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Deep learning (DL) is increasingly recognized for its effectiveness in
analyzing and forecasting complex economic systems, particularly in the
context of Pakistan's evolving economy. This paper investigates DL's
transformative role in managing and interpreting increasing volumes of
intricate economic data, leading to more nuanced insights. DL models show
a marked improvement in predictive accuracy and depth over traditional
methods across various economic domains and policymaking scenarios.
Applications include demand forecasting, risk evaluation, market trend
analysis, and resource allocation optimization. These processes utilize
extensive datasets and advanced algorithms to identify patterns those
traditional methods cannot detect. Nonetheless, DL's broader application in
economic research faces challenges like limited data availability, complexity
of economic interactions, interpretability of model outputs, and significant
computational power requirements. The paper outlines strategies to overcome
these barriers, such as enhancing model interpretability, employing federated
learning for better data privacy, and integrating behavioral and social
economic theories. It concludes by stressing the importance of targeted
research and ethical considerations in maximizing DL's impact on economic
insights and innovation, particularly in Pakistan and globally.
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1. INTRODUCTION

Deep learning (DL), a specialized branch of machine learning in artificial intelligence (Al), has
experienced rapid growth due to its proficiency in modeling intricate, hierarchical patterns in data. Through
the use of multi-layered neural networks [1], DL excels in automatic feature extraction and transformation for
a variety of data types, including unstructured data common in real-world applications. The enhancements in
hardware and algorithmic innovations, particularly graphics processing units (GPUSs), Tensor processing
units (TPUs), backpropagation, dropout, and rectified linear units (ReLU), have reduced training times and
resources, enabling DL to redefine standards across tasks like computer vision and natural language
processing (NLP). This capability to efficiently process high-dimensional, complex data structures has made

DL a revolutionary tool in these fields.

In the economic domain, the era of big data is characterized by an exponential increase in data
volume and variety, offering both challenges and opportunities [2]. DL has become a critical tool in
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interpreting this surge of economic data, unveiling patterns that traditional econometric models may miss. Its
applications span a wide range of economic subfields, enhancing tasks like demand forecasting, financial risk
management, policy analysis, and macroeconomic forecasting [3]. However, the integration of DL in
economic research comes with challenges such as model interpretability, data quality, and ethical
considerations. Yet, the promise of deeper, more nuanced insights into economic behaviors and outcomes
through DL is driving the field towards a more dynamic and precise era of economic analysis.

The evolution of DL has introduced revolutionary architectures like convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and transformers, each markedly enhancing data analysis
capabilities [4]. These models, pivotal in economic analysis and policy forecasting, offer advanced prediction
and classification. They come with significant challenges such as interpretability, extensive data
requirements, and overfitting risks [5]. Despite these hurdles, continuous advancements in explainable Al
(XAI) and DL methodologies are enhancing the robustness and transparency of these models, which is vital
for both computer science and economic practitioners. Concurrently, the profound impact of DL in managing
and interpreting the vast influx of economic data represents a paradigm shift in the field. Its adeptness at
learning hierarchical representations and extracting meaningful features from raw data adeptly navigates the
complex and often non-linear patterns in economic data. This capability transforms the challenges posed by
big data into opportunities for innovative analysis and more accurate forecasting, thereby steering the field of
economics into a new era marked by data-driven and precise understandings of complex dynamics,
fundamentally revolutionizing economic analysis and policymaking.

In exploring the integration of DL within economics, this paper casts a wide net, encompassing a
diverse array of sub-disciplines such as financial economics, behavioral economics, and macroeconomic
forecasting [6]. Each of these areas presents unique applications where DL can unveil intricate patterns and
predictive insights, thereby enhancing the accuracy and depth of economic analysis. Our review methodology
is meticulously structured, beginning with a thorough literature survey, followed by an analysis of case
studies and empirical research that highlight the practical applications of DL in economics. This approach
ensures a comprehensive understanding of the current landscape and potential future directions. The expected
outcome of this review is twofold: firstly, to provide a clear, detailed overview of how DL is currently being
applied in various economic fields, and secondly, to identify gaps and opportunities for future research. This
paper aims to serve as a valuable resource for academics and practitioners alike, offering insights that could
shape future economic research and policymaking. By bridging the gap between complex computational
techniques and economic analysis, it is anticipated that this review will not only advance the field of
economics but also inspire innovative applications of DL that could have a significant impact on economic
theory and practice.

This review paper progresses with an exploration of the fundamentals of DL, investigating into its
core algorithms and theoretical underpinnings. It then progresses to examine the applications of DL in
various sectors of Pakistan's economy, highlighting its transformative potential. The paper also addresses
challenges and limitations in the implementation of these technologies. In its conclusion, it synthesizes these
insights, emphasizing DL.

2. DEEP LEARNING FUNDAMENTALS

DL principles are foundational in advancing various fields, including the economy, through
hierarchical feature learning via deep neural networks (DNNs) [7]. These networks, including CNN, RNNSs,
attention mechanisms, and graph neural networks (GNNS), enable nuanced data interpretation and analysis [8].
Learning algorithms evolve with methods like contrastive learning and meta-learning, optimizing model
efficiency through techniques like Lookahead and cyclical learning rates [9]. DL also emphasizes end-to-end
learning for direct raw data processing, supported by generative models like variational autoencoders (VAES)
and generative adversarial networks (GANs) for complex data handling [10]. Model evaluation considers
robustness, fairness, and uncertainty estimation, introducing methods for adversarial training and fairness
algorithms [11]. Interpretability challenges are being addressed through advanced techniques like counterfactual
explanations and causal inference models, ensuring decisions are understandable and justifiable [12].

3. DL APPLICATIONS IN RESOLVING ECONOMIC CHALLENGES OF PAKISTAN

DL has emerged as a transformative force in various sectors of Pakistan's economy, addressing
unique challenges through state-of-the-art algorithms and technologies. In Islamic economics, DL
applications dependent upon deep belief networks (DBNs) and autoencoders have revolutionized zakat
management and Islamic banking, enhancing financial stability and compliance with Sharia [13]. The
agriculture and rural development sector has seen advancements with CNNs for crop health monitoring and
long short term memory (LSTM) networks for market trend forecasting, significantly aiding in poverty
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reduction and resource management [14]. Education and human capital development benefit from gradient
boosting machines for labor market analysis, aligning educational programs with employment needs [15].
Climate change initiatives leverage supervised learning for environmental policy modeling [16], while
infrastructure development utilizes deep reinforcement learning to enhance project efficiency [17].
Microfinance and small business development use support vector machines (SVMs) for credit risk
assessment, fostering entrepreneurship [18]. Social protection strategies employ cluster analysis and decision
trees to optimize social insurance programs [19]. Governance and institutional reform benefit from sentiment
analysis in NLP for transparency and corruption detection [20]. Herewith, regional integration and trade
analyses leverage time series forecasting for strategic trade expansion [21], showcasing DL's pivotal role in
economic advancement and policy formulation across Pakistan.

3.1. Challenges and opportunities

The integration of DL in Pakistan's economic sectors presents both significant challenges and
opportunities. Data availability and quality, crucial for DL model training, are hindered by inconsistencies and
limited access, necessitating data standardization and comprehensive collection efforts. Model transparency and
interpretability issues challenge policymaking applications, driving the need for XAl frameworks to demystify
complex DL decisions [22]. Ethical considerations and algorithmic bias raise concerns over fairness, prompting
the adoption of bias detection and mitigation strategies for responsible Al deployment [23]. Institutional
adaptation and policy development are essential for ethical Al [24] use and fostering collaboration across
academia, industry, and government to enhance economic research and policy analysis.

Thereby, DL's progression demands addressing technological bottlenecks like memory
requirements, distributed computing challenges, and energy consumption, alongside the development of
scalable, sustainable solutions tailored to developing economies like Pakistan. Innovations in automated
machine learning (AutoML) [25] and continual learning models, model compression for deployment on
resource-limited devices, robustness against data distribution shifts, and effective multi-modal data
integration are pivotal for maximizing DL's impact. For that reason, optimal DL model performance
necessitates co-designing hardware [26] and software, highlighting the intricate balance between
technological advancements and practical applications in economic contexts. All the preceding and
succeeding data is context based on following envisioned environment, as illustrated in Table 1.

Table 1. Optimal DL environment and infrastructure for big data analysis in economics

Component Specification Reasoning/benefit
Hardware
CPU Intel Xeon or AMD EPYC with high core counts (e.g., 32- Provides robust multi-threading capabilities for data
64 cores) preprocessing and model training.
GPU NVIDIA Tesla V100 or A100, or AMD Radeon Instinct Offers substantial parallel processing power necessary
MI100 for accelerated model training and inference.
RAM 256 GB-1 TB DDR4 or DDR5 Facilitates large-scale data loading and in-memory
computations, essential for big data analysis.
Storage NVMe SSDs in TBs for fast read/write; additional HDD for ~ Ensures quick data access and storage scalability for
archival storage voluminous datasets.
Software
Operating Linux (e.g., Ubuntu 20.04 LTS or CentOS) Widely supported by DL and big data tools, offering
system stability and performance.
DL TensorFlow 2.x, PyTorch, or Keras Supports advanced DL model development with
framework extensive libraries and community support.
Data Apache Spark, Hadoop Efficient for handling and processing large-scale data,
processing integrating well with ML and DL libraries.
GPU CUDA, cuDNN Optimizes GPU performance for DL tasks, crucial for
Acceleration model training and inference.
Visualization ~ TensorBoard, Matplotlib Enables monitoring of model training and provides
tools for data visualization.
Datasets
Public World Bank Open Data, IMF Financial Data, Penn World Provides a rich variety of data for model training and
datasets Table, Global Financial Data, Human Development Index benchmarking in respective fields.
(HDI), Consumer Price Index (CPI), Purchasing Power
Parity (PPP) datasets, Panel Study of Income Dynamics
(PSID), University of Michigan Consumer Sentiment Index,
OECD.Stat, Federal Reserve Economic Data (FRED),
Bureau of Labor Statistics Data, Eurostat, United Nations
Comtrade Database, Zillow Real Estate Data.
Proprietary Organizational or collaboration-specific datasets, adhering Ensures relevant and specialized data for specific
data to ethical and legal guidelines research needs and domains.
Synthetic Tools like GANs or simulation software for generating Useful for scenarios with data limitations or privacy
data synthetic data concerns, augmenting real data or creating new scenarios.
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3.2. Hypothesis support/contradiction

Presented research critically evaluates how empirical evidence and theoretical insights align with or
counter our hypotheses regarding DL impact on Pakistan's economic sectors. While findings largely affirm
our hypothesis, highlighting DL's role in boosting sectoral efficiency, decision-making, and innovation,
challenges in data access, infrastructure, and skills training suggest hurdles in DL's seamless integration.
These findings offer a realistic view of DL adoption in Pakistan, pointing to crucial areas for targeted
research, policy action, and skill development to fully realize DL's capabilities. This concise analysis
provides a clear picture of DL's potential benefits and the obstacles to its implementation, underscoring the
need for a strategic approach in leveraging DL for economic progress.

4. DEMYSTIFICATION OF THE REVIEW PROCESS

In our exhaustive review of DL applications in economics, we carried out a detailed comparative
analysis of current methodologies. This included a comprehensive assessment of advanced DL architectures
such as GANs, CNNs, RNNs, and transformers, particularly in their application to crucial economic sectors
like market prediction, risk assessment, and policy analysis. Our benchmarking of these DL models against
conventional econometric methods utilized sophisticated metrics like the area under the curve (AUC) [27],
mean absolute error (MAE) [28], and economics-specific measures such as economic value added (EVA).
This analysis not only underscored the areas where DL models excel, as shown in Table 2, but also
pinpointed realms where traditional methods remain effective. Herewith, a keen emphasis on vector error
correction (VEC) models are indispensable in econometrics for analyzing cointegrated time series, vital for
both short-term and long-term macroeconomic analysis. The unique ability of VEC models to correct
deviations from long-term equilibrium positions them as crucial tools for understanding the dynamic
adjustment processes in economics. Especially in Pakistan, where economic variables often demonstrate
long-term equilibrium relationships (e.g., between GDP, inflation, and interest rates), VEC models are
invaluable for policymakers and researchers in forecasting and evaluating economic policies efficiently.

Table 2. Comparative analysis of DL model and traditional econometric method performance across
various criteria

Evaluation DL model Traditional Metrics used Context/remarks
criteria performance  econometric
method
performance
Predictive High Moderate AUC, MAE DL models like CNNs and LSTMs show superior
accuracy accuracy in complex data pattern recognition and
forecasting.
Complexity Excellent Poor Computational time, Complex DL architectures, such as transformers,
handling model complexity adeptly handle high-dimensional, non-linear data.
Interpretability Low High Qualitative analysis, Traditional methods, like linear regression,
LIME, SHAP outperform DL in terms of model transparency and
understandability.
Data Moderate Highs Data utilization ratio DL techniques, especially in unsupervised learning
efficiency like autoencoders, are less efficient with smaller
datasets compared to traditional econometrics.

Real-time Good Varies Processing speed, latency ~ Real-time processing capabilities of RNNs and CNNs

Processing surpass most traditional methods, depending on
specific use cases.

Scalability High Moderate Scalability metrics DL models, particularly those using parallel
processing like GANs, are more scalable to larger
datasets.

Economic Varies Varies EVA, cost-benefit Both DL models, like neural networks for market

impact analysis prediction, and traditional methods, like time-series

analysis, have varied impacts depending on the
economic application.

Generalizabil Moderate High Cross-validation scores Traditional methods like ARIMA models often show
ity better generalizability across different datasets
compared to specific DL models like CNNSs.
Robustness Moderate High Adversarial testing, stability ~ Traditional econometric methods are typically more
checks, sensitivity analysis,  robust to outliers and anomalies compared to DL
noise resistance testing, models like deep feedforward networks.

outlier detection, model
stress testing
Implementati High Low Cost analysis, Implementing DL models such as GANs and
on cost computational resources ~ complex neural networks often incurs higher
computational and expertise costs.
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We systematically revealed significant knowledge gaps and emerging research areas in the
economic domain, particularly in segments like behavioral economics where the potential of DL remains
largely untapped. We identified specific challenges in data availability within lesser-explored sectors and
regions, marking new frontiers for DL in economics. Concurrently, we developed a set of standardized
evaluation metrics and best practices for DL applications in economics, focusing on accuracy, fairness,
robustness, and economic impact to ensure a thorough and objective assessment of DL models. Emphasizing
the importance of interdisciplinary collaboration and ethical data sharing, our review advocates for strong
partnerships between computer scientists, economists, and policymakers. This synergy, coupled with a
commitment to open-source data and research sharing, paves the way for accelerated DL innovation and its
practical application in the economic sphere. Aligning technological advancements with economic and
societal values, this collaborative approach is detailed in the Table 3, which outlines the gaps, research areas,
and collaborative strategies, underscoring the unique challenges and opportunities in each area and
reinforcing the role of collaborative efforts in the progressive application of DL in economics.

A structured framework tailored to the economic domain is detailed in Table 4 through the
taxonomy of DL models, encompassing a spectrum from supervised to unsupervised learning approaches.
This classification addresses the multifaceted requirements of economic data analysis, including diverse
model architectures for specific tasks like time series forecasting, NLP, and anomaly detection. By offering a
comprehensive approach, it ensures a holistic strategy for investigating economic datasets, enabling nuanced
analysis and informed decision-making across various areas of economic research.

Table 3. DL applications in economics (knowledge gaps, research areas, and collaborative framework)

Knowledge gaps and DL Data challenges Evaluation metrics and Interdisciplinary collaboration and
emerging research Potential best practices ethical data sharing
areas
Behavioral economics Untapped Limited studies and Accuracy, fairness, Collaboration among computer
datasets available robustness, economic scientists, economists, policymakers;
impact advocacy for open-source data
Informal economy High Lack of comprehensive Data preprocessing Cross-sector data sharing agreements,
analysis and structured data standards, model ethical data usage guidelines
generalizability
Microfinance and Moderate Sparse data on micro- Predictive performance,  Joint projects between academia and
small business level economic scalability financial institutions, data privacy
Development activities considerations
Environmental Growing Need for region- Sustainability metrics, Partnerships with environmental
economics specific environmental long-term impact agencies, responsible data handling
data evaluation
Resource allocation in Emerging  Inadequate data in low- Resource efficiency, Collaborations with local governments
developing countries resource settings cost-effectiveness and NGOs, culturally sensitive data
practices
Digital currency and Expanding  Variability and novelty Security measures, Global data sharing initiatives,
blockchain economics of data sources transaction accuracy adherence to international regulatory
standards
Labor market Significant ~ Dynamic and evolving Labor market impact, Multi-disciplinary research consortia,
dynamics and workforce data skill gap analysis workforce data protection
automation
International trade and High Cross-border trade data ~ Trade efficiency, market  Inter-governmental data agreements,
market integration complexities prediction accuracy trade data standardization efforts
health economics and Moderate Health data privacy Health outcome Health sector collaborations, stringent
policy and heterogeneity prediction, policy impact  data security protocols
assessment
Urban and regional Growing Urban data diversity Urban development Smart city initiatives, public-private

planning

and scale

metrics, infrastructure
impact

data partnerships

4.1. Supervised learning models
In the of Pakistan's economic landscape, supervised learning [29] DL models are adeptly utilized for

predictive modeling in sectors like finance and agriculture. These models, trained on historical economic
data, excel in forecasting market trends, agricultural yields, and consumer behavior, providing vital insights
for policy-making and strategic economic planning. Their ability to handle large-scale, complex datasets and
discern intricate patterns makes them indispensable tools for driving data-driven economic policies and
initiatives.
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Table 4. Economics application focused DL model taxonomy
DL models
Supervised learning models CNNs
RNNs
LSTMs
GRUs
Feedforward neural networks
SVMs
Decision trees
Unsupervised learning models Autoencoders
(DBNs
GANs
Self-organizing maps
Restricted Boltzmann machines (RBMs)

Semi-supervised learning models GNNs
VAEs
Reinforcement learning models Deep Q-networks (DQNSs)

Policy gradient methods
Actor-critic methods

Hybrid models Convolutional recurrent neural networks (CRNN)
Encoder-decoder architectures

Transfer learning models Pretrained CNNs (e.g., ResNet, Inception)
Pretrained language models (e.g., BERT, GPT)

Time series and forecasting models ARIMA with neural networks
Sequence-to-sequence (Seq2Seq) models

Natural language processing models transformers
Attention mechanisms

Anomaly detection models One-class SVMs

Isolation forests
Optimization and regularization techniques  Dropout

Batch normalization

Adam optimizer

L1/L2 regularization

4.1.1. Convolutional neural networks

CNNs, designed for grid-like data analysis such as images, excel in recognizing spatial features
through convolution operations [30]. They automate the learning of feature hierarchies, crucial for tasks like
image classification and segmentation. Challenges include the need for extensive labeled data, high
computational resources, and hyperparameter tuning. In economic contexts, CNNs analyze spatial data like
satellite imagery to understand land use and productivity [31]. Despite their power, CNNs' complexity and
'black-box' nature raise interpretability and ethical concerns, emphasizing the need for transparency and bias
mitigation in their deployment [32].

4.1.2. Recurrent neural networks

RNNSs excel in processing sequential data, a match for economic systems' dynamic nature, particularly
in sectors like agriculture and finance within Pakistan [33]. These networks capture temporal patterns in data,
aiding in forecasts and financial analysis. RNNs face challenges like the vanishing gradient problem, addressed
by advances in LSTM and GRU technologies, enhancing their capability to remember information over
extended periods [34]. Despite computational demands, RNNs' unique architecture makes them invaluable for
economic research and policymaking, offering insights into temporal economic dynamics.

4.1.3. Long short-term memory networks

LSTMs enhance RNN capabilities, addressing long-term dependency challenges in economic data
analysis. Through specialized gates and cell states, they regulate information flow, maintaining relevant data
while discarding the unnecessary [35]. Optimization techniques and hyperparameter tuning ensure model
stability and prevent overfitting. LSTMs are adept at processing complex temporal sequences, making them
invaluable for forecasting and analyzing economic trends, significantly outperforming traditional models in
areas like inflation forecasting and stock market analysis, thus offering a dynamic tool for economic
decision-making [36].

4.1.4. Gated recurrent units

GRUEs, a streamlined variant of RNNSs, are equipped with update and reset gates to efficiently
manage sequential data, crucial in economic modeling [37]. These mechanisms allow GRUs to maintain or
discard information from previous states, making them adept at capturing long-term dependencies in
economic time series like GDP and inflation rates. Offering a simpler architecture than LSTMs, GRUs are
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highly effective in economic forecasting, financial analysis, and policy evaluation, providing a flexible tool
for integrating historical and real-time data to generate insightful economic predictions.

4.1.5. Feedforward neural networks

Feedforward neural networks, optimized for economic data analysis, play a crucial role with their
configurable hidden layers and neurons to handle complex relationships in economic variables. Utilizing non-
linear activation functions like ReLU and tanh, these networks adeptly model the dynamics prevalent in
economic data. Regularization techniques are employed to prevent overfitting, ensuring models are
generalizable and robust. The networks undergo training with specific cost functions and optimization
algorithms tailored for economic tasks, with pre-processing steps ensuring data integrity and relevance.
Evaluation employs metrics and visualization techniques for insightful analysis and interpretation, enhancing
the networks' applicability to economic forecasting and analysis [38].

4.1.6. Support vector machines

SVMs are critical in economic data analysis, with kernel selection like linear, polynomial, and RBF
crucial for model performance [39]. These kernels enable SVMs to model complex, non-linear economic
relationships. Optimization methods and feature engineering tailored to economic contexts enhance SVMs'
effectiveness. Interpretable machine learning techniques, such as LIME and SHAP, provide insights into
model predictions, crucial for economic policymaking [40]. SVMs' adaptability to multi-class and multi-label
problems makes them invaluable for addressing varied economic challenges such as poverty classification or
sector-specific risk prediction.

4.1.7. Decision trees

In economic analysis, decision tree models excel by incorporating domain-specific features, such as
poverty indicators and economic trends, tailored to the Pakistani economy's unique aspects. Techniques like
principal component analysis (PCA) and recursive feature elimination (RFE) refine these models by reducing
dimensionality and selecting relevant features, enhancing accuracy and economic sensibility. Advanced
algorithms like XGBoost and ensemble methods improve prediction through aggregated tree results, while
regularization curbs overfitting. Decision trees' interpretability is enhanced through techniques like LIME,
offering insights into economic scenarios and potential policy impacts, making them vital for robust
economic forecasting and policy analysis [41].

4.2. Unsupervised learning models

Unsupervised learning models [42] are pivotal for uncovering hidden patterns and relationships in
unlabeled economic data. These models excel at clustering and dimensionality reduction, enabling the
discovery of intrinsic structures in complex datasets like consumer spending patterns or market
segmentations. Their ability to learn efficient representations without explicit supervision makes them
invaluable for identifying underlying economic trends and anomalies, thereby informing targeted policy
decisions and economic strategies.

4.2.1. Autoencoders

Autoencoders play a pivotal role in economic data analysis, with VAEs [43] enhancing anomaly
detection and convolutional autoencoders (CAES) extracting spatial features relevant to economic activities.
Recurrent autoencoders (RAEs) [44] adeptly handle temporal economic data, capturing dynamic trends in
key indicators like GDP and inflation rates. Advanced applications include generating synthetic economic
scenarios with conditional VAEs and employing deep GANSs for fraud detection. Furthermore, sparsity-
inducing autoencoders streamline variable selection, while transfer learning boosts forecasting accuracy.
Integrating XAI methods [45] ensures model transparency, vital for economic policymaking [46].

4.2.2. Deep belief networks

Unsupervised feature learning particularly with DBNs [47] and stacked RBMs, offers transformative
potential in dissecting intricate economic datasets like monetary aggregates, stock prices, and trade data.
These architectures excel in layer-wise, unsupervised extraction of features, progressively building a deeper
understanding of the data. Techniques like contrastive divergence or persistent contrastive divergence are
employed to efficiently train individual RBMs and DBMs, enhancing their ability to capture the hierarchical
representation of economic features. This hierarchical structure is key in unraveling complex relationships
and temporal dynamics inherent in economic data, providing a more nuanced understanding than traditional
linear models.
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The architecture and design of these models are tailored to specific economic tasks. The number of
layers and hidden units in RBM/DBM structures are optimized based on the requirements of the task at hand,
be it forecasting, anomaly detection, or sentiment analysis from economic news. The connection patterns
between layers, whether directed or undirected, are chosen to best capture the specific economic
dependencies under study. Regularization techniques, such as L1/L2 penalties and weight decay, are crucial
in preventing overfitting, particularly pertinent given the often limited and noisy economic data in Pakistan.
When integrated with supervised learning, these pre-trained DBN features can be fine-tuned for tasks like
economic forecasting, credit risk assessment, or policy impact analysis, providing a more robust framework
than traditional econometric methods like autoregressive integrated moving average (ARIMA) or vector
autoregression (VAR) models. Ensemble learning approaches when combining DBNs with other DL models
like CNNs or LSTMs exhibited enhance performance on specific economic applications, leveraging the
strengths of different architectures.

Nevertheless, during our analysis, we have found following shortcomings and limitations:

a) Limited availability of high-quality, labeled economic data in Pakistan for effective training.

b)  Substantial computational resources required for training deep unsupervised models.

¢) Challenges in the explainability and interpretability of DBN-based models in economic decision-
making.

d) Need for model adaptation to cater to unique economic features of Pakistan, such as its informal sector
and financial system dynamics.

e) Potential overfitting risks due to complex model architectures and noisy real-world economic data.

4.2.3. Generative adversarial networks

GANs [48] revolutionize economic data analysis with their generator and discriminator
architectures, employing deep CNNs (DCNNs) for data generation and PatchGAN [49] for intricate pattern
discernment. Innovations like wasserstein GAN (WGAN) [50] improve stability, while conditional GANs
tailor outputs to specific economic scenarios. Training employs advanced loss functions and optimization
techniques for better convergence. In Pakistan focused economic applications, GANs are eligible to
demonstrate their utility in a range of scenarios. For synthetic high-frequency data generation, GANs are
adept at filling gaps in datasets or simulating high-frequency economic data points, enhancing econometric
analysis and aiding in policy evaluation and risk assessment. In financial market prediction, their ability to
model complex time series data facilitates accurate market trend predictions and anomaly detection. GANs
also contribute significantly to economic agent simulation, where they model realistic behaviors of economic
agents and their interactions, crucial for market analysis and understanding the dynamics of economic
systems. These capabilities are particularly useful in forecasting responses to economic shocks, offering
valuable insights for economists and policymakers in crafting responsive and informed economic strategies.

4.2.4. Self-organizing maps

The architecture of self-organizing maps (SOMs) [51] is fundamentally shaped by the design of the
Kohonen layer, where the selection of grid topology, such as a 2D hexagonal or toroidal structure, is critical.
This choice significantly affects the map's proficiency in encapsulating and representing intricate economic
relationships, thereby determining the effectiveness of SOMs in economic data analysis. Map unit activation
functions, like Gaussian, and distance metrics [52], such as Euclidean or cosine, are critical in determining
how input features activate map units. For input vector construction, effective feature selection and
preprocessing methods are essential, especially given the varied nature of Pakistani economic data.
Techniques like normalization and scaling are employed to standardize the input data, ensuring consistent
treatment across diverse economic indicators. Weight vector initialization strategies, ranging from random to
pre-trained initializations, significantly impact the SOM's convergence and the formation of a meaningful
topographic map, which is essential for interpreting complex economic datasets.

The training of SOMs involves a competitive learning algorithm, where a winner-take-all learning
mechanism is employed. The selection of an appropriate neighborhood function, such as bubble or Mexican
hat, along with annealing schedules for the learning rate and neighborhood radius, is crucial in guiding the
self-organization process. Visualization and interpretation techniques, including U-matrix and component
planes, are employed to visualize the topographic maps, providing insights into the clustering of economic
data. Quantifying cluster quality through metrics like quantization error aids in assessing the map's
effectiveness in capturing economic patterns. Evaluation and validation of the SOM model involve
techniques like hold-out sets and cross-validation, with metrics specifically tailored to economic applications,
such as clustering accuracy and relevance to economic indicators ensure the model's robustness and
applicability.

Advanced SOM variants, such as growing hierarchical SOM and fuzzy SOM, offer potential
benefits in economic research, particularly in handling hierarchical structures or uncertainty in economic
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data. Incorporating Pakistani economic dataset into the SOM architecture or training process can further
enhance the model's relevance and effectiveness. However, the model does have limitations:

a)  Susceptibility to the curse of dimensionality in high-dimensional economic datasets.

b) Challenges in determining the optimal number of neurons and topology for specific economic tasks.

c) Limited interpretability in complex economic scenarios due to abstract nature of topographic maps.

d) Dependency on initial weight vector settings and learning parameters, impacting model stability.

e) Computational complexity in large-scale applications, requiring significant processing resources.

4.2.5. Restricted Boltzmann machines

RBMs [53] are critical in learning economic features, with architecture and training methods
influencing their effectiveness in analyzing complex economic data. Alternative activation functions and
learning algorithms enhance their ability to model intricate relationships, such as income inequality. Weight
initialization and optimization techniques are key to RBM performance [54], addressing the nuances of
economic datasets. Visualization and feature importance analysis provide insights into economic
significance, while transfer learning and domain knowledge integration ensure models are attuned to local
economic contexts, enhancing their applicability in economic analysis and policymaking. Designing RBM
architectures that incorporate domain knowledge about economic relationships or Pakistani economic
scenarios ensures that the models are tailored to local needs. Ensuring model explainability and building trust
in their economic applications is achieved through techniques like attention mechanisms or layer-wise
relevance propagation. These approaches not only offer insights into the RBM's predictions but also enhance
their credibility and reliability in economic policymaking and analysis.

4.3. Semi-supervised learning models

Semi-supervised learning DL models [55] are instrumental for integrating limited labeled data with
abundant unlabeled data, enhancing predictive accuracy in tasks like market segmentation and consumer
behavior analysis. These models effectively bridge the gap between supervised and unsupervised learning by
leveraging the structure within economic datasets to infer missing labels, crucial for robust economic
forecasting and policy evaluation in data-scarce environments. Their ability to utilize unlabeled data for
training makes them particularly valuable in scenarios where acquiring fully labeled economic datasets is
challenging or cost prohibitive.

4.3.1. Graph neural networks
GNNs [56] are essential in analyzing economic networks, with node and edge embeddings capturing
the intricate properties and temporal dynamics within these networks. Techniques like graph convolutional
networks (GCNSs) and graph attention networks (GATS) [57] facilitate mapping nodes into high-dimensional
spaces, preserving structural and feature-related information. GNN architectures leverage message passing
schemes, pooling, and readout layers for graph-level predictions, employing task-specific loss functions for
training in semi-supervised settings. Scalability and efficiency are addressed through mini-batch training and
approximate message passing, enabling GNNs to manage large, complex economic networks effectively.
Some of the prominent observed limitations and shortcomings of GNNs are:
a) Handling of large-scale graphs can be computationally intensive, requiring significant resources.
b) Over-smoothing in deep GNN layers can lead to loss of local structure information.
¢) Model interpretability remains a challenge, particularly in understanding how GNNSs arrive at specific
predictions.
d) Adapting GNNSs to dynamic graphs with changing structures over time can be complex.
e) Integrating heterogeneous data sources into a unified graph representation requires careful
preprocessing and feature engineering.

4.3.2. Variational autoencoders

VAEs are adept at handling the complexity of diverse economic data (such as, consumer purchase
data, stock market data, economic indicators, price elasticity data, financial time series data, supply chain
data, banking transaction data, real estate market data, consumer credit data, international trade data),
employing a variational inference framework to approximate latent variable distributions. Their architecture [58],
incorporating CNNs or RNNs, excels in processing time series, textual, or image data. VAEs feature a latent
space that captures essential economic features, facilitating nuanced data reconstruction or generation.
Training leverages techniques like stochastic gradient descent with optimizers for complex representation
learning, while advancements such as conditional VAEs and ensemble learning enhance accuracy,
interpretability, and model performance in economic analysis [59].
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Our investigation revealed that the VAEs face several limitations, including the complexity of
tuning hyperparameters to achieve a balance between reconstruction quality and latent space regularization.
They can generate unrealistic synthetic data if not properly regularized or trained. Understanding the latent
space and its representations poses another challenge. Training VAESs on large, high-dimensional datasets is
computationally intensive, and their performance heavily depends on the quality and volume of training data,
affecting their generalizability and reliability.

4.4, Reinforcement learning models

Reinforcement learning (RL) models [60] are emerging as powerful tools for optimizing decision-
making processes in areas like resource allocation, market simulation, and financial portfolio management.
These models iteratively learn optimal strategies by interacting with an economic environment, using reward
signals to guide decisions, which is crucial for adapting to the dynamic and often uncertain economic
scenarios. The technical complexity of these models lies in balancing exploration and exploitation to
maximize long-term rewards, a challenging task that requires sophisticated algorithms and careful tuning to
the specific economic context.

4.4.1. Deep Q-networks

DQNs are instrumental in navigating Pakistan's complex economic landscape, requiring
sophisticated state representation to incorporate key economic indicators and policy nuances. Feature
engineering, state discretization, and handling partial observability are essential for adapting raw economic
data to RL models. The design of action spaces and reward functions is crucial, focusing on economic policy
decisions and aligning model objectives with national economic goals [61]. Training DQNSs [62] involves
advanced techniques like experience replay and prioritized experience replay, with meticulous
hyperparameter tuning to optimize performance for economic applications.

Our analysis has uncovered the following, prominent, but not limited to, drawbacks and constraints
associated with the DQN model:
a) High-dimensional state space requires extensive computational resources.
b) Difficulty in accurately modelling the complex, dynamic nature of economic systems.
¢) Overfitting risk due to the complexity and richness of economic data.
d) Challenges in designing appropriate reward functions that accurately reflect long-term economic

objectives.

e) Limited availability of comprehensive and reliable economic data for training and validation.

4.4.2. Policy gradient methods

Developing policy gradient models [63] for economic analysis involves choosing the right policy
function parameterization, from simple linear models to complex neural networks. Techniques like
REINFORCE or proximal policy optimization (PPO) cater to specific economic scenarios (e.g., dynamic
pricing, supply chain optimization, portfolio management, and resource allocation), with exploration
strategies like epsilon-greedy ensuring a balance between exploiting known rewards and exploring new
possibilities. Optimization includes careful discount factor selection and reward shaping to align models with
economic objectives (e.g., replay and batching). Experience replays and data preprocessing from diverse
sources enrich model training, while evaluation metrics assess policy stability and dynamic economic impact.

Despite their advantages, policy gradient methods in economic modeling come with inherent
limitations. The complexity of accurately modeling and predicting economic outcomes necessitates extensive
computational resources and a deep understanding of both machine learning and economics. The reliance on
substantial and diverse data sources for training can be a challenge, especially in scenarios with limited or
noisy data. Also, ensuring the interpretability and explainability of these models is crucial, as economic
policy decisions based on these models can have far-reaching consequences. The trade-off between model
complexity and interpretability remains a key consideration in their deployment for economic analysis and
policymaking.

4.4.3. Actor-critic methods

Actor-critic methods integrate policy (actor) and value (critic) functions to guide economic decision-
making, utilizing advanced neural networks for precise action selection and evaluation [64]. Techniques like
deep deterministic policy gradients (DDPG) [65] and recurrent actor-critic networks (RAC) capture the
complexities of economic dynamics, while multi-agent actor-critic (MAAC) models [66] address interactions
within decentralized economic systems. These DL methods are instrumental in shaping rewards to achieve
long-term economic objectives, employing strategies to ensure model stability and efficiency. Despite
challenges in computational demands and data quality, actor-critic models offer valuable insights into
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economic policy and strategy effectiveness, highlighting their importance in economic simulations (e.g.,
double Q-learning and trust region policy optimization (TRPO) [67]) and policymaking.

The implementation of actor-critic models, while offering substantial benefits, is not without its
challenges, particularly in the field of economic simulations. These models demand significant computational
resources, especially when applied to large-scale economic scenarios. Accurately capturing the diverse and
dynamic characteristics of economic systems adds another layer of complexity. Designing and shaping
rewards that effectively mirror long-term economic objectives is a nuanced task, requiring careful
consideration. Furthermore, the effectiveness of these models heavily relies on the quality and accessibility of
economic data, which is critical for their training and validation. A key challenge lies in striking the right
balance between the complexity of the models and their interpretability, a crucial aspect in the ambit of
economic policymaking.

4.5. Hybrid models

Hybrid DL models [68] integrate diverse neural network architectures like CNNs for spatial data
analysis and RNNs for temporal data processing. Are increasingly being deployed for comprehensive
economic forecasting and analysis. These models leverage the strengths of different learning paradigms-
convolutional layers for extracting spatial features from economic data like geographical patterns, and
recurrent layers for modeling time-dependent phenomena such as stock market trends or GDP growth,
providing a multifaceted approach to economic data analysis that is both robust and adaptable to the complex
and dynamic nature of economy.

4.5.1. Convolutional recurrent neural networks

CRNNSs [69] are an innovative class of hybrid DL models that merge the spatial feature extraction
capabilities of CNNs with the temporal data processing prowess of RNNs. In the convolutional layers,
CRNNs utilize 1D convolutions for feature extraction from time-series economic data like GDP, inflation,
and unemployment rates. They employ multi-scale feature extraction techniques, including dilated
convolutions, to capture both long-term trends and short-term fluctuations in economic indicators. Spatial
convolutions are also integral for analyzing geographical dependencies within economic data, aiding in
understanding regional income disparities and other spatial economic phenomena. Residual connections in
these layers facilitate better gradient flow, significantly enhancing the training performance of these models.

The recurrent layers in CRNNs, often comprising LSTM units or GRUSs, are adept at capturing the
temporal dynamics within economic datasets. Bi-directional LSTMs extend this capability by processing
information from both past and future contexts, enabling predictions of economic growth based on historical
trends and anticipated policy changes. Attention mechanisms are incorporated to selectively focus on specific
parts of the time series that are most relevant for the prediction task, such as pinpointing key economic events
that have significant impacts on certain sectors. In terms of hybrid architectures, the combination of CNNs
and RNNSs varies, with CNN-LSTM models being particularly effective in simultaneously extracting spatial
and temporal features. Encoder-decoder architectures leverage CNNs for encoding complex economic data
and RNNs for decoding it into forecasts or predictions. Optimization and regularization of these CRNN
models involve adaptive learning rate algorithms for efficient training, dropout layers to combat overfitting, and
early stopping strategies to maintain model robustness. Evaluation metrics for CRNNs range from MSE or
MAE for regression tasks like economic growth prediction, to R-squared or F1-score for classification tasks
such as predicting loan defaults or assessing the risk of economic recessions. Visualizing the model's predictions
and residuals is also crucial for analyzing its behavior and identifying any potential biases in its forecasts.

4.5.2. Encoder-decoder architectures

Encoder-decoder architectures in DL, such as RNNs, CNNs, and transformers, are pivotal for
economic data analysis, translating complex datasets into actionable insights. These models excel in time
series forecasting, sentiment analysis, and policy simulation by incorporating attention mechanisms and
domain-specific knowledge. Despite their versatility, challenges include data quality reliance, interpretability,
and computational demands, underscoring the need for advanced data processing and model optimization
strategies [70]. Hence, applied models are instrumental in economic forecasting and policy analysis,
effectively incorporating exogenous factors and leveraging text and sentiment analysis for market trend
predictions. Despite their utility in anomaly detection and model simulations, challenges such as data quality,
interpretability, and computational demands limit their effectiveness, highlighting the need for improved data
processing and model optimization strategies.
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4.6. Transfer learning models

Transfer learning approach [71] allows for leveraging learned patterns and features from one
economic domain and applying them to another. Significantly reducing the need for extensive data and
computational resources, which are often constraints in economic research. This methodology is particularly
beneficial for complex tasks like economic forecasting, market trend analysis, and policy impact assessment,
where it can enhance model performance and accelerate the training process by adapting previously learned
knowledge to the specific nuances of Pakistan's economy.

4.6.1. Pretrained CNNs (e.g., ResNet, Inception)

Pretrained CNNs [72] like ResNet, Inception, and EfficientNet, trained on diverse datasets, offer
extensive feature learning for economic data analysis, adapting through transfer learning or fine-tuning based
on dataset size, computational resources, and task specificity. Adapting to Pakistani economic contexts
involves adjustments in layer training and domain-specific data augmentation to enhance model performance
and generalizability. Optimizing these models requires careful hyperparameter tuning and selection of
appropriate loss functions to ensure accuracy and relevance in economic applications, from microfinance to
agricultural analysis.

Our analysis has uncovered a range of limitations in the use of these models, which include, but are
not limited to, the following challenges:

a) Potential for pretrained models to carry biases from the original training data, affecting their
applicability to national economic contexts.

b)  Overfitting risks due to complex model architectures when applied to smaller or less diverse local
datasets.

c) Challenges in interpreting the features and layers of deep pretrained CNNs, impacting model
transparency.

d) Computational and resource requirements for fine-tuning and optimizing large pretrained models.

4.6.2. Pretrained language models (e.g., BERT, GPT)
Pretrained language models (PLMs) [73] like BERT and GPT, utilizing transformer encoder-
decoder architectures, are revolutionizing natural language processing with their ability to understand and
generate language from extensive training on text corpora. These models' adaptability to economic data,
through fine-tuning with domain-specific content and employing techniques like few-shot learning, enables
sophisticated economic analysis tasks. However, technical challenges such as computational demands, the
need for explainability, bias mitigation, and the development of specialized models like FInBERT or
multilingual capabilities for diverse Pakistani languages present significant considerations for effective
application in economic research [74].
Our investigation has identified a spectrum of limitations in the application of these models,
encompassing a variety of challenges. These include, but are not restricted to, the following areas of concern:
a) Challenges in fine-tuning PLMs to specific economic contexts due to limited domain-specific training
data.

b) High computational demands for training and adapting large-scale language models.

¢) Risks of perpetuating existing biases from pre-trained datasets into economic analysis.

d) Difficulties in ensuring the interpretability and transparency of complex PLM architectures.

e) Potential for overfitting on limited or niche economic data samples, affecting the generalizability of
model insights.

4.7. Time series and forecasting models

DL models specialized in time series and forecasting [75], such as LSTM and GRU models, are
being increasingly utilized to predict key economic indicators like GDP growth, inflation rates, and market
trends. These models excel in handling sequential data by learning temporal dependencies and patterns,
crucial for accurate economic forecasting in a country marked by fluctuating market conditions and economic
policies. Their technical sophistication lies in effectively capturing both short-term fluctuations and long-
term trends in economic data, which is essential for robust policy-making and economic planning in Pakistan.

4.7.1. ARIMA with neural networks

The hybrid ARIMA [76] with neural networks model, including variations like ARIMA-RNNs and
ARIMA-CNNs, merges traditional ARIMA's trend and seasonality handling with neural networks' ability to
capture nonlinear patterns and complex data features. This approach enhances time series prediction
accuracy, with specific applications in economic forecasting, such as foreign exchange rates, stock market
indices, and inflation rates. Despite its advantages, challenges include complex integration, substantial

Deep learning for economic transformation: a parametric review (Usman Tariq)



532 a ISSN: 2502-4752

computational demands, model interpretability, and reliance on extensive historical data for training,
necessitating careful design and optimization.

4.7.2. Sequence-to-sequence models

Seq2Seq models [77], particularly relevant for time series data, are pivotal in analyzing and
forecasting economic trends. These models typically employ RNNs like LSTM and GRU, as well as
Transformer models, which are adept at capturing temporal dependencies in economic data. The inclusion of
attention mechanisms, such as those developed by Bahdanau and Luong, significantly enhances the model's
ability to learn long-range dependencies, a crucial feature for understanding complex economic sequences
like financial time series and policy narratives. Hybrid architectures like convolutional LSTMs offer a robust
solution for handling mixed data modalities, including text and numerical data, commonly encountered in
Pakistani economic studies.

Adapting Seq2Seq models for forecasting macroeconomic indicators such as inflation and GDP
involves incorporating exogenous factors like global events and policy shocks. These models are also
leveraged for policy analysis, generating comprehensive economic reports, and summarizing economic news
in a manner that's tailored to the pre-defined context. They prove invaluable in textual tasks like sentiment
analysis of economic discourse, news summarization of significant economic events, and automatic
classification of economic documents. Advanced techniques in Seq2Seq models, including beam search and
teacher forcing, are employed to enhance the quality of inferences drawn from the model. However, these
Seq2Seq models do face challenges, particularly in economic applications. Issues such as data scarcity can
hinder the model's training and effectiveness. Furthermore, the complexity inherent in Seq2Seq models often
leads to interpretability issues, making it challenging to understand and explain the model's predictions and
outputs in an economic context. These limitations underscore the need for continued innovation and
adaptation in the use of Seq2Seq models within the field of economics.

4.8. Natural language processing models

DL models for NLP [78], such as transformer-based architectures are increasingly employed for
analyzing economic texts, including policy documents, market reports, and social media discourse. These
models excel in understanding and generating complex language structures, enabling sophisticated tasks such
as sentiment analysis, topic extraction, and automated summarization, which are crucial for real-time
economic decision-making and market trend analysis. Their technical efficacy lies in the ability to process
large volumes of unstructured text data and extract relevant economic insights, aiding policymakers and
analysts in comprehending the multifaceted economic narrative of Pakistan.

4.8.1. Transformers

The NLP transformers model [79], integrating self-attention mechanisms, excels in analyzing
economic data, including Urdu language texts through UrduBERT [80], and financial contexts with
FinBERT. It supports diverse applications from policy analysis to consumer behavior prediction across
Pakistan's linguistic landscape, utilizing domain-specific fine-tuning and multilingual capabilities. Challenges
include limited localized data, addressed through data augmentation and multi-modal learning, enhancing the
interpretability and application breadth of transformers in economic analysis.

4.8.2. Attention mechanisms

The NLP attention mechanisms [81], particularly within transformer-based architectures like BERT
and RoBERTa, have revolutionized the analysis of complex economic texts by capturing intricate
dependencies. These mechanisms, through self-attention and multi-head attention, allow for nuanced
understanding and interpretation of economic data, enhancing tasks like sentiment analysis and forecasting.
Hybrid models combining attention mechanisms with econometric approaches offer sophisticated analytical
tools. Despite challenges like data scarcity and model interpretability, advancements in data pre-processing,
attention visualization, and specialized embeddings promise deeper economic insights.

4.9. Anomaly detection models

Autoencoders and GANs as DL models [82] for anomaly detection are gaining prominence for their
ability to spot irregularities and fraudulent patterns in financial transactions and market data. These models
are highly adept at understanding the standard patterns within complex economic datasets and identifying
anomalies, playing a key role in the early detection of fraud and market anomalies. Their effectiveness is
rooted in their capacity to analyze extensive data sets, decipher complex data structures, and pinpoint outliers
with precision. This capability is vital for preserving financial integrity and ensuring the stability of an
expanding economy. Table 5 provides a structured approach to understanding and managing various types of
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anomalies that can occur in economic systems, with a focus on how DL models can be utilized for
identification and subsequent management strategies.

Table 5. DL models for anomaly detection and management in economic applications

Sample: Sample: Sample: Anomaly management strategies
anomaly type potential causes anomaly identification
(DL models)
Financial fraud Unusual transaction patterns, Autoencoders, one-class SVMs Real-time monitoring, transaction
identity theft verification protocols

Market Artificial inflation/deflation of LSTM networks, GANs Regulatory oversight, market
manipulation asset values surveillance systems
Economic data Reporting errors, data tampering ~ CNNs for pattern recognition, Data validation checks, cross-
discrepancies RNNs verification with alternative sources
Consumer Socioeconomic changes, market NLP transformers for sentiment Adaptive marketing strategies,
behavior shifts trends analysis consumer engagement surveys
Policy impact Unintended consequences of new  Transformer-based models for Policy revision and adjustment,
anomalies policies policy analysis Stakeholder feedback integration
Supply chain Natural disasters, geopolitical CNN s for image data analysis Contingency planning, diversified
disruptions events (satellite imagery) supply sources

4.9.1. One-class SVMs

One-class SVMs [83], particularly effective in anomaly detection within economic data, leverage
specific kernels (such as radial basis function (RBF) or polynomial (Poly)), and domain-specific feature
engineering to enhance detection accuracy. Integrating DL architectures further improves anomaly discernment.
The optimization process involves fine-tuning parameters and developing robust scoring mechanisms, with
explainability addressed through interpretative techniques. Despite their effectiveness in various economic
applications, challenges like handling imbalanced datasets and ensuring interpretability in complex scenarios
remain, highlighting the importance of expert domain knowledge for their application.

4.9.2. Isolation forests

Isolation forests [84] offer a unique approach to anomaly detection in economic datasets through the
use of isolation trees, distinguishing themselves from conventional models by isolating outliers. This method
is particularly suited to economic data due to its ability to handle high dimensionality with advanced variants
like patch forests. The technigue involves calculating path length scores to identify anomalies, with
visualization aids for interpretation. Despite its computational efficiency and adaptability to sparse data,
challenges in explainability and concept drift remain, driving research towards more interpretable and
adaptive models for economic analysis.

4.10. Optimization and regularization techniques

In economic data analysis using DL, optimization and regularization techniques like Adam
optimizer, L1/L2 regularization, and dropout are crucial for enhancing model performance and preventing
overfitting. These techniques optimize the training process of neural networks, ensuring robust and
generalizable models suited for complex economic forecasting and analysis tasks. Their application is vital in
efficiently handling high-dimensional economic data, balancing model complexity with prediction accuracy,
and ensuring the models' resilience against the variability inherent in dynamic economic framework.

4.10.1. Dropout

Dropout [85], a technique for mitigating overfitting in neural networks, selectively deactivates neurons
during training, introducing randomness that promotes model robustness. It enhances feature selection, prevents
neuron co-adaptation, and works alongside or outperforms traditional regularization methods. Optimizing
dropout involves adjusting parameters for different network layers, with applications in economic forecasting,
policy analysis, and credit risk assessment. Despite its benefits, challenges include determining the optimal
dropout rate and ensuring model consistency. Future developments may focus on adaptive dropout techniques
and integrating dropout with advanced regularization for improved economic model performance.

4.10.2. Batch normalization

Batch normalization addresses the issue of internal covariate shift, which is particularly pertinent in
economic data analysis [86]. Covariate shift, arising from factors such as seasonality or policy changes, can
significantly affect the training of DL models. Batch normalization addresses this by normalizing the
activations within mini-batches, thereby stabilizing the learning dynamics and enhancing model performance.
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This normalization proves crucial in economic datasets where covariate shift is prominent, ensuring
consistent performance across varied data distributions. For instance, in tasks involving macroeconomic data
analysis, where seasonality and policy shifts are common, Batch normalization helps in maintaining model
stability and improving predictive accuracy.

The technique also plays a vital role in mitigating the challenges of vanishing or exploding
gradients, particularly in complex economic models like LSTM networks used for macroeconomic
forecasting. By normalizing activations, batch normalization contributes to smoother gradient propagation,
leading to faster convergence during training. This not only reduces training time but also enhances the
efficiency of resource utilization, a significant advantage when dealing with large-scale economic datasets.
Besides, it introduces learnable parameters (y, ) that allow the model to adapt to varying data distributions,
an essential feature for dynamic economic modeling where data characteristics evolve over time, such as in
financial market analyses. This adaptability makes batch normalization preferable compared to other
normalization techniques in dynamic economic tasks. Furthermore, the regularization effect of batch
normalization reduces the model's sensitivity to weight initializations, promoting better generalization to
unseen economic data and yielding more robust predictions.

Recent advancements in batch normalization, like GroupNorm, LayerNorm, and spectral
normalization, open new avenues for specific economic applications. These advanced techniques hold
potential in areas like credit risk assessment or financial time series analysis, enhancing the model's ability to
handle complex economic phenomena. Despite its many benefits, batch normalization has its limitations,
such as dependency on mini-batch size and potential reduction in training stability under certain conditions.
As per our investigation, we envision that the field is likely to witness the emergence of advanced
normalization methods capable of accommodating a broader spectrum of economic data scenarios. Such
developments would offer greater adaptability and resilience in DL applications, significantly enhancing their
utility in economic analysis and forecasting.

4.10.3. Adam optimizer

The Adam optimizer is renowned for its effectiveness in handling sparse gradients on noisy problems,
a common challenge in economic data analysis. In the context of economic data, particularly that representing
various Pakistani economic phenomena like inflation, exchange rate, and GDP, the tuning of Adam's
hyperparameters—including the initial learning rate, betal, beta2, and epsilon—plays a crucial role in determining
model performance and convergence speed. Adaptive learning rate schedules, such as warm-up and decay
phases, are particularly beneficial for dealing with the non-stationary features or volatile periods frequently
observed in national economic data. Nevertheless, despite its advantages, Adam optimizer has limitations,
particularly in scenarios where a fine balance between exploration and exploitation of the solution space is
required. Its efficacy can be influenced by the choice of hyperparameters, and improper settings may lead to
suboptimal convergence. We envision that in future researchers should focus on developing more adaptive and
intuitive variants of Adam that can automatically adjust their parameters based on the characteristics of the
economic dataset, enhancing model performance and applicability in diverse economic contexts.

4.10.4. L1/L.2 regularization

L1 and L2 regularizations are critical techniques in DL, particularly in the context of economic data
analysis, each offering distinct advantages. L1 regularization, also known as Lasso, is adept at producing
sparse solutions by setting the coefficients of irrelevant features to zero. This property not only enhances the
model's interpretability but also makes it robust to outliers due to its absolute penalty term. Group Lasso
variations are particularly useful for economic applications, as they encourage sparsity within grouped
features, such as economic sectors, while adaptive Lasso dynamically adjusts the penalty to individual
features based on their importance. Proximal gradient descent algorithms are employed as efficient
optimization methods for achieving sparse solutions in L1 regularization. On the other hand, L2
Regularization, known as Ridge, is effective in shrinking all coefficients towards zero, thus reducing model
complexity and mitigating overfitting. It improves generalization on unseen data and handles
multicollinearity by reducing sensitivity to correlated features, thereby stabilizing coefficient estimates.
Elastic net regularization combines the benefits of both L1 and L2 penalties, striking a balance between
sparsity and coefficient shrinkage. Techniques like early stopping and cross-validation are crucial for
optimally tuning regularization hyperparameters, such as lambda, and Bayesian inference methods can
incorporate prior information about coefficients through the L2 penalty.

In the settings of economic modeling, the dynamic selection of penalty parameters based on data
characteristics or economic theories is vital for prioritizing certain features. Simultaneously optimizing
regularization and model parameters can lead to enhanced accuracy. Tailoring these regularization techniques
to specific economic problems and data characteristics ensures their relevance and effectiveness in economic
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analysis. However, a one-size-fits-all approach to regularization can be limiting, as different economic
datasets may require different levels of sparsity or shrinkage for optimal performance. Future directions
might involve developing more adaptive regularization techniques that can automatically adjust based on the
unique characteristics of the economic data being analyzed, leading to more accurate and interpretable
economic models.

Table 6 generalizes the characteristics of these models. The actual performance and costs can vary
significantly depending on the specific architecture, size of the economic dataset, and computational
resources available. For instance, in economics, datasets might have unique features like time series data,
complex relationships, or require interpretability for policy decision-making, which can influence the choice

and performance of the model.

Table 6. Comparative analysis of DL models in economics across key criteria

DL model type

Performance metrics

Training time

Computational cost

Interpretability

Supervised learning
models
Unsupervised
learning models

Semi-supervised
learning models

Reinforcement
learning models

Hybrid models
Transfer learning
models

Time series and
forecasting models

Natural language
processing models

Anomaly detection
models

Optimization and
regularization
techniques

High accuracy,
precision, recall
Cluster purity,
silhouette score

Better than
unsupervised, but
varies
Reward accumulation,
success in task-
specific metrics
Depends on the
specific combination
of models
High in tasks similar
to the base model's
training
Forecast accuracy,
error metrics (e.g.,
MAE, RMSE)
Accuracy, F1 score,
BLEU score for
translations
Detection accuracy,
false alarm rate

Depends on the base
model

Can be extensive for
large datasets
Varies, often quicker
than supervised
models
Moderate, leveraging
both labeled and
unlabeled data
Often extensive,
especially in complex
environments
Varies, often longer
due to combining
models
Shorter, as it builds on
pre-trained models

Can be extensive for
long series and
complex models
Extensive, especially
for large language
models
Varies, but can be
extensive for complex
scenarios

Can increase training
time due to additional
constraints

High for large, complex
models
Moderate to high,
depending on complexity

Moderate to high

High, due to iterative
nature and complexity of
environments
High, combining costs of
multiple models

Lower than training from
scratch

Moderate to high,
especially for models
handling large time series
Very high for state-of-
the-art models

Moderate to high,
depending on model
complexity

Varies, additional steps
can increase
computational costs

Low to moderate, depending
on model complexity
Low to moderate, as these
models can be more abstract

Low to moderate, depending
on the balance of supervised
and unsupervised elements
Low, as decision-making
processes can be complex and
non-linear
Generally low, increased
complexity reduces
interpretability
Low to moderate, depending
on the complexity of the base
model
Moderate, as time series
models can be more
interpretable
Low, given the complexity of
language and model size

Moderate, as these models
often have more
understandable decision
boundaries
Can improve interpretability
by simplifying models

5. FUTURISTIC QUANTUM COMPUTING AND DEEP LEARNING IN ECONOMICS

Quantum computing's (QCs) [87] potential to revolutionize economic modeling lies in its ability to
crack complex optimization problems and uncover hidden patterns in vast datasets. By harnessing the power
of qubits and DL algorithms, we can tackle challenges like portfolio optimization, risk management, and
efficient resource allocation. Paving the way for a more robust and data-driven economic future.

5.1. Quantum machine learning in economics
Quantum machine learning (QML) algorithms [88] are emerging as powerful tools for solving
complex economic problems, harnessing the principles of quantum mechanics to potentially revolutionize
how we approach these challenges. For instance:
a) The variational quantum eigensolver (VQE) is one such algorithm, particularly useful in finding the
ground state of economic Hamiltonians for optimization problems, such as portfolio allocation in finance.
b) Another notable algorithm, the quantum approximate optimization algorithm (QAOA), is adept at
solving combinatorial problems relevant in economics, like resource allocation and network design, by
utilizing quadratic objective functions.
¢) Quantum support vector machines (qSVM) hold the promise of classifying economic data with
enhanced performance, especially in high-dimensional spaces, using quantum kernels.
d) Quantum Boltzmann machines (qBMs) offer a novel approach to model complex economic
relationships through unsupervised learning, potentially leading to groundbreaking insights.
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e) Hybrid quantum-classical algorithms are also being explored, combining the strengths of quantum
computing for specific subtasks with classical computing for the overall framework, thus offering a
pragmatic approach to integrating quantum capabilities in economic problem-solving.

5.2. Processing and representing economic data using quantum methodologies

In terms of quantum data processing and representation for economic applications, several quantum
techniques stand out. For instance:

a) The quantum fourier transform (QFT) can efficiently analyze economic time series data, uncovering
hidden patterns and seasonal trends that might be elusive to classical methods.

b) Quantum phase estimation offers the potential for exponential speedup in estimating parameters of
complex economic models compared to classical techniques.

¢) Quantum principal component analysis (qPCA) aids in reducing the dimensionality of economic data
while retaining crucial information for analysis and prediction.

Moreover, techniques for quantum data encoding, such as amplitude and phase encoding, are pivotal
in representing economic data in qubits for processing by quantum algorithms. Error correction and fault
tolerance are crucial aspects, given the current challenges of noisy quantum devices, ensuring reliable and
accurate guantum computations in economic applications.

5.3. DL focused QC applications

The applications of QC-enhanced DL in economics are vast and promising. For instance:

a) Quantum-assisted recurrent neural networks (qRNNSs) could offer unprecedented accuracy in financial
market prediction, analyzing market trends, and forecasting asset prices.

b)  Quantum risk analysis models could revolutionize economic risk management, particularly in fields like
portfolio optimization and insurance pricing.

¢) In supply chain management, quantum-powered algorithms could optimize logistics more efficiently
than ever before.

d) Simulating economic models on quantum computers could provide a new paradigm in economic policy
design, enabling the evaluation of policy impacts before their real-world implementation.

e) Anomaly detection algorithms using quantum Boltzmann machines could be particularly effective in
identifying fraudulent activities in economic transactions.

Conversely, the field of quantum computing, especially in economic applications, faces several
considerations. The current state of quantum hardware, characterized by error-prone quantum devices,
necessitates noise mitigation strategies and often calls for hybrid quantum-classical approaches. The
development of quantum algorithms and software tools tailored for economic applications is an ongoing
process, marking an emerging field with immense potential. Thus, integrating these advanced quantum
algorithms into existing economic frameworks and data pipelines remains a significant challenge, requiring
careful consideration to ensure practical and impactful applications.

6. CHALLENGES AND ETHICAL CONSIDERATIONS

As DL models increasingly influence economic analysis, forecasting, and policymaking, it becomes
imperative to address the ethical implications and challenges associated with their deployment. Here are
some key points highlighting these ethical considerations and challenges (i.e., but not limited to):

a) DL models in economics can inadvertently perpetuate or amplify biases present in the training data,
leading to unfair or discriminatory outcomes. Addressing these biases requires careful data curation and
implementation of fairness algorithms.

b) Many DL models, particularly those based on complex architectures, are often seen as 'black boxes'.
Ensuring transparency and explainability is crucial for trust and accountability, especially in policy-
related applications.

¢) With DL models often relying on large datasets, including sensitive economic indicators and personal
financial data, maintaining data privacy and security is paramount.

d) DL applications in economics must adhere to existing legal and regulatory frameworks, which can be
challenging given the fast-paced evolution of Al technologies.

e) The deployment of advanced DL models in economics could potentially widen economic disparities,
with benefits accruing more to those with access to high-quality data and computational resources.

f)  Over-reliance on DL models might undermine human expertise and judgment in economic decision-
making, raising concerns about the autonomy of human decision-makers.

g) The broad societal impact of DL-driven economic decisions, such as those influencing employment or
social welfare policies, must be carefully considered to avoid unintended negative consequences.
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h)  Establishing clear lines of accountability for decisions made by or with the assistance of DL models is
essential to address potential errors or harmful outcomes.

7. PROSPECTIVE TRENDS IN DL IMPLEMENTATION WITHIN ECONOMICS

The future of DL implementation is poised to transform both theoretical and applied aspects of the
field (i.e., Economics), with significant advancements anticipated across various sub-disciplines. For
instance, we envision the following:

a) Forecasting critical economic indicators such as GDP, inflation, and unemployment will see enhanced
precision and reliability through DL models, which can process complex, nonlinear data more effectively
than traditional methods. DL algorithms are also being developed to analyze and predict economic crises,
offering the potential to preemptively identify warning signs and mitigate risks. In policymaking,
reinforcement learning models are emerging as powerful tools for simulating the effects of monetary and
fiscal policy decisions, enabling policymakers to test scenarios before implementation.

b) In the sphere of microeconomics, DL models are revolutionizing the understanding of consumer
behavior and market responses. These models can analyze vast amounts of data to predict how
consumers will react to changes in prices, products, and market conditions. DL also enhances the
analysis of firm dynamics and competition, offering deeper insights into market structures and strategic
interactions.

c) Development economics stands to gain from DL in several ways. DL methods are increasingly used for
predicting poverty and inequality, enabling more targeted and effective social programs. DL-based
models are aiding in the design and implementation of social interventions, ensuring that resources are
allocated where they are most needed. Moreover, DL techniques are being employed to analyze the
impact of development policies on economic growth, offering a more nuanced understanding of policy
effectiveness. Importantly, DL is playing a crucial role in understanding the economic implications of
climate change, a key concern in development economics.

d) Econometrics is also witnessing a DL revolution. Novel DL architectures are being developed for
econometric analysis, enhancing the efficiency and accuracy of economic estimations. Unsupervised
learning is being explored for its potential in economic data analysis, uncovering hidden patterns and
relationships without predefined models. A key challenge being addressed is the interpretability and
explainability of DL-based economic models, crucial for their acceptance and understanding in the
wider economic community.

Looking ahead, the integration of DL with traditional economic models will be critical. This hybrid
approach promises to combine the strengths of both methodologies, offering more robust and comprehensive
analyses. The rise of XAl in economics will help demystify complex DL models, making their decisions and
predictions more transparent and trustworthy. Ethical considerations, such as data privacy, bias, and the
societal impact of automated decision-making, will remain at the forefront, ensuring that DL applications in
economics are aligned with societal values and norms. Finally, the role of big data in driving DL applications
in economics cannot be overstated; the ability to process and analyze vast datasets will continue to be a key
driver of innovation and advancement in the field.

7.1. Future research builds upon review findings

Our review paper lays a comprehensive foundation for future research in several ways, identifying
both the transformative potential of DL in economic sectors and the challenges specific to implementing
these technologies in Pakistan. Future research can build upon these findings through various avenues:

a) There is a need for empirical research that assesses the impact of DL applications in critical sectors
identified within our review, such as agriculture, finance, education, and healthcare. These studies
should aim to quantify the economic benefits, efficiency improvements, and social impacts of DL
implementations. Such data-driven insights would provide a stronger basis for policy recommendations
and investment decisions.

b)  Our review highlights challenges like data availability, computational resource constraints, and the skills
gap as significant barriers to DL adoption in Pakistan. Future research should focus on developing
innovative solutions to these challenges, such as low-resource DL models, data privacy-preserving
techniques, and scalable training programs for DL skills development. Experimenting with federated learning
in the Pakistani context could be particularly fruitful for overcoming data scarcity and privacy concerns.

c) There is a profound opportunity for cross-disciplinary research that combines economics, computer
science, and social sciences to explore the broader implications of DL on Pakistan's economy. Future
studies could investigate the socio-economic impacts of DL, such as job displacement and creation, and
the ethical considerations of automated decision-making in public and private sectors.

Deep learning for economic transformation: a parametric review (Usman Tariq)



538 a ISSN: 2502-4752

d) Conducting comparative studies between Pakistan and other countries with similar economic
backgrounds can provide valuable insights into best practices for DL adoption in developing economies.
These analyses can help in understanding the role of governance, infrastructure, and cultural factors in
the successful implementation of DL technologies.

e) To truly gauge the impact of DL on economic reform, longitudinal studies that track the progress of DL
implementations over time are crucial. These studies can provide real-world evidence of the
sustainability and long-term benefits of DL applications in various economic sectors.

f)  Our review suggests that certain sectors such as small and medium enterprises (SMEs), informal
economy, and regional trade can significantly benefit from DL technologies. Future experiments should
aim to uncover the specific DL tools and models that can be most effective in these areas, addressing
unique challenges and opportunities.

8. CONCLUSION

This review paper has systematically examined the burgeoning role of DL in catalyzing economic
reform within Pakistan, showcasing its pivotal contributions across diverse sectors including finance,
healthcare, agriculture, and urban development. The evidence marshalled illustrates DL's profound capacity
to streamline processes, enhance predictive accuracy, and facilitate informed decision-making, thus heralding
a new era of economic efficiency and innovation. However, the adoption of DL in Pakistan faces notable
challenges such as limited data accessibility, infrastructural constraints, and a prevailing skills gap, which
collectively impede the full realization of DL's potential. Addressing these hurdles necessitates a concerted
effort towards improving data collection and processing frameworks, upgrading technological infrastructure,
and investing in skill development programs tailored to DL competencies. Future directions for DL research
in Pakistan should focus on developing localized DL models that are robust to data scarcity and adaptable to
the unique socio-economic contexts of the country. Furthermore, interdisciplinary collaborations that bridge
the gap between technology and policy-making can further harness DL's transformative power, driving
sustainable economic growth and positioning Pakistan at the forefront of the global digital economy. This
paper emphasizes the critical need for continued exploration and investment in DL technologies, advocating
for a strategic approach to overcoming current limitations and unlocking the vast potential of DL for
economic advancement.
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