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Bartosz Zieliński https://orcid.org/0000-0002-3063-3621

Abstract. Multiple Instance Learning (MIL) is a weakly-supervised
problem in which one label is assigned to the whole bag of instances.
An important class of MIL models is instance-based, where we first
classify instances and then aggregate those predictions to obtain a
bag label. The most common MIL model is when we consider a bag
as positive if at least one of its instances has a positive label. How-
ever, this reasoning does not hold in many real-life scenarios, where
the positive bag label is often a consequence of a certain percent-
age of positive instances. To address this issue, we introduce a ded-
icated instance-based method called ProMIL, based on deep neural
networks and Bernstein polynomial estimation. An important advan-
tage of ProMIL is that it can automatically detect the optimal percent-
age level for decision-making. We show that ProMIL outperforms
standard instance-based MIL in real-world medical applications. We
make the code available.

1 Introduction

Classification-oriented machine learning typically assumes that each
example in a training set has a unique label assigned to it. However,
in many practical situations, it is not feasible to label each instance
individually. This results in a challenge known as Multiple Instance
Learning (MIL) [9], where a bag of instances is associated with a
single label, and it is assumed that some instances in the bag are
relevant to that label.

MIL represents a powerful approach used in different application
fields, mostly to solve problems where instances are naturally ar-
ranged in sets or to leverage weakly annotated data [4]. Its numer-
ous applications include molecule classification task [9], predicting
gene functions [11], content-based image retrieval [43], object loca-
tion [17] and segmentation [31], computer-aided diagnosis and de-
tection [2], document classification [14], and web mining [51].

Multitude applications of MIL contribute to introducing many new
methods, described in the surveys [4, 50]. They generally divide into

∗

Figure 1: In the percentage-based MIL assumption, each bag has a
label indicating whether it is positive or negative based. It is based
on the percentage of positive instances, but the information about
the percentage threshold and the instance labels are unavailable dur-
ing training. This example includes six various-sized bags contain-
ing positive and negative instances (green pluses and red minuses,
respectively), and bags with a percentage of positive instances over
threshold 0.3 are positive. In this paper, we define this assumption
and introduce a dedicated method to solve it.

two types, instance- and representation-based. The former classifies
instances and then aggregates those predictions to obtain a bag la-
bel. The latter aggregates instance representations and predicts a bag
label directly. Therefore, instance-based approaches are more inter-
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pretable but usually less accurate than representation-based methods.
Most methods are representation-based and work only for the stan-
dard assumption, where a bag of instances is considered positive if
it contains at least one positive instance. Only a few consider other
assumptions described in [12], like presence-, threshold-, or count-
based assumptions.

In this paper, we consider a specific type of MIL assumption,
which we have named the percentage-based assumption. It is moti-
vated by real-world medical problems, such as predicting neutrophils
infiltration level in the Geboes scoring system on biopsy images [13],
identifying bacteria strains on microscopic images [2], recording my-
ocardial ischemia on ECG [41], or detecting congenital heart defects
in newborns on ultrasound videos [21]. In percentage-based assump-
tion, a bag is positive if a certain percentage of its instances is positive
(however, this threshold is unknown during training). For instance,
consider the evaluation of digestive tract health using the NHI scor-
ing system [27], where a biopsy is given a score of 2 if more than
50% of crypts are infiltrated with neutrophils and there is no damage
or ulceration in the epithelium.

The primary objective of this paper is to revisit the instance-based
MIL methods and introduce a novel MIL assumption (percentage-
based). We demonstrate the superiority of ProMIL over other
instance-based methods, showcasing its excellent performance on
benchmarks such as Doppler Ultrasound. These results highlight the
importance of testing MIL methods beyond digital histopathology,
as achieving high performance in medical imaging may necessitate
different designs.

Furthermore, we argue that instance-based methods possess inher-
ent interpretability since they provide a label for each instance. In
contrast, ABMIL [18] only provides importance weights, and while
extensions may provide an instance label, they may not be given di-
rectly (e.g. in DS-MIL [26]). With ProMIL, we aim to bridge this gap
by directly indicating the required level of positive instances within
a bag to classify it as positive.

We introduce a dedicated method ProMIL based on the Bernstein
polynomial estimation that can be applied to any deep architecture.
It classifies each instance separately and analyzes whether the ap-
propriate percentage of those predictions corresponds to a positive
label (is above the specific threshold). Importantly, ProMIL deter-
mines this threshold automatically during training.

We compared our approach with the baseline methods for artifi-
cial and real-world datasets, including our database with ultrasound
videos of congenital heart defects in newborns that are among the
most common developmental abnormalities and often lead to seri-
ous health consequences, including increased mortality and compli-
cations later in life. Finally, we particularly focus on the interpretable
aspect of our method, bearing in mind its potential medical applica-
tions.

Our contributions can be summarized as follows:

• We define a novel percentage-based MIL assumption motivated
by real-work medical problems.

• We introduce a method dedicated to this assumption based on
the Bernstein polynomial estimator, which automatically discov-
ers the threshold and can be applied to any deep architecture.

• Our method overpasses existing instance-based solutions, ob-
taining high performance while maintaining well-interpretable
instance-level predictions.

2 Related Works

Instance-based MIL. Initial instance-based MIL methods trained
a classifier by assigning pseudo labels (typically a bag label) to each
instance. This approach was introduced in [30] and has been widely
applied, e.g. in microscopy image classification [23] and drug ac-
tivity prediction [49]. However, it can result in noisy labels. There-
fore, recent studies focus on enhancing instance-based classifiers
with dedicated MIL residual connections [44] or dynamic pooling
[45]. Other approaches choose only crucial instances for training.
Crucial instances can be selected based on classifier outputs [3], cen-
tered loss and centroids [6], or cluster conditioned distribution [34].
ProMIL is an instance-based MIL method, which, in contrast to ex-
isting solutions, is dedicated to percentage-based assumption and can
automatically estimate the required threshold.

Representation-based MIL. Representation-based methods dif-
fer from instance-based approaches because they extract instance-
level representations, aggregate them to a bag-level embedding, and
use it to classify a bag directly. Most methods use the attention mech-
anism to assign importance to each instance during representation
aggregation. AbMILP [18], introducing attention-based pooling, is
one of the most popular approaches. It was extended by many mech-
anisms, including self-attention to detect intra-bag dependencies be-
tween instances [36], adversarial training to improve robustness [15],
cluster assignments [52], siamese networks [46], attention loss [39],
feature distillation [48], pyramidal fusion [26], prototypical parts for
global interpretability [37, 47], multi-attention [22], and clustering
constrained attention [29]. While there have been attempts to clas-
sify single instances while obtaining the bag-level embedding [32],
the predictions obtained through this approach are still noisy. Hence,
from the interpretability point of view, instance-based approaches,
such as ProMIL, are preferable.

3 Preliminaries

Multiple Instance Learning (MIL). Multiple Instance Learning
(MIL) is a weakly-supervised problem in which one label y ∈ R is
assigned to a bag of instances x = {xi}ni=0, where n varies between
bags [12]. Moreover, in the standard MIL assumption, the label of
bag y ∈ {0, 1}, each instance xi has a hidden binary label yi ∈
{0, 1} (unknown during training), and a bag is positive if at least one
of its instances is positive

y =

⎧
⎨

⎩

0, iff
n∑

i=0

yi = 0,

1, otherwise.
(1)

Bernstein polynomial estimator. One of the main advantages of
our approach is the ability to automatically discover the threshold in
the percentage-based assumption. For this purpose, we use Bernstein
polynomial estimator [5, 24, 53]. Assuming that we have a set p
with sorted elements p0 ≤ p1 ≤ . . . ≤ pn, its q-quantile estimator
is calculated as

pq =
n∑

k=0

(
n

k

)

qn−k(1− q)k · pk, (2)

where
(
n
k

)
is a binomial coefficient.

Compared to the competitive solutions [19, 35, 42], Bernstein
polynomial estimator provides more accurate estimates of quantiles
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Figure 2: ProMIL model architecture consists of two trainable parameters (here marked as blue boxes), an instance classification network f
and parameters q. The model takes a bag of instances (e.g. video frames) and passes them through network f , obtaining instances predictions
c0, c1, . . . , c4. These predictions are then used with the trainable parameter q in the differentiable estimation of the q-th quantile (cq). If the
quantile exceeds 0.5, then we conclude that the bag is positive (e.g. correspond to a heart defect).

for datasets with complex or non-uniform distributions and is com-
putationally efficient, even when implemented using standard numer-
ical methods. These polynomials excel at capturing complex rela-
tionships between variables, making them well-suited for estimating
quantiles, especially when the relationship between quantiles and
the data distribution is non-linear. As the degree of the polynomial
increases, the approximation of the true function improves, ensur-
ing convergence. Moreover, Bernstein polynomials can be efficiently
computed using de Casteljau’s algorithm [33], reducing computa-
tional complexity compared to other polynomial approximations.

In our numerically stable q-quantile estimator calculation
(Eq. (2)), we leverage the properties of Bernstein polynomials. We
represent all components of the equation as vectors. The logarithm of
the
(
n
k

)
component is computed (see Eq. (4)). The two components,

qn−k and pk, involve simple operations: (n − k) · log(q) and the
logsigmoid value of the k-th instance, respectively. The term (1−q)k

is calculated using the log1mexp function. Finally, since we repre-
sent all components of Eq. (2) as log-valued vectors, we utilize the
logsumexp function to obtain the prediction value for a given bag (in
logarithmic form)1.

4 ProMIL

Probabilistic Multiple Instance Learning (ProMIL) was created with
the percentage-based assumption in mind that occurs in many real-
world biomedical applications. It assumes that a positive bag is as-
sociated with a certain percentage of abnormal instances. Therefore,
we classify those instances and then calculate the q-quantile of their
predictions (in the range [0, 1]). The bag is considered abnormal if
the q-quantile is larger than 0.5 and normal otherwise. From this per-
spective, a method for quantile estimation should be differentiable
to train the model and the optimal value of additional parameter q.
Therefore, we use Bernstein polynomial estimation Eq. (2).

To formalize our approach, let us assume that x = {xi}ni=0 is a
bag of instances from the training set with the corresponding label y.
Moreover, let f be the classification network run for each instance xi

separately (see Figure 2).

1 The source codes of our method are published on github.com/gmum/
ProMIL.

Algorithm 1: ProMIL training
Data: X, Y – bags from training set and their labels
Parameter: f – instance classification network; q – quantile

(threshold)
Result: trained f and q

1 randomly initialize q;
2 while no converngence do

3 take random bag x = {x0, x1, . . . , xn} from X;
4 take bag label y from Y;
5 calculate c = {ci = f(xi)}ni=0;
6 sort c in ascending order;
7 calculate cq (q-quantile of c) using Eq. (2);
8 calculate cost by applying cq and y to Eq. (3);
9 update f and q using cost back-propagation

During training, presented in Algorithm 1, we take random bag x
from a training set and pass its instances through network f . As a
result, we obtain a set of predictions c = {c0, c1, . . . , cn}. We sort
this set so that c0 ≤ c1 ≤ . . . ≤ cn, and then we compute their q- and
1− q-quantile (cq and c1−q) using Eq. (2). Because ci ∈ [0, 1] then,
according to properties of Bernstein polynomials [28] cq ∈ [0, 1].
Finally, we apply BCE loss to train our model

cost(x,y) = −y log cq − (1− y) log c1−q, (3)

where q is a trainable parameter.
Most of the calculations described in this algorithm are performed

on a logarithmic scale for numerical stability, including logsumexp
and the binomial coefficient calculated as
(
n

k

)

= exp(log Γ(n+1)− log Γ(k+1)− log Γ(n−k+1)), (4)

where log Γ denotes the natural logarithm of the gamma function.
Both logsumexp and lgamma functions are available in the PyTorch2

framework.
To address a multi-class problem, Eq. (2) is defined for variables q

and pk, both represented in R
m, where m corresponds to the number

2 https://pytorch.org
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Figure 3: Four examples from the MNIST-bag dataset where the num-
ber of instances within a bag is sampled fromN (5, 2), and the quan-
tile q = 0.4. In red boxes, we highlight 9’s corresponding to the pos-
itive instances.

of classes. These variables can be combined to form a vector pq ,
where each coordinate represents a specific class.

For the output of this model, Binary Cross-Entropy loss can be
used. In the BCE scenario, each coordinate of pq is treated as an
individual input to the BCE function. Notably, the use of vector pro-
cessing techniques eliminates the need for explicit looping.

Furthermore, various operations mentioned in Algorithm 1, such
as sorting and the computation of cq , can be extended to vectors or
tensors with additional dimensions to accommodate multiple classes.
This allows for streamlined calculations and facilitates the handling
of class-specific information.

5 Experimental Setup

5.1 Datasets

MNIST-bag To evaluate the effectiveness of our ProMIL ap-
proach for percentage-based MIL assumption, we use the artificial
MIL dataset MNIST-bag. The dataset consists of 1000 bags, each
containing instances randomly sampled from a normal distribution
with mean of 30 instances with variance equals to 5. The percantage
of numbers of interests within a bag is taken randomly from a uni-
form distribution to ensure the balance within a dataset. We permute
the order of instances within a bag to maintain permutation invari-
ance. The examples of created bags from the dataset are presented
in Figure 3.

The dataset is an enhancement of the dataset introduced in [18]
with a different definition of a positive bag to fulfill the percentage-
based assumption. We define the bag as positive if at least q fraction
of instances from the bag are 9s. We maintain MNIST division into
training and test sets.

Histopathology datasets Here we present details on three stan-
dard MIL datasets that represent MIL problems in real life, classifica-
tion of histopathology images: Colon Cancer [40], Camelyon16 [10],
and TCGA-NSCLC [1]. They consist of 100, 399, and 956 H&E
stained whole slide images, respectively. For Colon Cancer, we use
patches of the size 32×32 while for other datasets we use 224×224.
Colon Cancer has 100 bags with 2, 244 patches, Camelyon has 399
bags with a mean of 8, 871 patches, and TCGA-NSCLC has 1, 016

Figure 4: Ultrasound video frames corresponding to congenital heart
defects in newborns, such as structural abnormalities and defects in
large blood vessels.

bags with a mean of 3, 961 patches. From a medical perspective, the
Colon Cancer dataset focuses on detecting epithelial nuclei which
are often symptoms of developing disease, Camelyon16 is about the
detection of micro- and macro-metastases in lymph nodes which is a
prognostic factor for breast cancer growth. While the TCGA-NSCLC
dataset is the identification of a cancer subtype which conditions
which treatment should be applied. Each of those tasks is of high
relevance from a clinical perspective.

Doppler Ultrasound database Our proposed approach holds sig-
nificant potential in analyzing ultrasound videos (USG), which is cur-
rently one of the primary diagnostic tools for detecting congenital
heart defects in newborns. These defects are among the most com-
mon developmental abnormalities and can lead to serious health con-
sequences, including increased mortality and complications later in
life.

The traditional approach to analyzing USG images involves indi-
vidual examination and evaluation by qualified physicians specializ-
ing in pediatric cardiology. However, this method is time-consuming,
requires highly specialized knowledge, and is susceptible to human
errors. It is especially problematic for challenging cases, such as
Tetralogy of Fallot, hypoplastic left heart syndrome, or defects as-
sociated with the pulmonary vein (see Figure 4).

We performed the Doppler ultrasound on over 250 patients to
record blood flow in the heart and detect abnormalities. For some pa-
tients, the study was repeated, resulting in a dataset with over 1000
films of varying lengths (ranging from 10 frames to over 240 frames),
with over 40% of the films being without defects. Heart defects spe-
cialists labeled each film. Before training the network, the data were
randomly split into training and test sets while maintaining class pro-
portions and ensuring that studies from the same patient were not
included in both sets.

The training set constituted 85% of the entire dataset, while the
remaining 15% was reserved for testing. Each frame was scaled to
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Figure 5: The effectiveness of various MIL methods - AbMILP, Instance-MAX, Instance-MEAN, and ProMIL (our proposed method) on the
MNIST-bag dataset was compared. The performance of these methods was analyzed under different scenarios, and the results were plotted. The
left image shows the effect of the percentage of positive instances within a bag on the performance of the methods. The middle plot depicts
how the bag size influences the effectiveness of MIL methods. The right plot shows the impact of the training dataset size on the model’s
performance. It can be observed that our proposed ProMIL method consistently outperformed other methods in all scenarios. Moreover,
AbMILP was found to be unstable due to overfitting when the number of instances within a bag increased. Lastly, the other methods showed
higher variance in the results as compared to our ProMIL method.

200 × 200 pixels during network training, and a center crop of 172
pixels was used. During an evaluation, the frames were scaled to
172× 172 pixels.

5.2 Implementation details

For the MNIST-bag dataset, we use LeNet-5 [25] network to encode
the images. It is learned for 100 epochs with early stopping after
15 epochs without a change on a validation set. Training for each
scenario was repeated five times. We use Adam optimizer [20] with
learning rate 10−4 with β1 = 0.99, β2 = 0.999, weight decay equals
10−5, and batch size 1. AbMILP used as a baseline method also uses
LeNet5 backbone, consisting of one attention head with embedding
size equal to 500 and classifier hidden space 128. We use a binary
cross entropy as a loss function.

For Colon Cancer dataset we use backbone from [40], Adam opti-
mizer with learning rate 10−3 with β1 = 0.99, β2 = 0.999, weight
decay equals 10−3, and batch size 1. We train a model for 200 epochs
with an early stopping window equal to 25 epochs. We split the data
into ten folds and repeat the training 5 times, similarly as it is done
in [18].

When it comes to Camelyon16 and TCGA-NSCLC datasets, we
use pretrained in a self-supervised way ResNet18 [7] as a backbone
and train a model for 200 epochs with an early stopping window
equal to 40 epochs. Also, we use Adam optimizer with learning rate
5 · 10−4 with β1 = 0.99, β2 = 0.999, weight decay equals 10−3,
and batch size 1.

For all the aforementioned datasets, we performed a hyperparame-
ter random grid search with the following sets of parameters: learning
rate in the range [10−6, 10−2], weight decay in range [0, 1], q in the
range [0.1, 0.5].

To compute frame-based predictions for ultrasound videos, we uti-
lized ResNet-18 [16], which was pretrained on the ImageNet [8]
dataset. We replaced the last layer with two fully-connected lay-
ers, each having dimensions of 128 and 64, respectively. We em-
ployed grid search techniques to fine-tune hyperparameters, such as
the learning rate (with possible values of 10−6, 10−5, 10−4, 10−3),

dropout rate (searched over values of 0.1, 0.2, 0.3, 0.4), and L2 regu-
larization (with possible values of 0, 10−6, 10−5, 10−4). Moreover,
we experimented with different learning rate schedulers, including
CyclicLR, LambdaLR, and without any scheduler.

We trained the models in two stages. In the first stage, we froze the
feature extraction part of the pre-trained ResNet-18 model and only
trained the two additional linear layers for 25 epochs. In the second
stage, we fine-tuned the entire network for 100 epochs. To train the
models, we used the Adam optimizer [20] with default values, similar
to other datasets. To accommodate the varying lengths of videos in
our dataset, we utilized a batch size of 1.

6 Results

This section provides the results of experiments conducted on five
different datasets. We begin with MNIST-bag, which is a toy dataset
that enables a more thorough understanding and analysis of our
ProMIL method. Next, we present our findings on three histopatho-
logical datasets, which are commonly used benchmarks for MIL al-
gorithms, demonstrating the versatility of our approach. Finally, we
introduce a novel heart ultrasound dataset, where we demonstrate the
suitability of our ProMIL method for analyzing medical videos. We
also include a detailed interpretability analysis of the method con-
ducted with specialized medical doctors to confirm that our models
accurately recognize important features.

MNIST-bag results. We conducted a comparative analysis of our
ProMIL approach with the instance-max and instance-mean meth-
ods, as well as with Attention MIL Pooling [18]. As illustrated in Fig-
ure 5, our ProMIL outperforms all other methods in terms of AUC.
Additionally, we found that percentage-based assumption is difficult
for AbMILP and can lead to random performance on the test dataset,
even if the model converges during training. Moreover, we observed
that Instance-MAX and Instance-MEAN struggle to distinguish be-
tween positive and negative bags when the ground truth q is in the
range of [0.1, 0.5]. With an increase in bag size or the number of
training bags, all models achieve better performance. However, our

Ł. Struski et al. / ProMIL: Probabilistic Multiple Instance Learning for Medical Imaging2214



Table 1: Results for Colon Cancer dataset, where PROMIL
outperforms the baseline methods (INSTANCE+MAX and IN-
STANCE+MEAN). However, it achieves worse results compared to
more advanced techniques that employ attention mechanisms such
as SA-ABMILP*. Notice that values for comparison are indicated
with “*” from [37].

COLON CANCER

METHOD ACCURACY AUC

EMBEDDING+MAX* 82.4% ± 1.5% 0.918 ± 0.010

EMBEDDING+MEAN* 86.0% ± 1.4% 0.940 ± 0.010

ABMILP* 88.4% ± 1.4% 0.973 ± 0.007

SA-ABMILP* 90.8% ± 1.3% 0.981 ± 0.007
PROTOMIL* 81.3% ± 1.9% 0.932 ± 0.014

INSTANCE+MAX* 84.2% ± 2.1% 0.914 ± 0.010

INSTANCE+MEAN* 77.2% ± 1.2% 0.866 ± 0.008

PROMIL (OUR) 88.1% ± 1.7% 0.969 ± 0.010

Table 2: Our ProMIL approach achieves comparable or better re-
sults than baseline approaches, specifically INSTANCE+MAX and IN-
STANCE+MEAN, for the Camelyon16 and TCGA-NSCLC datasets.
However, it falls short of matching the performance of more complex
models such as TransMIL, which are based on transformer architec-
tures. It is worth noting that ProMIL matches the performance of the
INSTANCE+MAX approach. This may be related to the characteriza-
tion of lymph metastasis (Camelyon16 dataset), which typically cov-
ers a small tissue portion. As a result, the ProMIL learns to estimate a
small value for q and achieves similar results to the INSTANCE+MAX

approach. Notice that values for comparison marked with “*” are
taken from [37].

CAMELYON16 TCGA-NSCLC

METHOD ACCURACY AUC ACCURACY AUC

MILRNN* 80.62% 0.807 86.19% 0.910
ABMILP* 84.50% 0.865 77.19% 0.865
DSMIL* 86.82% 0.894 80.58% 0.892

CLAM-SB* 87.60% 0.881 81.80% 0.881
CLAM-MB* 83.72% 0.868 84.22% 0.937
TRANSMIL* 88.37% 0.931 88.35% 0.960
PROTOMIL* 87.29% 0.935 83.66% 0.918

INSTANCE+MEAN* 79.84% 0.762 72.82% 0.840
INSTANCE+MAX* 82.95% 0.864 85.93% 0.946

PROMIL (OUR) 82.95% 0.864 86.71% 0.940

Table 3: Our PROMIL method achieves state-of-the-art results
for Doppler Ultrasound benchmark. Moreover, the lower than
PROMIL performance of ABMILP and SA-ABMILP shows that
our PROMIL is more suitable for this task. By ’Accuracy’ we mean
balanced accuracy.

DOPPLER ULTRASOUND

METHOD ACCURACY AUC

ABMILP 79.77% 0.85

SA-ABMILP 84.85% 0.88

INSTANCE+MAX 70.09% 0.71

INSTANCE+MEAN 75.67% 0.79

PROMIL (OUR) 86.36% 0.92

ProMIL still outperforms them, making it suitable for both small and
large datasets with small or large bags.

Histopathological results. We evaluated the versatility of our
ProMIL approach on three real-life datasets commonly used as stan-
dard benchmarks in MIL: Colon Cancer, Camelyon16, and TCGA-
NSCLC. The results for Colon Cancer are presented in Table 1,
while those for Camelyon16 and TCGA-NSCLC are in Table 2. Our
ProMIL approach outperformed other Instance-based methods for
Colon Cancer and TCGA-NSCLC and matched the performance of
the Instance-MAX approach for Camelyon16. This similarity in per-
formance can be attributed to the small amount of metastatic tissue
required for a positive label in Camelyon16 [10], leading our ProMIL
to learn a small q what is making it similar to Instance-MAX. When
compared to other MIL approaches that operate on the bag level, such
as TransMIL and ProtoMIL, our ProMIL outperformed some of them
(e.g., MILRNN for TCGA-NSCLC and AbMILP for Colon Cancer)
and was slightly worse than recent approaches using transformer-
based architectures such as TransMIL. These results demonstrate the
adaptability of ProMIL to a variety of MIL problems in the digital
pathology field.

Doppler Ultrasound database results. We conducted an evalua-
tion of our approach on a dataset of ultrasound videos with varying
numbers of frames. Similar to the previous experiment, we compared
our method with the baseline (instance-based) approaches. The re-
sults of this evaluation are presented in Table 3.

ProMIL utilizes a unique strategy for selecting the most signif-
icant frames in each video using the q = 38.56%-quantile cri-
terion. This approach contrasts with the competing methods, IN-
STANCE+MAX and INSTANCE+MEAN, which rely on single-frame
and all-frame analyses, respectively. In our evaluation, we found
that choosing the dominant prediction did not necessarily lead to
high-performance scores. Furthermore, using all frames, as done in
the INSTANCE+MEAN method, produced better results than the IN-
STANCE+MAX method, but still failed to achieve significantly better
results, indicating overfitting to the noise.

Our approach’s superiority over the baseline methods is further
highlighted by the effectiveness of selecting the most significant
frames in each video, allowing us to mitigate the effects of noise
and achieve superior performance.

Furthermore, Figure 6 provides insights into the distribution of the
predictions made by the f classification component of the ProMIL
model. This distribution is based on the selection of significant
frames, which our model determined to be 38.56% for X data. To il-
lustrate this, we only considered true negative and positive bags and
presented their prediction distributions separately. Our results show
that for true positive bags, all significant frames have predictions
above 0.8, indicating high confidence in their classification. Con-
versely, for true negative bags, up to the 50th percentile, instances
with predictions close to zero dominate the model’s inference.

In addition to analyzing the number and selection of frames, our
study also focused on identifying the specific objects and regions of
interest in individual frames that our model considers when making
predictions. To achieve this, we utilized the widely recognized Grad-
CAM technique [38]. This approach generates a heatmap highlight-
ing the critical regions of an input image that the model focused on
to arrive at its decision.

Figure 7 presents several results that demonstrate the heart areas
our model emphasized when examining ultrasound images of a child
with a congenital heart defect that involves a septal defect. After con-

Ł. Struski et al. / ProMIL: Probabilistic Multiple Instance Learning for Medical Imaging 2215



0

20

40

#
fr
am

es

0

20

40

#
fr
am

es

0

25

50

#
fr
am

es

0

50

#
fr
am

es

0.0 0.5 1.0
0

50

#
fr
am

es

0.85 0.90 0.95 1.00

1th percentile

25th percentile

50th percentile

75th percentile

99th percentile

frame prediction

true negative bags true positive bags

Figure 6: The illustration depicts the classification predictions gener-
ated by the ProMIL f classification component. This component re-
lies on the selection of significant frames, representing 38.56% of the
frames with the highest prediction values, that impacted its decision-
making process. The figure displays the 1st, 25th, 50th, 75th, and
99th percentiles of these significant frames in each row. The left
column exhibits the prediction distribution for true negative bags,
while the right column shows the distribution for true positive bags.
Note that frames with predictions below threshold 0.5 are absent
from the right column, which is not apparent from the left column.
Even among the 99th percentile, there are frames with predictions
approaching zero.

sulting with clinical experts in the field of pediatric cardiology, we
confirmed that the regions marked on the heatmaps align with the ar-
eas typically identified by experts. Consequently, our approach could
assist medical practitioners in comprehending the outcomes and rec-
ognizing heart defects in newborns.

7 Conclusions

In this paper, we propose a novel instance-based approach ProMIL
to Multiple Instance Learning (MIL), where bag classification is
obtained by aggregating instance-level predictions. It solves the
percentage-based assumption, which occurs in many real-world med-
ical applications, using Bernstein polynomial estimation.

ProMIL outperforms other instance-based approaches and obtains

Figure 7: An ultrasonographic image of a newborn’s heart with a ven-
tricular septal defect and the corresponding heat map. This map al-
lows to understand which features of the image were important for
the model during the prediction process, taking into account the dif-
ferences between successive frames of the processed and analyzed
ultrasound recording. Areas with larger changes on the heat map are
marked in yellow, red and burgundy as areas with higher heat in-
tensity. Consultations with medical experts in the field of cardiology
confirmed that such areas in the presented image indicate the loca-
tions of the ventricular septal defect.

results comparable to less interpretable representation-based mod-
els. Therefore, it can be easily applied to critical domains, such as
computer-assisted interventions.
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