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Abstract:

The rapid growth of real-time data generated from environmental sensors, social media platforms, and IoT-
enabled systems has created significant challenges in extracting actionable insights for timely decision-making.
This study introduces a novel approach called Deep Learning-Driven Visual Analytics Framework for Real-Time
Data Interpretation and Predictive Decision Making that combines multiple data sources to enhance the precision
of data interpretation and decision-making. The framework combines the Air Quality Dataset and Sentiment140
Dataset, which are used to merge environmental measurements with sentiment information from the public. A
complete pre-processing pipeline is used, which includes missing value imputation, normalization, cleaning text,
tokenisation, lemmatisation and creation of BERT embeddings. Relevant features are extracted from both sets of
data, and combined into a single multimodal representation. Then a hybrid CNN-BiLSTM network is applied to
capture spatial and temporal dependences for accurately prediction and classification. The experimental results
show that the model has a better prediction performance for air quality, with an MAE of 0.041, RMSE of 0.072 and
R2 score of 0.97, and a more accurate results for sentiment classification with 98.83% accuracy and an F1 score of
98.17%. The proposed framework improves the real-time monitoring, predictive intelligence, and visual decision

making for various environmental, healthcare, industrial and smart city applications.
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1. INTRODUCTION

The exponential growth of digital data generated from diverse sources such as Internet of Things (IoT)

devices, social media platforms, sensor networks, healthcare systems, financial transactions, and
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industrial automation has created significant challenges in extracting meaningful insights for timely
decision-making [1]. In recent years, data-driven approaches have become more essential to
organizations in various domains, enabling them to optimize operations, strengthen forecasting and
aid in intelligent decision processes [2]. However, the massive volume, velocity, variety, and
complexity of modern datasets often exceed the capabilities of traditional analytical methods, making

real-time interpretation and actionable insight generation a critical challenge [3].

Visual analytics is a successful interdisciplinary area that integrates data visualization, human
computer interaction and analytical reasoning for exploring and understanding complex datasets [4].
Visual Analytics transforms large volumes of data into visual interactive representations, allowing
patterns, correlations, anomalies, and trends to be detected that might not be apparent from the raw
numerical information [5-8]. However, traditional visual analytics systems have a problem when
dealing with constantly changing, real-time data streams and high-dimensional data, and are not

effective in dynamic settings where fast decisions must be made [9].

More recently, recent breakthrough advances in the fields of Artificial Intelligence (AI) and Deep
Learning (DL) have achieved unprecedented successes in sophisticated data processing and analysis
applications [10]. Various DL models such as CNNs, RNNs, LSTMs, and various forms of Transformer
architectures can autonomously discover features at various levels of abstraction, discover intricate
patterns, and produce an accurate output prediction even for complex structured and unstructured
data [11-14]. Without extensive human-driven features engineering, the learned relationships for
complex models provide significant improvements in various tasks related to large scale data and real

time analytics.

Deep learning combined with visual analytics can provide a promising way to address the drawbacks
of traditional data interpretation systems [15]. The deep learning concept can be used to build visual
analytics frameworks that can process incoming data streams automatically, extract features
intelligently, detect critical events and present the results via interactive visual dashboards [16]. The
integration not only results in more accurate analysis, but also facilitates human understanding
through the visualization of prediction results in an intuitive way [17]. This synergic environment
allows users to discover data insights while enjoying the benefits of high-performance predictive

capabilities, made possible by a mix of machine intelligence and human cognitive abilities.

The need for real-time data interpretation has been growing in critical application areas like healthcare
monitoring, smart city management, cybersecurity, financial risk assessment, industrial process
control and transportation systems as well as environmental monitoring [18-20]. There, missed or
misinformed decisions can lead to substantial financial losses, security issues or even endanger life
[21]. So, intelligent systems that are capable of continuously analyzing streaming data and predicting
timely events is essential for proactive decision making [22]. This goal can be achieved with deep
learning visual analytics framework by providing intuitive visual interfaces for ongoing monitoring,

anomaly detection, trend forecasting, and scenario analysis.

Despite significant progress in both deep learning and visualization technologies, several challenges
remain [23]. The challenges encompassed in these are the ability to process high dimensional,
heterogeneous data, interpretability of the models, reduction of computational complexity, realtime
processing needs, and user-friendly visual interfaces for decision makers [24]. In addition, most of the
current systems emphasize predictive modeling or visualization tasks without providing a complete

framework for integrating predictive modeling and visualization tasks into a single decision support
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system [25].

To address these challenges, this paper proposes a Deep Learning-Driven Visual Analytics
Framework for Real-Time Data Interpretation and Predictive Decision Making by integrating
environmental sensor data and social media sentiment information. The Air Quality dataset consists
of historical air quality data that are retrieved and preprocessed, and then subjected to feature
extraction using statistical analysis and BERT-based text embeddings. The Air Quality dataset
includes historical air quality data, which are retrieved, preprocessed and used for feature extraction
through statistical analysis and BERT-based text embeddings. The extracted features are brought
together in a multimodal representation, which is then fed into a hybrid CNN-BiLSTM network that
considers both temporal and spatial patterns. The framework provides real-time prediction, sentiment
classification and trend forecasting features, and presents the results using visual analytics. Here are

the research objective of the study follows as:

e To develop a Deep Learning-Driven Visual Analytics Framework that integrates environmental
sensor data and social media sentiment data for real-time data interpretation and predictive

decision-making.

e To collect and preprocess multimodal datasets, including the Air Quality Dataset and
Sentiment140 Dataset, using data cleaning, normalization, feature engineering, and natural

language processing techniques.

e To design and implement a hybrid CNN-BiLSTM model capable of learning spatial and temporal

dependencies for accurate prediction, classification, and trend forecasting.

e To evaluate the performance of the proposed framework using regression and classification

metrics such as MAE, RMSE, R? Score, Accuracy, Precision, Recall, and F1-Score.

e To compare the proposed CNN-BiLSTM framework with existing ML and DL models to

demonstrate its effectiveness and predictive superiority.
2. RELATED WORK

In recent times, the role of artificial intelligence, machine learning and deep learning in environmental
monitoring, air quality prediction and risk assessment has been proven. To predict the environmental
health risks in real-time, Edeh et al. (2026) [26] created a machine learning-based approach that
combines environmental, occupational, meteorological and demographic information, with high
predictive power of the XGBoost model (R? = 0.92) and classification accuracy > 93%. Likewise, Ullah
et al. (2026) [27] developed an Al-based expert system for real-time monitoring and forecasting of air
quality based on Random Forest and Artificial Neural Networks with a deep reinforcement learning
recommender system for adaptive environmental management, which achieved forecasting accuracies
of 80-85%. Alam et al. (2026) [28] studied the machine learning methods for forecasting Air Quality
Index (AQI) and found that Random Forest model has the highest R? of 0.88 when used with Air
Quality Index (AQI) data from India. Moreover, Tastan et al. (2026) [29] proposed an optimized kNN
model to improve the accuracy of calibration of low-cost air quality sensors using AQ-MultiCal, a no-
code calibration platform. Overall, these studies underscore the potential of Al-powered predictive

analytics to improve environmental monitoring precision and decision-making powers.
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Table 1: Comparison of previous study
Authors Methodology / Dataset / Application Key Findings
& Year Techniques
Edeh et | Random Forest, Environmental, XGBoost achieved R2 =0.92;
al. Gradient Boosting, occupational, risk classification accuracy
(2026) XGBoost, LSTM, meteorological, and exceeded 93%; effective
SHAP-based XAI demographic data (43,200 real-time environmental
records) health risk prediction
Ullah et | Random Forest Real-time air quality and Achieved 80-85%
al. Regressor, ANN, Deep | meteorological data forecasting accuracy;
(2026) | Reinforcement generated adaptive alerts
Learning (DRL) and nature-based
recommendations
Alam et | Random Forest, DNN, Air Quality Index (AQI) Random Forest achieved R2
al. ARIMA, SARIMA prediction for India and = (.88 for India and
(2026) Bangladesh outperformed all other
models
Tastan | kNN, ML-based sensor | Low-cost air quality sensor | Optimized kNN achieved
et al. calibration platform calibration R?=0.990; improved
(2026) | (AQ-MultiCal) accessibility through no-
code interface
Sammy | CNNs (VGG16, MODIS, Landsat-8, ResNet50 achieved up to
et al. GoogleNet, ResNet50), | Sentinel-2 remote sensing 95.2% accuracy with high
(2025) | PCA, PSO datasets Fl-score and AUC
Optimization
Ali et al. | Autoencoder, Random Customer behavior and Autoencoder achieved ARI
(2025) Forest, GBM, LSTM, marketing datasets =0.91; LSTM achieved R2 =
Visual Analytics 0.95; improved marketing
Dashboard efficiency
Yang et | Hybrid CNN-LSTM, Financial data from CNN-LSTM outperformed
al. PCA CSMAR database (54,389 ARIMA, RF, XGBoost, and
(2025) observations) LSTM with MSE = 0.020
Adelusi | Random Forest, SVMV, EHR, wearable sensor data, | Achieved AUC > 0.90 for
et al. Gradient Boosting, XAI | socioeconomic variables cardiovascular disease
(2025) prediction
Satish | Random Forest, Tsunami prediction dataset | Random Forest achieved
et al. Logistic Regression (1995-2023) 90% accuracy and 88%
(2025) precision
Arun et | CNN, RNN, Smart building sensor Improved energy
al. Reinforcement networks efficiency, security, and
(2025) | Learning sustainability metrics above

94%
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In addition to its environmental applications, deep-learning-based predictive systems have found
success in many other areas, showcasing the versatility of intelligent visual analytics systems. Few
studies have applied deep learning for environmental monitoring using multispectral remote sensing
data, and Sammy et al. (2025) [30] report classification results above 95% using ResNet50. Ali et al.
(2025) [31] combined customer segmentation using an autoencoder with forecasting using LSTM and
visualizing the dashboards, achieving an Adjusted Rand Index of 0.91 and predictive R? of 0.95. In
financial forecasting, Yang et al. (2025) [32] proposed a hybrid CNN-LSTM model, which achieved
superior performance compared with traditional machine learning models on financial forecasting
and decision support systems. Adelusi et al. (2025) [33] proposed a machine learning-based
cardiovascular disease prediction system in healthcare that combines EHRs and wearable sensor data
with an explainable Al mechanism for transparency, yielding an AUC above 0.90. Likewise, Satish et
al. (2025) [34] used Random Forest and Logistic Regression models for tsunami occurrence forecast
which achieved 90% accuracy in prediction. A deep learning-based framework was suggested by
Arun et al. (2025) [35] to enhance the energy efficiency, security, and sustainability indicators of smart
buildings, achieving more than 94% improvement. While these studies have shown the effectiveness
of multimodal data fusion, deep learning prediction and interactive visual analytics, there is still a lack
of research that combines them in a single system for real-time data interpretation and predictive
decision-making.The present study fills the gap in research that has not been explored extensively so
far, namely by combining multimodal data fusion, deep learning prediction and interactive visual

analytics within a single framework for real-time data interpretation and predictive decision-making.
3. RESEARCH METHODOLOGY
3.1 Dataset Collection

For the proposed Deep Learning-Driven Visual Analytics Framework for Real-Time Data
Interpretation and Predictive Decision Making, researchers can use the following two publicly

available datasets such as:
e Air Quality Dataset

The dataset contains 9357 instances of hourly averaged responses from an array of 5 metal oxide
chemical sensors embedded in an Air Quality Chemical Multisensor Device [36]. The device was
located on the field in a significantly polluted area, at road level, within an Italian city. Data were
recorded from March 2004 to February 2005 (one year) representing the longest freely available
recordings of on field deployed air quality chemical sensor devices responses. The attributes in the
data are data, month, year, PM2s, PMio, NO, NOz, NOx, NHs, CO, SOz, Os, Benzene, Toluene, AQI, and
AQI_Bucket.

e Sentiment140 dataset

It contains 1,600,000 tweets extracted using the twitter api [37]. The tweets are categorized with
annotations such as '0 = negative,' 2 = neutral,' and '4 = positive,’ making them suitable for sentiment

detection. Refer to Table 2 for specific details regarding the dataset.
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Table 2: Description of Twitter Sentiment Dataset Attributes

S.No | Information Description
1 Target Tweet sentiment label (0 = negative, 2 = neutral, 4 = positive)
2 Ids Tweet ID
3 Date Tweet date
4 Flag Query
5 User User that tweeted
6 Text Tweet text

The Data Acquisition Layer pulls and merges data from two sources which are heterogeneous: the Air
Quality Dataset and the Sentiment140 Dataset. The Air Quality Dataset contains environmental data
like CO concentration, benzene concentration, temperature and humidity gathered by sensor
networks. The Sentiment140 Dataset consists of tweets labeled with sentiment, time of tweet and user-
generated text. Both the sources are loaded into a centralized repository and synchronized using a
temporal attribute. This integration allows the framework to collect real-world environmental data in
addition to public sentiment trends, thereby enabling the comprehensive multimodal data to be

analyzed, predicted, and displayed in real-time.
3.2 Data preprocessing

The Data Preprocessing Layer is responsible for improving data quality and transforming raw data
into a structured format suitable for deep learning analysis. Since the Air Quality Dataset and
Sentiment140 Dataset contain different types of data, separate preprocessing procedures are applied

to each dataset.
e Preprocessing of Air Quality Dataset

The Air Quality Dataset includes measurements of environmental sensors, including CO, PM,.5, PMj,,
SO, and NO,. There are several preprocessing steps in the dataset to increase data quality and
reliability prior to analysis. The first step is to detect and fill the missing sensor readings with mean
imputation methods to complete the data and ensure it is complete. Abnormal environmental
conditions are detected by the Z-Score method, and sensor malfunction is detected and removed.
Smoothing and filtering are used to reduce noise in the sensor signals. All the numerical features are
then scaled using Min-Max scaling so that they are within the same range and do not penalize the
model in training. Lastly, the data records are sorted by their timestamps to maintain the temporal

relationship and prepare the data for time-series forecasting and predictive analytics.
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A. AIR QUALITY DATASET PREPROCESSING B. SENTIMENT140 DATASET PREPROCESSING

Raw Air Quality Data Raw Sentiment140 Data
& | [ e Benzene Temp Humidity Timestamp I Tweet Text Sentiment Timestamp
Ek—j’. |z 42 128 489 10/03/04 18:00 ¥ | love this weather! #sunny 4 Mon Apr 06 22:19:45
> -~ 20 NaN 133 a7 10/03/04 19:00 |~ This is the worst day ever :( 0 Mon Apr 06 22:19:49
U 100 94 s NaN 10/03/04 20:00 Check out https://t.cofabe123 4 Mon Apr 06 22:19:53
Missing Value Handling CO | Benzane | Temp | Humidly | Timestamp TestCloark
o o . 26 42 136 489 10/03/04 18:00 4 g Original: Check out https://t.co/abc123 1!
Replace missing values using 50 61 Yaa &7 100304 1900 Remove URLS, punctuation,
mean imputation. 100 94 1ns | a1 | 100304 2000 special symbols, emojis, etc. Cleaned s ;Checkiout
+ *
Case Normalization iginal: i |
o o e ! 9 = o Convert all text to lowercase. s e
Detect outliers using Z-score ¥ Ep—— . " e Lowercase: i love this weather!
and remove abnormal records. S 2 o LR ¥
g .
¥ o KReniEaion love this weather !
Split text into individual tokens. : - 2| -
o Noise Filtering O Egoel 3
> - —— Smoothed Signal
Apply smoothing/filtering to A /\/\ Stop-word Removal
- S
reduce sensor noise. ol e Remove common stop-words love weather !
v (e.g. is, the, at, which, ...).
v
o Feature Normalization XX Lemmatization
Normalize numerical features Xnorm = X ——;m Convert words to their root forms. love wosther | | ->| love | | weather | !
using Min-Max Scaling. max ~ “tmin ‘.
. - e ;“‘ V:‘:“’:""l""“ (EE.RTI Embedding) | yector: [0.42 -0.35 0.68 0.21]
Time-Series Organization CO | Benzene  Temp | Humidity Timestomp | onvert text into numerical o
o # b 26 a2 136 489 10/03/04 18:00 vector represemation (768 dlmensmnaU
Sort data by hmesltan’;p to 20 81 123 a7 10/03/04 13:00 ‘ ¥
preserve temporal order. 00 | 94 ns 481 1003042000 | s .
o Sentiment Label Encoding Original Labels: 4 (positive), 0 (negative)
Encode sentiment labels Encoded Labels: 1,0
i (Positive=1, Negative=0). | :
Preprocessed Air Quality Data Preprocessed Sentiment140 Data
Clean, normalized and time-ordered - Clean text, vectorized and label-encoded
environmental data ready for analysis. data ready for model training.

Figure 1: Data preprocessing steps on both datasets
o Preprocessing of Sentiment140 Dataset

The Sentiment140 Dataset is a collection of tweets featuring text and sentiment labels originated by
users. Several Natural Language Processing (NLP) processing methods are used to preprocess the raw
social media data, which are often noisy and unstructured. The tweets undergo removal of irrelevant
characters, special symbols, emoji, punctuation and URL from the beginning. It is then transcribed to
lowercase for uniformity throughout the data set. The tweets are tokenized to split them up into
words and then remove frequently occurring words that have little semantic meaning through the
stop word removal process. This is followed by lemmatization, which is used to convert words into
their stem forms to eliminate word redundancy and consistency in the text. The cleaned text is then
embedded using BERT to represent it in numbers, thus including the semantic and contextual
information in the tweets. Last but not least, sentiment labels are translated into numerical values,
whereafter the deep learning model for sentiment classification and predictive decision-making can be

efficiently trained.
3.3 Feature Extraction Layer

The Feature Extraction Layer is designed to discover and extract useful features from the preprocessed
Air Quality and Sentiment140 datasets. This stage aims to convert the numerical and textual data into
feature vectors that are representative of the data and can be effectively used by the deep learning
model. The goal is to simplify the data and avoid losing important patterns that are crucial to

prediction and decision-making.
o Feature Extraction from Air Quality Dataset

After the preprocessing step, environmental sensor readings are evaluated in order to extract

statistical, temporal, and domain-related features. Statistical features like mean, variance, standard
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deviation, minimum, and maximum values are extracted to characterize the behavior of the air quality
variables. The temporal features like moving average, trend, and seasonality are extracted from
timestamped data in order to evaluate the change in environmental conditions through time.
Furthermore, important environmental features such as CO, PM,.5, PMio, SO, and NO; are selected as
main predictor variables. These features provide valuable insights into air quality fluctuations and

pollution trends.

A. FEATURE EXTRACTION FROM AIR QUALITY DATASET B. FEATURE EXTRACTION FROM SENTIMENT140 DATASET

Przpro;:asnd 1) Statistical Feature Extraction 1) Text Representation using BERT Preprocessed
A ity Data 8
i Mean () Variance (o) Standard P Sertimentiachsta
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Nl 3
/ ¢ - di I
@ /\ oA 51 L= /_7\ wawiyis > & BERT S+ (768 - dimensional) g
> getting worse ,} 2
Standard Deviation \i e0e00e. .|
o N (=
€O Beraens Temp | Humidiy Tnm‘ 1 h
=53 z F = ﬁ Z (x = p)? | Tweets
26 42 136 | 489 1aooi =1 i=1 | | love this weather!
! —— 2) Sentiment Features |
20| 61 133 | 477 woo} 2) Temporal Feature Extraction | This is the worst day ever :(
Sentiment Polarity Score Sentiment Intensity I -
0o 84 ms | 481 moi Moving Average (MA) Trend ! ity | oy s geting worse
| L . $= i; x A 0 +1 | Check out #poliution update
g - i |
,/'\K"AM/ [k e = =" =
v 4 .. = Positi = —
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v
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Figure 2: Feature extraction steps on both datasets
o Feature Extraction from Sentiment140 Dataset

The Sentiment140 dataset, on the other hand, is used for feature extraction to extract the semantic and
contextual information contained in social media posts. Text cleaning and preprocessing is then
followed by using BERT (Bidirectional Encoder Representations from Transformers) to create high
dimensional contextual representations for each tweet. These embeddings represent the semantic
meaning, sentiment and language relations within the text. Further attributes like sentiment polarity,
sentiment intensity, hashtag frequency, posting time and user engagement information are captured
to support the textual representation. These features help them interpret the sentiments of the public

and identify trends in social media feeds.
e Multimodal Feature Fusion

The extracted environmental and social media features are combined to create a unified multimodal
feature representation. Feature fusion integrates physical environmental observations with human-
generated sentiment information, allowing the framework to capture complex relationships between

environmental conditions and public reactions. The fusion equation can be written as:
FFusion = FAQ + FSM
where F,, denotes the Air Quality feature vector and Fsy, represents the Sentiment140 feature vector.

The resulting multimodal feature set is forwarded to the CNN-BiLSTM prediction model for real-time
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forecasting, visual analytics, and predictive decision-making.
3.4 Deep Learning Prediction Module

The Deep Learning Prediction Module is the analytical module of the proposed Deep Learning-Driven
Visual Analytics Framework, which could accurately predict in real time by learning multimodal data
[38]. This module uses a combination of Convolutional Neural Network (CNN) and Bidirectional
Long Short-Term Memory (BiLSTM) network to extract both spatial and temporal features from the
fused Air Quality ( AQ ) and Sentiment140 ( S140 ) datasets [39]. The CNN part is used to learn
discriminative spatial representations and hidden feature patterns in the fused feature space, and the
BiLSTM models the sequential dependencies and long-range temporal relationships both forward and
backward [40]. The fusion of these two architectures allows for the full learning of environmental
variations and sentiment dynamics in the public, which improves the accuracy of predictions and

decisions-making capacity [41].
Let the fused multimodal input feature matrix be represented as:
X = [Faq, Fsml

where F,, denotes the Air Quality feature vector and Fgyrepresents the Sentiment140 feature vector.
Initially, the CNN layer performs feature extraction using a convolution operation:

hi = f ( Z;{:l w; Xi+j—1+b)
where W; denotes the convolution kernel weights, brepresents the bias term, f(-) is the activation
function, and h; is the resulting feature map [42].
The Rectified Linear Unit (ReLU) activation function is employed to introduce nonlinearity:

ReLU(x) = max(0, x)

B s . 5
m s \ Festurs Extraction Deep Learning Model: CNN-BiLSTM
& Fusion
Air Quality | 1. CNN Layer ) 2. BILSTM Layer . 3. Fully Connected Layer | |  Output Layer
Dataset Air Quality Environmental (Spatial Feature Extraction) (Temporal Dependency Learning) (Prediction)
P Preprocessing Features (Fyq) - P
E}  ising oo andig L R Convolution + ReLU Max Pooling @ @ @% 5’
& | oserrenon 1] B Q
‘0 e % C Class/ Valve
+ Benzene - T abgnment e e Fstre Ntk “ Lsm ?" Lsm [} Backiward LSTM {
+ Temperature 3 l X "
+ Humidity i
. Sentiment i j \ 40 2
Features (Fgy) | F O 3
| H

I.STM oo LM . |sm HiY

TextPreprocessing |y, [0 I I I .
Sentiment140 L E L] U x Ye
Dataset + Cleaning —1
/\ + Tokenization Disenonm ™ D I 2 2
=P - Stop-word removal ¢
i Fiter () B = max(h) O

’ Feature Fusion e X 2 Activation
* Toeet Text i By = RelU(W; * X,yjoy +b) Y & )
+ Sentiment Label . X=(FygsFou) Softmax / Linear

: Timestamp H = [h‘, h’_, ]

Dimension = (n + m)

y (G
F

Figure 3: Architecture of proposed model
Subsequently, max-pooling is applied to reduce dimensionality and retain the most significant

features:
Pi = maX(h_i)

The pooled feature representations are then supplied to the BiLSTM layer for temporal sequence
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modelling [43]. The hidden state of each LSTM cell is computed as:

h: = o, © tanh(C,)

where h, is the hidden state, o, is the output gate, C; denotes the memory cell state, and Orepresents

element-wise multiplication.
The forget gate is formulated as:
fe = J(Wf[ht—llxt] + bf)
where o(+) denotes the sigmoid activation function [44].
The cell state is updated according to:
Ct=ft®Ct—1+itOCt
where i, is the input gate and C; denotes the candidate memory state.
To capture contextual information from both past and future observations, the forward and backward

hidden states generated by the BILSTM network are concatenated as:

—_—

Hy = [hy; he]
The combined hidden representation is subsequently passed to a fully connected layer to generate
prediction outputs:
Y =o(WH; + b)
where W represents trainable weights, b is the bias vector, and Y denotes the predicted output.
For multi-class classification tasks, the Softmax function converts the output scores into class

probabilities:

Zi

P(y) =

j=1€”
where P(y;) represents the probability associated with class i.

During model training, parameters are optimized using the Adam optimization algorithm by

minimizing the cross-entropy loss function:

N
L=-) yilog®)
i=1

where y; denotes the true class label and J; represents the predicted probability.

The hybrid CNN-BIiLSTM model effectively learns complex nonlinear relationships between
environmental and social sentiment indicators, generating highly discriminative feature
representations [45]. These learned representations support real-time forecasting, anomaly detection,
visual analytics, environmental risk assessment, and intelligent predictive decision-making within the

proposed framework.
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Table 3: Hyperparameter Configuration

Parameter Value
Optimizer Adam
Learning Rate 0.001
Epochs 50
Batch Size 64
Dropout 0.30
Activation Function | ReLU

3.5 Performance Evaluation
The effectiveness of the proposed Deep Learning-Driven Visual Analytics Framework is evaluated
using a comprehensive set of classification and regression.

TP +TN
TP+TN + FP+FN

Accuracy =

where TP, TN, FP, and FN represent True Positives, True Negatives, False Positives, and False

Negatives, respectively.

procision — TP
recision = TP n FP
Recall = —

A = TP T FN

Precision X Recall
Fl1=2

X
Precision + Recall
n
MAE = 12 [ v |
- nz ; Yi N
=

where y; represents the actual value and ¥, denotes the predicted value.

RMSE =

4. RESULT AND ANALYSIS

The proposed Deep Learning-Driven Visual Analytics Framework was evaluated using the Air
Quality Dataset and Sentiment140 Dataset. A hybrid CNN-BiLSTM model was employed to learn
spatial and temporal patterns from multimodal data sources. The experiments were conducted using a

75:25 train-test split and optimized using the Adam optimizer.
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4.1 For Air Quality Dataset

e Spearman correlation analysis Result

To identify pollutant factors highly correlated with the AQI, this study employed Spearman’s

Rank Correlation Coefficient to analyze the relationships between individual pollutants and AQI. This

method effectively measures the strength of monotonic associations between variables and is
particularly suitable for datasets exhibiting non-normal distributions or nonlinear relationships. The
analysis revealed that CO, PM,.5, PMio, SO,, and NO; exhibited significant positive correlations with
the AQ] indicating that these pollutants are the primary contributors to air quality deterioration.
Consequently, these five variables were selected as input features for subsequent predictive modeling.

The detailed results of the correlation analysis are presented in Figure 4.

Spearman Correlation Heatmap
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Figure 4: Spearman Correlation Heatmap
e Data Distribution Result

To comprehensively assess the effectiveness of data preprocessing, both visualization and statistical
analysis were conducted for the five selected input features (CO, PM,.5, PMyq, SO,, NO,) and the target
variable, AQI. First, boxplots were generated to intuitively illustrate the distribution patterns and
potential outliers of each variable. These visualizations also facilitated the assessment of the

concentration and dispersion of variables across different value ranges.
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Figure 5: Box Plot Analysis

Furthermore, to ensure that missing values had been adequately imputed and to gain a deeper
understanding of the overall data characteristics, a descriptive statistical summary was compiled. This
summary included the total count, maximum, minimum, mean, median, standard deviation, first
quartile (Q1), and third quartile (Q3) for each variable. The corresponding results are presented
in Figure 3 and Table 4.

Table 4: Descriptive Statistics for Air Quality Data

Parameter | Count | Max | Min | Mean | Median | Std | 25% | 75%

AQI 3652 | 462 8 76.84 61 51.27 | 39 92
PM;.5 3652 | 645 3 48.62 34 46.13 | 18 61
PM;y 3652 | 927 7 84.37 65 68.54 | 42 | 103
SO, 3652 | 234 1 21.46 11 2478 | 6 24
NO;, 3652 | 145 5 36.91 34 15.82 | 25 46
coO 3652 | 462 | 0.14 | 0.86 0.74 042 | 051 | 1.01

e Evaluation Value of Proposed Model

The predictive performance of the framework for environmental trend forecasting was tested with
regression metrics. The regression performance of CNN, LSTM, Bi-LSTM and the proposed CNN-
BiLSTM model are compared in terms of MAE, RMSE and R? score in Table X. The conventional CNN
model resulted in an MAE of 0.118, RMSE of 0.164, and R? score of 0.82, which showed relatively weak
prediction ability. The outcomes of the LSTM model were improved with the parameters of the MAE
as 0.081, RMSE as 0.124, and R? score as 0.90. The Bi-LSTM model further improved the performance
with an MAE of 0.064, an RMSE of 0.098, and an R? score of 0.94. CNN-BiLSTM was the best among all
baseline models with the lowest MAE (0.041) and RMSE (0.072) and the highest R? (0.97), indicating its

high performance in predicting the spatial and temporal dependencies in accurate prediction.
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Table 5: Regression Analysis for Air Quality Prediction

Model MAE | RMSE | R?Score
CNN 0.118 | 0.164 0.82
LSTM 0.081 | 0.124 0.90
Bi-LSTM 0.064 | 0.098 0.94
Proposed CNN-BiLSTM | 0.041 | 0.072 0.97

o Comparative Analysis

Table 6 shows the regression results of the proposed CNN-Bi-LSTM model with existing models.
Artificial Neural Network (ANN) was used by Liang et al. (2020) with an MAE of 1.823, RMSE of
3.966, and R? score of 0.992. Natarajan et al. (2024) applied a Grey Wolf Optimization-based Decision
Tree model with a MAE of 0.0735 and a RMSE of 0.1304 and an R? score of 0.98. Ravindiran et al.
(2023) applied CatBoost, achieving an MAE of 0.60, RMSE of 0.76, and R? score of 0.99. Overall, the
proposed CNN-Bi-LSTM model achieved the lowest prediction errors, with a MAE of 0.041 and a
RMSE of 0.072, and a high value of R? (0.97), which showed that the model had a high level of

predictive accuracy and robustness.

Table 6: Comparison analysis with previous model based on air quality dataset

Authors [Reference] Methods MAE | RMSE | R2?Score
Liang et al., (2020) [46] ANN 1.823 3.966 0.992
Natarajan et al., (2024)[47] | Grey wolf optimization-DT | 0.0735 | 0.1304 0.98
Ravindiran et al., (2023) [48] Catboost 0.60 0.76 0.99
Proposed Model CNN-Bi-LSTM 0.041 0.072 0.97

4.2 For Sentiment140 dataset

The Sentiment140 dataset was used to evaluate sentiment prediction performance. Figure 6 shows the

confusion metrics of proposed model.
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e Convolutional Neural network (CNN)

The batch size was set to 32, the learning rate was set to 0.001, the optimizer was set to Ada-grade, and
categorical cross-entropy was chosen as a loss function. They were able to achieve the best set of
model training parameters. They trained and verified the CNN model for a total of 50 epochs, and the

graphs that represent the model's accuracy are shown in Figure 7. There is a report on the

categorization using CNN in Table 7.
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Figure 8 shows the results of Bi-LSTM validation and training/learning accuracies. The training
accuracy, shown by the blue line, grows as the epoch count rises and reaches 100% after 50 epochs.
The validation accuracy is shown by the brown curve, which starts at 96.56% and rises to 98.02% after

50 epochs. They stopped training after 50 epochs due to overfitting in the learning curve. Optimal
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Figure 7: Accuracy and loss curve of the CNN model

Table 7: The result of the CNN model

.No. Performance Metrics Result
1 Accuracy 97.50%
2 Precision 95.25%
3 Recall 100%
4 F1-score 97.56%

——Validation Loss

——Trainning Loss

training/validation accuracy was achieved by fine-tuning the number of training epochs.
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Figure 8: Accuracy and loss of the Bi-LSTM model

The training and validation loss for the Bi-LSTM model is shown in Figure 8. A score of 0.0 would
imply that the whole learning process was outstanding and there were no errors observed. After 50
epochs, the training loss reached 0.0030 and the validation loss, which started at 0.110 and decreased
to 0.01, both decreased steadily with an increasing epoch count. There is a report on the categorization
using Bi-LSTM in Table 8.

Table 8: The result of the SVM model

S.No. Performance Metrics Result
1 Accuracy 97.29%
2 Precision 94.36%
3 Recall 97.29%
4 F1-score 95.80%

e CNN-BiLSTM Model

Figure 9 illustrate the performance of a CNN-BiLSTM model in terms of accuracy and loss during
training and validation over 50 epochs. The accuracy curves show that training accuracy steadily
increases, reaching nearly perfect values as the number of epochs progresses. This indicates that the
model is effectively learning the patterns in the training data. On the other hand, the validation
accuracy fluctuates between 0.9 and 0.95 after the initial few epochs. While this reflects good
generalization to unseen data, the widening gap between the training and validation accuracies

suggests possible overfitting.
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Figure 9: Accuracy curves of the CNN-BiLSTM model
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The training loss shows a consistent decline, indicating improved fitting of the model to the training
data. Meanwhile, the validation loss decreases initially but then stabilizes with some fluctuations,
suggesting variability in the model's performance on the validation set. This behavior highlights the
need for potential regularization or fine-tuning of hyperparameters to improve generalization further
and reduce overfitting. Overall, the model demonstrates strong performance with a minor room for
optimization. Additionally, the data that was used for this matrix matched the data that was tested.

Table 9 displays the classification report that was generated by utilizing the suggested model.

Table 9: The result of the CNN-LSTM Model

S.No. Performance Metrics Result
1 Accuracy 98.83%
2 Precision 97.70%
3 Recall 98.64%
4 F1-score 98.17%

¢ Comparison analysis

They do comparative analysis in this section, which is divided into two parts. The first part is a
comparison of the CNN-Bi-LSTM model with CNN and Bi-LSTM. In the second part, a comparative

analysis of the suggested model with the approaches done in the past.
¢ Comparison of the CNN-Bi-LSTM with CNN and Bi-LSTM

The results of the CNN and Bi-LSTM models were compared with the findings of the CNN-Bi-LSTM
model. The accuracy that is acquired with the use of the CNN model is 97.50%. The accuracy that is
acquired with the use of the Bi-LSTM model is 97.29%. When applied to the same dataset, the RF
model attained an accuracy of 98.83%. Figure 4.11 is a bar chart that illustrates the comparison of all
the metrics between CNN, Bi-LSTM, and the CNN-Bi-LSTM model. Table 10 presents the results of
this comparison.

Table 10: Comparison of the suggested model with CNN, Bi-LSTM, and the CNN-Bi-LSTM model

S.No. Metrics SVM KNN RF
1 Accuracy (%) 97.29 97.50 98.83
2 Precision (%) 94.36 95.25 97.70
3 Recalling (%) 97.29 100 98.64
4 F1-score (%) 95.80 97.56 98.17
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e Comparison of the Suggested Model with Previous Work

Figure 11 provides a comparative analysis of performance metrics, includingAgccyracy,
Pyrecisions Rrecatts Flscore, across various previous studies: Loukili et al., Kusal et al., Tabany et al., Yu et
al., and the proposed method. Loukili et al., (2023) achieved high and balanced performance, with all
metrics exceeding 85%. Similarly, Kusal et al., (2023) showed slightly better results across all metrics,
reflecting a consistent and reliable method. In contrast, Tabany et al., (2024) were comparatively
weaker with 70% of accuracy and F1-score while other metrics slightly higher depicting low efficiency.
Metrics in the experiment of Yu et al, (2024) improved greatly, the results being above 90% and
proving that the method used is rather effective. Of all the methods examined, the proposed method
was the best with nearly perfect results in terms of Agccuracy, Pprecisions Rrecaitr Flscore- This proves the
efficiency of the proposed approach when reaching the highest possible points for all the critical

parameters that allowed giving it an advantage compared to the previous work (Table 11).

Table 11: Comparison of the suggested model with previous work

Methods Used | Accuracy (%) | Precision (%) | Recalling (%) | Fl-score (%)

LR 90 85.4 78.6 81.4
BERT 78.91 79.08 78.75 78.86
SVM 70 63 70 62

LR 87.19 86.90 87.75 87.32

CNN-Bi-LSTM 98.83 97.70 98.64 98.17
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5. CONCLUSION

This study proposed an integrated multimodal analytics platform for real-time interpretation of
environmental sensor data and social media sentiment information, and introduced a Deep Learning-
Driven Visual Analytics Framework for Real-Time Data Interpretation and Predictive Decision
Making. The framework proposed was a combination of comprehensive data preprocessing, feature
extraction, multimodal feature fusion, and a hybrid CNN-BiLSTM deep learning model, which
optimized the predictive performance and facilitated intelligent decision-making. The evaluation
results on the Air Quality Dataset and Sentiment140 Dataset showed the effectiveness of the approach
proposed in capturing spatial and temporal pattern from various sources of heterogeneous data. The
CNN-BiLSTM model outperformed the CNN, LSTM, and Bi-LSTM models in terms of performance,
as evidenced by the regression analysis results with a lower MAE of 0.041, RMSE of 0.072, and R?
score of 0.97. Likewise, the proposed framework demonstrated a high accuracy of 98.83%, precision of
97.70%, recall of 98.64%, and F1-score of 98.17%, thereby reinforcing the strength and robustness of the
proposed framework. Predictive analytics combined with the interactive interpretation of visual data
further increases situational awareness, helping to make effective decisions in a dynamic situation.
The proposed framework provides an intelligent and scalable solution for real-time monitoring,
forecasting and decision support in a wide variety of application domains, such as environmental

management, smart cities, healthcare, and industrial analytics, among others.
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