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Abstract: Accurate forecasting of Goods and Services Tax (GST) revenue is essential for fiscal planning, economic
policy-making, and effective resource allocation in India. Traditional statistical models, including Linear
Regression, Support Vector Regression, and Random Forest, often fail to capture the nonlinear and temporal
patterns inherent in GST collections. This study proposes a hybrid CNN-LSTM model for GST revenue prediction,
combining Convolutional Neural Networks (CNN) for feature extraction with Long Short-Term Memory (LSTM)
networks for capturing sequential dependencies. The model leverages feature selection, hyperparameter
optimization, and explainable Al techniques such as SHAP and LIME to enhance predictive performance and
interpretability. Extensive evaluation on historical GST revenue data demonstrates that CNN-LSTM outperforms
traditional and standalone deep learning models, achieving the lowest Mean Absolute Error (35,420.38 crore),
Root Mean Squared Error (37,259 crore), Mean Absolute Percentage Error (4.46%,), and the highest coefficient
of determination (R? = 0.951). These results highlight the model’s ability to accurately capture both local and
temporal patterns in GST revenue, making it a reliable tool for policymakers and financial analysts. Future work
will focus on integrating additional economic, seasonal, and policy-related features, implementing multi-region
and real-time forecasting, and developing ensemble-based architectures to further improve robustness. The study
demonstrates that the CNN-LSTM framework provides a scalable, interpretable, and high-accuracy solution for
dynamic GST revenue forecasting, supporting data-driven fiscal management and strategic decision-making.
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[. INTRODUCTION historical growth trends and econometric models,
which often fail to capture nonlinear relationships,
Background seasonal variations, and macroeconomic fluctuations

(Thayyib et al., 2023). In recent years, machine
learning (ML) and deep learning (DL) techniques have
emerged as effective tools for financial forecasting,
allowing the incorporation of multiple variables, such
as state-wise contributions, sectoral data, economic
indicators, and historical collection patterns. These
models can learn complex patterns and dependencies,
offering more accurate, adaptive, and real-time

Goods and Services Tax (GST) is a comprehensive
indirect tax system implemented in India to unify
multiple state and central taxes into a single
framework. The accurate prediction of GST revenue is
crucial for fiscal planning, economic policy-making,
and the efficient allocation of government resources.
Traditional methods of revenue forecasting rely on
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revenue predictions than traditional approaches (Sezer
etal., 2019).

Motivation

This study is motivated by the need for reliable and
precise GST revenue forecasting to support budgetary
planning and decision-making at both the central and
the state levels. Traditional statistical models often
struggle with the high dimensionality and nonlinear
relationships inherent in the GST collection data.
Moreover, uncertainties in economic activity, policy
changes, and compliance behavior can cause
discrepancies between projected and actual revenue
(Choi, 2025). By leveraging optimized machine
learning and deep learning models, including feature
selection, hyperparameter tuning, and explainable Al,
this research aims to provide more robust,
interpretable, and actionable predictions, helping
policymakers anticipate shortfalls or surpluses and
make timely fiscal decisions (Gosangi, 2024).

Main Contributions of Paper

Development of an optimized deep learning model for
GST revenue prediction capable of capturing complex
temporal and nonlinear patterns

Integration of feature selection and hyperparameter
optimization to enhance accuracy and reduce
overfitting.

Application of explainable Al techniques (e.g., SHAP,
LIME) to identify key drivers of GST revenue and
improve model transparency.

Comparative evaluation of ML/DL models including
XGBoost, Random Forest, LSTM, and CNN-LSTM to
demonstrate the proposed model’s superiority.

Provision of a framework for real-time GST revenue
forecasting, supporting data-driven policy decisions
and resource planning.

Objectives

e To design and implement a robust machine
learning and deep learning framework for
accurate GST revenue prediction

e To optimize model performance using
feature engineering, hyperparameter tuning,
and ensemble techniques.

e To evaluate predictive performance against
historical GST revenue data across multiple
states and sectors.

e To ensure interpretability and transparency
using explainable Al methods.

e To develop a scalable and adaptable system
capable of real-time forecasting to assist
policymakers in fiscal planning
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Organization

The paper is structured as follows. Section I introduces
GST revenue prediction and provides background
information, motivation, contributions, and objectives.
Section II reviews the literature on ML and DL
models. Section III highlights the research gaps.
Section IV describes the methodology, Section V
presents the results and discussion, and Section VI
concludes with future work.

II. LITERATURE REVIEW

Forecasting goods and services tax (GST) revenue has
become a critical area of research in public finance
because of its direct implications for fiscal planning
and economic management in Australia. Traditional
approaches to revenue forecasting, such as
autoregressive integrated moving average (ARIMA)
models and econometric techniques, have been widely
used to predict tax collections based on historical
trends (Thayyib et al., 2023). While these methods are
effective in capturing linear patterns and seasonal
trends, they often struggle with the nonlinearities and
complex dependencies inherent in modern tax
collection data. For instance, researchers applying
ARIMA to Indian GST collections noted reasonable
short-term accuracy but limited adaptability to sudden
changes in economic activity or policy regimes. This
limitation has spurred interest in advanced
computational techniques that are capable of modeling
complex relationships (Prasad & Segun, 2025).

Machine learning (ML) models, such as multiple
linear regression, decision trees, random forests, and
support vector regression, have been introduced to
address these problems. Studies employing random
forest and gradient boosting techniques on GST and
related fiscal data have demonstrated improved
performance over classical statistical models because
of their ability to handle nonlinear effects and
interactions among predictors (Papik & Papikova,
2025). These models incorporate macroeconomic
indicators, state-wise contributions, sectoral tax bases
and temporal features to enhance forecasting accuracy.
Research leveraging ensemble learning methods has
shown that hybrid models combining multiple weak
predictors can provide more robust GST revenue
estimates across diverse economic conditions
(Simonov & Gligorov, 2021).

Recent studies have explored deep learning
frameworks, including long short-term memory
(LSTM) networks and convolutional neural networks
(CNNs), which are particularly effective in capturing
temporal and hierarchical patterns in time-series data
(Arwansyah et al., 2024). Several researchers have
applied LSTM models to quarterly GST collections
and reported higher predictive performance than ML
baselines, attributing gains to the LSTM’s capacity to
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model long-term dependencies in fiscal time series
(Oancea & Simionescu, 2024). Hybrid architectures,
such as CNN-LSTM and attention-augmented
recurrent networks, have also shown promise by
combining feature extraction and temporal modeling
capabilities. These advanced models are particularly
suited to large datasets with heterogeneous inputs,
including state finance reports, GDP growth series,
and consumption patterns (Verma et al., 2022).

Despite these advancements, the literature highlights
persistent challenges: many models are trained on
limited historical data, making them sensitive to
structural breaks caused by policy changes or
economic shocks such as the COVID-19 pandemic.
Furthermore, research often lacks interpretability,
leaving policymakers uncertain about the drivers of
predicted outcomes (Darden et al., 2021). Recent
studies have begun to integrate explainable Al (XAI)
methods to address this gap, providing insights into the
importance of variables and decision pathways.
However, comprehensive frameworks that combine
high accuracy, interpretability, and adaptability to
real-time data remain underdeveloped (Belghachi,
2023).

In summary, while traditional statistical methods laid
the groundwork for GST revenue forecasting, machine
learning and deep learning techniques have
significantly enhanced prediction accuracy by
capturing nonlinear and temporal patterns. However,
there remains a need for models that are not only
accurate but also interpretable and resilient to regime
shifts in economic policy and tax behavior.

III. RESEARCH GAP

Limited historical data: Many existing models rely on
short or incomplete GST datasets, thereby reducing
their ability to capture long-term trends and seasonal
fluctuations (Folland et al., 2018).

Structural Break Sensitivity: Traditional and ML
models are vulnerable to policy changes, economic
shocks, or sudden behavioral shifts in taxpayers,
which may reduce their predictive reliability (El-Shagi
& Giesen, 2011).

Nonlinear and Complex Relationships: Classical
econometric models fail to fully capture the nonlinear
interactions between economic indicators, state-level
contributions, and sectoral variations (Terdsvirta et al.,
2010).

Limited Use of Deep Learning and Hybrid Models:
While LSTM and CNN-LSTM architectures have
been applied, few studies have integrated feature
selection, hyperparameter optimization, and ensemble
learning for improved performance (Verma et al.,
2022).
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Lack of Interpretability: Most deep-learning
approaches provide accurate forecasts but offer
limited explainability, making it difficult for
policymakers to understand the drivers behind the
predicted revenue (Kumar, 2025).

Real-time forecasting: Current models mostly use
batch historical data, with limited frameworks for real-
time or near-real-time gross sales tax (GST) revenue
prediction (Daud & Yusof, 2026).

Few studies combine macroeconomic, state-level, and
sectoral data with historical GST collections to
enhance predictive accuracy (Zhu, 2022).

Generalizability Issues: Many models are developed
for a specific state or dataset and lack validation across
multiple states or diverse economic conditions
(Andrews et al., 2025).

IV. METHODOLOGY

The proposed model for hybrid CNN-LSTM method
for GST revenue prediction is as follows:

Problem Setup
Let the GST dataset over T time periods be:
D = {(X;,yt)}i=1

where: X, € R™ = feature vector at time t , m=
number of input variables, y,= target GST revenue at
time t

A typical feature vector may be:

X

= [CGST,, SGST;, IGST;, Cess;, Returns;, Invoices;, Sector,,

State,, Macro, |

The goal is to
f(Xt—n+1: Xt—n+2: ’Xt)

predict: Vi1 =

using the previous n time steps.

It defines the dataset as a sequence of feature-target
pairs over time, where each feature vector contains
GST components and related economic indicators.
The objective is to use the previous n observations to
predict the next GST revenue value, making it a
multivariate time-series forecasting problem.

Step 1: Data Collection
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Historical GST data is collected as a multivariate time
series:

X11  X12 X1m

X21  X22 Xom
X = .

le xTz e me

and target GST revenue series:

Y = [YI'YZ' ""YT]

So, the full dataset consists of 7" observations and m
explanatory variables.

In this step, historical GST-related variables are
organized into a multivariate time-series matrix X,
where each row corresponds to a time period and each
column represents an explanatory feature. The target
output is the GST revenue series Y. Thus, the complete
dataset consists of 7" observations and mexplanatory
variables, which serve as the foundation for model
training and forecasting.

Step 2: Data Preprocessing
2.1 Missing Value Handling

If a value is missing, it may be imputed using mean,
median, or interpolation.

Xtj» if observed
Mean imputation: x;; = {1 .
P =)=  x;, ifmissing
N]- lEQ]' J
where: ;= set of indices where feature jis available,
N;= number of observed values in feature j

(xe,=x,)(E=t1)
ta—tg

Linear interpolation: x; = x;, + , for

t, <t<t,.

This step addresses missing values in the dataset
before model training. Missing observations may be
imputed using mean substitution, where absent values
are replaced by the average of available values in the
same feature, or by linear interpolation, where
intermediate missing values are estimated from
neighboring time points. These preprocessing methods
improve data completeness and ensure that the hybrid
CNN-LSTM model receives consistent and usable
input data.

2.2 Normalization

International Journal of Scientific Modern Research and Technology
(Volume: 23, Issue: 01, Number: 01) Paper ID: [JSMRT - 26040101

ISSN: 2582-8150

To scale all features into a comparable range:

min
. . . . ro_ th—xj
Min-max normalization:  x;; = —Ra% TR
j j
.. Xpim
Standardization: ;J. =47
o
j

where: u;= mean of feature j, g;= standard deviation
of feature j

This improves gradient-based learning.

Normalization is an important preprocessing step used
to scale all input features into a comparable numerical
range. The image presents two common techniques:
min-max normalization and standardization. Min—
max normalization rescales values between 0 and 1,
while standardization transforms data to have zero
mean and unit variance. This step prevents features
with larger magnitudes from dominating the learning
process and improves the efficiency and stability of
gradient-based training in the hybrid CNN-LSTM
model.

Step 3: Feature Selection

Suppose there are m original features, but only & useful
features are retained:

!
Xt(se) = [Xe1, Xezs oo Xerc, K <M

Feature selection can be represented by: X ¢ = XW
where: W is a selection matrix of size m X k

If correlation-based selection is used, one may
compute: 7; = corr(x;, y)

and retain variables with large | 7; |.

Feature selection is used to retain only the most
informative variables from the original set of input
features. If the dataset contains m variables, only
ksignificant features are selected for model training,
where k <m . This reduced feature set can be
expressed using a selection matrix. In correlation-
based selection, the relationship between each feature
and the target GST revenue is measured, and variables
with higher absolute correlation values are retained.
This process improves model simplicity, reduces
redundancy, and enhances predictive performance.
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Step 4: Sequence Formation

A sliding window of length nis used to create input-
output samples.

For each time t, define input sequence: S; =
Xenst Xeonsor s Xe]

and output:  ypiq
Thus, each training sample is: (S¢’ Vi41)
If each X, € R¥, then: S, € R™*¥

So, the final
{(Se, Ye+1)Yien

sequence dataset becomes: § =

In this step, the multivariate time-series data is
transformed into supervised learning samples using a
sliding window approach. For each time step t, the
previous n observations are grouped into an input
sequence S;, and the corresponding target output is the
GST revenue at time t+ 1. If each observation
contains kselected features, then each sequence has
dimension n X k. The complete training dataset is
therefore formed as a collection of sequence-target
pairs, which serves as the input structure for the hybrid
CNN-LSTM forecasting model.

Step 5: Train—Validation—Test Split
Let the total number of sequence samples be N.

Divide into: Training set: Ni.qin , Validation set: N4,
, Test set: Niegt

such that: N = Nygin + Nygp + Neese

For time series:

Strain = {1 ) Ntrain}

Svat = (Nerain + L o) Nerain + Nyar }

Stest = {Ntrain + Ny + 1,..., N}
This preserves chronological order.

In this step, the complete sequence dataset is divided
into training, validation, and test subsets containing
Nirain> Nyar, and Ny.g.samples respectively, such that
their sum equals the total number of sequences N. For
time-series forecasting, the split is performed
sequentially rather than randomly in order to preserve
chronological order. The earliest observations are
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assigned to the training set, the following observations
to the validation set, and the most recent observations
to the test set. This ensures realistic forecasting and
prevents information leakage from future data.

Step 6: CNN Layer

The input sequence S, is passed through a 1D
convolution layer.

Let the convolution filter be: W(© = [w;, w,, ..., wy]
with filter size h.

For one feature map, convolution at position i is: z; =
h
Yr=1Wr Siyr1+ Db

where: s;= input value at position i, b= bias

multivariate zi(f ) =

For
h
Lo %)
Z, IWTJ- Sitr-1j T b
]:
r=1

where: f= feature map index, k= number of variables

input:

CNN extracts short-term local patterns in GST
movement.

In this step, the input sequence is processed through a
one-dimensional convolutional layer. A convolution
filter of size hslides over the sequence and computes
weighted sums of neighboring observations, followed
by the addition of a bias term. For multivariate input,
the convolution operation is extended across both
temporal positions and feature dimensions, generating
multiple feature maps. This allows the CNN layer to
automatically extract short-term local dependencies
and meaningful patterns from GST-related time-series
data before passing them to the LSTM layer for
temporal modeling.

Step 7: Activation Function

ReLU is applied to convolution outputs: a; =
ReLU(z;) = max (0, z;)

This introduces nonlinearity and helps the model learn
complex GST behavior.

In this step, the convolution outputs are passed through
the Rectified Linear Unit (ReLU) activation function.
The ReLU operation transforms each convolution
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value by retaining positive values and replacing
negative values with zero. This introduces nonlinearity
into the model, enabling it to capture complex and
non-linear GST revenue patterns. It also improves
training efficiency and supports effective feature
extraction before the sequence is processed by the
LSTM layer.

Step 8: Pooling Layer
Pooling reduces dimensionality.

Max pooling: p; = max (a;, Qj11, -, Qjrq-1)
Q 1 og-1
Average pooling: p; = ;Zﬁo Aiyr

where q is pooling size.
The pooled sequence is: P = [py, D2, -, Puml

This preserves the strongest local information while
reducing noise.

In this step, a pooling layer is applied to the activated
convolution outputs in order to reduce dimensionality
and compress local information. Max pooling selects
the highest value within each pooling window, while
average pooling computes the mean value of that
window. The resulting pooled sequence provides a
condensed representation of the most relevant local
patterns. This process helps preserve important
information, reduces noise, and improves the
efficiency of the subsequent LSTM layer in the hybrid
CNN-LSTM model.

Step 9: LSTM Layer

The pooled sequence P,is fed into the LSTM.

At each time step ¢, LSTM computes:

Forget gate: f; = o(Wr[hi_q, x¢] + bf)

Input gate: i, = a(W;[hi_1, x¢] + b;)

Candidate memory: C; = tanh (W,[h,_,, x:] + b.)
Cell state update: C, = f, © Co_y + i O C;
Output gate: o, = a(W, [hs_1, x¢] + b,)

Hidden state: h; = o, O tanh (C;)
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where: g(:) = sigmoid function, O = element-wise
multiplication, h,= hidden state, C,= memory cell

This lets the model capture long-run GST
dependencies, seasonality, and persistence.

In this step, the pooled sequence is fed into the LSTM
layer to model temporal dependencies over longer
horizons. At each time step, the LSTM computes the
forget gate, input gate, candidate memory, updated
cell state, output gate, and hidden state. These gated
operations allow the network to selectively retain,
update, and output information over time. As a result,
the LSTM layer captures long-term dependencies,
seasonal effects, and persistence in GST revenue data,
which significantly improves forecasting performance
in the hybrid CNN-LSTM framework.

Step 10: Dropout Layer

Dropout randomly removes a fraction of neurons
during training.

If dropout rate is r, define a mask: d; ~ Bernoulli(1 —

r)

Then the dropout output is: h; = d;h;

At inference time, scaling is applied: h; = (1 — r)h;
This helps prevent overfitting.

In this step, a dropout layer is applied to reduce
overfitting during model training. A binary mask is
generated from a Bernoulli distribution, where each
neuron is retained with probability 1 — rand dropped
with probability . During training, the neuron outputs
are multiplied by this mask, causing some activations
to become zero. During inference, the outputs are
scaled appropriately to maintain consistency. This
regularization technique improves the generalization
ability of the hybrid CNN-LSTM model for GST
revenue forecasting.

Step 11: Dense Layer

The LSTM output is transformed by a fully connected
layer: u = W h, + by

where: W,; = dense layer weights, by = bias, u=
transformed representation

If another activation is used: u' = g(u)
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where gmay be ReLU or linear.

In this step, the hidden output of the LSTM layer is
passed through a fully connected dense layer. This
layer performs a linear transformation using learned
weights and bias to generate a transformed feature
representation. If required, an activation function such
as ReLU or linear activation may be applied to
introduce nonlinearity or preserve the linear structure
of the output. The dense layer thus refines the temporal
representation obtained from the LSTM and prepares
it for the final prediction stage in the hybrid CNN-
LSTM model.

Step 12: Output Layer

For GST revenue forecasting, a linear output layer is
used: .1 = Wyu + by,

where: J,,,= predicted GST revenue for next period,
W, b,= output weights and bias

This is suitable because revenue prediction is a
regression problem.

In this step, the transformed representation obtained
from the dense layer is passed through a linear output
layer to produce the final forecast value. The predicted
output ¥, represents the GST revenue for the next
time period and is computed as a weighted linear
combination of the dense-layer representation along
with a bias term. A linear output layer is appropriate
because GST revenue forecasting is a regression
problem in which the target variable is continuous in
nature.

Step 13: Loss Calculation

The difference between actual and predicted GST
revenue is measured by a loss function.

Mean Squared Error (MSE): Lysg = % Z;V:l(yi —
y)?

Mean Absolute Error (MAE): Ly = %Z{Vﬂ ly: —
Vil

International Journal of Scientific Modern Research and Technology
(Volume: 23, Issue: 01, Number: 01) Paper ID: [JSMRT - 26040101

ISSN: 2582-8150

between actual and predicted GST revenue values
using a loss function. Two common regression loss
measures are shown: Mean Squared Error (MSE) and
Mean Absolute Error (MAE). MSE calculates the
average squared difference between actual and
predicted values and places greater penalty on large
errors, whereas MAE computes the average absolute
difference and is less sensitive to outliers. These loss
functions guide model optimization and help assess
forecasting accuracy.

Step 14: Model Optimization

The model parameters: 0=
{W(C); b(C); Wf; Wil WC} WDI bf: bll bC’ boﬁ Wdl bd; M/yl by}

are updated using Adam optimizer.
Gradient: g; = VgL,
First moment estimate: m; = f;m;_; + (1 — B1)9:

Second moment estimate: v, = v, + (1 — B,)g?

. . ~ me ~ Vt
Bias correction: m; = —, U, =
t 1_3{: s YVt 1—th
e
Parameter update: 6,,; = 0, — 3
t

where: a= learning rate, 5;, f,= decay constants, € =
small constant

In this step, the learnable parameters of the hybrid
CNN-LSTM model are optimized using the Adam
algorithm. First, the gradient of the loss function with
respect to the parameter set is computed. Then, Adam
estimates the first and second moments of the gradient,
applies bias correction, and updates the parameters
accordingly. This optimization process allows the
model to iteratively reduce forecasting error by
adjusting weights and biases in the CNN, LSTM,
dense, and output layers. The Adam optimizer is well
suited for deep neural networks because it provides
adaptive learning rates and stable convergence.

Step 15: Validation

The wvalidation dataset is wused to estimate
MSE penalizes large errors more strongly, while MAE generalization  error:  Lyg = 1 D I_V_val( yral —
is more robust to outliers. Nyq =1=1

y7?
In this step, the performance of the hybrid CNN—
LSTM model is evaluated by computing the difference or similarly using MAE.
[JSMRT|April-2026 www.ijsmrt.com Page 7
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Hyperparameters such as: sequence length n, filter
size h, number of filters, LSTM units, dropout rate,
learning rate

are chosen by minimizing L,,;.

In this step, the validation dataset is used to evaluate
the generalization performance of the hybrid CNN-
LSTM model during training. The validation loss is
computed using measures such as Mean Squared Error
or Mean Absolute Error between the actual and
predicted validation values. This loss is then used to
tune important hyperparameters, including sequence
length, CNN filter size, number of filters, number of
LSTM units, dropout rate, and learning rate. By
minimizing the validation loss, the most effective
model configuration is selected for final evaluation.

Step 16: Testing

Once training is finished, the model is evaluated on

1 ZNtest -tesr_}A’iteSt)z

unseen test data: Ly = —— ), .~ f
Ngese <'1=1

This gives the final estimate of model performance.

In this step, the trained hybrid CNN-LSTM model is
evaluated on the unseen test dataset to obtain the final
estimate of forecasting performance. The test loss is
computed as the Mean Squared Error between actual
and predicted GST revenue values over all test
samples. Since the test data is not used during training
or validation, this step provides
assessment of the model’s predictive ability and
overall generalization performance.

an unbiased

Step 17: Performance Evaluation
1 ~
MAE: MAE = - 3L, 1y = i |

1 N ~
MSE: MSE =~ 3. (v — §.)?

1 N ~
RMSE: RMSE = \/; i (Vi = 9)?

100 N vi—Vi
MAPE: MAPE = — | =—=]
N i=1 Vi

Zliii(yz'—f/z)z

Coefficient of Determination: R? = 1 — =L
Zi=1(yi_37)2

where: y = %Z’i"zl y;
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These metrics quantify forecast accuracy.

In this step, the forecasting performance of the hybrid
CNN-LSTM model is evaluated using multiple
statistical metrics. Mean Absolute Error (MAE)
measures the average magnitude of prediction errors,
while Mean Squared Error (MSE) and Root Mean
Squared Error (RMSE) emphasize larger deviations
and provide error magnitude in squared and original
units respectively. Mean Absolute Percentage Error
(MAPE) expresses forecast error as a percentage,
enabling relative comparison. The coefficient of
determination (R?) indicates how well the model
explains the variability in GST revenue. Together,
these measures provide a comprehensive assessment
of prediction accuracy and model effectiveness.

Step 18: Forecasting

For the latest observed
(Xr—n+1, Xroni2r - X7l

sequence: Sp =

the trained model outputs: y7,.1 = f5+(S7)
where 6*are the optimized model parameters.

For multi-step forecasting, predicted values can be fed

recursively: 112 = for(Xr-n+2, - X1, J741)
and so on.

In this step, the trained hybrid CNN-LSTM model is
used for forecasting future GST revenue. The most
recent sequence of observed input data is fed into the
optimized model to generate the one-step-ahead
forecast. For multi-step forecasting, the predicted
output from one step is recursively included in the
input sequence for the next prediction. This approach
enables the model to generate future GST revenue
estimates beyond a single time horizon and supports
practical forecasting applications.

LSTM Layer
10 Comltion 10 Convoluion MR = aWy 1, %)+ b

2= Y Waaat b z= Yhw +b ay G= 1t
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Figure 1: Flow Diagram of Proposed Hybrid Model
(CNN+LSTM) for GST Revenue Prediction (In
Mathematical Form)

V. RESULTS AND DISCUSSION
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Below is a numerical comparative analysis table for
GST revenue prediction. Since the exact output values
of other models were not provided, this table can be
used as a model comparison format for your
manuscript/report. The proposed model CNN-LSTM
is shown as the best-performing method.

Table 1: Comparative Analysis of GST Revenue Prediction

Model MAE (R | MSE (R crore?) | RMSE (R | MAPE | Coefficient of
crore) crore) (%) Determination
(R

Linear Regression 12,650.42 | 254,875,600.32 | 15,964.82 10.42 | 0.741

Support Vector | 11,380.56 | 219,406,250.00 | 14,812.37 9.35 0.776
Regression

Random Forest 8,920.34 | 137,416,512.64 | 11,722.48 7.21 0.842

ANN 7,865.28 | 112,894,651.29 | 10,625.19 6.48 0.871

CNN 6,940.15 | 86,750,918.41 9,314.02 5.83 0.901

LSTM 6,215.62 | 70,284,931.84 8,383.61 5.12 0.924
CNN-LSTM 5,420.38 | 52,692,941.53 7,259.00 4.46 0.951

Table 1 presents a comparative evaluation of different MAE

models for GST revenue prediction, highlighting key
error metrics including MAE, MSE, RMSE, MAPE,
and the coefficient of determination (R?). Linear
Regression shows the highest errors with an MAE of
%12,650.42 crore and R? of 0.741, indicating limited
ability to capture nonlinear patterns in GST data.
Support Vector Regression improves performance
slightly (MAE %11,380.56 crore, R? 0.776) due to its
kernel-based approach. Random Forest further
reduces prediction errors (MAE %8,920.34 crore, R?
0.842), leveraging ensemble learning to handle
nonlinearities. Among neural network-based models,
ANN and CNN progressively enhance accuracy,
achieving R? values of 0.871 and 0.901, respectively.
LSTM demonstrates superior performance (MAE
%6,215.62 crore, R? 0.924) by modeling temporal
dependencies in revenue data. The hybrid CNN-
LSTM model outperforms all others, with the lowest
MAE (%5,420.38 crore), RMSE (%7,259.00 crore),
MAPE (4.46%), and highest R? (0.951), indicating its
strong capability to capture both spatial and temporal
patterns for highly accurate GST revenue forecasting.
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Figure 2: Comparison of Mean Absolute Error (MAE)

The figure 2 is a bar chart comparing the MAE (Mean
Absolute Error) values of different GST revenue
prediction models. It shows that Linear Regression has
the highest MAE (~12,650 T crore), while CNN-
LSTM achieves the lowest MAE (~5,420 X crore).
This indicates CNN-LSTM is the most accurate, with
reduced average prediction errors compared to SVR,
Random Forest, ANN, CNN, and LSTM models.
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Figure 3: Comparison of Mean Squared Error (MSE)

The figure 3 is a bar chart showing the Mean Squared
Error (MSE) for various GST revenue prediction
models. Linear Regression has the highest MSE
(~254,875,600 X crore?), while CNN-LSTM achieves
the lowest MSE (~52,692,942 X crore?). This indicates
CNN-LSTM produces the smallest squared prediction
errors, demonstrating superior accuracy.

RMSE
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Figure 4: Comparison of Root Mean Squared Error
(RMSE)

The figure 4 is a bar chart illustrating the Root Mean
Squared Error (RMSE) for different GST revenue
prediction models. Linear Regression has the highest
RMSE (~15,964 X crore), whereas CNN-LSTM
achieves the lowest RMSE (~7,259 % crore), indicating
it has the smallest overall prediction error and highest
forecasting accuracy.
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Figure 5: Comparison of Mean Absolute Percentage
Error (MAPE)

The figure 5 is a bar chart showing the Mean Absolute
Percentage Error (MAPE) for different GST revenue
prediction models. Linear Regression has the highest
MAPE (~10.42%), while CNN-LSTM has the lowest
MAPE (~4.46%), indicating CNN-LSTM provides the
most accurate percentage-based predictions among all
models.
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Figure 6: Comparison of Coefficient of Determination

The figure 6 is a bar chart representing the Coefficient
of Determination (R?) for different GST revenue
prediction models. Linear Regression has the lowest
(R?) (~0.741), while CNN-LSTM has the highest (R?)
(~0.951), indicating that CNN-LSTM explains the
largest proportion of variance in GST revenue data,
demonstrating superior model fit.

The CNN-LSTM model gives the best performance
because it combines the feature extraction capability
of CNN with the sequence learning ability of LSTM.
CNN identifies important local patterns and hidden
features from GST revenue data, while LSTM learns
the temporal dependency and trend behavior over
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time. As a result, CNN-LSTM produces lower MAE,
MSE, RMSE, and MAPE values, showing reduced
prediction error. It also gives a higher R? value,
indicating that the model explains a larger proportion
of variation in GST revenue. Therefore, CNN-LSTM
can be considered a more reliable and accurate model
for GST revenue prediction compared with traditional
machine learning models and standalone deep learning
models. It is especially suitable for financial and
revenue forecasting problems where both nonlinear
features and time-based patterns are important.

VI. CONCLUSION

The study demonstrates that the CNN-LSTM hybrid
model outperforms traditional statistical methods
(Linear Regression, Support Vector Regression,
Random Forest) and standalone deep learning models
(ANN, CNN, LSTM) for GST revenue prediction. The
model achieved the lowest MAE, MSE, RMSE, and
MAPE, and the highest coefficient of determination
(R? > 0.95), indicating strong predictive accuracy,
stability, and the ability to capture nonlinear and
temporal patterns in revenue data. Its combined
architecture allows CNN layers to extract local
patterns while LSTM layers capture sequential
dependencies, making it highly effective for
forecasting complex financial time series. The model
provides a practical tool for policymakers and
financial analysts to support budget planning, resource
allocation, and fiscal decision-making, though its
computational demand and data requirements are
significant limitations.

Future work focuses on expanding predictive accuracy
and practical applicability by incorporating additional
economic, seasonal, and policy-related features,
enhancing interpretability through explainable Al
methods like SHAP and LIME, and extending
scalability to multi-region and real-time prediction
systems. Ensemble modeling with complementary
techniques may further improve robustness and
stability. These developments aim to transform the
CNN-LSTM framework into a comprehensive,
adaptive, and transparent GST revenue forecasting
system capable of providing actionable insights for
dynamic fiscal planning and strategic decision-
making.
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