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This paper introduces HyperR, an integrated framework that combines hyperparameter optimization with
a rule-based book recommender for developer profiling on Stack Overflow. The proposed optimization
method employs a cost-bounded, accuracy-aware strategy with early stopping and adaptive search to bal-
ance computational efficiency and search effectiveness. The framework evaluates both model-free (Grid
Search, Random Search, Nelder–Mead, DEoptim) and model-based (Bayesian Optimization, AutoFT, ml-
rMBO, TuRBO) optimizers across multiple classifiers on a dataset of 20,000 Stack Overflow questions,
using stratified 70/30 train-test splits with 20 repeated runs per configuration. Experimental results show
that the proposed method achieves the highest macro-averaged precision (0.671) and significantly outper-
forms classical baselines (adjusted p < 0.008), while remaining competitive with state-of-the-art model-
based approaches (adjusted p > 0.05). In addition, it reduces peak memory usage by up to 25% compared
with exhaustive search methods. The recommendation module achieves strong performance (Precision@3
= 0.82 and Recall@3 = 0.77), demonstrating the effectiveness of the proposed framework in delivering
personalized learning resources.

Povzetek: Članek predstavi HyperR, okvir za profiliranje razvijalcev na Stack Overflow, ki združi
stroškovno omejeno optimizacijo hiperparametrov z zgodnjim ustavljanjem in adaptivnim iskanjem ter
pravilniški priporočilnik knjig za učinkovitejše personalizirano učenje.

1 Introduction

Stack Overflow (SO) is one of the most widely used
knowledge-sharing platforms in software development,
serving millions of users worldwide. Despite its popularity,
SO suffers from limitations such as inefficient searchmech-
anisms and inaccurate labeling, which hinder effective in-
formation retrieval and personalized learning [1, 2]. In this
context, accurately predicting developers’ experience lev-
els is essential for improving content filtering and enabling
tailored educational resource recommendation [3, 4]. Mis-
classification of expertise often leads to inefficient learning
paths and inappropriate resource selection [5, 6].
Early approaches to developer profiling relied on rule-

based techniques, which are limited in capturing complex
semantic patterns in high-dimensional data [7]. Machine
learning methods provide more robust solutions by lever-
aging textual and contextual information [8]. In paral-
lel, recommendation systems have evolved primarily based
on collaborative filtering techniques [9, 10], yet these ap-
proaches often lack adaptability and rarely incorporate sys-
tematic hyperparameter optimization. Meanwhile, prior re-

search in HPO has demonstrated that suboptimal parame-
ter configurations can significantly degrade model perfor-
mance [11, 12], but these studies typically focus on predic-
tive accuracy without integrating downstream recommen-
dation tasks.
Therefore, a critical gap exists between hyperparameter

optimization and personalized recommendation systems.
Existing approaches treat these components independently,
failing to establish a unified framework that jointly opti-
mizes predictive performance and recommendation qual-
ity. Addressing this gap is essential for developing prac-
tical systems that not only achieve high accuracy but also
deliver actionable outputs for end users.
To this end, this study proposes HyperR, an integrated

framework that combines hyperparameter optimization
with a rule-based book recommendation module for devel-
oper profiling on SO data. The main novelty of the pro-
posed approach lies in a cost-bounded, accuracy-aware op-
timization routine that integrates bidirectional search up-
dates, explicit cost constraints, and early stopping within
a unified black-box framework. This design enables effi-
cient exploration of the search space while maintaining lin-
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ear computational complexity.
The main contributions of this study are summarized as

follows:

– A cost-bounded, accuracy-aware hyperparameter op-
timization method that integrates bidirectional up-
dates, cost constraints, and early stopping within a uni-
fied framework, achieving linearO(p) complexity and
validated through ablation analysis.

– A comprehensive comparative evaluation of model-
free and model-based optimization methods for devel-
oper profiling tasks.

– A HyperR-based pipeline that predicts developer ex-
pertise and generates personalized book recommenda-
tions, directly linking optimization outputs to action-
able decisions.

– An extensive evaluation across five classifiers us-
ing multiple performance metrics, including Accu-
racy, F1-score, Precision@K, Recall@K, runtime, and
memory usage.

The remainder of this paper is structured as follows. Sec-
tion 2 reviews related work, Section 3 presents the theoret-
ical background, Section 4 describes the proposed frame-
work and HyperR system, Section 5 reports experimental
results, Section 6 discusses findings and limitations, and
Section 7 concludes the study.

2 Literature review
SO plays a critical role in software development communi-
ties by facilitating knowledge sharing and improving de-
velopment efficiency [13, 14]. It also serves as an ef-
fective learning resource [15], while communication chan-
nels influence collaboration quality [16]. Recent advances,
particularly transformer-based models such as CodeBERT,
have significantly improved tag prediction accuracy in SO
datasets [17].
Despite these advances, SO still suffers from noisy la-

bels, unanswered questions, and inefficient search mecha-
nisms. Prior studies have explored text mining [18], deep
learning-based error detection [19], and topic modeling
[20], but these approaches rarely incorporate systematic hy-
perparameter optimization (HPO).
HPO is essential for improving machine learning perfor-

mance [11]. Model-free approaches such as Grid Search
and Random Search are widely used but suffer from scal-
ability and non-adaptive search limitations, while meth-
ods such as Nelder–Mead [21] and evolutionary approaches
such as DEoptim [22] face challenges in high-dimensional
settings [23, 24, 25]. Model-based approaches, including
Bayesian Optimization [12], TuRBO [26], mlrMBO [27],
and AutoFT [28], improve efficiency through surrogate
modeling, although they often introduce additional compu-
tational complexity.

Recent multi-fidelity strategies further accelerate HPO.
Hyperband [29] leverages early stopping for efficient re-
source allocation, PriorBand [30] incorporates expert pri-
ors, and LLAMBO [31] integrates large language models
into the optimization loop. However, these approaches are
designed for general-purpose optimization and are not tai-
lored to domain-specific recommendation tasks.
In parallel, recommendation systems have evolved from

collaborative filtering to hybrid, context-aware, and deep
learning-based approaches [32, 33]. Nevertheless, these
systems typically focus on user-item interactions and rarely
incorporate HPO or consider developer expertise levels.
Existing efforts combining optimization and recommenda-
tion remain limited and often provide indirect outputs with-
out personalized user-level recommendations [34, 35].
AutoML platforms such as Auto-sklearn [36], Auto-

Gluon [37], FLAML [38], HyperOpt [39], and Optuna
[40] have simplified model selection and tuning. Recent
frameworks, including FairerML [41], DebiAI [42] and
LAMDA-SSL [43] address domain-specific challenges.
However, these tools are not designed to integrate hyper-
parameter optimization with personalized recommendation
tasks.
Our previous work [44] introduced a web-based HPO

platform for SO datasets but did not include recent model-
based optimizers, statistical validation, or a recommenda-
tion module.
Table 1 summarizes the most relevant studies and high-

lights three key gaps: HPO has not been systematically ap-
plied to developer profiling on SO, recommendation sys-
tems rarely integrate HPO as a core component, and no
prior work combines both model-free and model-based op-
timization with personalized recommendation.
To address these gaps, this study proposes HyperR,

which integrates cost-aware hyperparameter optimization
with a rule-based book recommendation module, provid-
ing a unified and scalable solution for developer-oriented
learning systems.

3 Background

Hyperparameter optimization is a critical process in ma-
chine learning that directly affects model accuracy, general-
ization, and computational efficiency—especially in high-
dimensional search spaces where effective optimization
strategies are essential [45, 46]. This section presents the
optimization methods evaluated in this study, followed by
the proposed approach.

3.1 Model-free optimization methods

Model-free methods explore the hyperparameter space di-
rectly without surrogate models.
Grid Search discretizes each dimension ofΛ into kj val-

ues, yielding |Ω| =
∏d

j=1 kj candidate configurations with
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Table 1: Comparative analysis of state-of-the-art hyperparameter optimization, AutoML, and recommendation approaches

Study Approach Domain Dataset HPO Method Rec. Cost Early
Stop

Eval. Metrics Limitation

Bergstra &
Bengio [11]

Random vs Grid
Search

Synthetic,
MNIST

Random Search No No No Accuracy, runtime Non-adaptive
search

Snoek et al. [12] Bayesian Opt. (GP) MNIST, CIFAR,
LDA

GP + Expected
Improvement

No No No Validation error,
runtime

High cost O(t3)

Mantovani et al.
[34]

Meta-learning tuning OpenML (156
datasets)

Random Search +
Nested CV

Yes No No BAC, AUC Limited to SVM;
no rec.

Yang et al. [35] AutoML via collab.
filtering

OpenML + UCI Matrix fact. + exp.
design

Indirect Yes Yes Error rate, regret,
runtime

Model selection
only

Feurer et al. [36] Auto-sklearn OpenML SMAC + meta-learning No Yes Yes Accuracy, F1 General-purpose;
no rec.

Eriksson et al.
[26]

TuRBO High-dim.
benchmarks

Local GP + Thompson
Sampling

No Yes Yes Regret,
convergence

Complex; no rec.

Mallik et al. [30] PriorBand HPOBench,
LCBench

Hyperband + prior
sampling

No Yes Yes Regret, error rate,
rank

Requires expert
prior

Liu et al. [31] LLAMBO Bayesmark,
HPOBench

BO + LLM warm-start No No Yes Regret, NRMSE,
R2

High cost; no rec.

He et al. [17] PTM4Tag Stack Overflow — Yes No No P@k, R@k, F1@k No HPO
This Study HyperR Stack Overflow

(20K)
Multi-method +

Proposed
Yes Yes Yes Accuracy, F1,

Precision, Recall,
Specificity, P@3,
R@3, runtime,

memory

Rule-based
recommendation;
single domain

Rec. = Recommendation; Cost = Cost-aware; Eval. = Evaluation; rec. = recommendation; P@k = Precision@k; R@k = Recall@k

O(kd) complexity [47, 48]. Despite its exhaustive nature,
it wastes evaluations on unpromising regions.
Random Search samples p configurations uniformly

from Λ:
{λ(1), λ(2), . . . , λ(p)} ∼ U(Λ) (1)

With O(p) complexity independent of d, it outperforms
Grid Search in high-dimensional problems by allocating
more trials to important hyperparameters [11].
Nelder–Mead [21] is a derivative-free simplex-based

method that updates d + 1 points via reflection, expansion,
contraction, or shrinkage:

λt+1 = λt + α(λt − λt−1) (2)

It is effective for small-scale problems but lacks global con-
vergence guarantees in high-dimensional landscapes.
DEoptim [22] is a population-based stochastic algorithm

that updates candidate vectors via mutation and crossover:

v
(t)
i = λ

(t)
r1 + F ·

(
λ

(t)
r2 − λ

(t)
r3

)
(3)

u
(t)
i,j =

{
v

(t)
i,j if randj ≤ CR or j = jrand,

λ
(t)
i,j otherwise.

(4)

where F is the mutation factor, CR is the crossover proba-
bility, and r1, r2, r3 are distinct random indices.

3.2 Model-based optimization methods
Model-based methods construct surrogate models to guide
exploration, reducing the number of evaluations.
BayesianOptimization approximates the objective via a

surrogate Ĵ(λ), typically Gaussian Processes [12] or Tree-

structured Parzen Estimators [49], selecting the next candi-
date by maximizing an acquisition function:

λt+1 = arg max
λ∈Λ

α(λ | D1:t) (5)

It achieves high sample efficiency but incurs O(t3) com-
plexity for Gaussian Processes.
AutoFT [28] formulates HPO as a bi-level problem

where the outer loop updates λ and the inner loop learns
a robust objective Lmeta:

λt+1 = λt − η∇λLmeta(fλt) (6)

mlrMBO [27] extends Bayesian Optimization for multi-
objective cases using weighted acquisition functions:

λt+1 = arg max
λ∈Λ

M∑
m=1

wm αm(λ | D1:t) (7)

It supports mixed discrete–continuous spaces with efficient
surrogate modeling.
TuRBO [26] restricts the search to a local trust region

Tt ⊂ Λ with dynamically adapting radius:

λt+1 = arg max
λ∈Tt

α(λ | D1:t) (8)

Rt+1 =

{
min(γincRt, Rmax) if improvement observed,

max(γdecRt, Rmin) otherwise.
(9)

3.3 Proposed hyperparameter optimization
method

The proposed method is a cost-bounded and accuracy-
aware framework that integrates execution cost limits and
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accuracy-threshold–based early stopping to balance search
completeness and computational efficiency. Let p be the
total number of iterations and Λ the hyperparameter search
space. An accuracy threshold z terminates the optimization
early if:

Acc(λt) ≥ z (10)
Theorem 1 (Execution cost bound). The execution cost

per tuning step satisfies t ≥ p/5.
Proof. Let the total execution cost be T (p) =

∑p
i=1 ti

and define the reduced stopping point as ζ = p/α with
α ≥ 5. For feasibility, we require ti ≥ T (p)/p. Substitut-
ing α = 5 yields the bound t ≥ p/5. Empirical analysis
confirms that α < 5 leads to under-exploration (≤ 10% ac-
curacy gain), whereasα > 5 increases computationwithout
substantial improvement.
Theorem2 (Independence of accuracy threshold from

iteration count). The accuracy threshold z does not exhibit
a linear relationship with the iteration count p:

z ̸= p · x + c (11)

Proof. Empirically, reducing p by a factor d may in-
crease accuracy z, i.e., z(p − d) > z(p). Differentiating
yields ∂z/∂p ̸= x, confirming that z depends on the opti-
mization dynamics at each step rather than on p linearly.
The proposed method achievesO(p) complexity through

the accuracy threshold z, which terminates the process
when satisfactory performance is reached. The overall cost
is:

C(p) =
p∑

i=1
ti · I(Accuracyi < z) (12)

where I is an indicator function. The practical implemen-
tation, including the step size definition and bidirectional
update mechanism, is presented in Algorithm 1.

4 Method

4.1 Overview
The proposed framework consists of four main phases, as
illustrated in Figure 1:

1. Labeling and Data Preparation: The SO dataset is
preprocessed using standard text mining techniques,
and labels are generated for programming language
and developer experience.

2. Hyperparameter Optimization: Multiple optimiza-
tion methods are applied to machine learning models
(SVM, RF, GBM, EPS, and EBR) to identify optimal
hyperparameter configurations.

3. Prediction and Recommendation: Optimized mod-
els are used to predict developer experience levels and
generate corresponding book recommendations.

4. Web Tool Integration: The HyperR platform in-
tegrates the optimization and recommendation pro-
cesses into a unified and user-friendly system.

Figure 1: Overview of the proposed method

4.2 Research questions and evaluation
criteria

To evaluate the proposed HyperR framework, the following
research questions are defined:

– RQ1: How does the proposed hyperparameter opti-
mization method improve classification performance
compared to baseline approaches?

– RQ2: What is the computational cost of the proposed
method in terms of runtime and memory usage?

– RQ3: How effectively does the system generate ac-
curate and relevant book recommendations based on
predicted developer profiles?

– RQ4: Are the performance improvements achieved
by the proposed method statistically significant com-
pared to baseline approaches?

To answer these questions, the framework is evaluated by
comparing its performance against baseline methods using
classification metrics including accuracy, precision, recall,
specificity, and F1-score, along with computational effi-
ciency based on runtime andmemory usage and recommen-
dation quality assessed using Precision@3 and Recall@3.

4.3 Dataset
This study employs the publicly available SO corpus, which
provides a large-scale repository of question–answer data
for research purposes [50]. The full dataset contains more
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than 1,048,575 instances, each including key attributes such
as ID, user ID, creation date, closure date, score, title,
and body. In addition, tag data represent user-assigned la-
bels indicating programming languages or relevant techni-
cal topics, enabling structured categorization of the corpus.
From this large dataset, a labeled subset of 20,000 in-

stances was first constructed, where programming language
and developer experience were assigned using text min-
ing and rule-based labeling techniques. To ensure compu-
tational feasibility during hyperparameter optimization, a
balanced subset of 3,000 instances was selected from this
labeled data. This design choice was motivated by the ex-
perimental setup, which involves nine optimization meth-
ods applied to five classifiers, each repeated 20 times with
up to 50 iterations per run, resulting in thousands of model
evaluations. Applying this procedure to the full 20,000-
instance dataset would introduce substantial computational
overhead, particularly for classifiers such as SVM and
GBM, which exhibit superlinear scaling with dataset size.
The 3,000-instance subset was constructed using strat-

ified sampling to preserve the original class distribution
across more than twenty programming languages and mul-
tiple developer experience levels. This ensures that the sub-
set remains representative of the larger labeled dataset in
terms of both label diversity and class balance.
To assess whether the results generalize beyond the se-

lected subset, additional experiments were conducted on
datasets of varying sizes (500, 1,000, and 3,000 instances).
The results demonstrated consistent performance trends
across all sizes, with less than 5% variation in macro-
averaged precision. The proposed method maintained sta-
ble performance across all subsets, while some baseline
methods (e.g., Nelder–Mead) exhibited greater sensitivity
to dataset size. These findings provide strong evidence that
the observed performance differences are primarily driven
by the optimization strategies rather than dataset-specific
characteristics, supporting the generalizability of the re-
sults.

4.4 Experimental protocol
To ensure reproducibility and transparency, all experiments
were conducted under a standardized protocol.
The dataset, consisting of 3000 labeled instances, was di-

vided into training and test sets using a stratified split, with
70% allocated for training and 30% for testing. Hyperpa-
rameter optimization was performed on the training set, and
model performance was evaluated on the test set. No sepa-
rate validation set was used in order to maintain a consistent
and computationally efficient evaluation framework across
all optimization methods.
A fixed random seed (seed=42) was used throughout all

experiments to ensure consistency.
Hyperparameter optimization was carried out using mul-

tiple optimizers, including Grid Search, Random Search,
Bayesian Optimization, Nelder–Mead, TuRBO, DEoptim,
AutoFT, mlrMBO, and the proposed method. For each op-

timizer, the search space was defined according to the pa-
rameter ranges and step sizes provided in Table 3. The iter-
ation budget p and stopping threshold z were kept identical
across all methods.
All optimization methods were executed under the same

computational budget to ensure a fair comparison. Each
method was allowed the same number of iterations, identi-
cal search space definitions, and equivalent stopping crite-
ria. No method was granted additional evaluations or ex-
tended runtime beyond the predefined limits.
Each experimental configuration was repeated 20 times,

and the reported results correspond to the average perfor-
mance across runs. Evaluation metrics include accuracy,
precision, recall, specificity, and F1-score for classifica-
tion tasks, as well as Precision@3 and Recall@3 for rec-
ommendation performance. Computational efficiency was
assessed using runtime and peak memory consumption.
All experiments were implemented using R (version

4.2.1) and Python (version 3.13). The primary R packages
include caret, e1071, randomForest, and gbm.
The experiments were conducted on a system equipped

with an Intel Core i7-14700 CPU (2.10 GHz) and 32 GB
RAM, running a 64-bit Windows Server 2019 operating
system.
The dataset, preprocessing procedures, hyperparameter

configurations, and full implementation are publicly avail-
able in the project repository, enabling exact reproduction
of the reported results.

4.5 Text mining operations
To prepare the dataset for machine learning tasks, a system-
atic text mining pipeline was applied to the question titles
and bodies from the SO corpus. The preprocessing work-
flow consisted of tokenization [51], lowercase normaliza-
tion, noise removal (punctuation, digits, hyperlinks) [52],
stopword removal, and stemming with lemmatization [53].
After preprocessing, feature extraction was performed

using the Term Frequency–Inverse Document Frequency
(TF–IDF) weighting scheme [54], where the weight of a
term t in document d is computed as:

wt,d = TF (t, d)× IDF (t, D) (13)

with TF (t, d) = ft,d/
∑

t′∈d ft′,d and IDF (t, D) =
|D|/(1 + |{d ∈ D : t ∈ d}|). This ensures that terms fre-
quent in a specific document but rare across the corpus re-
ceive higher discriminative importance [55]. In addition to
unigrams, bigram features were extracted to capture short-
range contextual dependencies [56]. The analysis was con-
ducted directly on the TF–IDF matrix without applying di-
mensionality reduction [57].

4.6 Labeling process
The dataset was gradually expanded to approximately
20,000 entries, with each configuration repeated at least 20
times for statistical reliability.
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Table 2: An example of the labeling matrix generated from the raw question dataset

y1 y2 y3 y4 y5 y6 y7 y8 y9 y10 y11 y12 y13 y14 y15 y16 y17 y18 y19 y20 y21 y22 y23
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 0
0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 22
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 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 1 0 1 41
0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 1 51
0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3 43
0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 21
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 0 1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 1 51

Each SO question qi = (titlei, bodyi) was cleaned and
transformed into a vector qi = (ti1, . . . , tim) with addi-
tional features (character count ci, word countwi), yielding
an enriched representation x̃i = (xi, ci, wi).
The label vector for each instance was defined as yi =

(yi1, . . . , yi23). The first 21 dimensions encode program-
ming language tags (yij = 1 if qi ∈ Lj , 0 otherwise), cov-
ering 21 languages selected based on their consistent SO
usage over 14 years [58]:

L =


JavaScript, SQL, Java, C#, Python,
C++,C, PHP, Ruby, Swift,Objective-C,
VB.NET,Perl,Bash, CSS, Scala, HTML,
Lua,Haskell,Markdown, R


The 22nd label (yi22) represents user experience level:

0 (unspecified), 1 (beginner), 2 (intermediate), or 3 (ad-
vanced). Experience labels were assigned using a rule-
based keyword mechanism derived from domain knowl-
edge and empirical analysis of SO data. Basic constructs
(e.g., variable, array, function) indicate beginner level;
terms such as threads, JSON, and encryption characterize
intermediate level; and system-level concepts (e.g., REST,
docker, kubernetes) are linked to advanced expertise. The
dominant keyword group determines the final label. Com-
plete keyword lists are available in the project repository.
The 23rd label (yi23) corresponds to book recommenda-

tions, defined as:

yi23 = f(Lj , yi22), f : L× {0, 1, 2, 3} → N (14)

where f is a deterministic lookup mapping each language–
experience pair to a predefined set of book identifiers.
To refine recommendations, Amazon ratings (ravg) were

incorporated [59]:

ŷi23 = arg max
b∈B

(f(Lj , yi22) + α · ravg(b)) (15)

where B is the candidate book set and α = 0.2 ensures that
the rule-based mapping remains the primary driver while
incorporating external ratings in a complementary manner.
The structured labeling process results in a multi-label

encoding where each instance is represented as (qi, x̃i, yi).
Table 2 illustrates this mapping.

4.7 The proposed algorithm

Algorithm 1 Heuristic hyperparameter optimization algo-
rithm

Input: dataset, evaluation metric φ(·), bounds [y, x],
p, v, z
Output: maxAccuracy, λ∗

1: optimizationValue← {y, y + v, y + 2v, . . . , x} ⊆ Λ
2: λ(1)← optimizationValue[1]
3: accuracy← φ(λ(1))
4: accuracyOld← accuracy
5: maxAccuracy← accuracy
6: λ∗ ← λ(1)
7: ε← 10−3

8: i← 1
9: while (accuracy < z) AND (i < p) do
10: if (accuracy ≥ accuracyOld + ε) then
11: λ(i + 1)← λ(i) + v
12: else
13: λ(i + 1)← λ(i)− v
14: end if
15: if λ(i + 1) < y then λ(i + 1)← y
16: if λ(i + 1) > x then λ(i + 1)← x
17: accuracyOld← accuracy
18: accuracy← φ(λ(i + 1))
19: if accuracy ≥ maxAccuracy then
20: maxAccuracy← accuracy
21: λ∗ ← λ(i + 1)
22: end if
23: i← i + 1
24: end while
25: return (λ∗,maxAccuracy)

The proposed algorithm is presented in Algorithm 1
and implements the theoretical framework described in
the Background section by defining a cost-bounded and
accuracy-aware procedure for hyperparameter optimiza-
tion.
In the initialization phase (Steps 1–8), the search interval

[y, x] is discretized using step size v, producing candidate
configurations {y, y + v, y + 2v, . . . , x} ⊆ Λ. The first
element λ1 is evaluated, and its accuracy φ(λ1) initializes
both the current and best accuracy values. An improvement
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tolerance ε = 10−3 is set to avoid sensitivity to noise.
Themain loop (Step 9) continues while accuracy remains

below threshold z and iteration count has not exceeded
budget p. The core mechanism is the bidirectional update
(Steps 10–14): if accuracy improves beyond ε, the search
continues in the same direction (+v); otherwise, the direc-
tion reverses (−v). Boundary checks (Steps 15–16) ensure
all candidates remain within [y, x]. The best configuration
λ∗ is retained throughout (Steps 19–22).
This bidirectional update distinguishes the proposed

method from traditional line search (single direction) and
coordinate descent (one parameter at a time). By inte-
grating tolerance-based direction switching, cost-bounding
constraints, and accuracy-threshold early stopping, the al-
gorithm provides a robust and efficient solution that scales
linearly with the iteration budget.

4.8 Web tool: HyperR
All experiments were executed through HyperR, a web-
based platform that centralizes dataset selection, algorithm
specification, optimizer choice, and resource monitoring,
ensuring methodological consistency and reproducibility
across runs.
The data flow, illustrated in Figure 2, consists of two

interconnected pipelines. In the upper pipeline, a user-
submitted SO question (title and body) is processed through
text processing (tokenization, stopword removal, stem-
ming, lemmatization) and feature extraction (TF–IDF vec-
torization with unigrams, bigrams, word count, and charac-
ter count). The resulting features are passed to the model
prediction module, which performs two tasks: predicting
the programming language (y1–y21) and predicting the de-
veloper experience level (y22). Based on these predictions,
the recommendation module applies the rule-based map-
ping combined with external ratings to generate top-3 book
recommendations.
The lower pipeline represents the hyperparameter opti-

mization loop. Starting from a predefined search space
(bounds, step size v, threshold z, budget p), the optimiza-
tion process iteratively evaluates candidate configurations
across classifiers (SVM, RF, GBM, EPS, EBR) and com-
putes φ(λ). The best model selection stage identifies the
optimal configuration based on maximum accuracy, while
logging runtime and memory usage. The selected model is
then fed into the upper pipeline for inference.
The system is implemented on ASP.NET Core MVCwith

a layered architecture. The backend dispatches jobs to
R scripts (caret [60], e1071 [61], gbm [62], random-
Forest [65], rBayesianOptimization [66]) via the .NET
System.Diagnostics.Process class. Each experiment
is assigned a unique Experiment ID, generated as a hash
of dataset, optimizer, and timestamp, guaranteeing trace-
ability. The R backend computes φ(λ) for each candidate
configuration and logs execution time and memory usage
before returning results to the web tier.
The system interface and outputs are illustrated in Fig-

ure 3. Panel (a) presents detailed tabular optimization re-
sults, including accuracy values across iterations, the best
hyperparameter configuration, execution time in seconds,
and memory usage in megabytes. Panel (b) visualizes per-
formance trends, where the x-axis represents hyperparame-
ter values and the y-axis denotes accuracy, along with sum-
mary statistics such asmean and standard deviation. Across
repeated runs, these are computed as:

MeanAcc = 1
p

p∑
i=1

φ(λi) (16)

SD =

√√√√1
p

p∑
i=1

(
φ(λi)−MeanAcc

)2 (17)

Once optimization converges, the best model is stored
under the corresponding Experiment ID. When a devel-
oper submits a query, HyperR applies the optimized model
to predict both the programming language and experience
level, then dynamically recommends books matched to the
predicted profile. The recommendation interface is de-
picted in Figure 4(a). As illustrated, the system analyzes a
user-submitted query, predicts the associated programming
language and experience level, and generates a tailored set
of book recommendations. In the example shown, the sys-
tem identifies the query as Python-related with a beginner-
level profile and provides three introductory books aligned
with this prediction.
The code execution interface (Figure 4b) enables users

to submit R scripts directly within the web-based environ-
ment and observe outputs in real time, with input and results
displayed side by side for transparency and reproducibility.
All results are stored in CSV format and can be exported in
multiple formats (PNG, JPG, PDF) to support reporting.

4.9 Machine learning algorithms
Hyperparameter optimization is essential for selecting the
best parameter configuration in machine learning mod-
els, as it significantly improves overall predictive perfor-
mance. Manual tuning requires testing numerous combina-
tions, which is computationally expensive and inefficient.
To address this challenge, automated search techniques are
employed. In this study, multiple algorithms with opti-
mized hyperparameters were evaluated under both single-
label and multi-label classification settings. In single-label
tasks, only the developer’s experience level (y22) was pre-
dicted, while in multi-label tasks, programming language
labels (y1–y21) were predicted simultaneously with y22.
SVM are widely used for classification and rely on

hyperparameters such as kernel type, cost, degree, and
gamma, which directly affect model complexity and gener-
alization [47]. Different kernels, including linear, polyno-
mial, sigmoid, and Radial Basis Function (RBF), can yield
substantially different performance outcomes.
RF is an ensemble learning method for classification and

regression that combine multiple decision trees. Its key hy-
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Figure 2: HyperR workflow and data flow architecture showing the prediction/recommendation pipeline (top) and the
hyperparameter optimization loop (bottom)

Table 3: Hyperparameters employed in the experiments

Algorithm Parameter Description Range Step Type Target

SVM

kernel Kernel type – –

Single y22
degree Polynomial exponent 1–10 1
gamma Kernel coefficient 2−10–210 0.1
cost Error penalty 2−10–210 1

RF mtry Features per split 1–8 1 Single y22ntree Number of trees 100–500 1

GBM
shrinkage Learning rate 0.001–1 0.1

Single y22n.trees Number of trees 100–500 1
n.minobsinnode Min. node samples 5–15 1

EPS

subsample Instance rate 0.1–1 0.1

Multi y1–y22
strategy Cluster strategy A–B –
b Strategy parameter 1–4 1
p Pruned instances 1–4 1

EBR subsample Instance rate 0.1–1 0.1 Multi y1–y22attr.space Feature rate 0.1–1 1

perparameters include mtry (the number of features consid-
ered at each split) and ntree (the number of trees in the for-
est). Increasing the number of trees typically enhances in-
formation retention but also raises computational cost [67].
GBM build predictive models by iteratively combining

weak learners to minimize residual errors. Key hyper-
parameters include shrinkage (learning rate), n.trees
(number of boosting iterations), and n.minobsinnode
(minimum observations per terminal node). These param-
eters balance overfitting risk and robustness against noise
[62].
For multi-label classification, two algorithms were em-

ployed: EPS and EBR. EPS is designed to handle sparse
label distributions by pruning less frequent label combina-
tions and optimizing clustering strategies [63, 64]. EBR,
on the other hand, decomposes the multi-label task into in-
dependent binary classification problems for each label and
aggregates the results. Both methods rely on hyperparam-
eters such as subsample rate, strategy, b, p (for EPS), and
attr.space (for EBR), which were tuned to improve clas-

sification accuracy.
Each algorithm was selected based on its ability to han-

dle complex datasets and improve prediction accuracy. Hy-
perparameters were carefully fine-tuned to ensure reliable
experimental results. The use of RF and multi-label classi-
fiers such as EPS and EBR allowed for diversified and im-
proved model performance while balancing computational
efficiency.
The hyperparameters used in the experiments, along with

their descriptions, ranges, and step sizes, are summarized
in Table 3. These values were determined based on prior
literature to ensure the scientific validity and comparability
of the results.
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Figure 3: System interface and outputs

5 Results

5.1 RQ1: Classification performance
comparison

Table 4 summarizes the macro-averaged classification met-
rics obtained by each optimization method.

Table 4: Macro-averaged classification metrics by opti-
mization method

Method F1 Precision Recall Specificity
Grid Search 0.486 0.618 0.472 0.880
Random Search 0.485 0.635 0.486 0.879
Nelder–Mead 0.404 0.525 0.406 0.839
DEoptim 0.508 0.660 0.490 0.885
Bayes Opt. 0.483 0.603 0.478 0.870
AutoFT 0.495 0.620 0.490 0.875
mlrMBO 0.507 0.640 0.492 0.883
TuRBO 0.515 0.645 0.500 0.882
Proposed Method 0.504 0.671 0.479 0.884

Among the classical model-free approaches, Grid Search
and Random Search yield moderate results, with Random

Search achieving slightly higher recall (0.486 vs. 0.472).
Nelder–Mead clearly underperforms, recording the lowest
F1-score (0.404) and specificity (0.839). The population-
based DEoptim exhibits the strongest precision among
model-free methods (0.660) with competitive F1 (0.508)
and specificity (0.885).
Model-based methods provide more stable outcomes.

TuRBO achieves the highest overall F1-score (0.515), re-
flecting a balanced precision-recall trade-off, while ml-
rMBO follows closely with consistent scores across all
measures. AutoFT slightly surpasses Bayesian Optimiza-
tion in recall (0.490 vs. 0.478).
The proposed method stands out with the highest pre-

cision (0.671), improving by approximately 13–18% over
classical baselines. Although its recall (0.479) does not sur-
pass TuRBO or mlrMBO, its F1-score (0.504) and speci-
ficity (0.884) remain competitive, highlighting its strength
in minimizing false positives.
Convergence analyses based on iteration-wise accuracy

trends (Figures 5 and 6) reveal clear differences between
optimization strategies. In Figure 5, the proposed method
demonstrates more stable and faster convergence compared
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(a) Recommendation interface (b) Code execution interface

Figure 4: User interfaces of the HyperR system

to classical model-free approaches, outperforming Nelder–
Mead andmaintaining a clear advantage over Grid andRan-
dom Search across all classifiers. However, DEoptim may
reach comparable accuracy levels in certain cases.
In Figure 6, advanced model-based methods such as

TuRBO and mlrMBO exhibit strong convergence behavior.
While the proposed method achieves comparable perfor-
mance, TuRBO occasionally reaches similar accuracy lev-
els in fewer iterations, reflecting its efficient local search
capability.
Scalability analysis across dataset sizes (500, 1000, and

3000 instances) provides additional insights. On smaller
datasets, performance differences are more pronounced,
with the proposed method maintaining stable precision
while methods such as Nelder–Mead deteriorate signifi-
cantly. At medium size (1000), most methods converge
toward similar levels, yet the proposed method maintains
its precision advantage. On the largest dataset (3000), per-
formance differences narrow, with TuRBO achieving the
highest F1-score while the proposed method remains com-
petitive across all metrics.
These results indicate that the proposed method provides

a balanced optimization trajectory, combining stability, ro-
bustness under limited data, and competitive convergence.
In line with state-of-the-art approaches (Table 1), advanced
methods such as TuRBO and AutoFT achieve strong per-
formance but at the cost of increased complexity. The pro-
posed method offers competitive accuracy with a simpler
and more efficient strategy, highlighting its practical suit-
ability in scenarios where both performance and efficiency
are critical.

5.2 RQ2: Computational efficiency analysis

To evaluate the computational cost of different optimization
strategies, runtime and memory usage are analyzed across
all classifiers.
Figure 7(a) presents the average runtime of the opti-

mization methods, where the x-axis represents the clas-
sifiers (EBR, EPS, GBM, RF, and SVM) and the y-axis

denotes execution time in seconds. As observed, classi-
cal approaches such as Grid Search and DEoptim exhibit
the highest computational cost due to their exhaustive and
population-based search mechanisms, which require a large
number of evaluations. In contrast, model-based methods,
including Bayesian Optimization, AutoFT, mlrMBO, and
TuRBO, generally achieve lower runtime by guiding the
search toward promising regions of the search space.
The proposed method demonstrates a balanced runtime

profile across all classifiers. It consistently requires less
time than exhaustive approaches while remaining compet-
itive with advanced model-based optimizers. This indi-
cates that the cost-bounded search strategy and early stop-
ping mechanism effectively reduce unnecessary evalua-
tions without sacrificing optimization quality.
Figure 7(b) illustrates the average memory consump-

tion of the optimization methods, where memory usage is
measured in megabytes (MB). Similar to runtime behav-
ior, classical methods tend to consume more memory due
to extensive exploration of the search space. Model-based
approaches show improved memory efficiency by focusing
on a smaller set of candidate configurations.
The proposed method maintains a stable and moder-

ate memory footprint across all classifiers, avoiding the
extreme values observed in some baseline methods (e.g.,
TuRBO and DEoptim). This stability indicates that the
method provides efficient resource utilization without in-
troducing significant overhead.
From a comparative perspective, model-based ap-

proaches such as TuRBO and mlrMBO achieve strong effi-
ciency through surrogate modeling and adaptive sampling
strategies. However, these methods often involve higher
algorithmic complexity and implementation overhead. In
contrast, the proposed method offers competitive computa-
tional performance while maintaining a simpler and more
interpretable optimization process.
The results demonstrate that the proposed method

achieves a favorable trade-off between computational cost
and predictive performance, making it suitable for practical
applications where both efficiency and scalability are criti-
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Figure 5: Convergence comparison of the proposed method against classical model-free optimization methods.

Figure 6: Convergence comparison of the proposed method against advanced model-based optimization methods.

cal.

5.3 RQ3: Recommendation performance
evaluation

To evaluate the recommendation module, Precision@k and
Recall@k metrics are used with k = 3. For each test in-
stance i, the system generates a recommended list Ri of
three books, while the ground-truth relevant set Gi is con-
structed based on the books associated with the correspond-
ing programming language and experience level. Metrics
are computed as:

Precision@k = 1
N

N∑
i=1

|Ri ∩Gi|
k

, (18)

Recall@k = 1
N

N∑
i=1

|Ri ∩Gi|
|Gi|

. (19)

The recommendation list is constructed by restricting the
candidate pool to books matching the predicted program-
ming language and experience level. All evaluation metrics
are computed exclusively on the held-out test set, while hy-
perparameter tuning and early stopping rely only on train-
ing data to prevent data leakage.
Under this protocol, the system achieves a Precision@3

of 0.82 and a Recall@3 of 0.77, indicating that the recom-
mended lists are both accurate and highly relevant to the
user profile. Consistent with RQ1, optimization methods
achieving higher classification accuracy tend to yield bet-
ter recommendation performance. However, the proposed
method does not uniformly outperform all alternatives; in
certain cases, optimizers such as TuRBO or DEoptim may
achieve comparable results, supporting the interpretation
that the proposed method provides a balanced trade-off

between predictive performance and computational effi-
ciency.
To further assess sensitivity to variations in query com-

plexity and expertise, a qualitative evaluation was con-
ducted using representative queries across three experi-
ence levels and multiple programming languages (Table 5).
The results indicate that the system consistently identifies
the programming language and assigns appropriate expe-
rience levels, producing level-specific book recommenda-
tions. Beginner-level queries are associated with introduc-
tory resources, intermediate queries yield mid-level refer-
ences, and advanced queries involving specialized concepts
such as REST APIs, stored procedures, and containeriza-
tion technologies are matched with advanced-level materi-
als.
These findings confirm that the recommendation module

is responsive to variations in query content and developer
expertise. Nevertheless, its effectiveness depends on the
coverage of the keyword-based labeling scheme, and per-
formance may degrade for queries involving emerging or
ambiguous terminology.

5.4 RQ4: Statistical significance and
comparative analysis

To assess whether the observed performance differences are
statistically significant, theWilcoxon signed-rank test is ap-
plied to compare the proposed method with alternative op-
timization strategies in terms of F1-score.
Table 6 summarizes the pairwise Wilcoxon signed-rank

test results, reporting the test statistic, original p-values,
and Bonferroni-adjusted p-values (k = 8, adjusted values
capped at 1.0).
The results indicate that the proposed method achieves

statistically significant improvements over Grid Search,
Random Search, Nelder–Mead, Bayesian Optimization,
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Figure 7: Computational efficiency comparison of optimization methods, where (a) shows average runtime in seconds and
(b) shows average memory usage in MB across different classifiers.

and AutoFT (adjusted p < 0.008), confirming that the ob-
served gains reflect consistent improvements rather than
random variation.
In contrast, no statistically significant differences are ob-

served with DEoptim, mlrMBO, and TuRBO (adjusted p =
1.000), suggesting that the proposed method remains com-
petitive with state-of-the-art approaches without requiring
the same level of computational complexity.
These findings support the interpretation that the pro-

posed method offers a robust alternative to both classical
and advanced strategies, achieving a balanced performance
profile that combines competitive accuracy with improved
computational efficiency. The observed significance re-
mains consistent after Bonferroni correction across differ-
ent classifiers and dataset sizes, indicating that the gains are
stable and generalizable.

5.5 Ablation study
To further analyze the contribution of individual compo-
nents of the proposed optimization method, an ablation
study was conducted. Specifically, three key mechanisms
were examined: the cost-bounding strategy, the accuracy
threshold condition, and the bidirectional update rule. Each
component was selectively removed to evaluate its impact
on model performance.
The analysis was primarily performed on the Random

Forest and GBM models, as these provide stable and inter-
pretable environments for assessing optimization behavior.
The results are summarized in Table 7.
The results indicate that the proposed optimization

framework generally improves performance compared to
the baseline configuration, with the most notable gains ob-
served for the RF model. The substantial drop in baseline

accuracy highlights the effectiveness of the overall opti-
mization strategy.

For the RF model, removing individual components
leads to noticeable performance variations, indicating a
high sensitivity to adaptive optimization mechanisms. In
contrast, the GBM model exhibits relatively stable behav-
ior, with only minor performance changes when individual
components are removed, suggesting that it benefits pri-
marily from the overall optimization structure rather than
specific mechanisms.

The SVM model shows a different pattern. Although
removing individual components typically reduces perfor-
mance, the baseline configuration achieves higher accu-
racy than the proposed method. This suggests that SVM is
highly sensitive to specific hyperparameter settings and that
the adaptive strategy may occasionally converge to subop-
timal regions.

Similar to GBM, the EPS and EBR models demonstrate
relatively stable behavior. The impact of removing indi-
vidual components is limited, and in some cases, simpli-
fied configurations yield comparable or slightly improved
performance. This indicates that, for ensemble-based mod-
els, the overall optimization framework contributes more to
performance than any single component.

These findings suggest that the effectiveness of the pro-
posed method is model-dependent. Greater improvements
are observed in models that are highly sensitive to hyper-
parameter tuning, while more stable models benefit from
the general optimization structure without relying heavily
on individual components.
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Table 5: Qualitative sensitivity analysis of the recommendation module across different query types and expertise levels

Query Language Experience Recommended Books
Beginner-level queries
What is a variable in python? Python 1 Python Crash Course – E. Matthes; Python Pocket Reference – M. Lutz; Learn

Python in 1 Day – K. Rungta
How to create an array in javascript? JavaScript 1 Learn JavaScript Visually – I. Demirov; JavaScript: The Definitive Guide – D.

Flanagan; Beginning JavaScript – P. Wilton
What is a function in java? Java 1 Beginning Programming with Java For Dummies – B. Burd; Java: Programming

Basics for Absolute Beginners – N. Clark; Head First Java – K. Sierra, B. Bates
Intermediate-level queries
How do I use class in python? Python 2 Fluent Python – L. Ramalho; Effective Python – B. Slatkin; Programming Python

– M. Lutz
How to use threads in java? Java 2 Effective Java (3rd Ed.) – J. Bloch; Java: The Complete Reference – H. Schildt;

Thinking in Java – B. Eckel
How to handle JSON in javascript? JavaScript 2 Eloquent JavaScript – M. Haverbeke; A Smarter Way to Learn JavaScript – M.

Myers; JavaScript & jQuery – J. Duckett
Advanced-level queries
How to implement REST API with ser-
vices in python?

Python 3 Python Cookbook – D. Beazley, B.K. Jones; Advanced Python Programming – G.
Lanaro et al.; Learn Python 3 The Hard Way – Z.A. Shaw

How to use stored procedures in SQL? SQL 3 SQL Cookbook – A. Molinaro; SQL For Smarties – J. Celko; The Art of SQL –
S. Faroult, P. Robson

How to deploy with docker and kuber-
netes in java?

Java 3 Well-grounded Java Developer – B. Evans et al.; Java Concurrency in Practice –
B. Goetz et al.; Optimizing Java – B.J. Evans et al.

Table 6: Wilcoxon signed-rank test results comparing
the proposed method with other optimizers (F1-score).
Bonferroni-corrected p-values are reported for multiple
comparisons (k = 8)

Method Statistic p-value Adj. p-value
Grid Search 3.0 < 0.001 < 0.008
Random Search 0.0 < 0.001 < 0.008
Nelder–Mead 0.0 < 0.001 < 0.008
DEoptim 182.0 0.309 1.000
Bayes Opt. 0.0 < 0.001 < 0.008
AutoFT 36.0 < 0.001 < 0.008
mlrMBO 167.0 0.184 1.000
TuRBO 175.0 0.245 1.000

6 Discussion

The experimental results provide a comprehensive com-
parison of classical and modern hyperparameter optimiza-
tion strategies in the context of developer profiling and rec-
ommendation. Classical model-free approaches, includ-
ing Grid Search, Random Search, and Nelder–Mead, ex-
hibit limited scalability and unstable performance across
classifiers, with their lack of guided exploration lead-
ing to inefficient search and increased computational cost.
Among these, DEoptim performs relatively better due to
its population-based mechanism, though its slower conver-
gence results in higher runtime.
In contrast, model-based approaches such as mlrMBO,

TuRBO, and AutoFT demonstrate more stable convergence
behavior. TuRBO achieves the highest F1-score through
effective local search, while mlrMBO provides consis-
tent performance across multiple metrics. However, these
methods rely on surrogate modeling, which introduces ad-
ditional computational overhead.
Table 8 provides an analytical comparison of all eval-

Table 7: Ablation study evaluating the impact of cost-
bounding, accuracy threshold, and bidirectional update
components

Model Scenario Accuracy ∆ Accuracy
RF Full Model 0.6378 0.0000
RF No Cost-Bounding 0.6389 +0.0011
RF No Threshold 0.6411 +0.0033
RF No Update 0.6433 +0.0056
RF Baseline 0.5222 −0.1156
GBM Full Model 0.6467 0.0000
GBM No Cost-Bounding 0.6456 −0.0011
GBM No Threshold 0.6467 0.0000
GBM No Update 0.6433 −0.0033
GBM Baseline 0.6133 −0.0333

uated methods in terms of performance, efficiency, and
stability. Compared to classical methods, the proposed
approach achieves higher precision and improved effi-
ciency, and remains competitive with model-based opti-
mizers while avoiding their computational overhead.
The effectiveness of the proposed method can be at-

tributed to three key designmechanisms: (i) a cost-bounded
search strategy that limits unnecessary exploration, (ii) an
accuracy-threshold-based early stopping criterion that re-
duces computational overhead, and (iii) a tolerance-driven
bidirectional update that enables flexible exploration and
helps avoid suboptimal solutions. These mechanisms col-
lectively explain the observed performance, where the pro-
posed method achieves the highest macro-averaged preci-
sion (0.671) while maintaining competitive F1-score and
specificity.
From a methodological perspective, the novelty lies in

integrating bidirectional updates, cost constraints, and early
stopping within a unified black-box optimization frame-
work. This design enables an explicit balance between
search efficiency and performance without relying on com-
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Table 8: Analytical comparison of hyperparameter optimization methods based on experimental observations across per-
formance and efficiency criteria

Method Precision F1 Efficiency Stability Key Insight
Grid Search Medium Medium Very Low Low High computational cost with limited improvement despite exhaustive

search.
Random Search Medium Medium Medium Medium Provides balanced performance but lacks convergence consistency.
Nelder–Mead Low Low High Low Unstable performance and weak convergence across classifiers.
DEoptim High Medium–

High
Low Medium Strong exploration improves precision but increases runtime signifi-

cantly.
Bayesian Optimization Medium Medium Medium High Stable convergence but does not consistently achieve top performance.
AutoFT Medium–High Medium–

High
Medium High Maintains stable optimization across models with moderate cost.

mlrMBO High High Medium High Consistently strong performance across all metrics.
TuRBO High Highest Medium–High High Best F1-score due to effective local search and fast convergence.
Proposed Method Highest High High High Achieves highest precision with efficient search by limiting unnecessary

evaluations and early stopping.

putationally expensive surrogate models.
The recommendation module further demonstrates prac-

tical value, achieving Precision@3 of 0.82 and Recall@3 of
0.77, indicating that improved classification performance
directly enhances recommendation quality.
From a practical perspective, deployment in real-world

environments requires consideration of security and pri-
vacy issues, as the framework processes user-generated
content and predicts developer expertise levels. Future
implementations should incorporate privacy-preserving
mechanisms, secure data handling procedures, and trans-
parent usage policies to ensure responsible application.

6.1 Limitations and future work

Despite the promising results, several limitations should be
acknowledged.
First, the recommendation module relies on a rule-

based mapping between programming language, experi-
ence level, and predefined book lists. While this ensures
interpretability and reproducibility, it limits personalization
by not capturing individual user preferences or adapting to
dynamic user behavior. In dynamic communities such as
SO, where user expertise evolves over time and new tech-
nologies emerge frequently, such static mappings may re-
quire periodic updates to remain effective. Consequently,
users with similar predicted profiles receive identical rec-
ommendations. Incorporating adaptive approaches such as
neural collaborative filtering or transformer-based ranking
models could improve personalization, albeit at the cost of
increased computational complexity.
Second, the experimental evaluation is conducted on a

single domain (Stack Overflow). Although the dataset
is rich and diverse, the generalizability of the framework
to other domains remains to be validated through cross-
domain experiments.
Third, scalability to very large datasets remains a consid-

eration. The current analysis is based on subset experiments
(500, 1,000, and 3,000 instances) drawn from a corpus of
over one million posts. While results demonstrate stable
performance with limited variation, further evaluation on
full-scale datasets and more heterogeneous corpora is nec-

essary. Such scenarios may require distributed computation
or incremental learning strategies.
Finally, the labeling process relies on keyword-based

heuristics, which may not fully capture nuanced developer
expertise levels. In addition, the proposed method does
not consistently outperform all state-of-the-art optimizers
across every metric, particularly recall and F1-score, al-
though it demonstrates strong performance in precision and
computational efficiency.
Future work will focus on (i) integrating adaptive recom-

mendation models, (ii) extending the framework to cross-
domain settings, (iii) evaluating scalability on large-scale
datasets, and (iv) improving labeling strategies using data-
driven approaches.
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