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ABSTRACT

This study introduces a web-based application designed to facilitate hyperparameter optimi-
zation for machine learning models, leveraging data from the stack overflow dataset. A pri-
mary contribution of this research is the development of a novel hyperparameter optimization 
method, integrated alongside established techniques such as Grid Search, Random Search, 
Nelder-Mead, and Bayesian Optimization. This integration provides users with the flexibility 
to explore various optimization strategies and identify the most suitable approach for their 
specific datasets and models.
The proposed web application enables users to select datasets, define optimization methods, 
and fine-tune hyperparameters through an intuitive and user-friendly interface. Empirical 
results demonstrate that the optimized models achieved a 15% improvement in prediction 
accuracy, attaining approximately 70% accuracy in predicting coding expertise and program-
ming languages. Furthermore, the Proposed Method enhanced memory efficiency by 20% in 
SVM-based optimizations, with only a modest 10% increase in computational time. These 
findings underscore the method’s effectiveness in balancing accuracy with resource efficiency.

Cite this article as: Altınsoy F, Öztürk MM. Hyperparameter optimization web tool: Hyperopt. 
Sigma J Eng Nat Sci 2026;44(2):1219−1239.

Research Article

Hyperparameter optimization web tool: Hyperopt 

Fatma ALTINSOY1,* , Muhammed Maruf ÖZTÜRK2

1Graduate School of Natural and Applied Sciences, Suleyman Demirel University, Isparta, Türkiye
 2Department of Computer Engineering Faculty of Engineering and Natural Sciences, Suleyman Demirel University, Isparta, Türkiye 

ARTICLE INFO

Article history
Received: 04 September 2024 
Revised: 08 November 2024 
Accepted: 27 February    

Keywords:
Hyperparameter Optimization; 
Machine Learning; Optimization 
Techniques Stack Overflow 
Dataset; Web-Based Tool

*Corresponding author.
*E-mail address: fatmaaltinsoy@sdu.edu.tr
This paper was recommended for publication in revised form by 
Editor-in-Chief Ahmet Selim Dalkilic

Published by Yıldız Technical University Press, İstanbul, Turkey
© Author. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-nc/4.0/).

INTRODUCTION 

Maintenance phases in software engineering like 
debugging, refactoring, and performance improvement 
are vital for maintaining the trustworthiness, extendibility, 
and productivity of software systems [1]. Through these 
methods, the functionalities of the current systems are not 
only upgraded but also the systems become more capable 
of adapting to changing requirements and technologies 
[2]. Among these, one critical performance optimization 

technique that has gained prominence, particularly in 
machine learning, is hyperparameter optimization [3].

Hyperparameter optimization is probably one of the 
most critical steps in further improving model performance 
in any machine learning project, considering the big data 
era we live in. In a nutshell, hyperparameters are important 
settings or options that are not directly learned during the 
model’s training but significantly impact the model’s suc-
cess. Selecting the right hyperparameters leads to enhanc-
ing the overall performance and flexibility of the model to 
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new data [4]. However, in most cases, the hyperparameter 
search space is so big and complex that it is very time-con-
suming and expensive to find the optimal combinations 
for a particular problem or dataset [5]. Hence, an effective 
strategy for hyperparameter optimization is highly desired 
to improve model accuracy while keeping computational 
resources inefficient.

Among various hyperparameter optimization strate-
gies, widely used methods in machine learning models are 
Grid Search, Random Search, and Bayesian Optimization 
[6]. However, such approaches cannot be handled more 
straightforwardly in big search spaces. The curse of dimen-
sionality, a phenomenon where the computational complex-
ity and data sparsity grow exponentially with the number 
of hyperparameters, exacerbates the difficulty of searching 
large spaces efficiently [7]. This challenge requires deep 
technical expertise, which is cumbersome to provide for 
big datasets or model architectures where the associated 
computational costs are truly substantial. Current solutions 
of hyperparameter optimization are, most of the time, not 
user-friendly and tend to be problematic for novices to use 
[8]. This again highlights the demand for platforms that can 
make hyperparameter optimization processes more acces-
sible with time and resource efficiency.

Web-based tools have become popular for handling 
such challenges, largely because they are easy to reach, sim-
ple to use, and cut down on repetitive setup work. Platforms 
like Dlib-ml [9], Teachable Machine [10], and H2O.ai [11] 
let users run data analysis, train models, and perform opti-
mization with little or no coding. Building on this direction, 
we introduce a web-based hyperparameter optimization 
platform aimed at a wide audience, from beginners to expe-
rienced practitioners. The tool pairs a clean interface with 
strong optimization methods, so users can spend their time 
on model performance rather than setup.

Two goals drive this study: designing a new hyperpa-
rameter optimization method and testing it on a real-world 
dataset, the Stack Overflow (SO) platform. We also built a 
web-based tool to make the method easier to use in prac-
tice. SO holds a large body of developer-focused content 
and offers clues about programming languages, coding 
habits, and expertise levels [12]. That said, its sheer size and 
frequent mislabeling make finding the right information 
difficult [13]. We propose a rule-based labeling method to 
estimate developer experience levels, which then feeds into 
better content sorting and recommendation.

The platform is built on the ASP.NET Core MVC frame-
work, with R handling the backend computation. Users can 
pick a machine learning algorithm, set hyperparameters, 
and choose an optimization strategy from the interface. 
Results appear in both visual and numerical form, keeping 
the process open and easy to follow. Taken together, the 
study connects optimization theory with day-to-day use, 
offering a practical tool for hyperparameter tuning in both 
research and industry settings.

This study is devised to develop an easy-to-use, web-
based hyperparameter optimization platform. Specifically, 
the main contributions are as follows:
1.	 Enabling users to select datasets, specify optimization 

strategies, and perform hyperparameter tuning through 
a web interface.

2.	 Proposing a heuristic optimization method that 
improves the model’s accuracy and efficiency.

3.	 A rule-based labeling of coding experience and pre-
ferred languages applied to the SO dataset, which makes 
the data more useful for future work.
The paper continues as follows. Section 2 covers related 

work and situates this study among existing approaches. 
Section 3 presents the preliminaries, and Section 4 
describes the method in detail. Results and discussion, 
along with their implications, are presented in Section 5. 
Finally, Section 6 concludes the study and outlines potential 
avenues for future research. 

RELATED WORK

SO is a large online community in which many types of 
information are shared with developers, ranging from pro-
gramming languages to data analysis [14]. The study of the 
impact of SO on social media has indicated that some fea-
tures, such as the transparency of information sharing, are 
likely to cause complex emotional outcomes for develop-
ers [15]. Other works have focused more on the reliability 
of SO as a source of information and the dissemination of 
knowledge across software development communities [16]. 
However, due to the huge amount of information avail-
able on SO and the number of users mislabeling, access to 
valid information is rather complicated, which ultimately 
reduces the overall efficiency [17].

Various data mining and deep learning techniques have 
been proposed to answer the labeling issues in a large plat-
form like SO: for example, Sonam et al. [18] proposed the 
TagStack framework to enhance the accuracy of tag predic-
tion, while Harrag and Khamliche [19] proposed the deep 
learning-based system intended for the correction of pro-
gramming errors. Among the recent tag prediction meth-
ods, the one suggested in a work by He et al. [20], relying 
heavily on the significance of the title and demonstrating 
state-of-the-art language models applied in this domain 
such as CodeBert, is excellent.

High-value answer platforms represent indispensable 
tools that solve development problems and are the repos-
itory of development techniques [21]. Chen et al. [22], in 
their work related to code reuse, put the accent on the inter-
actions between platforms like GitHub and SO and showed 
how these platforms have gained an essential place in the 
software development process.

Hyperparameter optimization is a crucial process for 
improving the performance of machine learning models 
[23]. The classical methods have ranged from Grid and 
Random Search; even the more advanced ones like Bayesian 
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Optimization have been employed in recent literature 
[24]. Grid Search is costly as it tests all parameters, while 
Random Search tries random combinations, and Bayesian 
Optimization optimizes the search process through infer-
ential reasoning based on previous predictions [25]. The 
limitations of these methods make them computationally 
expensive for large datasets. While other alternative meth-
ods have been developed, searching for effective solutions 
in large hyperparameter spaces is still an ongoing process 
[26].

Hybrid optimization approaches have drawn atten-
tion in recent work [27, 28]. Uslu et al. [29], for example, 
combined Ant Colony Optimization (ACO) with Genetic 
Algorithms (GA) and reported strong results on tasks with 
limited computing resources. The Continuous Genetic 
Algorithm (CGA) has likewise been used on complex sys-
tems such as Troesch’s and Bratu’s problems, which points 
to its usefulness for machine learning tasks including 
hyperparameter tuning [30, 31]. Work of this kind helps 
frame how combinatorial optimization problems can be 
tackled and opens new directions for hyperparameter opti-
mization [32].

A number of libraries and AutoML tools aim to sim-
plify hyperparameter tuning. Widely used options include 
Optuna [33], Google Vizier [34], Ray Tune [35], and 
Microsoft NNI [36], each supporting a range of algorithms 
and optimization strategies. The catch is that most of them 
are built as libraries, meaning users have to write code to 
use them. That limits their reach among people without 
much programming background.

FairerML [37] is another notable contribution. It 
is an extensible platform for studying, visualizing, and 
reducing bias in machine learning models, with a simple 
upload-and-analyze workflow for both data and models. It 
also supports joint modeling for multi-target learning, let-
ting users weigh accuracy and fairness at the same time.

DebiAI [38] takes a similar direction. As an open-source 
tool, it covers analysis, visualization, evaluation, and com-
parison of machine learning models. Users can work with 
their data and metadata in several ways, from selection and 
editing to annotation, and the tool also supports contextual 
evaluation and bias detection.

LAMDA-SSL [39] is a user-friendly and powerful 
open-source toolkit offering comprehensive functionality, 

Table 1. Comparison of the proposed platform with other AutoML tools

Criterion AutoGluon Scikit-learn Auto-sklearn TPOT H2O.ai Proposed platform
Ease of Use Easy to use, 

offers automatic 
optimization.

Simple API, 
manual 
optimization.

Automatic 
model and 
hyperparameter 
selection.

Moderate ease, 
some settings 
require effort.

Easy to use 
with API and 
web support.

Simplified web interface, 
accessible to novices.

Performance Strong across 
various data 
types.

Varies by 
data/model 
selection.

Strong 
performance 
but resource-
intensive.

Good but 
longer training 
times.

High speed on 
large datasets.

High accuracy on SO-
specific data, optimized 
models.

Flexibility Broad model 
and data 
support.

Flexible 
for diverse 
applications.

Extensive 
algorithm 
support.

Automatic 
feature 
engineering.

Supports 
machine and 
deep learning 
models.

Supports SO tagging, and 
multi-label classification.

Resource Usage High resource 
usage is 
possible.

Low resource 
usage.

Resource-
intensive in 
long processes.

Computation-
intensive.

Efficient with 
distributed 
computing.

Efficient SO focused 
optimizations with low 
memory.

Hyperparameter 
Optimization

Fully automatic. Manual, user-
controlled.

Automatic and 
effective.

Genetic 
algorithms for 
optimization.

Automatic and 
efficient.

Heuristic optimization 
integrated with user 
controls.

Community 
and Support

Active 
community, 
extensive docs.

Very large, 
comprehensive 
docs.

Benefits from 
scikit-learn 
ecosystem.

Active, good 
documentation.

Large 
community, 
commercial 
support 
available.

Community friendly, SO 
data focus.

Data 
Processing

Automatic 
processing, 
some features.

Tools are 
available but 
manual tweaks 
are.

Automatic 
processing/
selection.

Automatic 
feature 
engineering.

Automatic 
feature 
engineering.

Rule-based SO tagging, 
TDM matrix generation.

Use Case 
Relevance

General 
AutoML.

General 
AutoML.

General 
AutoML.

General 
AutoML.

General 
AutoML and 
distributed 
computing.

Specific to SO, improves 
data labeling and 
recommendations.
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intuitive interfaces, detailed documentation, and extensive 
support for algorithms, data types, and tasks compared to 
similar tools. The goal of LAMDA-SSL research is to make 
SSL research more feasible and widely applicable, particu-
larly given the scarcity of labeled data.

Additionally, another notable work in the literature 
is MLweb [40], an open-source software toolkit for web-
based machine learning. MLweb’s distinguishing feature 
is that all computations are performed client-side without 
sending data to a third-party server. Key components of 
MLweb include a JavaScript API for scientific computations 
(LALOLib), extensions of this library with machine learn-
ing tools (ML.js), and an online development environment 
with numerous examples (LALOLab).

Another noteworthy project is WebDraw [41], an auto-
mation tool developed to enhance the efficiency of web 
designers. It produces mock-up designs and working web-
sites from screenshots of web pages. The process runs in 
three stages: GUI element detection, classification, and 
code generation. WebDraw is designed with a user-friendly 
interface and is used to improve industrial web design and 
development processes.

Work in this area shows a mix of approaches to hyper-
parameter optimization and related machine learning 
problems. Tools and platforms built for hyperparameter 
optimization sit at the center of this space. That said, most 
are shipped as libraries with a narrow set of optimization 
methods. Table 1 sets HyperOpt, our proposed tool, against 
popular AutoML options: AutoGluon [42], scikit-learn 
[43], Auto-sklearn [44], TPOT [45], and H2O.ai [11]. The 
AutoML tools lean toward automation and ease of setup, 
whereas our platform is built for flexibility and customiza-
tion, especially on domain-heavy data like the SO dataset. 
HyperOpt brings several practical gains: lighter resource 
use, optimization strategies suited to the task, and an inter-
face that handles complex multi-label datasets without 
friction.

We address this gap with an interactive web-based plat-
form that handles hyperparameter optimization through 
the interface itself, so users do not have to touch scripts. 
The platform runs on ASP.NET Core MVC and lets users 
pick a machine learning algorithm, set hyperparameters, 
and choose an optimization strategy. Backend optimization 
is handled by R, and results come out in both visual and 
numerical form, which supports qualitative and quantita-
tive review side by side.

BACKGROUND

Web Platform Development
In this research, the developed web application was cre-

ated based on the ASP.NET Core MVC framework. The 
main benefit of such an MVC architecture is a clear line 
of separation between UI and business logic, which itself 
interacts with data. The above-mentioned configuration 

makes this suitable for handling machine learning algo-
rithm hyperparameter optimization processes through 
inputs from the user and offers the ability to run R scripts 
that work in the background. 

Users can select datasets, hyperparameters, machine 
learning algorithms, and optimization methods from the 
web interface. Based on the selected parameters, respective 
R scripts are selected to be executed by passing the argu-
ments to the R interpreter from the operating system com-
mand line using the Process class in the System.Diagnostics 
namespace of .NET. These scripts are run, their outputs cap-
tured, error-checked, and presented to the user as results of 
the analysis: graphical and numerical. Further, this makes 
the hyperparameter optimization process more intui-
tive and accessible to both machine learning experts and 
non-expert users with lesser programming backgrounds.

This paper has used an extensive optimization pro-
cess to determine the hyperparameter settings of various 
machine learning algorithms, including SVM, GBM, EBR, 
EPS, and Random Forest. In order to maximize the perfor-
mance of each algorithm, different optimization techniques 
have been used, including Grid Search, Random Search, 
Bayesian Optimization, Nelder-Mead, and a newly devel-
oped optimization method.

The goal, therefore, is to find the θi associated with a 
model Mi that maximizes the accuracy performance of such 
a model, evaluated as  assessed as a vector of hyperparam-
eters. This can be done through the following generalized 
optimization problem:

	 	 (1)

Here,  represents the set of hyperparameters that max-
imizes the accuracy performance of the model. The arg-
max expression aims to find the value of θi that provides 
the highest accuracy. The hyperparameter search space is 
denoted as θi ∈ ⊖i , which specifies the range within which 
each hyperparameter is evaluated. Additionally, the expres-
sion Accuracy (Mi (θi), Dtrain), represents the accuracy of 
model Mi trained with a specific set of hyperparameters on 
the training dataset Dtrain.

The optimization processes have been carried out 
using the R programming language, and interfaces have 
been created particularly for optimized models using caret 
[46], rBayesOptimization [47], gbm [48], e1071 [49], ran-
domForest [50], and other relevant R packages. Numerous 
experiments have been designed to evaluate the perfor-
mance of each algorithm. The optimization process fol-
lowed these steps: 
1.	 We split the data into two subsets, Dtrain (training set) 

and Dtest (test set), to keep training and evaluation 
separate.

2.	 The search space θsearch was set to define where hyper-
parameters could be tuned.
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3.	 Each θ (hyperparameter) went through cross-valida-
tion during training, so we could check how stable the 
results were.

4.	 Performance metrics were then computed for every 
model that came out of this process.

5.	 Execution time and memory usage (Ptime, Pmemory) 
were tracked throughout, since working within resource 
limits was part of the problem.

6.	 Finally, performance metrics and the impact of hyper-
parameters were plotted using the ggplot2 [51] pack-
age.	
Another side of this work is the careful use of comput-

ing resources. This matters for large datasets and for scaling 
up machine learning models. Tracking CPU and memory 
usage gives a clearer picture of what each algorithm actually 
costs to run. Algorithms that hit the CPU hard can drag 
down performance and scalability, and memory-heavy 
operations tend to choke on big data.

Looking at these metrics lets us tune implementations, 
clean up workflows, and place computing resources where 
they are needed most. The upshot is a setup that scales, 
holds up under load, and remains workable for machine 
learning tasks, even when the data volume and computing 
demands are large. For each hyperparameter setting, we 
also generate performance curves, which make it easier to 
see how parameter changes shape model behavior and to 
guide choices during optimization.

Optimization Techniques
Grid Search consists of hyperparameter group H and 

all possible values of the hyperparameters ξ. Then a com-
prehensive search algorithm is employed, and by using 
the Cartesian product of ξ, a parameter grid is made. This 
grid covers all possible combinations of hyperparameters 
[52]. The complexity of Grid Search is , where n is 
the number of hyperparameters and k represents the search 
range defined by the user. The complexity of Grid Search 
increases as the number of hyperparameter combinations 
grows. Consequently, it may become costly when dealing 
with a relatively large search space. In Equations 2-4, the 
hyperparameter group H, the set of possible values ξ, and 
the grid structure of the algorithm are defined, respectively.

	 	 (2)   

	 	 (3)

	 	 (4) 

In Random Search, a probability function f takes a 
hyperparameter h as an argument. f(h) is expressed as ran-
dom sampling.

	 	 (5)

In Equation 5, ϕ ∼ f (hi) is defined for i=1,2,…,n [53]. 
This random sampling determines the hyperparameter 

range H = h1, h2, ..., hn for tuning. Random Search skips 
the exhaustive sweep that Grid Search does. It works on a 
user-defined subdomain of H, where values are drawn ran-
domly from H itself.

Its time complexity is O(p), with p being the number of 
iterations. Note that ph is not necessarily equal to p, since 
some iterations can land on values already tried earlier. This 
makes Random Search faster than Grid Search and lighter 
on memory, which helps most on tuning problems of mod-
est size. 

Bayesian Optimization looks for the minimum or max-
imum of an objective function, aiming to get as close to the 
optimum as it can [54]. Its complexity is O(f ∗ n2), where n 
is the number of hyperparameters and f is the cost of eval-
uating them. It belongs to the family of black-box optimi-
zation methods and picks candidate values from the search 
space through a probability model.

 This model compares previous results with new ones 
to explore the parameter space effectively, enabling the 
achievement of the global optimum with fewer trials. 
However, tuning the cost depends on the number of values 
defined in the search space, which could result in a high 
cost due to the curse of dimensionality. The acquisition 
function f is used to find the global optimum x∗ as shown 
in Equation 6 where A ⊆ R [55].

	 	 (6) 

 Here, x* represents the best solution value that corre-
sponds to the maximum value of the objective function. 
This value is the optimal hyperparameter combination 
found within the scope of the optimization problem. A 
stands for the solution space under search and holds all 
possible ranges that the hyperparameter values can fall into. 
The objective function f(x) measures how well each hyper-
parameter combination performs on the model, and it is 
this function that guides the search toward better-perform-
ing hyperparameters. What Bayesian Optimization really 
seeks is the point x in A where f(x) reaches its maximum, 
which in practice means finding the best hyperparameter 
combination for the problem at hand.

On the other hand, Nelder-Mead [56] is specially 
designed for stochastic responses. In this method, candi-
date points form the set 𝑆 and are provided to a function as 
shown in Equation 7.

	 f : Sn → S	 (7)

Here, Sn represents the set of candidate points in n-di-
mensional space, while the function f maps these points 
to another set S. This mapping implies that the function 
takes a point from the set Sn as input and returns a differ-
ent point in the set S as output. The Nelder-Mead method 
is not classified as a direct search method because it does 
not utilize gradient information. The complexity of Nelder-
Mead is O(n3), where n represents the number of variables 
used for the optimization. It updates the objective function 
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by comparing the previous result with the next one, grad-
ually modifying an optimization triangle throughout the 
remaining optimization steps. Nelder-Mead is well-suited 
for small-scale optimization problems, although it per-
forms more slowly compared to its counterparts.

The Proposed Method and proofs provide a compre-
hensive mathematical foundation for optimization meth-
ods. The Proposed Method operates through a unique 
mechanism: the execution cost of tuning steps is closely 
related to the number of iterations, where the execution 
cost is expected to be equal to or greater than one-fifth of 
the iteration count.

One strength of this approach is how it handles differ-
ent hyperparameters within a Grid Search through a linear 
relationship, so every possibility gets covered without hav-
ing to split the space.

Another feature is cost control through the number of 
words used in labeling functions. We found that as the word 
count grows, the total cost climbs quadratically, which tells 
us something useful about where the cost comes from.

There is also an accuracy threshold that caps how many 
iterations run. This cutoff does not tie directly to the itera-
tion count, which gives the algorithm more room to breathe 
during the search.

Algorithm 1 handles the tuning of an arbitrary value, 
which we call optimizationValue. Its aim is to find the best 
setting for a given hyperparameter when building a model 
on the training data with a machine learning algorithm. In 
Step 3, the value range is defined as a vector bounded by an 
upper value x and lower value y, and this vector is assigned 
to optimizationValue.

In Step 4, the first entry of optimizationValue is 
assigned to j, which stands for a hyperparameter. Steps 5 
through 7 take care of setting initial values for flag, accu-
racy, and accuracyOld. The flag acts as a control switch: it 
decides whether j should be increased on the next iteration.
Accuracy is evaluated at each iteration of the algorithm to 
modify the hyperparameter value accordingly, while accu-
racyOld stores the previous accuracy obtained in the previ-
ous iteration.	

 Steps 9-17 replace the better hyperparameter and accu-
racy with their respective old values. Steps 19 through 26 
bring the loop to a close, leaving us with the hyperparam-
eter that gave the highest accuracy in the algorithm. The 
variable v controls how much the hyperparameter value 
changes from one iteration to the next. For instance, if the 
hyperparameter value fluctuates between 0.1 and 0.9, v is 
set to 0.1 to observe the impact on accuracy. The codes 
devised to experiment are publicly available for replication 
purposes.

Algorithm 1. Heuristic tuning algorithm

1:	 Input: dataset, threshold, iteration, v
2:	 Output: maxAccuracy, optimalHyperparameter
3:	 optimizationValue ← c(x : y)

4:	 j ← optimizationValue[1]
5:	 flag ← 0
6:	 accuracyOld ← 0.6
7:	 thresholdAccuracy ← 0.8, optimalHyperparameter ← −1
8:	 count ← 0
9:	 while (accuracy < thresholdAccuracy||count <= itera-
tion) do
10:	 accuracy ← ϕ(j)
11:	 if accuracy >= accuracyOld then
12:		  maxAccuracy ← accuracy
13:		  optimalHyperparameter ← j
14:		  j ← j + v
15:	 else
16:		  j ← j − v
17:	 end if
18:	 accuracyOld ← accuracy
19:	 if accuracy > thresholdAccuracy then
20:		  flag ← 1
21:		  optimalHyperparameter ← j
22:		  break
23:	 end if
24:	 count ← count + 1
25:	 end while
26:	 return (optimalHyperparameter, maxAccuracy) 
▷ result includes optimal configurations found by the 
algorithm

Machine Learning Algorithms
Support Vector Machines (SVM) are robust algorithms 

widely used in classification tasks [57]. SVM gives us room 
to tune several hyperparameters, including kernel, cost, 
degree, and gamma, which lets it take on both linear and 
non-linear problems [58]. With kernel functions such as 
linear, polynomial, sigmoid, and Radial Basis Function 
(RBF), SVM pushes the data into higher-dimensional 
spaces, where complex decision boundaries become trac-
table [59].

We used SVM to predict developer expertise and spot 
programming languages. Optimization techniques were 
applied to tune its hyperparameters, pushing up accuracy 
without letting the computational load grow out of hand.

Random Forest is another ensemble learning method, 
and it works for both classification and regression tasks. 
It merges many decision trees, avoiding overfitting of 
this combined model and improving generalization per-
formance [60]. It has two major hyperparameters: mtry, 
defining the number of features available for each split, 
and ntree, fixing the number of trees in a forest [61]. The 
performance of Random Forest in this study showed a 
better trend for large and high-dimensional datasets. 
However, it is the balance between robust accuracy and 
computational cost. An optimized mtry and ntree often 
yield the best results.

Gradient Boosting Machine (GBM) encompasses an 
ensemble method that iterates and improves weak learners 
by using their errors to correct them [62]. Some of the key 
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hyperparameters of the said model are shrinkage (learning 
rate), n.trees (number of trees), and n.minobsinnode (min-
imum number of observations in each node). Proper tuning 
of these parameters can significantly improve the model’s 
performance. While this approach maximized accuracy in 
predicting developer expertise, it required a careful balance 
of computational resources.

Ensemble of Probabilistic Subclassifiers (EPS) is a 
probabilistic ensemble method designed for multi-label 
classification; it is particularly effective on sparse datasets 
[63]. Other important hyperparameters are subsample 
(the ratio of data used in training), strategy (the approach 
for handling sparse label input), b (the number of subsets 
used in the strategy), and p (pruning rate to reduce error) 
[64]. Performance on sparse data conditions made it best 
suited for recommendation systems relying on a few labeled 
examples.

Ensemble of Binary Relevance (EBR) is a multi-label 
classification method in which every label is independently 
treated by training one model for each [65]. Key hyperpa-
rameters in this regard include subsample, which defines 
the data sample ratio used during training, and attr.space, 
which indicates the proportion of features used in training 
[66]. Tuning these parameters gave us balanced generaliza-
tion and kept overfitting in check. 

Table 2 lays out the machine learning algorithms we 
used along with their hyperparameter settings. Tuning 
these hyperparameters mattered a lot for how well the algo-
rithms performed, especially on the harder multi-label clas-
sification tasks.

METHOD

Dataset
Within this study, a new dataset has been created to 

predict a programmer’s experience using tag and question 
datasets obtained from the SO website [67]. The dataset has 
been enriched with features extracted from the content of 
the questions, alongside tag information corresponding to 
each question.

The resulting dataset follows a structural format where 
each record has a unique identifier. In addition to features, 
the dataset contains tags representing different program-
ming languages (JavaScript, SQL, Java, C#, Python, C++, 
C, PHP, Ruby, Swift, Objective- C, VB.NET, Perl, Bash, 
CSS, Scala, HTML, Lua, Haskell, Markdown, and R) and 
experience levels. This dataset has been created based on 

Table 2. Summary of machine learning algorithms and hyperparameter settings

Algorithm Parameter Description Strengths Range Step
SVM kernel Kernel type for SVM Effective for non-linear problems - -

degree Polynomial kernel exponent 1-10 1
gamma Kernel coefficient 2-10-210 0.1
cost Penalty of the error term 2-10-210 1

RF mtry Features for each split Generalization, scalability 1-8 1
ntree Trees in the forest 100-500 1

GBM shrinkage
n.trees
n.minobsinnode

Impact of additional base-learner High accuracy, iterative learning 0.001-1 0.1
Trees to fit 100-500 1
Min. observations in terminal nodes
Training instance rate
Strategy for sparse clusters
A Number used in strategy
Instances pruned

Sparse data, multi-label tasks 5-15 1
EPS subsample 0.1-1 0.1

strategy A-B -
b 1-4 1
p 1-4 1

EBR subsample Training instance rate 0.1-1 0.1
attr.space Attributes rate Label independence, scalability 0.1-1 1

Table 3. The features of the dataset

Dataset Feature Description
Question Id Unique number

OwnerUserId User id
CreationDate The date input is entered
Score The reputation of the input
Title Title of the input
Body Context of the input
ClosedDate The date input is closed

Label Id Id of the input
Tag Tags are given by the user
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tags expressing relationships between the skill levels of pro-
grammers and programming languages, representing their 
experiences. For detailed information about the corpus, 
refer to Table 3.

Text Mining Operations
To achieve optimal results, the dataset size was incre-

mentally increased during the experiments. Each exper-
iment was run at least 20 times to ensure reliable results, 
allowing the observation of the impact of different dataset 
sizes on the inputs. It was determined that 20,000 records 
appeared to be a good fit. The maximizing of model param-
eters through text processing techniques set the stage for 
correctly tuning the data that was used to maximize the 
suggestion system, overall, endowing it to provide more 
successful outcomes. We also created subsets of records 
containing 500, 1000, and 3000 records to test certain scal-
ability and performance dimensions on several sizes of 
datasets. These subsamples enabled a thorough analysis of 
the effect of dataset size on accuracy, memory consump-
tion, and computational complexity metrics.

Data Cleaning and Preprocessing
Text mining techniques were used to transform the titles 

and contents of questions in the SO dataset into vectors. In 
the dataset, every word was taken as the feature, and occur-
rences of the same word in a document were quantified. 
Data were cleaned by removing punctuation, numbers, and 
spaces in this step. Subsequently, a Term Document Matrix 
(TDM) was generated using the processed data [68]. This 
resulted in the addition of two new features, word count 

and character count, to the dataset, allowing for more gran-
ular insight into the text.

After applying data mining techniques to the data-
sheet, the words extracted from the dataset were graphi-
cally represented using a visualization technique referred to 
as a “word cloud.” Word clouds are a visualization tool to 
highlight unique words from textual data; words are rep-
resented in varying sizes according to their frequency [69]. 
This visualization has word size corresponding to occur-
rence frequency in the text. More frequent or more robust 
words in the dataset appear larger. Thus, the transmission 
of the essence of data can be understood more rapidly and 
effectively. The visual analysis illustrated in Figure 1 played 
a role in dissecting important pieces of the data, generating 
keywords for functional programming, and rendering out-
comes in a way that’s easier to digest.

Experience Tagging and User Level
To create the labels, 21 prominent programming lan-

guages from the past 12 years were selected and labeled 
from y1 to y21. These languages include JavaScript, SQL, 
Java, C#, Python, C++, C, PHP, Ruby, Swift, Objective-C, 
VB.NET, Perl, Bash, CSS, Scala, HTML, Lua, Haskell, 
Markdown, and R [70]. Stack Overflow’s feature of pub-
licly sharing datasets every two years enabled meaning-
ful insights to be extracted from the entries. Labeling for 
these languages was performed using rule-based functions 
developed in the R programming language. Each function 
assigns a value of “1” when keywords related to the respec-
tive language are found in the question titles or contents.

The y22 label was used to determine the experience lev-
els of SO users. User experience was classified into three 

Figure 1. Word cloud of the processed dataset.
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levels: beginner (1), intermediate (2), and advanced (3). 

Figure 2 illustrates the categorization of coding experience 

into these three categories. If the questions lacked words or 

phrases indicating programming experience, the y22 label 

was assigned a value of “0.” For the classification of user 

experience, the identified words or patterns in the ques-
tions were taken into account.

Table 4 presents an example of the labeled dataset after 
preprocessing and tagging. The dataset includes 21 binary 
labels for programming languages (y1 to y21) and a multi-
class label (y22) for user experience. 

Table 4. Processed dataset

y1 y2 y3 y4 y5 y6 y7 y8 y9 y10 y11 y12 y13 y14 y15 y16 y17 y18 y19 y20 y21 y22
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2
0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 1 0 1
0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 1
0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3
0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 1

Figure 2. Steps of the labeling process.
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Software Framework (HyperOpt)
HyperOpt was built to make hyperparameter optimiza-

tion straightforward and to let R code run as part of the 
same workflow. Figure 3 shows the architecture, which pulls 
together a few core components into one flexible and effi-
cient platform. Things start at the data input stage, where 
users upload their datasets and the system pushes them 
through to the optimization pipeline. From there, the opti-
mization module tests hyperparameters using Grid Search, 
Random Search, Bayesian Optimization, Nelder-Mead, and 
our proposed heuristic method, all with the goal of get-
ting the model to perform as well as it can. Each method 
iteratively refines hyperparameters based on user-defined 
thresholds and evaluation metrics like accuracy, resource 
usage, and computation time.

The HyperOpt web platform is divided into four main 
sections, two key components being: (a) hyperparameter 
optimization tools and (b) result visualization. These tools 
together allow the user to set up optimization processes, 
monitor the progress, and effectively analyze the results.

Some of the techniques that can be used (some are shown 
in Figure 4(a)) are Grid Search, Random Search, Bayesian 
Optimization, Nelder-Mead, and a heuristic approach pro-
posed in this paper. All of these methods systematically 
go through all the possible ranges of hyperparameters to 

search for the best model performance. The threshold value 
and iteration count are examples of parameters that can 
be defined by the user to drive the optimization. In each 
iteration, the platform logs the accuracy along with its 
associated hyperparameter combination. Also, to facilitate 
decision-making, relevant indicators like elapsed time in 
seconds and memory consumption in MB are computed 
and displayed.

Figure 4(a) shows a plot of the range across different 
values of one specific hyperparameter, illustrated in this 
example by using the mtry hyperparameter. Thus, on the 
horizontal axis, it shows the range for a certain mtry, while 
on the vertical axis, the scores of accuracy are reflected, and 
recorded for the optimizations through this range. Though 
mtry is used as the example here, any other hyperparam-
eter is open to be analyzed with the help of visualization 
for assessing a particular value that may be most influential 
toward improving the model.

Figure 4(b) provides a detailed representation of the 
relationships between hyperparameter settings and model 
performance. This graph illustrates both the mean accu-
racy and its standard deviation for various hyperparame-
ter configurations. The horizontal axis carries the values 
of the chosen hyperparameter, and the vertical axis shows 
the accuracy metrics that go with them. A smooth curve 

Figure 3. Architecture of HyperOpt.
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traces the mean accuracy, while a shaded region or error 
bars mark the standard deviation. Taken together, these 
give users a quick read on performance trends, how much 
results vary, and how consistent the model is across differ-
ent configurations.

The mean accuracy is simply the average accuracy 
across several runs for a given hyperparameter value. 
Formula 8 below shows how we compute it:

	 	 (8)

In this formula, N is the total number of iterations, and 
Accuracyi is the accuracy obtained at the i-th iteration for 
the hyperparameter value in question. This gives us a sin-
gle number to anchor on when we want to judge how the 
model performs under a particular hyperparameter setting.

The standard deviation reflects the variability or spread 
of accuracy scores. Its formula is given as 9:

	 	 (9)

In this calculation, (Accuracyi−Accuracy Mean) refers 
to the deviation of an individual accuracy score from the 
mean, squared to emphasize outliers. When the standard 

deviation is small, the model performs consistently across 
iterations; when it is larger, the results vary more.

HyperOpt also makes life easier on the saving side: users 
can export the resulting graphs as JPG, PNG, or PDF files, 
which keeps storing and sharing simple. This feature sup-
ports collaboration and thorough documentation, making 
the platform invaluable for researchers and practitioners 
focused on model optimization.

Additionally, an integrated R code compiler (illustrated 
in Figure 5) enables users to execute R scripts directly 
within the HyperOpt environment. The user can enhance 
the workflow efficiency due to advanced dynamic adjust-
ment of parameters: in real-time, they see all the results 
and can immediately validate changes to the model. As 
discussed, HyperOpt supports iterative model refinement 
without requiring any additional application; hence, it is 
very powerful and practical.

HyperOpt embeds a tailor-made R code compiler, 
which is an interesting approach to problems in a certain 
field. Modifications of scripts can be easily done to fit 
either with the specific dataset or the model, which makes 
this platform useful for more complex analyses. This thus 
makes HyperOpt a general-purpose tool that can be used 
for many research directions and more sophisticated mod-
eling activities.

Figure 4. HyperOpt web interface.
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With a persistent focus on design, HyperOpt aims to 
make state-of-the-art optimization tools simple to use. It 
is designed to be an easy-to-use tool regardless of experi-
ence but also serves as a powerful tool for users who are 
experienced.

The usable and functional interface of HyperOpt is 
designed with the end user in mind. This allows them the 
opportunity to test a variety of optimization techniques, 
track trends in accuracy and how they are affected by dif-
ferent hypers and allows them to gain an insight into the 
model better. This delineation empowers users to fine-tune 
the models and other elements with ease, therefore achiev-
ing the best possible outcome with minimal effort.

RESULTS AND DISCUSSION

This research presents a detailed performance compari-
son of machine learning models with different dataset sizes 
in terms of optimization techniques and algorithms used. 
Each method was performed in detail using different con-
figurations of hyperparameters and each of the results was 
met with a broad comparison.

In Figure 6, the authors provide the results in a bar 
graph comparing the accuracy of five algorithms which are 
Random Forest, GBM, SVM, EBR and EPS across six opti-
mization techniques including: Before Optimization, Grid 
Search, Random Search, Bayesian Optimization, Nelder 
Mead and Proposed Method. The results were based on 
sample datasets of 500, 1000, and 3000 while averages were 
obtained from 10 runs per sample and sample method.

The status Before Optimization are as a comparison 
where one can truly see the effects that hyperparameter 
tuning would have. It was observed that for every dataset 
size used, the baseline accuracy figures were on the lower 
side. For instance, for the dataset with 3000 records, the 

baseline accuracy of both Random Forest and GBM stood 
at 0.62, this indicates that there is so much room for further 
enhancement. SVM, EBR, and EPS had baseline accura-
cies of 0.66, 0.51, and 0.46, respectively and similarly better 
results were expected.

In general, the Proposed Method outperformed others 
in post-optimization accuracy across datasets and algo-
rithms, hence proving efficiency in navigating hyperpa-
rameter spaces. For Random Forest, the accuracy increased 
to 0.66, 0.65, and 0.66 for datasets with 500, 1000, and 3000 
entries, respectively, which again proved the scalability 
and robustness of the method. Similarly, GBM reached the 
highest values of accuracy with the Proposed Method, out-
performing all other alternative optimization approaches 
across dataset sizes.

While the accuracy for SVM was steadily at 0.66 for 
all dataset sizes, surprisingly, some methods like Bayesian 
Optimization and Nelder-Mead have shown a drop in accu-
racy with larger datasets. On the other hand, the Proposed 
Method acted to negate such effects, thus giving back the 
baseline accuracy of these methods and further supporting 
their reliability.

The Proposed Method had considerable improvements, 
such as EBR and EPS, for models with low baseline accura-
cies. For instance, EBR had an increase in accuracy to 0.58, 
0.57, and 0.58 for the three dataset sizes, while EPS had a 
constant accuracy of 0.56 across the datasets. This reflects 
how well the method generalizes to models with complex 
hyperparameter landscapes.

On the other hand, alternative methods for Bayesian 
Optimization and Nelder-Mead have mostly failed on data-
sets of larger sizes or with more complex models. Except 
for these, Grid Search and Random Search could give 
a decent improvement in accuracy but are much more 

Figure 5. R code compiler.
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computationally expensive reflected by longer execution 
time and higher memory usage.

Figure 6 summarizes, in general, that the Proposed 
Method does well in every algorithm and dataset scale con-
cerning accuracy, while it provides a clear indication of dif-
ferent optimization techniques that perform badly across 
different conditions.

Figure 7, the performance comparison of five algo-
rithms, namely, Random Forest, GBM, SVM, EBR, and 
EPS, for different optimization methods, namely, Before 
Optimization, Grid Search, Random Search, Bayesian 
Optimization, Nelder-Mead, and the Proposed Method. 
These results are averaged over several runs on datasets 
with 500, 1000, and 3000 entries.

This analysis puts into perspective the computa-
tional cost of each of these optimization techniques. It is 
good to refer to baseline times, such as from the Before 
Optimization scenario, for additional overhead brought in 
by the hyperparameter tuning process. Taking the example 
of the 3000-entry dataset, we observe that the baseline time 
taken for both Random Forest and GBM were well below 
times for Grid Search and Random Search. The numbers 
do not consider the performance improvement achieved by 
these optimizations.

Among all the algorithms and datasets, Grid Search and 
Random Search were the most time-consuming. That is in 
line with their exhaustive and stochastic approaches since 
they have to try a load of combinations of hyperparame-
ters. For instance, for SVM on the 3000-entry dataset, Grid 
Search had to spend a significantly longer amount of time 
compared to the Proposed Method. It reflected the trade-
off between time and performance: one invests time and 
enjoys superior improvements.

In most applications, the Proposed Method presented 
almost consistent low time consumption in contrast to 
competitive optimization output. It has shown competi-
tive matches or outperformed those methods, like Random 
Forest and GBM, with significantly lower required time, 
underlining efficiency in performing hyperparameter 
exploration.

Bayesian Optimization and Nelder-Mead showed mixed 
performance. Bayesian Optimization, on the one hand, is 
faster compared to Grid Search and Random Search but 
often returns less significant improvements in accuracy 
for EPS and EBR. The results of Nelder-Mead were mod-
erately consumptive with time but inferior to the Proposed 
Method in terms of performance and scalability, especially 
on large datasets.

Figure 6. Accuracy comparison of machine learning algorithms under different optimization techniques.
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Among these, time consumption analysis underlined 
again that the Proposed Method would be effective in 
balancing between optimization effectiveness and com-
putational efficiency, establishing a stronger option of 
hyperparameter tuning across diverse settings.

Figure 8 presents the memory consumption of the five 
algorithms, namely Random Forest, GBM, SVM, EBR, 
and EPS using different optimization methods: Before 
Optimization, Grid Search, Random Search, Bayesian 
Optimization, Nelder-Mead, and the Proposed Method. 
The memory consumptions were averaged over multi-
ple runs while the datasets contained 500, 1000, and 3000 
entries.

This analysis gives an indication of the differing mem-
ory requirements for hyperparameter tuning techniques. 
The Before Optimization scenario acts as our baseline. It 
shows what memory usage looks like without any iterative 
tuning. Not surprisingly, baseline memory stayed lower 
than any of the optimization methods across every dataset 
size we tried, since no extra computation is happening at 
this stage.

Grid Search and Random Search turned out to be the 
heaviest on memory in every scenario. Both have to go 

through a large number of hyperparameter combinations 
(Grid Search exhaustively, Random Search stochastically), 
and that pushes up the resource demand. On the 3000-
entry dataset, for example, Grid Search on GBM and EPS 
used noticeably more memory than our Proposed Method 
did.

The Proposed Method came out ahead on memory effi-
ciency. For Random Forest, GBM, and SVM, it produced 
results that were competitive with or better than the alter-
natives, but with a much lighter memory footprint. That 
makes it a good fit for setups where computing resources 
are tight, or where the work needs to scale up to bigger 
datasets.

Bayesian Optimization landed somewhere in the middle 
on memory use, doing a better job of balancing efficiency 
and computational demand than Grid Search or Random 
Search. The catch is that it did not always deliver large 
enough performance gains to justify itself. Nelder-Mead 
used the least memory of all the methods, but its results 
were often weak, especially on algorithms with complicated 
hyperparameter spaces like EBR and EPS.

To wrap up, the memory analysis points to the Proposed 
Method as the one that best balances resource use and 

Figure 7. Time comparison of machine learning algorithms under different optimization techniques.
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optimization quality. That makes it a solid option across a 
range of applications, whether you are working in a tight 
computing environment or handling large-scale datasets.

The findings in Table 5 highlight the performance of 
various hyperparameters across optimization methods, 
dataset sizes, accuracy, processing time, and memory usage. 
Each hyperparameter’s best-performing method is identi-
fied, and the effect of dataset size on overall performance is 
analyzed comprehensively.

As illustrated in Figure 9, the hyperparameter optimi-
zation results are further visualized across the three met-
rics (accuracy, time, and memory) for five optimization 
methods: Proposed Method, Grid Search, Random Search, 
Bayesian Optimization, and Nelder-Mead. The figure offers 
a detailed breakdown of the performance of these methods 
for each hyperparameter and dataset size (500, 1000, and 
3000 entries).

mtry: The Proposed Method achieved the best perfor-
mance for the mtry parameter across all dataset sizes. While 
the accuracy for the small dataset (500 samples) was 0.6174, 
it increased to 0.6644 for the large dataset (3000 samples). 
Processing time grew with dataset size, from 5.83 seconds 

for the small dataset to 60.27 seconds for the large dataset. 
Similarly, memory usage increased with larger datasets.

ntree: The ntree hyperparameter performed best with 
the Grid Search method, achieving the highest accuracy 
of 0.6857 on the medium-sized dataset (1000 samples). 
However, this performance came with significant costs in 
processing time and memory usage. For the large dataset, 
processing time rose to 540 seconds, with memory usage 
reaching 226 MB.

degree: The Proposed Method provided high accu-
racy for the degree parameter on small and medium-sized 
datasets but showed a decline in accuracy (0.5851) for the 
large dataset (3000 samples). Processing time significantly 
increased for larger datasets, reaching 20.43 seconds.

gamma: The Proposed Method outperformed other 
methods for small datasets, while Random Search achieved 
the best accuracy on medium-sized datasets. For large data-
sets, the Proposed Method maintained shorter processing 
times than other methods, though its accuracy was limited 
to 0.5608.

cost: For the cost parameter, the Proposed Method 
demonstrated shorter processing times and lower memory 

Figure 8. Memory comparison of machine learning algorithms under different optimization techniques.
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usage. That said, on accuracy, it trailed behind Grid Search 
and Bayesian Optimization.

minobsinnode and ntree: For these two hyperparame-
ters, the Proposed Method held up well across dataset sizes 
of every scale, staying efficient on both runtime and mem-
ory use relative to the other methods.

shrinkage: On small datasets, Bayesian Optimization 
came out on top with an accuracy of 0.68. As the data-
set grew, though, the Proposed Method generalized bet-
ter, which speaks to how well it adapts under different 
conditions.

eps-subsample and eps-p: While Grid Search and 
Bayesian Optimization had better accuracy, these methods 

Table 5. Hyperparameter optimization results across different dataset sizes and methods

Hyperparameter Best Method Dataset Size Best Accuracy Time (s) Memory (MB)
mtry Proposed Method 500 0.6174497 5.83135 181.3848

1000 0.65 16.0182 189.792
3000 0.664451 60.2661 227.0672

ntree Grid Search 500 0.671428 60.1103 189.615
1000 0.685714 120.629 198.834
3000 0.682577 540.857 226.311

degree Proposed Method 500 0.614864 1.43987 158.584
1000 0.634551 3.36655 159.090
3000 0.585177 20.4345 160.967

gamma Proposed Method 500 0.590604 0.7777 161.242
Random Search 1000 0.63815 16.1707 176.018
Proposed Method 3000 0.560840 22.3856 160.930

cost Proposed Method 500 0.53333 60.2175 158.583
1000 0.51986 300.907 158.890
3000 0.5608 23.8777 161.124

ntree Proposed Method 500 0.664429 26.146 161.801
1000 0.6369 26.294 162.451
3000 0.64269 32.2069 165.083

minobsinnode Proposed Method 500 0.65100 25.295 161.797
1000 0.67109 27.135 162.448
3000 0.651548 32.2606 165.078

shrinkage Bayesian Optimization 500 0.68 25.6277 160.619
1000 0.6345 35.2656 162.121

Proposed Method 3000 0.63676 33.465 165.079
eps-subsample Bayesian Optimization 500 0.2234 6.7714 180.346

Proposed Method 1000 0.5619 51.800 227.340
Grid Search 3000 0.503 900.151 291.569

eps-b Proposed Method 500 0.482 240.811 360.983
Random Search 1000 0.3660 300.320 266.552
Bayesian Optimization 3000 0.5009 420.680 182.422

eps-p Random Search 500 0.2391 60.457 211.74
1000 0.3604 180.436 240.547

Bayesian Optimization 3000 0.4885 420.122 182.422
ebr-subsample Grid Search 500 0.3678 360.503 395.283

Random Search 1000 0.3769 1380.72 467.708
Grid Search 3000 0.5409 3600.05 733.654

ebr-attrspace Random Search 500 0.3395 660.852 387.531
1000 0.4126 1860.81 468.678
3000 0.540 3600.92 181.742
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consumed quite a lot of processing time and memory, 
especially for large datasets. On the contrary, the Proposed 
Method yielded balanced results, performing exception-
ally well on medium-sized datasets, hence quite feasible for 
application.

ebr-subsample and ebr-attrspace: The Grid Search pro-
duced the best accuracy with 0.5409 for big datasets but at 
the price of very high processing time, 3600 seconds, and 
memory, 733 MB, hence it becomes computationally infea-
sible in resource-constrained settings.

In a nutshell, the Proposed Method has established itself 
as a robust and efficient optimization method for a vari-
ety of hyperparameters and dataset sizes. While traditional 
methods like Grid Search and Random Search are highly 
accurate, their computational cost is prohibitively high for 
larger datasets. Bayesian Optimization and Nelder-Mead 
gave a moderate performance but failed to be consistent. 
The Proposed Method strikes a good balance between 

accuracy, processing time, and memory efficiency; hence, 
it is the most practical choice for hyperparameter optimiza-
tion in diverse contexts.

CONCLUSION

This paper proposes a holistic framework for predict-
ing developers’ experiences with programming languages 
using the SO dataset. The researchers have prepared three 
datasets of different sizes: 500, 1000, and 3000 entries. They 
applied different machine learning algorithms along with 
different optimization techniques. Results show the inter-
relation between dataset size, optimization methods, and 
important performance metrics such as accuracy, memory 
usage, and computational efficiency.

The Proposed Method came out to be the best among 
them, as it always outperformed traditional optimization 
techniques in the prediction of developer experiences from 

Figure 9. Hyperparameter optimization results for different methods and dataset sizes across various metrics.
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the SO dataset. It achieves better performance and effi-
ciency due to enhanced hyperparameter tuning and high-
er-order machine-learning strategies. This approach marks 
a leap in the development of hyperparameter optimization 
by incorporating easy-to-use tools with advanced optimi-
zation techniques.

Additionally, in many cases where the lighter datasets 
were indeed produced, larger datasets are usually associ-
ated with less precise results and impose a cost on higher 
computation. Some of the above considerations denote a 
delicate balance that existed between dataset size and algo-
rithmic choice toward optimal performance. The Proposed 
Method presents excellent adaptability among different 
optimization techniques that include Grid Search, Random 
Search, and Bayesian Optimization. Coupled with Bayesian 
Optimization, the approach grants an excellent balance 
between exploration and exploitation for improved perfor-
mance with low computational overhead.

One of the key contributions of this study is the develop-
ment of HyperOpt, a web application designed to automate 
hyperparameter optimization and support model building. 
Beyond the new optimization method we propose here, 
HyperOpt gives users an R-based platform they can actu-
ally work with, letting them predict developer experience 
from the programming languages they prefer. It takes much 
of the pain out of hyperparameter tuning on large datasets, 
which is where the real bottleneck tends to sit, and that use-
fulness carries across both research and industry settings.

In the future, many avenues are open to explore for 
improving both the methodology and its application. 
Much more can be done to extend the range of supported 
machine learning algorithms, introducing more hyperpa-
rameters for an even more flexible and fine-grained insight 
into model performances. The testing of methodology on 
various datasets and research into the adaptation of this 
approach within a real-time system would further assert 
robustness.

Apart from these, a comparative study incorporat-
ing techniques like Hyperband, TPE, and genetic algo-
rithms may also be presented to establish the efficacy of 
the Proposed Method against those in the state of the art. 
Also, besides providing accuracy, performance metrics like 
precision, recall, F1 score, and ROC curves should not go 
unmentioned. At the backend, a much more scalable and 
responsive HyperOpt is achieved through some additional 
steps of optimization regarding parallel computation, the 
use of distributed systems, and feedback mechanisms in 
real time.

The interface of the web application, including result 
visualization and integration of user feedback, requires 
further improvements to enhance its usability. Such 
enhancements are expected to make the application sig-
nificantly more accessible to users ranging from beginners 
to expert practitioners. Working on these aspects pushes 
the Proposed Method further toward being a method that 

scales well, holds up under real use, and stays approachable 
for practitioners looking at hyperparameter optimization.

This work sets a base to build on, both for optimization 
techniques themselves and for the web-based systems that 
put them to use. Sharpening the optimization methods, 
bringing in more algorithms, and folding in a wider set of 
evaluation metrics are the natural next steps if the goal is to 
stay close to the state of the art. What we have learned along 
the way feeds into building machine learning tools that run 
leaner and reach further.
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