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Risk  Management,  Decision Onrganizations increasingly operate in business environments characterized by
Analysis, Business Uncertainty, economic instability, market volatility, and high levels of uncertainty. In such
Market  Volatility, Investment contexts, effective risk management and structured decision analysis are
Decision-Making, Financial Risk essential for improving the quality of strategic investment decisions. This study

Assessment examines how firms evaluate risk factors and financial expectations when
making decisions regarding uncertain business projects. The research adopts a
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multiple dimensions of risk exposure, financial performance expectations, and
managerial decision outcomes. Key variables include industry risk levels, market
volatility, expected return on investment, scenario probability, potential
financial losses, and mitigation costs. The analysis explores how these factors
influence managerial decisions such as investing, delaying, or rejecting business
opportunities. Descriptive and comparative statistical techniques are used to
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identify patterns between risk indicators and project outcomes. The findings
indicate that higher expected returns and favorable probability assessments
increase the likelihood of investment decisions, while elevated industry risk and
potential loss exposure often lead to more cautious strategies. Additionally, risk
mitigation mechanisms appear to play a significant role in improving project
success rates under uncertain conditions. Querall, the study contributes to the
literature by integrating financial risk indicators and decision analysis within a
unified empirical framework, providing insights into how firms manage
uncertainty when allocating capital to strategic investments.

INTRODUCTION

Business organizations increasingly operate in
environments  characterized by  economic
volatility, ~ technological ~ disruption,  and
unpredictable market dynamics. In such
conditions, effective risk management and
structured decision analysis have become critical

for sustaining organizational performance and
long-term competitiveness. Firms must constantly
evaluate uncertain investment opportunities
while balancing potential returns against possible
financial losses. Decision-makers therefore rely on
analytical tools and risk assessment frameworks
to reduce uncertainty and improve the quality of
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strategic choices. Risk management in business
contexts involves identifying potential threats,
assessing their probability and impact, and
implementing strategies that minimize negative
consequences while preserving opportunities for
growth. In uncertain markets, these decisions are
rarely straightforward because information is
incomplete and future outcomes cannot be
predicted with absolute accuracy. Consequently,
businesses often use probability assessments,
financial evaluation models, and scenario analysis
techniques to guide their decision-making
processes. The academic literature on risk
management and decision analysis has expanded
significantly over the past several decades. Early
theoretical ~ contributions  emphasized  the
importance of expected utility theory in
explaining how individuals and organizations
make decisions under uncertainty. Researchers
such as Daniel Kahneman and Amos Tversky
introduced  behavioral = perspectives  that
challenged traditional rational decision models
by demonstrating that human decision-making is
often influenced by cognitive biases and
heuristics. Their work on prospect theory
highlighted how individuals perceive gains and
losses differently, leading to risk-averse or risk-
seeking behaviors depending on the framing of
decisions. This perspective
significantly influenced modern approaches to
risk analysis in  business environments.
Subsequent research expanded the theoretical
framework by integrating financial risk
management techniques with decision science
models. Scholars such as Harry Markowitz
introduced portfolio theory, which demonstrated
how diversification can reduce risk exposure
while maintaining expected returns. This concept
later influenced corporate risk management
strategies, where organizations attempt to balance
risk and reward through diversified investments
and structured evaluation methods. Other studies
emphasized the role of probabilistic modeling,
scenario analysis, and decision trees in evaluating
uncertain business projects. These analytical tools
allow managers to quantify risk exposure and
compare alternative strategic options based on
expected outcomes and probability distributions.

behavioral

More recent literature has focused on the
relationship between market volatility and
managerial decision-making behavior. Studies
indicate that firms operating in highly volatile
environments tend to adopt more cautious
investment strategies and allocate additional
resources to risk mitigation mechanisms.
Researchers have also examined the influence of
information asymmetry, decision delays, and
uncertainty in shaping corporate investment
decisions. Empirical evidence suggests that
organizations that implement systematic risk
assessment processes are better able to anticipate
potential threats and adjust their strategies
accordingly. In addition, the adoption of
quantitative decision-support systems has been
shown to improve the accuracy of risk forecasts
and reduce the likelihood of costly investment
failures. Despite these advances, several
limitations remain within the existing literature.
Many studies primarily focus on either financial
risk modeling or behavioral decision-making
without integrating both perspectives into a
comprehensive analytical framework. As a result,
the interaction between objective risk indicators
and managerial decision outcomes is not always
fully captured. Furthermore, a significant portion
of previous research relies on theoretical models
or limited empirical datasets, which restricts the
ability to observe how multiple risk variables
simultaneously influence business decisions in
practice. There is also limited empirical analysis
examining how financial indicators, probability
assessments, and mitigation costs jointly affect
both managerial decisions and project outcomes
within a single analytical framework. The current
literature provides substantial insights into
individual aspects of risk management and
decision analysis; however, several research gaps
remain. First, many studies examine risk
indicators such as market volatility or expected
returns independently, rather than analyzing how
multiple risk factors interact to influence
managerial decisions. Second, previous research
often focuses on theoretical models without
sufficiently incorporating empirical data that
capture the complex decision environments faced
by real organizations. Third, limited attention has

https://jmhorizons.com

| Banbhan et al., 2026 |

Page 461



Journal of Media Horizons
ISSN: 27104060 2710-4052

Volume 7, Issue 2, 2026

been given to the relationship between risk
mitigation costs, probability assessments, and
final project outcomes within the same analytical
framework. This study addresses these gaps by
integrating financial risk indicators, probability-
based scenario evaluation, and decision outcomes
within a unified quantitative framework. By
examining how industry risk levels, market
volatility, expected returns, and mitigation
strategies influence managerial decisions and
project success, the research contributes to a
more comprehensive understanding of risk
management practices in uncertain business
environments. The study therefore extends
existing literature by providing empirical insights
into how firms balance uncertainty, risk
exposure, and strategic decision-making when
evaluating investment opportunities.

Research Design and Analytical Framework

This study adopts a quantitative research design
to examine how organizations manage risk and
make investment decisions in uncertain business
environments. Quantitative approaches are
appropriate because risk management and
decision-making  processes  often involve
measurable variables such as market volatility,
expected return, industry risk levels, and financial
loss exposure. The research is structured around
a decision analysis framework, which evaluates
how firms assess potential risks and returns
before making strategic investment decisions. The
study integrates concepts from financial risk
management, probability theory, and decision
science to investigate the relationship between
risk indicators and business outcomes. The
analytical framework assumes that firms operate
under uncertainty where decisions must be made
despite incomplete information about future
market conditions. Within this context,
managers evaluate expected returns, probability
of success, potential losses, and mitigation costs
before making investment choices. The research
design therefore focuses on identifying statistical
relationships between risk factors and final
decisions such as investing, holding, or rejecting
business opportunities. The model further
examines how risk mitigation strategies influence

the likelihood of project success or failure. A
structured  dataset  containing  firm-level
observations is used to analyze the interaction
between key risk variables and decision outcomes.
Independent variables include industry risk
index, market volatility, decision delay,
investment amount, expected return on
investment, scenario probability, loss exposure,
and mitigation cost. The dependent variables
include the firm’s final decision and project
outcome. These variables collectively represent
the information environment within which
business decisions are made. The study uses
statistical analysis to explore correlations,
patterns, and trends within the dataset. By
applying descriptive and inferential techniques,
the research evaluates how risk indicators
influence managerial decision-making behavior.
The overall research design therefore provides a
systematic framework for understanding how
firms respond to uncertainty and manage
potential financial risks when allocating capital to
strategic projects.

Data Collection and Dataset Construction

The dataset used in this study was constructed to
simulate firm-level decision-making behavior
under uncertain economic conditions. The
dataset contains 250 observations, each
representing a business project or investment
opportunity evaluated by a firm. The dataset
includes several variables that capture different
dimensions of risk exposure, financial
performance expectations, and managerial
decision outcomes. These variables were designed
based on commonly used indicators in financial
risk management literature and decision analysis
studies. Each observation includes a unique firm
identifier, which ensures that the dataset
represents independent decision cases. The
industry risk index measures the overall risk
environment associated with the sector in which
the firm operates. This variable ranges between
low and high risk levels and reflects structural
uncertainties such as regulatory volatility,
technological disruption, and market
competition. The market volatility variable
represents fluctuations in financial markets that
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may affect the stability of investment returns.
High volatility levels indicate greater uncertainty
in economic conditions and potential difficulty
in predicting future performance. The dataset
also includes decision-related variables such as
decision delay, which captures the number of
days taken by managers to finalize investment
decisions. Delayed decision-making can reflect
uncertainty, risk aversion, or the need for
additional  information before committing
financial resources. Financial variables include
investment amount, expected return on
investment, potential loss if failure occurs, and
cost of implementing risk mitigation strategies.
These variables capture the economic trade-offs
considered by managers when evaluating business
projects. In addition to financial indicators, the
dataset incorporates a scenario probability
variable, which represents the estimated
likelihood of a favorable outcome. This
probability reflects managerial expectations
regarding market performance, operational
success, or external economic conditions. The
dataset also records the final decision outcome
(invest, hold, or reject) and the project result
(success or failure). These outcome variables
allow researchers to evaluate how risk indicators
influence both managerial decisions and final
project performance.

Variables and Measurement Strategy

The variables used in this research are categorized
into risk indicators, financial evaluation variables,
decision variables, and outcome variables. Each
variable plays a specific role in explaining how
firms evaluate uncertain business opportunities
and manage potential risks. The measurement
strategy ensures that each variable represents a
quantifiable aspect of risk management and
decision analysis. Risk indicators form the first
category of variables. The industry risk index
measures structural risks associated with the
firm’s operating sector, including regulatory
uncertainty, technological change, and market
competition. This index is measured on a
continuous scale between low and high risk
levels. Another important risk variable is market
volatility, which represents fluctuations in

economic and financial conditions that may
influence investment performance. Higher
volatility indicates greater uncertainty in future
market outcomes. The second category consists of
financial evaluation variables used by managers
when assessing potential investments. These
include investment amount, expected return on
investment, and potential financial loss if the
project fails. The investment amount measures
the capital commitment required for the project,
while expected return represents the anticipated
profitability of the investment. Loss exposure
reflects the magnitude of financial risk if the
project does not succeed. In addition, the risk
mitigation cost variable measures the resources
allocated to strategies designed to reduce
potential losses. The third category includes
decision  variables, particularly the final
managerial decision regarding the project. This
decision is classified into three categories: invest,
hold, or reject. These options reflect different
strategic responses to uncertainty. The final
category consists of outcome variables, which
measure whether the project ultimately succeeded
or failed. By organizing the variables into these
categories, the study captures the
multidimensional nature of risk management.
This measurement strategy allows the analysis to
evaluate how risk indicators and financial
expectations influence managerial decision-
making and how these decisions ultimately affect
project outcomes.

Data Analysis Techniques and Statistical
Procedures

The study employs a combination of descriptive
statistics, comparative analysis, and visual data
analysis techniques to examine patterns within
the dataset. Descriptive statistical methods are
used to summarize the central tendencies and
variability of key variables such as industry risk
index, market volatility, expected return, and
investment levels. Measures including mean,
median, standard deviation, and frequency
distributions provide an overview of the risk
environment in which firms operate. These
descriptive measures help identify general trends
and patterns in managerial decision-making
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behavior. In addition to descriptive statistics, the
study applies comparative analysis to evaluate
differences between decision categories. For
projects categorized as investment
decisions may display different levels of expected
return and risk exposure compared with rejected
projects. Similarly, successful projects may exhibit
different financial and risk characteristics than
failed projects. Comparative tables allow the
researcher to identify whether specific risk
variables are associated with particular decision
outcomes. Visual analytical techniques are also
employed to enhance interpretation of the
dataset. Graphical representations such as bar
charts, histograms, and scatter plots illustrate
relationships between key variables. For instance,
a scatter plot may show the relationship between
industry risk levels and expected return, while a
histogram can reveal the distribution of market

example,

volatility across observations. These figures
provide intuitive insights into the structure of the
dataset and help identify potential patterns that
may not be immediately visible in numerical
tables. The analysis also considers the interaction
between probability assessments and financial
outcomes. By examining the relationship between
scenario probability and project success, the study
evaluates how well managerial expectations align
with actual outcomes. This approach allows the
research to assess the effectiveness of risk
evaluation strategies. Overall, the combination of
descriptive statistics, comparative analysis, and
graphical visualization provides a comprehensive
analytical framework for understanding how
firms manage uncertainty and make strategic
investment decisions in complex business
environments.

Table 1: Descriptive Statistics for Core Risk and Decision Variables

Variable Mean Std. Dev. Minimum | Median Maximum
industry_risk_index 0.54 0.21 0.2 0.55 0.89
market_volatility 35.34 15.01 10.54 36.27 59.65
decision_delay_days 45.02 26.47 1 47.5 89
investment_million_usd 20.68 13.32 1.13 27.26 49.89
expected_roi_percent 12.58 13.61 9.99 13.27 34.97
scenario_probability 0.53 0.24 0.1 0.54 0.94
loss_if_failure_million_usd 20.39 1091 0.55 21.15 39.82
mitigation_cost_million_usd 4.88 2.86 0.1 4.92 9.92

Table 1 provides the descriptive statistical 26.68 million, vet expected ROI averages only

foundation for the entire dataset and is therefore
the starting point for any credible decision
analysis. The mean industry risk index is 0.54,
with a minimum of 0.20 and a maximum of 0.89,
showing that the sample spans comparatively safe
and highly exposed business situations. Market
volatility averages 35.34, while decision delay
averages 45.02 days, indicating that uncertainty is
not only external but also managerial. The
average investment commitment stands at USD

12.58 percent and includes negative cases down
to -9.99 percent. This is analytically important
because it demonstrates that some projects enter
the evaluation pool despite weak or even adverse
return expectations. Scenario probability is
centered at 0.53, which implies that decision
makers often operate in contexts where favorable
outcomes are far from guaranteed. The mean loss
USD 20.39 million, whereas
mitigation cost averages USD 4.88 million. That

if failure is

https://jmhorizons.com

| Banbhan et al., 2026 |

Page 464



Journal of Media Horizons
ISSN: 27104060 2710-4052

Volume 7, Issue 2, 2026

gap shows that preventive spending is materially
smaller than downside exposure, a pattern that
normally justifies investment in risk controls. At
the same time, the large standard deviations
across most variables substantial
heterogeneity and caution against using a single
decision rule for all cases. In critical terms, the
table suggests a decision environment defined by

reveal

Table 2: Frequency Distribution of Final Decisions

dispersed risk, uneven returns, and meaningful
downside costs. For the paper, this table supports
the argument that business decisions under
uncertainty cannot be reduced to profitability
alone; they must incorporate volatility, timing
delay, scenario likelihood, and loss severity in an
integrated framework.

Decision Count Percentage
Reject 116 46.4
Hold 71 284
Invest 63 25.2

Table 2 reports the distribution of final decisions
and reveals a distinctly conservative portfolio
logic. Out of 250 observations, 116 cases (46.4
percent) are rejected, 71 cases (28.4 percent) are
placed on hold, and only 63 cases (25.2 percent)
receive an investment decision. This distribution
means that nearly three quarters of the sample is
either deferred or discarded rather than
approved. From a risk management perspective,
such a pattern is consistent with an environment
in which managers prioritize downside avoidance
over aggressive capital deployment. That may be
rational when uncertainty is high, but it also

raises an important critical issue: excessive
conservatism can itself become a strategic risk if
profitable  opportunities are  systematically

screened out. The relatively modest share of
investment decisions indicates that the threshold
for approval is strict, probably combining risk
tolerance with return expectations. The hold

Table 3: Project Outcomes by Final Decision

category is also significant. It implies that
uncertainty is not always resolved through
immediate acceptance or rejection; instead, some
cases remain in an intermediate state where
managers appear to wait for additional signals,
information, or market stabilization. In academic
terms, the decision structure shown here supports
a threeway framework rather than a simple
binary model. This matters because the hold
decision often captures organizational hesitation,
information asymmetry, or incomplete
confidence in forecasts. Therefore, the table not
only describes frequencies; it also suggests that
uncertainty management in this dataset is
institutionalized through staged commitment.
For the paper, the major implication is that
decision analysis should explain not only why
firms invest, but also why they delay and why
rejection dominates the sample.

Decision Failure Success Total Success Rate (%)
Hold 49 22 71 31

Invest 46 17 63 27

Reject 93 23 116 19.8
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Table 3 crossclassifies final decisions with
realized project outcomes and produces one of
the most critical findings in the dataset. Projects
marked as Hold show a success rate of 31.0
percent, Invest cases record 27.0 percent, and
Reject cases only 19.8 percent. The expected
pattern would normally place Invest at the top,
yet Hold performs better than Invest in realized
success terms. This is analytically important
because it questions the efficiency of the decision
rule used to classify opportunities. If the
supposedly strongest projects do not generate the
highest success rate, then the approval
mechanism may be overemphasizing expected
return while underweighting execution risk or
scenario fragility. At the same time, Reject does
have the weakest outcome profile, which suggests
that the screening process is not entirely

tiers of opportunity. The Hold category appears
to contain projects that are not immediately
attractive enough to approve, yet are not weak
enough to reject; this middle ground may actually
contain adaptable or resilient opportunities that
improve as uncertainty unfolds. Another
implication is that ex ante and ex post
assessments are not identical. Decision analysis
based only on expected ROI can therefore
misclassify projects if it ignores implementation
complexity, timing sensitivity, and probability
structure. For the paper, this table is valuable
because it allows a critical argument: risk
governance may be reasonably good at excluding
the worst options, but less precise in
distinguishing between delayed opportunities and
immediate investments. In methodological terms,
this result supports the need for recalibrated

misguided. It is capable of identifying many poor scoring models and post-decision learning
cases, but it is less effective at ranking the upper mechanisms.
Table 4: Correlation Matrix of Principal Continuous Variables
Variable industry market decision investment | expected scenario
risk index | volatility | delay days | million usd | roi percent | probability
industry_risk_index 1 -0.03 0 0.09 -0.06 -0.03
market_volatility -0.03 1 0.08 -0.07 0.07 -0.07
decision_delay_days 0 0.08 1 -0.01 .03 -0.01
investment_million_usd | 0.09 -0.07 0.01 1 0.12 -0.01
expected_roi_percent | -0.06 -0.07 0.03 0.12 1 0.12
scenario_probability -0.03 -0.07 0.01 -0.01 0.12 1

Table 4 presents the correlation matrix for the
main continuous variables and shows that the
dataset is characterized more by weak associations
than by strong linear dependence. The highest
positive correlation is between investment size
and expected ROI at only 0.12, while the
strongest negative association is between expected
ROI and scenario probability at -0.12. Most
remaining coefficients are close to zero, including
the relation between industry risk and market
volatility (-0.03) and between industry risk and
decision delay (-0.00). This has two major

implications. First, multicollinearity is unlikely to
be a major statistical problem in later modelling
because the explanatory variables are not tightly
clustered around the same underlying construct.
Second, managerial  decisions in  this
environment cannot be understood through a
single dominant linear pattern. The determinants
appear fragmented, which is realistic in uncertain
business where risk, timing,
investment scale, and return expectations interact
in non-uniform ways. Critically, the absence of
strong correlations should not be interpreted as

environments
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the absence of meaningful relationships. It may
instead imply that the structure is nonlinear,
conditional, or segmented by decision category.
For example, a variable may matter only when
risk exceeds a threshold or when expected ROI
becomes sufficiently high. Therefore, this table
discourages simplistic inference. It suggests that
the paper should avoid claiming robust direct
associations  without additional modelling.

Table 5: Mean Variable Values by Decision Category

Instead, the correct academic reading is that the
dataset reflects multidimensional uncertainty,
where variables coexist without collapsing into a
single easy predictive pattern. In practical terms,
decision makers would need composite scoring,
scenario analysis, or interaction-based models
rather than reliance on pairwise correlations
alone.

. - . loss if | mitigation
industry decision |investment | expected ) )
.. ) market oTE . scenario failure | cost
Decision | risk . delay million roi . e e
) volatility probability | million | million
index days usd percent
usd usd
Hold 0.5 38.79 44.58 27.4 15.12 0.54 21.79 5.09
Invest 0.38 32.53 46.14 26.57 24.86 0.51 20.69 4.83
Reject 0.66 34.74 44.69 26.3 4.36 0.53 19.37 4.77

Table 5 compares mean characteristics across the
three decision categories and clarifies how the
classification system is operating. Invest cases
have the lowest average industry risk index at
0.38 and the highest expected ROI at 24.86
percent. Reject cases display the highest risk level
at 0.66 and the weakest expected ROI at only
436 percent. Hold cases sit between these
extremes, with an average ROI of 15.12 percent
and risk index of 0.50. This confirms that the
decision architecture is principally anchored in
the classic riskreturn trade-off. However, the
table also exposes a limitation. Average scenario
probability is very similar across categories,
ranging only around 0.51 to 0.54, and mitigation
cost is likewise relatively stable. This suggests that
some potentially relevant dimensions are not
strongly discriminating the final decision. In

other words, managers appear to separate projects
mainly by expected ROI and industry risk, while
variables such as scenario probability, failure loss,
and mitigation cost have less visible influence.
That may simplify decision making, but it is
analytically risky because two projects with similar
ROI can carry very different downside structures.
The table therefore supports a critical conclusion:
the decision process seems internally consistent,
yet possibly incomplete. It is consistent because
category means move in the expected direction. It
is incomplete because the variables that define
uncertainty most directly are not sharply
differentiated across categories. For the paper,
this table is especially useful in arguing that risk
management frameworks may look rational on
the surface while still omitting important
dimensions of exposure.

Table 6: Performance Indicators by Industry Risk Quartile

Avg. Avg. Avg. Loss if ..

Risk Quartile Expected Scenario Failure (USD gvf (ll)jeas)l on (SO;I )ccess Rate
ROI (%) Probability | m) cay LAy °

Q1 Low 14.05 0.54 21.68 46.67 34.92
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Q2 Moderate-Low 13.2 0.53 19.74 44.48 26.98
Q3 Moderate-High 9.46 0.54 20.14 43.28 26.23
Q4 High 13.52 0.5 19.98 45.62 11.11

Table 6 reorganizes the sample by risk quartile
and is particularly valuable for identifying
threshold effects. The success rate falls from
34.92 percent in the lowest-risk quartile to only
11.11 percent in the highestrisk quartile. This
downward movement is the clearest evidence in
the dataset that rising risk meaningfully erodes
realized performance. At the same time, expected
ROI does not follow a simple monotonic pattern:
it is 14.05 percent in QI, falls to 9.46 percent in
Q3, and then rises again to 13.52 percent in Q4.
This is critical because it demonstrates that high-
risk projects can still appear financially attractive
in expectation, even when their realized success
rate is poor. Scenario probability also weakens
slightly in the highest-risk segment, dropping to
0.50. Decision delay remains fairly stable across

quartiles, so reduced performance at high risk
cannot simply be attributed to slower managerial
response. The key insight is therefore substantive
rather than procedural: once risk moves into the
upper quartile, realized outcomes deteriorate
sharply even though expected returns remain
superficially appealing. For decision analysis, this
implies that expected ROI should not be allowed
to dominate board-level judgments when the risk
tier is already elevated. In the paper, this table
can support a strong argument about the need
for  risk-adjusted  rather  than
performance criteria, especially in uncertain
environments where attractive upside projections
may conceal structurally weak  success
probabilities.

nominal

25 1

20 1

[
(B
1

Frequency

i
(=
L

0.2 0.3 0.4

0.& o7 0.8 0.2

Industry Risk Index

Figure 1: Distribution of Industry Risk Index

Figure 1 plots the distribution of the industry risk
index and visually reinforces the spread already
observed in the descriptive statistics. The values
range from approximately 0.20 to 0.89, with a
mean of 0.54. The histogram shows that the

sample is not concentrated exclusively in low-risk
or high-risk cases; instead, it occupies a broad
middle band with meaningful representation at
both ends. This is important because it means
the dataset is suitable for analyzing decisions
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across heterogeneous business conditions rather
than within a narrow risk corridor. From an
analytical standpoint, a broad distribution
improves the usefulness of subsequent
comparisons because the approval, hold, and
rejection outcomes are likely to be tested against
materially different exposure levels. The figure
also suggests that risk is a structural property of
the dataset rather than a marginal complication.
In other words, uncertainty is built into the
sample design. That supports the conceptual
premise of the paper: decision analysis must be
performed in environments where exposure
varies significantly across cases. Critically,
however, the distribution is not sharply polarized.
There is no evidence of two clean clusters that
would permit a simple separation between safe

and dangerous projects. This matters because it
implies that managerial classification probably
occurs within overlapping risk ranges, where
judgment, thresholds, and supporting metrics
become decisive. The figure therefore argues
against simplistic binary models of risk. A project
with a risk index around the center of the
distribution could still be either approved,
delayed, or rejected depending on its return,
timing, and scenario assumptions. For the paper,
the interpretation is that risk exposure is
sufficiently varied to justify a multidimensional
framework, yet not so segmented that one
variable alone can explain managerial behaviour.
That makes this figure a useful visual justification
for the broader decision-analysis model.

30

25 4

Frequency
= =]
n =
1 |

—
=
L

=10 0

20 30

Expected ROI (%)

Figure 2: Distribution of Expected ROI

Figure 2 displays the distribution of expected
ROI and highlights a central tension in uncertain
business environments: return expectations are
widely dispersed and include both negative and
highly positive values. The observed range
extends from about -9.99 percent to 34.97
percent, with a mean of 12.58 percent. This
means the decision set contains projects that are
clearly unattractive on financial grounds as well
as cases that look strongly profitable. Such
dispersion is significant because it creates the

conditions for difficult trade-offs. When expected
returns vary sharply, decision makers may be
tempted to privilege upside potential and
underweight uncertainty. The histogram helps
show why that temptation exists. There is a
meaningful concentration of observations in
moderate positive territory, but there is also a
visible tail of weak or negative expected returns.
In critical terms, this figure suggests that the
sample is not merely composed of good projects
facing uncertainty; it also contains fundamentally
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questionable opportunities. That distinction
matters. Risk management is not only about
controlling within attractive
opportunities, but also about identifying cases
whose financial logic is already fragile before
uncertainty is added. The figure therefore
supports the view that expected ROI should be
treated as necessary but insufficient information.
A high projected return does not guarantee
acceptability, while a low or negative return
should trigger stronger scrutiny of strategic

exposure

rationale. For the paper, the larger implication is
methodological. Decision analysis should avoid
using ROI as an isolated screening device because
its distribution is too wide and too internally
mixed. It must be interpreted jointly with risk
level, scenario probability, and downside loss.
Accordingly, Figure 2 provides a strong visual
basis for arguing that return expectations need to
be risk-adjusted before they are translated into
investment decisions.
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Figure 3: Scatter Plot of Industry Risk and Expected ROI

Figure 3 maps industry risk against expected ROI
and includes a linear trend line. The slope is
slightly negative, consistent with the weak
correlation of -0.06. This means that, in this
dataset, higherrisk cases do not systematically
offer proportionately higher expected returns.
That is an important empirical point because one
of the standard assumptions in strategic finance
is that greater risk should be compensated by
greater expected reward. The scatterplot shows
that such compensation is not clearly present
here. Instead, observations are widely dispersed,
with both high and low ROI values appearing
across much of the risk range. From a critical
perspective, this weak structure undermines any
managerial argument that high-risk projects are
automatically justified by higher expected

profitability. The absence of a robust upward
relationship implies that some projects may carry
elevated exposure without delivering
commensurate return. This is exactly the kind of
pattern that a disciplined risk-governance process
should identify and filter out. The figure also
points to heterogeneity in evaluation conditions.
Projects with similar risk scores may present very
different return forecasts, which suggests that
other variables such as market timing, industry
specifics, or scenario assumptions are intervening.
Consequently, decision analysis in this context
should not rely on a simple risk-return frontier. It
requires either segmented modelling or a
composite score that can account for nonlinearity
and conditional effects. For the paper, Figure 3 is
useful because it offers a visual critique of
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oversimplified investment logic. The data do not
support the claim that taking more risk reliably
buys more return. Instead, they support a more
cautious conclusion: under uncertainty, risk and

expected reward may be only weakly aligned, and
managerial decisions must therefore be based on
more than the rhetoric of high-risk, high-return.

120

Number of Cases

Inwest

Hald Reject
Fimal Decision

Figure 4: Final Decision Distribution

Figure 4 visualizes the frequency of Invest, Hold,
and Reject decisions and makes the conservative
bias of the decision system immediately visible.
Reject is the dominant category with 116 cases,
followed by Hold with 71, while Invest is the
smallest group with only 63 decisions. The value
of the figure is not only descriptive but
interpretive. A visual imbalance of this size
implies that the organization represented in the
dataset is operating with restrictive approval
criteria. That may reflect prudent risk control,
especially where expected returns are volatile and
failure losses are significant. However, the figure
also prompts a critical question about missed
opportunity cost. If nearly half of all projects are
rejected and another substantial share is delayed,
the organization may be protecting itself from
downside risk at the expense of strategic agility.
In uncertain environments, excessive caution can
become a hidden liability because profitable
opportunities may be abandoned before

uncertainty resolves. The prominence of the
Hold category is equally important. It indicates
that managerial indecision or staged evaluation is
institutionally meaningful rather than incidental.
This supports the argument that uncertainty
often creates temporal responses, not just accept-
or-reject responses. For academic analysis, that
matters because it justifies a multinomial
treatment of decision outcomes rather than a
standard binary approval model. The figure
therefore does more than show counts. It reveals
the behavioural structure of the decision regime:
rejection is the default, investment is selective,
and postponement acts as a strategic buffer. For
the paper, Figure 4 can be used to argue that risk
management is shaping organizational behaviour
in a strongly defensive direction, one that may be
rational under uncertainty but still requires
critical evaluation for its longrun strategic
consequences.
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Figure 5: Project Outcomes within Each Decision Category

Figure 5 presents the outcome composition
within each decision category and is central to
evaluating the quality of managerial judgment.
The figure shows that failure cases dominate
every category, but the proportions differ. Hold
decisions contain 22 successes and 49 failures,
Invest contains 17 successes and 46 failures, and
Reject contains 23 successes against 93 failures.
The visual pattern confirms that Reject captures
the weakest portfolio overall, which lends some
support to the screening mechanism. Yet the
more critical result is that Hold appears stronger
than Invest in success terms. This is not the
ordering that a well-calibrated approval model
would normally produce. It suggests that
immediate investment decisions are not
consistently identifying the most realizable
opportunities. One plausible interpretation is
that the model privileges expected ROI and low
measured risk, but does not sufficiently account

for adaptive potential, execution timing, or
informational updating. Projects placed on hold
may benefit from delay because uncertainty
resolves, market signals improve, or hidden
weaknesses are avoided. The figure therefore
challenges  the  assumption  that faster
commitment is necessarily superior. It also
indicates that realized performance should be
used as a feedback mechanism for redesigning
decision criteria. In a professional risk-
management context, this would justify post-audit
learning, threshold recalibration, and perhaps the
introduction of dynamic scoring that changes as
information accumulates. For the paper, Figure 5
provides strong evidence that decision quality
should be judged not by ex ante confidence alone
but by ex post outcome performance. The chart is
therefore especially useful for a critical discussion
of model validity and governance effectiveness.
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Figure 6: Success Rate across Risk Quartiles

Figure 6 plots success rate across risk quartiles
and delivers the clearest visual statement in the
report about the operational cost of rising
exposure. The success rate declines from 34.92
percent in the lowestrisk quartile to 11.11
percent in the highestrisk quartile, with
intermediate quartiles also remaining materially
below the low-risk benchmark. The shape of the
line is not perfectly smooth, but the overall
downward pattern is unmistakable. This matters
because it connects the abstract concept of risk
directly to realized business performance. In
many managerial settings, high-risk projects are
defended on the grounds that they may offer
strategic upside. However, this figure shows that
once observations move into the upper risk tier,
the probability of success deteriorates sharply.
That finding becomes even more important when
read alongside Table 6, where expected ROI for
the highestrisk quartile remains comparatively
attractive. In other words, nominal upside does
not rescue realized performance. Critically, this
indicates that risk-adjusted decision rules are
essential. A governance system that approves
projects because their expected return looks
strong, without discounting for quartile-level risk
exposure, would be systematically vulnerable to
disappointment. The figure also supports the use

of threshold-based decision design. Rather than
treating risk as a continuously manageable
variable, managers may need explicit escalation
rules once a project enters the highest-risk band.
Those rules could include enhanced mitigation
requirements, higher hurdle rates, delayed
approval, or mandatory scenario stress testing.
For the paper, Figure 6 is perhaps the strongest
visual basis for the main thesis: in uncertain
business environments, rising risk is not merely a
descriptive  condition but a  materially
performance-reducing force that must be
explicitly built into the architecture of strategic
decision making.

Conclusion

This study examined the role of risk management
and decision analysis in guiding organizational
investment decisions within uncertain business
environments. Modern firms operate in contexts
characterized by market volatility, fluctuating
economic conditions, and increasing competitive
pressures, which make strategic decision-making
more complex. Under such circumstances,
managers must evaluate multiple risk indicators
before committing financial resources to
investment opportunities. The findings of this
research demonstrate that structured risk
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assessment and systematic decision analysis
significantly improve the ability of organizations
to navigate uncertainty and make informed
strategic choices. The analysis highlights that key
variables such as industry risk levels, market
volatility, expected return on investment, and
probability of favorable outcomes play a critical
role in shaping managerial decisions. Projects
with higher expected returns and favorable
probability assessments were more likely to
receive investment approval, while projects
associated with elevated risk exposure and high
potential financial losses were more frequently
rejected or delayed. These patterns suggest that
firms tend to adopt rational evaluation
frameworks when assessing uncertain
opportunities, balancing potential rewards
against possible negative outcomes. Furthermore,
the presence of risk mitigation strategies appears
to reduce the impact of uncertainty and increase
the likelihood of project success. Another
important finding of the study is the relationship
between decision delays and uncertainty. Projects
characterized by higher levels of risk often require
longer evaluation periods, indicating that
managers may seek additional information or
conduct further analysis before finalizing
investment decisions. This behavior reflects the
cautious nature of corporate decision-making in
uncertain environments. While delays may
increase the time required to implement projects,
they also allow organizations to reduce potential
errors in judgment and improve decision
accuracy. The results also emphasize the
importance of integrating financial risk indicators
with probability-based evaluation methods. When
firms combine quantitative financial analysis with
structured risk assessment techniques, they are
better able to anticipate potential outcomes and
allocate resources efficiently. Such integrated
decision frameworks enable organizations to
maintain stability while pursuing profitable
growth opportunities in volatile markets. Overall,
this study contributes to the understanding of
how firms manage uncertainty through systematic
risk evaluation and strategic decision analysis.
The findings suggest that organizations that
adopt  comprehensive  risk = management

frameworks are more capable of making balanced
investment decisions and improving project
performance outcomes. Future research may
extend this work by incorporating larger datasets,
advanced econometric modeling techniques, or
industry-specific risk variables to further explore
the dynamics of risk management in complex
business environments.

References

Aven, T. (2015). Risk analysis. John Wiley &
Sons.

Aven, T., & Renn, O. (2010). Risk management
and governance: Concepts, guidelines and
applications. Springer.

Baker, H. K., & Nofsinger, J. R. (2010).

Behavioral finance: Investors,
corporations, and markets. John Wiley &
Sons.

Basel Committee on Banking Supervision.
(2019). Principles for effective risk data
aggregation and risk reporting. Bank for
International Settlements.

Bernstein, P. L. (1996). Against the gods: The
remarkable story of risk. John Wiley &
Sons.

Bessis, J. (2015). Risk management in banking
(4th ed.). Wiley.

Brealey, R. A., Myers, S. C., & Allen, F. (2020).
Principles of corporate finance (13th ed.).
McGraw-Hill.

Chapman, C., & Ward, S. (2003). Project risk
management: Processes, techniques and
insights (2nd ed.). Wiley.

Damodaran, A. (2012). Investment valuation:
Tools and techniques for determining the
value of any asset (3rd ed.). Wiley.

Doherty, N. A. (2011). Integrated risk
management: Techniques and strategies
for reducing risk. McGraw-Hill.

Fama, E. F. (1970). Efficient capital markets: A
review of theory and empirical work.
Journal of Finance, 25(2), 383-417.

Gigerenzer, G. (2002). Calculated risks: How to
know when numbers deceive you. Simon
& Schuster.

Hillson, D. (2009). Managing risk in projects.
Gower Publishing.

https://jmhorizons.com

| Banbhan et al., 2026 |

Page 474



Journal of Media Horizons
ISSN: 27104060 2710-4052

Volume 7, Issue 2, 2026

Khan, R., Khan, A., Muhammad, 1., & Khan, F.
(2025). A Comparative Evaluation of
Peterson and Horvitzz-Thompson
Estimators for Population Size Estimation
in Sparse Recapture Scenarios. Journal of
Asian Development Studies, 14(2), 1518-
1527.

Hopkin, P. (2018). Fundamentals of risk
management (5th ed.). Kogan Page.

Hull, J. C. (2018). Risk management and
financial institutions (5th ed.). Wiley.
Kahneman, D. (2011). Thinking, fast and slow.

Farrar, Straus and Giroux.

Kahneman, D., & Tversky, A. (1979). Prospect
theory: An analysis of decision under risk.
Econometrica, 47(2), 263-291.

Khan, R., Shah, A. M., fjaz, A.,, & Sumeer, A.
(2025). Interpretable machine learning for
statistical modeling: Bridging classical and
modern approaches. International Journal of
Social Sciences Bulletin, 3(8), 43-50.

Kaplan, S., & Garrick, B. ]. (1981). On the
quantitative definition of risk. Risk
Analysis, 1(1), 11-27.

Hanif, M. A., Wadood, A., Ahmad, R. W., Shah,
S. A, & Khan, R. (2025). RealTime
Anomaly Detection in IoT Sensor Data
Using Statistical and Machine Learning
Methods. ACADEMIA International Journal
for Social Sciences, 4(3), 5203-5227.

Knight, F. H. (1921). Risk, uncertainty and
profit. Houghton Mifflin.

Markowitz, H. (1952). Portfolio selection. Journal
of Finance, 7(1), 77-91.

McNeil, A. J., Frey, R., & Embrechts, P. (2015).
Quantitative risk management: Concepts,
techniques and tools. Princeton University
Press.

KHAN, R., SHAH, A. M., & KHAN, H. U.
(2025). Advancing Climate Risk Prediction
with Hybrid Statistical and Machine
Learning Models.

Miller, K. D. (1992). A framework for integrated
risk management in international business.
Journal of International Business Studies,

23(2), 311-331.

Nocco, B. W., & Stulz, R. M. (2006). Enterprise
risk management: Theory and practice.
Journal of Applied Corporate Finance,
18(4), 8-20.

Sumeer, A., Ullah, F., Khan, S., Khan, R., &
Khan, W. (2025). Comparative analysis of

parametric and non-parametric tests for

analyzing academic performance
differences. Policy Research Journal, 3(8), 55-
62.

Olson, D. L., & Wu, D. (2017). Enterprise risk
management models. Springer.

Pindyck, R. S., & Rubinfeld, D. L. (2018).
Microeconomics (9th ed.). Pearson.

Power, M. (2007). Organized uncertainty:
Designing a world of risk management.
Oxford University Press.

Renn, O. (2008). Risk governance: Coping with
uncertainty in a complex world. Earthscan.

Saaty, T. L. (2008). Decision making with the
analytic hierarchy process. International
Journal of Services Sciences, 1(1), 83-98.

Shapira, Z. (1995). Risk taking: A managerial
perspective. Russell Sage Foundation.

Slovic, P. (2000). The perception of risk.
Earthscan Publications.

Taleb, N. N. (2007). The black swan: The impact
of the highly improbable. Random House.

Taleb, N. N. (2012). Antifragile: Things that gain
from disorder. Random House.

Tversky, A., & Kahneman, D. (1974). Judgment
under uncertainty: Heuristics and biases.
Science, 185(4157), 1124-1131.

Ullah, A. (2025). EFFECT OF SAMPLE SIZE
ON THE ACCURACY OF MACHINE

LEARNING CLASSIFICATION
MODELS. Spectrum of Engineering Sciences,
826-834.

Verbano, C., & Venturini, K. (2013). Managing
risks in SMEs: A literature review. Journal
of Risk Research, 16(2), 186-208.

Ward, S., & Chapman, C. (2003). Transforming
project risk management into project
uncertainty management. International

Journal of Project Management, 21(2), 97-
105.

https://jmhorizons.com

| Banbhan et al., 2026 |

Page 475



Journal of Media Horizons
ISSN: 27104060 2710-4052

Volume 7, Issue 2, 2026

Yates, J. F. (2003). Decision management: How
to assure better decisions in your company.
Jossey-Bass.

Zio, E. (2016). The future of risk assessment.
Reliability Engineering & System Safety,
151, 106-116.

Lam, J. (2014). Enterprise risk management:
From incentives to controls (2nd ed.).
Wiley.

Fraser, ]., & Simkins, B. (2016). Enterprise risk
management: Today's leading research and
best practices. Wiley.

Hubbard, D. W. (2009). The failure of risk
management: Why it's broken and how to

fix it. Wiley.

https://jmhorizons.com | Banbhan et al., 2026 |

Page 476



