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Abstract

Causal inference in text data has been a demanding objective in the field of natural language
processing, mainly due to the intrinsic ambiguity and context sensitivity inherent in data,
inducing uncertainty. Diminishing this uncertainty is essential in identifying reliable
causal connections and advancing predictive consistency. In this research, we introduce an
uncertainty-aware ensemble architecture that combines multiple text embedding schemes
with both linear and nonlinear classifiers to boost causal text detection. Both sparse and
neural-level embeddings were employed, and then combined it with an ensemble weighting
approach based on two uncertainty estimation techniques, namely entropy-based and KL
divergence-based. Unlike conventional ensemble methods with uniform or fixed voting
strategies, our approach assigns weights inversely proportional to classifier uncertainty,
ensuring that confident models exert greater influence on the final decisions. Our results
show that TF-IDF, through its effective word frequency weighting scheme, consistently
outperforms other embedding techniques, achieving better performance across both linear
and nonlinear classifiers on both datasets (News Corpus and CausalLM-Adjective group).
The experimental results show that our uncertainty-aware ensemble approach enhances
both calibration and confidence predictions. Entropy-based weighting improves confidence
in the case of linear classifiers with accuracy, F1-score, entropy and prediction confidence
values of 94.3%, 94.0%, 0.382 and 0.774, respectively, while in the case of nonlinear classifiers
the KL divergence-based weighting acquires a better performance with an accuracy of
97.6%, F1-score of 97.2%, KL Mean value of around 0.055 and LogLoss of 0.221.

Keywords: causality; word embedding; machine learning; uncertainty; ensemble learning

1. Introduction

Causality is a vital area in human decision-making and reasoning, enabling us to
differentiate true cause-and-effect relationships from mere correlations. In recent years,
research on causality detection from textual data has garnered significant focus, particularly
with the expansion of digital information resources, including news articles, scientific
publications, medical records, and social media streams. Interpreting cause—effect relations
within text corpora is crucial in a diverse range of applications, mainly in discovering
biomedical findings, policy analysis, and risk evaluation in finance and clinical settings.
Unlike surface-level NLP tasks, causal inference provides a deeper interpretive understand-
ing, empowering systems not only to recognize events but also to reveal the underlying
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process that connects them. Despite its significance, causality recognition in textual data
still constitutes a difficult issue. Linguistic expressions often convey causal meanings in
indirect, direct, unclear, and context-sensitive forms, leading to limitations for traditional
machine learning models in learning causal relationships [1,2]. Traditional techniques, in-
cluding rule-based or handcrafted-feature approaches, often have a shortcoming in scaling
across diverse domains. Due to their model-agnostic characteristics, deep learning models,
even when achieving high performance, are often less sensitive to domain-specific features.
As a result, they commonly face issues such as data insufficiency, domain drift, and poor
calibrated results [3,4]. Thus, a key component of causal analysis research lies in measuring
prediction uncertainty and incorporating this information into decision-making.

Uncertainty quantification has become prominent as a foundation for developing
reliable NLP systems [5]. In this research, we aim to emphasize classifier-level uncertainty—
quantifying how confident or uncertain models are when identifying causal relations in text
data, rather than modeling linguistic-based ambiguity. Most of the earlier research focuses
on increasing the evaluation scores; however, the current work focuses on uncertainty-based
weighting. Employing uncertainty not only increases the interpretability of prediction
but also helps to reduce the risk of error propagation in downstream decision workflows.
Beyond this, uncertainty quantification offers a principled approach to identify both un-
derfitting and overfitting—increased model uncertainty often suggests limited model
capability or poor generalization, while miscalibrated confidence predictions signal overfit-
ting. These issues often arise in ML techniques for text, where simple linear models miss
to extract complexity and thus can underfit complex causal patterns, and more powerful
nonlinear learners may overfit by learning dataset-specific cues rather than true causal
structure. In causal relation detection, where incorrect predictions can often lead to incorrect
reasoning chains, uncertainty-aware modeling is essential for improved classification and
trustworthiness. To reduce these challenges, an ensemble framework has shown effective
by combining the capability of diverse models to achieve more stable and generalizable
predictions. Traditional ensembles often assign uniform weights to all classifiers or rely on
static weighting strategies, neglecting that individual models display varying confidence
levels across samples. This motivates the adoption of uncertainty-weighted ensemble
learning, where the classifiers” influence is dynamically adjusted based on their uncertainty.
In this framework, models producing confident predictions have a strong influence on
the final classification task, while a model with less confident predictions contributes less,
ensuring a trade-off between accuracy and trustworthiness.

In this research, we put forward an uncertainty-guided ensemble framework for recog-
nizing causal relations in text data by integrating a wide range of embedding techniques—
TF-IDF, Word2Vec-CBOW, Word2Vec-SkipGram, GloVe, and FastText—paired with various
classifiers, such as Support Vector Machines, XGBoost, Random Forest, and Extra Trees.
Our evaluations are performed on two benchmark datasets: the Causal News Corpus
(CNC) and the CausalLM-Adjective subset. The CNC consists of short, event-focused news
sentences containing direct and indirect causality markers, while the CausalLM dataset
consist lengthier, evenly distributed samples in which causality is often expressed through
adjective-based causal cues. These datasets differ significantly in text length, vocabulary di-
versity, and the occurrence patterns of causal markers, and these attributes guide the choice
of embedding techniques and in designing ensemble architecture. This heterogeneous
setup integrates weak learners (e.g., linear and shallow models) with powerful learners
(e.g., tree-based ensembles capturing complex nonlinear interactions), allowing mutually
supportive learning behaviors that are particularly useful in limited-resource environments.
FastText is used due to its character-level modeling via character n-grams, which provides
stability for rare, complex, and misspelled tokens—a benefit that is absent in word-level
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embeddings such as Word2Vec. To improve reliability, the system computes uncertainty via
entropy along with KL divergence disagreement metrics and combines them to develop an
uncertainty-aware weighted ensemble model, in which the classifier influence is inversely
scaled by its uncertainty. This weighted ensemble framework provides improved consis-
tency, transparency, and predictive performance for causal relation detection in comparison
with standalone models and uniformly weighted ensemb]es.

In this research work, we mainly concentrate on:

*  Highlighting the importance of uncertainty estimation in causal detection tasks in text
and demonstrating its impact in improving reliability.

*  Developing entropy- and KL divergence-based weighting ensembles, allowing confi-
dent classifiers to exert stronger influence on final predictions.

. Performing extensive experiments across diverse embeddings (TF-IDF, BoW, Word2 Vec-
CBOW, Word2Vec-Skip-Gram, GloVe, and FastText) and classifiers (linear and non-
linear), evaluating performance on benchmark datasets including the Causal News
Corpus and CausalLM.

¢ Showing that uncertainty-weighted ensembles provide consistent improvements in
both accuracy and calibration, offering a generalizable and reliable approach for causal
detection in textual data.

2. Literature Survey

Research on causal relation detection in natural language processing (NLP) has ad-
vanced rapidly, integrating knowledge from linguistics theory, ML modeling, and causal
inference. Traditional approaches depend on rule-based patterns to identify clearly ex-
pressed causal text, offering transparency but lacking scalability and showing weakness
in detecting implicit or context-dependent causal relations. The introduction of neural
representation learning, methods based on distributed embeddings such as Word2Vec,
GloVe, and FastText, have enabled the modeling of semantic relations through contextual
co-occurrence rather than explicit meaning. A variety of classifiers—including support
vector machines, tree-based ensembles, and neural architectures—have since been applied
to this task. However, most prior work has emphasized improving accuracy while giving
limited attention to model reliability under uncertainty. Recent developments in uncer-
tainty estimation and ensemble learning show that incorporating predictive confidence
can significantly improve robustness. Positioned within this context, our work unifies
causal detection, uncertainty modeling, and ensemble learning into a single framework
that extends the existing contributions.

2.1. Survey on Causality Text Detection

Causal detection research has been shaped significantly by the evolution of available
open-domain (OD) datasets. Early work relied on small, domain-specific corpora annotated
with explicit causal connectives (e.g., because and therefore), which constrained the gener-
alizability of the resulting models [6,7]. As the field matured, researchers introduced larger
and more diverse resources, including newswire datasets such as SemEval-2010 Task 8 [8],
biomedical literature collections, and social-media-based corpora, enabling studies of both
explicit and implicit causality. Because these datasets differ widely in annotation schemes,
domains, and causal relation types, designing a single model that performs robustly across
them remains challenging. To resolve these limitations associated with human annotation,
several modern approaches have introduced hybrid annotation pipelines such as semi-
automatic, distant-supervision, and weak-labeling strategies to improve the scalability of
causal relation extraction [9,10]. In complementary direction, syntactic and dependency-
based techniques—enabled by tools such as UDPipe [11,12], have shown that structural
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cues can contribute to the identification of latent causal patterns. In our study, we evaluate
the proposed uncertainty-weighted ensemble framework across these benchmark datasets
to ensure that its performance reflects realistic and diverse causal detection scenarios. The
challenge of extracting cause—effect relationships from news text has achieved significant
growth with the publication of the Causal News Corpus (CNC) by Tan et al. [13]. Their study
offers extensive annotations of causal relations within event-centric contexts, providing a
standard for span-level evaluations and relation classification tasks. The authors underline
key challenges, namely implicit causality, long-range dependencies, and unclear expres-
sion in causal cues, which have encouraged subsequent methodological advancements
in representation learning and extraction techniques. The use of bidirectional encoder
networks from the standard transformer was employed for the classification task. Patel [14]
expanded this research direction by developing a supervised contrastive learning model for
classifying causal events. His framework clusters semantically alike causal links within the
embedding space while distancing unrelated pairs, thus effectively handling unequal class
proportions and enhancing representation stability. The averaging-based pooling technique
was implemented in this research to strengthen the generalization ability of causal tuple
embeddings. In related research, Schrader et al. [15] designed a multi-layer sequence tag-
ging approach strengthened with focused data augmentation. Their methodology handles
cause—effect spans as structured sequences instead of individual tokens, thus improving
boundary detection and reliability under noisy or limited training conditions. Alternative
approaches have emphasized on effectiveness and flexibility. Burdisso et al. [16] proposed
a prompting-based few-shot learning method that makes use of the hidden causal knowledge
of large-scale pretrained language models using task-specific prompting. Their approach
notably lowers dependency on labeled data while preserving strong evaluation perfor-
mance. Similarly, Adibhatla and Shrivastava [17] introduced an adapter-based fine-tuning
method, integrating lightweight domain-specific layers into pretrained transformer models.
Their method showed pronounced flexibility over multiple domains as well as computa-
tional efficiency, hence making it suitable for resource-constrained situations. In summary,
these contributions highlight two dominant patterns: (1) discriminative learning using
organized training goals, such as contrastive learning and sequence tagging, which obtain
high performance given sufficient supervision; and (2) parameter-efficient or few-shot
learning approaches, including prompting and adapters, which focus on label efficiency
and generalization across domains. Despite these advancements, multiple issues remain un-
addressed. Hidden causal links and annotation ambiguity restrict current models, notably
when causal cues depend on context or domain knowledge. Stability to domain changes
and temporal variations is only partially handled, while model transparency at the level of
span interpretation and consistency in evaluation across span, relation, and directionality
metrics remains insufficiently explored.

2.2. Uncertainty Estimation and Ensemble Approaches in NLP and Causal Inference

Uncertainty estimation has emerged as a critical area in the field of natural language
processing (NLP), reflecting the need for models to be more robust that are not only accurate
but also reliable, interpretable, and calibrated in decision-making. Recent research as shown
in Table 1 spans surveys, methodological innovations, and empirical evaluations, exploring
how uncertainty manifests in data, models, and outputs, and how it can be quantified and
leveraged for robustness, out-of-distribution (OOD) detection, calibration, and user trust.

At the intersection of causal inference and uncertainty quantification, recent research
focuses on a broader span of theoretical foundations, Bayesian modeling, robust design-
stage inference, and uncertainty-aware effect estimation. For instance, the quantification
of causal emergence formalizes how macro-scale representations can exceed micro-scale
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models through gains in effective information (EI), linking a single uncertainty parameter
to changes in determinism and degeneracy [18]. Bayesian Interventional Mean Processes
embed interventional distributions into a reproducing kernel Hilbert space (RKHS) with
Gaussian process priors, propagating both aleatoric and epistemic uncertainty for improved
causal Bayesian optimization under multimodal and covariate shifted settings [19]. Varia-
tional causal networks enable tractable ELBO optimization over DAG adjacency matrices
with acyclicity-regularized priors, producing multimodal posteriors and outperforming
factorized baselines in low-dimensional scenarios [20]. Robust design stage analyses for-
malize McNemar and z-tests based on integer programs to expose sensitivity to match
assignments [21]. In time-series causal discovery, de-biased Lasso Granger estimators pro-
vide valid asymptotics under dependence and control false discovery rates while revealing
real-world temporal relations [22]. Finally, uncertainty-aware neural CATE estimators
leverage Bayesian parameter uncertainty and negative sampling to handle non-overlap as
covariate shift, enabling informed deferral policies and reducing PEHE on datasets such as
IHDP, ACIC, and CEMNIST [23].

Table 1. Summary of uncertainty-aware causal detection: contributions, uncertainty quantification
(how uncertainty is measured or modeled), and qualification (how uncertainty is used for decisions,
controls, or claims).

Paper

Contribution

Uncertainty Quantification

Uncertainty Qualification

[18]

[19]

[20]

[21]

[22]

[23]

Conditions for causal emergence via EI
with determinism/degeneracy and thresh-
old criteria

RKHS interventional embeddings with GP
priors for E[T | do(X)] across fused graphs

Autoregressive variational posterior over
DAGs with acyclicity prior

Robust hypothesis testing over feasible
matches in matched designs

De-biased Lasso—-Granger with
dependence-aware FDR control

Uncertainty-aware neural CATE with rejec-
tion/deferral policies

TPM-based determinism and degeneracy;
CQE linking uncertainty parameter to EI
gains

Bayesian CMEs; GP mean/cov for inter-
ventional functionals; epistemic + aleatoric
decomposition

ELBO-based approximate posterior over
DAGs; multimodal structural uncertainty;
metrics like Hellinger/ESHD

Worst/best-case p-value bounds via ILP
over “good” match sets

Asymptotic variance for de-biased esti-
mates; FDP/FDR control under depen-
dence

Epistemic variance via MC-Dropout/BNN;
shift-aware diagnostics; PEHE/error vs. re-
jection curves

Use thresholds to justify/qualify coarse-
graining and macro-level modeling claims

Calibrated acquisition and decision-
making in causal BO; uncertainty-aware
fusion across sources

Structure-aware plan-
ning/experimentation under posterior
mass over graphs; report credible struc-
tures

Qualification of significance claims by
reporting robust intervals; detect de-
sign fragility

Maintain valid discoveries (power vs. Type
I) with FDR procedures tailored to depen-
dence

Reject unreliable recommendations un-
der non-overlap/shift; safer individual-
ized policies

Ensemble learning is commonly utilized to handle model uncertainty and inconsis-
tency across multiple datasets. Traditional ensembles enhance generalization performance
by merging predictions but often apply equal weights to all classifiers. Current studies
address these issues by using entropy- or uncertainty-based weighting, which dynamically
allocates trust based on model confidence. For example, Atmaja et al. (2024) introduced
an entropy-based ensemble for speech classification that had better performance than
single models and conventional ensemble schemes [24]. Ruan et al. (2022) put forward
weighted-ensemble techniques in self-supervised learning (SSL), showing improved few-
shot performance on ImageNet-1K benchmark [25]. Earlier studies by Sekhar et al. (2023)
and Wang et al. (2017) used maximum entropy or information-entropy techniques to assign
weights, obtaining strong adaptation in data streams and high performance across multi-
ple datasets [26,27]. In the field of pattern recognition, Al-Maadeed et al. (2022) proved
that the “entropy voting” of CNN ensembles exceeds majority-vote schemes in texture
classification tasks [28].

Extending these insights, KL (Kullback-Leibler) divergence-based ensemble meth-
ods further lower predictive uncertainty and improve epistemic certainty. Malinin and
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Gales (2019) proposed prior networks optimized using inverse KL targets to differentiate
uncertainty types and strengthen out-of-distribution detection and selective prediction
accuracy [29]. Sensoy et al. (2018) introduced an evidence-based deep learning frame-
work that enables uncertainty-aware decision-making by capturing belief and predictive
certainty [30]. Kumar et al. (2023) used KL-based regularization techniques for feature
normalization in limited-data tasks, improving generalization to OOD and predictive cali-
bration without directly changing output distributions [31]. Lee et al. (2018) leveraged KL
divergence during training to promote high-entropy outputs on OOD inputs, improving
calibration confidence [32]. Overall, these approaches show that KL divergence-based
weighting enables the per-instance adjustment of model contributions, improving predic-
tive confidence, reliability, and calibration, particularly in data-scarce or domain-shifted
scenarios. Combining divergence-based objectives with adaptive ensemble methods allows
models to better represent epistemic uncertainty while decreasing overall predictive un-
certainty, aligning with current research directions in uncertainty-aware NLP and causal
inference modeling.

2.3. Literature Review on Ensemble Methods

Ensemble-based strategies are widely employed across various domains, with signifi-
cant use in NLP, especially for text classification scenarios. In the following subsection, we
analyze significant studies that have aided to the creation and deployment of ensemble
techniques in this research area. Mohammed and Kora [33] offered an in-depth review of
ensemble deep learning techniques in NLP. They discussed several ensemble strategies,
such as boosting, bagging, stacking, and negative correlation learning, and showed their
potential to improve a model’s overall performance. They further examined issues such as
higher computational complexity and the risk of overfitting, providing scope for future
research. Azim et al. [34] introduced a stacked ensemble approach that integrates several
ML algorithms in order to enhance sentiment analysis on the IMDB review dataset. Their
framework delivers superior performance, particularly for Urdu-linguistic data, by effi-
ciently encoding contextual patterns and increasing classification accuracy. Kavitha and
Prabhavathy [35] developed a hybrid framework that combines ensemble techniques with
DL for text-based classification task. Their experimental evaluations examined combi-
nations like Random Forest with Logistic Regression, showing enhanced classification
accuracy over both textual and non-textual datasets. A recent survey [36] investigated
ensemble methods employed in large language models (LLMs) for generating text and
code. The authors discussed approaches such as weight fusion, knowledge integration,
and mixture-of-experts architectures, showing how they resolve limitations of single mod-
els and increase generative scores. Ibrahim [37] carried out a comparative analysis of
ensemble learning approaches versus traditional supervised ML methods for text classi-
fication tasks. Utilizing multiple datasets, the research evaluated the relative strengths
and vulnerabilities of various ensemble strategies, providing insights into their real-world
advantages and weakness.

While current studies illustrate the beneficial impact of ensemble methods in strength-
ening NLP classification performance, most prior works emphasize primarily on accuracy
gains without explicitly tackling model trustworthiness, prediction uncertainty, or confi-
dence calibration. This gap is critical in causal text detection, where misclassified causal
relations can lead to incorrect reasoning in downstream tasks. Moreover, the discussed
approaches typically rely on uniform or fixed ensemble strategies, ignoring that different
base models may show varying confidence levels across instances. Hence, it is essential
for an ensemble architecture that not only combines diverse embeddings and classifiers
but also includes uncertainty estimates to dynamically adjust the model contributions.
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Motivated by these limitations, the proposed work introduces an uncertainty-weighted
ensemble architecture that leverages entropy and KL divergence to improve robustness,
transparency, and predictive confidence in detecting causal relations.

3. Methodology

The proposed methodology as shown in Figure 1 in this work aims to overcome the is-
sues in detecting causal relations, focusing on better classification and lowering uncertainty.
The complete system combines various text embedding models with multiple classifiers
and then applies uncertainty-based weighting to build a stronger ensemble classifier.

Linear Model
(SVM-Linear, Logistic
Regression, Naive
Bayes)

G Uncertainty

Estimation
(Entropy & KL-
Divergence)

Input textual |:>

data Bag-of-Words

Non-linear Model
(SVM-RBF, Random
Forest, Extralree,
XGBoost)

Word2Vec/Skip
gram

Glove

Uncertainty-weighted

Ensemble

Performance
evaluation

Figure 1. Pipeline of the proposed work to visualize the workflow.

3.1. ML Word Embeddings

To capture both lexical and distributional characteristics of causal textual data, we
make use of a range of several embedding methods. TF-IDF offers a strong lexical founda-
tion by measuring term importance within the corpus [38]. Bag-of-Words (BoW) further
contributes sparse frequency-based features [39]. To combine distributional information,
we use neural word embeddings produced using the Word2Vec model, namely CBOW and
Skipgram, which create vector representations by predicting neighboring words [40]. These
neural embeddings are often viewed as an implicit factorization of the Pointwise Mutual
Information (PMI) matrix, thus extracting statistical co-occurrence in text. FastText which is
developed by Facebook, expands the Word2Vec-Skipgram model by modeling each word
as a set of character n-grams, allowing the effective handling of rare words, morphological
changes, and unseen words [41]. In comparison, GloVe offers global co-occurrence embed-
dings by decomposing word-context statistics [42]. Overall, these embeddings cover a wide
range from shallow lexical patterns (TF-IDF and BoW) to richer contextual co-occurrence
relationships (Word2Vec, FastText, and GloVe).

3.2. Classifiers

To examine the predictive performance of various embedding methods, both linear
and nonlinear classifiers were utilized. For linear models, we considered Support Vector
Machine (SVM) with a linear kernel [43], Logistic Regression [44], and Naive Bayes [45],
which are effective in modeling linear decision boundaries and providing interpretable
baselines. To account for nonlinear relationships within the data, we integrated radial
basis function (RBF) kernel SVMs [46], as well as tree-based ensemble methods, including
Random Forest [47], Extra Trees [48], and XGBoost [49]. The inclusion of these diverse
classifiers allows the analysis to learn both linear and nonlinear relationships in causal text
representations, thus ensuring a more stable and generalizable performance estimation
across different embedding spaces.
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3.3. Uncertainty-Aware Ensemble via Entropy-Based Weighted Ensemble

Instead of solely using the raw probability scores, this research architecture quantifies
the classifier’s uncertainty using Shannon entropy over the output probability distribution
of each classifier. Entropy represents an interpretable metric of predictive confidence,
where lower values indicate the model’s certainty, and higher values indicate the model’s
uncertainty. For a given input x, entropy is defined as

C
H(x)=—;P(y=CIX)IOgP(y=CIX) ©)

where C is the number of classes. A low entropy shows confident predictions, while high
entropy indicates uncertainty in prediction. The average entropy over the samples for
each classifier offers a measure of uncertainty, directly aiding in the weighting strategy in
the ensemble.

Entropy-Guided Ensemble Fusion

The final decision is obtained using a weighted ensemble approach, where predic-
tions from individual classifiers are combined based on entropy-guided weights. The
low-entropy classifiers are assigned higher weights due to their better predictive confi-
dence level; as a result, the higher entropy classifiers with low confidence contributes
minimal to the final decision process. The dynamic weighting scheme facilitates the en-
semble weighting classifier to utilize the strength of the high-confident classifier over
less-confident classifiers. The assigned weights to each classifier i is negatively correlated
with its uncertainty quantified through entropy estimation and is defined as

e~ Hi

W = ———
M _—H;
Zj:le /

(2)

where H; is the mean entropy of classifier i and M is the total number of classifiers. This
makes sure that high-confidence (low-entropy) classifiers have greater influence in ensem-
ble decision-making. The final ensemble prediction is evaluated as a weighted aggregation
of classifier outputs:

M
P(y|x) =Y wipi(y|x) 3)
i=1

The predicted class is obtained by selecting the label with the highest probability in
P(y | x). This framework minimizes classifiers” overconfident predictions. This adaptively
down-weights uncertain classifiers and reduces the overall predictive uncertainty, thereby
improving robustness.

3.4. Uncertainty-Aware Ensemble via KL Divergence

In this research, we discuss the uncertainty-aware ensemble framework where clas-
sifiers” weights are derived from the Kullback-Leibler (KL) divergence between model
predictions and true label probabilities.

3.4.1. KL Divergence for Uncertainty Estimation

For a single instance with true class label y, we define the true label distribution as a
one-hot vector pirue and the predicted probability distribution from a base model as Ppred-
The KL divergence is computed as

C .
. i
Dk1(ptrue || Ppred) = 2 , Ptrue (i) log Pirue(l ) = —log ppred (¥), 4)
i=1 ppred(l)
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where C is the number of classes. Lower KL indicates higher confidence and correct
predictions, whereas higher KL reflects uncertain or incorrect predictions. The mean KL
divergence across all test instances serves as an aggregate uncertainty measure for each
base model:

Mean KL — L 3= Dor (00) [ 0] 5
ean N 2 KL(Ptrue H ppred)’ ( )
j=1

where N is the number of test samples.

3.4.2. Inverse-KL Weighting for Ensemble

To construct the ensemble, we assign weights to each base model inversely propor-
tional to the square root of its mean KL divergence:

1/ \/max(Mean KL, €)

B Y 1/y/max(Mean KLy, €)’ (6)

m

where wy, is the normalized weight of model m, and € is a small floor value (e.g., 1073) to
avoid division by zero.

3.4.3. Ensemble Prediction

The ensemble predicted probabilities are obtained by a weighted average of the base
classifiers predictions:

Pensemble = Zwmpmr (7)
m

where p;; denotes the predicted probability vector of model m. The final class label is
assigned as

]? ensemble — ar'g miax Pensemble (l) . (8)

4. Experiments and Results

To experimentally validate the proposed uncertainty-weighted ensemble model for
causal relation detection in textual data, we designed a set of experiments combining
diverse embedding techniques with multiple classifiers. The experimental setup aimed
to analyze not only the independent performance of various embeddings and classifiers
but also the effectiveness of incorporating uncertainty estimates into the ensemble decision-
making mechanism. All experiments were conducted on a system featuring an Intel Core i5
11300H CPU (3.10 GHz), 16 GB RAM, running 64-bit Windows 10. The extraction of textual
features employing ML embeddings, such as TF-IDF, Bag-of-Words (BoW), Word2Vec-
CBOW, Skip-Gram, GloVe, and FastText, enables representation of both traditional and
dense semantic representations. These embeddings are employed to train a diverse range
of classifiers, both linear and nonlinear classifiers, for developing an uncertainty-aware
framework suitable for both linear and nonlinear learners. For each classifier, predictive
uncertainty was measured using “entropy-based” and “KL divergence-based” measures
derived from the output probability distributions. The uncertainty scores were subse-
quently leveraged to assign adaptive weights in the ensemble, allowing more confident
models to dominate the final prediction. All results were evaluated using a 10-fold cross-
validation strategy to ensure robustness and generalizability. In this section, we present
the results of these experiments, compare the performance of baseline models with our
uncertainty-weighted ensemble, and analyze the improvements in both accuracy and
reliability achieved by the proposed approach.
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4.1. Data Descriptions
4.1.1. Dataset—1 (Causal News Corpus (CNC))

The Causal News Corpus (CNC) dataset [50] introduced by Tan et al. (2022) is a richly
annotated dataset designed for causal relation detection in news text, comprising 3559
event-driven sentences each labeled for the presence of cause-and-effect relation in the
corpus. This dataset is a part of the Codalab shared task containing train, dev and test data
with 3248 (combining both train and dev) and 311 (test) entries. The dataset had a binary
class representation as 1 for causal and 0 for non-causal representations. The class-wise
distribution of each class is shown in Figure 2. This dataset contains both implicit and
explicit forms of causal contents. The average number of tokens, minimum and maximum
tokens, and the vocabulary size for each class in Dataset 1 are shown in Table 2.

Class Distribution in Dataset 1 Class Distribution in Dataset 2

Count

Sentimentiabel T setiment Lal bel

(a): Dataset 1 (b): Dataset 2

Figure 2. Class-wise distributions for all datasets.

Table 2. Class-wise token statistics for Dataset 1 and Dataset 2.

Dataset Class AvgTokens Min Max VocabSize
Dataset 1 0 23.72 4 116 6403

1 31.33 6 133 8097
Dataset 2 0 134.39 5 2891 28,459

1 134.70 6 1321 30,778

4.1.2. Dataset—2 (CausalLM-Adjective Group)

The CausalLM dataset [51] Feder, 2020, was introduced to facilitate causal language
modeling and explanation in natural language. It was designed to enable counterfactual
text generation and causal relation analysis, going beyond surface level correlation by
focusing on linguistic constructs that imply causality. This dataset is taken from the Kaggle
repository from the CausalLM-Adjective group. The dataset is split into test, train and
dev sets. A balanced dataset with an equal number of representing causal and non-causal
(Figure 2) entities having both explicit and implicit causality in the corpus. Table 2 shows
the average number of tokens, as well as the minimum and maximum token counts, and the
vocabulary size for each class in Dataset 2.

4.2. Hyperparameter Tuning

To evaluate the best performance of the models and ensure their generalization ability,
we performed hyperparameter tuning separately for linear and nonlinear classifiers across
all textual embeddings. For the linear classifiers—SVM with a linear kernel, Logistic
Regression, and Naive Bayes—the main optimization variables are the regularization
parameter C for SVM and Logistic Regression, and the smoothing parameter « for Naive
Bayes. Importantly, these regularization parameters are independent across classifiers since
each model optimizes a different objective function and employs a distinct regularization
scheme; therefore, no coupling or shared regularization was applied between models.
For the nonlinear classifiers, such as SVM with an RBF kernel, Random Forest, Extra Trees,
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and XGBoost, the optimization focused on kernel parameters (C, y, degree) and ensemble-
related hyperparameters including the number of estimators, maximum depth, learning
rate, and subsampling ratio. The final optimized parameter settings are shown in Table 3
for linear classifiers and Table 4 for nonlinear classifiers.

Table 3. Optimal hyperparameter configurations for linear classifiers across all textual embed-
dings. Each classifier’s hyperparameters are tuned independently, reflecting their distinct regulariza-

tion mechanisms.

Embedding Classifier Best Hyperparameters
TF-IDF SVM (Linear) Cc=10
Logistic Regression C =0.1, penalty = L,
Naive Bayes a = 0.01
BoW SVM (Linear) C=01
Logistic Regression C = 1.0, penalty = L,
Naive Bayes =01
Word2Vec-CBOW SVM (Linear) Cc=10
Logistic Regression C = 1.0, penalty = L,
Naive Bayes « = 0.05
Word2Vec-Skipgram SVM (Linear) Cc=10
Logistic Regression C = 0.1, penalty = L,
Naive Bayes x=0.01
GloVe SVM (Linear) c=10
Logistic Regression C = 1.0, penalty = L,
Naive Bayes a=01
FastText SVM (Linear) CcC=01
Logistic Regression C = 1.0, penalty = L,
Naive Bayes x =0.01

Table 4. Optimal hyperparameter configurations for Non-linear classifiers across all textual embed-

dings. Each classifier’s hyperparameters are tuned independently, reflecting their distinct regulariza-

tion mechanisms.

Embedding Classifier Best Hyperparameter
TF-IDF SVM (RBF) C=10,v=0.01

Random Forest n_estimators = 200, max_depth = 20

Extra Trees n_estimators = 200, max_depth = None

XGBoost n_estimators = 500, learning_rate = 0.05, max_depth=5,A =1, 2 = 0.1
BoW SVM (RBF) C =100, v = 0.001

Random Forest
Extra Trees
XGBoost

n_estimators = 100, max_depth = 50
n_estimators = 200, max_depth = None
n_estimators = 500, learning_rate = 0.1, max_depth =3, A = 0,2 = 0.1

Word2Vec-CBOW

SVM (RBF)
Random Forest
Extra Trees
XGBoost

C=1.0,9=0.01

n_estimators = 200, max_depth = 20

n_estimators = 500, max_depth = None

n_estimators = 200, learning_rate = 0.1, max_depth=3,A =1, 24 =0

Word2Vec-Skipgram

SVM (RBF)
Random Forest
Extra Trees

C =10,y =0.001
n_estimators = 200, max_depth = 20
n_estimators = 500, max_depth = 50

XGBoost n_estimators = 500, learning_rate = 0.05, max_depth=5,A =1, 2 = 0.1
GloVe SVM (RBF) C =100,y =0.01

Random Forest n_estimators = 200, max_depth = 20

Extra Trees n_estimators = 200, max_depth = None

XGBoost n_estimators = 500, learning_rate = 0.1, max_depth =3, A =0.1,« = 0.1
FastText SVM (RBF) C=10,v=0.01

Random Forest
Extra Trees
XGBoost

n_estimators = 200, max_depth =20
n_estimators = 500, max_depth = 50
n_estimators = 200, learning_rate = 0.1, max_depth=5,A =1, 4 =0
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4.3. Results of ML-Embedding on Classifiers

In this research, we discuss the effect of both the linear and nonlinear approaches in
the classification of causal text.

4.3.1. Linear Classifiers

As shown in Table 5, the linear models, namely SVM Linear, Logistic Regression,
and Naive Bayes, demonstrate moderate predictive capability on both Dataset 1 (News Cor-
pus) and Dataset 2 (CausalLM—-Adjective group). It has been observed that even combining
with high-quality text embeddings, these classifiers rarely exceed 90%, indicating that
the nonlinear decision boundaries are insufficient to fully capture the complex, nonlinear
structures underlying the causal relationships in the datasets. It is observed on Dataset 1
that the TF-IDF word embedding techniques with SVM Linear got the best results in linear
classifier with accuracy, precision, F1-score and recall values of 91.33%, 91.31%, 91.30% and
91.33% respectively. On Dataset 2, the Logistic Regression model outperforms the other
linear classifiers, achieving accuracy, precision, F1-score and recall values of 92.0%, 91.8%,
92.0% and 92.2%, respectively.

Table 5. Performance comparison of embeddings with linear classifiers (SVM-Linear, Logistic Regres-
sion and Naive Bayes) on Dataset 1 (News Corpus) and Dataset 2 (CausalLM-Adjective group).

Dataset 1 Dataset 2
Metric Embedding - — - - . — . .
SVM-Linear Logistic Regression Naive Bayes SVM-Linear Logistic Regression Naive Bayes
Accuracy GloVe 66.25 64.70 57.40 66.5 67.0 70.2
Skip-gram 67.18 69.66 59.35 75.5 78.5 72.5
FastText 66.56 71.82 60.12 70.0 73.5 70.0
Word2Vec-CBOW 75.23 84.21 63.25 75.5 78.5 71.8
BoW 83.32 78.94 72.10 89.5 83.0 73.5
TE-IDF 91.33 86.45 77.52 91.0 92.0 75.4
Precision  GloVe 66.08 64.50 57.20 66.3 66.8 70.0
Skip-gram 67.06 69.55 59.10 75.2 782 722
FastText 68.04 72.48 60.42 69.8 73.0 69.8
Word2Vec-CBOW 75.22 84.30 63.10 75.2 78.0 71.5
BoW 83.10 85.66 72.30 89.0 82.5 732
TF-IDF 91.31 86.31 77.18 90.8 91.8 75.1
Recall GloVe 66.25 64.70 57.30 66.8 67.2 70.5
Skip-gram 67.18 69.66 59.20 75.8 78.7 72.8
FastText 66.56 71.82 60.00 70.5 73.5 70.3
Word2Vec-CBOW 75.23 84.21 63.05 75.8 78.7 72.0
BoW 83.32 78.94 72.00 89.0 82.8 73.8
TF-IDF 91.33 86.45 77.25 91.2 92.2 75.8
Fl-score  GloVe 65.82 64.10 57.25 66.5 66.8 70.2
Skip-gram 67.08 69.39 59.15 75.5 78.5 72.5
FastText 64.49 71.02 60.05 70.0 73.5 70.0
Word2Vec-CBOW 75.04 84.11 63.12 75.5 78.5 71.8
BoW 83.01 78.46 72.05 89.5 83.0 73.5
TF-IDF 91.30 86.23 77.33 91.0 92.0 75.4

Note: Bold values indicate the best-performing embedding—classifier combination for each evaluation metric.

4.3.2. Nonlinear Classifiers

In contrast with the linear classifiers, the nonlinear classifiers—namely XGBoost,
SVM-RBEF, Random Forest, and Extra Trees—are capable of modeling complex, nonlinear
decision boundaries. It is observed that the kernel and tree-based approaches achieve a
higher performance metric compared to the linear classifiers. On Dataset 1, the TF-IDF
embedding with the SVM-RBEF classifier achieved an accuracy of 94.53% with a precision,
recall and F1-score values of 94.50%, 94.42% and 94.61%, respectively. Similarly, for Dataset
2, the same approach acquired the best result with accuracy, precision, F1-score and recall
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of 94.5%, 94.4%, 94.5% and 94.6% respectively. Detailed results observed on different
nonlinear classifiers are shown in Table 6.

Table 6. Performance comparison of embeddings with nonlinear classifiers (SVM-RBF, Random Forest,
Extra Trees, and XGBoost) on Dataset 1 (News Corpus) and Dataset 2 (CausalLM—-Adjective group).

Dataset 1 Dataset 2
Metric Embedding
XGBoost RF SVM-RBF Extra Trees SVM-RBF RF Extra Trees XGBoost
Accuracy GloVe 65.32 67.28 71.42 65.30 94.2 89.3 89.8 93.1
Skip-gram 65.89 64.30 86.82 78.52 93.2 90.5 89.9 91.0
FastText 64.65 73.62 83.52 61.82 91.7 88.9 89.2 90.4
Word2Vec-CBOW 69.59 70.82 94.42 81.52 92.8 89.7 88.6 91.5
BoW 93.49 79.56 93.42 71.82 93.8 91.5 90.7 92.9
TE-IDF 94.21 81.82 94.53 93.32 94.5 91.2 90.0 93.6
Precision GloVe 65.21 67.16 72.18 65.28 94.0 89.9 88.7 93.1
Skip-gram 65.60 64.28 86.75 78.15 93.1 90.4 90.1 91.2
FastText 64.50 73.30 83.15 62.48 91.5 89.6 89.8 90.2
Word2Vec-CBOW 69.41 71.48 94.50 82.48 92.6 90.1 89.4 91.8
BoW 93.52 79.42 93.50 72.48 93.6 90.2 90.5 92.8
TE-IDF 94.23 82.48 94.50 93.10 94.4 90.8 90.2 93.7
Recall GloVe 65.32 67.48 71.82 65.40 94.1 89.4 89.0 93.0
Skip-gram 65.89 64.40 86.32 78.22 93.0 90.7 89.5 91.1
FastText 64.65 73.26 83.22 61.82 91.6 89.0 89.3 90.0
Word2Vec-CBOW 69.59 70.82 94.42 81.82 929 88.8 88.5 91.3
BoW 93.49 79.36 93.42 71.82 93.5 91.2 90.8 92.7
TE-IDF 94.21 81.82 94.42 93.32 94.6 91.0 89.7 93.5
Fl-score  GloVe 65.08 67.28 71.32 65.35 94.2 89.6 88.9 93.0
Skip-gram 65.51 64.35 86.41 78.31 93.1 90.3 89.8 91.2
FastText 64.32 73.01 83.31 61.02 91.7 89.1 89.0 90.3
Word2Vec-CBOW 69.32 70.02 94.61 81.32 92.8 89.5 89.1 91.5
BoW 93.50 79.53 93.61 71.02 93.7 91.0 90.2 92.8
TF-IDF 95.01 81.02 94.61 93.01 94.5 90.9 89.9 93.6

Note: Bold values indicate the best-performing embedding—classifier combination for each evaluation metric.

4.4. Entropy-Based Uncertainty Estimation

The Shannon entropy values reflect the degree of uncertainty in the predictions of the
base classifiers. A lower entropy indicates higher confidence in predictions, while a higher
entropy suggests greater uncertainty. The entropy observed in each dataset on both linear
and nonlinear classifiers is shown in Table 7 and Table 8, respectively. It is noticed that
among linear classifiers, SVM-Linear exhibits lower entropy compared to Naive Bayes and
Logistic Regression. Similarly, in nonlinear classifiers, the Extra Tree model has the lowest
entropy, followed by the SVM-RBEF, Random Forest and XGBoost. This emphasizes the
importance of entropy-based weighting in ensembles, where models with lower entropy
contribute more reliable predictions.

Table 7. Entropy values of linear classifiers (SVM-Linear, Logistic Regression, and Multino-
mial Naive Bayes) across six embedding techniques for Dataset 1 (News Corpus) and Dataset 2
(CausalLM-Adjective group).

Dataset 1 Dataset 2
Embedding : - : - - — . -
SVM-Linear Logistic Regression Naive Bayes SVM-Linear Logistic Regression Naive Bayes

GloVe 0.61 0.71 0.65 0.57 0.69 0.63
Skip-gram 0.60 0.69 0.64 0.55 0.67 0.61
FastText 0.58 0.68 0.63 0.53 0.65 0.60
Word2Vec-CBOW 0.59 0.70 0.64 0.54 0.67 0.62
BoW 0.45 0.62 0.55 0.36 0.56 0.52
TF-IDF 0.48 0.63 0.58 0.36 0.56 0.55
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Table 8. Entropy values of nonlinear classifiers (SVM-RBF, Random Forest, Extra Trees, and XGBoost)
on Dataset 1 and Dataset 2 for all embeddings.

Dataset 1 Dataset 2
Embedding
SVM-RBF Random Forest Extra Trees XGBoost SVM-RBF Random Forest Extra Trees XGBoost

GloVe 0.60 0.78 0.83 0.72 0.28 0.36 0.34 0.30
Skip-gram 0.41 0.80 0.60 0.55 0.30 0.34 0.32 0.29
FastText 0.46 0.70 0.68 0.60 0.33 0.39 0.36 0.32
Word2Vec-CBOW 0.28 0.65 0.54 0.48 0.31 0.37 0.35 0.31
BoW 0.26 0.50 0.52 0.40 0.27 0.33 0.30 0.28
TE-IDF 0.26 041 0.14 0.46 0.19 041 0.13 041

Entropy-Based Weighted-Ensemble Classifiers

In this research, the entropy-based weighting is assigned to the classifiers to develop an
uncertainty-aware machine learning model to have more certain and accurate predictions.
The model with lower entropy, suggested to have a better certain prediction, is assigned
to have higher weights and vice versa. In this research, individual performance on both
the linear and nonlinear approaches, along with entropy estimation and entropy-based
weighting, is given to each category. The entropy-based weighting of the linear classifiers
is shown in Table 9, in which the SVM-Linear model is assigned more weights, followed
by the Naive Bayes and Logistic Regression. Table 10 shows the entropy-based weights
assigned to the nonlinear classifiers.

Table 9. Ensemble weights of linear base models (SVM-Linear, Naive Bayes, and Logistic Regression)
across all embeddings for Dataset 1 and Dataset 2.

Classifi Dataset 1 Dataset 2
assitier TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe
SVM-Linear 0398 0391 0.382 0.368 0.362 0355 0459  0.405 0.376 0.360 0.370 0.348
Naive Bayes 0.306  0.310 0.315 0.318 0.322 0.330 0.311 0.305 0.320 0.323 0.320 0.335
Logistic Regression ~ 0.296  0.299 0.303 0.314 0.316 0.315 0230  0.290 0.304 0.317 0.310 0.317
Table 10. Ensemble weights of nonlinear classifiers (SVM-RBF, Random Forest, Extra Trees, and
XGBoost) across all embeddings for Dataset 1 and Dataset 2.
Dataset 1 Dataset 2
Classifier - .
TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe
SVM-RBF 0.342 0.318 0.276 0.265 0.248 0.223 0.331 0.309 0.272 0.259 0.246 0.221
Random Forest 0.192 0.221 0.237 0.248 0.266 0.281 0.181 0.198 0.228 0.234 0.257 0.273
Extra Trees 0.408 0.377 0.358 0.352 0.336 0.335 0.438 0.398 0.382 0.368 0.351 0.352
XGBoost 0.058 0.084 0.129 0.135 0.150 0.161 0.050 0.095 0.118 0.139 0.146 0.154

The ensemble model developed, assigning the weights obtained from the entropy-
based approach, performed better compared to the individual performance of each classifier
(linear and nonlinear). Table 11 clearly shows the performance of the ensemble approach
on both datasets using Linear classifiers. The best model achieved an accuracy value of
92.74% with precision and recall values of 91.82% and 91.96%. The value of Fl-score is
91.88%. Uncertainty estimations reveal better performance with lower entropy values of
around 0.4237 and with a prediction confidence value of 0.7989 on Dataset 1. Similarly,
on Dataset 2, in the entropy-based weighted ensemble approach, the model achieved an
accuracy of 94.28% and an Fl-score value of 94.01%, and recall and precision values of
94.05% and 93.97%, respectively. The prediction confidence achieved on Dataset 2 using
this approach is 0.7732. The variation ratio observed in both Dataset 1 and Dataset 2 was
0.0943 and 0.00728, respectively. Table 12 shows the performance using the nonlinear
classifiers on both datasets. On Dataset 1, the model’s prediction confidence value achieved
was around 0.7217 with a variation ratio of 0.0824; similarly, on Dataset 2, the model’s
prediction confidence was 0.7985 and a variation ratio of around 0.0672. The model
achieved an accuracy value of 95.52% with precision and recall values of 94.80% and
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94.92%. The Fl-score value observed around 94.65% on Dataset 1. Similarly, on Dataset
2, in the entropy-based weighted ensemble approach, the model achieved an accuracy
of 96.89% and an F1-score value of 96.87%, the recall and precision values of 96.85% and
96.92%, respectively. Overall, the results confirm that the proposed uncertainty-weighted
ensemble model not only achieves better prediction accuracy but also ensures enhanced
reliability and interpretability, where uncertainty calibration can be substantially improved.

Table 11. Entropy-based ensemble performance metrics of linear classifiers (SVM-Linear, Logistic
Regression, and Naive Bayes) across six embeddings for Dataset 1 (News Corpus) and Dataset 2
(CausalLM-Adjective group), excluding ROC-AUC.

Dataset 1 Dataset 2
Embedding
Acc  Prec Rec F1  Entropy Conf. Unc. Pred. Conf. Var. Ratio Acc Prec Rec F1  Entropy Conf. Unc. Pred. Conf. Var. Ratio

TF-IDF 0.927 0918 0.920 0.919 0.424 0.201 0.799 0.094 0.943 0.941 0.940 0.940 0.382 0.227 0.774 0.073
BoW 0.912 0.903 0.905 0.904 0.465 0.238 0.762 0.102 0927 0925 0924 0924 0.415 0.242 0.758 0.082
Word2Vec-CBOW  0.899 0.891 0.892 0.891 0.487 0.253 0.745 0.108 0918 0916 0915 0915 0.435 0.253 0.743 0.088
FastText 0.902 0.895 0.896 0.895 0.482 0.249 0.750 0.106 0920 0918 0917 0917 0.430 0.250 0.746 0.086
Skip-gram 0.900 0.892 0.894 0.893 0.485 0.251 0.748 0.107 0919 0917 0916 0916 0.432 0.251 0.745 0.087
GloVe 0.905 0.897 0.898 0.897 0.478 0.246 0.755 0.105 0922 0920 0919 0919 0.428 0.248 0.748 0.085

Note: Bold values denote the best-performing embedding configuration for each metric within the

corresponding dataset.

Table 12. Ensemble performance metrics of nonlinear classifiers (SVM-RBF, Random Forest, Extra

Trees, and XGBoost) for Dataset 1 (News Corpus) and Dataset 2 (CausalLM—-Adjective group) across

six embeddings, excluding ROC-AUC.

Dataset 1 Dataset 2
Embedding
Acc  Prec Rec F1  Entropy Conf.Unc. Pred. Conf. Var. Ratio Acc Prec Rec F1  Entropy Conf.Unc. Pred. Conf. Var Ratio

TF-IDF 0.955 0.948 0.949 0.947 0.413 0.278 0.722 0.082 0.969 0.969 0.969 0.969 0.352 0.202 0.798 0.067
BoW 0942 0935 0936 0.935 0.435 0.295 0.705 0.089 0955 0954 0.953 0.954 0.372 0.215 0.785 0.073
Word2Vec-CBOW  0.938 0.931 0.932 0.931 0.445 0.302 0.698 0.091 0950 0.948 0.948 0.948 0.382 0.222 0.778 0.075
FastText 0940 0933 0934 0.933 0.440 0.298 0.702 0.090 0952 0950 0.950 0.950 0.378 0.219 0.782 0.074
Skip-gram 0939 0932 0933 0.932 0.442 0.300 0.700 0.090 0951 0949 0949 0.949 0.380 0.221 0.780 0.074
GloVe 0941 0934 0935 0.934 0.438 0.296 0.704 0.089 0953 0951 0951 0.951 0.376 0.218 0.782 0.073

Note: Bold values denote the best-performing embedding configuration for each evaluation metric within the
corresponding dataset.

4.5. KL Divergence-Based Uncertainty Estimation

To evaluate the model uncertainty across the multiple ML embeddings across both
the linear and nonlinear classifiers, we integrate the Kullback-Leibler (KL) divergence
approach, which evaluates the probability of the predicted class and the true one-hot labels.
In this section, we discuss the detailed result analysis of the effect of KL divergence on
both the linear and nonlinear classifiers and the effect on multiple embeddings. Along
with the standard classification metrics: accuracy, precision, recall, F1-score, and LogLoss.
Additionally, the mean KL divergence of the ensemble predictions provides a measure of
overall confidence in the predictions.

4.5.1. KL Divergence-Based Uncertainty on Classifiers

From Table 13, the predictive uncertainty of the three linear classifiers—Logistic
Regression, SVM-Linear, and Naive Bayes—across the six embedding methods (TF-IDF,
BoW, Word2Vec-CBOW, FastText, Skip-gram, and GloVe) can be observed. Uncertainty-
based performance evaluation of each classifier was achieved using the LogLoss and
Mean KL divergence, which collectively captured the calibration and consistency of the
probabilities. It is observed from the table that the Linear SVM achieves the best calibration
score with the lowest LogLoss on both the dataset and the least KL divergence, followed by
the logistic and the naive bayes with the highest KL divergence score.
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The LogLoss and KL Mean of the nonlinear classifiers on the six different embeddings
on both datasets are shown in Table 14. Both these metrics jointly help in predictive accuracy
and probabilistic calibration analysis. It is observed that the SVM RBF kernel yields the
lowest LogLoss on Dataset 1 with a value of 0.195 for the Word2Vec-CBOW embedding
technique and the lowest KL Mean value compared to the other nonlinear classifiers like
ExtraTree, Random Forest and XgBoost. It is noticed that the Random Forest and Extra
Tree classifiers show higher KL Mean and the least calibration compared to other classifiers,
despite competitive LogLoss, showcasing their more distinct probability estimates. It is
observed that the TF-IDF and BoW embedding got lower LogLoss and KL Mean compared
to the dense embeddings, highlighting the robustness of sparse lexical features suitable
for probabilistic modeling. It is also observed that Word2Vec-CBOW embedding achieved
the best LogLoss for SVM-RBF on Dataset 1, highlighting the advantage of pairing dense
semantic representation with flexible kernels.

Table 13. LogLoss and mean Kullback-Leibler (KL) divergence of linear classifier models across six
embeddings for Dataset 1 (News Corpus) and Dataset 2 (CausalLM-Adjective group).

Classifi Dataset 1 Dataset 2

assitiers Metrics  TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe
Logistic Regression LogLoss 0458 0472 0.485 0.482 0.483 0.480 0399 0415 0.428 0.425 0.426 0.423
& 8 KLMean 0.079  0.089 0.094 0.092 0.093 0.091 0.080  0.091 0.095 0.094 0.095 0.093
Linear SVM LogLoss 0315  0.328 0.340 0.338 0.339 0.336 0.270  0.285 0.298 0.296 0.297 0.294
KLMean 0224 0232 0.240 0.238 0.239 0.237 0225  0.233 0.241 0.239 0.240 0.238

Naive Bayes LogLoss 0456 0470 0.483 0.480 0.481 0.478 0463 0477 0.489 0.486 0.487 0.484
Y KL Mean  0.097  0.108 0.114 0.112 0.113 0.111 0.098  0.109 0.115 0.113 0.114 0.112

Table 14. LogLoss and mean Kullback-Leibler (KL) divergence of nonlinear Classifier models across
six embeddings for Dataset 1 (News Corpus) and Dataset 2 (CausalLM-Adjective group).

Classifi Dataset 1 Dataset 2
assitiers Metrics  TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe
SVM-RBF LogLoss 0242 0.263 0.195 0.221 0.208 0.230 0310  0.287 0.301 0.298 0.295 0.312
KLMean 0.142  0.154 0.098 0.115 0.107 0.123 0.162  0.149 0.153 0.150 0.148 0.160
Random Forest LogLoss 0.318  0.295 0.310 0.342 0.328 0.335 0.287  0.263 0.270 0.280 0.275 0.290
KLMean 0.182  0.171 0.176 0.190 0.185 0.188 0.159  0.145 0.148 0.153 0.150 0.160
Extra Trees LogLoss 0.305 0.312 0.298 0.321 0.308 0.315 0293  0.280 0.285 0.292 0.289 0.298
KLMean 0175 0.179 0.168 0.182 0.174 0.178 0.160  0.152 0.155 0.160 0.158 0.164
XGBoost LogLoss 0.228  0.242 0.235 0.240 0.238 0.245 0270  0.258 0.265 0.268 0.266 0.272
KLMean 0.138  0.146 0.142 0.144 0.143 0.147 0.150  0.144 0.147 0.149 0.148 0.152

4.5.2. KL-Based Ensemble Weights for Classifiers

In this section, we discuss the KL-based ensemble weighting for uncertainty reduction
in both linear and nonlinear classifiers. The higher weights are assigned to the models
with the lower KL divergence by directly favoring the classifiers for better calibration
probability. Table 15 presents the weights assigned to the linear classifiers on the multiple
ML Embeddings on Dataset 1 and Dataset 2. It is observed that the Logistic Regression
is assigned the highest weights reflecting its stronger calibration performance. Table 16
shows the weights assigned to the nonlinear classifiers. The SVM-RBF model receives the
highest weight due to its higher confidence and better calibration across the six embedding
methods and the two datasets.

An uncertainty-aware ensemble model in which the prediction of the classifiers,
combining the inverse KL divergence weighting, is integrated for developing a more
confident model for analysis. This approach of KL divergence integration in uncertainty
aims to assign higher weights to the classifiers having lower mean predictive divergence,
hence favoring models to produce better calibrated results. In this section, we discuss the
KL divergence-based weighting results for both linear and nonlinear classifiers. Table 17
displays the performance of KL divergence-based ensemble on linear classifiers on both
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Dataset 1 and Dataset 2. The TF-IDF word embeddings technique with the weighted
ensemble approach got the highest compared to other embedding techniques on Dataset 1,
with an accuracy value of 89.8% and an Fl-score of 89.6% with a LogLoss of 0.430 and a KL
Mean of around 0.097, showcasing that the sparse lexical representation yields the most
robust probability estimates. Similarly, on Dataset 2, the TF-IDF model got an accuracy of
around 74.5%, an F1-score of around 74.4, a LogLoss of 0.522 and a KL Mean of around
0.567. The KL divergence-based weighting on the nonlinear classifiers proved to have a
better result and calibration compared with the entropy-based ensemble approach, with the
highest F1-score value noticed on Dataset 1 to be around 95.6% and with a LogLoss of
around 0.292, with a notably low KL mean divergence of around 0.072. The result of
each embedding with the KL divergence-based weighted ensemble is shown in Table 18.
On Dataset 2, 97.6% accuracy along with an F1-score of 97.2% with a LogLoss and a KL Mean
of values 0.221 and 0.055 was observed for TF-IDF embeddings. The ensemble approach
effectively utilizes the calibration advantages of SVM-RBF and XgBoost, resulting in better
performance and confident prediction. The inverse KL-weighting integrated ensures
that the classifiers with the highest confidence and calibration will be contributing to the
ensemble model, thus having a strong, robust model with consistent F1-score, accuracy,
and low KL divergence. Sparse embedding consistently having superior performance
across both datasets showcases the advantages of sparse, frequency-based features for
uncertainty-aware ensemble learning models.

The experimental evaluation shows that the entropy-based weighting method en-
hanced both calibration and prediction confidence for linear classifiers, achieving an
accuracy of 94.3%, an Fl-score of 94.0%, and an entropy value of 0.382, with an average
confidence of 0.774. In contrast, the KL divergence-based weighting approach yielded su-
perior outcomes with nonlinear classifiers, attaining an accuracy of 97.6% and an F1-score
of 97.2%, while maintaining a low KL mean of 0.055 and a LogLoss of 0.221. Figures 36
illustrate the comparative Fl-score performance of linear and nonlinear classifiers on
Dataset 1 and Dataset 2, covering baseline models as well as entropy-based and KL di-
vergence-based ensemble approaches, with subfigures distinguishing between linear and
nonlinear settings.

Table 15. KL-inverse weighted ensemble weights of linear classifiers across embeddings for Dataset 1
(News Corpus) and Dataset 2 (CausalLM-Adjective group).

Classif Dataset 1 Dataset 2
asstiter TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe
Logistic Regression 0.42 0.39 0.36 0.37 0.36 0.38 0.41 0.39 0.37 0.38 0.37 0.38
Linear SVM 0.35 0.34 0.33 0.34 0.34 0.33 0.35 0.34 0.33 0.34 0.34 0.33
Naive Bayes 0.23 0.27 0.31 0.29 0.30 0.29 0.24 0.27 0.30 0.28 0.29 0.29
Table 16. KL-inverse weighted ensemble weights of nonlinear classifiers across embeddings for
Dataset 1 (News Corpus) and Dataset 2 (CausalLM-Adjective group).
Dataset 1 Dataset 2
Classifier - :
TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe TF-IDF BoW Word2Vec-CBOW FastText Skip-Gram GloVe
SVM-RBF 0.40 0.38 0.45 0.42 0.43 0.41 0.37 0.39 0.36 0.35 0.37 0.36
Random Forest 0.27 0.29 0.25 0.26 0.25 0.27 0.28 0.26 0.27 0.28 0.27 0.28
Extra Trees 0.20 0.19 0.18 0.19 0.19 0.20 0.21 0.20 0.21 0.21 0.20 0.21
XGBoost 0.13 0.14 0.12 0.13 0.13 0.12 0.14 0.15 0.16 0.16 0.16 0.15
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Table 17. Uncertainty-aware ensemble performance across different embeddings (Logistic Regression,
Linear SVM, and Naive Bayes) using inverse-KL weighting on Dataset 1 and Dataset 2.

Dataset 1 Dataset 2
Embeddings — .
Accuracy Precision Recall F1-Score LogLoss Mean KL Accuracy Precision Recall F1-Score LogLoss Mean KL

TF-IDF 0.8978 0.8988 0.8945 0.8962 0.4298 0.0966 0.845 0.848 0.841 0.844 0.392 0.210
BoW 0.8820 0.8840 0.8780  0.8800 0.4450 0.1100 0.835 0.837 0.832 0.834 0.400 0.220
Glove 0.8350 0.8370 0.8300  0.8330 0.4600 0.1400 0.820 0.823 0.818 0.820 0.415 0.240
SkipGram 0.8400 0.8420 0.8350  0.8380 0.4550 0.1350 0.823 0.825 0.820 0.822 0.412 0.238
Word2Vec-CBOW 0.8380 0.8400 0.8330  0.8350 0.4570 0.1370 0.821 0.823 0.819 0.821 0.414 0.239
FastText 0.8420 0.8440 0.8370  0.8400 0.4520 0.1320 0.825 0.827 0.822 0.824 0.410 0.236

Note: Bold values indicate the best-performing embedding under the inverse-KL-weighted ensemble for each

evaluation metric within the corresponding dataset.

Table 18. Uncertainty-aware ensemble performance across different embeddings on nonlinear

classifiers (SVM-RBF, Random Forest, Extra Trees, and XGBoost) using inverse-KL weighting on

Dataset 1 and Dataset 2.

Dataset 1 Dataset 2
Embedding —
Accuracy Precision Recall F1-Score LogLoss KLMean Acc. Prec. Recall F1  LogLoss KL Mean

TF-IDF 0.961 0.959 0.952 0.956 0.292 0.072 0976 0974 0970 0.972 0.221 0.055
BoW 0.945 0.943 0.936 0.940 0.318 0.089 0.969 0967 0962 0.965  0.236 0.061
Word2Vec-CBOW 0.927 0.925 0.918 0.921 0.339 0.104 0961 0959 0954 0956  0.247 0.067
FastText 0.933 0.931 0.924 0.928 0.331 0.096 0964 0962 0957 0.959  0.242 0.063
Skip-gram 0.925 0.923 0.916 0.919 0.342 0.108 0958 0956 0950 0.953  0.253 0.070
GloVe 0.913 0911 0.904 0.907 0.356 0.121 0951 0949 0943 0946  0.264 0.076

Note: Bold values indicate the best-performing embedding under the inverse-KL-weighted ensemble for each
evaluation metric within the corresponding dataset.
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Figure 3. Fl-score of linear classifiers on Dataset 1 and Dataset 2.
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Figure 4. Fl-score of nonlinear classifiers on Dataset 1 and Dataset 2.
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Figure 5. Fl-score comparison on Dataset 1 and Dataset 2 of entropy-based ensemble classifiers.
(a) Linear classifiers, (b) nonlinear classifiers.
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Figure 6. F1-score comparison on Dataset 1 and Dataset 2 of KL divergence-based ensemble classifiers.
(a) Linear classifiers, (b) nonlinear classifiers.

5. Discussion

In this section, a detailed analysis of both entropy- and KL divergence-based ensemble
approaches is presented for both linear and nonlinear classifiers. In the case of the linear
classifier, the entropy-based ensemble proved to have more confident predictions with low
entropy values as shown in Table 11. The linear classifiers generate a well-calibrated output
probability with the simple and convex decision boundaries, and the entropy approach
measures the spread of predictive probability vectors. As for linear models, they produce
well-calibrated class probabilities, making it easier for optimizations, whereas for nonlinear
classifiers, there is a high chance of generating overconfident and low calibrated probability
scores, even with high accuracy noticed. So in this case, the KL divergence measure proved
to be more effective than the entropy-based weighting. The prediction probability with the
true label distribution, which is approximated by validation, is highly suitable for nonlinear
classifiers, as it directly penalizes the mismatch by reducing the KL Mean and LogLoss.
The confusion metrics provide insights into the discriminative ability and error distribution,
which is critical for an uncertainty-aware system. The confusion metrics of each linear and
nonlinear classifier showing how the prediction is accurate are shown in Figures 7-10.

Entropy-weighted for TF-IDF Embeddings (linear classifier) - Dataset 1 Entropy-weighted for TF-IDF Embeddings (linear classifier) - Dataset 2

Class 0

True label
True label

Class 14

Class 0 Class 1 Class 0 Class 1
Predicted label Predicted label

Figure 7. Entropy-weighted for TF-IDF embeddings (linear classifier)—Dataset 1 and Dataset 2.
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Entropy-weighted for TF-IDF Embeddings (non linear classifier) - Dataset 1 Entropy-weighted for TF-IDF Embeddings {non linear classifier) - Dataset 2

Class 0 Class 0

True label
True label

Class 1 Class 1

Class 0 Class 1 Class 0 Class 1
Predicted label Predicted label

Figure 8. Entropy-weighted for TF-IDF embeddings (nonlinear classifier)—Dataset 1 and Dataset 2.
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Figure 9. KLD-weighted for TF-IDF embeddings (linear classifier)—Dataset 1 and Dataset 2.
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Figure 10. KLD-weighted for TF-IDF embeddings (nonlinear classifier)—Dataset 1 and Dataset 2.

The certain and uncertain predictions of the model’s performance on the best clas-
sifiers in both the linear and nonlinear models is shown in the plots of Figures 11-14.
The certain and uncertain predictions before and after the weighted ensemble approach
visually highlight how the proposed approach improves the evaluation scores compared to
the single classifiers. It is noticed to have a significant uplift in the result before and after the
ensemble. This also showcases how the weighted ensemble approach provides a consistent
and measurable improvement in both datasets on the linear and nonlinear approaches.

The entropy heatmap shown in Figure 15 illustrates the variability of nonlinear classifiers
across different embeddings. A clear distinction can be seen across embeddings, with models
trained on GloVe and Word2Vec-Skip-gram generally exhibiting higher entropy in Dataset 1,
while BoW and TF-IDF yield comparatively lower values, indicating more stable prediction
patterns. Random Forest and Extra Trees generally exhibit higher entropy with GloVe and
Skip-gram embeddings, indicating lower confidence in prediction. On the other hand, TF-IDF
consistently shows lower entropy values, particularly with Extra Trees, indicating more stable
outcomes. These results highlight the sensitivity of nonlinear classifiers to the choice of
embedding, and further justify the necessity for statistical ranking tests (e.g., Friedman and
Nemenyi) to determine the relative significance of embeddings in causal text classification.
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The statistical analysis further substantiates the observations from the entropy
heatmaps. Table 19 displays the Friedman test statistics examining if the embedding
choice significantly affects classifier stability. In case of Dataset 1, the test produced a Fried-
man statistic of 18.31 with a p-value of 0.0026, signifying a statistically relevant difference
across embeddings at the 0.01 level. Table 20 presents the Nemenyi post hoc comparisons
for Dataset 1. Nearly all embedding pairs differ significantly (p < 0.05), with BoW and TF-
IDF showing the strongest and most consistent improvements. Both achieve significantly
lower entropy than GloVe, Skip-gram, FastText, and Word2Vec-CBOW, confirming that
BoW and TF-IDF provide the most stable representations.
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Figure 11. Certain and uncertain prediction possibilities using entropy weighting (linear classifier)—
Dataset 1. (a) Before ensemble, (b) after ensemble.
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Figure 12. Certain and uncertain prediction possibilities using entropy weighting (linear classifier)—
Dataset 2. (a) Before ensemble, (b) after ensemble.
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Figure 13. Certain and Uncertain prediction possibilities using KLD weighting (nonlinear classifier)—
Dataset 1. (a) Before ensemble, (b) after ensemble.
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Figure 14. Certain and uncertain prediction possibilities using KLD weighting (nonlinear classifier)—
Dataset 2. (a) Before ensemble, and (b) after ensemble.
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Figure 15. Entropy heatmaps of nonlinear classifiers (SVM-RBF, Random Forest, Extra Trees, and XG-
Boost) across different embeddings for Dataset 1.

Table 19. Friedman test statistics for embeddings across Dataset 1.

Dataset Friedman Statistic p-Value
Dataset 1 18.3094 0.0026

Table 20. Nemenyi post hoc pairwise comparisons of embeddings for Dataset 1. Shown are p-values;
“Yes” indicates a significant difference at « = 0.05.

GloVe Word2Vec-Skip-Gram FastText =~ Word2Vec-CBoW BoW TF-IDF
TF-IDF 0.0387 (Yes) 0.0106 (Yes) 0.0257 (Yes) 0.0294 (Yes) 0.0032 (Yes) 1.0000 (No)
Word2Vec-CBow 0.0098 (Yes) 0.0156 (Yes) 0.0262 (Yes) 1.0000 (No) 0.0217 (Yes) 0.0150 (Yes)
GloVe 1.0000 (No) 0.0190 (Yes) 0.0466 (Yes) 0.0361 (Yes) 0.0297 (Yes) 0.0085 (Yes)
Word2Vec-Skip-gram  0.0085 (Yes) 1.0000 (No) 0.0038 (Yes) 0.0426 (Yes) 0.0299 (Yes) 0.0350 (Yes)
BoW 0.0304 (Yes) 0.0077 (Yes) 0.0150 (Yes) 0.0186 (Yes) 1.0000 (No)  0.0032 (Yes)
FastText 0.0020 (Yes) 0.0476 (Yes) 1.0000 (No) 0.0410 (Yes) 0.0112 (Yes) 0.0197 (Yes)

Table 21 compares selected methods on Dataset 1. While baseline approaches achieved
F1-scores between 83 and 88%, the proposed uncertainty-weighted ensemble substantially
outperformed all, reaching 95.6%, highlighting its robustness and effectiveness in causal
relation detection.
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Table 21. Comparative analysis of the proposed weighted ensemble models—entropy-based (linear)
and KL divergence-based (nonlinear)—with existing methods on Dataset 1.

Author(s) Model Used Results
Tan et al. (2022) [13] BERT-Base-cased F1: 83.46% (5-fold CV)
Patel (2023) [14] SuperCon F1: 89.72%
Schrader et al. (2023) [15] RoBERTa g; é%{;‘ary & span):
Burdisso et al. (2022) [16] Ensemble-10m F1: 85.08%

. F1 (Subtask 1): 85.30%, F1
Adibhatla et al. (2022) [17] RoBERTa-base+Adapter (Subtask 2): 83.20%
Proposed Entropy-based TF-IDF - Ensemble

Weighted Ensemble (Linear) Linear F1: 91.9% (10-fold CV)

Proposed KL divergence-based
P 8 TE-IDF - Ensemble
Weighted Ensemble .
. Nonlinear
(Nonlinear)

F1: 95.6% (10-fold CV)

Note: Bold rows highlight the proposed ensemble models and their corresponding best-performing results on
Dataset 1.

Tables 22 and 23 show some examples of TF-IDF-based linear classifiers (Linear
SVM, Logistic Regression, and Naive Bayes) on text instances where individual models
misclassified the input. Table 22 highlights cases where the entropy-based weighted
ensemble was able to correct the errors of one or more base classifiers, showing its ability
to correct the misclassified instances. In contrast, Table 23 lists cases where the weighted
ensemble model also failed, indicating limitations in handling certain ambiguous and
challenging examples. Similarly, Tables 24 and 25 show the performance of nonlinear
classifiers (SVM-RBF, Random Forest, Extra Trees, and XGBoost) with a KL divergence-
based ensemble. While the ensemble successfully resolved some misclassifications in
Table 24, Table 25 illustrates instances where even the ensemble could not get a correct
prediction, highlighting persistent challenges in text classification tasks despite uncertainty-
aware methodologies. The code of all these experiments is available at https://github.com/
sivachandrakb/Uncertainty-Weighted-Ensemble-Learning (accessed on 2 February 2026).
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Table 22. Failed examples of TF-IDF-based linear classifiers (Linear SVM, Logistic Regression, and Naive Bayes) where individual models misclassified the instance
but were corrected by the entropy-based weighted ensemble. Probabilities are given as [P(class 0), P(class 1)].

Text (Truncated) True Label LinearSVM Pred LinearSVM [p0, p1] LogisticRegression Pred LogisticRegression [p0, p1] NaiveBayes Pred NaiveBayes [p0, p1] Ensemble Pred Ensemble [p0, p1] Failed Models

the march descended into chaos... 1 0 [0.509, 0.491] 0 [0.522, 0.478] 1 [0.576, 0.424] 1 [0.514, 0.486] LinearSVM, LogisticRegression
two militants had also been killed in the fire fight 1 0 [0.502, 0.498] 1 [0.530, 0.470] 1 [0.645, 0.355] 1 [0.556, 0.444] LinearSVM

the alliance claimed took part last year 0 0 [0.830, 0.170] 0 [0.722, 0.278] 1 [0.516, 0.484] 0 [0.683, 0.317] NaiveBayes

they said the suspects had initially planned to kill... 0 0 [0.639, 0.361] 1 [0.504, 0.496] 1 [0.553, 0.447] 0 [0.530, 0.470] LogisticRegression, NaiveBayes

Table 23. Failed examples of TF-IDF-based linear classifiers (Linear SVM, Logistic Regression, and Naive Bayes) where individual models misclassified the instance
and entropy-based weighted ensemble fails. Probabilities are given as [P(class 0), P(class 1)].

Text (Truncated) True Label LinearSVM Pred LinearSVM [p0, p1] LogisticRegression Pred LogisticRegression [p0, p1] NaiveBayes Pred NaiveBayes [p0, p1] Ensemble Pred Ensemble [p0, p1]
it is somehow like a revolution. .. 1 0 [0.511, 0.489] 1 [0.538, 0.462] 0 [0.530, 0.470] 0 [0.501, 0.499]
testifying before the farlam commission of inquiry. .. 0 1 [0.509, 0.491] 1 [0.515, 0.485] 1 [0.525, 0.475] 1 [0.516, 0.484]
nzuza earlier testified he was initially part of the 1 0 [0.777,0.223] 0 [0.687,0.313] 0 [0.545, 0.455] 0 [0.673, 0.327]
national union of mineworkers. ..

thirty-four people, mostly striking mineworkers, 1 0 [0.659, 0.341] 0 [0.591, 0.409] 1 [0.541, 0.459] 0 [0.573, 0.427]

were shot dead in a clash with police

Table 24. Examples of TF-IDF-based nonlinear classifiers (SVM-RBF, Random Forest, Extra Trees, and XGBoost) where the KL divergence-based ensemble model
passed. Probabilities are given as [P(class 0), P(class 1)].

Text (Truncated) True Label SVM-RBF Pred SVM-RBF [p0, p1] RFPred RF|[p0,pl] ExtraT Pred ExtraT [p0, p1] XGBPred XGB[p0,pl] EnsemblePred Ensemble [pO0, p1] Failed Models

in the other gun battle. .. 1 0 [0.602, 0.398] 0 [0.530, 0.470] 0 [0.615, 0.385] 1 [0.172, 0.828] 1 [0.478, 0.522] SVM-RBE, RF, ExtraT
psu insurance  employees 1 0 [0.561, 0.439] 1 [0.180, 0.820] 1 [0.205, 0.795] 1 [0.068, 0.932] 1 [0.254, 0.746] SVM-RBF
protest...

they joined the protesters. .. 0 0 [0.500, 0.500] 1 [0.465, 0.535] 1 [0.465, 0.535] 0 [0.848, 0.152] 0 [0.572, 0.428] RF, ExtraT

it’s already been two months. .. 1 0 [0.529, 0.471] 1 [0.445, 0.555] 1 [0.385, 0.615] 1 [0.359, 0.641] 1 [0.430, 0.570] SVM-RBF

Table 25. Examples of TF-IDF-based nonlinear classifiers (SVM-RBE, Random Forest, Extra Trees, and XGBoost) where the KL divergence-based ensemble model
also failed. Probabilities are given as [P(class 0), P(class 1)].

Text (Truncated) True Label SVM-RBF Pred SVM-RBF [p0, pl] RFPred RFI[p0,pl]l ExtraT Pred ExtraT [p0, p1] XGBPred XGB [p0, pl] EnsemblePred Ensemble [p0, p1]
tamil nadu activists support medha patkar. .. 1 1 [0.437, 0.563] 0 [0.510, 0.490] 1 [0.380, 0.620] 0 [0.712, 0.288] 0 [0.511, 0.489]

it is learnt that many leaders of auto rickshaw 1 0 [0.725, 0.275] 1 [0.275, 0.725] 1 [0.375, 0.625] 0 [0.590, 0.410] 1 [0.494, 0.506]
trade unions. ..

tuen mun court deputy magistrate so kaiche- 1 0 [0.570, 0.430] 1 [0.465, 0.535] 1 [0.415, 0.585] 0 [0.752, 0.248] 0 [0.552, 0.448]
ung. ..

however, he called off the fast after getting a 1 1 [0.443, 0.557] 0 [0.555, 0.445] 1 [0.490, 0.510] 0 [0.625, 0.375] 0 [0.529, 0.471]
call...
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6. Conclusions and Future Scope

In this work, we propose an uncertainty-weighted ensemble system for the detection
of causal text, which combines various embeddings and classifiers with dynamic weighting
mechanisms based on entropy and KL divergence. This method gives importance to the
models that show confident predictions while decreasing the importance of uncertain
ones. Experiments were carried out on two benchmarked datasets. Results show that
the ensemble-aware weighting makes the evaluation scores better. It can be seen that the
entropy-based weighting is better for linear classifiers, while KL divergence weighting is
better for nonlinear classifiers, achieving higher LogLoss and calibration scores. Adding
uncertainty estimation to ensemble decision-making helps to reduce overconfidence and
improve trustworthy predictions. While the approach shows high predictive performance
focusing on traditional ML models, future work could look into uncertainty-aware en-
semble learning using DL and transformers, and this would be a strong next step in
future work.
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