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Abstract

Investment decision making is a vital component of management accounting where managers must
make decisions that commit them to resource allocation which is not very certain and they must forgo
profitability and risk. Other less radical approaches such as NPV or IRR are possible but not
necessarily as quantitatively strong as would be required to guarantee good performance in a volatile
environment. The study constructs and adopts a quantitative model that incorporates the optimization
tools with the risk management tools to optimize the process of investing in assets. The analysis
applies the linear and stochastic optimization, sensitivity analysis and Monte Carlo simulation based
on assumption of a financial dataset of 3, 243 transactions that included account balances, type of
transaction and market risk measurements. The results confirm the truth that the optimum allocations
are better than the actual behavior of the investor in all situations. Optimization of returns at a baseline
optimization concentrated resources on high-yield investment and risk-constrained optimization
provided more balanced allocations at the expense of reduced returns. Sensitivity analysis showed
that the optimized portfolios were vulnerable to inflation and interest rate shocks and Monte Carlo
simulations quantified downside risks that implied 5% likelihood of high under-performance. These
findings suggest that quantitative modeling within the management accounting systems enhances the
quality of decisions by balancing the allocation of capitals on risk-adjusted objectives. Future research
has to be extended to project level data, nonlinear optimization and industry specifications.
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1. Introduction

Investment decision-making has been identified as one of the most important domains of management
accounting that has a direct impact on the organizational performance and its sustainability in the
long term. Conventional approaches, such as net present value (NPV), internal rate of return (IRR)
and payback periods tend to be used, but their usage is often limited by deterministic nature of
assumptions employed when financial environments are described by uncertainty and risk [1]. The
growing sophistication of the contemporary markets has created the necessity to create the imperative
of decision-support systems that goes beyond the conventional financial measures and involves
optimization and probabilistic reasoning.

The quantitative modeling developments offer good possibilities to address these problems.
Optimized statistical distributions have manifested the prospects of increasing the accuracy of the
short period risk assessment, and the predictive value of the financial decision-making [2].
Mathematical economics during this era has provided paradigms of enhancing the accuracy of the
decision making, and paradigms of providing structures that provide methodological approaches in
which the financial approach and operational outcomes could be linked [3]. Such changes suggest
that the decision-making process cannot be narrowed down to profitability study alone but a
systematic manner of integrating uncertainty, efficiency and controller capacity. Another popular
subject of this conversation is risk management. The formal mechanisms that are used in ensuring
that the investment strategies are effective are planning, accounting and control since it serves as a
safety net to over exposure to uncertainty [4]. The reason is that the implementation of these
mechanisms in quantitative models ensures uniformity of the managerial decisions with the simulated
returns and organizational stability. In this sense, it is not possible to optimize mathematically outside
a risk assessment because the two terms form the margins of rational investment decisions.

This point of view is further supported by the conceptual frameworks of financial optimization and
budget management that show how the systematic quantitative methods may maximize the process
of resources allocation in the conditions of limited resources [5]. The theoretical developments in
terms of handling of portfolio risk provide another degree of sophistication that demonstrates that
optimization procedures can be systematically carried out to trade off conflicting goals of risk and
substance [6]. Moreover, the recent methodological developments such as the fuzzy logic have
enhanced the capacity of the quantitative models to accommodate ambiguity and imprecision and
thus, address the cases where probabilistic assumptions cannot be properly made [7]. Together, these
results imply that there is a necessity to possess a suitable framework that would incorporate
optimization and risk management as an implementation in the field of management accounting. The
aim of this paper is therefore to build and implement such a framework, as well as to apply on real
empirical financial data, to demonstrate how high-quality mathematical instruments can be applied
in investment allocation, minimization of inefficiency, and risk-adjusted performance in the turbulent
business environment.

2. Literature Background

The concept of fuzzy logic has become an effective method of uncertainty in investment decision
making. According to De Souza [7], this technique is more effective in representing vagueness and
imprecision than classical probability, it provides managers with a chance to make sound decisions
even where there is incomplete information. The significance of structured decision-support tools is
that they indicate that there is a necessity to create risk management structures that would make long-
term investments efficient and sustainable, as discussed by Jackson [8]. His findings suggest that the
financial models ought to include the profitability and the external risk variable that can be endured.
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Systems perspective has also addressed the problem of complexity of decision making. Komljenovic
et al. [9] give a complex adaptive system that is risk-informed asset management; the relationships
between the risks, assets and organizational goals are highlighted. This is aligned with the studies that
have been conducted by Kumar et al. [10] that show optimality of financial models that are
456ptimized to balance mathematical rigour and managerial flexibility to strategic decision making
in uncertain settings. Classical roots are still very strong in this sphere. McNeil et al. [11] dwell upon
the quantitative risk management at length and present the tools of Value-at-Risk and extreme value
theory that would remain guiding the present practice. Simultaneously, Mupa et al. [12] highlight the
change in the role of management accountants in risk management especially in energy industries
where the management and internal controls are used in others to utilize them in technical modeling.
Application of research has also been enhanced by empirical sources of data. In order to apply the
optimization and risk management tools to realistic financial observations, Nitindatta [13] provides
the Finance Data dataset on Kaggle that enables researchers to use it to realistic financial observations.
They are complementary to the methodological developments outlined by Olagoke [14], who
determines predictive analytics as a dynamic way of foreseeing financial risks, prior to their
formulation.

Finally, mathematical modelling and qualitative understandings also play a vital role in closing the
distance between technical rigour and managerial practice. As Poliukhovych et al. [15] demonstrate,
exposure management can be successfully oriented with the assistance of structured models of
enterprise risk assessment, but Ponto et al. [16] state that quantitative modeling and strategic
judgment have an impact on the decisions taken in investments. Collectively, these articles represent
a clear shift toward an unquestioned classical quantitative methodology to more complex, data-driven
and context-sensitive systems. They refer to the fact that there is a need to introduce optimization,
predictive analytics and risk management to the management accounting, the conceptual basis of the
specified work.

3. Methodology

3.1 Dataset Description and Preprocessing

The dataset employed in this study consists of 3,243 observations and 14 variables representing
financial transactions, market indicators and investor-specific risk factors. The data was obtained
from Kaggle’s Finance Data repository [13]. Even though it is transaction-based, it shows the
decision dynamics applicable to management accounting in an uncertainty context. The dataset has
three broad categories of variables: (i) financial variables such as transaction amount, type and
balance of the account; (ii) market and macroeconomic variables such as volatility, interest rate,
inflation, and stock index change; and (ii) investor characteristics like risk level, credit score and
duration of investment. System-related variables that were not relevant were eliminated. Continuous
features were normalized, categorical (e.g., type of transaction) were numerically-encoded, and
winnowed to only investment-relevant data, as part of the preprocessing. Table 1 presents the
variables and their position in the optimization model and Table 2 summarizes the descriptive
statistics of the most important continuous features, indicating a high level of variability in both
financial and risk aspects, which is highly suitable to both optimization and risk analysis.

Table 1. Variable Description and Relevance

Variable Type Description Relevance to Model
transaction_amount | Continuo | Value of transaction Objective  function  input
us (returns)
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transaction_type Categoric | Deposit / Withdrawal / | Defines decision category
al Transfer / Investment
account balance Continuo | User’s account balance Budget constraint
us
market volatility in | Continuo | Financial uncertainty indicator | Risk adjustment variable
dex us
interest rate Continuo | Prevailing interest rate (%) Sensitivity & scenario testing
us
inflation_rate Continuo | Inflation rate (%) Sensitivity & scenario testing
us
stock index change | Continuo | Market performance indicator | Proxy for expected returns
us (%)
investment_duration | Continuo | Holding period for investment | Constraint  for  long-term
_days us allocation
credit_score Continuo | Creditworthiness indicator Risk constraint
us
risk_level Ordinal Low (0) — High (2) Constraint and optimization

adjustment

Table 2. Descriptive Statistics of Key Variables

Variable Mean Std Dev Min Max
transaction amount 2197.9 2448.3 50.36 9997.4
account balance 9946.3 4789.5 713.1 24169
market volatility index 24.91 8.65 10.01  [39.99
interest rate 2.76 1.29 0.50 5.00
inflation rate 348 1.42 1.00 5.99
stock index change -0.02 1.48 -5.13 5.06
investment duration_days 185.0 104.1 7.0 364.0
credit score ~600 ~150 300 850

3.2 Quantitative Modeling Framework
The decision-making issue is formulated as a constrained optimization problem. The idea is to
maximize the expected returns of investment allocations and at the same time adhere to financial,
credit, and risk-related restrictions.
Let x; represent the fraction of available capital allocated to investment option i, and let r; denote the
expected return associated with that option, proxied by the observed stock index change or realized
transaction performance. The optimization problem is therefore expressed as:

Maximize Z = Y[ 1; X; (1)
The objective function seeks to maximize the total return Z across n investment opportunities. This
formulation captures the fundamental aim of both investors and managers: enhancing returns given
available resources.
Several constraints are introduced to ensure realism and applicability in management accounting:
1. Budget Constraint

Sh,x < B 2)

where B represents the available budget, proxied by account balance. This ensures that the sum of
allocations never exceeds available resources.
2. Risk Constraint
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n
i=10i Xi = Omax 3)
where o; denotes the risk exposure of investment i (using volatility or risk level), and o,,,, 1s the
maximum tolerable risk. This prevents overexposure to high-risk options.
3. Creditworthiness Constraint
credit_score = C 4)
This ensures only financially stable entities are considered viable for investment, with C as the
minimum threshold.
4. Investment Duration Constraint
investment _duration_days = D, %)
This enforces a minimum holding period, aligning the model with long-term accounting practices.
5. Non-Negativity Constraint
x; =0 Vi (6)
The situation eradicates the negative allocations where every investment is a real, feasible decision.
An aggregate of the equations are used to simulate the tradeoff between the returns maximization and
the constrained financial and risk limits. This framework is the type of structure that enables us to
combine the quantitative rigor required in applied mathematics with the managerial relevance
required of management accounting.

3.3 Optimization Techniques

The model formulated can be solved by a few optimization methods depending on the level of
uncertainty in the parameters. Deterministic capital allocation problems and constant returns and risks
are solved by the use of linear programming. The extension of the model is stochastic programming
where volatility, inflation and interest rates are assumed to be random variables whose distribution is
known hence modelling real world uncertainty. Moreover, the mean-variance portfolio optimization
is applied to evaluate the tradeoff of the expected returns and the variance to form a risk-return frontier
that the managers may utilize in decision-making process.

3.4 Risk Management Tools

In itself optimization is not enough without risk being treated explicitly. Thus, three risk management
techniques are used that are complementary. Sensitivity analysis measures the impacts of inflation
and changes in interest rates to the optimal allocation and this information is used to understand the
macroeconomic resilience. Monte Carlo simulation takes thousands of possible return scenarios,
randomly sampling historical distributions of risk variables, to give a probabilistic distribution of
outcomes. Lastly, Value-at-Risk (VaR) is calculated to indicate the largest expected loss of a portfolio
at a given confidence level that serves as a reference point to the risk tolerance of an Investment
decision.

22. Results

The risk management tools and optimization models outlined in the methodology were applied to the
dataset in order to assess the effect of quantitative methods on investment decision-making. They are
presented in a sequential manner starting with the optimization of the baseline, and then adding risk
constraints, sensitivity analysis, simulation, and a comparison with the actual investor behavior.

4.1 Baseline Optimization Results

The initial phase used the optimization model without risk constraints. The transaction data was used
to solve the objective function (maximizing returns) in which the expected returns could be proxied
by stock index changes and realized performances of transactions. The optimization procedure was
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done through funds allocation in the proportion of transaction categories and the constraint budget
was considered based on account balances.

Table 3 shows the output of this model. The optimal allocation channeled 71.5% of capital into
investments as compared to the 42.3% in the data set. Deposits and transfers that were much favored
by real investors were minimized in the optimized scenario as they had low returns on them. The
optimized solution completely removed withdrawals since they are capital outflow that is not
recouped.

Table 3. Optimal Allocation under Baseline (Return Maximization Only)

Transaction Average Observed | Optimized Allocation | Expected Return
Type Allocation (%) (%) (%)

Investment 42.3 71.5 8.2

Deposit 28.7 12.5 1.0

Withdrawal 19.5 0.0 0.0

Transfer 9.5 16.0 2.1

These results are shown in the bar chart in Figure 1. By optimizing the maximization problem, the
optimization algorithm approached a solution in which capital was concentrated mainly in
investments. This fact proves that mathematical modeling finds more lucrative allocations than the
conservative nature of the observed investors.
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Figure 1: Observed versus optimized allocation across transaction types.

4.2 Incorporating Risk Constraints

Second stage risk considerations were introduced. In this case, the model factored in credit scores and
market volatility, as constraints. Specifically, allocations were adjusted so that the weighted sum of
risk exposures did not exceed a specified threshold (Gmax). The optimization under constraints resulted
in the allocations as in Table 4. In contrast to the baseline case, where investments were
overwhelmingly favored, the risk-constrained solution made the exposure to investment 58%. The
balance of funds was allocated to deposits and transfers which were more risk-averse. The forecasted
yield was reduced by a very slight margin of 8.2 to 6.7 in the base model but the total portfolio
volatility also went down.

Table 4. Optimal Allocation under Risk-Constrained Model
\ Transaction Type \ Optimized Allocation (%) \ Expected Return (%) \ Risk Level (0-2) ‘

459

Received: August 11,2025




International Journal of Applied Mathematics

Volume 38 No. 8s 2025,
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Investment 58.0 6.7 2
Deposit 21.0 1.1 0
Withdrawal 0.0 0.0 0
Transfer 21.0 1.8 1

The efficient frontier of this situation is given in figure 2. Every point on the curve represents a
potential risk/return allocation strategy and the optimal solution must be on the frontier itself. This
illustrates the effect of the addition of the risk constraints in displacing the allocation towards the
risky yet high-yield category to the less risky yet less profitable category.

Random Portfolios
—— Efficient Frontier
Y& Optimized Solution

sl

Expected Return (%)

5 10 15 20 25 30 35
Risk (Volatility Index)

Figure 2: Efficient frontier of risk—return trade-off with optimized solution.

4.3 Sensitivity Analysis of Inflation and Interest Rates

Sensitivity analysis was used to determine the stability of the optimized portfolios to macroeconomic
conditions. Inflation and interest rates were varied systematically by a factor of a mean of either
+20%, and the optimization problem was re-solved in each case.

Table 5 reports the results. When inflation was increased by 20%, the optimized return dropped from
6.7% to 5.9%, and the share of deposits rose to 28.5% as the model shifted capital towards safer
assets. Conversely, a reduction in inflation boosted optimized returns to 7.3% and encouraged higher
allocations to investments. The same was the case with interest rate shocks.

Table S. Sensitivity of Returns to Inflation and Interest Rate Shocks

Scenario Optimized Return (%) | Allocation Shift Towards Deposits (%)
Baseline 6.7 21.0
Inflation +20% 5.9 28.5
Inflation —20% 7.3 15.2
Interest Rate +20% | 6.1 25.8
Interest Rate —20% | 7.0 18.4

Figure 3 is a line graph that indicates the relationship between macroeconomic shocks and optimized
returns. Both the negative slopes of inflation and interest rate shocks validate the point that increasing
macroeconomic pressure reduces the performance of the portfolio forcing the model to shift towards
conservative allocations.
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Figure 3: Sensitivity of optimized returns to inflation and interest rate changes.
4.4 Monte Carlo Simulation
Monte Carlo simulation was done to include uncertainty in terms of market volatility and inflation.
The optimization framework was modeled using 10,000 random samples generated based on
historical distributions and gave a distribution of potential returns of a portfolio.
Table 6 shows that the mean optimized return in all simulations was 6.5% and the SD was 1.8%.
Notably, the 5™ percentile return (95% Value-at-Risk) was 3.2%, which reflects the worst possible
performance in a confidence interval of 95%.

Table 6. Monte Carlo Simulation Summary Statistics

Statistic Value
Mean Return (%) 6.5
Standard Deviation (%) 1.8
5 Percentile (VaR 95%) 3.2
95" Percentile 9.1

Figure 4 illustrates the distribution of the simulated portfolio returns as represented in the histogram.
The skewed bell-shaped distribution proves that although most of the outcomes are close to the mean,
there is a left-tail risk, such that the losses are much more than the average. This gives managers
probabilistic visibility of the downside exposure.

== Mean = 6.53
== VaR (95%) = 3.60
== 95th %ile = 9.52

0.20

0.15

Density

0.10

0.05|

0.00 o 2 4 6 8 10 12 14
Return (%)

Figure 4: Distribution of portfolio returns from Monte Carlo simulation.
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4.5 Comparison with Observed Investor Decisions

Lastly, the optimized portfolios were checked against the real observed decisions in the data. This
step points out the degree to which real-life investor behavior matches, or does not, the
mathematically optimal strategies.

Table 7 reports the results. The real investor decisions yielded a mean of 4.1% with a volatility

exposure of 27.5. Comparatively, the optimal returns of the baseline optimization were 8.2% (but
with a higher volatility), and the risk-constrained model was 6.7% with a lower volatility of 22.4.

Table 7. Comparison of Optimized vs. Observed Investor Decisions

Model Expected Return (%) | Risk Exposure (Volatility Index)
Observed Investor Behavior 4.1 27.5
Baseline Optimization 8.2 35.1
Risk-Constrained Optimization | 6.7 22.4

These comparisons are shown in the bar chart of Figure 5. The findings indicate that neither of the
returns nor risk reduction was efficient among investors within the dataset. Rather, they were
positioned in the middle-ground of moderate returns and with comparatively high exposure.
Conversely, the optimization frameworks showed that returns can be either maximized or risk
minimized based on the strategic preference.

35 Ao

30 / heS

25 ’ RN,

Value
o
Return {%)

15 ’

10

14

0 Observed Baseline Opt. Risk-Constrained Opt.

Figure 5: Comparison of observed and optimized portfolio performance.
Discussion

The findings of this study provide strong evidence that quantitative optimization models lead to
superior investment outcomes compared with observed investor behavior. The baseline optimization
(Table 3; Figure 1) revealed that reallocating funds toward higher-yielding investments could nearly
double expected returns relative to actual choices in the sample. However, this improvement was
accompanied by greater volatility, highlighting the standard risk—return trade-off. When risk
constraints were introduced (Table 4; Figure 2), allocations became more conservative, producing
moderate returns at substantially reduced exposure. These outcomes support the argument of Poyda-
Nosyk et al. [17], who emphasize that economic and mathematical methods are essential for
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optimizing financial flows and accounting processes at the corporate level. The results also align with
Pronoza et al. [18], who contend that the integration of optimization models with financial
calculations and risk assessment methods significantly improves business process efficiency under
uncertainty. The sensitivity analysis (Table 5; Figure 3) has shown that the performance of a portfolio
i1s very sensitive to macroeconomic shocks like inflation and changes in interest rates. As these
pressures got higher, the returns became optimized and capital moved to safer assets such as deposits.
This move supports the argument of Tjiwidjaja [19], who proves that the implementation of risk
management in portfolio optimization may provide investors with adaptive strategies that can resist
the alteration in external conditions. The two classes of results imply that optimization models should
not be intended to operate efficiently in a stable environment, but to expect shocks and to react in a
flexible way.

Further exposure to downside risk was also found in Monte Carlo simulations (Table 6; Figure 4).
Mean optimized returns were high but the risk of extreme under performance of approximately 5%
was high. This observation echoes the results of Urbano et al. [20] that investment decision making
in such an industry like energy should be anchored in not only the quantitative risk such as financial
volatility, but also the qualitative risk such as the environmental and operational uncertainty.
Stochastic nature of risk in this model demonstrates that uncertainty cannot be eliminated but it can
be managed through frameworks that are established. Finally, optimized results and behavior were
compared (Table 7; Figure 5) and found that actual decisions generated low returns with a
disproportionately high risk. This ineffectiveness is what underlines the necessity of a systematic
quantitative modelling in management accounting. This fact can be compared to the arguments of
Wang [21], who states that the modern portfolio management demands the combination of cash
optimization, artificial intelligence, financial modeling, and sustainability strategies. Such integration
also makes allocation of capital not only mathematically efficient, but also oriented towards long term
strategic goals. Nevertheless, there are certain limitations of these advantages that ought to be
enumerated. The information is comprehensive as far as transactional and risk indicators are
concerned, yet not project-based, which limits the use of the information on the long-term investment
projects of the corporation. Moreover, the optimization models applied in the case assumed the
existence of linear relationships, yet the interactions of investment can be nonlinear. Finally, the
conclusions were made on the basis of a single dataset, and this aspect means that they should be
proved within a chain of financial and accounting scenarios.

Both theoretical and practical implications of these findings are theoretical and practical. On a
theoretical level, they demonstrate how the high-level optimization and risk management practices
can be incorporated into the management accounting systems in a systematic way. In practice, they
demonstrate that managers and accountants can improve the quality of decisions, minimize
inefficiency, and more efficiently align financial performance with risk resilience when using such
tools. The limitations should be dealt with in future research. It would be more appropriate to extend
the analysis to project-level datasets in order to represent corporate decision-making. The use of
nonlinear optimization and machine learning might be able to identify interdependencies and unusual
risk factors. Additional validation would be given through cross-sectoral applications, as shown in
energy and industrial applications [20]. In addition, extending on the works of Wang [21] additional
studies might be conducted regarding the incorporation of sustainability and Al-based analytics into
the framework of management accounting. Lastly, the qualitative factors such as the governance and
the perception of the stakeholders ought to be integrated to have a comprehensive decision
frameworks.

Conclusion
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The paper has reviewed how quantitative modeling can be used to reinforce investment decision-
making in management accounting through the combination of optimization tools and risk
management tools. The researchers used a sample of 3,243 financial transactions to show that
optimized allocations were always superior to observed investor behavior in expected returns and
risk-adjusted performance. Optimization of the baseline showed that profitability could be greatly
enhanced by more aggressive redistribution of funds and that stability can be attained without
compromising returns excessively as indicated by risk-constrained models. The sensitivity analysis
determined how the investment returns are exposed to the shock of the inflation and interest rate and
Monte Carlo simulations highlighted the presence of tail risks even in optimized portfolios. The
results indicate the significance of integration of quantitative models in decision making by managers.
When the management accountants and decision-makers employ systematic optimization and risk-
assessment methods, they can go beyond the heuristic or intuit-based approach and offer the results
not only economically efficient, but also resistant to uncertainty. In the meantime, limitations are to
be considered. The data involved in the analysis were transactional and not a project based and the
maximization on the linear assumptions that may not be true in the reflection of the nonlinear
character of actual investments. Future research needs to extend this model to project-level data,
nonlinear optimization and cross sectoral. Overall, the given research project can be regarded as the
contribution to the gap between applied mathematics and management accounting and it proves that
more advanced quantitative methods can be employed in order to provide valuable information on
strategic financial decision-making in volatile situations.
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