.689+0.030 0.801+0.035 0.610+0.050 0.640+0.053
’LnteT(lCt’LOn ABMIL 0.625i().121 0.894i0.0()6 0.673j:[].()5() 0.783i(].()(]6 0.609i().038 0.648i0.()20
MIL with TransMIL 0.648+0.097 0.893+0.011 0.593+0.067 0.744+0.038 0.565+0.060 0.681+0.054
instance SmAP 0.661+0.073 0.890+0.010 0.664+0.036 0.786+0.022 0.610x0.063 0.692x0.077

interaction

3D ResNet-18 0.537+x0.079 0.850+0.014 0.567+0.081  0.72510.020 0.591x0.050 0.563+0.063
3D CNN for AD  Variable-sized input not supported 0.680+0.043 0.816+0.031 0.689+0.054 0.708+0.077
3DINO 10.622+0.038 10.895+0.014 10.58140.015 10.795+0.0s1 0.645+0.032 0.691+0.063

In contrast, for WMD and CBI classification on
Proprietary-800, mean pooling did notably worse
than the best 3D CNN and best attention-based MIL.

Why does mean pooling perform well on AD
or ICH but not CBI/WMD? A possible explana-
tion for the strong performance of mean pooling is
that, for several neuroimaging tasks, signal relevant
to classification may be distributed across many slices
rather than concentrated in a narrow highly informa-
tive region. Therefore, averaging across slices can
yield a stable scan-level representation and reduce
sensitivity to noise or spurious slice-level artifacts.

We tentatively hypothesize that mean pooling per-
forms relatively poorly for CBI and WMD because,
unlike the AD label, the imaging signal for these
covert cerebrovascular abnormalities can often be fo-
cal or regional rather than diffuse. CBI in particular
might appear as a single subcortical lesion that is less
than lcm, particular when due to a lacunar infarct,
the most common form of CBI. Mild WMD (the most
common subtype in our data) is often apparent in
periventricular regions rather than diffusely through-
out the brain. In these settings, diagnostically infor-
mative signal is anatomically concentrated, and thus
averaging across all slices may dilute signal. An alter-
native explanation could be the imperfect nature of
the NLP tools used to obtain WMD and CBI labels.

How do our reported numbers compare to
other published efforts? All numbers here were
done by our team using our released code. It is use-
ful to verify the discriminative performance we report
is at least comparable with (if not better than) other
efforts published elsewhere. On RSNA-1,149 dataset,
our ABMIL, TransMIL, and SmAP results are com-
parable to recently published work (Castro-Macias
et al., 2024). Notably, unlike that work we include
the competitive mean pooling baseline.

As a final sanity check, specifically for the white
matter disease (WMD) task on the Proprietary-800
dataset, we compare to SAMSEG (Puonti et al.,
2016; Cerri et al., 2021, 2023), a FreeSurfer tool for
white matter lesion segmentation. Using this tool,
we can estimate the total volume of white matter as
a thresholdable score for WMD classification. SAM-
SEG scores 0.699+0.0-2 AUROC, within 0.01 of the
best results from deep MIL and 3D CNNs in Tab. 4.

5.2. Performance on Large Datasets

We now examine the two largest datasets, RSNA-
21,744 CT and Proprietary-10k MRI. Here, the size
of the datasets made exhaustive comparisons of all
methods with large hyperparameter search grids in-
feasible. We thus manually selected an appropriate
subset of methods, always using a frozen ViT for MIL.

What works on big CT? Here, we focused on
deep MIL comparisons. The 3D CNN for AD cannot
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Table 5: Pooling comparison: Test AUROC on Large datasets. All MIL methods use a frozen ViT and embedding-

aggregation. Time is for training one NN at one hyperparameter on one train/test split.

Results average over

3 data splits for RSNA-21,744 and 5 data splits for Proprietary-10k and show best of a grid search across many

hyperparameters.
CT MRI

RSNA-21,744 Proprietary-10k

ICH Time CBI WMD
MIL without Max 0.888+0.009 20 min. 0.644+0.053 0.661+0.020
instance Mean 0.920+0.012 25 min. 0.666+0.017  0.689+0.027
interaction ABMIL 0.919+0.009 36 min. 0.647+0.055 0.713+0.033
MIL with TransMIL 0.925+0.014 13 hr. 22 min. 0.637+0.0s6  0.715+0.030
instance SmAP 0.925+0.012 12 hr. 37 min. 0.669+0.050 0.714+0.031

interaction

3D CNN for AD Variable-sized input not supported  0.651+0.042  0.728+0.033

be used out-of-the-box on RSNA-21,744 because each
CT scan has a variable number of slices. The 3D
ResNet-18 performed poorly on moderately-sized CT
data, so we elected to skip it here.

Tab. 5 shows that the core message of our Fig. 1
is true even with 10,0004 scans: more flexible MIL
methods like TransMIL can outperform simplistic
MIL, but only by a modest margin (less than 0.01
AUROC gain on CT) while requiring 25x the com-
pute. For many practitioners, it may be question
whether such modest gains are worth the effort over
just using the strong 0.920 AUROC from Mean pool-
ing MIL.

‘What works on big MRI? The 3D CNN for AD
was competitive on moderately-sized MRI datasets,
so we compared it to MIL on the Proprietary-10k
MRI dataset. Tab. 5 shows that 3D CNNs can out-
perform attention-based MIL, but they are more ex-
pensive to train. Notably, mean pooling is competi-
tive and much more efficient to train.

5.3. Evaluating Per-Slice Attention Quality

Learnable attention is what differentiates the ad-
vanced MIL methods of recent years from simplis-
tic mean pooling MIL. Here, we take advantage of
a unique aspect of the large RSNA dataset: ev-
ery scan has instance-level labels indicating the pos-
itive/negative status of each slice of the 3D scan for
the ICH binary task. While the attention value at a
slice is not necessarily intended to exactly mean the
predicted positive-class probability in any MIL net-
work, the basic logic of MIL prediction suggests that
when a 3D scan is positive, at least some attention
should be paid to positive slices. Past works have
thus assessed per-instance attention as a predictor of
instance-level class label (Castro-Macias et al., 2024).

Metrics. To study how well attention values a;;
produced by MIL may predict the binary instance-
level ICH labels y;;, we report three higher-is-better
metrics: (1) attention correctness (Liu et al., 2017),
(2) AUROC, and (3) AUPRC. Our evaluations fol-
lows prior work that used instance-level labels to as-
sess whether attention aligns with known positive in-
stances (e.g., Fig. 5 in Ilse et al. (2018); Fig. 6 in
Shao et al. (2021); Fig. 4, 5, 9 in Castro-Macias et al.
(2024)).

Center-focused baseline. Beyond the MIL
methods, we compare to a simple baseline that al-
ways allocates attention via a Gaussian bell-shaped
curve centered at the middle slice of the 3D scan
a;; o< N(j | %, 1), regardless of the input image.
This is meant to provide a “center-focused” inductive
bias, as a brief exploratory analysis of RSNA per-slice
labels suggests positive instances often occur close to
the middle of the axial scan, reflecting the typical
neuroanatomic distribution of ICH lesions.

Result: MIL attention quality does not ex-
ceed simple baseline. Results are found in Tab. 6.
Among attention-based MIL methods, we find that
TransMIL and SmAP substantially outperform AB-
MIL on instance-level AUROC and AUPRC. How-
ever, the center-focused baseline, which does not de-
pend on the input neuroimage at all, surprisingly
achieves the best results overall, exceeding the next-
best method by 0.154 attention correctness and 0.019
AUROC.

We use bootstrapping (Foody, 2009) to access the
statistical significance of some AUROC difference.

6. Semi-Synthetic Experiments

To better understand the effectiveness of mean
pooling, we design a semi-synthetic dataset and com-
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Table 6: Per-slice attention quality metrics on test set of RSNA-21,744. All MIL methods use a frozen ViT and

embedding-aggregation.

Centered Gaussian Max Mean ABMIL  TransMIL SmAP
Attention correctness 0.701+0.011 N/A  0.359+0.000 0.547+0.0s7  0.435+0.02s  0.509+0.010
AUROC 0.850+0.001 N/A  0.500x0.000 0.736+0.052  0.792+0.031  0.831+0.003
AUPRC 0.710+0.007 N/A  0.359+0.000  0.634+0.0a9  0.659+0.032 0.713+0.007
Embedding-aggregation approach Prediction-aggregation approach
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Figure 4: Test AUROC vs. train set size for semi-synthetic Shifted Mean task (Sec. 6), where aggregating subtle signals
across 12 instances is needed. Takeaway: Even with 10,000 training scans, SmAP and TransMIL barely
outperform mean pooling and fall at least 0.04 AUROC below the best possible Bayes estimator.

pare MIL variants on it. We intend this data to
represent key challenges in MIL for 3D brain scans:
(1) only some features in an embedding are discrim-
inative, (2) only a few instances in a bag signal
whether it should have a positive label, and (3) con-
text from nearby instances matters, as the informa-
tion from an individual instance may be statistically
ambiguous. We set key data statistics to match the
RSNA dataset: we match the range of the number
of instances in a bag: S; € {20,...60}, set the mean
number of contiguous positive instances to R = 12 as
in RSNA, and use 768 features like a ViT embedding.

This effort is similar in spirit to work on algorithmic
unit tests for MIL (Raff and Holt, 2023). That paper
uses synthetic classification tasks designed to reveal
whether learned models violate key MIL assumptions,
such as a bag is positive if and only if one or more
instances have a positive label. Our new data focuses
instead on assessing context from nearby instances
and quantifying best possible performance.

Data generation. We define a data-generating
process we call Shifted Mean MIL that jointly sam-
ples h; 1.s,,y:; embedding-label pairs. We draw y; ~
Bern(0.5), so 50% of scans are positive, then draw the

number of instances S; ~ Unif({20,...,60}). If the
scan is negative, all embeddings for all instances are
drawn from a mean=0, variance=1 Gaussian. If posi-
tive, we select a contiguous block of R = 12 instances
to indicate positivity, and draw their first feature (of
many) from a Gaussian with mean A = 0.5; other
features are drawn from a zero-mean Gaussian. We
intentionally set A low so that no one instance will
be a “smoking gun,” but reasoning over R instances
should reliably indicate which bags are positives. See
App. F for dataset details.

Given the true distribution, we characterize the
best possible classifier for this data by deriving a
Bayes estimator (DeGroot, 1970; Murphy, 2022), the
best probabilistic predictor of y; given h; for this
data. See App. G for details.

Experiments. We intend the provided h; already
represent encoder-provided embeddings. Thus, we
assess how well MIL pooling and classification vari-
ants can classify as a function of the total number of
training samples, which we step from 100 to 10,000.
At each size, we randomly assign bags using an 4:1
ratio into training and validation sets. We report re-
sults on a fixed separate test set of 1,000 bags.
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Results: Can current MIL methods capture
instance interaction? Across training sample sizes
in Fig. 4, even modern interaction-aware MIL ap-
proaches may fail to match Bayes-optimal perfor-
mance. Neither TransMIL nor SmAP offers any no-
ticeable gains over Mean-pooling, and all fall well
short (at least 0.05 AUROC below) the best possi-
ble blue line of the Bayes estimator. Capturing sub-
tle contextual dependence across instances appears
challenging for current off-the-shelf MIL even at large
data sizes. This helps explain why mean pooling
works well for 3D brain classification tasks that have
subtle signals at individual slices yet many instances
(a dozen or more) that could indicate positivity.

7. Conclusion

We presented a benchmark of simple MIL,
attention-based MIL, 3D CNNs, and 3D ViTs on
9 classification tasks across 7 datasets. Our results
highlight that MIL with mean pooling is often a
strong baseline that takes less than an hour to train
even on the largest dataset we tested (21,744 scans),
while the latest attention-based models require 8x or
more training time per run to deliver modest gains of
roughly +0.01-0.03 to the AUROC value. Instead of
immediately reaching for bigger models, practition-
ers may explore what else they could do with those
hours, such as pursue embedding-based augmenta-
tion strategies (Verma et al., 2019), consider deep
ensembles (Lakshminarayanan et al., 2017) that av-
erage over encoders, or seek additional data sources.

Another key message of our work, supported by the
per-slice attention quality experiments in Sec. 5.3, is
that at least for 3D brain scans, the learned attention
of modern well-published methods like TransMIL or
SmAP does not seem to find reliable per-image sig-
nals. Future work might seek to inform attention-
based MIL via the inductive bias of our Centered
Gaussian baseline. Our semi-synthetic results in
Sec. 6 further suggest that, especially for brain tasks
where careful examination of many relevant slices
is necessary, current MIL scores substantially below
what is possible even with transformer-based atten-
tion and 10,000 training scans. Improved inductive
biases and regularization strategies are needed.

Limitations. Our work has several limitations.
All analyses use recommended data preprocessing
steps (App. A) and did not consider alternatives. Our
results mostly focus on encoders pre-trained on non-
brain images without further fine-tuning. In prelimi-
nary experiments, fine-tuning the ViT encoder on the

OASIS-3 MRI dataset improved performance a few
percentage points, but the average time per epoch for
mean pooling MIL increased from 1 minute to 46 min-
utes, making it prohibitively expensive to compare
all methods using the same hyperparameter search
space. We leave this to future work. We do compare
to a few well-published 3D CNNs and one recent 3D
ViT, but our list of 3D NN methods is not exhaustive
and others may perform better. We did not use data
augmentation for any method because we wanted our
experiments to focus on the difference in model archi-
tectures while avoiding the additional computational
cost of repeated forward passes in MIL experiments
with frozen encoders.

Future work. Future work could include
parameter-efficient fine-tuning (Hu et al., 2022), ad-
vanced regularization techniques (Li et al., 2018),
top-k pooling (Yu et al., 2025), and cross-dataset gen-
eralization (Shao et al., 2025).

Outlook. In future years, practitioners are likely
to rely more and more on pre-trained foundation
models to provide embeddings for 3D brain scan clas-
sification. We hope our work provides a path forward
for resource-constrained analysts using such models
to quickly reach competitive prediction quality. We
also hope it inspires method developers to improve
per-slice attention mechanisms and overall pooling
strategies.
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Appendix A. Preprocessing

A.l. CT

For CT images, we convert images into Hounsfield Units (HU) using each image’s rescale slope and
intercept; use intensity windowing to exclude the skull, other bones, and calcifications (only including -100
to 300 HU) (Muschelli, 2019); resize each 2D slice to 224 x 224 pixels for VIT-B/16 and ConvNeXt-Tiny, and
1024 x 1024 pixels for MedSAM; and normalize images with the training set mean and standard deviation
of each channel.
A.2. MRI

For MRI images, we follow the t1-linear pipeline from Clinica (Wen et al., 2020; Routier et al., 2021).
We correct bias field inhomogeneities using the N4ITK method (Tustison et al., 2010); register each image to
the MNI space with the ICBM 2009¢ nonlinear symmetric template (Fonov et al., 2009, 2011) using the SyN
algorithm (Avants et al., 2008) from ANTs (Avants et al., 2014); crop each image to remove background;
resize each 2D slice to 224 x 224 pixels for VIT-B/16 and ConvNeXt-Tiny, and 1024 x 1024 pixels for
MedSAM; and normalize images with the training set mean and standard deviation of each channel.

Appendix B. Architectures

|Encoder| |Encoder| |Encoder]
| | |
@ i

Figure B.1: Visualization of embedding-aggregation approach for CT (left) and T1 and T2 MRI (right) scans.

Appendix C. Prediction-Aggregation AUROC Results

Table C.1: Test AUROC on moderately-sized datasets. All MIL methods use the prediction-aggregation approach.

CT MRI
OASIS-3 RSNA Subset ADNI1 OASIS-3 Proprietary-800
AD ICH AD AD CBI WMD
MIL without Max 0.629-+0.049 0.856+0.034 0.632+0.0a8  0.759+0.024 0.553+0.063 0.642+0.059
instance Mean 0.707+0.088 0.904+0.005 0.693+0.017  0.809+0.029 0.620+0.03¢ 0.627+0.070

interaction ABMIL  0.648+0.100 0.839-+0.069 0.640+0.085 0.807+0.023 0.599+0.03s 0.664+0.066
MIL with SmAP 0.671+0.053 0.900+0.023 0.697+0.062 0.796+0.026 0.602+0.016 0.664+0.063
instance

interaction
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Appendix D. AUPRC Results

Table D.1: Test AUPRC on OASIS-3 MRI. All MIL methods use the embedding-aggregation approach.

MIL without instance interaction

MIL with instance interaction

Max Mean ABMIL TransMIL SmAP
ViT-B/16 0.562+0.081  0.613+0.079  0.555+0.028  0.498+0.085 0.570=+0.065
ConvNeXt-Tiny  0.562+0.0s6 0.531+0.037 0.531+0.037  0.571+0.115 0.579+0.064
MedSAM 0.509+0.102  0.510x0.013  0.547+0.007  0.522+0.027 0.515+0.044

Table D.2: Test AUPRC moderately-sized datasets.
T3DINO was pre-trained on ADNI1, OASIS-3, and half of the RSNA ICH full dataset.

All MIL methods use the embedding-aggregation approach.

CcT MRI

OASIS-3 RSNA Subset ADNI1 OASIS-3 Proprietary-800

AD ICH AD AD CBI WMD
M]L wlthOUt MaX 0.303i().095 0.821i0.[)32 0.315j:[],()66 0.562i(].()81 0.452i().111 0.769i[).114
instance Mean 0.347+0.078 0.872+0.008 0.326+0.038 0.613+0.079 0.413+0.108 0.776+0.097
interaction ~ ABMIL 0.305+0.057 0.874+0.015 0.325+0.030  0.555+0.028 0.412+0.113 0.787+0.070
MIL with TransMIL 0.292+0.061 0.866+0.001 0.260+0.025 0.498+0.085 0.392+0.122 0.807+0.090
instance SmAP 0.356+0.029 0.867+0.029 0.323+0.062  0.570+0.065 0.422+0.114 0.809+0.092

interaction

3D ResNet-18 0.233+0.051 0.789+0.037 0.245+0.053  0.439+0.027 0.393+0.087 0.729+0.104
3D CNN for AD  Variable-sized input not supported 0.303+0.016 0.636x0.016 0.520x0.133 0.817x0.114

3DINO

10.28340.030

10.88740.015

10.28440.032

10.53040.103

0.597+0.027 0.693+0.061

Table D.3: Test AUPRC on moderately-sized datasets. All MIL methods use the prediction-aggregation approach.

CT MRI
OASIS-3 RSNA Subset ADNI1 OASIS-3 Proprietary-800
AD ICH AD AD CBI WMD
MIL without Max 0.321+0.134 0.823+0.029 0.290+0.030  0.511+0.0s2 0.392+0.103 0.784+0.102
instance Mean 0.328+0.077 0.876+0.008 0.334+0.043 0.618+0.078 0.418+0.108 0.761+0.112
interaction ABMIL  0.348+0.038 0.819+0.076 0.322+0.079  0.596+0.046  0.406+0.104  0.791+0.095
MIL with SmAP 0.330+0.029 0.888+0.024 0.366+0.023 0.579+0.033 0.404+0.008 0.788+0.099

instance
interaction

Table D.4: Test AUPRC on large datasets. All MIL methods use the embedding-aggregation approach.

CT MRI
RSNA-21,744 Proprietary-10k
ICH CBI WMD
MIL without Max 0.859+0.013 0.073+0.020 0.711+0.068
instance Mean 0.903+0.011 0.093+0.022  0.741+0.059
interaction ABMIL 0.903+0.007 0.078+0.023 0.772+0.051
MIL with TransMIL 0.91210.012 0.088+0.028 0.773+0.052
instance SmAP 0.910+0.011 0.102+0.039  0.773+0.051
interaction
3D CNN for AD  Variable-sized input not supported  0.10410.031  0.78410.053
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Appendix E. Instance-Level Results

E.1. Attention Quality Metric Definitions

For each positive bag ¢ (y; = 1) with S; instances, let y;; € {0,1} denote the instance-level label and
a;; the attention weight for instance j. We compute three metrics using attention weights as predictors of
instance labels: (1) attention correctness (Liu et al., 2017) Z] 1 @ij - Yij, (2) AUROC treating a,; as scores
for predicting y;;, and (3) AUPRC similarly. Each metrlc is computed per positive bag, then averaged across
all positive bags in the test set.
E.2. Attention Visualizations

clalelolofofololal 81810101010 010 ],

14 18 22 27 31 35 40 70 13 16 19 22 25 28
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Figure E.1: Slice-level attention analysis on test scans. The ground truth has attention uniformly distributed on
positive slices and positive slice images are outlined in red.
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Appendix F. Shifted Mean MIL Dataset

yi=0 yi=0 yi=1 yi=1
his A A hig A his his
hia A /\ hi7 4 /\ his 4 hi.a 1
hi3 A /\ hié 1 /\ hi,4 4 his 1 A
hiz2 1 A his A hi;3 hiz2 A
hi;1 hi.a 1 /\ hi2 /\ hi;1

Unmodified 2’3 & i ]

Modified "

T T T hl'l L T T T T T T T T T
-2.5 0.0 2.5 -2.5 0.0 2.5 -2.5 0.0 2.5 -2.5 0.0 2.5

Figure F.1: Example data-generating distributions for a discriminative feature for negative (y; = 0) and positive
(yi = 1) bags of S; instances drawn from our Shifted Mean MIL dataset.

We propose a new data-generating process designed to mimic several key challenges in real-world multiple
instance medical imaging tasks:

e Across the whole dataset, only some features are discriminative (K of M).

e For each positively-labeled bag, only a few instances are relevant (R of S;) and they are adjacent in a
known 1D listing of all \S; instances.

e Context matters. Adjacent instances together provide stronger statistical signal than any one relevant
instance’s discriminative feature value alone.

The generative process for bag i first draws the bag’s binary label and the number of instances in the bag
y; ~ Bern(gy), Si ~ Unif({Siow, - - -, Shigh })- (6)
Next, for negative bags we sample all features k for all instances j independently from a common Gaussian:

hiji | yi=0 ~ N (u, 02).

—~~

7)

For positive bags, most instances and features are sampled from this same Gaussian. However, for the K
discriminative features, we select R adjacent instances (using u; to denote the starting index) and sample
these from a Gaussian with shifted mean:

U | Si yi=1 ~ Unlf({l, ey Si—R+1}),

—~

8)

N(u+ A, 0?), if j € [uj,u;+R—1] and k is discriminative
N(p, 0?), otherwise.

—~

hiji | wi,yi=1 ~ { 9)

Here A > 0 indicates the magnitude of shift for discriminative features. Setting R > 1 indicates that context
helps. Given a fixed p, bags drawn from this process are more challenging to classify (even with knowledge
of the true process) when A is smaller, R is smaller, % is smaller; and o is larger.

This data-generating process is illustrated in Fig. F.1, depicting only one feature that is discriminative.
In each positive bag, a different contiguous block of R = 3 instances draw from the shifted mean Gaussian.
If future work wanted to model correlations between features within an instance, the sampling of vector h;;

in Eq. (9) could be modified to draw from a multivariate Gaussian with a non-diagonal covariance matrix.
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Appendix G. Bayes Estimator

Given a data-generating process, a Bayes estimator is a decision rule that minimizes the posterior expected
loss with respect to the data-generating distribution (DeGroot, 1970; Murphy, 2022). It is an oracle upper
bound on performance. By comparing conventional or recent MIL methods to the Bayes estimator for our
synthetic dataset, we can quantify how close they come to the best possible performance.

Given a bag h; of S; instances and assuming our data-generating process defined above, the Bayes estimator
of the posterior probability is:

_ p(hi | Si, yi=1)p(Si)p(yi=1)
p(hi | S5, y:=0)p(Si)p(yi=0) + p(h; | Si, vi=1)p(Ss)p(yi=1)

Each term on the right-hand side can be computed in closed-form. The class-conditional likelihood for the
negative class factors over instances:

S,
p(hi | Si,yi= H

p(yi=11 hq, S;) (10)

hiji | 11, 0°). (11)

u{ji

Each positive bag has a latent segment of R consecutive relevant instances. The class-conditional likelihood
for the positive class marginalizes out the unknown index u:

Si—R+1 S, M
p(hi | Siyyi=1) = Z p(u | S yi=1) H Hp(hijk | u,y;=1) | . (12)
u=1 j=1k=1

Eq. (8) and (9) provide the necessary PDF values to evaluate the right hand side.
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