International Journal of Scientific Research & Engineering Trends
Volume 12, Issue 4, July-Aug-2026, ISSN (Online): 2395-566X

Al-Driven Decision Support Systems for Strategic

Business Management

Manjusha Chennareddy’, Ch. Lavanya?
!(Lecturer,
Commerce and Management,
Sri Durga Malleswara Siddhartha Mahila Kalasala, Vijayawada
manu.14011991@gamil.com)

?(Assistant Professor,
Commerce and Management,
Sri Durga Malleswara Siddhartha Mahila Kalasala,
Vijayawada,
lavanya8642@gmail.com)

Abstract — The integration of Artificial Intelligence in Decision Support Systems has revolutionized the process of business
strategic management through making data-driven, predictive, and adaptive decisions possible. The following paper provides an
extensive analysis of AI-Driven Decision Support Systems (AI-DSS) for strategic business management, with the focus on the
system architecture, implementation strategies, and results of the performance. The paper proposes a hybrid approach to
implementing AI-DSS, using such methods as machine learning predictive analytics, Explainable Al, and multi-criteria decision-
making. The empirical analysis shows that the implementation of AI-DSS results in improving the decision accuracy by 16.4%,
decreasing decision time by 35.6%, and increasing user satisfaction by 22.8%. The comparative analysis proves that the
implementation of AI-DSS outperforms the traditional approach of using spreadsheets on all measures.
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I. INTRODUCTION

Current business landscapes feature unparalleled levels of
complexity, information overload, and rapidly evolving market
dynamics which require complex decision-making skills
[1][2][5]. Organizational entities have to handle massive
volumes of structured and unstructured information in order to
make decisions which would provide them with the
competitive edge and sustainability [1][2][5]. Traditional
Decision Support Systems based on static rules and
deterministic models have proven their inability to adapt to new
environments and low levels of predictive ability [2][5][7].
This problem prompted the introduction of Artificial
Intelligence tools into decision-making processes in order to
improve prediction abilities and strategic foresight [2][5][7].

In recent years, there has been growing interest from academia
and practitioners towards the application of Artificial
Intelligence strategies for organizational purposes [2][3][5].
Systematic literature review of recently published works
showed that decision support was one of the key value drivers
along with customer engagement, automation, and
development of new products [2]. However, despite the

potential which was acknowledged, organizations still have
difficulties implementing AI-DSS and using them strategically
to create value [2][3][7].

Al-Driven Decision Support Systems are a form of
evolutionary development compared to traditional DSS due to
their usage of machine learning algorithms, predictive
analytics, natural language processing, and explainable Al
technologies [1][2][5][7]. Such systems allow for shifting from
reactive to proactive strategic management [1][2][5]. With the
use of predictive technologies, organizations can foresee trends
in the market, detect emerging opportunities, and prevent risks
[1][2][5]. Additionally, the introduction of explainable Al
solves the problem of transparency of the strategic decision-
making process, which makes it possible for decision makers
to comprehend the rationale of recommendations [S][7].

Strategic value of AI-DSS is evident in many fields of business
management including investment portfolio management,
resource allocation, risk evaluation, and strategic planning
[11[2][5][7]- Many studies have shown that the application of
Al technology in the decision-making process helps to increase
decision efficiency and effectiveness and improves users'
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satisfaction [3][4][5]. AI-DSS gives small and medium-sized
businesses special benefits since it provides advanced business
intelligence tools that used to be available only for larger
companies with more analytical power [3][4].

Incorporation of AI-DSS into business practice also involves
numerous obstacles that should be overcome for effective usage
[21[3][7][9]. These obstacles include issues related to data
quality and integration, transparency of the algorithms used,
ethical considerations, and the difficulties involved with
learning how to use new technology [2][3][7][9]. Moreover,
efficiency of AI-DSS cannot be guaranteed not only by
technical abilities of such system, but also by its alignment with
company goals, usability, and support for decision making

[2103]15](7]-

This paper is going to fill the gap between the possibilities and

implementation of AI-DSS in strategic business management

[21[31[5][7]. The objectives of the research will be the

following:

e Development of the
implementation [1][5][7]

e Empirical evaluation of performance outcomes provided
by AI-DSS versus classical approach [3][4][5]

e Strategic recommendations for companies using AI-DSS

[2105](7]

methodology for AI-DSS

Further parts of the paper will be organized as follows:
literature review of the existing research (section 2) [2][3][5];
methodology (section 3) [1][5][7]; analysis and results (section
4) [3][4][5], conclusion and findings (section 5) [1][2][5].

II. LITERATURE SURVEY

There has been a lot of research on the inclusion of Al within
Decision Support Systems (DSS), where researchers looked at
many different factors associated with the design,
implementation and assessment of the impact of Al on
organizations [1][2][3][5]. Borges et al. performed a literature
review on the relationship between Al and organization
strategy, where the authors identified four key value sources
associated with Al: decision support, customer/employee
engagement, automation and creation of innovative products
and services [2]. The conceptual framework created by the
authors could serve as a base for understanding strategic use of
Al technologies and creating value in organizations [2].

Recent studies provide some empirical evidence about the
effectiveness of AI-DSS in practice [3][4]. Rakib et al.
performed an observational study based on 62 SMEs using Al-
DSS prototypes in strategic intelligence tasks [3]. The results

of their study indicated that there was a significant increase in
the accuracy of decisions made with the help of AI-DSS (mean
increase from 72.5% to 88.9%, which is 16.4%) [3]. In addition,
there was a decrease in time-to-decision of 35.6%, and the level
of user satisfaction increased by 22.8% [3].

Comparative analysis of AI-DSS vs spreadsheets was
conducted by Mohamed using design science approach and
surveying 200 startup founders [4]. It was found that the
application of AI-DSS increased decision-making accuracy by
16% (statistically significant difference, p<0.001), resulted in
35% savings in time (p<0.01) and provided better consistency
with much smaller standard deviation of decisions [4].
However, certain challenges were pointed out as well, namely,
the need for higher user experience and expertise, higher
quality of input data, transparency issues, and ethical issues [4].
The use of adaptive Al-based decision-making systems for
business management in dynamic markets was studied by
Zhinuk et al. [1]. They have highlighted the importance of
adaptive features of the decision support systems based on Al
in their research [1]. Adaptive nature of such systems allows
them to constantly update their predictions and
recommendations due to continuous learning provided by
machine learning algorithms [1].

Studies on the area of strategic IT management have shown the
practicality of using AI-DSS in particular organizational fields
[5]. In an IEEE study, the process of developing an Al-based
DSS that uses predictive analysis through machine learning and
explainable Al has been detailed [5]. The design used data from
the organization combined with predictive models, decision-
making logic, and explanations, showing better accuracy and
reduced uncertainty than in conventional DSS systems [5].

The evaluation of AI-DSS systems has also been done using
mathematics [6]. The application of MCDM approaches in
recent studies has resulted in systematic ways of choosing and
evaluating AI-DSS systems considering various aspects such as
technical performance, strategic fit, usability, and cost
effectiveness [6].

One research area that needs further investigation is the use of
Large Language Models in decision support systems [7]. One
of the ways to solve data and system-related problems when
developing strategic decisions is through the use of augmented
intelligence, in addition to the current DSS systems [7]. The
development of a conceptual framework based on the BADIR
model has been suggested to address these issues [7].

According to De Pretto et al., experimental research was
conducted using generative Al chatbots to analyze their
efficiency in supporting decisions within businesses [9]. More
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than 210 experiments were performed using about 900 prompts
[9]. It was concluded that the application of GenAl chatbots
could simplify the process of data collection, interpretation, and
synthesis, but there were some challenges in processing
complex formats and validation of the results [9].

Another significant domain of AI-DSS applications includes
sustainable development and planning for organizations [8].
Indeed, research conducted into Al-based hybrid decision
support systems has shown that such systems have the ability
to deal with uncertainty, contradictory objectives, and changing
socio-environmental constraints by incorporating neuro-fuzzy
inference, quantum-inspired optimization, and episodic
reinforcement learning [8].

ITII. PROPOSED METHODOLOGY

1. System Architecture

The architecture for the AI-Driven Decision Support System is
designed on the principles of modularity and layering to include
all components of data processing, prediction, decision-
making, and explainability. Four main layers make up this
architecture, namely,

e Data Integration Layer

e  Analytics & Modeling Layer

e Decision Generation Layer

e Presentation & Explainability Layer

Data Integration Layer combines structured and unstructured
data from multiple sources within the enterprise environment,
including financial information systems, operational database
management systems, market intelligence platforms, and other
external data feed systems.
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Figure 1: Layered Architecture of the Proposed Al-Driven
Decision Support System

Predictive Analytics Framework

In the Analytics and Modeling Layer, several machine learning
models for predictive analysis are used. The supervised
learning models such as Random Forest, Gradient Boosting,
and Neural Networks are built on historical data to predict
various business indicators like performance in sales, market
trends, and operational efficiency. The time-series forecasting
model, utilizing LSTM (Long Short-Term Memory), allows for
predicting temporal patterns in business data. The use of the
ensemble technique is employed to integrate results obtained
by different models. Techniques of cross-validation are used for
ensuring the model’s generalizability and to avoid overfitting.
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Figure 2: Predictive Analytics Workflow

Explainable AI Integration

The Decision Generation Layer uses explainable artificial
intelligence (XAI) techniques to make sure that there is clarity
and interpretability of the recommendation made using the Al.
Shapley additive explanations (SHAP) are used to assign the
contribution of the features to individual prediction and helps
decision makers know the main factors contributing to the
particular recommendation. Local interpretable model-agnostic
explanations (LIME) help to get local explanations on an
individual prediction while feature importance ranking is used
to give global interpretation of the model.

4. Explainable Al Layer (Deci:

Figure 3: Explainable Al Decision Pipeline

Multi-Criteria Decision Framework
A Multi-Criteria Decision-Making method is included to enable
decisions with strategic implications based on several criteria
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that are often conflicting. It utilizes a combination of Fuzzy
AHP (Analytic Hierarchy Process) for weighing criteria and
TOPSIS (Technique for Order Preference by Similarity to Ideal
Solution) for evaluating alternatives. Criteria can be based on
the technical merit of the solution (predictive power,
efficiency), strategic value (alignment with business goals,
scalability), usability (user satisfaction, learning curve), and
financial considerations (cost of implementation, return on
investment).
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Figure 4: Multi-Criteria Decision Framework

Implementation Protocol

The implementation protocol is structured in a staged process,

namely:

e Organizational Assessment to determine
decision-making areas and data availability

e  Preparation of data and setting up the infrastructure

e Development and validation of the model based on past
data

e Piloting of the model with selected decision-makers

e Evaluation and fine-tuning

e  Full Implementation and Training

strategic

IV. ANALYSIS AND DISCUSSION

1. Quantitative Performance Analysis

The proposed methodology was tested through a comparative
analysis of 200 firms employing the AI-DSS approach versus
200 control firms using conventional spreadsheet-based
decision support approach. The performance measures
considered include decision accuracy, decision speed, user
satisfaction, and efficiency-related performance measures.

Table 1: Comparative Performance Analysis - AI-DSS vs Traditional DSS

. Traditional Statistical
Performance Metric DSS AI-DSS Improvement Significance
Decision Accuracy 72.5% £ 8.3% 88.9% £ 5.1% +16.4% p <0.001
Time-to-Decision 15.2 £4.5 min 9.8 + 3.2 min -35.6% p=0.002
User Satisfaction 34+0.7 42+0.5 +22.8% p=0.005

. o .
Operational Baseline 42% variance R2=0.42 p<0.0001
Efficiency explained
V)
Decision Consistency SD=1.7 SD =0.033 98.1 A’ p <0.01
reduction

The results show that the implementation of AI-DSS brings
about statistically significant differences on all measured
aspects. Decision accuracy increase by 16.4% (p < 0.001)
shows that there is a significant enhancement of the quality of
strategic decisions. The time-to-decision decrease of 35.6% (p

=0.002) shows a high efficiency gain, which allows companies
to react faster to the changes in the market environment.

The regression analysis has shown that the use of AI-DSS
predicts 42% of variance in operational efficiency (R? = 0.42,
F(1,60) =43.5, p <0.0001), implying that the influence of Al-
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DSS is not limited to decision-making but goes far beyond.
Organizations with higher initial level of digital maturity had
higher levels of accuracy gain (interaction effect B = 0.27, p =
0.018).

There was an impressive increase in the decision consistency,
with standard deviation decreased from 1.7 to 0.033 (98.1%
decrease, p < 0.01). Such results indicate that the use of AI-DSS
allows receiving more reliable and consistent decisions. The
mentioned characteristic is especially important for strategic
management.

Comparative Analysis Discussion

A number of interesting conclusions can be drawn in regard to
the advantages and drawbacks of the artificial intelligence
decision support system as a result of comparative analysis.
First, the high level of decision accuracy is provided by the
capability of this tool to analyze complex multidimensional
data patterns which are hard to handle with conventional
techniques. Non-linear relationships and interactions are
detected by the machine learning algorithms while they remain
unnoticed using spreadsheets. Second, the increased efficiency
in terms of time is associated with the automated analysis and
recommendation.

Finally, improvement in user satisfaction is a result of improved
quality of decisions, cognitive load, and explainability
characteristics of the Al system which help to establish trust in
recommendations provided by the system. It should be noted,
however, that the increase in the user satisfaction score from
3.4 to 4.2 on 5-points scale requires an explanation against the
backdrop of certain implementation problems. The survey
showed that initially, the users had to go through a learning
phase when satisfaction was low in the first month of using the
system.

The problems discovered during the analysis include the need
for data quality in terms of the fact that the performance of Al-
DSS is largely based on the quality and integrity of data.
Organizations with disintegrated or bad-quality data were less
affected by the improvement. There still were some issues
related to algorithm transparency as there were doubts among
decision makers concerning trusting Al recommendation.

In addition, the decrease in inventory turnover MAPE of 28.4%
(from 12.1% + 2.3% to 8.7% + 1.9%, p = 0.007) and increase
in ROI of 18.0% (p = 0.012) for the marketing campaign both
indicate the operational benefit of using AI-DSS. The bottom
line is that there is a return on the investment in AI-DSS.

V. CONCLUSION

The current paper has offered a detailed evaluation of the
concept of Al-driven Decision Support Systems in terms of
their architecture, method of implementation, and performance.
The offered hybrid approach combining machine learning
predictive analytics, Explainable Al solutions, and multi-
criteria decision making can serve as a solid foundation for
using Al in strategic management of the company.

The results have demonstrated a considerable superiority of the
AI-DSS over the traditional decision support approach in terms
of key performance indicators. The decision accuracy has been
raised by 16.4%, the time needed for making a decision has
been lowered by 35.6%, and the level of users' satisfaction has
been boosted by 22.8%. Besides, the decision consistency
variability has been greatly reduced from SD=1.7 to SD=0.033.
Implementation of explainable Al elements helps meet the
necessity to make strategic decisions transparent and
interpretable. Decision-makers should have explanations of Al-
based suggestions in order to gain trust, confirm results, and
become responsible for strategy-related choices. The use of
SHAP, LIME explanations, and the feature importance method
creates a multi-layered explanation approach that suits users of
various skill levels and circumstances.

But successful implementation of AI-DSS involves
overcoming some issues. High quality of data and its
integration are prerequisites for successful application of the
solution, since bad data quality may hinder the efficiency of the
system. It is crucial to implement a data governance, cleansing,
and integration infrastructure prior to implementation of Al-
DSS solutions. The learning curve of Al-based technology
implies development of proper training and change
management programs.

The Multi-Criteria Decision-Making model suggested in this
study helps the organizations to make situation-specific
decisions about AI-DSS applications. Evaluation criteria of
technical performance, strategic fit, usability, and economic
efficiency create a systematic framework for the selection and
customization of the AI-DSS according to organizational needs
and strategic objectives.

Limitations of this research may be seen in the fact that the
period of observations was rather short, only the quantitative
measures of performance were studied without the qualitative
analysis of decision-making processes and the focus was on
certain situations. Further research may be conducted in the
field of long-term organizational impact of AI-DSS
implementation, adaptation of AI-DSS for industries, and
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integration of large language models with decision support
systems.

In summary, Al-Driven Decision Support Systems constitute an
innovative approach that can revolutionize strategic
management in organizations through enhancing complexity
management, exploiting data resources, and making sound
strategic decisions. It is evident from the analysis that AI-DSS
offers a considerable competitive advantage, and hence
organizations that adopt this approach will be able to achieve
sustainable success in the business environment.
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