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Abstract. Ensuring precise and reliable classification effectiveness holds
paramount importance in essential sectors such as medicine, industry,
and healthcare. Machine learning (ML) techniques have evolved in recent
years to address the performance, efficiency, and robustness of the applied
models. Recent advancements in Machine Learning (ML) techniques have
aimed to enhance the performance, efficiency, and robustness of applied
models. Ensemble learning has been shown to exhibit superior accuracy,
robustness, and generalization capability over classical single ML mod-
els in most classification problems. Although dynamic ensembles have
extended the performance of static ensembles such as random forest and
boosting, current literature on dynamic ensembles primarily focuses on
the early fusion of multimodal data. In this study, we present a novel
framework that combines dynamic ensemble selection (DES) with a late
fusion of heterogeneous multimodal data and model explainability. We
evaluated our approach on a classification task of hospital mortality pre-
diction, and our approach achieves a testing accuracy of 90.16%, sur-
passing existing techniques and providing physicians with case-based
reasoning and deep-based classifiers contributions explanations to sup-
port their decision-making. We compare our proposed framework against
nine widely used ML techniques, including static and dynamic ensemble
models with early fusion and static ensemble models with late fusion on
a dataset of 6,600 patients from MIT’s GOSSIS dataset. The dynamic
ensemble model with early fusion achieves a testing accuracy of 86.89%,
the Light GBM model achieves a test accuracy of 87.72%, and the soft
voting model reaches 87.97% and 89.45% using early and late fusion,
respectively. Our proposed framework not only improves the accuracy
and robustness of in-hospital mortality prediction models but also offers
explainability and potential for further optimization to achieve even
higher performance.
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1 Introduction

Reliable prediction in a classification task is critical in ensuring precise decision-
making, performance assessment, efficient resource allocation, and enhanced
confidence in the entire system. This is particularly crucial in the realm of
medical decision-making, where reliable prediction can potentially lower health-
care expenses and ease the burden on medical resources [14]. The literature
has extensively investigated the use of various machine-learning approaches to
improve prediction performance [6]. For example, ensemble learning techniques,
such as static and dynamic ensembles, have been widely explored in the field
of in-hospital mortality prediction [8,14], Sepsis prediction in intensive care [7],
Alzheimer’s disease progression [10] to improve classification accuracy. While
static ensemble methods combine the predictions of all available base classifiers,
dynamic ensemble selection chooses a subset of the most relevant classifiers for
a given task, resulting in improved predictive performance and reduced compu-
tational cost [6,11].

The use of multimodal data in healthcare is prevalent due to the repre-
sentation of numerous intricate medical problems through datasets comprising
heterogeneous modalities. Different types of data such as medical images, clinical
notes, and laboratory results are combined to improve diagnosis and treatment
outcomes and to provide customized and individualized decisions. The most
popular two approaches for combining multimodal data are early fusion and late
fusion. Early fusion combines the raw data of different modalities at the feature
level, while late fusion combines the outputs of classifiers trained on individual
modalities at the decision level [9,26]. Early fusion has been demonstrated to be
efficient when the modalities are highly correlated since the combining of raw
data allows for more complete feature extraction and integration. On the other
hand, late fusion is more suitable when the modalities have low correlation or
requires different feature representations, as it allows for a more flexible com-
bination of the outputs of individual classifiers [27]. Late fusion has also been
shown to be effective when the modalities have varying amounts of missing data
since it can handle missing data in particular modalities while improving overall
performance [12].

In this work, we propose a novel framework that merges the advantages of
dynamic ensemble modeling and the late fusion of data. We proposed a new
architecture following a similar design of the existing dynamic ensemble model,
i.e., the k-Nearest Oracle Union (KNORA-U) [15], with a novel late fusion capa-
bility. In addition, to the best of our knowledge, there is no work that provides
explainability to dynamic ensemble models. In this work, we proposed two dif-
ferent explainability techniques for our proposed dynamic ensemble model with
late fusion. The contributions of the study can be summarized as follows.

1. We propose the first dynamic ensemble selection classifier with a late fusion
of multiple modalities. The proposed model is capable of learning complex tasks
based on heterogeneous multi-modalities.
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2. We propose a novel explainability for dynamic ensemble selection clas-
sifiers based on Case-Based Reasoning and deep-based classifiers contributions
techniques.

3. We compare our proposed models’ performance with existing approaches
including the static ensemble model with early and late fusion, and the dynamic
ensemble model with early fusion. The comparison is based on a real-world
dataset of 6,600 patients from MIT’s GOSSIS (Global Open Source Severity of
Tllness Score) dataset.

The study is organized as follows. Section2 highlights the related work.
Section 3 presents the proposed model, Sect.4 discusses the results, and Sect. 5
introduces explainability. Section6 provides discussion for our work and then
Sect. 7 concludes the paper.

2 Related Work

Ensemble learning has emerged as a highly effective technique in the field of
machine learning and pattern recognition. It involves generating and combining
multiple models to improve the accuracy, robustness, and generalizability of
predictions. By leveraging the strengths of multiple models, ensemble learning
techniques have consistently demonstrated their ability to improve performance,
reduce overfitting, and provide more reliable and robust predictions than single
models alone. This led to successfully applying ensemble learning in various
domains, including computer vision, natural language processing, and medical
diagnosis, among others [3]. The ensemble learning approach can be broadly
categorized into two main types: static and dynamic ensemble learning.

2.1 Static Ensemble

Static ensemble learning combines a fixed set of models to generate diverse mod-
els that work collectively to produce a better prediction (see Fig.1). This app-
roach leverages methods such as bagging [2], boosting [25], and stacking [23].
Bagging (Bootstrap Aggregating) creates multiple training datasets through
bootstrapping, training independent models on these datasets, and then com-
bining their predictions by averaging or voting to reduce overfitting and improve
generalizability [20]. Boosting, on the other hand, entails training weak models
consecutively on the misclassified data points, with each new model focused on
the regions where the prior models failed. The final prediction is obtained by com-
bining these weak models through a weighted majority vote or a weighted sum,
ultimately resulting in a strong model with improved accuracy and reduced bias.
Popular boosting algorithms include AdaBoost, which adjusts the weights of mis-
classified instances at each iteration, and Gradient Boosting, which utilizes the
gradients of the loss function to guide the addition of new weak models [22,25].
Stacking involves training several diverse base models, which could include a mix
of machine learning algorithms such as linear regression, decision trees, support
vector machines, or even deep learning models like neural networks. Once base
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models are trained to generate predictions on the given dataset, instead of com-
bining the predictions through simple methods like averaging or majority voting,
stacking introduces a meta-model, which is trained on the predictions generated
by the base models, effectively learning how to optimally combine their outputs
to achieve better performance [22].
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Fig. 1. Architecture of the static ensemble

2.2 Dynamic Ensemble

Dynamic ensemble learning constitutes an approach in which models are gener-
ated and combined in real-time based on specific query samples. This technique
can be divided into two primary categories, namely dynamic classifier selection
(DCS) and dynamic ensemble selection (DES), as illustrated in Fig. 2. DCS [21]
is a technique that selects the most competent model from a pool of models,
based on the characteristics of the query sample. This involves calculating the
competences of each model in the pool and selecting the one that is best suited
to make a final prediction for the given query. On the other hand, DES [15]
is a technique that selects a subset of the most competent models from a pool
of models and combines their predictions to make a final decision for the given
query. This involves calculating the competences of each model in the pool and
selecting the N most competent models to form the ensemble. The predictions
of the selected models are then aggregated to make a final decision.

The literature has shown that dynamic ensemble learning outperforms static
ensemble learning for several reasons. Dynamic ensemble learning is more robust
and reliable because it can adapt to changes in data characteristics and distri-
butions. It also reduces the risk of overfitting by selecting the most competent
models for each query, and it produces better interpretable results by identifying
the most relevant models and their contributions to the final prediction. These
advantages make dynamic ensemble learning a powerful and effective approach
for improving the accuracy and robustness of machine learning models [6].

2.3 Early Fusion-Based Ensemble

Early fusion-based ensemble modeling is a frequent data fusion technique where
multiple modalities are integrated at an initial stage of the learning process
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(b) Dynamic Ensemble Selection (DES)

Fig. 2. The architecture of the dynamic classifier and dynamic ensemble selection

before training individual models within the pool. By combining various modal-
ities during the early stages, this approach aims to capture the potential interac-
tion and interdependencies among the modalities to enhance the model’s overall
performance [3]. However, a critical limitation of early fusion-based ensemble
modeling is the training of base models within the pool using the entire dataset.
This technique not only slows the training time for each model but also lim-
its the diversity in the generated predictions. The diversity is reduced by the
fact that all the models are trained on identical datasets, which may result
in models with similar biases and limitations, thereby affecting the ensemble’s
overall robustness and generalization. Despite this drawback, early fusion-based
ensemble modeling has been thoroughly investigated and employed in both static
and dynamic ensemble modeling contexts within the literature. In the case of
static ensemble modeling, early fusion has been used to create diverse models
by combining multiple modalities, assuming that the data distribution remains
consistent throughout the process. In contrast, dynamic ensemble modeling has
incorporated early fusion to adaptively select and combine models in response
to specific query samples, thereby leveraging the advantages of fusing multiple
modalities while accounting for changing data characteristics and distributions
[22].

Furthermore, researchers have also attempted to address the limitations of
early fusion-based ensemble modeling by exploring alternative techniques such
as late fusion and intermediate fusion, which integrate the modalities at dif-
ferent stages of the learning process. These alternative fusion strategies aim to
balance the benefits of early integration with the need for maintaining diversity
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and adaptability among the models within the ensemble, and offering potential
alternatives for further enhancement in ensemble learning methods [5,17].

2.4 Late Fusion-Based Ensemble

Late fusion-based ensemble modeling is a widely adopted strategy that includes
training separate models in various modalities and combinations of modalities
and then integrating their output predictions at a later stage of the learning
process. A key advantage of late fusion lies in its ability to permit models to
learn tasks across multiple modalities, thereby fostering greater diversity in their
decision boundaries. This diversity within the model pool is crucial for construct-
ing a robust ensemble that can effectively generalize to previously unseen data.
While late fusion has been extensively researched and applied for static ensem-
ble learning [19], its potential for dynamic ensemble selection remains compar-
atively under-explored in the literature. We want to solve this research gap by
examining the applicability of late fusion to dynamic ensemble selection mod-
els in this paper. By combining the output predictions of multiple dynamically
selected models, we aim to improve the accuracy and robustness of the ensemble
model, especially in scenarios where the data distribution may change over time.
Another significant contribution of our work is the development of an innova-
tive explainability technique for dynamic ensemble selection models, an aspect
that has not been previously investigated. This novel approach aims to provide
insights into the decision-making process of the ensemble, clarifying the con-
tributions of individual models and the rationale behind the dynamic selection
of models. Our proposed explainability technique can potentially facilitate the
adoption of dynamic ensemble selection models in various domains, particularly
those where interpretability is significantly important, such as healthcare and
finance.

3 Methods

This section describes the medical dataset utilized in this study, the architec-
ture of the suggested framework for predicting in-hospital mortality, and the
procedures utilized for data preparation.

3.1 Dataset

In this study, we used MIT’s GOSSIS (Global Open Source Severity of Illness
Score) dataset [18]. The study includes 6600 subjects (57.3% male). The average
age of subjects was between 16 and 89 years. There are two classes in the dataset
whether the patient is dead or survived. There are 5264 (79.7%) subjects who
survived and 1336 (20.3%) as dead patients.
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3.2 Proposed Model

Figure 3 illustrates our proposed framework. This framework learns in-hospital
mortality based on the multimodal late fusion paradigm. The proposed algorithm
extends the KNORA-U (KNORA-UNION) and works as follows:

1. Split dataset D into training Train, validation (for DES) Dsel, and testing
Test.

2. Define the models pool M with corresponding feature set F' (modality or
combination of modalities): M = {m;, mg, mg,....mp}, F ={f1,fe,f3, s fn}

3. Train models’ pool M with their corresponding subsets of F' masked on
the Train set.

4. Define a number of neighbors K for selection.

5. Select K nearest samples from Dsel for the given z; (test sample) using
the k-Nearest Neighbors algorithm with Minkowski distance (Eq.1). These K
nearest samples are called regions of competence (RoC) for z;.

d »
du(z,y) = (Z |lz; — yi|p> (1)

where p is a positive constant that determines the order of the distance and
y; € Dsel.

6. Make predictions P of the samples in RoC using the trained models’ pool
M: P={p;,pe,p3,...,pn} and p; is predictions of m; (where m; € M) for K
samples in RoC.

7. Calculate the competence scores C' of each model in the models’ pool M
using their prediction P in RoC. The competence score is the accuracy of the
model in RoC: C(m;) = accuracy(p;) where m; € M, p; € P.

8. Select models that have a competence score higher than zero. This means
that the model predicted at least one sample in RoC correctly.

9. Predict the given test sample z; with selected models.

10. Aggregate the predictions of selected models for z; using soft voting and
use competence scores as weights.

Our model also provides two types of explainability: case-based reasoning
(CBR) and deep-based classifiers contribution (DBCC) to a final decision. For
CBR, the model provides a map for sample z; with the given test sample z;,
selected K nearest samples, and other samples on Dsel set. In addition, our model
provides a detailed table of selected K nearest samples that help the physicians
to get more insight into similar cases to the given test sample. For DBCC, our
model provides an explanation of how each selected model contributes to the
final decision.

3.3 Data Preprocessing

3.3.1 Missing Data Handling A feature that is absent more than 25% of
the time gets eliminated. k-Nearest Neighbors (KNNImputer) [28] with 5 nearest
neighbors is used to impute features with less than 25% missing. The mean value
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Fig. 3. The architecture of the proposed framework

from the five nearest neighbors discovered in the training set is used to impute
the missing values in each sample.

3.3.2 Data Standardization We used the MinMax normalization approach
to transform the data into a homogenous normal distribution, as described in
Eq. 2.

T — Tmi
Tscaled = —— (2)

Tmaz — Tmin

3.3.3 Feature Selection We employed a recursive feature elimination (RFE)
approach [13] to select a subset of important features from a large set of 185
statistical features. To carry out the selection process, we utilized the Random
Forest classifier in conjunction with RFE (RFE-RF). This method was used to
rank the features based on their relevance and contribution to the classification
task. After applying RFE-RF, we were able to identify 83 important features
that were deemed essential for accurate classification.

3.3.4 Data Balancing Biased results are always the result of unbalanced
datasets. In classification modeling, unbalanced datasets may be addressed
using a variety of techniques, such as either oversampling the minority stage
or undersampling the majority stage. In this work, although our dataset is not

highly imbalanced, we applied the synthetic minority over-sampling technique
(SMOTE) [4] for balancing our dataset.

4 Results

In this section, we discuss and compare the results of different machine-learning
approaches with our proposed late-fusion dynamic ensemble selection model.
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We collect and present the testing results for every model. In order to get more
consistent results, we applied the 10-holdout testing method [24]. The results
are shown as (mean + standard deviation).

4.1 Early Fusion-Based Ensemble Modeling

In early fusion, we combine all modalities first and train machine learning (ML)
models with them. For ensemble techniques, we need a pool of ML models. In
this study, we used nine well-known and diverse ML algorithms [1,16]: XGboost
(XGB), LightGBM (LGBM), Random Forest (RF), Support Vector Classifier
(SVC), Logistic Regression (LR), Multi-Layer Perceptron (MLP), Decision Tree
(DT), Naive Bayes (NB), and k-Nearest Neighbors (KNN).

First, Table1 shows the performance of the nine selected models. Among
the models, the Light GBM ensemble model achieved the highest accuracy of
87.72%. Following the LGBM, XGB, and RF models reached 86.97% and 81.35%,
respectively. Please note that the ensemble models achieved better results than
classical ML models.

Table 1. The performance of the base models with the early fusion of modalities

Base classifier | Accuracy | Precision | Recall F1-score

LGBM 87.724£0.47 | 91.00£0.61 | 83.73£0.90 | 87.21+£0.52
XGB 86.97+0.56 | 90.80£1.10 | 82.30£1.07 | 86.33+£0.60
RF 81.35+1.11 | 86.21£0.73 | 74.63£2.29 | 79.99+1.43
SVC 80.72+1.14 | 81.32+0.85 | 79.76£2.51 | 80.52+1.38
LR 78.20£1.19 | 77.48+0.63 | 79.51+2.87 | 78.46+1.52
MLP 76.83+1.01 | 83.03£1.41 | 67.47+£2.22 | 74.42+1.37
DT 73.11+1.27 | 77.39£1.42 | 65.31£1.78 | 70.83+1.49
NB 72.82+1.76 | 73.25+£1.49 | 71.86£2.76 | 72.544+2.02
KNN 72.44+1.51 | 71.24£1.32 | 75.2542.65 | 73.18+1.70

In Table 2, we can see the results of the static ensemble models with a different
set of the model pool. The best accuracy of 87.97% is reached with the pool of
the three most accurate models: LGBM, XGB, and RF. We also tried to add
more diverse models, but the results do not improve. The training data of all
models are the same and for that reason, there is no high diversity in predictions.

For testing the performance of the dynamic ensemble selection model with
early fusion, we selected KNORA-U because we extended this technique for
late fusion. The performance of the KNORA-U is not high as compared to the
static ensemble model. The results of KNORA-U are shown in Table 3, and the
highest accuracy that KNORA-U reached is 86.89% with the pool of the three
most accurate models.
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Table 2. The performance of the static ensemble model (soft voting) with the early
fusion ofmModalities

Selection strategy Model pool Accuracy Precision Recall F1l-score

All models XGB, RF, LGBM, |83.96+0.82 |85.70+0.77 | 81.50+1.73 | 83.534+0.96
SVC, MLP, LR, NB,
KNN, DT

3 most accurate LGBM, XGB, RF 87.9740.54 | 90.95+0.64 | 84.354+0.93 | 87.50+0.60

4 most accurate LGBM, XGB, RF,|87.2840.57 |89.694+0.65 | 84.27£1.00 | 86.901+0.61
SvC

3 most accurate + 1 diverse | LGBM, XGB, RF, |87.1040.52 | 90.54+0.83 | 82.914+0.97 | 86.55+0.57
MLP

3 most accurate + 2 diverse | LGBM, XGB, RF, | 86.10+0.68 | 88.71+0.69 | 82.744+1.33 | 85.61+£0.76
MLP, KNN

2 most accurate + 3 diverse | LGBM, XGB, MLP, | 85.6540.63 | 88.56+0.88 | 81.9540.94 | 85.12+0.68
KNN, DT

Table 3. The performance of the dynamic ensemble model (KNORAU) with the early
fusion of modalities

Selection strategy Model pool Accuracy Precision Recall Fl-score

All models XGB, RF, LGBM, |83.784+1.03 | 84.07+£0.91 | 83.784+1.03 | 83.72+1.04
SVC, MLP, LR, NB,
KNN, DT

3 most accurate LGBM, XGB, RF 86.894+0.96 | 87.16+0.88 | 86.89+0.96 | 86.85+0.97

4 most accurate LGBM, XGB, RF, |85.80+0.94 | 86.2040.85 | 85.80+0.94 | 85.744+0.98
svC

3 most accurate + 1 diverse | LGBM, XGB, RF, |85.95+1.03 | 86.484+0.91 | 85.95+1.03 | 85.92+1.05
MLP

3 most accurate + 2 diverse | LGBM, XGB, RF, |85.33£1.18 | 85.724+1.04 | 85.33+1.18 | 85.30%+1.20
MLP, KNN

2 most accurate + 3 diverse | LGBM, XGB, MLP, | 85.574+0.81 | 85.89+0.71 | 85.574+0.81 | 85.53+0.83
KNN, DT

4.2 Late Fusion-Based Ensemble Modeling

In late fusion, instead of combining all modalities, we can train each model
in the pool with different modalities and different combinations of modalities.
This approach increases the diversity of models’ prediction and gives better
performance by ensembling than early fusion scenarios.

Table 4 shows the results of the static ensemble, and as expected the per-
formance is increased as compared to the static ensemble with early fusion.
We tested different combinations of models’ pools and modalities. We got the
best result with the following combinations: LGBM with lab tests (L), XGB
with demographics (D), XGB with covariates (COV), LGBM with vital signs
(V), MLP with commodities (COM), MLP with a combination of lab tests and
demographics (L, D), SVC with a combination of covariates and demographics
(COV, D), and RF with a combination of all modalities. With this setting, we
achieved the best accuracy of 89.45%.
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In Table5, we report the results of our proposed model: dynamic ensemble

selection model with late fusion. We tested different combinations with our model

as well and to get the highest results, we utilized a model pool consisting of four
highly accurate models (2 Light GBM and 2 XGBoost) and 4 diverse models (1
RF, 1 SVC, and 2 MLP). The average accuracy of these models was 77.75 + 8.3
and we achieved an accuracy of 90.16% that outperforms all previous techniques.
By leveraging the diversity of the model pool, we were able to achieve a high level
of accuracy in the DES approach, which supports our hypothesis that diversity

in the model pool is important in the dynamic ensemble techniques.

Table 4. The performance of the static ensemble model (soft voting) with the late
fusion of modalities

Modalities Strategy Models Accuracy Precision Recall F1l-score
[L] 4+ [D] + |5 accurate | LGBM, XGB, | 89.084+0.43 | 89.96+0.46 | 89.084+0.43 | 89.03+£0.43
[cOoV] + [V] + XGB, LGBM,

[ACOM] LR

[L] 4+ [D] + |4 accurate | LGBM, XGB, | 88.984+0.46 | 89.88+£0.49 | 88.984+0.46 | 88.95+0.45
[COV] + [V] XGB, LGBM

[L] 4+ [D] + |4 accurate | LGBM, XGB, |89.05+0.40 |89.97£0.43 |89.05+0.40 | 89.01£0.41
[ACOV] + [V] | + 1 diverse | XGB, LGBM,

+ [ACOM] MLP

[L] 4+ [D] + |4 accurate | LGBM, XGB, | 88.824+0.79 | 89.40£0.78 | 88.824+0.79 | 88.75£0.79
[COV] + [V] |+ 2 diverse | XGB, LGBM,

+ [ACOM] + MLP, KNN

[CcOV]

[L] + [D] + |4 accurate | LGBM, XGB, |89.2240.61 |89.764+0.58 | 89.22+0.61 | 89.174+0.60
[COV] + [V] + | + 2 diverse | XGB, LGBM,

[ACOM] + [L, MLP, MLP

D]

[L] 4+ [D] + |4 accurate | LGBM, XGB, |89.15+0.81 | 89.45+0.79 |89.15+0.81 | 89.12+0.81
[COV] + [V] + | 4+ 3 diverse | XGB, LGBM,

[cOM] + [L, MLP, MLP,

D] + [COV, D] SvC

[L] + D] + |4 accu- | LGBM, 89.45+0.81 | 89.76+0.82 | 89.45+0.81 | 89.43+0.80
[cOV] + [V] |rate + 4| XGB, XGB,

+ [COM] | diverse LGBM,

+ [L, D] + MLP, MLP,

[cOoV, D] + SVC, RF

[ALL]

565
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Table 5. The performance of the dynamic ensemble model (our Proposed) with the
late fusion of modalities

Modalities Strategy Models Accuracy Precision Recall Fl-score
[L] 4+ [D] + |5 accurate | LGBM, XGB, | 89.30+0.35 90.29+40.33 89.30+0.35 89.26+0.34
[COV] + [V] + XGB, LGBM,

[COM] LR

[L] 4+ [D] + |4 accurate | LGBM, XGB, |89.2240.31 90.2140.28 89.2240.31 89.1640.32
[COV] + [V] XGB, LGBM

[L] + [D] + |4 accurate | LGBM, XGB, |89.2540.36 | 90.28+0.29 | 89.25+0.36 |89.2140.34
[COV] + [V] + | + 1 diverse | XGB, LGBM,

[COM] MLP

[L] 4+ [D] + |4 accurate | LGBM, XGB, |89.2440.43 89.8540.38 89.2440.43 89.184+0.43
[COV] + [V] |+ 2 diverse | XGB, LGBM,

+ [coM] + MLP, KNN

([COV]

[L] 4+ [D] + |4 accurate | LGBM, XGB, | 89.66+0.34 90.184+0.33 89.66+0.34 89.6340.33
[COV] + [V] + | + 2 diverse | XGB, LGBM,

[coM] + [L, MLP, MLP

D]

[L] 4+ [D] + |4 accurate | LGBM, XGB, | 89.724+0.43 90.01£0.40 89.7240.43 89.684+0.43
[COV] + [V] + | + 3 diverse | XGB, LGBM,

[coM] + [L, MLP, MLP,

D] + [COV, D] svC

L] + D] + |4 accu- | LGBM, 90.16+0.57 | 90.424+0.53 | 90.16+0.57 | 90.14+0.58
[COV] + [V]|rate + 4| XGB, XGB,

+ [COM] | diverse LGBM,

+ [L, D] + MLP, MLP,

[coV, D] + SVC, RF

[ALL]

5 Model Explainability

Accurate models are not sufficient to get the trust of medical experts. Under-
standing of how the models are working and why they take specific decisions
are important for trustworthy AI models. In previous experiments, we achieved
the best results by integrating the dynamic ensemble selection and late fusion
of heterogeneous data modalities. We extend our proposed late fusion dynamic
ensemble selection model to provide explainability. Our model provides two types
of explanation: case-based reasoning (CBR) and deep-based classifiers contribu-
tions (DBCC). In this section, these explanabilities are discussed with examples.

5.1 Case-Based Reasoning

In dynamic ensemble selection, we choose base classifiers for the final decision
based on the performance of classifiers in the region of competence (RoC). We
select the most similar samples as RoC for the given test sample as discussed in
Sect. 3.2. If we provide those samples in RoC to physicians as similar cases to
the given new test sample, the physicians can get more insight. It is also called
case-based reasoning (CBR). The physicians can select the features that they
want to see. In Fig. 4, you can see an example of case-based reasoning. On the
left of Fig. 4, there is a DSEL map where we can see the given test sample (blue
X), selected samples for RoC (bigger points), and other samples in DSEL data.
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On the left of Fig.4, there are tables that show the detailed data about the
given test sample and each nearest sample in the RoC. In the table (on the right
side of Fig.4), the physicians can select which features they want to see or as
default features, we show the most important features. Statistics can be collected
from the collected cases, and domain experts can test if the neighbor cases are
medically similar to the test case or not. Also, visualization techniques can be
used to show the important features that affect the decisions of the classifier.

DSEL Map Test sample

20 N height age bmi gender d1i_hco3_min d1_sodium_max

1575 81.0 27.654321 0.0 26.0 139.0

Samples in RoC

height age bmi gender d1_hco3_min d1_sodium_max Hospital Death

157.0 71.0 29.494097 0.0 23.0 139.0 0
1651 68.0 43987070 0.0 200 143.0

139.7 810 31563699 0.0 19.0 137.0

160.0 59.0 23.437500 0.0 23.0 141.0

o o o o

163.0 73.0 33.836426 00 290 140.0

Fig. 4. Case-based reasoning. Samples that are selected in the DSEL map (left) and
their detailed table with selected features (right)

5.2 Deep-Based Classifiers Contributions

In the previous explainability, we discussed the explanations suitable for physi-
cians. Furthermore, we can also get explanations on a deeper level: how each
classifier in the selected ensemble contributes to the final decision, what are
their individual predictions, and what their confidence is. Our model provides
the table as shown in Fig.5 with the features of weight (competence score),
individual prediction for the given test sample, and a confidence score for that
prediction. With this table, we can generate figures as illustrated on the right
side of Fig.5. With this explanation, we can see how each model affects our
result and it helps us to add or remove other models for better performance.
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Contribution on final decision

Weight M Confid Predicti
Model Weight Prediction Confidence 8 Weight @ Confidence rediction

LGBM(Classifier_0 10 0 0.872241 LGBMClassifier_0 0
XGBClassifier_1 10 0 0.933686 XGBClassifier_1 0
XGBClassifier_2 08 0 0.718304 XGBClassifier_2 0

LGBMClassifier_3 10 0 0.940897 - LGBMClassifier_3 0
MLPClassifier_4 10 1 0.658455 E MLPClassifier_4 1
MLPClassifier_5 10 0 0.949910 MLPClassifier_§ 0

SVC_6 06 1 0.363768 sve_6 1

LGBMClassifier_7 10 0 0.975557 LGBMClassifier_7 0

00 05 10 15 20

Fig. 5. Selected ensemble contribution. Our model has produced a table (on the left),
which may be used to generate a corresponding figure (on the right)

6 Discussion

The primary objective of our paper is to present an innovative approach to
dynamic ensemble selection (DES) that employs a late fusion strategy for the
fusion of multi-modal data. Moreover, our approach introduces a novel method
to enhance the explainability of dynamic ensemble selection and address the need
for better transparency and interpretability in the decision-making process.

Our experimental findings indicate that the proposed DES method outper-
forms existing techniques, including static ensembles such as voting and stacking
that employ both early and late fusion, as well as the dynamic ensemble selec-
tion approaches that utilize early fusion. The performance improvement of our
proposed DES is related to the advantages of dynamic selection in comparison
to static selection, in addition to the benefits of the late fusion of data over early
fusion.

By effectively combining the strengths of dynamic ensemble selection with
the advantages of late fusion, our proposed approach demonstrates its potential
to improve the accuracy, robustness, and generalizability of machine learning
models. Furthermore, the introduction of a novel explainability technique con-
tributes to a better understanding of the ensemble’s decision-making process,
ultimately fostering increased confidence and trust in the model’s predictions,
particularly in domains where interpretability is of critical importance.

Limitations. Our study involved the evaluation of our proposed late fusion-
based DES approach on a single well-balanced dataset, which was used for binary
classification. However, real-world datasets often exhibit varying degrees of com-
plexity, class imbalances, and distribution shifts. Consequently, further research
is warranted to assess the performance of our proposed late fusion-based DES
approach on more complex, diverse, and imbalanced datasets, as well as in multi-
class classification scenarios. This would provide a more comprehensive under-
standing of the generalizability and robustness of our approach when faced with
the intricacies and challenges commonly encountered in real-world applications.
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7 Conclusion

This paper proposed an interpretable dynamic ensemble selection model with a
late fusion of different modalities for detecting in-hospital mortality. Our pro-
posed model outperformed the existing approaches, and the results suggest that
the proposed DES approach for late fusion can be an effective technique for
improving the accuracy of machine learning models, particularly in situations
where diverse modalities and model pools are involved. These findings may have
important implications for the development of more robust and accurate machine
learning systems in various applications. Our future work will aim to address the
limitations of our current study. Specifically, we intend to expand the evaluation
of our proposed DES approach on diverse and unbalanced multi-class datasets,
which will provide a more comprehensive assessment of its performance. To fur-
ther enhance the methodology, we also plan to incorporate additional distance
metrics, including Euclidean, Manhattan, Cosine, and customized metrics, as
well as various selection methods. Furthermore, we intend to explore different
types of dynamic ensemble selection techniques with late fusion setting and pro-
vide novel approaches to explainability.
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