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MANAGING INVESTMENT RISKS:
INSIGHTS FROM UNCERTAINTY AND VOLATILITY

Abstract

Investment risks in IT project development are heightened by uncertainty, incomplete information, and
fluctuating projected cash flows. These challenges are exacerbated by the lack of robust statistical data, leaving
stakeholders with limited tools for making informed decisions. This research addresses these issues by proposing
a novel methodology for optimizing risk management in investment processes using advanced deep learning
techniques. The study aims to develop and validate an algorithm that quantifies and mitigates investment risks
through the integration of machine learning models and convolutional neural networks. A key component of this
work is the Risk, Investment, and Compliance (RIC) method, which combines multiple financial indicators into
a composite scoring system. The methodology was validated using five years of historical financial datasets from
reputable sources, and applied to ten companies across diverse industries to analyse financial performance, market
behaviour, and consumer sentiment. Key datasets include Kaggle’s Twitter Dataset, encompassing 1.5 million
tweets to assess market sentiment, McKinsey’s dataset of 500 million consumer interactions, and daily updates from
Yahoo Finance. The findings demonstrate that the RIC methodology effectively distinguishes between high-risk and
secure investments. Companies scoring above 60% were identified as strong investment opportunities, while those
below 30% were flagged as high-risk ventures. These results provides a robust framework for managing risks in
IT investment projects, enabling more reliable decision-making under uncertainty and offering broad applications
across industries.

Key words: investment risk, fuzzy information, uncertainty, mathematical modeling, investment decision-
making, project planning.

Introduction

In today's dynamic business environment, Information Technology (IT) infrastructure and
architecture have become indispensable investments, commanding substantial financial resources.
These investments span projects, computing systems, telecommunications, and services, all of which
play a pivotal role in enhancing an organization’s productivity and operational efficiency. Despite
their critical importance, the return on IT investments often takes years to fully materialize, posing
challenges for accurate evaluation and decision-making. As IT environments evolve, organizations
must adopt advanced methods to assess the effectiveness and risks associated with these investments.
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Recent scholarly and industry studies have underscored the transformative role of IT investments
in business performance. McKinsey Reports, for instance, highlights the evolution of IT infrastructure
from small-scale setups with limited servers to massive data centers supporting complex business
operations such as transaction processing and customer data management [1]. This evolution
underscores the need for robust systems capable of providing real-time data collection, advanced
analytics, and enhanced market responsiveness, which collectively offer organizations a competitive
edge. However, these benefits are accompanied by significant challenges. The high costs and long-
term commitments required for IT infrastructure development demand strategic planning and risk
management.

Literature Review

According to Ilin et al., Enterprise Architecture (EA) and IT components can enhance
transparency and agility in business operations [2]. Their research advocates for investment models
that allow precise cost calculations, shorter investment cycles, and adherence to international software
standards like COSMIC-ISO 19761. These models provide integrated comparisons of IT solutions,
enabling organizations to adopt comprehensive strategies. Moreover, Purwita and Subriadi highlight
the dual nature of IT investment valuations, encompassing both tangible and intangible benefits.
Their findings emphasize the importance of employing accurate evaluation methods to balance these
dimensions [3].

Similarly, Meyer and Degoulet demonstrate the use of econometric and microeconomic
techniques to optimize IT investment distribution in healthcare settings, focusing on productivity and
confidence levels [4]. Ali et al. introduces Information Technology Investment Governance (ITIG)
as a critical organizational competency, linking IT investments to business performance. Grounded
in resource-based theory, Ali’s work illustrates how structured governance enhances the value of IT
investments, aligning them with broader organizational objectives [5].

Complementing this perspective, Berghout and Tan emphasize the necessity of detailed business
cases for IT projects. While resource-intensive, these business cases provide a deeper understanding
of project value and facilitate informed decision-making in unfamiliar territories [6]. Chen et al.
propose a decision support model tailored for global enterprises to guide IT investment decisions.
Their framework demonstrates the utility of structured methodologies in prioritizing investments,
ensuring alignment with strategic goals [7]. Meanwhile, gender dynamics in IT investment decision-
making, as explored by Witra and Subriadi, reveal that risk-averse behaviors—particularly among
female managers—can lead to more efficient asset allocation [8]. This finding aligns with Shin et al.
research, which shows how female directors strengthen board monitoring, significantly impacting
decision-making processes [9].

From a business performance perspective, Lee et al. emphasizes that organizations must move
beyond simply understanding IT investments as technological assets and focus on their direct
contribution to measurable business outcomes. Their study highlights the "IT paradox," wherein
significant IT spending does not always correlate with proportional business growth, often due to
misaligned priorities or inefficient deployment of resources [10]. This paradox underscores the
importance of aligning IT investments with strategic objectives and focusing on initiatives that deliver
tangible bottom-line results. For instance, prioritizing projects that directly enhance productivity or
reduce operational costs can significantly improve overall performance metrics [11].

Expanding on this concept, the Risk, Investment, and Compliance (RIC) method provides a
systematic approach to assessing financial risks associated with IT investments. By leveraging
comprehensive datasets from sources like Macrotrends, Infront Analytics, and Comparably, the RIC
framework assigns companies to low, medium, or high-risk tiers. This categorization is achieved
through composite scoring systems that integrate diverse financial indicators, enabling investors to
make informed decisions in dynamic market environments [12]. However, while the RIC framework
excels in quantitative evaluations, it struggles to address qualitative elements such as managerial
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acumen, brand equity, and innovation capacity, which are critical determinants of long-term business
success [13].

To bridge these gaps, this study incorporates advanced machine learning (ML) techniques to
enhance the RIC methodology. Time-series forecasting models are employed to analyze historical
trends and predict future performance, while sentiment analysis tools evaluate qualitative data from
textual sources such as news articles, reports, and social media [14]. These ML-driven approaches
enable the RIC framework to dynamically integrate both quantitative and qualitative metrics,
providing a more holistic view of investment risks and opportunities. For example, sentiment analysis
can uncover market perceptions about a company’s leadership or strategic direction, which are often
missed in purely numerical assessments [15].

Furthermore, techniques such as neural networks and reinforcement learning allow the RIC
model to adapt to evolving market conditions and investor behaviors. By incorporating real-time
updates and broader datasets, these enhancements ensure the framework remains relevant and robust.
For instance, neural networks excel in identifying complex, non-linear patterns in financial data,
improving predictive accuracy for risk assessments [16]. Reinforcement learning, on the other hand,
can simulate decision-making scenarios to identify optimal investment strategies, thereby increasing
the utility of the RIC framework for stakeholders.

These advancements in the RIC methodology exemplify how integrating traditional financial
models with cutting-edge ML techniques can address inherent limitations and expand analytical
capabilities. The refined framework not only supports more accurate and comprehensive risk
assessments but also empowers organizations to align their IT investment strategies with long-term
business objectives. This integration ensures that IT expenditures yield maximum value, fostering
sustainable growth in competitive industries [17].

The integration of ML advancements into the RIC framework allows for adaptive methodologies
that respond to market dynamics and investor behavior in real-time. Techniques such as neural
networks, clustering, and reinforcement learning contribute to a more robust and flexible risk
assessment model, providing investors with actionable insights to navigate increasingly complex
financial landscapes [18]. This research aims to establish a robust quantitative model to evaluate the
effectiveness of IT investments in fostering business growth. By introducing the RIC method, the
study offers a multidimensional approach to IT investment analysis. The findings not only clarify the
direct impact of IT investments but also guide organizations in prioritizing strategies that promise
significant returns, ultimately enhancing their competitive edge and operational efficiency.

Quantitative methods serve as the cornerstone of our research as we strive to develop superior
approaches to solving investment challenges. To address these complexities, we have designed a
method called RIC, which evaluates investments based on three key components:

¢ R stands for Risk (Risk Assessment)

¢ [ stands for Investment (Return On Investment)

¢ C stands for Customer (Customer Satisfaction)

Return On Customer Satisfaction

Risk Assesment(R) <«<——> Investment (I) (€)

Figure 1 — Three key components of the RIC method
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To achieve this, as in Figure 1, the evaluation method incorporates three critical criteria:

+ Risk Score: This metric assesses the attractiveness of an investment based on its risk level.
The score ranges from 0% (indicating very high risk) to 100% (indicating very low risk), providing
a straightforward, quantifiable measure to gauge potential risk associated with each IT investment.

¢ Return on Investment (ROI): ROI is used to measure the profitability of an investment by
comparing the return or profit generated against the initial investment cost. This criterion is essential
for assessing the potential financial gains or losses from IT investments and supports decision-making
by highlighting the efficiency and effectiveness of the expenditure.

¢ Customer Satisfaction: The third criterion, which will be detailed further in the study,
complements the Risk Score and ROI to provide a comprehensive view of the investment’s value.

The RIC method's integration of these criteria (See Eq. (1)) aims to provide a multidimensional
analysis of IT investments, enabling organizations to make informed, data-driven decisions that align
IT spending with strategic business objectives.

R+I+C

RIC =

(M

Each criterion is responsible for the main investment parameters: 1) both tangible and intangible;
2) tangible; 3) intangible, so that the method produces the best predictable result. In the realm of
investment, accurately gauging the risk associated with stocks is paramount for determining their
attractiveness and potential returns. The "Risk Score" is a fundamental metric developed to quantify
this aspect, ranging from 0% to 100%. A score of 0% indicates a very high risk, suggesting that the
investment is highly volatile or uncertain. Conversely, a score of 100% represents a very low risk,
pointing to a stable and secure investment.

Materials and Methods

Investors rely on the Risk Score to make informed decisions by evaluating various factors that
contribute to the risk profile of an investment. These factors include market volatility, which reflects
the frequency and magnitude of price fluctuations; economic conditions, such as inflation rates,
employment levels, and GDP growth, which can affect the overall investment climate; regulatory
risks, involving changes in laws and regulations that could impact business operations; technological
risks, particularly relevant in sectors where rapid innovation can render existing technologies
obsolete; and operational risks, which encompass issues related to internal processes, systems, and
people.

Understanding these risks is crucial as they directly influence the potential returns from an
investment. By integrating the Risk Score into their analysis, investors can align their investment
choices with their risk tolerance and investment objectives, aiming to optimize their portfolios
for both risk and return. This approach to risk assessment not only aids in identifying potentially
lucrative investments but also helps in mitigating potential losses, making it an indispensable tool in
the financial decision-making process. ROI measures (See Eq. (2)) the profitability of an investment
by comparing the return or profit generated to the initial investment cost. It helps assess the potential
financial gains or losses associated with an investment.

Profit
Cost of Investment

ROI = x 100 (2)
Measuring customer satisfaction is a critical aspect of evaluating business performance and
understanding the effectiveness of various investments. One common method to gauge this is through
customer surveys or feedback mechanisms, which can collect detailed insights from customers
about their experiences and satisfaction levels. These results are often quantified and reported as a
percentage of satisfied customers. This percentage provides a direct indicator of how well a company
is meeting customer expectations and needs. It is a valuable metric because it offers a clear, numerical
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benchmark that businesses can track over time and use to implement improvements. For instance,
a high percentage of satisfied customers generally correlates with better customer loyalty, repeat
business, and positive word-of-mouth, all of which are crucial for long-term success.

Businesses might utilize various tools for this purpose, including electronic surveys, feedback
forms, social media interactions, and review platforms. By analyzing the data collected from these
sources, companies can identify strengths and weaknesses in their products or services and make
informed decisions to enhance customer satisfaction. This process not only helps in retaining existing
customers but also attracts new ones by showcasing the company’s commitment to meeting their
needs and expectations.

We could conceptualize a model where the change in customer satisfaction over time is a
function of various factors. Let §(t) represent the customer satisfaction level at time t, measured as
the percentage of satisfied customers. We can model the change in satisfaction over time (See Eq. (3))
as a function of factors such as improvements in service quality (Q(t)), responsiveness to feedback
(R(t)), and changes in customer expectations (E (t)). An equation to model this can be:

das agQ R dE

d
& =Rtk ke —, 3)

where:
d‘g . . .
= 1s the rate of change of customer satisfaction;

dE . : : .
d_‘?, 4R and = represent the rates of change in service quality, responsiveness, and customer
dt ' dt £

expectations, respectively;
ki, k., and k5 are constants that determine the sensitivity of customer satisfaction to changes in

each of these areas.

This model assumes that improvements in service quality and responsiveness directly contribute
to increasing satisfaction, whereas rising customer expectations might decrease it. The constants k,
k., and k3 would need to be empirically determined based on data specific to a company or industry.

CNN model. This research commenced with the systematic gathering and processing of
investment-related datasets using Python libraries, laying the groundwork for an integrated analysis.
The primary dataset, the "Twitter Dataset" from Kaggle, comprised approximately 1.5 million tweets
that were analyzed to uncover trends and sentiments related to financial markets and investments.
This dataset provided critical insights into how social media discourse reflects and predicts market
behavior.

In addition to social media data, we incorporated a comprehensive dataset provided by McKinsey,
containing detailed records of 500 million user interactions with retail services. This dataset was
invaluable for understanding consumer behavior patterns and their potential influence on retail
investment trends. We also leveraged financial data from Yahoo Finance, which offered daily updates
on a range of US-listed financial instruments. While rich in content, this dataset presented challenges
such as gaps in historical data due to selective compilation criteria, necessitating meticulous pre-
processing to ensure consistency and completeness.

Data pre-processing was a critical step in our methodology. The datasets were cleaned
and harmonized to address inconsistencies and missing values, ensuring a robust foundation for
integrated analysis. This process enabled the correlation of risk indicators derived from social media
and consumer behavior with actual market movements, offering a multi-dimensional perspective
on investment strategies. This integrative approach maximized the utility of big data analytics,
empowering the formulation of actionable insights.

Central to our analysis was the application of Convolutional Neural Networks (CNNs), a technique
traditionally used in image recognition but here adapted for financial data modeling. As illustrated
in Figure 2, the CNN architecture utilized causal and dilated convolutions to handle sequential data
effectively. Causal convolutions maintained temporal integrity by ensuring that the model's outputs
at a given timestep depended solely on current and past inputs, preserving the natural flow of market
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data. Dilated convolutions further expanded the receptive field exponentially, enabling the model to
capture broader contexts within the data without compromising computational efficiency.

This adaptation of CNNs allowed us to address the complexities of financial datasets, such as
uneven time intervals and varying data quality. By effectively mapping temporal and behavioral
patterns, the CNN model identified long-term dependencies crucial for risk assessment and investment
strategy optimization. The results demonstrated that integrating diverse datasets and advanced CNN
architecture could uncover nuanced relationships between market indicators, consumer behavior,
and social sentiment, paving the way for enhanced risk analysis and decision-making frameworks.

Data Preprocessing
Raw Data

Preprocessed
Dataset

v

Training Dataset \

Y A 4

Testing Dataset

Model Model Evaluations Results

v

v

Figure 2 — Overview of the methodology
Results

To validate the effectiveness of the Risk, Investment, and Compliance (RIC) method in assessing
investment opportunities, we conducted a comprehensive analysis using historical data from several
authoritative financial analytics sources. Specifically, data spanning the past five years (2018—
2023) were obtained from Macrotrends [19], Infront Analytics [20], and Comparably [21]. These
datasets encompassed key financial metrics, market performance indicators, and qualitative insights,
allowing us to evaluate the investment potential of ten companies across diverse industries, including
technology, healthcare, consumer goods, and energy.

The RIC method integrates multiple financial indicators, including revenue growth rates, debt-
to-equity ratios, price-to-earnings ratios, and market volatility scores, to compute a composite
investment reliability score. The scoring system is categorized into three risk levels:

* 30% and below: High-risk investments, generally not recommended due to the elevated
probability (>70%) of underperformance or significant losses.

* 31% to 60%: Moderately safe investments, with a balanced risk-reward profile and a moderate
probability (40-60%) of stable returns.

* Above 60%: Low-risk, high-reliability investments, often associated with strong financial
health and a high probability (>80%) of substantial returns.

The analysis revealed varied RIC scores across the ten companies. Four companies achieved
scores above 60%, indicating robust financial health, consistent market performance, and low risk.
These included a technology firm with an RIC score of 78% and an energy company at 72%, both
showing over 85% probability of achieving projected ROI. Conversely, two companies scored below
30%, reflecting high volatility and weak fundamentals. One such firm in the consumer goods sector
had a 25% RIC score, with a 75% probability of financial underperformance (See Fig. 3).
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Figure 3 — ROI data for a 5-year period

To enhance the RIC framework, we integrated machine learning (ML) models, which utilized
time-series and sentiment analysis to refine predictions. The ML algorithms processed historical price
trends and real-time market sentiment data, achieving a confidence interval of 95% in forecasting
investment reliability. Backtesting results showed that combining RIC and ML insights reduced
prediction errors by 15% and identified optimal buy/sell points with a success rate of 82%. This
synergy enables more precise identification of high-value opportunities while mitigating risks.

Figure 3 illustrates the ROI trends derived from the RIC analysis, highlighting the stability of
high-scoring companies and the volatility of low-scoring ones. These findings underscore the RIC
method's capacity to adapt to dynamic market conditions, offering investors a reliable framework for
data-driven decisions. Moving forward, further refinement of RIC parameters, such as incorporating
industry-specific indicators and real-time market dynamics, is recommended. This continuous
validation will enhance the model's accuracy and ensure its relevance across economic cycles and
sectors (See Table 1 for detailed results).

Table 1 — RIC assessment of the top companies from global market

Company R (%) 1 (%) C (%) Result
Amazon 80 13.53 79 57.51
Microsoft 80 29.19 79 62.73
AMD 60 19.89 78 52.63
Intel 80 15.35 79 58.11
Nokia 80 2.54 67 49.85
IBM 80 9.13 68 52.37
Netflix 80 12.48 79 57.16
NVIDIA 70 24.73 85 59.91
SAP 90 8.87 83 60.62
Oracle 80 13.26 69 54.08

The importance of the RIC framework lies in its ability to distill complex and multifaceted
financial data into actionable insights for investors. This method is particularly critical in today's
volatile economic climate, where traditional investment models often fall short in capturing the
nuanced interplay of market dynamics, sentiment shifts, and financial performance. By providing a
structured approach to risk assessment, the RIC framework empowers investors to make data-driven
decisions with greater confidence, reducing the likelihood of costly errors and maximizing return
potential.

Integration of the RIC method with CNN. One of the RIC framework's key advantages is
its adaptability to integrate advanced machine learning models, such as CNNs. While CNNs are
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traditionally associated with image recognition, their utility in analyzing financial data lies in their
ability to process sequential and structured datasets with remarkable precision. CNNs can be adapted
to handle financial time-series data by treating the temporal progression of market events as layers
of interconnected features. This approach enables the extraction of patterns and trends that might
otherwise remain obscured.

For example, in the context of the RIC framework, CNNs could analyze multi-dimensional data
inputs such as historical price movements, trading volume, sentiment scores, and macroeconomic
indicators. The architecture’s convolutional layers can identify relationships between these variables,
while pooling layers reduce dimensionality, ensuring efficient computation. Dilated convolutions
could further expand the receptive field, capturing broader market contexts without increasing
computational overhead.

This integration allows the RIC framework to perform predictive analyses, such as forecasting
stock price movements or identifying the optimal timing for investment decisions. By leveraging
the hierarchical feature extraction capabilities of CNNs, the RIC method could move beyond static
risk categorization to dynamic and adaptive risk modeling. For instance, real-time updates from
social media sentiment or breaking news could be incorporated into the model, allowing it to adjust
investment recommendations in response to sudden market changes. Moreover, CNNs' ability to
handle unstructured data opens new opportunities for the RIC framework. Textual data, such as news
articles or earnings call transcripts, can be encoded into numerical representations and fed into the
CNN model. This integration would enable the RIC framework to account for qualitative factors like
leadership effectiveness, public perception, or innovation potential, which are often overlooked in
quantitative-only models.

Due to the nature of our CNN model, which greedily selects the highest and lowest risk points
within a range, a challenge arises in identifying risks. Specifically, the sizes of buying points (peaks)
and selling points (valleys) are relatively smaller compared to holding points. In our dataset, buying
and selling risks account for only 3% of the total data, highlighting a significant class imbalance. To
address this imbalance, we propose a sampling method that adjusts the data distribution based on the
rate of rare events, ensuring a more balanced representation for effective model training, as shown
in Figure 4.

CNN model F1 Score

0.80

0.70 1

F1 Score

0.65 1

0.60

0.55 1

0 50 100 150 200 250 300 350
Number of samples

Figure 4 — Evaluation of the CNN model after sampling
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In practice, the expanded use of CNNs within the RIC framework could revolutionize portfolio
management. Investors could receive real-time alerts based on predicted risk changes, ensuring
they remain proactive in managing their assets. Financial institutions could deploy such models to
assess the risk exposure of their portfolios across various sectors, identifying vulnerabilities and
opportunities with unparalleled precision. Additionally, regulatory bodies could use CNN-enhanced
RIC analyses to monitor systemic risks and ensure market stability.

The ML model well complements the RIC framework by incorporating advanced analytical
techniques to refine predictions and improve investment decisions. The model combines time-series
analysis and sentiment analysis to identify patterns and gauge market sentiment, enriching the insights
provided by the RIC. This approach allowed us to map each company onto the risk assessment scale
effectively, as shown in Figure 5.

Dependency between customers and risks by RIC

— Project 1
—— Project 2
—— Project 3

1.0 P

0.8

Risk measure, %
e
o

-]
&

0.2 1

0.0 4

Customers

Figure 5 — Risk measurement by projects

Given the inherent difficulty of the task, we questioned whether the model could effectively
identify upward and downward trends necessary for accurate predictions, particularly as the confusion
matrix alone does not adequately capture its performance. To address this, we adopted a more
practical evaluation metric by simulating real-world conditions—investing funds and measuring
potential returns. We implemented a backtesting strategy that incorporates the model’s confidence
levels, as previously outlined.

The machine learning module collects data from various sources to train predictive models.
To preliminarily evaluate the usefulness of the data, we employ time-series analysis and sentiment
analysis, which provide a quick indication of whether valuable information is present. At this stage,
the module is dedicated solely to Buy/Sell prediction tasks. To label the data, we devised a custom
algorithm that greedily assigns points into three categories by identifying buying and selling points
at the lowest and highest prices within a defined range. However, this labeling approach introduces
significant class imbalance, leading the model to predominantly predict "hold," thereby failing to
learn meaningful patterns. The results of this approach are illustrated in Figure 6.
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Figure 6 — Predicted investment decisions for the companies

The flexibility and scalability of CNNs make them a natural fit for evolving the RIC framework
into a better investment assessment tool. Future research could explore hybrid models that combine
CNNs with other deep learning architectures, such as Long Short-Term Memory (LSTM) networks
that we used to explore earlier, to further enhance the temporal understanding of financial data (See
Table 2). This hybridization would allow the RIC framework to capture both long-term trends and
short-term market anomalies, ensuring a comprehensive approach to risk assessment and investment
strategy optimization. By embracing such advanced techniques, the RIC framework stands to become
an indispensable tool for navigating the complexities of modern financial markets, ensuring robust,
adaptive, and forward-looking investment decisions.

Table 2 — Evaluation of the models for accuracy and performance

Metric Base Model CNN LSTM Hybrid Model
Accuracy (%) 65 88 83 91
Precision (%) 62 85 81 89
Recall (%) 58 86 84 90
F1-Score (%) 60 86 82 89

Discussion

The application of the RIC framework across multiple industries and companies has provided
valuable insights into the complexities of financial risk assessment and investment decision-
making. By utilizing historical data from authoritative sources, the study successfully demonstrated
the RIC framework's ability to classify companies into low, medium, and high investment tiers.
This stratification enables investors to make informed, data-driven decisions, meeting the research
objective of developing a systematic approach to assessing investment risks.

One of the study's key findings is the reliability of the RIC framework in delivering consistent
and accurate risk assessments, even under diverse and fluctuating economic conditions. The
framework’s adaptability stems from its integration of real-time financial metrics and broader
economic indicators, which ensures a robust and holistic assessment. For instance, companies with
RIC scores above 60% demonstrated over 85% accuracy in aligning with strong financial health and
market position, whereas scores below 30% reliably identified high-risk investments with a 76%
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probability of underperformance. These results emphasize the RIC's utility in mitigating risks and
optimizing investment strategies.

However, certain limitations warrant further development. The pre-defined thresholds of 30%
and 60%, while grounded in historical data, may not fully capture the rapidly changing nature of
global financial markets. Additionally, the framework's emphasis on quantitative metrics overlooks
qualitative factors such as leadership effectiveness, innovation capacity, and brand equity—elements
that can significantly influence a company’s long-term investment potential.

A primary constraint lies in the reliance on predefined thresholds for risk categorization — 30%
for high risk, 31-60% for moderate risk, and above 60% for low risk. These thresholds, derived from
historical data and economic theories, may not fully adapt to the dynamic and rapidly evolving nature
of financial markets. For instance, sudden macroeconomic shocks, geopolitical events, or unforeseen
disruptions like pandemics can render these static benchmarks inadequate for real-time decision-
making [22].

The RIC framework heavily emphasizes quantitative metrics such as revenue growth, debt-to-
equity ratios, and market volatility. While these indicators provide valuable insights, they fail to
account for qualitative factors that significantly impact investment outcomes. For example, leadership
effectiveness, corporate governance, innovation potential, and brand reputation are intangible yet
critical elements influencing a company's long-term performance. The exclusion of these factors
may lead to an incomplete assessment of a company's investment potential, particularly in sectors
where qualitative attributes play a dominant role, such as technology and healthcare [23]. Another
limitation lies in the inherent challenges of data quality and availability. While the study utilized
datasets from reliable sources, issues such as missing data points, inconsistencies across sources,
and limited access to proprietary financial metrics may affect the accuracy and robustness of RIC
scores. For instance, gaps in historical data or biases in sentiment analysis stemming from incomplete
social media coverage could skew the results, introducing uncertainties into the risk assessment
process [24].

The computational complexity of incorporating advanced machine learning models into the
RIC framework also poses challenges. While ML techniques such as CNNs and sentiment analysis
significantly enhance the framework's predictive capabilities, they require extensive computational
resources, expertise, and time for training and optimization. This complexity could limit the scalability
and accessibility of the RIC framework for smaller organizations or individual investors lacking the
necessary infrastructure.

To address these gaps, the study integrates ML techniques, such as CNNs, time-series forecasting,
and sentiment analysis, to refine the RIC framework. CNNs excel in feature extraction from multi-
dimensional datasets, enabling the model to identify intricate patterns and correlations in financial
data. Time-series analysis enhances the ability to forecast market trends with a confidence interval
of 95%, while sentiment analysis evaluates qualitative aspects by processing textual data from news
articles, social media, and corporate reports. This integration strengthens the predictive accuracy of
the RIC framework and makes it more dynamic in adapting to evolving market conditions [25].

Future iterations of the RIC framework should explore hybrid ML architectures, such as
combining CNNs with LSTM networks, to capture both spatial and temporal dimensions of market
data. Additionally, reinforcement learning could be employed to simulate real-world investment
scenarios, further enhancing the framework's ability to recommend optimal strategies in real
time. The RIC method offers a foundational framework for systematic investment assessment. Its
integration with advanced ML techniques not only meets the research objectives of enhancing risk
assessment accuracy but also sets the stage for developing next-generation investment tools. As
financial ecosystems grow increasingly interconnected, the RIC framework's adaptability will ensure
its relevance and utility for investors navigating dynamic market landscapes.
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Conclusion

The RIC framework provides a reliable and systematic approach to investment risk assessment,
addressing the growing complexity of financial decision-making. By integrating quantitative metrics
with advanced ML techniques such as CNNs and sentiment analysis, the framework delivers
actionable insights for categorizing companies into distinct risk levels. This combination allows the
RIC to dynamically adapt to market conditions and enhance its predictive accuracy.

Despite its strengths, the study identifies several areas for improvement. These include reliance
on static thresholds, limited incorporation of qualitative factors, and challenges with data quality
and computational demands. These constraints underscore the need for further refinement, such as
incorporating dynamic thresholds, and additional data sources to improve adaptability.

Future research will focus on developing dynamic thresholds responsive to real-time market
conditions, integrating qualitative factors like leadership and innovation through natural language
processing, and expanding industry-specific customization. Additionally, improving data integration
with alternative sources and exploring hybrid ML models can further refine the framework’s accuracy.
By addressing these areas, the RIC framework can evolve into a versatile and comprehensive tool,
empowering investors with reliable, data-driven insights for navigating the complexities of modern
financial markets.

REFERENCES

1 Gampfer Fabian, Andreas Jiirgens, Markus Miiller and Ruediger Buchkremer. Past, Current, and
Future Trends in Enterprise Architecture: A View Beyond the Horizon. Computers in Industry, 2018, vol. 100,
pp. 70-84. https://doi.org/10.1016/j.compind.2018.03.006.

2 Ilin V., Levina A., Dubgorn A. and A. Abran Investment Models for Enterprise Architecture and IT
Architecture Projects Within the Open Innovation Concept. Journal of Open Innovation: Technology, Market,
and Complexity, 2021, vol. 7, pp. 1-18. https://doi.org/10.3390/joitmc7010069.

3 Purwita W. and A.P. Subriadi. Information Technology Investment: In Search of the Closest Accurate
Method. Procedia Computer Science, 2019, vol. 161, pp. 300-307. https://doi.org/10.1016/j.procs.2019.11.127.

4 Meyer R. and P. Degoulet. Choosing the Right Amount of Healthcare Information Technologies
Investments. International Journal of Medical Informatics, 2010, vol. 79, pp. 225-231. https://doi.org/10.1016/j.
ijmedinf.2010.01.001.

5 Ali S., Green P.,, and A. Robb. Information Technology Investment Governance: What Is It and Does
It Matter? Inter. Journ. of Accounting Information Systems, 2015, vol. 18, pp. 1-25. https://doi.org/10.1016/j.
accinf.2015.04.002.

6 Berghout E., and C.W. Tan. Understanding the Impact of Business Cases on IT Investment Decisions:
An Analysis of Municipal E-Government Projects. Information and Management, 2013, vol. 50, pp. 489—-506.
https://doi.org/10.1016/j.im.2013.07.010.

7 Chen P.S., Yen D.C., Lin S.C., and C.S. Chou. Toward an IT Investment Decision Support Model for
Global Enterprises. Computer Standards and Interfaces, 2018, vol. 59, pp. 130-140. http://dx.doi.org/10.1016/j.
¢si.2018.04.001.

8 Witra W.P.P., and A.P. Subriadi. Gender and Information Technology (IT) Investment Decision-Making.
Procedia Computer Science, 2021, vol. 197, pp. 583-590. https://doi.org/10.1016/j.procs.2021.12.176.

9 Shin Y.Z., Chang J.Y., Jeon K., et al. Female Directors on the Board and Investment Efficiency:
Evidence from Korea. Asian Business & Management, 2020, vol. 19, pp. 438—479. https://doi.org/10.1057/
s41291-019-00066-2.

10 Lee H., Choi H., Lee J., Min J., and H. Lee. Impact of IT Investment on Firm Performance Based on
Technology IT Architecture. Telematics and Informatics, 2016, vol. 91, pp. 652—661. https://doi.org/10.1016/j.
procs.2016.07.164

55



HERALD OF THE KAZAKH-BRITISH
No. 1(72) 2025 TECHNICAL UNIVERSITY

11 Grekul V., Isaev E., Korovkina N., and T. Lisienkova. Developing an Approach to Ranking Innovative
IT Projects. Business Informatics, 2019, vol. 13, pp. 43-58. https://doi.org/10.17323/1998-0663.2019.2.43.58.

12 Gao Y., Zhao C., Sun B., and W. Zhao. Effects of Investor on Stock Volatility: New Evidence from
Multi-Source Data in China's Green Stock Markets. Financial Innovation, 2020, vol. 8, no. 1, pp. 1-30. https://
doi.org/10.1186/s40854-022-00381-2.

13 Smatov N., Kalashnikov R.,and A. Kartbayev. Development of Context-Based Sentiment Classification
for Intelligent Stock Market Prediction. Big Data and Cognitive Computing, 2024, vol. 8, no. 6, p. 51. https://
doi.org/10.3390/bdcc8060051.

14 Sonkavde G., Dharrao D.S., Bongale A.M., Deokate S.T., Doreswamy D., and S.K. Bhat. Forecasting
Stock Market Prices Using Machine Learning and Deep Learning Models: A Systematic Review, Performance
Analysis, and Discussion of Implications. International Journal of Financial Studies, 2023, vol. 11, p. 94.
https://doi.org/10.3390/ijfs11030094.

15 Vanden Berg M., Slot R., van Steenbergen M., Faasse P., and H. van Vliet. How Enterprise Architecture
Improves the Quality of IT Investment Decisions. Journal of Systems and Software, 2019, vol. 152, pp. 134—
150. https://doi.org/10.1016/j.js5.2019.02.053.

16 Gong X., Wang C., Zhang W., and J. Wang. Investor Sentiment and Stock Volatility: New
Evidence. International Review of Financial Analysis, 2022, vol. 81, p. 102008. http://dx.doi.org/10.1016/j.
irfa.2022.102028.

17 Rouatbi W., Demir E., Kizys R., and A. Zaremba. Immunizing Markets Against the Pandemic:
COVID-19 Vaccinations and Stock Volatility Around the World. International Review of Financial Analysis,
2021, vol. 76, p. 101785. https://doi.org/10.1016/j.irfa.2021.101819.

18 ChevallierJ., Ma F., Guo Y., and D. Huang. Macroeconomic Attention, Economic Policy Uncertainty,
and Stock Volatility Predictability. International Review of Financial Analysis, 2022, vol. 81, p. 102037.
https://doi.org/10.1016/j.irfa.2022.102339.

19 Macrotrends LLC. Macrotrends — Website with Financial Data. Accessed 2024. https://www.
macrotrends.net/.

20 Infront Analytics. Infront Analytics — Website with Financial Data. Accessed 2024. https://
infrontanalytics.com.

21 Comparably. Comparably — Website with Brand and Company Data. Accessed 2024. https://www.
comparably.com/brands/.

22 Kalashnikov R., and A. Kartbayev. Assessment of the Impact of Big Data Analysis on Decision-Making
in Stock Trading Processes. Procedia Comp. Sci., 2024, vol. 231, pp. 786—791. https://doi.org/10.1016/j.
procs.2023.12.137.

23 Magbool B., and S. Herold. Potential Effectiveness and Efficiency Issues in Usability Evaluation
Within Digital Health: A Systematic Literature Review. Journal of Systems and Software, February 2024,
vol. 208, p. 111881. https://doi.org/10.1016/].jss.2023.111881.

24 Venugopal J.P., Subramanian A.A.V., Sundaram G., Rivera M., and P. Wheeler. A Comprehensive
Approach to Bias Mitigation for Sentiment Analysis of Social Media Data. Applied Sciences, 2024, vol. 14,
p. 11471. https://doi.org/10.3390/app142311471.

25 Asif M., and Z. Gougqing. Innovative Application of Artificial Intelligence in a Multi-Dimensional
Communication Research Analysis: A Critical Review. Discover Artificial Intelligence, 2024, vol. 4, p. 37.
https://doi.org/10.1007/s44163-024-00134-3.

56



KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Ne 1(72) 2025

*Cadapos P.B.,
maructpant, ORCID ID: 0009-0006-8577-6431,
*e-mail: ru_safarov@kbtu.kz
Bunonaun U.P.,
maructpant, ORCID ID: 0009-0000-7667-1087,
e-mail: il_zinollin@kbtu.kz
'KpLiepimoex VY.,
maructpant, ORCID ID: 0009-0008-1386-2984,
e-mail: u_kylyshbek@kbtu.kz
'KaprbaeB A.JK.,
PhD, ORCID ID: 0000-0003-0592-5865,
e-mail: a.kartbayev@kbtu.kz

'Kazakcran-bpuTtan TeXHUKAJIbIK YHUBEPCUTETI, AJMaThl K., Kazakcran

HMHBECTULHUAJIBIK TOYEKEJIJIEPAI BACKAPY:
BEJT'TVIIMALJIK IEH KYBBIJIMAJIBIJIBIKTAH
AJIBIHFAH TYCIHIKTEP

Angarna

By 3eprreyniy Herisri Makcarsl — [T sxo0anapbin a3ipiiey OapbIChIH1a MHBECTHLIMSUIBIK TOYEKeIIEPl aHbIKTaY
JKOHE 0acKapy 9IICTEPIH KETUIPY. ATallFaH TOyeKeIIep OCNTicCi3/iK, TOJIBIK eMeC aKImapar KoHe OOKaMIbI aKIa
aFBIHAAPBIHBIH KYOBUIMAIIBIIBIFBIMCH OalIaHBICTBI, OyJI MHBECTOpPJIAp MEH MY/JICN TapanTap/blH Heri3lenreH
menrimMaep KaObuTaaybIiH KHBIHAATAAbl. Byl MocerneHi ey yiiH 3epTreyae TepeH oKbpITyabIH (deep learning) 03bIK
oz1icTepi KONJAHBIIBIN, MHBECTHUIMSUIBIK IIPOIIECTEPAE TOyEeKenaep i Oackapyipl OHTallIaHbIpyFa apHaAIFaH KaHa
ozicTeMe yChIHbUIaAbI. HakThIpak aifTkania, MamHaibiK OKbITY (ML) 5oHe KOHBOOIMSUTBIK HEHPOH/IBIK Keiaep
(CNN) Heri3iH/ie HHBECTULHSIIBIK TOYESKENIIep/ii CAaHJIBIK TYPFBIJIaH aHBIKTay MEH TOMEH/IETYTe apHaJIFaH allfTOPUTM
93ipJIeH 1l JKOHE OHBIH THIMJIUIITI pacTaiabl. 3epTTEyAiH HETi3r1 9/IiCTeMEeNIiK HeTi3l peTiH/e ToyeKe, HHBECTHIIUS
xoHe caiikectik (RIC) axici yebIHBIIBIT OTBIP. Byit 91ic apTYpi1i Kap>KBUIBIK KOPCETKIMITEP/Ii KOMITO3UTTIK Oaranay
JKyhecine OipiKTipe OTBIPHIN, KOMIAHHUSIAPABIH HHBECTUIMSUIBIK TAPTHIMIBUIBIFBIH CAHIBIK OarasiayFa MyMKIHIIIK
Oepeni. Oxicreme Oenmenyi IepeKKe3AepAiH Oec KBUIABIK TapUXH KapKBUIBIK JAEPEKTepl apKbUIbl pacTalabl KOHE
OpTYpJIi cananapiarkl OH KOMIIAHHSFa KOJAAHBULABI. OIICTEMETIK 0a3a Kap:KbLIBIK HOTHIKEICPIi, HapPbIKTAFbI
MiHE3-KYJIBIKTBI JKOHE TYTBIHYIIBUIAP/IbIH KOHUI-KYHIH Tajiay YIIiH KeH ayKbIMJIbl JIEPEKTEp KHUbIHBIH KAMTH/IbI.
Herisri nepekrep >KMbIHBIHA HApBIKTBIK KOHUI-KYWHai Oaramay ymin 1,5 mummimon TBuTTepnai KamTuThiH Kaggle
KoMIaHusIChIHBIH Twitter nepekrep skuHarbl, McKinsey kommanusceinblH 500 MIJUIMOH TYTHIHYIIBUIBIK €3apa
opekeTTecy mepekrepi xoHe Yahoo Finance KOMMaHHMACHIHBIH KYHACTIKTI KaHApTymapsl Kipeni. Hotmwkemep RIC
o/licTeMeECi JKOFaphl TAYEKEINAl JKoHE Kayilci3 MHBECTHUIMSIIAPABI THIMAI aXbIpaTaTblHBIH Kepcereni. 60%-maH
JKOFapbl 0anyl )KWHAFaH KOMITAHMSUIAP KYIITI MHBECTHUIMSIIBIK MYMKIHJAIKTEp peTiHae aHbIKTanabl, an 30%-aan
TOMEH KOMITaHUsIap TOYEKel KOFapbl KacinopbeiHaap perinie oenrinenai. by seprrey I T-uHBeCTHIMSIIBIK jk00a-
JapBIHIAFBI TOYEKEIIEPIi OacKapy YIIiH CeHIMII HeTi3 OeH KeH ayKbIMJIbI KOJIaHOaIap YChIHAIEI KOHE OeNTici3mik
JKaFJalbIHIa HEFYPIIBIM THIMJII MenriMaep KaObuiiayra MyMKIHIIK Oeperi.

Tipek ce31ep: WHBECTHIMSIIBIK TOyEKeN, aHBIK eMeC aKmapar, OeMrici3aiK, MaTeMaTHKaIbIK MOJICbCY, HH-
BECTHUIMSIBIK IICIITIM KaObL11ay, )K00aHbI KOCIIapIiay.
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YIIPABJIEHUE UHBECTUIIMOHHBIMHU PUCKAMM:
BbIBO/Ibl U3 HEOINPEAEJEHHOCTH U BOJIATUJIBHOCTH

AHHOTALUA

WuBecTHIOHHBIE pUCKH B pa3padboTke N T-poeKToB yCHIMBAIOTCS HEOPENEICHHOCTRIO, HETTOMHOH HHpOp-
Manuel 1 KoseOaHUAMHU IIPOTHOZUPYEMBIX JEHEKHBIX MOTOKOB. DTH MPOOIEMbI yCYTryONIstOTCsS OTCYTCTBUEM Ha-
JCKHBIX CTATUCTUYCCKUX JAHHBIX, YTO OCTABJIACT 3aUHTECPECOBAHHBIM CTOPOHAM OI'PaHUYCHHBIC MHCTPYMCHTDI JIJI1
NPUHSATUS 000CHOBAHHBIX PELICHUH. DTO MCCIII0OBaHKE PELIAeT STH MTPOOJIEMBI, ITpeasiarast HOByI0 METOOJIOTHIO
ONTHMU3AINY YIPABICHNS! PUCKAMHU B HHBECTUIIMOHHBIX ITPOIIECCAaX C NCIOIB30BAHUEM IIEPEIOBBIX METOIOB IIIy-
6okoro oOyuenust. Llenpio nccnenoBanus sBisieTcs pa3paboTka ¥ IPOBEPKA ANTOPUTMA, KOTOPHIH KOJIMYECTBEHHO
OLICHMBACT M CHIKACT MHBECTHUIIMOHHBIE PUCKH TTOCPEICTBOM MHTErpanuy Mojeneil MammHaoro o0ydenus (ML)
1 cBepTOYHBIX HeWpoHHBIX ceTedl (CNN). KiroueBbIM KOMIIOHEHTOM ATOW PaOOTHI SIBJISETCS METOJ| PUCKA, HHBE-
cruiyii u coorBercTBUs (RIC), KOTOpBIN 00bEANHIET HECKOIBKO (PMHAHCOBBIX MTOKa3aTelel B COCTABHYIO CHCTEMY
oueHkH. Merozosorust ObuIa IPOBEPEHa C MCIOJIB30BAHUEM IISITUIICTHUX MCTOPUYECKUX (DMHAHCOBBIX JITAHHBIX M3
ABTOPHUTETHBIX MCTOYHUKOB U NMPUMEHEHA K JIECSITH KOMIAHUSM U3 Pa3IMYHBIX OTpaciell JuIsi aHanu3a (uHaHCo-
BBIX ITOKa3aTeNIeH, MOBEICHNS PhIHKA U HACTPOEHUH noTpeduTeneil. KiroueBbie HAOOPHI JaHHBIX BKIIIOYAIOT HAOOP
nmanHbIX Twitter ot Kaggle, Bmogatormmii 1,5 MIIIIHOHA TBUTOB ISl OIIGHKH HACTPOCHUHN PHIHKA, HAOOP HaHHBIX
McKinsey u3 500 MAJUIMOHOB B3aUMOJICHCTBHI MOTpeOuTeNel U exxeaHeBHbIe 00HOBIEeHUs 0T Yahoo Finance. Pe-
3yJIBTaThl MOKa3bIBaIOT, 4T0 MeTononorus RIC 3¢ dexTnBHO pazanyaeT BBICOKOPUCKOBBIE M Oe30MacHbIe MHBECTH-
un. Komnanun, HaOpasiume 6onee 60%, ObUTH MISHTU(GHUIUPOBAHBI KaK CHIIbHbIE HHBECTHLIMOHHbBIE BO3MOXKHO-
CTH, B TO BpeMsI Kak KoMIaHuu, Habpasuire MeHee 30%, ObUIN OTMEUEHBI KaK BEICOKOPHCKOBBIE MTPEATIPUSTHS. DTH
pe3ynbTaTel 00eCIeYNBAOT HAJAEKHYIO OCHOBY JUISl YIIPABICHUS PUCKAMU B MHBECTHUIIMOHHBIX POEKTax B cepe
WT, uTo no3BoOISsIET MPUHUMATh OOJIee Ha/ISKHBIC PEIICHHS B YCIOBHAX HEOTPEACICHHOCTH U IIPEIIaraeT IHPOKHe
BO3MOXKHOCTH JUIsl IPUMEHEHHUSL.

KiaroueBnie ciioBa: I/IHBeCTI/IHI/IOHHHﬁ PUCK, HCUYCTKAs I/IH(I)OpMaHI/IH, HCONPEACICHHOCTb, MAaTEMATUYCCKOC
MOIACIUPOBAHUE, TPUHATUEC NHBECTULIUMOHHBIX peIHeHPIﬁ, TIJIAaHUPOBAHUEC IPOCKTOB.
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