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Abstract. The precise subtype classification of myeloproliferative neo-
plasms (MPNs) based on multimodal information, which assists clin-
icians in diagnosis and long-term treatment plans, is of great clinical
significance. However, it remains a great challenging task due to the
lack of diagnostic representativeness for local patches and the absence of
diagnostic-relevant features from a single modality. In this paper, we pro-
pose a Dynamic Screening and Clinical-Enhanced Network (DSCENet)
for the subtype classification of MPNs on the multimodal fusion of whole
slide images (WSIs) and clinical information. (1) A dynamic screen-
ing module is proposed to flexibly adapt the feature learning of local
patches, reducing the interference of irrelevant features and enhancing
their diagnostic representativeness. (2) A clinical-enhanced fusion mod-
ule is proposed to integrate clinical indicators to explore complemen-
tary features across modalities, providing comprehensive diagnostic in-
formation. Our approach has been validated on the real clinical data,
achieving an increase of 7.91% AUC and 16.89% accuracy compared with
the previous state-of-the-art (SOTA) methods. The code is available at
https://github.com/yuanzhang7/DSCENet.

Keywords: Computational pathology · Multimodal fusion · MPNs sub-
type classification

1 Introduction

The precise subtype classification of MPNs based on multimodal information
is crucial [2]. MPNs are a heterogeneous group of hematologic malignancies
with marked disparities in the progression of distinct subtypes, including poly-
cythemia vera (PV), essential thrombocythemia (ET), prefibrotic/early primary
myelofibrosis (PrePMF), and primary myelofibrosis (PMF) [1,5]. For example,

https://github.com/yuanzhang7/DSCENet
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Fig. 1. a) Challenge 1: Individual patches show high visual similarity across four
subtypes, leading to confusing local features. b) Challenge 2: Single image modality
only provides morphological information, lacking other diagnostic-related features.

PMF has an increased risk for acute myelogenous leukemia transformation [27],
while ET and PV give rise to thrombotic and bleeding complications [25]. How-
ever, relying solely on one modality, such as pathological images, yields limited
insights [4]. The misclassification of subtypes may lead to inappropriate therapy,
affecting treatment efficacy and patient survival [1]. Hence, accurate multimodal
MPNs classification holds urgent clinical demands.

Pathology analysis on bone marrow biopsy whole slide images (WSIs) serves
as the clinical gold standard for MPNs diagnosis [21,2], posing distinct chal-
lenges due to a unique paradigm of proliferative disorders. Challenge 1: Indi-
vidual patches lack diagnostic representativeness. Due to the dispersed
distribution and dense proliferation of blood cells, MPNs lack fixed lesion areas,
causing individual patches to exhibit high visual similarity across four subtypes
as Fig. 1. a) shown. Constraining tens of thousands of pixels of the WSI with
a single category label is inadequate for capturing the intricate features and di-
versity inherent. The difficulty arises when local patches with similar textures
struggle to represent different categories in the feature space, potentially leading
to increased ambiguity and failure to encapsulate representative features. Hence,
the effective selection of local patches from the perspective of holistic semantics
is crucial for enhancing the model’s ability to identify diagnostically relevant
features. Challenge 2: Single image modality lacks diagnostic-relevant
features. The diagnosis of MPNs relies on the comprehensive consideration of
multi-modal diagnostic information such as morphology, physiology, and genetics
[2]. However, the single modality of images only focuses on morphological fea-
tures and lacks other diagnostic-relevant features, such as the driver mutations
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from genetics and cell distributions from physiology, leading to the model be-
ing trapped in local optima as Fig. 1. b) shown. Therefore, incorporating clinical
information guides the model in better learning the correlations and complemen-
tarities among different modalities, improving classification performance. Over-
all, the aforementioned MPN-related studies have feature extraction in isolation
and have not facilitated multimodal fusion from the feature learning process.

Recently, while deep learning algorithms have demonstrated outstanding ca-
pabilities in pathological image diagnosis [12,29], the classification of hematolog-
ical disorders like MPNs is still in its early stages [10]. Existing methods can be
broadly classified into three types: 1) Pathology image-based approach, which
often necessitates experts to perform cell-level annotations for the morphological
analysis[16,14]. [6,23] extract features from WSIs based on the fingerprinting of
megakaryocytes, requiring extensive cell annotation. [28] employs CNN models
to classify patches directly but overlooks global contextual information. 2) Clin-
ical information-based approach, which relies on indicators such as cell counts
for diagnosis. [20] focuses on clinical indicators but faces limitations from the
quality and completeness of available data. 3) Multimodal integration approach,
which combines clinical data with pathology images. [26] integrates predictive
probabilities from images and clinical data using statistical regression, but lacks
interactive fusion at the feature learning level.

Multimodal fusion enhances comprehensive diagnostic information for MPNs,
guiding the model to simultaneously learn features from different modalities,
thereby exploiting cross-modal complementarity and improving classification ac-
curacy [24,9]. To address challenge 1, we propose a dynamic screening (DS)
module to filter the feature relevance of local patches, constraining the potential
distribution differences to calibrate features, thereby boosting the model’s rep-
resentation. To address challenge 2, we propose a clinical-enhanced fusion (CF)
module which introduces clinical information as additional guidance for image
features learning. Given the dimensional disparity between modalities, our CF
explores complementary features relevant to diagnosis in cross-modal learning,
facilitating comprehensive diagnosis.

In this paper, we propose the multimodal fusion framework, dynamic screen-
ing and clinical-enhanced network (DSCENet), aiming at MPNs subtype classi-
fication. DSCENet capably explores complementary information across modal-
ities, heightening the model’s representative capacity and diagnostic accuracy.
Our contributions are as follows:

– To the best of our knowledge, DSCENet achieves MPNs subtype classifi-
cation based on multimodal fusion for the first time, obtaining significant
improvements and contributing to reliable treatment plans.

– We propose a dynamic screening module to flexibly select the local patches,
aiding the model in capturing pivotal features and improving representation
capacity and generalization performance.

– We propose a novel clinical-enhanced fusion module to mine the diagnostic-
relevant complementary features across modalities by using clinical features
as additional guidance, facilitating comprehensive diagnostic accuracy.
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Fig. 2. The Framework of our DSCENet. The DS module aims to dynamically screen
the local patches for better feature representation and clinical-enhanced fusion module
explores the complementary diagnostic information.

– Our DSCENet outperforms the SOTA methods on the real clinical dataset
consisting of 383 cases with an accuracy of 83.12% and an AUC of 96.43%.

2 Methodology

Fig. 2 illustrates the overall framework of our method to integrate WSIs and
clinical data, which consists of two main modules. The dynamic screening mod-
ule aims to flexibly screen the feature learning of local patches, improving the
representative capacity of WSIs. The clinical-enhanced fusion module intends to
integrate clinical indicators to guide the exploration of complementary features
across modalities, offering comprehensive diagnostic information.

2.1 Dynamic Screening Module

Dynamic random encoding of the grid. Our approach is dedicated to en-
hancing the representation of local patches in the holistic context of WSIs, i.e.,
B = {xi} denotes the bag of features per WSI, where i is the index of the
cropped patches. The feature embedding of patch xi ∈ RN×L is extracted
by the pre-trained ResNet 50 [18], where N is the number of patches and L is
the feature dimension. Instead of the absolute position encoding, we dynamically
random encode the sequences of patches as the random grid pi ∈ RN . Then, two
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fully-connected layers with ReLU activation F(·) are used to realize dynamic en-
hancement encoding. The dynamic random encoding of the grid F(pi) efficiently
adapts to the varying number of patches within each WSI, thereby aiding the
model in capturing the overall structure and patterns in the sequence.

Holistic screening of patch feature. Unlike the top-ranking tiles [7] that
discards subsequent patches, the dispersed distribution of MPNs requires re-
training the holistic feature information through dynamic screening. To capture
the holistic semantics, we also perform global averaging G(·) on xi,j to save the
computational cost. Following by a full-connection layer and the gating sigmoid
activation for augmenting embedding by the textural knowledge, the selection
descriptor of patch feature ξi is then given by:

ξi = sigmoid(G(xi)⊕F(pi)), (1)

where ⊕ denotes concatenation.
Finally, we also implement a residual design to alleviate the adverse impacts

of inaccurate selections. The dynamic selected feature si is then given by:

si = xi ⊗ ξi + xi, (2)

where ⊗ denotes pixel-wise multiplication. As the selection descriptor si are
mutually independent and differ among local patches, they generate different
augmented versions to calibrate the feature representation learning and eventu-
ally adapt to the holistic semantics.

2.2 Clinical-enhanced Fusion Module

Given the dimensional disparity between WSIs and clinical data in MPNs di-
agnosis, multimodal fusion methods like alignment are suboptimal [9]. Inspired
by [11], which applies agent tokens to enhance efficiency, we design the clinical-
enhanced fusion module to mine the diagnostic-relevant complementary features
by introducing clinical features as additional guidance between clinical-enhanced
query and clinical-enhanced value block.

Clinical query block. Clinical indicators Co ∈ RM includes genetics, re-
flecting the correlation between gene mutations and specific subtypes [3], and
physiology, describing dynamic physiological metabolic distributions [2], where
m is the number of clinical indicators. Clinical-enhanced query C ∈ RM×L is
derived from the concatenation of clinical feature and image feature followed by
fully connected layers and ReLU activation and scale pooling. The image feature
Q = xiWQ,K = xiWK , V = xiWV , where WQ/K/V denote projection metrices
and dk is the dimension. Clinical query block performs attention calculations
between C,K, V to query the focus of clinical attention from images (Equ. 3).

Vc = Attention(C,K, V ) = softmax(
CKT

√
dk

)V, (3)

hi = Attention(Q,C, Vc) = softmax(
QCT

√
dk

)Vc, (4)
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Clinical-enhanced shared block. To obtain complementary features hi

cross modalities, it is essential to perform the second attention with image fea-
ture as Equ. 4. Clinical-enhanced shared block achieves bidirectional attention
in the shared feature space of both image and clinical modalities, offering com-
prehensive diagnostic insights and ultimately enhancing diagnostic precision.

Finally, the comprehensive feature hf is obtained after combining dynamical
screening and clinical-enhanced fused feature: hf = si ⊕ hi. Then we adopt the
widely-used multiple instance classifier [19] and Softmax for classification.

3 Experiments

3.1 Experimental Settings

Dataset. To validate the effectiveness of our method, we conducted a multicen-
ter study on MPNs data. 383 cases of MPNs are collected from 3 independent
medical centers, including 81 PV, 126 ET, 88 PrePMF, and 88 PMF cases.
Each patient tasks one WSI paired with its corresponding clinical information
with no missing data, including gender, age, and blood test report (hemoglobin,
white blood cell, red cell mass, hematocrit, platelet count) and genetic muta-
tions (JAK2, MPL, CALR). The WSIs are stained by Hematoxylin and Eosin
and scanned at 0.2 m/pixel using PANNORAMIC SCAN 150.

Implementation Details. We preprocess WSIs into non-overlapping patches
measuring 256× 256 pixels at 20 × magnification and use a pre-trained ResNet-
50 [18] to extract the 1024-dimensional morphological features. All experiments
are conducted on the two NVIDIA GeForce RTX 4090 (24 GB). The datasets
are randomly split into training, validation, and testing sets with a ratio of 6: 2:
2. A total of 200 training epochs are conducted with a learning rate of 1× 10−4

using the Adam optimizer and cross-entropy loss.

Evaluation Metric. We perform comparative experiments and ablation stud-
ies to demonstrate the advantages of our methods. The area under the curve
(AUC), Receiver Operating Characteristic curves (ROC), accuracy(ACC), pre-
cision, recall, and F1 score (F1) are employed to evaluate the performance.

3.2 Result and Analysis

We performed comparative experiments and ablation studies to demonstrate
the advantages of our proposed framework. The classical classification network
CLAM [18], Transmil [22], and DSMIL [17] are compared to validate the accuracy
for the single image modality. We also compare with SNN [15] for the single
modality of clinical data. To validate the performance of multimodal fusion, we
compared the AMIL [13], MCAT [8] and CMTA [30]. These models are trained
on the same dataset and evaluated by the above metrics. For a fair comparison,
the same CNN extractor and cross-entropy loss are adopted for all methods.
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Table 1. Comparisons between our proposed method and other SOTA approaches
(%). concat is concatenation fusion and bilinear is bilinear pooling fusion.

WSIs Clinical data ACC AUC Precision Recall F1
CLAM_SB [18] ✓ 32.47 51.30 8.12 25.00 12.25
CLAM_MB [18] ✓ 64.94 83.36 64.13 63.10 63.23

DSMIL [17] ✓ 53.25 78.86 72.66 60.84 54.95
Transmil [22] ✓ 64.94 85.52 62.73 62.36 62.00

SNN [15] ✓ 63.64 82.61 48.34 63.44 54.80
AMIL_bilinear [13] ✓ ✓ 48.05 76.03 50.79 46.99 45.40
AMIL_concat [13] ✓ ✓ 58.44 88.52 53.02 64.93 56.21

CMTA [30] ✓ ✓ 58.44 87.19 62.96 62.38 57.13
MCAT [8] ✓ ✓ 66.23 86.28 63.80 66.83 64.58

Ours ✓ ✓ 83.12 96.43 83.32 83.15 83.02

Quantitative Evaluation. In the quantitative evaluation, our method achieve
the best classification performance with 83.12% accuracy, 96.73% AUC, 83.32%
precision, 83.15% recall, and 83.02% F1 score in the Table 1. Our method out-
performs the second-best fusion model (MCAT) by 16.89% in AUC and 7.91% in
accuracy and achieves an 18.18% higher accuracy and 10.91% higher AUC com-
pared to the single-image modality model (Transmil). On the one hand, single-
modality approaches utilizing either clinical information or WSIs have demon-
strated moderate classification performance, indicating that individual modali-
ties indeed contain specific diagnostic-relevant features. On the other hand, other
modality fusion methods ignore the huge dimensional difference or design for
prognostic tasks, which may not be applicable in the unique diagnostic scenarios
of MPNs, thus failing to achieve the ideal alignment between two image and
non-image feature spaces. However, our method employs a monitoring process
augmented with additional clinical information, aiding the network in learning
better features and improving classification performance.
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Fig. 3. ROC curves for different methods on PV, ET, PrePMF, and PMF.
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Table 2. Ablation results of our method (%). DS is the dynamic screening module,
and CF is the clinical-enhanced fusion module.

ACC AUC Precision Recall F1
w/o DS, w/o CF 63.64 81.56 72.66 60.84 54.95

w/o CF 76.62 92.51 77.28 77.16 74.95
w/o DS 76.62 93.90 75.35 76.38 75.09
Ours 83.12 96.43 83.32 83.15 83.02

Qualitative Evaluation. In the subtype classification task of MPNs, our model
performs significantly superior for four subtypes on the ROC curves. The AUC
values of our model are 98.87%, 94.77%, 93.88%, and 98.21% for PV, ET,
PrePMF, and PMF, respectively, as depicted in Fig. 3. Our model also sur-
passes the second-highest model by 8.54%, 18.93%, and 5.84% in terms of AUC
for ET, PrePMF, and PMF, respectively. Our model demonstrates well-balanced
classification performance and achieves the top AUC value of 96.43%, indicating
effective fusion of clinical data with images at the cross-modal feature space,
contributing to complementary diagnostic information.

Ablation Study. We evaluated the importance of monitoring and fusion mod-
ules by ablation experiments (Table 2). The DS module brings significant im-
provement for classification, suggesting effective filtering of redundant features
from patches. The CF module also improved the AUC by 12.34%, indicating that
clinical data with images enhances the representation of diagnostic relevance.

Model analysis of confusion matrices. The confusion matrices of our model
on the testing dataset of 77 samples demonstrate the distinguished classification
performance of our model, achieving an accuracy of 83.11% in Fig. 4. It is evident
that other methods are prone to misclassify ET as PrePMF or PV, whereas
our method improves the accuracy of ET while maintaining the correctness of
others. ET has dense cellular features, suggesting that our method can effectively
enhance the local features with stronger diagnostic discrimination.

Ours AMIL_Bilinear AMIL_Concat CMTA MCAT

Fig. 4. Confusion matrices on the testing set, with true labels on the vertical axis and
predictions on the horizontal axis. The deeper colors indicate higher accuracy.
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4 Conclusion

We propose a DSCEnet for the multimodal subtype classification of MPNs for
the first time. This method effectively integrates pathological images and clinical
data, achieving the optimal classification performance. Furthermore, we utilize
a dynamic screening module to select patch features for better representation
and a clinical-enhanced fusion module to explore diagnostic-relevant features for
comprehensive diagnoses. We have pioneered a promising future for multimodal
diagnosis of MPNs, offering vast prospects in diagnosis and treatment.
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