International Journal For Technological Research In Engineering
Volume 9 Issue 3 November-2021 ISSN (Online): 2347 - 4718

A COMPREHENSIVE REVIEW OF MACHINE LEARNING TECHNIQUES FOR
INTELLIGENT DECISION-MAKING

Mayurkumar Rajeshbhai Thakkar
Lecturer, Computer Engineering
K. D. Polytechnic, Patan
mayurthakkar.er@gmail.com

Abstract

Machine learning (ML) has become an important component of intelligent decision-making because it can extract
patterns from large and heterogeneous datasets, estimate uncertain outcomes, and support decisions that involve multiple
objectives. This review supervised learning, unsupervised learning, deep learning, ensemble methods, reinforcement
learning, and explainable artificial intelligence. It examines how these techniques contribute to prediction, classification,
clustering, ranking, sequential control, and decision support across healthcare, finance, manufacturing, transportation,
public services, and business operations. The review emphasizes that predictive accuracy alone does not constitute
decision quality: useful systems must connect model outputs to explicit objectives, constraints, stakeholder preferences,
and accountable human oversight. The literature also identifies persistent barriers, including biased or incomplete data,
limited interpretability, distribution shift, privacy risks, weak external validation, and difficulties integrating models into
organizational workflows. Hybrid architectures that combine predictive ML with optimization, multi-criteria reasoning,
and human review offer a practical direction for high-impact applications. The paper concludes with a lifecycle-oriented
framework and research priorities for trustworthy, robust, and context-aware intelligent decision systems.

Keywords: Machine learning; intelligent decision-making; decision support systems; deep learning; reinforcement
learning; explainable Al; fairness; optimization.

1. INTRODUCTION

Decision-making is the process of selecting an action from available alternatives in light of goals, evidence, constraints, and
uncertainty. In many modern settings, the volume, velocity, and variety of available data exceed what a human decision-
maker can consistently inspect. ML methods help by learning statistical relationships from historical or streaming data and
producing estimates that can inform choices. Examples include predicting equipment failure, estimating credit risk,
identifying disease patterns, forecasting demand, detecting fraud, and selecting actions in dynamic environments.

The term intelligent decision-making should not be reduced to automated prediction. A classifier may estimate whether a
customer is likely to default, but the institution must still decide what action is appropriate, lawful, and fair. Similarly, a
medical model may estimate risk, while clinicians integrate patient history, preferences, and the consequences of alternative
treatments. This distinction between prediction and decision is central to responsible system design.

Prediction is not the same as a decision

Predictive model Decision model Human decision-maker
Estimates outcomes _— = Combines objectives, B E——— Reviews evidence,
(e.g.. risk, demand) onstraints and preference context and trade-offs

A reliable system makes objectives explicit and preserves accountable human oversight.

Figure 1. Conceptual distinction between a predictive model, a decision model, and the human decision-maker.
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It provides a thematic synthesis rather than claiming an exhaustive database-level systematic review. The objectives are to (i)
classify major ML techniques used in decision support, (ii) compare their strengths and limitations, (iii) summarize
application patterns, and (iv) identify methodological and governance requirements for reliable deployment.

2. REVIEW APPROACH AND SCOPE

The review was organized around five themes: learning paradigm, decision task, application domain, human interpretability,
and deployment risk. The selected literature includes work on interpretable ML, post-hoc explanation, fairness in data-driven
decision support, and inverse reinforcement learning, alongside foundational texts on deep learning and reinforcement
learning. The synthesis focuses on conceptual contributions and recurring findings; it does not calculate pooled effect sizes or
compare model performance across incompatible datasets.

The scope includes ML systems that provide information or recommendations to a person, organization, or autonomous
agent. Conventional rule-based expert systems and purely mathematical optimization methods are discussed only where they
complement learning-based approaches. The review treats deployment and governance as part of the decision system rather
than as afterthoughts.

3. MAJOR MACHINE LEARNING TECHNIQUES

3.1 Supervised learning

Supervised learning uses labelled examples to estimate a mapping from input features to a target outcome. Classification
predicts discrete categories, such as fraud/non-fraud or high/low risk, while regression predicts continuous values such as
demand, cost, or remaining useful life. Common algorithms include logistic and linear regression, support vector machines,
decision trees, random forests, gradient-boosted trees, and neural networks. These methods are useful when historical
decisions or outcomes provide sufficiently reliable labels.

Decision trees and rule-based models are often easier to communicate, whereas ensembles and deep networks can capture
complex nonlinear relationships. Random forests and boosting frequently perform strongly on structured tabular data, but
they may be less transparent than a small decision tree. Supervised models can also reproduce historical inequities when
labels encode past institutional practices or when important groups are under-represented.

3.2 Unsupervised and semi-supervised learning

Unsupervised learning identifies structure without requiring an explicit target label. Clustering methods such as k-means and
hierarchical clustering can segment customers, patients, assets, or operational states. Dimensionality-reduction methods,
including principal component analysis and autoencoders, can summarize high-dimensional data for exploration or
downstream modelling. Anomaly detection can flag unusual transactions, sensor readings, or network activity.

These methods support exploratory decisions but do not automatically establish the meaning or business relevance of
discovered groups. Human domain knowledge is needed to interpret clusters and decide whether an anomaly warrants
intervention. Semi-supervised learning can exploit a small labelled set together with a larger unlabelled set, which is useful
when expert annotation is expensive; however, errors in pseudo-labels can propagate.

3.3 Deep learning

Deep learning uses multi-layer neural networks to learn hierarchical representations. Convolutional neural networks are
widely used for images and spatial signals; recurrent networks and gated architectures have been applied to sequential data;
and attention-based architectures support modelling of long-range relationships in text and other sequences. Deep models can
reduce the need for manual feature design and are valuable where raw inputs are complex, such as medical images, speech,
documents, and sensor streams.

Their limitations include substantial data and computational requirements, sensitivity to training conditions, and difficulty
explaining individual predictions. High predictive performance on a benchmark does not guarantee reliable performance after
deployment in a different hospital, region, market, or operating environment. Deep learning is therefore most useful in
decision support when combined with external validation, uncertainty assessment, and clear escalation procedures.
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3.4 Ensemble learning

Ensemble methods combine multiple models to improve predictive stability or accuracy. Bagging trains models on resampled
data and aggregates their outputs; random forests are a prominent example. Boosting builds a sequence of learners that
focuses on previous errors, as in gradient boosting. Stacking combines predictions from different model families through a
meta-learner. Ensembles are especially effective for tabular business and operational data, but their increased complexity can
make explanations more difficult. Model selection should consider calibration, error costs, latency, and maintainability in
addition to headline accuracy.

3.5 Reinforcement learning and sequential decisions

Reinforcement learning (RL) addresses sequential decision problems in which an agent observes a state, chooses an action,
receives feedback or reward, and updates its policy. The objective is commonly to maximize cumulative reward over time.
RL is relevant to robotics, resource allocation, adaptive control, inventory management, traffic signal control, and treatment
planning. Unlike supervised learning, RL must balance exploration of unfamiliar actions with exploitation of known high-
value actions.

Inverse reinforcement learning (IRL) reverses part of this process: it attempts to infer an underlying reward function from
observed expert behaviour. Arora and Doshi (2021) survey IRL methods and highlight challenges around inference accuracy,
generalization, prior assumptions, and computational complexity. In high-stakes environments, online exploration can be
unsafe; offline evaluation, simulation, conservative policies, and human approval are important safeguards.

4. FROM MODEL OUTPUT TO INTELLIGENT DECISION

A practical decision system usually contains more than a trained predictor. It must define the decision to be made, identify
feasible actions, specify objectives and constraints, estimate relevant outcomes, and present evidence to the responsible user.
The system may use an ML model to estimate demand or risk and then use an optimization or multi-criteria method to select
among alternatives. This separation makes assumptions visible and allows decision-makers to change priorities without
retraining the prediction model.

Multi-criteria decision-making (MCDM) is relevant when alternatives must be assessed against several, sometimes
conflicting, criteria such as cost, safety, quality, timeliness, and environmental impact. A hybrid ML-MCDM design can use
ML to estimate uncertain criterion values and MCDM to make trade-offs explicit. Weighting methods and ranking
procedures should be documented because different weights or normalization choices can change the selected alternative.
Stakeholders should be able to challenge criteria and inspect sensitivity to assumptions.

A useful architecture includes data ingestion, quality checks, feature construction, model training, validation, decision logic,
user interaction, and feedback. Governance controls—privacy, fairness, security, monitoring, and audit logs—apply across
the lifecycle.

5. APPLICATION DOMAINS

5.1 Healthcare

ML can support image interpretation, triage, readmission prediction, risk stratification, and resource planning. Decision
support is most effective when model outputs are integrated with clinical workflows and interpreted by qualified
professionals. Retrospective accuracy alone is insufficient: prospective evaluation, external validation, calibration, subgroup
performance, and measurement of effects on care processes and patient outcomes are needed. A model should not silently
replace clinical judgment where the consequences of error are substantial.

5.2 Finance and insurance

Applications include credit scoring, fraud detection, anti-money-laundering alerts, claims assessment, portfolio risk
estimation, and customer service. ML can process large volumes of transactions and identify complex patterns. However,
data proxies can reproduce socioeconomic disparities, and opaque decisions can undermine contestability. Fairness testing,
reason codes, data minimization, model governance, and human review of adverse decisions are important.
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5.3 Manufacturing and supply chains

Predictive maintenance models estimate equipment failure or remaining useful life from sensor data. Demand forecasting and
inventory models support procurement, production scheduling, and distribution. These systems can reduce downtime and
improve resource allocation, but their usefulness depends on reliable sensors, data integration, maintenance of historical
context, and monitoring for changes in equipment or operating conditions.

5.4 Transportation, energy, and public services

ML supports traffic prediction, route planning, energy demand forecasting, grid operation, and allocation of public resources.
RL is attractive for adaptive control, while supervised models provide forecasts used by planners. Public-sector decisions
require particular attention to transparency, proportionality, privacy, and the ability of affected people to appeal or correct

inaccurate data.

6. COMPARATIVE SYNTHESIS

Technique

Typical decision role

Strengths

Key limitations

Supervised learning

Classification and
forecasting

Uses labelled outcomes;
measurable performance

Label bias; needs
representative labels

Unsupervised learning

Segmentation and anomaly
discovery

Finds structure without
labels

Clusters/anomalies need
interpretation

Deep learning

Perception and complex
pattern extraction

Learns rich representations
from raw data

Data/computation intensive;
opaque

Ensembles

Robust prediction and
ranking inputs

Often strong on structured
data

Complexity; calibration and
maintenance

Reinforcement learning

Sequential action selection

Optimizes cumulative
outcomes

Unsafe exploration; reward
misspecification

Explainable ML

Human understanding and
contestability

Supports inspection and
communication

Explanations may be
unstable or misleading

7. CHALLENGES AND RESPONSIBLE DEPLOYMENT

7.1 Data quality, representativeness, and drift

Missing values, inconsistent definitions, measurement errors, selection bias, and outdated labels can degrade model
performance. Training data may not represent the population or conditions encountered after deployment. Distribution shift
can arise from changes in user behaviour, policy, equipment, or economic conditions. Systems therefore need data validation,
drift monitoring, periodic recalibration, and clear criteria for suspending a model.

7.2 Fairness and accountability

Balayn, Lofi, and Houben (2021) survey approaches to identifying and mitigating bias and unfairness in data management
and analytics for decision support. Fairness is not a single metric: definitions can conflict, and appropriate choices depend on
the decision context, legal obligations, and stakeholder values. Teams should assess performance across relevant groups,
document trade-offs, establish appeal routes, and assign responsibility for outcomes. Automation does not remove
institutional accountability.

7.3 Transparency, privacy, and security

Explanations can improve scrutiny but do not by themselves make a system fair or correct. Sensitive data should be collected
and retained only when necessary, protected during processing, and governed through access controls. Models may leak
information or be vulnerable to adversarial inputs and data poisoning. Security testing, privacy impact assessment, access
logging, and incident response should be included in deployment planning.
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7.4 Human factors and organizational integration

Decision-makers may over-trust confident-looking outputs or ignore useful recommendations after experiencing errors.
Interfaces should communicate uncertainty, data limitations, and the scope in which the model was validated. Human
override should be meaningful rather than merely formal, and overrides should be recorded and reviewed. Training and
workflow redesign are often as important as algorithm selection.

Lifecycle of a decision-support model

1. Define 2. Acquire & 3. Train & 4, Evaluate 5. Deploy,
problem prepare data validate impact monitor, audit

= -
~— -

Feedback from TUsers.gnd outcomes should trigger review, recalibretfon or retirement.

Figure 3. Lifecycle view: monitoring and feedback connect deployment to renewed evaluation.

8. Recommended framework for practice
The literature supports a lifecycle-oriented approach for developing ML-enabled decision systems:

1. Define the decision, intended users, affected groups, feasible actions, and consequences of error before choosing an
algorithm.

2. Translate organizational goals into measurable objectives and constraints; distinguish predictive targets from the actions

to be selected.

Audit data provenance, quality, representativeness, permissions, and potential sources of historical bias.

4. Establish simple baselines and compare candidate models using task-appropriate metrics, calibration, uncertainty, and
subgroup analysis.

5. Choose the least complex model that meets the operational need; use interpretable models where feasible and evaluate
post-hoc explanations when needed.

6. Validate externally and, where appropriate, prospectively or in a controlled pilot; evaluate decision outcomes rather than
accuracy alone.

7. Deploy with human oversight, clear escalation rules, documentation, access controls, audit trails, and a rollback plan.

8. Monitor performance, fairness, drift, user interaction, and real-world impact; periodically recalibrate, retrain, or retire the
system.

w

9. RESEARCH GAPS AND FUTURE DIRECTIONS

Several directions remain important. First, evaluation should move beyond static test-set metrics toward prospective and
decision-level outcomes, including the costs of false positives and false negatives. Second, robust learning under distribution
shift and limited labels is essential for settings where conditions change or expert annotation is expensive. Third,
explainability research needs stronger user-centred evaluation: an explanation should help a particular user make a better-
calibrated decision, not merely produce an attractive feature-importance plot. Fourth, fairness research should connect
technical metrics to institutional processes, affected communities, and avenues for redress.

Fifth, hybrid systems that combine ML prediction with optimization, MCDM, causal reasoning, and human expertise deserve
further study. Sixth, privacy-preserving learning, secure model deployment, and federated approaches may help where data
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are sensitive or distributed. Finally, organizations need repeatable governance practices covering documentation, versioning,
monitoring, incident response, and accountability throughout the system lifecycle.

10. CONCLUSION

ML research substantially expanded the methods available for intelligent decision-making. Supervised and ensemble learning
support prediction and risk estimation; unsupervised learning reveals structure; deep learning handles complex unstructured
data; reinforcement learning addresses sequential action selection; and explainability methods help people inspect model
behaviour. Yet no algorithm independently guarantees a good decision. Decision quality depends on the framing of the
problem, the quality and legitimacy of data, the translation of predictions into actions, the management of uncertainty and
trade-offs, and the accountability of the people and institutions deploying the system.

The most defensible direction is therefore human-centred and lifecycle-based: use ML where it adds measurable value, make
objectives and constraints explicit, validate in the intended setting, monitor for change and unequal impacts, and preserve
meaningful human oversight. Intelligent decision-making should be judged not only by whether a model predicts accurately,
but by whether the complete socio-technical system produces reliable, fair, transparent, and useful outcomes.
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