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Abstract

Computational intelligence focuses on intelligent computer systems that mimic human
nature and linguistic reasoning. Sentiment analysis is an area of considerable relevance
within computational intelligence. Multimodal sentiment analysis is an extension of textu-
al sentiment analysis, where the sentiments of people’s opinions are analysed by including
multimedia content in addition to textual content. This mode of sentiment analysis faces
multiple problems, as the sentiments of text and multimedia content may be contradictory.
In addition, another added factor is the imbalance of the data that these problems suffer
from in certain topics, which causes a problem when generating intelligent models. In this
paper, we design a novel approach for multimodal sentiment analysis, proposing a new
way of labelling tweets, not always prioritising polarized classes but using annotator con-
fidence. Moreover, during this design, an information integration and fusion methodology
is proposed for the construction of a metamodel that includes fuzzy logic to perform in-
formation weighting according to the confidence of the annotator. This proposal has been
applied a public unbalanced dataset of tweets with text and images, with a large unbalance
towards the negative class label. Applying the proposed fuzzy methodology, we reached a
macro-F1 score of 0.493 for the negative class, 0.681 for the neutral class, and 0.832 for
the positive class. The model obtains satisfactory performance since the individual image
and text sentiment analysis results are worse, especially the negative class, which in initial
image classification achieves an F1 score of 0.08.

Keywords Multimodal sentiment analysis + Fuzzy logic - Confidence aggregation - Deep
learning

1 Introduction

The explosion of user-generated information on social media from the 2000s onwards has
created a significant need for automated tools to process and analyse this information quickly
and effectively. The data initially contained text expressing opinions, feelings, and emotions
that could provide valuable insights for companies, governments, and institutions. To obtain
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valid and applicable knowledge from these opinions, an intelligent environment is needed
to validate, analyse, and transform such data into interesting and valuable information. This
intelligent environment is enabled by computational intelligence. Among its applications,
we can highlight natural language processing and image classification [1]. Within this set-
ting, the work presented in this paper advances computational intelligence by combining
deep neural architectures with fuzzy-logic-based confidence aggregation and evaluation.
At the same time, it strengthens intelligent environments by delivering a sentiment analy-
sis module that is aware of annotator disagreement and class imbalance, and that exposes
calibrated, controllable outputs for downstream decision support. The disciplines of natural
language processing (NLP) and artificial intelligence (AI) have brought sentiment analysis,
a new area of research in the digital world, into the mainstream [2]. Sentiment analysis
emerged in response to the need to understand and measure human emotions and opinions
in an increasingly digitalised world. Sentiment analysis seeks to automate the identification
and extraction of opinions on specific topics. Also referred to as opinion mining, it, along
with emotion recognition, is a form of affective analysis. It is commonly used to assess
public mood and opinions. It has gained increasing popularity within research communities,
academia, public administration, and the service industry. Emotion recognition refers to
the process of identifying human emotions. The ability to recognize the emotions of others
varies significantly among individuals. The use of technology to aid in emotion recognition
is a relatively recent area of study. Affective computing focuses on the automatic detection
of an individual’s mood or emotional state [3]. In the early days of social media, people
primarily expressed their thoughts through text. However, relying solely on textual data can
sometimes hinder accurate sentiment prediction. Today, sentiment analysis approaches have
evolved to incorporate not only text but also other modalities, such as visual and audio data.
As a result, multimodal sentiment analysis (MSA) integrates multiple modalities, extending
beyond text- or image-based sentiment analysis. Recent research has focused on recognis-
ing sentiment in multimedia content by leveraging multimodal cues, including visual, audio,
and textual information. Consequently, the Internet has evolved from a text-based platform
into a multimedia-driven one, driving significant advancements in sentiment analysis to
support a wide range of applications [4].

On social media, people post text and images to convey their opinions. However, it must
be considered that, at times, the text and image may be unrelated or the image may contra-
dict the text, both in terms of information and sentiment [5]. Another aspect to consider is
the diverse use of social media. Some social media platforms prioritise image sharing over
text, such as Instagram. On these social media platforms, image content tends to be more
important than text. In contrast, other social networks, such as X (formerly Twitter), priori-
tise text over images. In this case, text becomes more relevant than the image, which may
not have much in common with the accompanying textual content [6]. Another important
factor to consider is that an image’s emotional impact may vary depending on the viewer’s
cultural background. In contrast, text tends to be more direct and is less influenced by the
evaluator’s perspective [7].

All of the above factors should be considered in MSA approaches to achieve optimal per-
formance. Thus, when designing an MSA approach, machine learning and deep learning are
widely used artificial intelligence techniques for building MSA models. These techniques
are flexible and enable the adaptation to context and various problem factors to optimise
model performance [3, 8].
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In this study, we propose a novel approach using an information fusion and integra-
tion metamodel to address the MSA problem. Our methodology incorporates fuzzy logic
to account for uncertainty arising from the ambiguity in image or text classifications. In the
proposed approach, we fuse deep learning and machine learning techniques to extract the
most relevant features from text and images for effective sentiment analysis. Additionally,
we enhance the information by incorporating text metadata and image colour features to
improve sentiment representation and emphasis. The proposed approach is evaluated on
a public dataset of tweets containing both images and text. During the development of the
methodology, text and image sentiment analysis models are integrated and merged, consid-
ering the importance of each element based on the performance of individual models. The
key findings of this study are as follows:

Design of a novel approach to multimodal sentiment analysis.

e Propose a new way of labelling tweets, not always giving priority to polarized classes
but using the confidence of the annotators.

e Design of an information integration and fusion methodology for the construction of a
metamodel.

e Inclusion of fuzzy logic to weight the confidence of the annotators.

The paper is structured as follows: Section 2 reviews related work on MSA. Section 3 details
the methodology, data, and models used in the proposed approach. Section 4 presents the
experiments conducted and their analysis. Finally, Section 5 outlines the conclusions and
directions for future research.

2 Related work

In recent years, MSA has advanced through the integration of text, images, and other modal-
ities to yield a deeper understanding of sentiment. Approaches incorporating deep learning
and attention mechanisms have been developed to address the complexities of sentiment
analysis across modalities, such as ambiguity and alignment issues. Techniques for inter-
mediate, late, and hybrid fusion have leveraged BERT and DenseNet201 to combine text
and image features, respectively [9]. In intermediate fusion, features from both modalities
are integrated early to form a unified vector, while late fusion maintains modality-specific
features until predictions are generated and combined through weighted averaging. Hybrid
fusion seeks to balance these approaches by allowing for predictions from individual fea-
tures as well as from a merged feature vector.

Further refinements in fusion techniques have employed cross-attention mechanisms,
such as in LXMERT-MMSA, where semantic information alignment between text and
images enhances accuracy in detecting sentiment and sarcasm [10]. Additionally, weighted
fusion strategies that emphasize embedded textual cues have demonstrated success in visual
sentiment analysis (VSA) by incorporating Xception for image features and RoBERTa for
text, achieving more nuanced sentiment detection [11]. Incorporating colour cues alongside
text and image data has also been shown to improve traditional sentiment classification
through image-colour-coding information (ICCI) models, revealing the importance of non-
verbal cues in sentiment detection [12].
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Ensemble models have shown effectiveness through feature-level fusion and weighted
voting strategies. A soft voting ensemble using BILSTM for textual analysis and Efficient-
NetB7 for images adjusts the weights assigned to each modality based on classifier perfor-
mance, adapting dynamically to the specificities of each modality and enhancing robustness
in diverse sentiment contexts [13]. Another model, MuAL, combines cross-modal atten-
tion with difference loss to further improve modality alignment. The use of difference loss
reduces redundancy by introducing orthogonality constraints in text and image embeddings,
effectively isolating key sentiment cues from noise [14].

Explorations in cross-instance representation learning, such as the cross-instance graph
neural network (CIGNN), highlight the potential of graph-based methods in MSA. CIGNN
constructs graphs based on semantic similarity and co-occurrence relationships, bridging
gaps across text and image modalities and enhancing the model comprehension of complex
inter-instance relations [15]. Frameworks, such as the Context-Sensitive Multi-Tier Deep
Learning Framework (CS-MDF), enhance MSA by utilizing CNNs for text, 3D-CNNs for
visual data, and openSMILE for audio to extract multimodal features. The multi-tier struc-
ture of CS-MDF with BiGRU and GradCAM introduces a context-sensitive approach to
sentiment classification, improving interpretability and achieving high performance across
various datasets, while underscoring limitations in computational efficiency [16].

Fuzzy logic has been increasingly incorporated to manage ambiguity and enhance model
interpretability [17]. Fuzzy Attention Fusion-based MSA (FFMSA) exemplifies this inte-
gration by utilizing unsupervised contrastive learning and fuzzy c-means clustering to
dynamically manage the interaction of weak and strong sentiment cues across modalities.
The reliance on fuzzy attention in FFMSA enables a more adaptable interaction between
text, audio, and visual features, which has shown promise in adjusting modality influence
based on emotional relevance [18]. Adaptive neuro-fuzzy systems have also been applied
to enhance emotion recognition in multimedia contexts, demonstrating that fuzzy logic can
efficiently handle uncertainty in sentiment cues while providing high-level interpretability
in complex, multimodal datasets [19].

Finally, fuzzy-deep neural networks (Fuzzy-DNN) and the Fuzzy Sentiment Dimension
(FSD) have advanced MSA by creating a more refined approach to handling sentiment ambi-
guity. The Fuzzy-DNN integrates a fuzzy layer with a dual attention mechanism, allowing
the model to focus selectively on salient features across modalities, thus refining the bal-
ance between redundant and critical features [20]. The FSD model, designed specifically
for social network sentiment analysis, introduces a multidimensional approach to sentiment
categorization, which transitions smoothly between sentiment degrees from highly negative
to positive, moving beyond traditional classifications. The adaptability of this model allows
for real-time linguistic adjustment and dynamic membership functions, offering significant
depth for analysing sentiments at multiple levels [21].

Despite these advances, existing fuzzy-based MSA approaches mainly apply fuzzy logic
at the feature and decision level, for example by fuzzifying attention weights, embeddings,
or sentiment dimensions computed from model outputs [17-19]. In contrast, our method-
ology applies fuzzy logic directly to human annotations and labels. We first derive fuzzy
membership degrees from multi-annotator agreement for each modality, then propagate
these degrees through confidence-aware sampling and sample-weighted training, and finally
incorporate them into a fuzzy evaluation layer with d-tolerant refinement and WAI metrics
that treat near-miss predictions as partially correct. This label- and confidence-centred use
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of fuzzy logic is motivated by the inherent ambiguity in human perception of sentiment in
social media content, as reflected in the annotator disagreement and class imbalance of the
MVSA-Multiple dataset.

3 Methodology for multimodal sentiment analysis

The proposed methodology (Fig. 1), integrates textual and visual modalities to perform
sentiment classification of tweets, combining feature extraction and confidence-aware tech-
niques. Initially, image and text annotations are processed separately. For images, prelimi-
nary probabilities for positive, neutral, and negative sentiment categories are obtained using
the Xception model, complemented by RGB and HSV colour features. For text, contextual
embeddings are computed with DeBERTa and simple metadata features (e.g., punctuation
counts, length). For each modality, annotator agreement yields a confidence score that is
later aggregated to the tweet level. To mitigate class imbalance, we apply ADASYN [22],
which synthesizes minority samples by interpolating among nearest neighbours, focusing
on sparse or difficult regions rather than duplicating examples. We additionally assign syn-
thetic-sample confidences using a distance-weighted scheme that reflects proximity to real
data.

Finally, a deep neural network (DNN) is trained on the rebalanced dataset using confi-
dence scores as sample weights, so higher-certainty instances contribute more to learning.
In addition, as shown in Fig. 1, separate weights are applied to image features (I¥;) and text
features (W), enabling the assessment of the relative contribution of text and image fea-
tures to sentiment classification in the multimodal analysis. Predictions are further refined
through a fuzzy evaluation mechanism, which accounts for ambiguities in the annotations
by adjusting the final sentiment classification based on confidence-aware rules.

In our methodology, fuzzy logic is introduced to capture the ambiguity and uncertainty
of human emotional expression in multimodal social media content, and is specifically
tailored to two characteristics of the MVSA-Multiple dataset. First, each tweet has three
independent annotators per modality, and disagreement is frequent, especially for negative
and neutral labels and when text and image convey divergent cues. If these annotations
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Fig. 1 Proposed methodology for multimodal sentiment classification, showcasing the integration of tex-
tual and visual modalities with feature extraction, rebalancing, and confidence-aware techniques
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are collapsed into a single crisp label, all information about the degree of agreement and
the relative reliability of each modality is lost. Fuzzy membership degrees derived from
annotator agreement allow us to represent this uncertainty explicitly and to weight samples
and modalities accordingly. Second, the dataset is imbalanced, so minority classes are both
scarce and often low-confidence. By combining fuzzy confidences with ADASYN and with
a fuzzy evaluation layer, we generate synthetic samples that inherit plausible confidence
values, give greater importance to high-confidence minority instances during training, and
evaluate near-miss predictions for rare classes through a d-tolerant fuzzy metric. In this way,
fuzzy logic is used to propagate human uncertainty coherently through aggregation, train-
ing, and evaluation, rather than merely fuzzifying internal model features.

3.1 Dataset preparation

The MVSA-Multiple dataset (Multi-view Social Data) was used, initially containing 19,600
image-text pairs labelled independently by three annotators [23]. Each pair was annotated
separately for sentiment (positive, negative, or neutral), allowing for cases where sentiment
in the image differed from that in the text. Only instances where at least two annotators
agreed on the sentiment were retained. As a result, pairs with highly mixed annotations
(e.g., one positive, one neutral, one negative) or directly contradictory sentiment between
text and image (e.g., positive text with a negative image) were excluded from the splits
used for training, validation, and testing. This approach prioritizes sentiment consistency
across modalities, facilitating a more stable training process [24]. At the same time, we
keep pairs where the sentiments expressed by text and image are only mildly divergent (for
instance, a positive text with a neutral image). These residual cross-modal discrepancies are
not discarded but are later resolved by the confidence-based aggregation scheme described
in Section 3.2. After filtering, the dataset comprised 17,027 pairs: 13,620 for training, 1,702
for validation, and 1,705 for testing, structured into an 80-10-10 split.

3.2 Confidence-based sentiment label aggregation

Confidence aggregation drives label assignment and is propagated through fusion and train-
ing via fuzzy weighting, allowing the model to account for annotation uncertainty in both
the labels and learning.

For each sample, whether text or image, the three annotations are analysed to determine
a predominant sentiment label and an associated confidence level. When all three annotators
agree on the sentiment, as in ID 2502 in Table 1, the sentiment label .S is assigned as positive
with a confidence level C' = 1.0, indicating full consensus. In cases where two annotators
agree on one sentiment and the third annotator differs, such as ID 2499 in Table 1, the major-
ity sentiment is assigned. In this instance, the final sentiment label S is again positive, but
with a reduced confidence level of C' = 0.67.

To determine the final sentiment label and confidence score for each image-text pair, a
fuzzy aggregation approach is implemented. When both modalities indicate the same sen-
timent, the final confidence score is calculated as a weighted average of their individual
confidences. Specifically, the weights wy and w; are computed relative to the sum of both
confidences (1).
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Table 1 Examples of sentiment ID Text Annotations  Label (S)  Con-

annotations in texts with calcu- fi-

lated confidence levels dence
©

2502 “Ithink it’s time for positive posi-  positive 1.0
change” - Ana Commit  tive positive
to Vote: #Generation-
Trudeau #SFU #LPC
t#elxn42

2499  Knocked doors with the positive neu-  positive 0.67
venerable #Team- tral positive
Trudeau #lpc candidate
@kylejpeterson this
aft in my hometown,
Aurora! #elxn42

Table 2 Example of sentiment agreement across modalities, detailing individual annotations, sentiment la-
bels, and aggregated confidence scores for an image-text pair

1D Image/Text Annotations S;/St C;/Cy St Ct
2620 = positive neutral positive 0.67 positive 0.87
positive
. ,mﬁw
@Justin_Ling I'm walking positive positive  positive 1.0
across #Canada raising positive
awareness for #palliativec-
are #seniorcare. Need it on
telxn42 agenda
Cy Ci 0
Wy = ———— W= ————
t Cy + Gy’ ! Ciy + G

where C; and Cj represent the confidence scores for the text and image modalities,
respectively.
The final confidence score Cf for the combined sentiment label is then derived using (2).

Cr = (Ct X wt) + (Cl X wi) 2)

From a fuzzy-set perspective, these confidence scores Ct, Cj and Cr are interpreted as mem-
bership degrees in the unit interval for the corresponding sentiment class, derived directly
from the discrete agreement counts of the three annotators. With exactly three annotators
per instance, full consensus and two-out-of-three agreement already map naturally to mem-
bership degrees 1.0 and 2/3, so we do not introduce additional parametric shapes such as
triangular, trapezoidal or Gaussian membership functions, which would add free parameters
without improving interpretability.

Table 2 provides an example of an image-text pair where both modalities are anno-
tated with a positive sentiment. In this case, the text has a high confidence level
(Cy = 1.0) due to unanimous agreement among annotators, while the image has a mod-
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erate confidence level (Cj = 0.67). According to (1), the text receives a higher weight
(wy = 0.6) due to its greater confidence level compared to the image, which has a weight of
w; = 0.4. Consequently, the overall confidence score for the image-text pair is calculated as
Cr = (1.0 x 0.6) + (0.67 x 0.4) = 0.87, as per (2).

When text and image disagree, the final label St is taken from the modality with higher
annotator-derived confidence. If confidences are equal, polar classes (positive/negative)
are preferred over neutral. Therefore, disagreement is resolved by confidence rather than
enforcing polarity unconditionally.

Moreover, the final confidence is downweighted by a discount factor d that increases
with the difference between text and image confidences (3).

_ 1+|Ct—Ci|
- 2

d 3)

Accordingly, the aggregated confidence Cf is given by (4), which incorporates the discount
factor d from (3). In this way, the contradictory sentiments between text and image that
remain after the dataset filtering step are handled by trusting the more reliable modality,
while the discount factor reduces the tweet-level confidence Cf whenever the two modali-
ties diverge. As a result, samples with cross-modal inconsistencies are not discarded, but
their lower confidence makes them influence training and evaluation proportionally less
than high-agreement cases.

For instance, in the case shown in Table 3, the text modality displays a confi-
dence of 1.0 for a positive sentiment, while the image modality shows a confidence
of 0.67 for a neutral sentiment. Using (4), the final confidence score is computed as
Ct = ((1.0 x 0.6) + (0.67 x 0.4)) x 0.665 ~ 0.58.

Cr= ((Ct X wt) -+ (Ci X wi)) X d 4)

Bringing these elements together, confidence aggregation plays a central role in how sen-
timent labels are defined in this study. First, at the modality level (text and image), the
degree of agreement between the three annotators is mapped to a fuzzy confidence value
C € {1.0,0.67} that quantifies how strongly an instance belongs to a sentiment class. Sec-

Table 3 Example of sentiment disagreement between text and image modalities, showcasing the adjustment
of final confidence scores and sentiment labels

1D Image/Text Annotations S;i/St Ci/Ct St Ct
2624 B = positive neutral ~ neutral 0.67 positive 0.58
neutral
My folks have their @ positive positive  positive 1.0
MattNDP sign up for positive
#Winnipeg South Centre!
@ThomasMulcair #elxn42
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Fig. 2 Frequency distributions of instances based on confidence for negative, neutral, and positive labels

ond, at the tweet level, we aggregate the text and image confidences into a single tweet-level
confidence C using (1)—(4). This aggregation reinforces the label when both modalities
support the same sentiment and downweights cases where the modalities disagree, by com-
bining the higher-confidence modality with a discount factor. The resulting pair (S¢, Cy) is
the final fuzzy sentiment label for each tweet and is then propagated through the rest of the
pipeline, where Sy is used as the crisp class label and C/ is used as a sample weight during
training, as a basis for synthetic confidences, and as the instance weight in the fuzzy evalua-
tion metrics. This approach aligns with state-of-the-art fusion strategies in multimodal sen-
timent analysis, which leverage adaptive weighting and uncertainty-aware mechanisms to
integrate textual and visual information more effectively [8].

Figure 2 shows confidence distributions by label. Negative is less frequent and more dis-
persed, underscoring the difficulty in achieving annotator consensus for this label; neutral is
largely absent at low confidences due to a threshold effect that assigns low-agreement cases
to polar classes; positive is most frequent and peaks at high confidence, indicating stronger
agreement.

3.3 Textual feature engineering and contextual embeddings

For text sentiment predictions, a hybrid approach was employed [25], combining meta-
data extraction with contextual text analysis to enhance classification precision. The meta-
data features considered include text length and word count, which serve as indicators of
detailed or emotional expression. Uppercase usage and its ratio within the text are analysed
as they often correlate with emphasis or strong emotion. Similarly, the presence of exclama-
tion marks is used to signal enthusiasm or frustration. Additionally, word length ratios are
examined to reflect vocabulary complexity and tone, contributing further insights into the
emotional and semantic characteristics of the text. Since no outliers were present, MinMax
scaling was applied to the metadata to ensure proportional feature contributions in the model.

Following metadata extraction, the text was preprocessed to remove noise and enhance
interpretability:

e All text was converted to lowercase to maintain uniformity.

e Numbers and alphanumeric characters, generally lacking inherent sentiment, were re-
moved.
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URLSs and user mentions were removed.
Consecutive repeated letters were trimmed to their base form improving readability.
Hashtags were expanded to their full meaning. For example, “#sunnymondays” was
translated to “sunny Mondays,” preserving context and sentiment nuances, as in “#Jus-
tinlmProudOfYou” to “justin I am proud of you.”

o Misspelled words were corrected, and internet slang was translated to formal equiva-
lents (e.g., “tbh” - “To Be Honest,” “fomo” - “Fear of Missing Out”).

e Punctuation and single-character words, which often add little to sentiment, were re-
moved.

After preprocessing, contextual word embeddings were generated using the DeBERTa
model [26], a decoding-enhanced BERT with disentangled attention. The microsoft/
deberta-base pretrained model and tokenizer were employed. The processed texts were
tokenized with padding and truncation applied to a maximum length of 512 tokens. Embed-
dings were then obtained by passing these tokenized inputs through DeBERTa, extracting
the mean of the last hidden state for each sequence to create fixed-size vector representa-
tions [27], which were subsequently concatenated with metadata features for a comprehen-
sive input representation.

This hybrid technique leverages metadata to capture indirect emotional cues, while
embeddings provide a deeper semantic context, resulting in a holistic view of sentiment.

3.4 Image-based sentiment analysis
3.4.1 Deep feature extraction with Xception

The Xception architecture is based on the Inception network model, emphasizing efficiency
and accuracy using separable convolutions in depth [28]. Unlike traditional CNN architec-
tures that stack layers sequentially, Xception employs wider and shallower layers, introduc-
ing multiple convolution operations within the same layer, and concatenates their results.
This design reduces computational cost while maintaining strong feature extraction capa-
bilities. The architecture works with a 3-channel input format (RGB) with an image size of
299x299.

Xception consists of 36 convolutional layers organized into three main stages: entry
flow, middle flow, and exit flow. During the entry flow, the network captures low-level fea-
tures, while the middle flow, repeated eight times, focuses on deeper, more abstract features.
Finally, the exit flow combines and processes this information for prediction. The fully
connected layer is replaced with a GlobalAveragePooling2D (GAP) layer, which reduces
each feature map to a single value by computing the average of all its activations [29].
GAP layers help reduce overfitting by minimizing the number of trainable parameters while
maintaining spatial information from the feature maps (Fig. 3).

The Xception model is initialized with weights pre-trained on ImageNet, providing a
foundation of generalized features useful for a wide range of image recognition tasks. To
fine-tune the model for custom classification, we freeze the first 20 layers, preserving their
pre-trained knowledge, while allowing the remaining layers to adjust during training. On
top of the Xception backbone, we add custom classification layers tailored for the specific
task, a GAP layer to condense feature maps into meaningful global representations, a dense

@ Springer



Multimedia Tools and Applications (2026) 85:289 Page 11 0f 32 289

Entry Flow Middle Flow ExitFlow
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19x19x728 features maps
! RelLU
| ==
SeparableConv 728, 3x3
D U B NG |
19x19x728 features maps

=

Fig. 3 Architecture of the Xception model

layer with 128 neurons and ReLU activation to learn complex patterns, and a final dense
layer with 3 neurons and softmax activation to produce class probabilities for a 3-class clas-
sification problem. Between each dense layer, a dropout layer has been included at a rate of
20% to mitigate overfitting.

The model is compiled using an optimised Adam with a learning rate of 1e-4, which bal-
ances speed of convergence and stability. A loss function categorical cross-entropy is used,
as we are dealing with a multi-class classification problem, and as a metric during training,
accuracy is used to evaluate the proportion of correct predictions during training and valida-
tion. This configuration ensures an efficient transfer of features from the pre-trained Xcep-
tion model via ImageNet, and adaptation to our dataset.

3.4.2 Colour feature extraction

Colour theory has been applied in various forms of art and design. Over time, the applica-
tion of colour theory has become more scientific and data-driven, especially with advances
in image processing and sentiment analysis technologies [30]. Psychology and art theory
have demonstrated the importance of image colour, which is crucial for expressing feel-
ings [31]. Recent developments have used machine learning models to predict how certain
colour combinations influence emotional responses, making this field more accurate and
applicable for businesses [32]. Different colours evoke distinct emotional responses; for
instance, warm colours like red, orange, and yellow tend to generate positive energy and
feelings. Therefore, these basic visual features should be taken into account in MSA [33].
Thus, given the importance of the colour of an image on sentiments, in this study we
propose to use the colour information of the images as extra information to improve senti-
ment classification. Approaching the extraction of colour information from an image can be
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done by focusing on two perspectives. On the one hand, extracting the RGB (Red, Green,
Blue) colour channels and on the other hand extracting the HSV (Hue, Saturation, Value)
values. An initial approach would be to calculate the average of the colours of all channels,
for all pixels of the images. However, this faces the problem that all images must have the
same dimension in order to obtain equal colour metadata for all images. Another approach
would be to focus on the central part of the images and obtain the most frequent colours
in that centre. However, this means that if an image does not have the main information in
the centre, information would be lost. Therefore, based on these initial ideas, we propose
an intermediate approach. The methodology of extracting colour information consists of
studying for all RGB and HSV colour channels and analysing in all images which are the
most significant colours in these channels. By extracting all channels from all images and
analysing the frequencies of values in those channels (RGB and HSV), the most frequent 'z’
values are obtained, with a significant difference from the rest of the values. Thus, we man-
age to obtain the 'z’ most frequent values of all colour channels that can provide relevant
information to the sentiment analysis through the images.

In the present study, the values of the most frequent channels with significant differences
have been set to 10. Therefore, for each image, 10 values are obtained for each RGB chan-
nel and 10 values for each HSV channel. This adds a total of 60 information features to the
image sentiment classification.

3.5 Integrated multimodal sentiment metamodel

The proposed multimodal metamodel integrates features extracted from both text and image
modalities using a deep neural network (DNN), as depicted in Fig. 4. The architecture con-
sists of an input layer, three fully connected hidden layers with dropout, and an output layer
designed for sentiment classification.

The input layer processes a concatenated feature vector composed of weighted text and
image representations. The text feature vector X; includes both contextual embeddings
obtained from DeBERTa and text metadata (e.g., punctuation usage, text length, capitalisa-

Xinput Hase Dropout Hiag Dropout Hjog Youtput
ReLU =03 ReLU p=03 ReLU Sofimax
o Xil x W,
o
2 Xpx W [m
3
o
g , Souput| Pregative —> Y Y
= X x Wy [ npu
X output| Ppeyrar
X x W, —
_ouput| Ppositive

Xy x W,

Loss function

— G

Text features

X x W, Confidence

l Loss score

Optimizer
Adam
I

Weight update

Fig. 4 Architecture of the proposed deep neural network. The model integrates weighted textual and
visual features, applying confidence-aware adjustments to enhance classification accuracy. The network
consists of three fully connected layers with ReLU activation, dropout regularization to prevent overfit-
ting, and a final softmax output layer for sentiment classification. Confidence scores (C'y) are incorpo-
rated as sample weights to prioritize high-certainty instances
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tion), and is scaled by a modality-specific weight W;. Similarly, the image feature vector
X, which consists of deep features extracted via the Xception model along with colour
statistics in RGB and HSV spaces, is scaled by its corresponding weight W;. These weights,
set to 1.5 for text and 0.9 for images, were determined through a grid search on the valida-
tion set to optimise the macro-F1 score, exploring ranges of W; € {0.5,1.0,1.5,...3.0}
and W; € {0.1,0.2,0.3, ..., 1.0}. The final values reflect the greater contribution of textual
content in multimodal sentiment classification in social networks like X [34], where text
often conveys more explicit sentiment cues and images complement this information. In
this setup, the multimodal classifier receives as input a single feature vector obtained by
concatenating the weighted text representation X and the weighted image representation
Xj, while the tweet-level confidence Ct is used only as a sample weight in the loss function
and is not concatenated as an input feature.

The first hidden layer contains 256 neurons and uses the ReLU activation function.
To mitigate overfitting, it is followed by a dropout layer with a rate of p = 0.3, randomly
deactivating 30% of neurons during training. The second hidden layer consists of 128 neu-
rons, again with ReLU activation and a similar dropout configuration. The third hidden
layer includes 64 neurons, maintaining the ReLU activation function for consistent feature
extraction.

The output layer is a fully connected dense layer with three neurons corresponding to the
sentiment classes: negative, neutral, and positive. A softmax activation function is applied,
producing a probabilistic distribution over the sentiment classes. These probabilities, which
represent the confidence of the model for each class, are compared against the ground truth
labels to compute the loss using sparse categorical cross-entropy. Simultaneously, confi-
dence scores are incorporated as sample weights, reflecting the certainty of each instance
and allowing the model to prioritize higher-confidence samples during training. The model
optimisation is performed using the Adam optimiser, which adjusts weights iteratively to
minimize the loss function.

3.6 Balancing sentiment classes with confidence-aware sampling

The final dataset exhibits a noticeable imbalance across sentiment labels. Positive annota-
tions dominate both image and text modalities, followed by neutral and negative anno-
tations, which are significantly less frequent. This trend persists after aggregating the
sentiment labels at the tweet level (see Subsection 3.2), as shown in Table 4.

The ADASYN method is employed to address this imbalance by generating synthetic
samples for the minority sentiment classes [22]. ADASYN uses the k-nearest neighbours
(kNN) algorithm to identify the local distribution of each minority instance in the feature
space. For each instance, synthetic samples are generated by interpolating between the
instance and one of its k-nearest neighbours.

Table 4 Sentiment di(sitribution Sentiment Image Text Tweet aggregation
across 1mage, text and tweet ag- -
gregation annofations Positive 9,365 9,540 10,583

Neutral 6,813 6,431 5,382

Negative 849 1,056 1,062

@ Springer



289 Page 14 of 32 Multimedia Tools and Applications (2026) 85:289

Negative Neutral Positive
3000 3000 3000
2500 2500 2500
.. 2000 . 2000 . 2000
5 5 s
8 1500 8 1500 8 1500
1000 1000 1000
500 500 ,\/\J 500
0 0 = 0
0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0
confidence confidence confidence
(@) (b) (©

Fig. 5 Confidence distributions for sentiment labels after applying ADASYN to balance the dataset,
showing the effect of synthetic samples

In this study, it is proposed to enhance this approach by including the computation of
confidence values for the synthetic samples. Rather than assigning a uniform or arbitrary
confidence score, the confidence of a synthetic sample is calculated as the weighted average
of the confidence scores of its k-nearest neighbours. Formally, let x; represent a minority
instance, and let Ny (z;) denote the set of its k-nearest neighbours. The confidence score
Csynthetic for a generated synthetic sample is defined in (5).

ZIJGNk(Zi) w;j - CJ

ijENk. (ws) Wi

®)

Csynthetic =

where Cj is the confidence score of the neighbor x5, and w; is a weight inversely propor-
tional to the distance between z; and x;.

The hyperparameters for ADASYN were selected through a grid search on the validation
dataset, with the goal of optimizing the macro-F1 score. Specifically, the number of neigh-
bours (k) was set to k = 5 for text data, k = 7 for image data, and k£ = 3 for the multimodal
dataset. The variation in k reflects the differing characteristics of the modalities.

This weighted averaging preserves confidence distributions of the original data, as shown
in Fig. 5, thereby minimizing the risk of bias in the training process.

3.7 Fuzzy refinement of multimodal sentiment predictions

The fuzzy evaluation process combines the outputs of the DNN with the pre-calculated
confidence scores from the tweet to refine sentiment predictions applying the flexibility that
fuzzy logic allows us. This approach adapts dynamically to agreement and discrepancies
between the model predictions and the confidence-based labels.

The inputs to this process include the predicted probabilities of the DNN for each sentiment
class (Phegatives Pneutrals Ppositive), and the aggregated confidence score for the tweet (C'y).

When the predicted class of the DNN, identified as the one with the highest probability
(Ppredicted ), matches the agreed sentiment label (S) the prediction is considered correct.
The combined confidence score (CY) is directly assigned as the weight for the evaluation.

If the predicted class does not align with the agreed sentiment label, the discrepancy is
systematically assessed by calculating the difference between the highest predicted prob-
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ability (Ppredicted) and the probability corresponding to Sy (Ps,). When this difference is
less than a predetermined threshold, it indicates a lack of decisive confidence in the predicted
class. The threshold § enables a flexible decision mechanism that allows the model predic-
tion to be adjusted when the confidence gap between the predicted class and the agreed sen-
timent label S is small. In probabilistic terms, § defines the maximum allowed gap between
the model-assigned probability of the predicted class and the probability assigned to the
confidence-based label St that we still treat as a near miss, so larger values of ¢ therefore
tolerate greater discrepancies before a prediction is considered fully incorrect. Specifically,
if the difference Ppredicted — Ps, is less than §, the model prediction is overwritten with
S, and the sample weight is adjusted as Wadjusted = Cp X (1 — (Ppredicted — Ps;)). Oth-
erwise, when the probability gap is greater than or equal to J, the model prediction is kept
unchanged and the instance is evaluated with its original weight C¥, so the fuzzy evaluation
coincides with the crisp one for that sample. In practice, this creates two regimes for dis-
crepant cases. For strong mismatches, the model prediction is fully preserved. For near-miss
predictions, the final sentiment is reset to the confidence-based label Sy and the reduced
weight Widjustea < Cf assigns partial credit. This formulation captures and modulates the
uncertainty arising from ambiguous predictions, providing a smooth correction mechanism
in borderline cases.

From a fuzzy-set perspective, this procedure can be viewed as a small fuzzy rule base
defined on the discrete universe of tweets. Each instance k£ has a confidence-based label
Se(k) and an associated membership degree W), € (0, 1], which is Cf in the crisp regime
and Waqjusted in the near-miss regime. For a given class i, the fuzzy set of ground-truth
instances is therefore characterised by the membership function ;£ (k) = Wy, if S¢(k) =i
and pf™°(k) = 0 otherwise. In (13)-(16) the weighted counts TP; weighteds FPi weighted
and FN; weighted are thus sums of membership degrees rather than raw counts. In the WAI
in (17), the term min(P} red, Pfrue) plays the role of a fuzzy conjunction between predicted
and target membership, using the minimum operator as a standard #-norm.

To illustrate the fuzzy evaluation process, consider a sample with predicted probabilities
for the DNN as Pjegative = 0.25, Preutral = 0.35, and Ppositive = 0.40. The aggregated
confidence score for the tweet is Cy = 0.85, and the agreed sentiment label is Sy = neutral.

The predicted class, identified as the one with the highest probability, is
Ppredicted = Ppositive = 0.40. This does not align with the agreed sentiment label,
Sy = neutral.

To assess the discrepancy, the difference between the highest and second-high-
est probabilities is calculated as Ppredicted — Ps; = 0.05. Since this difference is
less than a threshold, e.g., 6 = 0.2, the prediction is overwritten with the confidence-
based label St = neutral. The weight is adjusted to account for this uncertainty as
Wadjusted = 0.85 x (1 —0.05) = 0.85 x 0.95 = 0.8075.

3.8 Performance metrics

To evaluate the performance of the model, a set of complementary metrics is employed:
F1 score, Balanced accuracy, the Matthews Correlation Coefficient (MCC), and Cohen’s
Kappa.

The F1 score, defined in (6), represents the harmonic mean of precision (7) and recall (8)
for each class 1.
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Precision; - Recall;

F,=2- )
Li Precision; + Recall; ©
Precision, — LT 7)
recision; = TP 1 FP (
Recall, — — L1 ®)
ecaliTPi+FN¢.

where T'P;, F'P;, and F'N; refer to the true positives, false positives, and false negatives for
class 7, respectively. For multiclass classification problems, the macro-averaged F1 score is
used to aggregate the F1 scores of all classes equally, as shown in (9).

C
1
macro-F1 = c Zl Fy )
i=

where C represents the total number of classes, and F; ; denotes the F1 score of class 4. This
macro-averaging ensures that performance on minority classes is not overshadowed by the
dominance of majority classes.

Balanced accuracy measures the average recall obtained on each class (10).

C

1 TP,
Balanced accuracy = — Z
C p T

TP T FN.’ (10)

MCC, defined in (11), is a metric that considers all elements of the confusion matrix (true
positives, true negatives, false positives, and false negatives).

> (TPi- TNy — FP; - FN;)

\/(Zi P Ni) (Z,— Py - Nj)

MCC =

’ (11)

where P; and N; denote the total predicted positives and negatives for class i, respectively,
and the indices j and k iterate over all classes. MCC ranges from —1 to 1, where 1 indicates
perfect correlation between predictions and true labels, O represents no correlation, and —1
signifies total disagreement.
Finally, Cohen’s Kappa measures the agreement between the predicted and true labels
while accounting for the agreement expected by chance (12).
Do — Pe

AR g (12)

where p, is the observed agreement, and p. is the expected agreement based on chance.
Cohen’s Kappa ranges from —1 to 1, with values closer to 1 indicating strong agreement

@ Springer



Multimedia Tools and Applications (2026) 85:289 Page 17 of 32 289

beyond chance, 0 implying agreement equivalent to random guessing, and negative values
suggesting systematic disagreement.

To further enhance the evaluation process, fuzzy-oriented metrics are introduced to
account for partial correctness and confidence-based adjustments in predictions.

True positives (1'F;), false positives (F'P;), and false negatives (F'N;) for each class ¢ are
adjusted using the weights as described in (13).

T})i,weighted = § ka FPi,weighted = g Wk> FNi,weighted = g Wi (13)
keTP; keEFP; keFN;

These weighted terms are then substituted into the standard definitions of precision (14),
recall (15), and F1 score (16).

TPz ,weighted

Weighted Precision; = 14
‘ T-Pi,wcightcd + FPi,weightcd ( )
TPz‘ weighted
Weighted Recall, = : 15
TPi,Weighted + FNi,weighted ( )
i Weighted Precision; - Weighted Recall;
Fﬁelghted —9. g g (16)

Weighted Precision; + Weighted Recall,

Additionally, a fuzzy agreement metric, the Weighted Agreement Index (WAI) (17), is intro-
duced to measure the alignment between predicted and true membership distributions.

Zk Wk . min(P,Sred, P]zrue)
X Wi P

Weighted Agreement Index = 17

Here, W, is the weight for instance k, P} red s the predicted probability for the true class,
and P{*"¢ is the true probability (usually 1 if fully correct, adjusted if partially correct).
4 Evaluation and performance analysis

In this section, the results from a crisp and fuzzy point of view are analysed in detail, taking
into account the individual text and image models and the multimodal models.

4.1 Crisp evaluation results

4.1.1 Text model performance

The baseline model, relying solely on DeBERTa embeddings, demonstrates moderate
performance, achieving a macro-F1 score of 0.476, MCC of 0.301, balanced accuracy of
46.4%, and Cohen’s Kappa of 0.295 (Table 5). Among the individual classes (Table 6), the

model performs well in identifying the positive class, with an F1 score of 0.73, but struggles
significantly with the minority negative class, achieving an F1 score of only 0.16. The neu-
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Table 5 Performance comparison  Approach macro-FI MCC Balanced Acc. Kappa
across different approaches for Text Only (DeBERTa) 0.476 0301 46.4% 0.295
text sentiment classification

Metadata 0.485 0311 47.1% 0.305

CW loss 0.499 0316 48.0% 0.311

ADASYN Rebalancing 0.566 0.339 56.7% 0.339
Table 6 Class—speciﬁc F1 scores Approach FI (neg.) F1 (neu.) F1 (pos.)
across different approaches for Text Only (DeBERTa) 0.160 0.540 0.730
text sentiment classification

Metadata 0.170 0.550 0.740

CW loss 0.210 0.560 0.730

ADASYN Rebalancing 0.400 0.580 0.720

tral class exhibits moderate performance, with an F1 score of 0.54. This baseline establishes
a reference point, highlighting the inherent challenges of class imbalance and the limitations
of relying exclusively on embeddings for sentiment classification.

Incorporating metadata features such as exclamation counts and uppercase-to-lowercase
ratios slightly improves the results. The macro-F1 score increases to 0.485, MCC rises
to 0.311, and balanced accuracy reaches 47.1% (Table 5). Cohen’s Kappa also improves
slightly, reaching 0.305, indicating a marginal increase in agreement between the model
predictions and the ground truth. Class-specific improvements (Table 6) are observed uni-
formly across all sentiment classes. The F1 score for the negative class increases from 0.16
to 0.17, while the neutral class rises from 0.54 to 0.55, and the positive class improves
slightly from 0.73 to 0.74. These consistent gains indicate that the inclusion of metadata
features contributes to a general refinement in predictions.

Integrating fuzzy logic into the training process to assign confidence-based weights to
the samples results in further overall improvement. This approach achieves a macro-F1
score 0f 0.499, MCC of 0.316, and balanced accuracy of 48.0% (Table 5). Class-specific F1
scores exhibit varying levels of improvement (Table 6). The negative class shows the most
significant gain, increasing from 0.17 to 0.21, while the neutral class improves slightly from
0.55 to 0.56. In contrast, the positive class experiences a slight reduction in performance,
with its F1 score decreasing marginally from 0.74 to 0.73. These improvements demonstrate
the value of incorporating annotator-derived confidence scores from annotators, which help
to minimize the impact of noise and ambiguity in the dataset.

The application of the ADASYN rebalancing technique yields significant gains, particu-
larly in addressing the challenges of class imbalance. As shown in Table 5, this approach
achieves a macro-F1 score of 0.566, MCC of 0.339, and balanced accuracy of 56.7%. Addi-
tionally, Cohen’s Kappa improves to 0.339. The impact of ADASYN is most evident in the
negative class (Table 6), where the F1 score increases dramatically from 0.16 in the baseline
to 0.40. The neutral class also benefits from ADASYN, with its F1 score improving to 0.58,
while the positive class remains stable, achieving an F1 score of 0.72.

4.1.2 Image model performance

Analysing, in contrast, the results of the image sentiment analysis models yield discrete
values of 0.366, 0.122, 38.03%, and 0.107 for the metrics F1 score, MCC, balanced accu-
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Table 7de3ferformance co}rlnpafr ison  Approach macro-FI MCC Balanced Acc. Kappa
across different approaches for Image Only 0366  0.123 38.03% 0.107
image sentiment classification

Colour 0.411 0.163 40.69% 0.159

CW loss 0.416 0.167 41.04% 0.163

ADASYN Rebalancing 0.421 0.170 43.47% 0.169
Table Sd%ass—speciﬁc F}} scfores Approach F1 (neg.) F1 (neu.) F1 (pos.)
across difterent approaches for Image Only 0.087 0.309 0.702
image sentiment classification

Colour 0.108 0.448 0.677

CW loss 0.121 0.446 0.680

ADASYN Rebalancing 0.161 0.463 0.640

racy, and Cohen’s kappa respectively as can be seen in Table 7. Examining the individual
results by class (Table 8) the positive class is acceptably identified with a 0.702 value of F1
score. The neutral class is moderately identified with an F1 score value of 0.309. Finally, the
negative class (minority class) is the worst identified with an F1 score value of 0.087. This
situation indicates the imbalance problem already known in the text, it still appears with the
classification of the images.

After incorporating information on Colour, the results indicated above improve slightly,
especially in the minority classes, which was the worst classified by the model (Tables 7 and
8). Thus, the F1 score reaches 0.411 value, the MCC obtains a 0.163, the balanced accuracy
reaches a 40.69% and the Cohen’s kappa obtains a 0.159 (Table 7). Regarding the individual
results, Class-specific F1 scores values, shown in Table 8 improve for the negative and neu-
tral classes, but worsen slightly for the positive class. This is not a negative result, but rather
highlights the overfitting suffered in this positive class, to the detriment of the other two. By
adding colour as metadata, the model manages to reduce this overfitting in the positive class
and obtain a better result in the negative and neutral classes. Actually, the neutral class is the
one that benefits the most, since the improvement of the negative class is less progressive.

In the following model, integrating fuzzy logic into the training process to assign con-
fidence-based weights to samples results in a slight improvement overall. Table 7 shows
the slight improvement of the values, where the F1 score value is 0.416, the MCC value is
0.167, the balanced accuracy value is 41.04% and the Kappa value is 0.163. Analysing the
values in particular (see Table 8), it can be seen that there are also slight improvements in
the individual classes, being the negative class the one that improves the most, reaching a
value of 0.121 F1 score. The positive class obtained a value of 0.68 and the neutral class a
value of 0.446 F1 score.

The application of the ADASYN rebalancing technique produces overall benefits. Thus,
Table 7 shows how the F1 score value amounts to a value of 0.421, the MCC value is 0.17,
the balanced accuracy value 43.47% and the Cohen’s kappa value amounts to 0.169. The
individual results shown in Table 8, after the application of ADASYN, show a rebalancing
of the results, increasing the improvement in the minority classes (neutral and negative).
Thus, the negative classes achieve an F1 score value of 0.161, doubling the improvement
over the initial model. Conversely, the neutral class obtains an F1 score value of 0.463 and
the majority class (positive class) lowers its value to 0.640.
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4.1.3 Multimodal model performance

The application of confidence-weighted (CW) loss and the ADASYN rebalancing tech-
niques has led to improvements in the results of individual sentiment classification models
in both text and image. In addition, they also perform a rebalancing of the results, improving
classification in minority classes. Now, these two techniques are applied to the multimodal
model, which merges all the information provided by text and image. Initially the results of
the multimodal model without applying confidence-weighted loss and the ADASYN rebal-
ancing techniques reach an overall performance of 0.535 of F1 score, 0.298 of MCC, 51.6%
of balanced accuracy and 0.289 of Cohen’s kappa (see Table 9). Analysing this approach
individually in the sentiment classification, the F1 score results show a value of 0.382 for
the negative class, 0.476 for the neutral class and 0.747 for the positive class. These results
substantially improve the individual results of the text and image classification models in
the mainly negative class (see Table 10).

By applying the confidence-weighted loss technique, remarkable benefits are obtained.
Table 9 shows how the F1 score value reaches a value of 0.553, the MCC value is 0.309,
the balanced accuracy value is 53.0% and Cohen’s kappa value is 0.308. In particular, the
F1 score value for the positive class is 0.728, somewhat lower than the model without the
application of the confidence-weighted loss technique. However, the negative and neutral
classes, minority classes, obtain an F1 score value of 0.397 and 0.533 respectively, a sub-
stantial increase in the neutral class (Table 10).

Taking the ADASYN Rebalancing technique approach, the results are visibly improved.
Thus, the F1 score value becomes 0.574, the MCC value is 0.330, the balanced accuracy
value is 59.4% and Cohen’s Kappa value is 0.329 (Table 9). At the individual class level,
the positive class slightly increases its F1 score value to 0.734. On the other hand, the
negative and neutral classes increase their F1 score value to 0.464 and 0.524 respectively
(Table 10), being remarkable the rise of the negative class (minority class). The negative
class obtained an F1 score value of 0.40 for the text-only model and 0.16 for the image-only
model. When merging the information this class increases to 0.464 for F1 score value. To
assess the robustness of this configuration, we repeated the training of the final multimodal
model with ADASYN using three different random seeds. Across these runs, the test macro-
F1 was 0.573 4 0.002 and the balanced accuracy was 59.2% + 0.4%, which shows that
performance varies only marginally and that the stochastic components of ADASYN and
multimodal fusion do not introduce substantial instability. Analysing the training, valida-
tion, and test phases, we observe that the model achieves a macro-F1 score of 0.679 during

Table9 Performance compari- Approach macro-FI MCC Balanced Acc. Kappa
son across different approaches

. : Text + Image 0.535 0.298 51.6% 0.289

for multimodal sentiment

classification CW loss 0.553 0.309 53.0% 0.308
ADASYN Rebalancing 0.574 0.330 59.4% 0.329

Table 10 ClaSS'-;PeCiﬁC F1 . Approach F1 (neg.) F1 (neu.) F1 (pos.)

scores across different approach- % BRI S 0.382 0.476 0.747

es for text and image sentiment

classification CW loss 0.397 0.533 0.728
ADASYN Rebalancing 0.464 0.524 0.734
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training, which decreases to 0.618 in validation and further to 0.574 in the final test set. The
moderate drop of approximately 6.1% from training to validation indicates that the model
does not excessively memorize training data, while the validation-to-test difference of
approximately 4.4% aligns with expected generalisation behaviour. In summary, the results
obtained from a crisp point of view, are generally better using the combination and fusion of
information as opposed to individual models. Above all, the improvement is focused on the
minority class (negative sentiment).

4.2 Fuzzy evaluation results

The fuzzy evaluation introduces flexibility in assessing model performance by allowing partial
correctness. This is achieved by defining a threshold, §, which quantifies the allowable dif-
ference between the predicted class probability and the probability of the correct class, and
determines when an instance is considered a fuzzy match, thus enhancing interpretability and
accounting for ambiguity in the predictions. In all analyses below, we treat 0 as an evaluation-
time tolerance and perform a validation sweep ¢ € 0.0,0.1,0.2,0.3, 0.4, 0.5 with the trained
models kept fixed (no retraining across §); 6 = 0 corresponds to crisp evaluation. We select §*
on the validation split by maximising weighted-F1 subject to preserving agreement at a level
~ € [0.9,0.95], as shown in (18). This procedure links the choice of § to annotation uncertainty
through the WAL, which measures agreement between model probabilities and the confidence-
based labels derived from annotators. By requiring W AI(§) to remain within 90-95% of the
crisp baseline WAI(0), we ensure that the fuzzy tolerance does not move the evaluation far
from what annotators consider correct, while still allowing partial credit for near-miss cases.

* = ; £ > -
0" =arg 5€{0.00.10.0.5) Flueightea (9) st WAL(9) 2 7- WAL(0) (18)

4.2.1 Text-based analysis

Figure 6 illustrates the impact of threshold ¢ in the model performance for textual sentiment
classification. At § = 0, the macro-F1 score is 0.804, driven by strong performance in the
positive class (0.897) and the neutral class (0.824), while the negative class achieves a lower
score of 0.691. The WAI at this threshold is relatively high, at 0.733, indicating strong agree-
ment for high-confidence predictions. This baseline reflects the model’s strength in identify-
ing dominant sentiments but highlights the challenges associated with the negative class.
As § increases, the evaluation incorporates partial correctness, leading to consis-
tent improvements in the weighted-F1 score, which reaches 0.919 at § = 0.5. The WAI
decreases marginally to 0.688 at § = 0.5, reflecting the inclusion of lower-confidence pre-
dictions without significant loss of alignment between predicted and true values.
Class-specific weighted-F1 scores show significant gains as § increases. The negative class
improves steadily, reaching 0.811 at 6 = 0.5, highlighting the framework’s ability to address
under-represented classes. The neutral class benefits from fuzzy evaluation as well, rising
from 0.824 at 6 = 0 to 0.968 at 6 = 0.5. The positive class, which starts strong, achieves
near-perfect performance with a score of 0.979 at § = 0.5. The selected operating point is
0* = 0.3, which lies on a broad plateau of the sensitivity curve and offers a balanced trade-off
across classes (weighted-F1 = 0.884; negative = 0.776, neutral = 0.924, positive = 0.952).
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Fig. 6 Sensitivity to the fuzzy threshold ¢ for the textual branch

4.2.2 Image-based analysis

Figure 7 summarises the key metrics for the fuzzy evaluation for image sentiment analysis.
At = 0, the WAI is relatively high at 0.668, indicating a good alignment between predicted
and true probabilities for confident samples. The overall weighted-F1 score is 0.562, driven
largely by strong performance in the positive class (0.812), while the neutral and negative
classes lag behind with scores of 0.635 and 0.239, respectively. As in the text branch, we
report a sensitivity curve with 6 € {0.0,...,0.5} and fixed model parameters.

As § increases, the evaluation becomes more flexible. This adjustment improves the
weighted-F1 score, which peaks at 0.613 around § = 0.5. The WAI, however, decreases
slightly to 0.616, reflecting the inclusion of lower-confidence instances as correct predictions.

0.8 = \Neighted Agreement Index 0.8
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Macro F1
Y v A/_’_/_’-\__’-—-’—/—’—
0.6 0.6
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0.3 0.3 ‘fJ_/M
0.0 0.1 0.2 0.3 0.4 0.5 0.0 0.1 0.2 0.3 0.4 0.5
Fuzzy threshold Fuzzy threshold
(@ (®)

Fig. 7 Sensitivity to the fuzzy threshold ¢ for the image branch
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Class-specific improvements are most notable in the negative and neutral classes. The
weighted-F1 score for the negative class steadily rises, reaching 0.322 at § = 0.5. The neu-
tral class also benefits, with its score increasing from 0.635 at § = 0 to 0.688 at § = 0.5.
The positive class remains stable throughout, with only marginal improvements, reflecting
its dominance in the dataset and the model’s robust performance in this class. Consistent
with the textual branch, the operating point 6* = 0.3 provides a stable balance (weighted-F1
= 0.611; negative = 0.327, neutral = 0.676, positive = 0.825).

4.2.3 Multimodal analysis

Figure 8 summarises the key metrics for fuzzy evaluation applied to multimodal sentiment
analysis. At § = 0, the WAI achieves a high value of 0.910, reflecting strong alignment
between predicted and true probabilities for high-confidence samples. The macro-F1 score at
this threshold is 0.639, driven predominantly by robust performance in the positive class with
a score of 0.732, while the neutral and negative classes achieve 0.513 and 0.452, respectively.
We again report a sensitivity curve over § € {0.0,...,0.5} with fixed model parameters.

As ¢ increases, it results in consistent improvements in the weighted-F1 score, which
peaks at 0.862 at 6 = 0.5. The WAI gradually declines as lower-confidence matches are
included, stabilizing at 0.825 by 6 = 0.5, reflecting a controlled trade-off between inclusiv-
ity and precision.

The class-specific weighted-F1 scores exhibit distinct trends as § varies. The negative
class shows steady improvement, reaching 0.518 at § = 0.5. The neutral class also benefits
significantly, rising from 0.513 at 6 = 0 to 0.810 at 6 = 0.5, showcasing better handling of
ambiguous instances. The positive class, consistently strong, improves to 0.906 at § = 0.5,
reflecting its continued dominance across thresholds. The operating point §* = 0.3 achieves
a balanced trade-off (weighted-F1 = 0.769; negative = 0.493, neutral = 0.681, positive
= 0.832) and lies within a flat region of the sensitivity curve, which reduces the risk of over-
tuning to a single threshold. The selection follows the rule weighted-F1 subject to a WAI
constraint, avoiding retraining across ¢ and ensuring comparability.
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Fig. 8 Sensitivity to the fuzzy threshold § for the multimodal model
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On new datasets, we recommend a validation sweep over d € [0.0, 0.5] and selecting 6*
with the same F1-WAI rule. When validation is limited, robust defaults in the plateau region
d € [0.2,0.4] preserve agreement while capturing near-miss cases. If annotator agreement/
confidence differs markedly from our data, reselect § accordingly and report both views
(crisp 6=0 and fuzzy at 0*).

The examples in Table 11 illustrate how the fuzzy evaluation framework addresses sen-
timent ambiguity in multimodal scenarios. These instances represent typical challenges
where annotators assign diverging sentiment labels to the same input due to contextual
subtleties or subjective interpretation of visual and textual cues. By examining the model’s
output under a fuzzy agreement threshold (6 = 0.3), we gain qualitative insight into its abil-
ity to handle uncertainty in sentiment assignment, highlighting both its robustness in cases
with a dominant modality and its limitations in highly ambiguous or conflicting situations.

For ID 12774, the image shows a map that offers little emotional or contextual informa-
tion relevant to sentiment classification. The image annotations reflect this ambiguity, with
a mix of neutral and negative sentiments. In contrast, the textual content clearly conveys a
negative sentiment by describing a robbery incident. The resulting sentiment label is nega-
tive, with high confidence (Cy = 0.87). This case exemplifies the greater capacity of textual
content to convey sentiment with clarity, especially in scenarios where visual elements lack
explicit emotional cues. By prioritising the stronger signal from the text, the framework
effectively compensates for the ambiguity present in the image modality.

ID 13974 presents a scenario of ambiguity both within and across modalities. The image,
displaying the word “SALE" in bold red text, might convey excitement, but the annotators
unanimously assign a neutral sentiment. Meanwhile, the textual content describes an art
sale, with annotations split between neutral and positive sentiments. The framework rec-
onciles these differences by assigning a neutral sentiment, which aligns with the stronger
agreement in the image modality. However, the confidence (Cy = 0.58) is lower due to the
disagreement. This case illustrates the complexity of integrating visual and textual cues
when the interpretations are may vary among annotators.

Table 11 Examples of instances where fuzzy evaluation successfully identified the final sentiment label with
ad=0.3

1D 12774 13974 13698
Image i

Annotations  neu., neg., neg. neu., neu., neu. pos., neu., pos.
Text ‘Woman robbed while Today’s the day!! One @Robbyivylvy @griffin_hector @
walking to work in day #artsale at my studio. FearTWD @MckeeveMichelle @

Riverdale #HamOnt #sc  Drop by 11-4pm at 1395B LisaRSP @angelafabs Someth-
Welly. Select pieces only. aaang.. #FearTWD
#Wellington West

Annotations  neg., neg., neg. neu., pos., pos. pos., neu., pos.
Sy Negative Neutral Positive
Cy 0.87 0.58 0.67
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In ID 13698, the image shows a dimly lit scene with individuals and cars, potentially
evoking mixed interpretation, depending on the perspective of the viewer. Similarly, the text
is conversational and includes hashtags related to entertainment and fandom, which could
be perceived as positive or neutral depending on context and annotator bias. The framework
aggregates these conflicting inputs to assign a positive sentiment, supported by moderate
confidence (C'y = 0.67). This instance highlights how cultural, contextual, and personal
biases can introduce ambiguity in both text and image sentiment annotations.

4.3 Comparative analysis

The text-based models consistently outperform image-based models in both crisp and
fuzzy evaluations, due to the explicit sentiment cues inherent in textual data. This clarity
allows the text models to achieve higher macro-F1 scores across all evaluation settings. For
example, in the crisp evaluation, the text model achieves a macro-F1 score of 0.476, sig-
nificantly surpassing the image-based model’s 0.366. This performance disparity remains
evident in the fuzzy evaluation, where the text model attains a macro-F1 score of 0.736 at
0 = 0.3, compared to the image-based model’s 0.499 at the same threshold. These findings
underscore the inherent limitations of image-only approaches, particularly in identifying
neutral and negative classes, where visual cues tend to be less distinct or ambiguous.

Furthermore, while the application of ADASYN helped mitigate class imbalance, it is impor-
tant to consider its potential drawbacks. Since this approach generates synthetic samples using
k-nearest neighbours, it may introduce local interpolation artifacts, particularly in sparsely pop-
ulated regions of the feature space. This effect can sometimes lead to the generation of synthetic
samples in less representative areas, which could impact generalisation. However, despite a
slight under-performance in the positive class, the overall gains, particularly in the minority neg-
ative class, justify its use. These results suggest that, while ADASYN is a useful technique for
balancing the dataset, additional augmentation strategies could further enhance performance.

In contrast, multimodal models demonstrate superior performance by effectively lever-
aging the complementary strengths of text and image data. By assigning a higher weight
to text features (W, = 1.5) relative to image features (W; = 0.9), the multimodal models
capitalize on the clearer sentiment cues in text while using image data as a supplementary
contextual source. This strategic weighting yields improved performance across metrics.
For instance, in the crisp evaluation, the multimodal model achieves a macro-F1 score of
0.535, outperforming both text-only and image-only models. Notably, the improvement is
most pronounced in the minority negative class, where the multimodal model reaches an F1
score of 0.382, compared to 0.16 for text-only and 0.087 for image-only models.

The benefits of multimodal integration are further amplified in fuzzy evaluation, which
accommodates partial correctness in ambiguous instances. At § = 0.3, the multimodal model
achieves a macro-F1 score of 0.683, showcasing its ability to handle low-confidence cases
effectively. Class-specific improvements are evident as well, the negative class improves to an
F1 score of 0.493, the neutral class rises to 0.681, and the positive class maintains a high score
of 0.832. These results highlight the potential of fuzzy evaluation to enhance performance in
challenging scenarios, such as those involving conflicting or ambiguous annotations.

Weighted evaluation metrics, particularly the weighted-F1 score, offer additional insights
by emphasizing high-confidence instances. This approach provides a realistic representation of
model reliability in handling clear and unambiguous cases. For instance, under fuzzy evaluation
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at 0 = 0.3, the weighted-F1 score of the text model increases to 0.884, compared to its macro
unweighted counterpart of 0.736. However, it is important to note that weighted metrics are
not directly comparable across modalities, as confidence levels vary significantly between text,
image, and multimodal data. This limitation is especially relevant for multimodal models, where
the aggregated confidence for tweets is often reduced due to inter-modality disagreements.

In this work, a modular architecture has been selected, which uses Xception to extract visual
features and DeBERTa to process textual information, instead of integrated multimodal mod-
els such as CLIP [35] or BLIP [36] which jointly encode image and text, however, the joint
representation is highly coupled and can act as a ‘black box’. Also, the proposed model offers
representations that can be mapped more naturally to fuzzy sets and linguistic rules, something
that is less straightforward in models whose output is a dense embedding that is difficult to map
transparently. Therefore, this choice is motivated by several factors: it allows for greater control
and interpretability of each modality, enables seamless integration with fuzzy logic systems,
and offers flexibility to adapt each model to the specific needs of the task. In addition, by keep-
ing image and text encoders separate, it is easier to analyse and understand the individual con-
tribution of each type of data to the final decision. Regarding visual sentiment analysis, there
are more advanced vision models, such as Vision Transformers (ViTs) [37] or Swin Transform-
ers [38], which are able to capture complex contextual relationships within images. However,
these models present a high computational cost and a large set of images to train. Finally, the
proposed approach is more computationally efficient, as it does not require large datasets in
which image and text are paired, which is necessary for training or tuning embedded models.

4.4 Ablation and component contribution analysis

Table 12 reports an incremental ablation under crisp evaluation for each modality.

Table 12 Incremental ablation Modality Component macro- MCC  BA Kappa
under crisp evaluation F1
Text Baseline 0.476 0.301 46.40%  0.295

Text  Metadata 0485 0311  47.10%  0.305
(+0.009) (+0.010) (+0.70pp) (+0.010)

Text CW 0499 0316  48.00% 0311
(+0.014) (+0.005) (+0.90pp) (+0.006)

Text ADASYN 0566 0339  56.70% 0.339
(+0.081) (+0.028) (+9.60pp) (+0.034)

Image  Baseline 0.366 0.123 38.03%  0.107

Image  Colour 0.411 0.163 40.69%  0.159
(+0.045) (+0.040) (+2.66pp) (+0.052)
Image CW 0.416 0.167 41.04%  0.163

(+0.005) (+0.004) (+0.35pp) (+0.004)

Image ADASYN 0421  0.170  43.47%  0.169
(+0.010) (+0.007) (+2.78pp) (+0.010)

Multi-  Baseline 0.535 0.298 51.60%  0.289

modal

Multi- CW 0.553 0.309 53.00%  0.308
modal (+0.018) (+0.011) (+1.40pp) (+0.019)
Multi-  ADASYN 0.574 0.330 59.40%  0.329
modal (+0.039) (+0.032) (+7.80pp) (+0.040)
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As summarised in Table 12, augmenting the textual stream with metadata increases
macro-F1 by 0.009 and balanced accuracy by 0.70pp, while adding colour cues to the visual
stream improves macro-F1 by 0.045 and balanced accuracy by 2.66pp. Building on these
enriched baselines, the class-imbalance correction introduced by ADASYN delivers the
largest marginal improvements, culminating in the multimodal model with +0.039 macro-
F1 and +7.80pp balanced accuracy, whereas the confidence-weighted loss contributes
smaller yet systematic increments across modalities (e.g., +0.018 macro-F1 and +1.40pp
balanced accuracy in the multimodal setting). Taken together, the progression from uni-
modal to enriched inputs, and then to rebalanced training, indicates that most of the perfor-
mance lift is explained by distributional rebalancing, with confidence weighting acting as a
complementary regulariser that consolidates the gains.

4.5 Feasibility analysis and applications

The previous section has analysed and compared the different approaches proposed. In this
section, the model will be studied from a computational efficiency and complexity point of
view. It will also highlight possible applications of the model beyond the problem presented
in this paper, as well as the weaknesses and strengths of the model.

From the point of view of computational efficiency and complexity, the proposed models
are complex and have a high computational cost during their training phases. However,
these aspects, which may seem negative, do not affect the performance of the application
when deployed in a real online system. This is because the high complexity and computa-
tional time are primarily used in the construction phase, whereas in the inference phase,
the model remains highly efficient, with response times well below one second. The infer-
ence pipeline is optimised by performing the extraction of features from text using word
embeddings (~ 0.005 s), image processing with Xception (~ 0.022 s), and colour feature
extraction (~ 0.003 s) in parallel, minimizing latency. These features are then sequentially
processed by DNN, which completes its inference in approximately 0.002 — 0.005 s, ensur-
ing rapid predictions. The system runs on a 16-core Intel(R) Xeon(R) Silver 4216 processor,
384 GB of RAM, and two NVIDIA A100 GPUs with 40 GB of memory each. Moreover,
considering that these systems need to be retrained with new information, this would not
be a problem either. During inference, the system would continue its normal operation,
while offline it would retrain the model, and once ready, the model replacement would be
automatic, ensuring uninterrupted service. Furthermore, it is worth noting that the system
was designed and evaluated in a high-performance computing environment. This context
implies that the primary focus of our work has been operational efficiency rather than opti-
misation for highly constrained edge devices. Nevertheless, the inference stage remains
extremely lightweight, with total response times under 30 milliseconds. This responsiveness
makes the system well-suited for real-time sentiment applications. Regarding the additional
components introduced in this work, the computational footprint of ADASYN and the fuzzy
evaluation layer is modest. ADASYN is executed only once on the training split to generate
synthetic minority instances, so its cost is amortised over the offline training process and
does not affect online latency. It increases the number of training samples during optimisa-
tion, but the inference phase relies on the same model size and feature dimensionality as the
baseline, so memory usage at deployment time remains unchanged. The fuzzy evaluation
layer operates on top of the three class probabilities and the tweet-level confidence with a
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small number of arithmetic operations per instance, which adds no measurable overhead to
the inference times reported above when compared with the forward passes of DeBERTa,
Xception and the DNN. Although energy consumption and memory usage were not explic-
itly measured, the system architecture, which relies on pre-extracted features, parallel pro-
cessing of modalities, and non-fine-tuned models, indicates a reasonable memory footprint.
In addition, the model can be retrained offline without disrupting inference, allowing con-
tinuous service even as data conditions evolve. This parallelism in training and modular
architecture ensures consistency across modalities and supports efficient updates without
service interruption. Therefore, we can state that the system is computationally efficient and
that the complexity of the model does not prevent real-time deployment in typical social
media monitoring scenarios.

The model proposed in this paper has been evaluated using a dataset of tweets. However,
its application goes beyond the world of social networks. From a business perspective,
marketing is one of the most important aspects of success [39]. This model can be applied
to assess the sentiments conveyed in a proposed poster, advertisement, post, or similar. This
could help to avoid conflicts in marketing, as advertisers may have a positive approach and
yet the advertisement may not be conveying that feeling. In a health application, it may be
even more useful to evaluate every single advertisement or post that is published. The health
campaigns that governments are running to prevent diseases and/or breakdowns in health
systems should resonate deeply with people [40]. Therefore, the more visions and points of
view that people have of an advertisement, both its text and its image, the more influential
the advertisement can become. The proposed model may also be ideal for this case, since
by providing a fuzzy focus, a greater amount of information is provided to users. Thus, the
model could provide the final fuzzy output, but it would also be feasible to provide interme-
diate outputs, thus providing a feasible amount of information for end users to decide with
greater guarantees. Beyond these marketing and public-health scenarios, the same fuzzy,
confidence-aware outputs and intermediate explanations make the approach suitable for
intelligent environments such as social sensing dashboards, safety monitoring systems and
customer-care automation interfaces, where risk-aware decision policies can benefit from
calibrated sentiment estimates and sample-level confidence profiles.

A final point to note is the strengths and weaknesses of the proposed method. Among
the strengths of the method, we find a complex but efficient model which combines a large
amount of information and uses fuzzy logic to provide a more complete view of the infor-
mation. In addition, the applicability of the proposal is wide and allows working in a trans-
parent way to the user, since with an accessible and simple graphical interface any user
could upload image and text and analyse the feelings that transmit together such informa-
tion. Finally, we focus on the weaknesses of the model. As we have seen in the results,
minority classes benefit little in the results. To alleviate this disadvantage, we need to study
in a future line the possibility of creating synthetic data that are representative of the minor-
ity class in order to create a better balance of the classes. In addition, another possible line
of work would be to look for new data sources and select the minority classes and use a data
condensation for the majority classes to select those instances that are more representative.
However, it is important to note that this negative aspect of minority classes is a problem
that needs to be addressed in many everyday problems.
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5 Conclusions and future work

This study has presented a modular framework for multimodal sentiment analysis that
couples DeBERTa for text and Xception for images with lightweight auxiliary channels
(metadata and dominant colour features) and a fuzzy-logic layer that aggregates annotator
confidence and evaluates with a J-tolerant criterion. The design targets real-world condi-
tions where ambiguity and imbalance are the rule rather than the exception. On a markedly
imbalanced X corpus, the multimodal model attains weighted-F1 of 0.493 for the negative
class, 0.681 for the neutral class and 0.832 for the positive class, while an incremental abla-
tion shows that auxiliary channels reinforce unimodal branches, ADASYN accounts for the
largest gains, and confidence-weighted loss provides consistent secondary improvements
without altering backbone capacity.

A second contribution we propose the selection of the fuzzy tolerance as a validation-time
choice that maximises weighted-F1 while preserving agreement (WAI), and we document
sensitivity curves across ¢, with a stable operating point at §* = 0.3 throughout modalities.
Beyond three-way polarity, the same fuzzy layer extends naturally to fine-grained or par-
tially overlapping taxonomies by aggregating annotator input into confidence-weighted soft
targets and by awarding partial credit when predictions distribute probability across neigh-
bouring labels. The framework remains backbone-agnostic and keeps modality separability,
which improves interpretability and eases domain adaptation.

From the perspective of intelligent environments, such as social sensing dashboards, safety
monitoring or customer-care automation, the proposed combination of confidence aggregation
and d-tolerant evaluation offers deployment-relevant properties: it provides calibrated, sample-
level evidence that can be surfaced to decision policies; it exposes a controllable trade-off via §
so that tolerance can be tightened or relaxed according to risk; and it yields an agreement signal
(WALI) that supports defer-or-act strategies. In practice, this enables risk-aware operation (e.g.,
deferring to a human when confidence weight or WAI fall below a threshold), targeted alerts
when sustained negative sentiment emerges with high agreement, and auditable explanations
because each prediction is linked to the contributing modality and confidence profile. Taken
together, these elements advance research in intelligent environments and computational intel-
ligence by showing how fuzzy logic driven confidence aggregation can be integrated with deep
multimodal models at the levels of data labelling, class rebalancing and evaluation, which is
essential for transparent and risk aware decision making in real deployments.

As future work, we will position the framework against recent vision and vision-lan-
guage encoders, such as CLIP/ViT variants, BLIP-style models and multimodal transform-
ers, under matched data and optimisation budgets, reporting both the crisp score (§=0) and
the fuzzy score at the validated operating point so that any differences reflect methodology
rather than capacity. On the vision side, we will explore stronger backbones (ViT/Swin),
region-focused cues that isolate sentiment-bearing elements, and richer semantics from
facial, symbolic and contextual signals; on the data side, we will study augmentation strate-
gies with greater semantic fidelity in both text (paraphrasing, BERT-based edits) and images
(quality-constrained synthesis). For fine-grained sentiment, we plan to derive soft targets
from a label-similarity kernel and, where overlap is pronounced, to consider class-specific
tolerances Jj,, evaluating on datasets with nuanced categories (e.g., sarcasm). Finally, rather
than discarding multimodal inconsistencies, we will investigate adaptive fusion and rein-
forcement learning to reconcile text—image evidence when the two streams diverge.
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