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Abstract: The rapid growth of open-source software (OSS) in machine learning (ML) has intensified 

the need for reliable, automated methods to assess project quality, particularly as OSS increasingly 

underpins critical applications in science, industry, and public infrastructure. This study evaluates the 

effectiveness of a diverse set of machine learning and deep learning (ML/DL) algorithms for classifying 

GitHub OSS ML projects as engineered or non-engineered using a SMOTE-enhanced and explainable 

modeling pipeline. The dataset used in this research includes both numerical and categorical attributes 

representing documentation, testing, architecture, community engagement, popularity, and repository 

activity. After handling missing values, standardizing numerical features, encoding categorical variables, 

and addressing the inherent class imbalance using the Synthetic Minority Oversampling Technique 

(SMOTE), seven different classifiers—K-Nearest Neighbors (KNN), Decision Tree (DT), Random 

Forest (RF), XGBoost (XGB), Logistic Regression (LR), Support Vector Machine (SVM), and a Deep 

Neural Network (DNN)—were trained and evaluated. Results show that LR (84%) and DNN (85%) 

outperform all other models, indicating that both linear and moderately deep non-linear architectures 

can effectively capture key quality indicators in OSS ML projects. Additional explainability analysis 

using SHAP reveals consistent feature importance across models, with documentation quality, unit 

testing practices, architectural clarity, and repository dynamics emerging as the strongest predictors. 

These findings demonstrate that automated, explainable ML/DL-based quality assessment is both fea-

sible and effective, offering a practical pathway for improving OSS sustainability, guiding contributor 

decisions, and enhancing trust in ML-based systems that depend on open-source components. 

Keywords: Explainable AI; GitHub Projects; Machine Learning; Open-Source Software; Quality   

Assessment; Software Engineering; SMOTE; Deep Neural Networks. 

 

1. Introduction 

Machine Learning (ML) has transformed modern technology, permeating numerous in-
dustries and driving profound societal changes [1], [2]. Ensuring that ML solutions are relia-
ble, effective, and scalable therefore requires strong software engineering standards [3]. 
GitHub, as the leading platform for collaborative software development, hosts a vast ecosys-
tem of repositories across diverse fields, including a rapidly growing body of ML and DL 
projects [4]. It also functions as a central hub for open-source collaboration, providing devel-
opers and researchers with rich codebases, documentation, and tools that facilitate contribu-
tion and innovation. The platform’s collaborative ecosystem encourages knowledge sharing, 
accelerates idea generation, and supports the development of robust software systems [5], [6]. 
Consequently, there is an increasing need for systematic and automated approaches to eval-
uate the quality of ML projects on GitHub. To address this need, the present study employs 
the NICHE dataset [7], which contains 572 ML repositories categorized as engineered or 
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non-engineered based on well-established software engineering principles, enabling an evi-
dence-based assessment of OSS ML project quality. 

ML and DL, two key subdivisions of artificial intelligence, have demonstrated remarka-
ble progress in recent years [8]. ML algorithms—from simple classifiers to advanced ensemble 
methods—can leverage dataset features to effectively distinguish between engineered and 
non-engineered projects. The comprehensiveness of the NICHE dataset also enables the ap-
plication of DL techniques, such as deep neural networks (DNNs), to capture complex pat-
terns [9]. Using these approaches allows researchers and contributors to derive insights, de-
velop systematic evaluation strategies, and ultimately advance best practices in high-quality 
ML project development. These models can support the open-source community by provid-
ing structured frameworks for project assessment, guiding contributors in identifying high-
quality ML projects, and enabling more informed decision-making in collaboration and pro-
ject selection [10], [11]. By integrating ML- and DL-based evaluation mechanisms, this re-
search fosters an environment of technological excellence and collective progress within the 
open-source ecosystem. 

As open-source ML projects increasingly become embedded in high-stakes real-world 
applications, their reliability has become a crucial concern. While platforms like GitHub de-
mocratize access to powerful tools, low-quality ML components can lead to severe conse-
quences—for example, incorrect predictions in healthcare systems or economic losses in fi-
nancial automation. The sheer volume of OSS projects makes manual vetting impractical, 
creating an urgent demand for automated and dependable frameworks to identify high-quality 
repositories and mitigate risk. This research addresses that challenge by providing a struc-
tured, data-driven approach for evaluating ML projects, reducing reliance on popularity indi-
cators and enabling more accurate judgments regarding software quality. 

The objective of this study is to bridge the gap between the large number of OSS ML 
projects and the need for systematic evaluation and categorization. By training ML and DL 
models on the NICHE dataset, the research aims to accelerate progress in project quality 
assessment and contribute to the advancement of sustainable software ecosystems. The find-
ings of this work can benefit developers, researchers, and organizations seeking high-quality 
collaboration opportunities and reliable open-source components, supporting a culture of 
excellence and innovation within the ML community. 

This study makes several key contributions to the automated quality assessment of OSS. 
First, it presents a rigorous empirical evaluation of seven ML models, demonstrating that 
Logistic Regression and a Deep Neural Network achieve high accuracy (84–85%) on the 
NICHE dataset. Second, it introduces a comprehensive preprocessing pipeline that effec-
tively handles class imbalance, missing data, and mixed variable types to ensure reliable model 
training. Finally, the research provides a dependable framework that helps developers and 
organizations identify high-quality projects by illuminating the underlying factors that influ-
ence OSS ML project quality. 

The remainder of this paper is structured as follows. Section II reviews related literature 
on ML project quality assessment. Section III presents the research methodology, including 
data collection, preprocessing, and the ML/DL modeling pipeline. Section IV reports the 
experimental results and insights gained from the predictive analysis. Section V discusses the 
implications of the findings, practical applications, and potential future directions. Section VI 
concludes the study. 

2. Related Work 

The landscape of ML project evaluation and categorization within open-source plat-
forms has amassed significant research interest, particularly given the rapid spread of ML 
projects. This section reviews the relevant literature, focusing on the methodologies and da-
tasets previously used to identify high-quality ML projects and the role of software engineer-
ing practices in these efforts. The assessment of ML project quality has been approached 
through various methodologies, emphasizing that “engineered” software projects must ad-
here to stringent software engineering practices as a core criterion for quality assessment. 
Popularity metrics such as GitHub stars, however, do not necessarily correlate with high-
quality engineering practices, challenging the assumption that highly starred projects are well-
engineered. Several subsequent studies have attempted to distinguish between popular and 
well-engineered projects, advocating for a more detailed understanding of project quality. 
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The mining of software repositories (MSR) has been useful in extracting valuable insights 
from data available on platforms like GitHub [12]. Researchers have utilized MSR techniques 
to study various aspects of software development, including bug fixing, developer collabora-
tion, and project evolution, highlighting the potential of MSR for understanding software 
project dynamics and improving software quality [13], [14]. However, the quality of reposito-
ries themselves often poses a significant challenge, as many GitHub projects are of low qual-
ity, which can bias MSR findings. OSS has also become integral to commercial software prod-
ucts, services, and corporate processes, supporting open innovation among companies [15]. 
Research in this area has examined the motivations and behaviors of individual developers 
contributing to OSS projects, highlighting factors such as personal interest, skill development, 
and community recognition [16], [17]. 

Significant research has also explored the challenges faced by developers in using avail-
able tools to make technical contributions to OSS projects [18], [19]. These studies underscore 
the complexity of navigating OSS environments, which often require an understanding of 
both technical and social dynamics. Corporate engagement with OSS projects is another well-
researched area, focusing on the strategic motivations behind corporate contributions and the 
methodologies used by companies to integrate OSS into their workflows [20]. Some research 
has highlighted software projects where companies have a controlling influence [21], while in 
other cases, professionals from different companies collaborate within community OSS initi-
atives controlled by foundations or organizations. The governance and licensing frameworks 
of these projects, in conjunction with the strategic interests of participating corporations, sig-
nificantly influence how contributions are made [22]. 

Previous studies have highlighted the importance of following established community 
practices in collaborative environments [23], [24]. Similarly, the governance and licensing of 
OSS projects, as well as the strategic interests of various participants, influence engagement 
and contribution decisions [25], [26]. The GitHub Archive, for example, provides a compre-
hensive collection of GitHub data and has been widely used in MSR research [27]. However, 
the generality of such datasets often limits their effectiveness in specialized domains like ML. 
The NICHE dataset helps address this gap by providing a focused collection of ML projects 
labeled as engineered or non-engineered based on established software engineering practices 
[7]. Quality metrics are crucial for evaluating software projects, and previous studies have 
proposed various metrics—code complexity, documentation quality, community engage-
ment, and continuous integration practices—to assess project quality from both technical and 
social perspectives [28], [29]. For instance, complexity metrics have been shown to predict 
software defects, highlighting the importance of code quality in overall project assessment 
[30]. 

The application of ML to predict software quality has been explored in several studies 
[31], [32]. Research has demonstrated that Logistic Regression can predict software defects, 
confirming the potential of ML models in quality assessment [33]. Similarly, other work has 
conducted comprehensive surveys on ML techniques for software defect prediction, conclud-
ing that ensemble methods and neural networks often yield superior performance [34]. DL 
has also increasingly contributed to software engineering research tools [35], significantly en-
hancing performance across various software engineering tasks. Software effort estimation 
has likewise been extensively studied through parametric models such as COCOMO, Func-
tion Points, and SLIM, which rely on historical data and predefined formulas to estimate 
development effort [36]. These models consider factors like team experience, software relia-
bility, programming language, and estimated lines of code, but may not fully capture the 
unique characteristics of each project. In contrast, ML approaches make fewer assumptions 
about the function being studied and use historical data to construct rules that generalize to 
unseen data [37]. Techniques such as regression trees and neural networks, specifically back-
propagation, have shown advantages over traditional models in estimating software develop-
ment effort [38], though these methods also present limitations requiring further research. 

DL has also contributed to testing and debugging of DL systems themselves through 
tools like DeepXplore, DeepTest, DeepGauge, DLFuzz, and DeepHunter, which enhance 
effectiveness and reliability [39]. ML techniques have been used to classify issue reports in 
software engineering [40]. For example, a study using issue reports from open-source projects 
such as HTTPCLIENT, LUCENE, and JACKRABBIT applied various ML algorithms—
including Naive Bayes, linear discriminant analysis, KNN, SVM, DT, and RF—to classify 
reports as bugs or non-bugs [41]. The results showed F-measures between 0.69 and 0.76 and 
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average classification accuracy between 0.75 and 0.83, indicating that ML can effectively filter 
issue reports before they reach developers. The study also emphasized the importance of 
manually classified reports in achieving high-quality automated classification, further high-
lighting ML’s value in improving software quality and efficiency. 

Class imbalance is a prevalent issue in software quality prediction studies, where high-
quality projects are often greatly outnumbered by low-quality ones. Various techniques, in-
cluding oversampling, undersampling, and synthetic data generation, have been employed to 
address this. The use of SMOTE has been particularly effective in improving ML model per-
formance on imbalanced datasets [42], as models trained on imbalanced data tend to favor 
the majority class, resulting in poor predictive performance for the minority class they aim to 
identify. SMOTE mitigates this bias by creating synthetic minority instances between existing 
minority samples and their neighbors [43], resulting in a more balanced distribution and ena-
bling models to learn more accurate decision boundaries [44], [45]. 

While prior studies have applied ML to OSS quality assessment, many rely on traditional 
models, overlook class imbalance, or use datasets that are too general to capture the charac-
teristics of ML-specific repositories. A comparative analysis incorporating modern deep learn-
ing architectures, trained on a specialized dataset like NICHE, and interpreted through ad-
vanced explainability techniques remains notably absent in the literature. This gap highlights 
the urgency for a balanced, comprehensive, and interpretable evaluation framework capable 
of accurately assessing OSS ML project quality. 

3. Methodology 

This section describes the methodology employed in the study, including dataset char-
acteristics, preprocessing procedures, feature engineering steps, balancing techniques, and the 
machine learning and deep learning models used. The experiments were conducted using the 
NICHE open-source dataset, which contains 572 ML projects, each labeled as either engi-
neered or non-engineered according to established software engineering principles. A total of 
441 projects (77%) are categorized as engineered and 131 (23%) as non-engineered, resulting 
in a significant class imbalance with a ratio of approximately 3.3:1. Table I summarizes the 
distribution of project quality. 

Table 1. Summary of engineered vs non-engineered projects. 

Category Count Percentage 

Engineered 441 77% 

Non-Engineered 131 23% 

Total 572 100% 

3.1. Dataset Characteristics and Feature Distributions 

The dataset contains essential metadata such as the number of stars, commits, and lines 
of code, representing project popularity, development activity, and project size. Correlation 
analysis was conducted to understand feature dependencies and identify predictors strongly 
associated with project quality. Figure 1 presents the correlation matrix, showing that Unit 
Testing (r = 0.57), Architecture (r = 0.40), and Documentation (r = 0.36) exhibit the strongest 
associations with engineered status. In contrast, popularity indicators such as Stars (r = 0.03) 
show negligible correlation, indicating that project popularity alone cannot reliably indicate 
project quality. 

A distributional analysis of numerical features further supports these observations. As 
shown in Figure 2, engineered projects tend to have higher median values of both stars and 
commits, yet the distributions are heavily right-skewed, suggesting non-linear relationships 
that simple linear models may fail to capture. 

3.2. Preprocessing and Textual Normalization 

A comprehensive preprocessing pipeline was applied to ensure data consistency and 
modeling reliability. The dataset contained multiple text-based attributes exhibiting incon-
sistent patterns. These attributes were normalized using a combination of string similarity 
matching and manual verification. 
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Figure 1. Correlation Matrix of Dataset Features 

 

Figure 2. Distribution of Stars and Commits by Project Quality 

To group semantically similar entries, the Levenshtein Distance algorithm was used: 

lev(𝑎, 𝑏) =

{
  
 

  
 
|𝑎|
|𝑏|
                                                          

𝑏 = ∅
𝑎 = ∅

                              

lev(tail(𝑎), tail(𝑏))                           if head(𝑎) = head(𝑏)

1 + min {

lev(𝑡𝑎𝑖𝑙(𝑎), 𝑏)           

lev(𝑎, 𝑡𝑎𝑖𝑙(𝑏))           

lev(𝑡𝑎𝑖𝑙(𝑎), 𝑡𝑎𝑖𝑙(𝑏))

      otherwise                       

 (1) 

After automated grouping, a manual verification step was performed to correct classifi-
cation errors. Textual fields—such as architecture, documentation, community, license, 
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testing, and issue handling—were categorized into meaningful labels (e.g., Well-maintained, 
Uncertain, Inactive, Active). Missing values were removed due to their small proportion. Cat-
egorical variables were encoded using Label Encoding or One-Hot Encoding, depending on 
their semantic structure. 

3.3. Feature Engineering 

To enhance representation quality, two additional engineered features were created: 

Commits per Star =
Commits 

Stars
 (2) 

Line of Code per Commits =
Line_of_Code 

Commits 
 (3) 

These derived metrics capture deeper project dynamics, such as development intensity 
relative to popularity and average contribution size. Continuous variables (Stars, Commits, 
Lines of Code, and engineered ratios) were subsequently standardized using: 

𝑥′ =
𝑥 − 𝜇

𝜎
 (4) 

Where 𝜇 is the feature mean and 𝜎 its standard deviation. 

3.4. Handling Class Imbalance Using SMOTE 

Given the imbalance between engineered and non-engineered classes, the Synthetic Mi-
nority Oversampling Technique (SMOTE) was employed to generate synthetic examples for 

the minority class using the default parameter 𝑘 = 5 neighbors. 

𝑥new = 𝑥minority + 𝛿 ∙ (𝑥neigbor − 𝑥minority) (5) 

Where 𝛿 ∈ [0,1] is a random interpolation weight. 
SMOTE was applied after scaling, but before the train–test split to avoid data leakage. 

3.5. Overall Processing Pipeline 

The complete methodology is illustrated in Figure 3, covering data collection, prepro-
cessing, SMOTE balancing, model training, and evaluation. 

 

Figure 3. Overall methodology pipeline 
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3.6. Machine Learning and Deep Learning Models 

Seven classification algorithms were evaluated, i.e. Logistic Regression (LR), K-Nearest 
Neighbors (KNN), Support Vector Machine (SVM), Decision Tree (DT), Random Forest 
(RF), XGBoost (XGB), Deep Neural Network (DNN). Each model was trained using the 
same preprocessed dataset to ensure fair comparison. Traditional models (LR, KNN, SVM) 
serve as baselines, while tree-based models (RF, XGB) capture complex nonlinear relations. 
A feed-forward DNN was implemented to investigate the capacity of deep models to learn 
feature interactions automatically. The full ML workflow is formalized in Algorithm 1, which 
provides a structured description of each step, from preprocessing through evaluation. 

 

Algorithm 1. Project Classification Using Machine Learning (ML) 

INPUT: NICHE dataset 𝐷, preprocessing procedures 𝑃, set of ML models 𝑀 
OUTPUT: performance metrics for each model 
1: Data Gathering: 

2:     Collect dataset 𝐷 from NICHE (available on GitHub). 
3: Data Preprocessing: 
4:     Handle missing values using appropriate imputation techniques. 
5:     Encode categorical attributes into numerical format. 
6:     Normalize numerical features using standard scaling, Equation (4). 
7: Feature Engineering: 
8:     Create additional derived features and bin numerical attributes where appropriate. 
9: Handling Class Imbalance: 
10:     Apply SMOTE to generate synthetic samples for the minority class, Equation (5). 
11: Model Selection: 

12:     Initialize model set 𝑀 = {𝐿𝑅,𝐾𝑁𝑁, 𝑆𝑉𝑀,𝐷𝑇, 𝑅𝐹, 𝑋𝐺𝐵} 
13: Training and Evaluation: 
14:     Split dataset into training and testing sets: 

15:     𝐷 = 𝐷train ∪ 𝐷test 
16: For each model 𝑚 ∈ 𝑀 

17:     Train 𝑚 using 𝐷train 

18:     Evaluate using 𝐷test with accuracy, precision, recall, and F1-score. 
19: End For 
20: Results Analysis: 
21:     Compare model performance and discuss implications for project quality assess-

ment. 

 
For the deep learning model, a separate training routine was required due to the iterative 

nature of neural network optimization. The DNN was trained using mini-batch gradient de-
scent, backpropagation, and the Adam optimizer, with binary cross-entropy serving as the 
loss function. The training loop included forward propagation, gradient computation, weight 
updates, and validation monitoring. The complete DNN workflow is summarized in Algo-
rithm 2. 

 

Algorithm 2. Deep Neural Network (DNN) Training and Validation 

INPUT: Training data (𝑋train, 𝑦train) , validation data (𝑋val, 𝑦val) , hyperparameters 
(𝐸, 𝐵, 𝜂) 
OUTPUT: Trained DNN model 𝑀 

1: Initialize model 𝑀 with random weights. 

2: Initialize Adam optimizer with learning rate 𝜂 
3: Define Binary Cross-Entropy loss function. 
4:  
5: Training Phase: 

6: For epoch 𝑒 = 1 to 𝐸 

7:    Set model 𝑀 to training mode. 

8:    For each batch (𝑋b, 𝑦b), in training data: 
9:        Zero optimizer gradients. 

10:        Compute predictions 𝑦pred = 𝑀(𝑋b) 
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Algorithm 2. Deep Neural Network (DNN) Training and Validation 

11:        Compute loss 𝐿 = 𝐵𝐶𝐸(𝑦pred, 𝑦b) 
12:        Perform backpropagation: 𝐿. backward( ) 
13:        Update weights using optimizer. 
14:    End for 
15:  
16: Validation phase: 
17:    Set model 𝑀 to validation mode. 

18:    Compute validation loss and validation accuracy on (𝑋val, 𝑦val) 
19:    Optionally apply early stopping. 
20: End for 

21: Return trained model 𝑀 

 
Table 2 reports the final hyperparameter configurations used for all classifiers. 

Table 2. Classifier hyperparameters. 

Classifier Parameter Value 

DNN 

Units 64 

Activation ReLU 

Loss Binary Crossentropy 

Optimizer Adam 

Learning Rate 0.001 

Batch Size 32 

Epochs 50 

Final Activation Sigmoid 

KNN 

n_neighbors 5 

Metric Minkowski 

Weights Uniform 

SVM 

Kernel RBF 

C 0.9 

Gamma Scale 

Probability False 

Decision Tree 

Criterion Gini 

Min Samples Split 2 

Max Depth None 

Logistic Regression 

Penalty L2 

Fit Intercept True 

Tolerance 0.0001 

XGBoost 

Learning Rate 0.3 

n_estimators 110 

Objective binary: logistic 

Random Forest 

Criterion Gini 

n_estimators 110 

Max Features sqrt 

Max Features sqrt 

4. Results and Discussion 

This section presents a comprehensive evaluation of the machine learning and deep 
learning models used to classify GitHub ML projects as engineered or non-engineered. The 
assessed models include KNN, DT, XGBoost, Random Forest, Logistic Regression, SVM, 
and DNN. For each model, performance was measured using accuracy, precision, recall, and 
F1-score. These metrics collectively provide insight into the predictive capabilities of the 
models across both classes. 
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4.1. K-Nearest Neighbors (KNN) 

KNN showed strong performance, with an accuracy of 0.83. The precision for class 0 
(non-engineered) was 0.63, with a recall of 0.70 and an F1-score of 0.67. For class 1 (engi-
neered), the precision was 0.91, the recall was 0.88, and the F1 score was 0.89. The confusion 
matrix results were as follows: 77 true positives, 19 true negatives, 8 false positives, and 11 
false negatives. This indicates that the model is good at minimizing false positives. These 
results indicate that KNN is effective in predicting engineered projects but may need im-
provement in accurately predicting non-engineered projects. Table 3 shows the classification 
report for KNN.  

Table 3. Classification report for KNN. 

Class Precision Recall F1-Score Support 

0 0.63 0.70 0.67 27 

1 0.91 0.88 0.89 88 

Accuracy   0.83  

Macro Avg 0.77 0.79 0.78 115 

Weighted Avg 0.84 0.83 0.84 115 

4.2. Decision Tree (DT) 

The DT achieved an accuracy of 0.73. The precision for class 0 was 0.44, with a recall 
of 0.52 and an F1 score of 0.47. For class 1, the precision was 0.84, the recall was 0.80, and 
the F1 score was 0.82. The confusion matrix showed 70 true positives, 14 true negatives, 13 
false positives, and 18 false negatives. This shows a tendency towards higher precision at the 
cost of lower recall. The model performed well for engineered projects but needed to improve 
in accurately classifying non-engineered projects. See Table 4 for the classification report. 

Table 4. Classification report for DT. 

Class Precision Recall F1-Score Support 

0 0.44 0.52 0.47 27 

1 0.84 0.80 0.82 88 

Accuracy   0.73  

Macro Avg 0.64 0.66 0.65 115 

Weighted Avg 0.75 0.73 0.74 115 

4.3. XGBoost (XGB) 

XGBoost exhibited a balanced performance with an accuracy of 0.79. The precision for 
class 0 was 0.56, with a recall of 0.56 and an F1 score of 0.56. For Class 1, the precision, recall, 
and F1 score were all 0.86. The confusion matrix showed 76 true positives, 15 true negatives, 
12 false positives, and 12 false negatives. XGBoost showed consistent performance across 
both classes, although its ability to identify non-engineered projects was moderate. Table 5 
shows the classification Report for XGB.  

Table 5. Classification report for XGB. 

Class Precision Recall F1-Score Support 

0 0.56 0.56 0.56 27 

1 0.86 0.86 0.86 88 

Accuracy   0.79  

Macro Avg 0.71 0.71 0.71 115 

Weighted Avg 0.79 0.79 0.79 115 

4.4. Random Forest (RF) 

Random Forest achieved an accuracy of 80%. The precision for class 0 was 0.58, with a 
recall of 0.52 and an F1 score of 0.55. For class 1, the precision was 0.86, the recall was 0.89, 
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and the F1 score was 0.87. The confusion matrix showed 78 true positives, 14 true negatives, 
13 false positives, and 10 false negatives. Random Forest was effective in classifying engi-
neered projects, with slightly better performance for non-engineered projects compared to 
XGBoost. Table 6 shows the classification Report for RF.  

Table 6. Classification report for RF. 

Class Precision Recall F1-Score Support 

0 0.58 0.52 0.55 27 

1 0.86 0.89 0.87 88 

Accuracy   0.80  

Macro Avg 0.72 0.70 0.71 115 

Weighted Avg 0.79 0.80 0.80 115 

4.5. Logistic Regression (LR) 

LR demonstrated excellent performance, with an accuracy of 0.84. For class 0, recall was 
particularly high (0.85), and precision was 0.62, resulting in an F1-score of 0.72. For class 1, 
precision and F1-score were 0.95 and 0.89, respectively. The confusion matrix (74 TP, 23 TN, 
4 FP, 14 FN) indicates that LR balances both classes more effectively than tree-based models. 

Table 7. Classification report for LR. 

Class Precision Recall F1-Score Support 

0 0.62 0.85 0.72 27 

1 0.95 0.84 0.89 88 

Accuracy   0.84  

Macro Avg 0.79 0.85 0.81 115 

Weighted Avg 0.87 0.84 0.85 115 

4.6. Support Vector Machine (SVM) 

SVM achieved an accuracy of 83%. The precision for class 0 was 0.61, with a recall of 
0.70 and an F1 score of 0.66. For class 1, the precision was 0.90, the recall was 0.86, and the 
F1 score was 0.88. The confusion matrix showed 76 true positives, 19 true negatives, 8 false 
positives, and 12 false negatives. SVM performed well for both classes, with high precision 
and recall for engineered projects, similar to KNN. Table 8 shows the classification Report 
for SVM. 

Table 8. Classification report for SVM. 

Class Precision Recall F1-Score Support 

0 0.61 0.70 0.66 27 

1 0.90 0.86 0.88 88 

Accuracy   0.83  

Macro Avg 0.76 0.78 0.77 115 

Weighted Avg 0.84 0.83 0.83 115 

4.7. Deep Neural Network (DNN) 

DNN also showed strong performance, with an accuracy of 0.84. The precision for class 
0 was 0.62, with a recall of 0.85 and an F1 score of 0.72. For class 1, the precision was 0.95, 
the recall was 0.84, and the F1 score was 0.89. The confusion matrix showed 74 true positives, 
23 true negatives, 4 false positives, and 14 false negatives. DNN’s performance metrics were 
comparable to those of LR, highlighting its effectiveness in classifying both engineered and 
non-engineered projects. Table 9 shows the classification report for DNN. Training behav-
iour is illustrated in Fig. 4, showing smooth convergence of accuracy and loss without over-
fitting. 
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Figure 4. Train and testing behaviour of DNN (a) Accuracy; (b) Loss. 

Table 9. Classification report for DNN. 

Class Precision Recall F1-Score Support 

0 0.62 0.85 0.72 27 

1 0.95 0.84 0.89 88 

Accuracy   0.84  

Macro Avg 0.79 0.85 0.81 115 

Weighted Avg 0.87 0.84 0.85 115 

4.8. Impact of SMOTE 

Given the substantial class imbalance in the NICHE dataset, where engineered projects 
account for roughly 77% of all samples, the application of SMOTE played a crucial role in 
improving model performance, particularly for the minority class. SMOTE generates syn-
thetic examples by interpolating between existing minority samples and their nearest neigh-
bours, enabling the classifier to learn the characteristics of underrepresented non-engineered 
projects better. The results summarized in Table 10 show that the impact of SMOTE varies 
significantly across models.  

Table 10. SMOTE’s impact on model performance. 

Model Treatment 
Recall    

(Class 0,1) 
Precision 
(Class 0,1) 

F1-Score   
(Class 0,1) 

Overall     
Accuracy 

LR Without SMOTE 0.37, 0.88 0.77, 0.83 0.50, 0.89 0.82 

 With SMOTE 0.85, 0.84 0.62, 0.95 0.72, 0.89 0.84 

KNN Without SMOTE 0.79, 0.92 0.88, 0.88 0.68, 0.92 0.79 

 With SMOTE 0.70, 0.86 0.63, 0.91 0.67, 0.89 0.83 

DT Without SMOTE 0.44, 0.91 0.55, 0.85 0.46, 0.87 0.73 

 With SMOTE 0.44, 0.80 0.52, 0.84 0.47, 0.82 0.73 

RF Without SMOTE 0.33, 0.83 0.82, 0.93 0.47, 0.90 0.83 

 With SMOTE 0.52, 0.89 0.58, 0.88 0.55, 0.87 0.80 

XGB Without SMOTE 0.30, 0.98 0.80, 0.82 0.43, 0.85 0.82 

 With SMOTE 0.56, 0.86 0.56, 0.86 0.56, 0.86 0.80 

SVM Without SMOTE 0.52, 0.95 0.78, 0.87 0.62, 0.91 0.81 

 With SMOTE 0.70, 0.86 0.61, 0.90 0.66, 0.88 0.83 

DNN Without SMOTE 0.52, 0.94 0.74, 0.86 0.61, 0.90 0.83 

 With SMOTE 0.85, 0.84 0.62, 0.95 0.72, 0.89 0.84 

 
LR and DNN benefited the most, particularly in improving the recall and F1-score of 

class 0. For instance, LR’s recall for class 0 increased dramatically from 0.37 to 0.85, while its 
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F1-score rose from 0.50 to 0.72. A similar improvement occurred in the DNN model, where 
the F1-score for the minority class increased from 0.61 to 0.72. These improvements suggest 
that oversampling helped these linear and deep models capture patterns that were previously 
overshadowed by the dominant class. 

Models like KNN and SVM also experienced moderate improvements, especially in re-
call. However, this came at the cost of a slight reduction in precision—an expected trade-off 
when synthetic samples increase the likelihood of false positives. In contrast, tree-based mod-
els, such as Decision Trees, Random Forests, and XGBoost, displayed mixed behaviour. The 
Decision Tree showed virtually no change, indicating that synthetic data had a lesser influence 
on its rule-based structure. Meanwhile, Random Forest and XGBoost experienced marginal 
declines in accuracy after applying SMOTE, suggesting that these ensemble models may rely 
more on natural feature distributions and may not always benefit from oversampling. Overall, 
the results demonstrate that SMOTE can significantly enhance performance for specific types 
of models, particularly LR, SVM, and DNN; however, its effects are not universally positive 
across all algorithms. These findings underscore the importance of matching imbalance-han-
dling strategies to the specific modelling approach rather than assuming a one-size-fits-all 
solution. 

4.9. Model Visualizations 

To complement the numerical evaluations, a series of visual analyses was conducted to 
understand model behaviour better and interpret predictive patterns. The confusion matrices 
in Figure 5 provide a clear illustration of how each model differentiates between engineered 
and non-engineered projects. LR and DNN show balanced and reliable classification patterns 
with relatively few false predictions across both classes, reinforcing their strong performance 
in earlier metrics. KNN and SVM also demonstrate stable classification behavior, especially 
for engineered projects, although both exhibit slightly weaker detection of non-engineered 
samples. Meanwhile, tree-based models reveal higher false negatives, suggesting that they may 
be more sensitive to borderline or ambiguous cases. 

 

 

 

Figure 5. Confusion matrix of each model.  
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The ROC curves in Figure 6 further illustrate the models’ discriminative abilities. LR, 
DNN, KNN, and Random Forest achieve high ROC-AUC values, indicating strong perfor-
mance across a range of decision thresholds. SVM likewise performs well, with smooth, con-
vex ROC behavior. In contrast, the Decision Tree exhibits a less favourable ROC curve, 
consistent with its lower accuracy and greater susceptibility to overfitting. These results high-
light that while accuracy offers a single measure of performance, ROC analysis provides wider 
insight into how models behave under different decision boundary settings. 

 

 

 
 

Figure 6. ROC curves of each models (a) DNN; (b) DT; (c) KNN; (d) LR; (e) RF; (f) SVM; (g) 
XGBoost. 

To explore interpretability and feature contributions, SHAP decision plots were gener-
ated for LR, DNN, DT, RF, and XGB, as shown in Figure 7. Across all models, features such 
as Unit Testing, Documentation, Architecture quality, and Issue handling consistently emerge 
as the most important contributors to prediction outcomes. The decision paths differ signif-
icantly across model families: LR shows straight, parallel patterns characteristic of additive 
linear effects, whereas DNN exhibits smooth and intersecting trajectories that reflect its ca-
pacity to model non-linear feature interactions. Ensemble trees, such as RF and XGB, display 
smoothed averaging of multiple decision paths, illustrating how they combine numerous weak 
rules to form more robust predictions. These interpretability results reinforce that OSS pro-
ject quality involves both linear and non-linear relationships, and different models—especially 
LR and DNN—capture complementary aspects of these patterns. 

(a) (b) 

(c) (d) 

(e) (f) (g) 
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Figure 7. SHAP plot results (a) DNN; (b) DT; (c) LR; (d) RF; (e) XGBoost 

4.10. Top-10 Feature Ablation Study 

To further validate the feature importance results derived from the SHAP analysis, an 
ablation study was performed using the Deep Neural Network (DNN) model, which had 
previously exhibited the best overall performance. The objective of this experiment was to 
determine whether the features ranked highest by SHAP truly represent the primary drivers 
of predictive performance. Based on the mean absolute SHAP values, the ten most influential 

(a) (b) 

(c) (d) 

(e) 
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features were selected, primarily dominated by factors such as Unit Testing, Documentation 
quality, Architecture, Issue management, and Project History. 

A new DNN model was then trained exclusively on these ten features while maintaining 
the same preprocessing pipeline, including the application of SMOTE to handle class imbal-
ance. The performance of this reduced-feature model was compared directly with the full-
feature DNN model. As summarized in Table 11, the ablation results show only a marginal 
reduction in performance: accuracy decreased slightly from 0.84 to 0.83, and the F1-score 
from 0.81 to 0.79. Precision and recall also remained highly comparable between the two 
model configurations. 

Table 11. Performance comparison DNN for top-10 feature ablation study. 

Model Configuration Accuracy F1-Score Precision Recall 

Full Feature Set 84% 0.81 0.79 0.85 

Top-10 Features Only 83% 0.79 0.78 0.83 

 
These findings reinforce two important conclusions. First, the top SHAP-ranked fea-

tures indeed capture most of the predictive signal needed for distinguishing between engi-
neered and non-engineered ML projects, confirming the reliability of the SHAP importance 
estimates. Second, the minimal performance degradation suggests that a more compact, com-
putationally efficient model—using only the ten most critical features—could be deployed 
without significant loss in predictive capability. This provides practical value for real-world 
applications where model simplicity, explainability, and reduced data requirements are advan-
tageous. 

5. Conclusions 

This study investigated the application of various machine learning (ML) and deep learn-
ing (DL) models for classifying GitHub ML projects as engineered or non-engineered. The 
models evaluated included KNN, DT, XGB, RF, LR, SVM, and DNN. Among these, Lo-
gistic Regression, SVM, and DNN demonstrated the highest performance, each achieving an 
accuracy of 0.84. These findings suggest that ML and DL models have strong potential for 
systematically evaluating and categorizing open-source ML projects. The approach presented 
in this study provides a practical framework that can assist researchers and practitioners in 
identifying high-quality projects, thereby supporting more informed collaboration and deci-
sion-making within the open-source ecosystem. 

Despite these promising results, several limitations should be acknowledged. Although 
the NICHE dataset provides useful indicators of project quality, it does not encompass the 
full range of characteristics needed for a comprehensive assessment. Important attributes 
such as code complexity, technologies used in the projects, their adoption levels, and long-
term relevance are not captured. Furthermore, while SMOTE effectively addressed class im-
balance, it relies on synthetic samples that may not fully represent real-world distributions, 
which could influence the generalizability of the models. Another limitation is that the evalu-
ation was conducted using a static snapshot of the dataset. Open-source projects evolve con-
tinuously, with changes in code, contributors, and activity over time. Consequently, models 
trained on static data may not fully capture these temporal dynamics, which can potentially 
reduce their long-term applicability. 

Future research should address these limitations by incorporating a broader set of quality 
indicators and developing methods to dynamically update datasets to reflect the ongoing evo-
lution of the project. Investigating more advanced techniques for handling class imbalance—
beyond synthetic oversampling—may also improve model robustness. Additionally, integrat-
ing explainable AI methods could enhance interpretability, offering deeper insight into model 
decisions and increasing user trust in automated quality assessment tools. Efforts should also 
be directed toward designing automated and objective metrics for features such as documen-
tation quality and testing practices, reducing subjectivity and improving consistency in label-
ling. Conducting longitudinal studies that track project quality over time would yield richer 
insights into the factors contributing to sustained excellence in open-source ML projects. 
Moreover, future work may explore more transparent and inherently interpretable deep learn-
ing architectures, alongside incorporating finer-grained code quality metrics to capture project 
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dynamics more accurately. By addressing these directions, future research can build upon the 
foundation laid in this study, enabling more accurate evaluation and stronger support for 
high-quality ML projects in the open-source community. 
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