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Abstract  Öz 

Advances in Machine Learning have led to groundbreaking 
developments across various fields. A key driver of this progress is the 
growing capabilities of machine learning libraries. However, these 
libraries still face certain limitations, which can hinder their application 
in some areas. In particular, developers often need to integrate their 
solutions across different libraries, languages, and platforms, which can 
reduce the effectiveness of machine learning applications. This study 
examines the direct and indirect impacts of various factors on the 
success of machine learning libraries, leveraging expert evaluations. 
Focusing on critical factors that shape library development based on 
user experiences is crucial. This approach ensures strategic 
advancement and optimizes energy and resource use. Given that many 
of these factors involve human perception-related uncertainties, the 
methodology incorporates a fuzzy linguistic approach with z-numbers 
to address the inherent vagueness. The findings reveal that considering 
the interrelationships among factors significantly alters their 
importance, as it accounts for both direct and indirect influences. 
Moreover, these interrelationships highlight which factors should be 
strategically prioritized, as improvements in one factor can drive 
improvements in others. The results obtained can support guiding the 
community developing artificial intelligence libraries toward the right 
objectives and formulating effective strategies to ensure the 
sustainability of artificial intelligence transformation. 

 Makine öğrenmesindeki ilerlemeler, çeşitli alanlarda çığır açan 
gelişmelere yol açmıştır. Bu ilerlemenin temel itici güçlerinden biri, 
makine öğrenmesi kütüphanelerinin artan yetenekleridir. Ancak, bu 
kütüphaneler hâlâ bazı sınırlamalara sahiptir ve bu durum, bazı 
alanlardaki uygulamalarını engelleyebilmektedir. Özellikle 
geliştiriciler, çözümlerini farklı kütüphaneler, diller ve platformlar 
arasında entegre etmek zorunda kaldıklarında, makine öğrenmesi 
uygulamalarının etkinliği azalabilmektedir. Bu çalışma, uzman 
değerlendirmelerine dayanarak, çeşitli faktörlerin makine öğrenmesi 
kütüphanelerinin başarısı üzerindeki doğrudan ve dolaylı etkilerini 
incelemektedir. Zira kullanıcı deneyimlerine dayalı olarak kütüphane 
geliştirimini şekillendiren kritik faktörlere odaklanmak, stratejik 
ilerleme sağlamak ve enerji ile kaynak kullanımını optimize etmek 
açısından büyük önem taşımaktadır. Bu faktörlerin çoğu insan algısına 
bağlı belirsizlikler içerdiğinden, yöntem olarak z-sayılarla birlikte 
bulanık dilsel bir yaklaşım benimsenmiştir. Bulgular, faktörler 
arasındaki karşılıklı ilişkilerin dikkate alınmasının, onların önem 
derecelerini önemli ölçüde değiştirdiğini ortaya koymuştur; zira bu 
yaklaşım hem doğrudan hem de dolaylı etkileri hesaba katmaktadır. 
Ayrıca bu ilişkiler, hangi faktörlerin stratejik olarak önceliklendirilmesi 
gerektiğini de vurgulamaktadır; çünkü bir faktördeki iyileşme, 
diğerlerinde de gelişmeleri tetikleyebilir. Elde edilen sonuçlar, yapay 
zekâ kütüphanelerini geliştiren topluluğun doğru hedeflere 
yönelmesine ve yapay zekâ dönüşümünün sürdürülebilirliğini sağlamak 
için etkili stratejiler formüle etmesine katkı sağlayabilir. 

Keywords: Artificial intelligence, Fuzzy logic, Linguistic term set, 
Machine learning libraries, Z-number. 

 Anahtar kelimeler: Yapay zekâ, Bulanık mantık, Dilsel terim kümesi, 
Makine öğrenmesi kütüphaneleri, Z-sayısı. 

1 Introduction 

Data processing & analysis has always been an essential task for 
computers. Initially, processing small amounts of data was 
straightforward. However, traditional methods proved 
unreliable when faced with large datasets. The growing volume 
of data has increased the interest in machine learning (ML) 
methods to a point where traditional methods are insufficient 
[1]. ML has achieved great success in several fields such as 
disease diagnosis, image processing, speech processing, natural 
language processing, computer vision, strategy games [2], [3]. 
ML has greatly improved our daily lives [4]. Therefore, 
academic, and industrial societies have shown rapid and 
widespread adoption of ML [2], [5].  The deepening of research 
in ML and the development of various algorithms has led to the 
creation of many different ML frameworks and libraries [1], [2] 
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[4], [5], [6]. These libraries usually contain data processing 
tools and can be used to test ML steps such as automatic unit 
testing tools, data pre-processing, and model building [7]. They 
also provide the essential infrastructure for building, training, 
optimizing, and deploying ML models [4]. The common goal of 
these libraries is to facilitate data analysis processes and 
provide integrated environments on top of standard 
programming languages [8]. Open-source ML libraries can 
define neural networks, develop custom algorithms, train with 
big data, and deploy them on various hardware platforms [9]. 
Many of these libraries are mature and can quickly train 
networks with billions of parameters thanks to their robust 
CUDA infrastructure [5]. Most of the ML libraries have been 
developed by global software companies such as Microsoft, 
Google, etc. These companies have human intelligence, large 
amount of data, high-performance infrastructures, and capital 
[8]. Among such libraries, there are various ML libraries such 
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as Caffe, Caffe2, DeepLearning4J, Microsoft CNTK, MXNet, 
PyTorch, TensorFlow, Theano, Torch, and Scikit Learn each 
with different features and characteristics and using different 
techniques to optimize its code [2], [5], [8], [10], [11]. 

Different libraries try to optimize various aspects of the 
training or deployment of the ML algorithm [5], [8], [10]. Some 
focus on the fast processing of big data, while others specialize 
in ML algorithms and deep learning [8]. Even when the same 
algorithm is applied to different libraries, performance can be 
significantly different [2], [10].  It is also important to note that 
no single library is suitable for all problems, a combination of 
these libraries must be used often for the success [8]. Various 
companies continuously develop these libraries, improving 
their performance by adding new features. In this context, users 
who want to use these libraries fully must always use the most 
up-to-date versions [3]. Researchers and practitioners face a 
difficult decision due to the large number of available options. 
Furthermore, the research community has made limited 
contributions to scientifically comparing these applications 
[10]. Therefore, choosing the proper library can be a 
challenging task [2]. Considering that each library is designed 
for different purposes and expectations, it is evident that each 
performs differently. In this context, identifying and ranking 
success factors using a scientific method is essential for 
selecting appropriate libraries. This process provides users 
with valuable guidance for their decisions.  

For the sustainable development of artificial intelligence (AI) 
research, ML libraries must evolve to meet the changing needs 
of users. Moreover, it is crucial to adopt strategies that ensure 
the efficient utilization of energy and resources, particularly 
human resources, while simultaneously fostering the 
development of users' skills and capabilities. Developing such 
strategies necessitates a comprehensive analysis of the factors 
influencing the success of ML libraries. To the best of the 
authors' knowledge, existing literature lacks a comprehensive 
study that provides a detailed comparison of ML libraries or 
examines the critical factors that should guide users in their 
library selection. This gap highlights the need for research 
aimed at assisting users in identifying and selecting the most 
appropriate ML library for their specific needs. 

In this study, it is aimed to investigate the factors affecting ML 
library success so that ML library users can make an efficient 
and effective library choice. The direct and indirect effects of 
several factors on the success of ML libraries are compared 
based on expert opinions. The methodology used integrates 
Decision Making Trial and Evaluation Laboratory (DEMATEL) 
and Fuzzy Cognitive Map (FCM) techniques using linguistic 
terms. The study focuses not only on the direct effects of factors 
on ML library success, but also on the indirect effects 
introduced by dependencies between libraries. Additionally, 
the methodology used in the study considers the hesitation of 
experts and the uncertainty of human understanding since 
many of the factors evaluated in the study are subject to human 
perception uncertainties. By combining a fuzzy linguistic 
approach with z-numbers, the methodology adopted accounts 
for the uncertainty of the human sense in the uncertainty 
formulation. Considering the interrelationships between 
factors affects the order of importance of the factors, as it 
indicates the factors' indirect effect on the result. This mutual 
relationship demonstrates which factors should be 
strategically prioritized. 

Consequently, this study makes distinct contributions to the 
academic literature, primarily through methodological 

innovation. It introduces a novel application of the fuzzy z-
number-based DEMATEL & FCM approach to the domain of 
software library evaluation. Unlike traditional fuzzy methods, 
this approach mathematically models both the "hesitancy" of 
experts and the "reliability" of their judgments via z-numbers, 
offering a significantly more robust framework for handling 
subjective uncertainty in decision-making. 

From a theoretical perspective, this research offers critical 
insights by empirically demonstrating the divergence between 
"direct" and "indirect" success factors within ML ecosystems. It 
is among the first studies to prove that ignoring 
interrelationships, specifically indirect effects, can lead to 
suboptimal strategic priorities. This finding significantly 
advances the theoretical understanding of complex software 
dependencies. 

Furthermore, the study addresses a notable gap in the 
literature regarding strategic selection criteria for ML libraries. 
By identifying and prioritizing 19 distinct factors, it shifts the 
focus from purely technical benchmarks to a holistic view that 
incorporates essential community and sustainability aspects. 

The rest of the paper is organized as follows: popular ML 
libraries and the success factors of the libraries are summarized 
in section 2, the employed decision-making methodology is 
represented in section 3, the decision-making methodology is 
applied to determine the most influential factors for ML library 
success in section 4. The results are discussed in section 5, and 
conclusions are given in section 6. 

2 Success factors for machine learning 
libraries 

ML libraries are software collections for developing artificial 
intelligence, ML, deep learning, and data analysis applications. 
These libraries include complex mathematical operations and 
algorithms, and they are used to accelerate data science 
projects, reduce code repetition, and simplify the analysis 
process. ML libraries have become indispensable tools in 
computer science and data science. They provide significant 
convenience to researchers, data scientists, and software 
developers. Especially Python-based libraries are widely 
preferred due to their open-source nature and extensive 
community support. The choice of a ML library is crucial for the 
effectiveness and success of a project or study. When making 
this choice, various success factors should be considered. 
Different libraries differ in programming language, 
functionality, performance, and usability, among many other 
factors. 

In the field of ML, there are numerous diverse and influential 
libraries available. These libraries encompass a range of ML 
algorithms, from the fundamentals to deep learning, greatly 
facilitating data analysis and model development processes. 
Particularly, libraries based on the Python programming 
language stand out due to their large user base and community 
support. These diverse libraries offer various functionalities to 
meet different needs and expedite project development.  

2.1 Popular machine learning libraries 

This subsection introduces the most popular ML libraries: 

SciKit Learn is a Python library based on data processing. It 
provides the opportunity to easily apply many classification 
and regression algorithms as well as well-known ML 
algorithms. Most of the codes are written in Python. 
Additionally, it uses NumPy and SciPy libraries to implement 
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the algorithms. This library is suitable for processing tasks as 
well as implementing traditional machine learning algorithms. 
Unlike frameworks based on dataflow concepts, it does not 
support the creation of custom deep learning architectures. 
Furthermore, the absence of computational graphs limits the 
scalability of models on graphics accelerators and multi-core 
processors [12]. 

CNTK (Microsoft Cognitive Toolkit) was developed by 
Microsoft Research. It is a usable and open-source ML library 
for training and testing many types of neural networks (NNs) 
on a multi-GPU or server. CNTK supports different DL 
architectures such as Feed Forward Neural Network, 
Convolutional Neural Network (CNN), Recurrent Neural 
Network (RNN), and Long Short-Term Memory (LSTM) [11]. 
This library stands out because it has the advantage of being 
able to automatically find derived gradients for all calculations 
required to learn the parameters [10], [11]. 

Theano is a Python library developed at the MILA lab at the 
University of Montreal and available as open source. It was 
developed as a compiler for mathematical expressions that 
allows users and developers to optimize and evaluate their 
expressions using NumPy's syntax [10], [11]. Theano 
automatically performs the necessary calculations by 
optimizing the calculation selection. It translates them into 
other machine learning languages like C++ or CUDA. It then 
offers the possibility to efficiently compile them into Python 
modules on CPUs or GPUs [11]. 

TensorFlow is an open-source library developed by the Google 
Brain Team and uses a single dataflow graph to efficiently 
perform numerical computations. It represents these 
computations as nodes in a graph, and the communication 
between them is represented by edges. This graph allows 
independent computations to be executed in parallel on 
different hardware platforms, including CPUs, GPUs, and even 
mobile devices. TensorFlow's flexible architecture makes it 
possible to develop and deploy a wide range of neural network 
models for applications such as speech recognition, natural 
language processing, computer vision, robotics, and drug 
discovery. TensorFlow uses different APIs of many languages 
such as Python, C++, and Java to generate and execute graphs 
[11]. 

Keras is an open-source deep learning library developed in 
Python. It was developed by Google engineer Chollet in 2015 as 
part of a research project called ONEIROS (Open-ended Neuro-
Electronic Intelligent Robot Operating System). Keras acts as an 
interface rather than a standalone framework. It is capable of 
running on top of CNTK, Theano, or TensorFlow. This library is 
designed for rapid prototyping with the ability to express deep 
neural networks quickly and easily [10]. 

Caffe is a widely used open-source learning library designed 
specifically for computer vision applications. This library is 
especially preferred for high-performance deep learning 
applications in the field of image processing. One of the 
important features of Caffe is that it takes advantage of GPU-
accelerated computing power to optimize deep learning 
algorithms. Caffe performs extremely fast using CUDA and GPU. 
Caffe is considered to be a first-class option for those who want 
to develop high-performance deep learning projects in the field 
of computer vision, especially in visual classification tasks 
related to Convolutional Neural Networks (CNNs) [1].  

Torch is a scientific computing library that focuses specifically 
on GPU utilization and offers a wide range of ML algorithms. 

However, its use of Lua, which was born in Brazil in the 1990s, 
instead of Python as the development language has made it less 
widespread compared to Python, especially in the business 
world, limiting Torch's popularity. Compared to Caffe, it is 
easier to define new levels in Torch. Because there is no need to 
write C++ code. Also, Torch has an execution-based structure, 
while Tensorflow and Theano are declarative. This means that 
operations such as bar search on Torch are easier [1]. 

PyTorch is a Python library that offers two main features. It 
provides GPU-based tensor computations and can often be used 
like NumPy. It allows building dynamic neural networks. Unlike 
Lua-based Torch, Python integration allows PyTorch users to 
experience the ease of Python. Furthermore, PyTorch's 
Reverse-mode automatic differentiation technology makes it 
possible to quickly change neural network structures. This 
makes PyTorch a significant advantage over other frameworks 
[1]. 

Deeplearning4j is a multi-platform library written in Java and 
is also compatible with the Scala API. In addition, it has a mature 
structure with many examples available on the internet. 
Although it is not as widely used as other deep learning tools in 
the field of medical imaging, it has generally good performance 
and support for multiple GPUs [13]. 

MXNet is a library written in C++ and has multiple language 
connections. It supports various features, including distributed 
computing, and offers the ability to use both low-level 
operations and higher/symbolic level APIs. MXNet's 
performance is like other leading libraries. There are also many 
training resources and examples available on GitHub, such as 
the "Bmodel zoo", which contains a set of trained models 
adapted to different problems [13]. 

Lasagne is a higher-level library based on Theano, which 
allows users to think at the layer level. This library is designed 
to make it easier for users to create and train an artificial neural 
network (NN). The fact that Lasagne is based on Theano 
ensures that calculations are executed in an optimized way. 
This makes the training processes faster and more efficient. 
Therefore, Lasagne can be a useful tool for developers who 
want to accelerate their deep learning projects [14]. 

XGBoost is a library with an important role in the ML world. It 
provides high performance, flexibility and portability for data 
science and ML applications. Especially its open-source nature 
and its successful use in many ML competitions have increased 
its popularity. Its ability to work quickly and accurately within 
the Gradient Boosting framework emphasises its suitability for 
big data problems. In addition, its compatibility with 
distributed solutions and GPU support makes it effective in 
large-scale and computationally intensive applications. By 
offering interfaces for different programming languages, 
XGBoost appeals to a wide range of users and is therefore an 
important tool in the data science community [8]. 

BigDL is a library introduced by Intel in January 2017 and was 
developed specifically for Apache Spark. This framework offers 
distributed computing capabilities for deep learning projects. 
BigDL is written in the Scala programming language and offers 
its users a wide range of support, from numerical computations 
to high-level neural network generation. BigDL includes many 
important and widely used layers, especially for building deep 
learning models. In this way, users can create complex 
networks for different applications [14]. 

Recent comparative studies published in 2024 and 2025 have 
further clarified the distinct advantages of modern frameworks 
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like PyTorch 2.x, TensorFlow 2.x, and JAX. Alawi [15] provides 
a comprehensive survey highlighting the trade-offs in usability 
and deployment between the latest versions of TensorFlow and 
PyTorch. In terms of specialized performance, Bafghi and Raissi 
[16] and Bećirović et al. [17] demonstrate that while JAX offers 
superior efficiency in specific scientific computing tasks and 
large-scale image processing, PyTorch often maintains an edge 
in inference speed for smaller batch sizes. Furthermore, 
aligning with the sustainability goals of ML development, 
recent benchmarks by Tchakoute et al. [18] and Ratul et al. [19] 
investigate power-related features, revealing significant 
differences in energy consumption between JAX and 
TensorFlow on modern CPU/GPU architectures. These findings 
reinforce the necessity of selecting libraries not just based on 
raw speed, but also on energy profiles and hardware 
adaptability. 

2.2 Success factors for libraries 

ML has significantly transformed many sectors today and has 
become an important tool for those working in this field. 
However, success in this field starts with choosing the correct 
ML libraries. Library choice can significantly determine the 
impact on a study or project and shape its success. Therefore, 
several important factors must be considered when choosing 
the correct library. These factors can be critical enough to affect 
project or task success and should be carefully considered 
when making this decision. Proper evaluation of these factors 
will contribute to the successful execution of projects and 
further increase the potential of ML. 

The number of ML methods and software tools that allow ML 
algorithms to be used easily is quite huge and growing [20]. 
These technologies, which allow for the flexible and easy 
implementation of algorithms, also make data mining easier to 
utilize. Their common objective is to ease the complex data 
analysis process and provide integrated environments in 
addition to common programming languages. Some of these 
tools are designed for large-scale analysis of data and 
streaming, while others specialize in implementing ML 
techniques such as neural networks and deep learning. It is 
critical to underline that no single tool is appropriate for every 
problem or task and that success often demands a combination 
of several [8]. 

The selection of a machine learning (ML) library or tool for a 
specific problem or task involves various success factors, each 
of which may hold different levels of importance depending on 
the context. This study aims to identify and prioritize the most 
critical factors by analyzing the success criteria for ML libraries 
discussed in numerous studies within the literature. 
Additionally, this research incorporates insights gained from 
evaluating the strengths of several prominent ML libraries, 
leading to the identification and detailed examination of key 
factors. In total, 19 success factors have been identified and 
categorized to encompass related sub-factors. It is important to 
clarify that the primary objective of this study is not to identify 
or recommend the "best" ML library. Instead, it seeks to 
highlight the critical factors that influence library selection, 
providing valuable guidance for practitioners and researchers 
in this field. Below, the 19 success factors identified in the study 
are presented, along with explanations of their relevance and 
significance. 

• Support for different programming languages: 
Providing support for use in different programming 
languages such as Python, C++, MATLAB, and Java, as 

well as compatibility with model exchange formats like 
ONNX, may be important for people who program in 
certain languages or require interoperability between 
platforms [8], [12]. 

• Monitoring and visualization capabilities: 
Monitoring the training processes of the models and 
visualizing the results may be important for many users 
[21], [22]. The presence or absence of this visualization 
or the quality of the visualization are brought together 
under this factor. 

• Comprehensiveness of tutorials and guidelines: 
Documentation can make a library easier to learn, 
making it preferable. While some libraries provide 
carefully and detailed educational documents and 
guides for the community, others are quite shallow in 
this regard [23]. 

• Reputation of Funding Organizations: This criterion 
includes investments made or to be made for the 
library. For example, TensorFlow is supported by 
software giant Google [24], and likewise PyTorch is 
funded by Facebook [25]. This can provide a perception 
of trust for the community. 

• Modularity: The principle of modularity allows neural 
layers, optimizers, and activator functions to be defined 
separately and then combined into a single model [12]. 

• Performance (speed & accuracy in benchmarks): 
This factor includes comparisons of the same model 
defined with functions in the library on different 
datasets, based on performance criteria such as 
accuracy and speed [26]. In addition, the execution 
speed criterion is also included in this major criterion. 

• Popularity and community support: The popularity 
of a library within the ML community can affect the 
number of open access studies shared through the 
library and the number of solution suggestions for the 
problem sought. Popularity can be measured by the 
number of Github [27] contributors and commits, as 
well as the number of members in Google groups [5], 
[8], [12]. The number of projects implemented through 
specific ML libraries is also included in this criterion. 

• Model availability: This criterion includes the 
algorithms coverage and pretrained networks 
availability sub criteria [12]. It includes the availability 
of ready-made networks trained on well-known 
datasets (PASCAL, ImageNet, etc.) and the ready use of 
well-known ML algorithms. Deep learning support and 
the level of this support are also included in this 
criterion. 

• Stability and development frequency: It covers 
whether the development of libraries continues or not 
and how frequently developments are made [8]. In 
addition, whether the development stages of the library 
are stable and the maturity level can also be evaluated 
within this criterion. 

• Ease of use and readability: The ease of use of the 
modules in the library can make the library preferable. 
In addition, the closer the codes and functions in the 
library are to natural language, the easier they can be 
read, which makes them easier to use [12]. In addition, 
user-friendliness and minimalism criteria are also 
included in this success factor. 
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• Extensibility: In easily extensible libraries, adding new 
modules is simple, and existing modules provide 
examples that allow reducing expression [8]. In fact, 
extensibility is their ability to combine different types of 
deep learning architectures (convolutional, fully 
connected, and recurrent networks), different training 
procedures (unsupervised and supervised learning), 
and different convolutional algorithms. 

• Scalability: ML scalability refers to scaling ML 
applications that can process any amount of data and 
perform many calculations in a cost-effective and time-
saving manner to instantly serve millions of users 
residing in global locations [28]. Libraries that provide 
high computational scalability across machines and 
massive data sets may be preferable. 

• Modeling flexibility: Flexibility increases if the library 
is dynamic in the computational graph. In dynamic ones, 
we can change the graph instantly by adding or 
removing nodes when necessary [8]. A computational 
graph is defined as a directed graph in which nodes 
correspond to mathematical operations [29]. 
Computational graphs are a way to express and evaluate 
a mathematical expression. Support for vector, matrix, 
and tensor operations without using additional libraries 
is also included in this category because it provides 
flexibility in data usage. 

• Debugging and error identification capabilities: It 
shows the power to monitor and identify errors that 
occur as a result of compilation [30]. 

• Computational efficiency: It directly affects library 
efficiency. In addition to the fast running of algorithms 
and the most efficient use of memory, it also includes 
the efficient use of multi-GPUs [12]. In addition, efficient 
operation via GPU and CPU is also included in this factor. 

• Variety of platform support: Providing use via Linux, 
Windows, MacOS, Raspbian, mobile or web application 
shows the power of platform support. The ability to use 
a library cross-platform is also in this category. 

• Integration capabilities (API, Webhook etc.): API is 
short for Application Programming Interface, which is 
software that allows two applications to connect with 
each other [31]. While some libraries have API-oriented 
features, some do not. In addition, integrations that can 
be achieved with other software are also included in this 
factor. 

• Execution configuration capabilities (Parallelism, 
distributed computing etc.): The possibility and 
power of parallel computing via modern CPUs and 
GPUs, as well as suitability for distributed training 
(especially in order to shorten the time for training deep 
learning models), explain this criterion [8], [32]. It is 
easy to use parallel computations on both multi-core 
CPUs and distributed cluster systems. The degree of 
parallelism is also included here. Some libraries allow 
taking advantage of multi-core CPUs or multiple 
GPUs/TPUs, while others do not. 

• Variety of hardware support and utilization: 
Hardware utilization includes activities to include 
hardware resources in the CPU or GPU setting. Today, 
almost every group training deep networks uses 
Graphical Processing Units (GPU) to speed up the 

training process, and this has led to the joint 
development of software libraries (e.g., cuDNN) across 
academia and industries [2], [5]. Performance rankings 
between libraries may differ on CPU and GPU. Support 
for Open-CL-enabled GPUs such as NVIDIA GPUs, Google 
TPUs, and AMD is also factored into this factor. 
Likewise, compatible hardware is also included here. 

3 Methodology 

Machine learning (ML) technologies are progressing rapidly 
and innovatively. Thus, investigating expectations for ML 
libraries involves complex uncertainties. These expectations 
are often subjective, relying heavily on domain expertise and 
human perception. In the literature, multi-criteria decision-
making (MCDM) methods are frequently applied to problems 
requiring expert judgment. A review of prior studies was 
conducted to identify an appropriate method for examining the 
factors affecting ML library success under uncertainty. Criteria 
weighting (CW) approaches were found to be particularly 
relevant, as they measure the degree of influence of each 
criterion on the objective. However, assigning weights to 
criteria is often a complex and demanding task. CW techniques 
are generally classified as either direct or indirect, based on 
their source of input [33]. Indirect approaches, such as analysis 
of variance, depend on expert assessments, whereas direct 
approaches, including scaling and rank-weighting, rely heavily 
on statistical data. Modern CW methods can also be divided into 
(i) objective and (ii) subjective categories [34]. Objective 
weighting applies mathematical models to derive weights 
without expert involvement, requiring quantitative data, while 
subjective weighting combines qualitative and quantitative 
criteria by incorporating expert input, making it more flexible 
and practical [34]. For the purposes of this study, subjective CW 
approaches were deemed most suitable. 

Among the most widely used subjective CW methods in the 
literature are the weighted sum, weighted product, Analytic 
Hierarchy Process (AHP) [34], [35], [36], SWARA [37], [38], 
Weighted Aggregated Sum Product Assessment (WASPAS) 
[37], and DEMATEL [39]. Although AHP can be prone to bias 
due to parameter sensitivity, methods like SWARA, WASPAS, 
and DEMATEL often yield more reliable results. SWARA is 
particularly effective when priorities are predetermined based 
on specific conditions [37]. DEMATEL, while more complex 
than SWARA, provides higher reliability by validating 
relationships in both directions. The MCDM framework 
proposed by Karaşan et al. [40] integrates FCM and DEMATEL 
within an advanced fuzzy structure that incorporates hesitant 
fuzzy sets and z-numbers. This methodology is comprehensive 
and resilient, making it especially suitable for environments 
with high multidimensional uncertainty. It has been 
successfully applied in diverse fields, including blockchain risk 
evaluation, hydropower site selection, and hydrogen energy 
storage system assessment [39], [40], [41]. 

Fuzzy set theory (FST) is one of the most widely used 
approaches for modeling real-world uncertainty. Initially 
introduced by Zadeh [42] as an extension of classical set theory, 
it differs in that, unlike classical sets where an element is either 
fully inside or outside a set, in FST an element can 
simultaneously belong to a set to a certain degree and not 
belong to it at the same time. This uncertainty is quantified 
through the concept of membership degree (MD): a high MD 
reflects low uncertainty, while a low MD indicates higher 
uncertainty [42]. In a fuzzy set (FS), each element satisfies 𝜇 +
𝜗 = 1 for all set elements, while 𝜇 ∈ [0,1] denotes the MD and 
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ϑ represents the non-membership degree (NMD) [42]. 
Ordinary FSs are not capable of modeling all kinds of 
uncertainties because these may have different natures 
depending on the causing factors such as human hesitancy. For 
example, difference between the assessments can be faced 
when multiple experts make assessments or multiple 
assessments are taken from an expert.  The difference between 
the assessments is named as “hesitation” and it should be 
reflected to the model to obtain reliable results. Hesitant FS 
(HFS) theory was suggested by [43] to model the hesitancy.  

In HFS theory, set elements can have multiple MDs. Let ℎ be a 
function returning a subset of values in [0,1] and 𝑀 =
{𝜇1, … , 𝜇𝑁} be a set of membership functions, An HFS is defined 
as the union of the membership functions for the set elements 
as: ℎ𝑀 = ⋃ {𝜇}𝜇𝜖𝑀  [43]. However, multiple MDs is not 

practically usable in formulations thus MDs are enveloped with 
the following formulas to obtain merged MD and NMD values: 
𝜇 = min(ℎ), ϑ = 1 −max(ℎ) [43]. The difference between 1 
and the sum of MD and NMD (1 − 𝜇 − 𝜗) is the loss of 
information namely “indeterminacy” [44]. The primary 
assumption underlying HFS theory is that uncertainty arises 
due to doubts regarding the MD. If alternative explanations for 
this uncertainty emerge, it might be more appropriate to 
consider another applicable extension of FS. 

Z-numbers represent another valuable variation of FS that can 
be employed to depict situations where experts have limited 
confidence in their evaluations. Z-numbers find relevance in 
modeling systems involving probabilistic events or intricate 
environments. They hold substantial potential for application 
in addressing problems marked by significant uncertainty 
across various domains like economics and risk assessment. 
Particularly, z-numbers are well-suited for solving MCDM 
problems that necessitate projections into the future. A z-
number consists of two fuzzy numbers, one representing 
constraints on an uncertain real-valued variable (𝐴̃), and the 
other indicating the degree of confidence or reliability in these 
constraints (𝐵̃) [45]. A Z+-number, on the other hand, is a 
specific type of z-number. It is closely linked to the concept of 
z-numbers and comprises a pair consisting of a fuzzy number 
and a random number (𝑝) as 𝑍+ = (𝜇, 𝑝) [45]. The following 
statements can be presented as example z evaluations [45]: 
population of the world is “nearly 7.5 billion, quite sure”, flight 
duration between Sarajevo and Bursa is “about 2 hours, 
usually”. 

In this research, the fuzzy z-DEMATEL & FCM framework 
introduced by Karaşan et al. [40] is applied is applied to analyze 
the determinants of ML library success.. This approach enables 
the examination of dependencies, intensity, and direction of 
relations among factors. It also determines the weight of each 
factor's effect on library success, considering uncertainties 
stemming from human judgment.  This decision-making 
approach combines DEMATEL and FCM by employing hesitant 
z-fuzzy linguistic term sets (LTSs). Hesitant Fuzzy Sets (HFSs) 
are adopted to represent the indecision of experts, whereas z-
numbers capture the inherent vagueness of human perception. 
DEMATEL identifies the direct impacts of factors on ML library 
success, while FCM computes the ultimate factor weights by 
incorporating indirect influences through the analysis of factor 
interrelations. 

 

 

The algorithm of the z-DEMATEL & FCM methodology is given 
in the below pseudocode:  

 

Fuzzy Z DEMATEL and Cognitive Map Algorithm [40] 

Begin 

Assign the linguistic terms for preciseness (𝑃̃) and reliability 

(𝑅̃)  

Collect expert evaluations 𝐴̃ = [𝐴̃𝑖𝑗] by using linguistic terms 

for each factor combinations (𝑖 ∈ {1, 𝑛}, 𝑗 ∈ {1, 𝑛}) as in 

Equation (1): 

𝐴̃𝑖𝑗 = (𝑃̃𝑖𝑗 , 𝑅̃𝑖𝑗)

= ((𝑙𝑖𝑗
𝑃 , 𝑚𝑙𝑖𝑗

𝑃 , 𝑚𝑟𝑖𝑗
𝑃, 𝑟𝑖𝑗

𝑃), (𝑙𝑖𝑗
𝑅 , 𝑚𝑖𝑗

𝑅 , 𝑟𝑖𝑗
𝑅)) 

(1) 

 

For Each Factor combination  

Begin 

    Calculate fused fuzzy number (𝐹̃𝑖𝑗) by using Equation (2):  

 𝐹̃𝑖𝑗 = (𝑙𝑖𝑗
𝐹 , 𝑚𝑙𝑖𝑗

𝐹 , 𝑚𝑟𝑖𝑗
𝐹 , 𝑟𝑖𝑗

𝐹)

= 𝑅𝑖𝑗 × (𝑙𝑖𝑗
𝑃 ,𝑚𝑙𝑖𝑗

𝑃 , 𝑚𝑟𝑖𝑗
𝑃, 𝑟𝑖𝑗

𝑃), 

𝑅𝑖𝑗 = √
𝑙𝑖𝑗
𝑅 +𝑚𝑖𝑗

𝑅 + 𝑟𝑖𝑗
𝑅

3
 

(2) 

Convert 𝐹̃𝑖𝑗 to a crisp value  (𝑦𝑖𝑗
𝐶 ) by using Equation (3): 

𝑦𝑖𝑗
𝐶 =

𝑙𝑠𝑖𝑗
𝐶 × (1 − 𝑙𝑠𝑖𝑗

𝐶 ) + 𝑟𝑠𝑖𝑗
𝐶 × 𝑟𝑠𝑖𝑗

𝐶

1 − 𝑙𝑠𝑖𝑗
𝐶 + 𝑟𝑠𝑖𝑗

𝐶  (3) 

where the used expressions are calculated by using 

Equations (4-11): 

𝑙𝑖𝑚𝑖𝑛
𝐹 = 𝑚𝑖 𝑛(𝑙𝑖1

𝐹 , 𝑙𝑖2
𝐹 , … , 𝑙𝑖𝑛

𝐹 ) (4) 

𝑟𝑖𝑚𝑖𝑛
𝐹 = 𝑚𝑖 𝑛(𝑟𝑖1

𝐹 , 𝑟𝑖2
𝐹 , … , 𝑟𝑖𝑛

𝐹 ) (5) 

𝑟𝑖𝑚𝑎𝑥
𝐹 = 𝑚𝑎 𝑥(𝑟𝑖1

𝐹 , 𝑟𝑖2
𝐹 , … , 𝑟𝑖𝑛

𝐹 ) (6) 

𝑙𝑖𝑗
𝐶 =

𝑙𝑖𝑗
𝐹 − 𝑙𝑖𝑚𝑖𝑛

𝐹

𝑟𝑖𝑚𝑎𝑥
𝐹 − 𝑙𝑖𝑚𝑖𝑛

𝐹  (7) 

𝑚𝑖𝑗
𝐶 =

𝑚𝑙𝑖𝑗
𝐹 +𝑚𝑟𝑖𝑗

𝐹

2
− 𝑙𝑖𝑚𝑖𝑛

𝐹

𝑟𝑖𝑚𝑎𝑥
𝐹 − 𝑙𝑖𝑚𝑖𝑛

𝐹  (8) 

𝑟𝑖𝑗
𝐹 =

𝑟𝑖𝑗
𝐹 − 𝑟𝑖𝑚𝑖𝑛

𝐹

𝑟𝑖𝑚𝑎𝑥
𝐹 − 𝑙𝑖𝑚𝑖𝑛

𝐹  (9) 

𝑟𝑠𝑖𝑗
𝐶 =

𝑟𝑖𝑗
𝐹

1 + 𝑟𝑖𝑗
𝐹 −𝑚𝑖𝑗

𝐶  (10) 

𝑙𝑠𝑖𝑗
𝐶 =

𝑚𝑖𝑗
𝐶

1 + 𝑚𝑖𝑗
𝐶 − 𝑙𝑖𝑗

𝐶  (11) 
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Build Direct Influence Matrix by using Equation (12): 

(𝑀 = [𝑦𝑖𝑗
𝐶 ]) (12) 

 

Obtain Normalized Fuzzy Direct Influence Matrix by 
normalizing Direct Influence Matrix as shown in Equation (13): 

𝐷 = 𝑚𝑖𝑛 {
1

𝑚𝑎𝑥
𝑖
 ∑ 𝑎𝑖𝑗
𝑛
𝑗=1  

,
1

𝑚𝑎𝑥
𝑗
 ∑ 𝑎𝑖𝑗
𝑛
𝑖=1  

} × 𝑀 (13) 

 

Build Total Influence Matrix as shown in Equation (14): 

𝑇 = 𝐷 × (𝐼 − 𝐷)−1 (14) 

Calculate minimum value, maximum value, and arithmetic 
average for the elements of Total Influence Matrix. 

Multiply the average by 0.5, the minimum value by 0.2, and the 
maximum value by 0.3 to determine the threshold value. 

Compare elements of Total Influence Matrix with the threshold. 

 

If  The calculated influence is bigger than the threshold 

Then 

   Confirm an influence between the values 

End 

End 

 

For Each Confirmed influence 

Begin  

Construct Direction Matrix by assigning the direction of 

the effects. 

Aggregate membership functions by using ordered 

weighted averaging. 

Create an Initial Vector (𝐼𝑘) 
Iterate the convergence function given in Equation (15) 

until the compared items are converged: 

𝑠𝑖
(𝑡+1)

= 𝑓

(

 𝑠𝑖
(𝑡)
+∑𝑠𝑗

(𝑡)
× 𝑤𝑗𝑖

(𝜇)(𝑡)
× 𝑤𝑗𝑖

(𝑟)(𝑡)

𝑛

𝑗=1
𝑗≠𝑖

 

)

  (15) 

Rank the factors 

End 

End 

The above algorithm is a generic representation of the z-
DEMATEL & FCM methodology.  

The steps of the algorithm visualized with problem-specific 
concepts are given in Figure 1. The algorithm aims to map out 
and analyze the influences between different factors, using 
fuzzy logic to handle uncertainty and iterating until the system 
stabilizes and reveals the key relationships and rankings by 
making these operations: 

• The algorithm begins by defining linguistic terms 
for the fuzzy relationships in the model, including 
how precise and reliable the data is.  

• Expert assessments are collected, where they 
provide evaluations on how different factors 
influence each other. These evaluations are 
expressed as fuzzy values representing both 
precision and reliability. 

• For each factor combination, the fuzzy values are 
processed to calculate a fused fuzzy number. This 
number combines the precision and reliability into 

one value, representing the overall relationship 
between the factors. 

• The fuzzy values are then converted into crisp 
values, which are easier to work with and more 
concrete for analysis. 

• The direct influence matrix is constructed, 
representing how each factor influences others. 
This matrix is then normalized to ensure 
consistency in comparison across all factors. 

• A total influence matrix is created from the 
normalized matrix. This matrix shows the 
cumulative effects of all influences between factors. 

• The algorithm calculates the minimum, maximum, 
and average influence values from the total 
influence matrix. These values help define a 
threshold that will determine which influences are 
significant. 

• If an influence value is greater than the threshold, 
it is confirmed as a valid influence between factors. 

• For each confirmed influence, a direction matrix is 
constructed to represent the direction of the 
effects. The influences are then aggregated using a 
weighted averaging method to get a more accurate 
representation of the overall effects. 

• An initial vector is determined, which helps guide 
the next steps of the analysis. 

• The algorithm iterates through a convergence 
function, where the influence values are updated 
repeatedly until the system stabilizes, meaning the 
influences between factors no longer change. 

• Finally, the factors are ranked based on their final 
influence values, helping to identify the most 
important factors in the system. 

4 Application 

In this study, factors having influence on the success of machine 
learning libraries were examined with the help of expert 
assessments. This study aims to provide a guideline for the 
strategic development of ML libraries. The goal is to contribute 
to energy and human resource savings while increasing library 
effectiveness. Because developments about the library 
capability limitations can reduce the need for integrating 
different structures developed in different libraries, languages, 
and platforms.  

In the first stage, studies on ML libraries in the literature were 
examined, and in the next stage, the factors to be used in the 
selection of ML libraries were determined. A total of 19 factors 
were identified and categorized. Then, DEMATEL method 
based on hesitant fuzzy z numbers was used to investigate the 
direct influences of identified factors on the ML library success. 
In the second stage, FCM method was used to determine the 
contribution of indirect influences of the factors on the ML 
library success.  
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Figure 1. Steps of the z-DEMATEL & FCM Methodology 

 

During the data collection phase, two experts for DEMATEL and 
four experts for FCM used linguistic terms to evaluate the 
relative effects of the factors on each other. Each expert made 
an evaluation independently of each other. Figure 2 shows 

employed linguistic term sets and Table 1 presents the 
meanings of the linguistic terms. 

 

Figure 2. Employed Linguistic Term Sets 

Table 1. Meanings of Fuzzy Linguistic Terms 

Fuzzy Linguistic Term 
Abbre-
viation 

What it 
Assesses 

Stage of 
Use 

No Influence NoI 

Influ- 
ence 

DEMATEL 

Very Low Influence VeLI 

Low Influence LoI 

High Influence HiI 

Very High Influence VeHI 

Negative Absolutely High NAH 

Inter- 
relation 

FCM 

Negative Very High NVH 

Negative High NH 

Negative Low NL 

Negative Very Low NVL 

Negative Absolutely Low NAL 

Positive Absolutely Low PAL 

Positive Very Low PVL 

Positive Low PL 

Positive High PH 

Positive Very High PVH 

Positive Absolutely High PAH 

Indeterminant In 

Relia- 
bility 

DEMATEL 
+ FCM 

Very Low Determinant VeLD 

Low Determinant LoD 

High Determinant HiD 

Very High Determinant VeHD 

Following expert evaluations, steps of the Fuzzy DEMATEL 
method were applied sequentially to determine the existence of 
the effect between the criteria. When the direct effect of the 
factors is considered (ignoring the indirect effect arising from 
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their interaction with each other), the order of their effects on 
library success was obtained as in Table 2. 

Table 2. Results of the Fuzzy DEMATEL Stage of the 
Methodology 

Factor 

Number of 
Relative 

Influences 
above the 
Threshold 

Weight 
Normali- 

zed  
Weight 

Ran- 
king 

F6-Performance (speed & 
accuracy in benchmarks) 

19 2.420 8.6% 1 

F3-Comprehensiveness of 
tutorials and guidelines  

18 2.080 7.4% 2 

F2-Monitoring and 
visualization capabilities 

18 2.037 7.3% 3 

F7-Popularity and 
community support 

16 2.002 7.1% 4 

F15-Computational 
efficiency 

18 1.870 6.7% 5 

F17-Integration capabilities 
(API, Webhook etc.) 

19 1.756 6.3% 6 

F9-Stability and 
development frequency   

17 1.693 6.0% 7 

F1-Support for different 
languages  

10 1.408 5.0% 8 

F18-Execution 
configuration capabilities 
(Parallelism, distributed 

computing etc.) 

7 1.329 4.7% 9 

F5-Modularity 11 1.263 4.5% 10 

F19-Variety of Hardware 
support & utilization 

6 1.240 4.4% 11 

F14-Debugging and error 
recognition capabilities 

8 1.239 4.4% 12 

F12-Scalability 8 1.216 4.3% 13 

F10-Ease of use and 
readability 

8 1.202 4.3% 14 

F13-Modeling flexibility  7 1.166 4.2% 15 

F8-Model availability 5 1.152 4.1% 16 

F4-Reputation of funding 
organizations 

6 1.141 4.1% 17 

F11-Extensibility  7 1.115 4.0% 18 

F16-Variety of Platform 
support 

0 0.711 2.5% 19 

According to the findings in Table 2, the "F6-Performance 
(speed & accuracy in benchmarks)" factor was identified as the 
most significant and influential factor contributing to the 
success of ML libraries. This factor exhibits the highest 
normalized weight (8.6%) and relative influence above the 
threshold, highlighting its critical role in driving library 
performance. Conversely, the "F16-Variety of Platform 
Support" factor was determined to be the least significant, with 
the lowest normalized weight (2.5%). 

Other highly influential factors include "F3-
Comprehensiveness of tutorials and guidelines" (7.4%) and 
"F2-Monitoring and visualization capabilities" (7.3%), 
underscoring the importance of user-friendly documentation 
and advanced monitoring tools. The close proximity of 
normalized weights among the top-ranked factors suggests that 
these factors contribute to library success to varying degrees. 

This is further evidenced by the relatively small difference 
between the normalized weights of "F6-Performance" and 
"F16-Variety of Platform Support," although their ranking 
positions vary significantly. 

If the factors are grouped based on normalized weights, the first 
seven factors can be considered a high-priority group, while the 
remaining factors form a secondary group. Strategic planning 
efforts should prioritize the high-impact factors to maximize 
resource allocation efficiency. 

Table 3, which incorporates indirect effects using the FCM 
structure, provides further insights. Factors such as "F6-
Performance," "F7-Popularity and community support," "F2-
Monitoring and visualization capabilities," and "F15-
Computational efficiency" emerge as the most impactful, with 
aggregated effect levels exceeding 95%. The analysis also 
reveals that improving the "F6-Performance" factor has the 
potential to drive significant enhancements across other 
factors due to its interconnected influence within the system. 

Table 3. Results of the Fuzzy Cognitive Map Stage of the 
Methodology 

Factor 
Aggregated 
Effect Level 

Aggregated  
MD 

Ran-
king 

F6-Performance (speed & accuracy 
in benchmarks) 

5.22 95.6% 1 

F7-Popularity and community 
support 

5.12 95.4% 2 

F2-Monitoring and visualization 
capabilities 

5.02 95.2% 3 

F15-Computational efficiency 4.83 94.7% 4 

F17-Integration capabilities (API, 
Webhook etc.) 

4.76 94.5% 5 

F9-Stability and development 
frequency   

3.51 90.1% 6 

F3-Comprehensiveness of tutorials 
and guidelines  

3.41 89.6% 7 

F1-Support for different languages  2.95 87.1% 8 

F5-Modularity 2.75 85.9% 9 

F13-Modeling flexibility  2.43 83.7% 10 

F12-Scalability 2.09 81.0% 11 

F18-Execution configuration 
capabilities (Parallelism, distributed 

computing etc.) 
1.86 79.0% 12 

F19-Variety of Hardware support & 
utilization 

1.84 78.8% 13 

F14-Debugging and error 
recognition capabilities 

1.53 75.9% 14 

F4-Reputation of funding 
organizations 

1.37 74.2% 15 

F11-Extensibility  1.24 72.8% 16 

F10-Ease of use and readability 1.05 70.6% 17 

F8-Model availability 0.52 64.1% 18 

F16-Variety of platform support 0.00 57.1% 19 

Interestingly, the indirect effects of factors such as “F8-Model 
availability” and “F16-Variety of platform support” are 
significantly lower, highlighting their limited role in shaping 
overall library success. When comparing Tables 2 and 3, it is 
evident that indirect effects amplify the importance of certain 
factors while leaving the rankings of others largely unchanged. 
This dynamic underscores the necessity of considering both 
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direct and indirect influences when evaluating ML library 
success factors. 

5 Discussion 

Strategic planning for the development of machine learning 
(ML) libraries, with a strong emphasis on user experiences, is 
crucial for the efficient utilization of global resources. Here, the 
term "resources" encompasses not only energy consumption 
and technological infrastructure but also the effective use of 
skilled human labor. However, incorporating user experiences 
into strategic planning presents significant challenges. While a 
small subset of the factors influencing the success of ML 
libraries can be quantitatively assessed, the majority are 
qualitative, making the process inherently subjective. This 
subjectivity underscores the need for advanced methods that 
ensure high reliability in such studies. The fuzzy z-number 
approach, which integrates confidence levels into expert 
evaluations, provides a robust framework for addressing this 
challenge. This approach allows expert opinions to be 
incorporated into the analysis without distortion or data loss. 
Specifically, the integrated fuzzy z-number-based DEMATEL & 
FCM methodology used in this study offers distinct advantages: 

• Handling Hesitations: It accommodates uncertainty in 
expert evaluations, reducing the risk of forced or 
inaccurate assessments. 

• Considering Interrelationships: Unlike traditional MCDM 
methods, this approach accounts for both direct and 
indirect effects by evaluating the internal relationships 
among factors. 

By addressing these challenges, the proposed methodology 
enables more accurate and efficient strategic planning, yielding 
superior outcomes in the development of ML libraries. 

In the first stage of the methodology (DEMATEL), factors are 
ranked based solely on their direct impact on ML library 
success. In the second stage, the verified influences (exceeding 
the threshold) are reevaluated, incorporating the interrelations 
among factors using the FCM structure. This dual-stage process 
reveals that rankings differ significantly when indirect effects 
are considered, emphasizing the importance of evaluating both 
direct and indirect influences. For instance, “Performance 
(speed & accuracy in benchmarks)” was consistently identified 
as the most critical factor across both stages. Other high-
ranking factors included “Popularity and community support”, 
“Monitoring and visualization capabilities”, and 
“Computational efficiency”. Conversely, “Variety of platform 
support” remained the least significant factor in both stages. 

A notable observation is the shift in ranking when indirect 
effects are considered. As shown in Table 4, nine factors gained 
importance, with “Modeling flexibility” experiencing the most 
significant improvement (rising five positions). In contrast, 
“Comprehensiveness of tutorials and guidelines” saw the 
largest decline, dropping five positions. These changes 
highlight the value of considering interdependencies among 
factors in strategic planning. 

 

 

 

 

 

Table 4. Ranking Changes between the Stages of the 
Methodology 

Factor 
Ranking  
(Direct 

Influence) 

Ranking  
(Direct and 

Indirect 
Influence) 

Ranking Change by 
Considering Indirect 

Influence 

Direction Amount 

F13-Modeling 
flexibility 

15 10 + 5 

F7-Popularity and 
community support 

4 2 + 2 

F12-Scalability 13 11 + 2 

F4-Reputation of 
funding organizations 

17 15 + 2 

F11-Extensibility 18 16 + 2 

F15-Computational 
efficiency 

5 4 + 1 

F17-Integration 
capabilities (API, 

Webhook etc.) 
6 5 + 1 

F9-Stability and 
development 

frequency 
7 6 + 1 

F5-Modularity 10 9 + 1 

F6-Performance 
(speed & accuracy in 

benchmarks) 
1 1  0 

F2-Monitoring and 
visualization 
capabilities 

3 3  0 

F1-Support for 
different languages 

8 8  0 

F16-Variety of 
Platform support 

19 19  0 

F8-Model availability 16 18 - 2 

F14-Debugging and 
error recognition 

capabilities 
12 14 - 2 

F19-Variety of 
Hardware support & 

utilization 
11 13 - 2 

F10-Ease of use and 
readability 

14 17 - 3 

F18-Execution 
configuration 
capabilities 

(Parallelism, 
distributed 

computing etc.) 

9 12 - 3 

F3-
Comprehensiveness 

of tutorials and 
guidelines 

2 7 - 5 

When the factors are grouped based on their shared 
characteristics, technical aspects of ML libraries emerge as the 
most critical. Factors such as “Performance”, “Stability”, 
“Integration capabilities”, and “Computational efficiency” are 
prioritized over social factors like financial support, reputation, 
and usability-related issues. This suggests that users are 
primarily concerned with the library's ability to operate 
efficiently in live environments, ensure interoperability with 
existing systems, and deliver competitive performance. 



 

11 
 

Interestingly, social factors like usability and funding 
reputation, while less critical, are not entirely insignificant. The 
relatively small differences in weight values across factors 
indicate that all factors contribute to some extent to the success 
of ML libraries. Therefore, while focusing on immediate user 
needs may be a better strategy for ML libraries, future planning 
should not entirely disregard less critical factors. By addressing 
both technical and social dimensions, ML libraries can 
effectively balance short-term performance with long-term 
adaptability, ultimately achieving greater success. 

In terms of practical implications, these findings offer distinct 
guidance for different stakeholders. For library developers, the 
dominance of "Performance" and "Computational Efficiency" 
suggests that optimizing core execution speed and hardware 
resource usage should remain the primary focus to ensure 
adoption. However, the significant positive shift in "Modeling 
Flexibility" when indirect effects are considered indicates that 
developers should also prioritize modular designs that allow 
users to easily adapt architectures without friction. For 
researchers and practitioners, the high ranking of "Popularity 
and Community Support" alongside "Monitoring Capabilities" 
implies that selection decisions should not be based on 
benchmarks alone; the ecosystem's maturity and the 
availability of debugging tools are critical for reducing 
development time. Finally, for institutions, the study highlights 
that strategic library selection is a resource management issue. 
Prioritizing libraries with high scores in "Stability" and 
"Efficiency" can directly contribute to long-term sustainability 
by minimizing computational costs and the need for frequent 
re-training of personnel. 

6 Conclusion and Future Research Directions 

The number of AI algorithms and applications increases every 
year, enabling solutions to more complex problems through AI 
methods. While building a solution, the choice of ML libraries 
directly affects success and the efficient use of time and energy. 
Different libraries are designed to optimize specific 
mechanisms, and no single library satisfies all requirements. As 
a result, a combination of libraries is often necessary for 
achieving success. To accomplish this, solution architects, 
researchers, and practitioners must understand the capabilities 
of the latest library versions. Additionally, they must stay 
informed about the future directions of the supporting 
companies. This is a challenging task, as companies 
continuously develop and update these libraries, improving 
their performance with new features in subsequent versions. 
Additionally, some of the libraries’ capabilities overlap, making 
it even more complex to decide on the optimal ML library 
portfolio that aligns with specific requirements. Given that each 
library is designed for distinct purposes and expectations, their 
performance varies accordingly. On the other hand, aligning 
companies' strategies with developers' expectations could 
simplify this process. Over time, this alignment would lead to 
library development strategies that better match developers' 
needs, resulting in simpler and more effective AI solutions. 
Consequently, energy and resources would be used more 
efficiently, enhancing the sustainability of AI initiatives. To 
establish such a strategic development path, a detailed 
examination of the factors influencing the success of ML 
libraries is essential. 

This study has delved into the complex interrelationships of 
factors influencing the success of ML libraries, shedding light on 
the nuanced interplay between these factors for the first time 
in the literature. The ever-expanding landscape of ML 

applications across various domains underscores the 
paramount importance of addressing the limitations of ML 
libraries to ensure their effectiveness. The analysis in this 
study, based on expert evaluations and a unique methodology 
incorporating fuzzy linguistic approaches with z-numbers, has 
yielded remarkable findings. The most crucial factor identified 
is “Performance” regardless of whether indirect influences are 
considered. While the direct influences of “Performance”, and 
“Variety of platform support” are closely aligned, this difference 
becomes considerably more pronounced when indirect effects 
are accounted for. Improving “Performance” contributes the 
most to enhancing other factors as well. The other most 
important factors identified are “Popularity and community 
support”, “Monitoring and visualization capabilities”, and 
“Computational efficiency”. Conversely, the least important 
factor has been determined as “Variety of platform support”. 
When grouping factors by characteristics, technical aspects 
took precedence over social factors like financial support and 
reputation, as well as end-user concerns. Factors such as 
efficiency, documentation, support, stability, and integration 
were deemed more significant. Users tend to prioritize current 
needs over future expectations; however, all factors examined 
held some level of importance, as their weight values were 
fairly consistent. 

One crucial takeaway from this study is the recognition that the 
order of importance of these factors can shift when their 
interrelationships are considered. Success in one factor may 
catalyze improvements in others, suggesting that strategic 
focus should not be confined to isolated enhancements but 
should instead be guided by a holistic perspective. This 
strategic approach can lead to more efficient resource 
allocation and energy savings, further optimizing ML library 
development. In essence, this study underscores the 
importance of adopting a comprehensive and interconnected 
perspective when assessing and improving ML libraries. By 
considering the intricate relationships between factors, 
developers and stakeholders can make informed decisions, 
prioritize strategically, and harness the full potential of ML in 
various domains. The findings highlight the complex nature of 
the factors influencing ML library success. It is not merely about 
enhancing capabilities or expanding functionalities but 
achieving a delicate balance between various elements. While 
the increasing capabilities of ML libraries have driven 
groundbreaking developments, it is essential to acknowledge 
the inherent limitations that persist. These limitations often 
necessitate integrating structures from different libraries, 
languages, and platforms, which, in turn, can complicate the 
seamless operation of ML applications. 

Future studies should prioritize applying the identified critical 
factors, particularly “Performance” and “Community Support”, 
to conduct detailed comparative analyses of specific modern 
libraries such as PyTorch, TensorFlow, and JAX. Furthermore, 
the qualitative findings derived from expert evaluations in this 
study could be strengthened through quantitative validation. 
This includes rigorous performance benchmarking (e.g., 
training throughput, memory usage) and large-scale developer 
surveys to correlate perceived success factors with empirical 
data. This hybrid approach would provide a more holistic view 
of library success. 
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