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Abstract 

Effective project management relies on smart resource allocation strategies that navigate the complexities, in project 

dynamics. However, it is important to consider factors when choosing projects for a portfolio and allocating resources 

to that portfolio. In this paper, we present a data-driven framework for strategic resource allocation in project 

management. By using the Fuzzy TOPSIS method this framework combines evaluations into a model improving 

decision-making accuracy. Our study identifies ten factors that contribute to project complexity and transforms 

opinions into fuzzy numbers to evaluate project performance. When we applied this framework to five projects, we 

gained insights into how they align with established criteria resulting in nuanced rankings based on calculated 

closeness coefficients. This research lays the foundation for resource allocation strategies by advocating for the 

integration of dynamic data sources and advanced analytical techniques. The goal is to enhance adaptability and 

facilitate implementation, within project management paradigms. 

Keywords: Data-driven approach; Decision-making; Operation Research; Fuzzy TOPSIS. 

1. Introduction 

In today’s changing business environment effective project management plays a role in the success of organizations. 

A key factor, for achieving this success lies in the allocation of resources as the decisions made in this regard have the 

power to shape project outcomes. This paper focuses on strategic resource allocation, which involves distributing 

resources like manpower, finances, and time across aspects of a project [1]. However traditional methods often rely 

on intuition or past experiences which can lead to inefficiencies and fail to account for the complexities of projects. 

Resource allocation within project management poses challenges that affect industries and organizations of all sizes. 

One major challenge is dealing with the uncertainty that comes with project dynamics [2]. Fluctuating market 

conditions evolving client demands and unexpected obstacles require an approach, to resource allocation that can 

quickly respond to changing circumstances. Furthermore, finding a balance becomes difficult when competing project 

priorities clash with each other. Addressing these challenges requires a paradigm shift from traditional, static resource 

allocation methods toward a more responsive, data-informed strategy [3]. 

The emergence of big data analytics and sophisticated technologies has ushered in a new era for project management. 

Harnessing the wealth of data available, organizations can now gain profound insights into project intricacies, foresee 

potential bottlenecks, and make informed decisions [4]. A data-driven framework arms project managers with the tools 

to navigate complexities, optimize resource utilization, and mitigate risks effectively. By leveraging historical project 

data, real-time metrics, and predictive analytics, this approach fosters a proactive stance, enabling managers to allocate 

resources judiciously, aligning them with strategic objectives and maximizing project efficiency [5-8]. 

The rise of technologies and the extensive use of data analytics have brought about a new era, in project management. 

By harnessing the amount of data organizations can now gain valuable insights into project intricacies anticipate 

potential obstacles and make well-informed decisions. A data-driven framework equips project managers with the 
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tools to navigate complexities, optimize resource allocation, and effectively manage risks [9-11]. This approach 

leverages project data to take an approach enabling managers to allocate resources wisely by aligning them with 

strategic goals and maximizing project efficiency. 

 

In light of these developments, this paper aims to present a data-driven framework for strategic resource allocation in 

project management. It seeks to explore how data analytics, machine learning algorithms, and decision support 

systems can be integrated into the resource allocation process. The objective is to highlight the benefits of this 

approach in improving project outcomes enhancing resource utilization and fostering adaptability, in circumstances. 

2. Related Works 

This section delves into a nuanced exploration of prior studies, frameworks, and practices related to strategic resource 

allocation. Mandinach et al. [9] presented a theoretical framework for data-driven decision-making, elucidating the 

foundational principles underpinning the integration of data into decision-making processes. They offered insights 

into leveraging data effectively, particularly within educational contexts, emphasizing the significance of informed 

decision-making through data analysis. The study [10] contributed a practical framework directed at building data-

driven cultures within educational institutions. Focusing on data quality, capacity, and cultural aspects, the work 

outlined strategies to utilize data effectively to enhance student outcomes, emphasizing the importance of 

organizational culture in supporting data-driven actions. The authors of [11] proposed a comprehensive framework 

for Big Data-driven product lifecycle management, emphasizing the significance of leveraging large datasets to 

optimize product development and lifecycle processes, thereby enhancing efficiency and sustainability. 

Selaru [12] addressed resource allocation specifically within project management, offering insights into the challenges 

and strategies associated with optimizing resource distribution. This work contributed to the understanding of resource 

allocation dynamics in project contexts. Ponsteen and Kusters [13] classified human and automated resource allocation 

approaches in multi-project management, providing a systematic overview of different strategies employed in 

allocating resources across multiple projects. The work [14] discussed fundamental uncertainties in projects and their 

implications for project management, shedding light on the challenges posed by uncertainties and the scope of project 

management in addressing such uncertainties. In [15] the authors explored the moderating effects of information 

access on project management behavior, performance, and perceptions, highlighting the impact of information 

availability on project-related outcomes. 

The authors of [16] proposed energy-aware resource allocation heuristics for efficient data center management in 

cloud computing, emphasizing the importance of energy efficiency in resource allocation strategies within cloud 

environments.  The authors of [17] investigated the nexus between resource allocation and strategy, offering insights 

into how resource allocation aligned with strategic objectives and contributed to organizational success. The authors 

of [18] presented a resource allocation model employing goal programming for strategic quality management, offering 

a systematic approach to allocate resources effectively in the pursuit of quality objectives. 

3. Methods 

This section delineates the methodological approach employed to construct and validate the proposed data-driven 

framework. 

To evaluate and discern the projects in alignment with the identified critical factors, this study opted for the Fuzzy 

Technique for Order of Preference by Similarity to Ideal Solution (Fuzzy TOPSIS) methodology. This decision 

stemmed from the inherent complexities marked by uncertainty and impreciseness characterizing the understanding 

and evaluation of these influential factors within project dynamics. The utilization of Fuzzy TOPSIS, known for its 

adeptness in handling vagueness and ambiguity, provided a fitting analytical approach. It enabled the accommodation 

of qualitative and quantitative attributes, allowing a nuanced assessment of project scenarios where conventional 

methods may falter due to their inability to encapsulate such uncertainties effectively. 

The following describes how to implement the fuzzy TOPSIS technique: 

Step 1: Formulate a Fuzzy Decision Matrix: Establish a matrix where the rows represent alternatives, and the columns 

denote criteria. Populate this matrix with fuzzy numbers to reflect the uncertainty and imprecision in evaluating 

alternatives against criteria. 
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𝑦𝑖𝑗 = √∏ 𝑥𝑖𝑗𝑙
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𝐿
  (2) 

⊗ 𝐷 = (
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)  Where, (𝑦𝑖𝑗= 𝑎𝑖𝑗, 𝑏𝑖𝑗, 𝑐𝑖𝑗)   (3) 

 

Step 2: Determine the Factor Weight Vector: Assign relative importance or weights to each criterion based on its 

significance in the decision-making process. This vector represents the importance of each criterion concerning the 

overall objective. 

⊗ 𝑊 = (
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𝑙=1 ), 𝑖 = 1,2, … , 𝑛     (5) 

Step 3: Normalize the Fuzzy Decision Matrix: Scale and standardize the values within the fuzzy decision matrix to 

ensure fair comparison across criteria, thereby eliminating any bias due to varying measurement scales. 
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Step 4: Construct Weighted Normalized Fuzzy Decision Matrix: Multiply the normalized fuzzy decision matrix by 

the weight vector to obtain a matrix that reflects both the relative importance of criteria and the performance of 

alternatives concerning those criteria. 

𝐾 = [𝐾𝑖𝑗]
𝑛𝑥𝑚

  (8) 

𝑘̃𝑖𝑗 = 𝑦
∨

𝑖𝑗 ⊗ 𝑤̃𝑖 , 𝑖 = 1,2, … , 𝑛 and 𝑗 = 1,2, … , 𝑚      (9) 

Step 5: Identify Fuzzy Positive and Negative Ideal Solutions Description: Determine the most desirable (positive 

ideal solution) and least desirable (negative ideal solution) performance for each criterion, considering the best and 

worst fuzzy numbers across all criteria. 

𝐴𝑖
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Step 6: Calculate Euclidean Distance for Alternatives: Measure the distance of each alternative project from both the 

positive and negative ideal solutions in the fuzzy decision space using the Euclidean distance formula. 
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https://doi.org/10.54216/AJBOR.000204


American Journal of Business and Operations Research (AJBOR)                              Vol. 00, No. 02, PP. 97-103, 2019 

 

100 
DOI: https://doi.org/10.54216/AJBOR.000204  

𝑑𝑗
− = ∑ √

1

3
{(𝑎

∨

𝑖𝑗 − 𝐴𝑖
−) + (𝑏

∨

𝑖𝑗 − 𝐴𝑖
−) + (𝑐

∨

𝑖𝑗 − 𝐴𝑖
−)}

𝑛

𝑖=1

(𝑎
∨

𝑖𝑗 , 𝑏
∨

𝑖𝑗 , 𝑐
∨

𝑖𝑗) ∈ 𝑘̃𝑖𝑗  and 𝑗 = 1,2, … , 𝑚  (13) 

Step 7: Compute Closeness Coefficient for Alternative: Calculate the closeness coefficient for each alternative by 

evaluating its proximity to the positive ideal solution relative to the negative ideal solution. This coefficient signifies 

the degree of relative proximity to the ideal solution. 

𝑐𝑐𝑖 =
𝑑𝑗

−

𝑑𝑗
∗+𝑑𝑗

− , 𝑗 = 1,2, … , 𝑚          (14) 

Step 8: Rank Alternatives based on Closeness Coefficients: Arrange the alternatives in descending order according to 

their calculated closeness coefficients. Higher closeness coefficients indicate greater proximity to the ideal solution, 

allowing for the ranking of alternatives. 

4. Results and Discussion 

Within this section lies the culmination of empirical endeavors—a synthesis of data, analyses, and consequential 

insights derived from the application of the developed data-driven framework for strategic resource allocation. 

As per the application of the Fuzzy TOPSIS approach, the evaluations provided by two group decision-makers 

concerning project complexity factors have been transformed from qualitative expressions into fuzzy numerical 

representations. These transformations adhered to a specific numerical coding system detailed in Table 1, enabling the 

conversion of subjective opinions into fuzzy numbers for subsequent analysis and interpretation. 

 

Table 1: Conversion of Linguistic Evaluations to Fuzzy Numbers for Project Complexity Aspects 

Linguistic Term Fuzzy Number Representation 

Low (0, 0.2, 0.4) 

Moderate (0.3, 0.5, 0.7) 

High (0.6, 0.8, 1) 

 

In Table 2, an array of ten project complexity factors is outlined, encompassing multifaceted dimensions crucial for 

assessing project intricacies. These factors encompass diverse elements ranging from technical requirements and 

resource constraints to stakeholder involvement and change management. Each factor represents a distinctive facet 

influencing project complexity, offering a comprehensive framework to evaluate and navigate the challenges inherent 

in project management. This serves as a foundational reference to delineate and understand the intricate web of factors 

contributing to project complexity, providing a structured overview essential for subsequent analysis and decision-

making processes in project management methodologies. 

Table 2: Description of Project Complexity Factors 

Factor Description 

Technical 

Requirements 

The level of technological sophistication or complexity needed for successful completion of 

the project. 

Resource 

Constraints 

The scarcity or limitations in manpower, budget, equipment, or other resources crucial for 

project execution. 

Stakeholder 

Involvement 

The extent and diversity of stakeholders and their active participation, influence, or impact 

on the project. 

Time Sensitivity 
The urgency or strictness of project deadlines, considering time constraints and the 

criticality of time management. 

Scope Clarity 
The clarity and stability of project objectives, requirements, and deliverables throughout the 

project lifecycle. 
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Risk Exposure 
The probability and potential impact of unforeseen events, risks, or uncertainties on project 

success. 

Interdependencie

s 

The degree of interconnections or dependencies among project tasks, activities, or 

components affecting project flow. 

Environmental 

Complexity 

The complexity arises from external factors such as regulatory, ecological, or socio-

political influences. 

Organizational 

Complexity 

The complexity arising from the organizational structure, culture, or dynamics affecting 

project management. 

Change 

Management 

The ability to adapt and manage changes, considering the frequency and impact of 

alterations in project requirements. 

 

Moreover, Table 3 showcases the application of fuzzy weightings and ratings across ten complexity factors for five 

distinct projects. Each project's complexity factors are represented by numerical fuzzy weightings, indicating the 

relative importance of these factors to the project's success. Additionally, the fuzzy ratings for each factor within a 

project demonstrate the perceived level of complexity associated with that factor in the context of the project. These 

numerical assessments serve as a foundation for the Fuzzy Technique for Order of Preference by Similarity to Ideal 

Solution (Fuzzy TOPSIS) analysis, enabling a comprehensive evaluation of project complexities based on multiple 

criteria, thereby facilitating informed decision-making in project management. 

Table 3: Fuzzy Weightings and Ratings of Project Complexity Factors 

Project / Factor Project 

1 

Project 

2 

Project 

3 

Project 

4 

Project 

5 

Technical Requirements 0.6129 0.8710 0.3828 0.6673 0.8601 

Resource Constraints 0.3582 0.5227 0.8760 0.8304 0.3401 

Stakeholder Involvement 0.8615 0.6387 0.8680 0.3563 0.5043 

Time Sensitivity 0.5509 0.9389 0.2402 0.6350 0.9715 

Scope Clarity 0.7201 0.5604 0.9628 0.3778 0.6615 

Risk Exposure 0.2396 0.5302 0.9504 0.6528 0.8072 

Interdependencies 0.8307 0.6024 0.3302 0.8528 0.5176 

Environmental 

Complexity 

0.4100 0.8230 0.5220 0.2720 0.8270 

Organizational 

Complexity 

0.9755 0.6700 0.3491 0.8364 0.5751 

Change Management 0.5500 0.9538 0.3386 0.8326 0.6398 

 

The ranking of five projects (Projects 1 through Project 5) is shown in Table 4 based on the proximity coefficients that 

each project received from the Fuzzy TOPSIS analysis. The closeness coefficients indicate how near each project is 

to the optimal solution, enabling a thorough ranking based on how well each project performs in relation to the 

determined project complexity factors. This ranking table is an invaluable resource that offers a transparent hierarchy 

to facilitate the identification of the projects' relative fitness and alignment with the intended criteria and goals of the 

project management framework. 

 

Table 4: Ranking of Projects based on Closeness Coefficients 

Closeness Coefficients Project Rank 

0.82 Project 3 1 

0.71 Project 5 2 

0.68 Project 4 3 

0.61 Project 1 4 
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0.57 Project 2 5 

 

 

5. Conclusion and Future Work 

This work explores the application of the data-driven framework that employs the Fuzzy TOPSIS method has yielded 

valuable insights into strategic resource allocation within project management. The analysis and ranking of projects 

based on their closeness coefficients. This underscores the efficacy of employing a systematic approach, integrating 

qualitative assessments into a quantitative framework to navigate project complexities. The identified factors, the 

transformation of subjective opinions into fuzzy numbers, and the subsequent ranking of projects provide a foundation 

for more informed resource allocation strategies. However, this study acknowledges its limitations in considering only 

a select set of factors and recommends further research to expand the framework's scope, encompassing a broader 

array of variables and real-time data inputs to enhance the model's accuracy and applicability in diverse project 

management scenarios. 

Future work in this domain should focus on refining the framework by incorporating dynamic data sources and 

leveraging advanced analytical techniques to adapt resource allocation strategies in real time. Exploring the integration 

of machine learning algorithms for predictive analysis and considering the evolving nature of project dynamics can 

enhance the framework's adaptability and responsiveness. Additionally, empirical validation through case studies 

across diverse industries and project types will fortify the framework's robustness and validate its effectiveness in 

various contexts. Furthermore, collaborating with industry practitioners to gather real-world insights and feedback 

will foster the framework's practical applicability and pave the way for its seamless integration into project 

management practices, eventually contributing to more efficient resource allocation and improved project outcomes. 
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