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Item Parameter

Processor (CPU) Core(TM) i7-7600U CPU@2.80GHz
Graphics Card (GPU) Intel(R) HD Graphics 620

Memory (RAM) 16.00GB,

Programming language Python 3.12.0

Deep learning framework TensorFlow v2.16.1
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Date
Country

GBM

GDP (per capita)

FDI
Inflation
Exchange rate
Remittances
Net migration
Population
‘Trade openness
Human capital
ODA

General

government

Description

“The specific year for which the data is recorded

‘The Gambia as the country

Country code, Th Gambia

Adjusted gross domestic product per person, accounting for inflation to 2015 US dollars.

Net investment inflows to acquire management interest in enterprises outside the investor’s country, as a percentage of GDP.
Annual percentage change in the GDP deflator, measuring price inflation.

‘The exchange rate for the local currency relative to the US dollar during a specific timeframe

“Total personal remittances received from abroad, as a percentage of GDP.

Net number of people entering or leaving the country.

Total number of people living in the country

Average of export and import percentages.

the collective skills, knowledge, experience, and health levels of a population, which contribute to productivity and economic growth
Amount of aid received by The Gambia.

Government spending on final goods and services.
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Alreturn over ~ MLreturnover Al return over

B&H B&H ML
2018 ~11.24% ~53.95% ~71.85% 60.61% 17.90% 42.71%
2019 85.52% 64.33% 87.33% ~181% ~23.00% 21.19%
2020 251.54% 21675% 307.96% ~56.42% ~91.21% 34.79%
2021 156.82% 87.29% 6234% 94.48% 24.95% 69.53%
2022 ~35.05% ~42.16% ~65.13% 30.08% 22.97% 7.01%
2023 80.24% 67.35% 155.42% ~75.18% ~88.07% 12.89%

The results presented in the table are annual returns.
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Date return B&H return nual return  B&H annual return  Excess return
2018-02 0.00% 1.73%

2018-03 —22.44% ~32.93%

2018-04 0.00% 3251%

2018-05 ~26.09% ~18.90%

2018-06 0.00% ~14.55%

2018-07 ~5.03% 21.49%

2018-08 —13.70% —9.55%

2018-09 0.00% —5.85%

2018-10 0.00% —4.65%

2018-11 0.00% ~36.41%

2018-12 0.00% —6.83% —53.95% ~71.85% 17.90%
2019-01 ~1050% ~761%

2019-02 ~3.76% 11.48%

2019-03 637% 6.50%

2019-04 28.68% 3033%

2019-05 58.71% 60.25%

2019-06 26.31% 26.15%

2019-07 ~10.05% ~6.76%

2019-08 0.00% -451%

2019-09 0.00% ~13.88%

2019-10 0.00% 1092%

2019-11 -22.74% -17.72%

2019-12 0.00% —497% 64.33% 87.33% ~23.00%
2020-01 7.18% 29.98%

2020-02 ~8.45% ~8.03%

2020-03 4.06% ~25.13%

2020-04 25.82% 3448%

2020-05 6.73% 9.27%

2020-06 ~9.60% -3.41%

2020-07 0.00% 23.92%

2020-08 ~0.67% 316%

2020-09 ~13.43% ~7.67%

2020-10 20.57% 27.79%

2020-11 42.87% 42.41%

2020-12 54.24% 47.77% 216.75% 307.96% —91.21%
2021-01 1273% 14.18%

2021-02 34.59% 3631%

2021-03 18.71% 30.53%

2021-04 ~7.23% —1.98%

2021-05 0.00% ~35.35%

2021-06 0.00% —6.14%

2021-07 0.00% 1879%

2021-08 5.86% 1331%

2021-09 ~8.09% ~7.16%

2021-10 6.67% 40.03%

2021-11 ~6.16% ~7.03%

2021-12 0.00% ~18.77% 87.29% 62.34% 24.95%
2022-01 0.00% ~16.89%

2022-02 1239% 1224%

2022-03 —1697% 5.43%

2022-04 -14.13% —17.18%

2022-05 0.00% ~15.70%

2022-06 0.00% ~37.77%

2022-07 —2.13% 17.95%

2022-08 —1294% —14.09%

2022-09 0.00% —3.08%

2022-10 0.00% 5.48%

2022-11 -17.31% ~16.23%

2022-12 ~1.75% ~3.62% —12.16% —65.13% 2297%
2023-01 971% 39.84%

2023-02 ~2.43% 0.03%

2023-03 419% 23.03%

2023-04 3.02% 278%

2023-05 ~1.54% ~7.00%

2023-06 ~0.01% 11.97%

2023-07 ~4.45% ~4.09%

2023-08 ~167% ~11.29%

2023-09 0.00% 4.00%

2023-10 26.39% 2855%

2023-11 6.42% 8.78%

2023-12 1207% 1207% 67.35% 155.42% —~88.07%
Overall return 304.77% 223.40% 81.37%

ML returns and B&H returns are monthly returns calculated at the end of each month. The bold values are the yearly returns
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Al return B&H return Al annual return B&H annual Excess return Al

return
2018-02 0.00% 173%
2018-03 0.00% —3293%
2018-04 11.41% 3251%
2018-05 ~9.43% ~1890%
2018-06 0.00% -14.55%
2018-07 420% 21.49%
2018-08 ~15.58% ~9.55%
2018-09 0.00% ~5.85%
2018-10 0.00% ~4.65%
2018-11 0.00% ~36.41%
2018-12 0.00% ~6.83% —11.24% ~71.85% 60.61%
2019-01 0.00% ~7.61%
2019-02 ~251% 11.48%
2019-03 6.50% 650%
2019-04 3033% 30.33%
2019-05 60.25% 60.25%
2019-06 26.15% 26.15%
2019-07 ~837% -6.76%
2019-08 —18.42% ~451%
2019-09 1001% ~13.88%
2019-10 0.00% 1092%
2019-11 ~17.53% -17.72%
2019-12 0.00% —4.97% 85.52% 87.33% —181%
2020-01 7.40% 29.98%
2020-02 ~6.05% ~8.03%
2020-03 0.00% -25.13%
2020-04 21.66% 34.48%
2020-05 9.27% 927%
2020-06 ~2.86% -3.41%
2020-07 18.19% 23.92%
2020-08 3.16% 3.16%
2020-09 ~12.29% ~7.67%
2020-10 19.88% 27.79%
2020-11 4241% 4241%
2020-12 47.77% 47.77% 251.54% 307.96% —56.42%
2021-01 14.18% 14.18%
2021-02 3631% 36.31%
2021-03 3053% 30.53%
2021-04 —12.15% —1.98%
2021-05 0.00% ~35.35%
2021-06 0.00% —6.14%
2021-07 4.04% 1879%
2021-08 1331% 1331%
2021-09 ~7.16% ~7.16%
2021-10 40.03% 40.03%
2021-11 —6.12% ~7.03%
2021-12 0.00% —1877% 156.82% 62.34% 94.48%
2022-01 0.00% —16.89%
2022-02 ~085% 1224%
2022-03 ~5.51% 5.43%
2022-04 ~10.95% ~17.18%
2022-05 0.00% ~1570%
2022-06 0.00% -37.77%
2022-07 0.00% 17.95%
2022-08 —5.99% ~14.09%
2022-09 0.00% ~3.08%
2022-10 0.00% 548%
2022-11 ~14.64% ~16.23%
2022-12 —2.98% ~3.62% —35.05% —65.13% 30.08%
2023-01 22.63% 39.84%
2023-02 0.03% 0.03%
2023-03 278% 23.03%
2023-04 278% 278%
2023-05 ~7.75% ~7.00%
2023-06 0.10% 1197%
2023-07 ~4.09% ~4.09%
2023-08 0.00% —11.29%
2023-09 021% 4.00%
2023-10 28.55% 28.55%
2023-11 8.78% 8.78%
2023-12 1207% 1207% 80.24% 155.42% ~75.18%
Overall return 164032% 223.40% 1416.92%

Aland B&H returns are monthly returns calculated at the end of each month. The bold values are the yearly returns.
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Year Mean daily return daily return Mean monthly return

2018 ~0264% 4.25% -8.225%

2019 0.242% 3.56% 6.862%

2020 0.458% 377% 13.607% 24.77%
2021 0.216% 421% 4772% 2107%
202 -0.226% 3.33% ~6.958% 15.56%

2023 0.283% 229% 8.146% 1435%
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Feature Correlation values
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Hyperparameter Values

Count of layers 3
Number of neurons per layer 80
Are the layers completely interconnected? Yes
Size of batch 16
Learning rate 0.0001
Number of epochs 100
Dropout rate 02
optimizer Adam
Time steps 10
Activation function Relu

Loss function Mean absolute error
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Hyperparameter Values

Count of layers 23
Number of neurons per layer 20-80
Batch size 16,32, and 64
Number of epochs 20-100

Dropout rate 0.1-05
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Algorithms Predictive modeling with GridSearchCV

Logistic regression “C7: 100, “max_iter”: 100, “penalty”: ‘127 “solver”: “newton-cg”

Decision tree ‘max_depth = 12, max_features = “auto]” min_samples_leaf=4, splitter="best”

Random forest “max_depth’: 4, “max_features”: “auto]” “min_samples_leaf”: 2, “n_estimators” 10

SVM “C7: 100, “degree” 2, “gamma’: 1, “kernel “rbf™

Algorithms REECV

Logistic regression solver="Ibfgs” penalty="12" C=1.0, max_iter = 100, class_weight = “balanced;” random_state =42
Decision Tree ‘max_depth =3,min_samples_split=_2,criterion = giniy’ random_state =42

Random Forest n_estimators = 100, max_depth =3, min_samples_spl random_state =42
SYM kernel ="sigmoid;’ C= 1.0, random_state =42

Algorithms Bootstrapping of Samples

CART n_estimators = 100, max_depth =3, max_features="sqrt” random_state =42

Algorithms Artificial Neural Network

“batch size” 35, “number of epochs” 100, “dropout_rate’; 0.0, “learn_rate”: 0.001, “unit”: 5, “number of hidden layers”: 3,

Al feedforward model “activation’: relu, “optimizer”: Adam
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Metrics Correct formulae
Accuracy TP+TN/(TP+TN+FP+FN)
Error rate 1-Accuracy

Sensitivity (true positive rate, TPR) = TP/(TP+FN)

Specificity (true negative rate, TN/TN +FP)

‘TNR)

Precision TP/(TP+EP)

Fl-score (F-measure) 2x(Precision x Recall)/(Precision +
Recall)

False positive rate (FPR) FP/(FP+TN)

ROC area under the curve (AUC)  Plot TPR [TP/(TP+ FN)] and FPR [FP/
(TN+EP)] to a single score.
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Classifiers Algorithms Predictive RFECV Bootstrapping

Linear Logistic regression x x
Ensemble Random forest x x x
Decision tree x x

Tree-Based
CART x x x

Neural networks ANN x
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Quest ature name
1 Department Department
2 Semester Semester
3 Income/Money Every Month (IDR) Income
4 Graduate Graduate
5 Using Fintech has many advantages Advantages
6 Using Fintech is useful for me Usefulness
7% Using Fintech yields a more superior Superiority
outcome quality than traditional
financial services
8 Using Fintech is associated with a high Risk
level of risk
9 There is a high level of uncertainty using | Uncertainty
Fintech
10 Overall, I think that there is little benefit | Benefits
to use Fintech compared to traditional
financial services
11 Using Fintech is cheaper than using Affordability
traditional financial services
12 I can save money when I use Fintech Money saving
13 1 can use various financial services with Low cost
alow cost when I use Fintech
14 I can control my money without the No-middleman
middleman when I use Fintech ability
15 1 can use various financial services at the Multitasking ability
same time (e.g., one stop processing)
when I use Fintech
16 1 can have the peer-to-peer transactions | P2P no-middleman
between providers and users without ability
middle man when I use Fintech
17 I can use financial services very quickly | Speed
when I use Fintech
18 I can use financial services anytime Time-space
anywhere when I use Fintech convenience
19 I can use financial services easily when I Easiness
use Fintech
20 Financial losses are likely when I use Losses
Fintech
21 Financial fraud or payment frauds are Fraud
likely when I use Fintech
22 Financial losses due to the lack of the Lack of
interoperability with other services are interoperability
likely when I use Fintech
23 My use of Fintech is uncertain due to Regulation
many regulations uncertainty
24 It is not easy to use Fintech due to the Hardned by
government regulation government
regulation
25 There is a legal uncertainty for Fintech Legal uncertainty
users
26 It is difficult to use various Fintech Difficulty due to the
applications due to the government government
regulation regulation
27 I worry about the abuse of my financial | Abuse of my
information (e.g., transaction and financial
private information) when I use Fintech information
28 My financial information is not secure Information leakage
when I use Fintech
29 I worry that someone can access my Someone can access
financial information when I use Fintech | my financial
information
30 Fintech companies are not willing to Companies will not
solve the issues when financial losses or solve losses or
financial information leakages occur information
leakages
31 The organizational responses of Fintech | Companies’ slow
companies are too slow when financial | response to losses
losses or financial information leakages or information
occur leakages
32 I worry about the way Fintech Companies’
companies respond to financial losses or | response to losses
financial information leakages or information
leakages
33 I would positively consider Fintech in Positively consider
my choice set
34 1 would prefer Fintech Future preference
35 Tintend to continue to use Fintech Continue usage
intention
36 I will use Fintech in the future Future use
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‘The study aimed to develop an abstraction framework to
‘manage and control cybersecurity threats within Saudi banks,
based on the National Institute of Standards and Technology
(NIST) Cybersecurity Framework and the ISO/IEC 27001

standards.

‘The study explored how decp learr

g can be applied to
treasury management in banks, improving decision-making

and financial forecasting.

‘The study
intensity of the use of cyber weapons mitigate the risk of
advanced cyberattacks.

ed to examine how the quality, covertness, and

‘The study explored the factors influencing the adoption of
‘machine learning algorithms to detect cyber threats in the

banking industry.

‘The study analyzed the impact of cyberattacks on financial
institutions, mainly how they affect operational stability and

financial performance.

‘The study aimed to explore customer awareness regarding

eybersecurity in the Kingdom of Saudi Arabia, particularly in

digital banking transformation.

‘The study examined the role of rtificial intelligence (AT) and
‘machine learning (ML) in defending against financial fraud in
the banking sector.

“This study investigated the factors contributing to reputational

damage in organizations following cyberattacks.

‘The study explored the use of deep learning in finance rescarch,

particularly in analyzing the profiles of board members in

finan itutions.

‘The study aimed to assess bank distress by combining news

data with regular financial data, utilizing artificial inelligence

(A1) to improve prediction models for bank failures.

‘The objective was to determine how governance structures
influence the implementation and effectiveness of AI systems

in banks.

‘The study provided a comprehensive survey of how deep
learning approaches can combat financial cybercrime in the

evolving landscape of financial crime.

‘The study explored the potential role of artficial intelligence
(A1) in shaping the future of corporate governance, focusing on
how AT could influence governance practices and decision-
‘making.

‘The study examined the role of AL machine learning (ML), and
deep learning in shaping the future of cybersecurity,

particularly in detecting and preventing cyberattacks.

Method

Mixed method

Quantitative

Quantitative

Qualitative

Quantitative

Quantitative

Quantitative

Qualitative

Quantitative

Quantitative

Qualitative

ndings

‘The study found that Saudi banks generally have robust
cybersecurity measures, but there were gaps in their
alignment with international standards. The developed
framework helped streamline processes, making them

more efficient and cohesive.

“The study concluded that deep learning models
significantly enhance the accuracy and efficiency of

treasury management.

“The study found that high-quality and covert cyber
‘weapons are more effective in mitigating risks from
advanced eyberattacks.

“The research revealed that critical factors influencing ML
adoption in banks include technological infrastructure,
data availability, regulatory requirements, and
organizational readiness.

“The study found that cyberattacks significantly negatively

affect the financial stability and reputation of institutions.

“The study found that digital transformation in Saudi
banks progresses rapidly; but customer cybersecurity
awareness remains limited.

‘The study concluded that AT and ML are critical for
detecting financial fraud and providing faster, more

accurate identification of fraudulent activities.

The study identified key factors leading to reputational
damage, including negative media coverage and poor

crisis management.

“The study found that deep learning validly analyzes board
profles, offering predictive insights into governance
performance.

‘The study found that incorporating news data alongside
financial data significantly improves the predictive power
of models assessing bank distress.

“The study found a positive association between strong
corporate governance practices and the successful

adoption of AT in the banking sector.

“The study found that deep learning models are highly
effective in identifying complex patterns of financial
cybercrime, especially when traditional detection
methods fail.

‘The study concluded that AT has the potential to improve
‘governance by providing more data-driven insights for
decision-making, enhancing transparency; and
automating routine governance tasks.

‘The study highlighted that AT and ML are crucial in
proactively defending against cyber threats, with deep
learning providing more advanced capabilities in

identifying emerging risks.
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Fraud Detection and Prevention

Customer Service and Support
Algorithmic Trading

Anti-Money Laundering

Risk Management

Credit Scoring and Loan Approval
Regulatory Compliance and Reporting
Predictive Analytics

Chatbots and Virtual Assistants
Sentiment Analysis

Compiled by author (2024).

Impact

Identifies unusual transactions, prevents unauthorized access, and flags suspicious activities for further investigation.
Handles common customer inquiries, manages accounts, and provides personalized financial advice.

Credit, market, and operational risks are evaluated to help make informed decisions and regulatory compliance.

Monitors large volumes of transactions, identifies suspicious activities, and reports them to relevant authorities.

Enhances trading strategies, improves execution speed, and increases profitability by identifying market opportunities.
Automates the loan approval process, reduces biases in credit scoring, and speeds up decision-making.

Automates reporting monitors transactions for compliance, and flags potential regulatory breaches.

Forecasts market movements, customer needs, and financial outcomes to guide strategic planning and decision-making.
Offers customer service, handles routine inquiries, and assists with transactions such as balance checks and fund transfers.

Helps in understanding market trends and investor sentiment, influencing trading strategies and investment decisions.
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Samples  Ratio Normal Financial Training Training  Training Test Test Test
transactions distress accuracy  Fl-score AuC accuracy [Fil= AUC

transactions score

1 21 173 86 100 100 100 089 043 0.66
2 31 173 57 100 099 099 092 057 071
3 41 173 43 099 0.96 097 091 050 0.67
4 51 173 34 097 089 090 091 050 067
5 61 173 2 0.98 0.90 091 092 057 071
6 71 173 24 0.98 091 092 090 033 0.60
7 81 173 21 0.98 0.89 090 089 024 057
8 91 173 19 0.98 091 092 090 033 0.60

9 101 173 17 0.98 0.90 091 090 033 0.60
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Algorithm ain accuracy Recall Fi-score
Linear, kernal, tree-based and ensemble modeling

Logistic regression 091 091 1.00 023 038
Decision tree 0.98 096 1.00 092 096
Random forest 097 096 1.00 093 097
SVM 099 096 1.00 092 096
RFECV model

Logistic regression 085 081 025 028 026
Decision tree 094 091 075 043 059
Random forest 094 091 075 043 059
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Machine learning Applicati

Credit Scoring and Risk Assessment Automates the loan approval process, reduces biases in credit scoring, and speeds up decision-making.

Anti-Money Laundering (AML) Compliance | Monitors large volumes of transactions, identifies suspicious activities, and reports them to relevant authoritis.

Fraud Detection and Prevention Identifies unusual transactions, prevents unauthorized access, and flags suspicious activities for further investigation.

Market Sentiment Analysis Helps in understanding market trends and investor sentiment, influencing trading strategies and investment decisions.

Predictive Analytics. Forecasts market movements, customer needs, and financial outcomes to guide strategic planning and decision-making.
nancial Forecasting Supports investment strategies, budget planning, and risk assessment by providing accurate financial forecasts.

Loan Default Prediction Helps manage loan portfolios and mitigate risks by identifying high-risk borrowers.

Regulatory Compliance Automates reporting monitors transactions for compliance, and flags potential regulatory breaches.

Document and Data Processing Speeds up tasks such as KYC processes, loan applications, and compliance checks by digitizing and analyzing documents.

Compiled by author (2024).





