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Abstract
Semiconductor manufacturing demands reliable automated de-
fect detection, yet applying machine learning to real-world fabri-
cation data is complicated by severe class imbalance, high dimen-
sionality, and missing values. This paper presents a comparative
study of feature selection and imbalance handling strategies for
defect prediction on the SECOM benchmark dataset (1,567 sam-
ples, 591 features, 6.6% defect rate). Unlike much prior work, we
enforce strict data integrity by performing train/test splitting be-
fore any label-dependent preprocessing, preventing information
leakage that can inflate reported performance. We evaluate six
experimental flows spanning three feature selection paradigms: a
Pearson filter, the Boruta wrapper, and FASTENER, an evolution-
ary search applied here to SECOM for the first time, combined
with SMOTE, ADASYN, and class-weighting strategies using
LightGBM and SVM classifiers. Every pipeline is additionally
assessed by five-fold cross-validation with within-fold prepro-
cessing. On the held-out split the strongest pipeline reaches a
geometric mean (GM) of 0.745, but five-fold cross-validation
shows single-split estimates to be optimistic by approximately
0.08 GM, and the three selectors become statistically indistin-
guishable once the split is varied. Threshold choice matters more
than feature selection, with class-weighting and threshold tuning
raising GM from 0.524 to 0.721. These findings highlight the im-
portance of methodological rigor and principled pipeline design
for industrial defect detection.
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1 Introduction
Semiconductor manufacturing generates high-dimensional sen-
sor data throughout hundreds of sequential process steps. En-
suring low defect rates is critical, as faulty products lead to sig-
nificant economic losses and resource waste. Machine learning
(ML) offers the potential to automate defect detection by learning
complex patterns from sensor measurements, replacing costly
and time-consuming manual inspection. However, applying ML
to real-world fabrication data presents several interrelated chal-
lenges: severe class imbalance, high dimensionality, missing val-
ues, and noisy or irrelevant features.
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The SECOM (SEmiCOnductor Manufacturing) dataset [10] is
one of the most popular public benchmarks for studying these
challenges. It contains 1,567 samples with 590 sensor features
and 1 timestamp column, of which only 104 (6.6%) represent
defective products. Approximately 4.5% of values are missing,
and 116 features have constant values, offering no discriminative
information. This combination of properties makes SECOM repre-
sentative of the difficulties encountered in industrial production
data more broadly, and it has been identified as one of the three
most commonly used manufacturing datasets in ML research
[3]. Nevertheless, a systematic review of publicly available man-
ufacturing datasets found that well-documented datasets with
clearly labeled features remain scarce, and SECOM’s anonymized
feature names limit process-level interpretability [6].

Despite a growing body of literature applying ML to the
SECOM dataset, existing studies differ substantially in their pre-
processing pipelines, algorithm choices, resampling strategies,
feature selection methods, and evaluation protocols. These in-
consistencies make a direct comparison of the reported results
difficult and open the question of which methodological choices
truly contribute to improved defect detection. This paper presents
a comparative analysis of six pipelines using three feature se-
lection paradigms and three imbalance handling strategies. This
work contributes to existing literature in four ways. First, we
show that threshold tuning accounts for a GM difference larger
than feature selection. Second, we quantify the optimism of a
single-split evaluation in comparison to five-fold split. Third, we
separate two forms of selector stability: the Pearson filter recovers
an identical feature set under markedly different missing-value
handling, yet retains fewer than half its features across resampled
splits, locating the instability in the scarcity of defective samples
rather than in preprocessing choices. Lastly, we report the first
application of FASTENER to SECOM, which gives comparable
result to the other selectors nor matches their stability, retaining
only one feature across all five folds.

2 Related Work
Research on defect detection for semiconductor manufacturing
has progressed in different areas of ML, including classifier se-
lection, feature engineering, and methods to handle imbalanced
data. Table 1 summarises prior ML and the design choices for
each case. It can be observed that tree ensembles and SVM domi-
nate as the classifier and SMOTE as the most used resampling
technique. However, reported results present a span of ROC AUC
from 0.72-0.95 on the same dataset, which reflects also that the
difference is not just change of methods but also the evaluation
protocols.

Park et al. [12] addresses this in their work, on the impor-
tance of building a pipeline that ensures no data leakage. They
argue that train/test splitting must be carried out before any
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Table 1: Prior ML studies on SECOM. Reported results are not directly comparable: metrics, splits, and preprocessing order
differ across studies. CW + thr. denotes class weighting with threshold tuning.

Study Feature selection Imbalance handling Classifier Best reported
[11] Boruta, MARS, PCA SMOTE, undersampling LR, RF, GBT Prec. 0.915
[1] MARS/BGT Oversampling SVM or NN Prec. 0.99, TPR= 0.918
[7] ANOVA SMOTE, undersampling RF/MLP/RUSBT/SVC/GDBT ROC AUC 0.72
[4] 12-method voting (≥3) under + oversampling LR/SVM/DTC/RF/GBC/XGB ROC AUC 0.95
[5] None/Zero-variance None/SMOTE-ENN LR/RF/SVM/NN/EEC/BRFC Prec. 0.26
[13] missingness-aware repr. CW + thr. selection LR, RF, LightGBM PR-AUC 0.221
[12] Pearson |𝑟 | ≥ 0.10 ADASYN/SMOTE or

KM/BL/SVM+SMOTE
LR/SVC/KNN/DT/RF/XGB GM 0.73

This
work

Pearson, Boruta, FAS-
TENER

SMOTE, ADASYN, CW + thr. LightGBM, SVM GM 0.746 (0.660 CV)

preprocessing steps. Since handling missing values or reducing
dimensionality on full dataset leaks test information into training.
We adopt their pipeline and reproduce their best performing case
as our baseline.

Closest to our work, Park and Baek [13] evaluate Logistic
Regression, RF and LightGBM with validation-based threshold
selection, using SECOM as a supplementary dataset to compare
imputed againstmissingness-aware feature representations. They
report that on SECOM the validation-selected threshold yielded
zero recall on the held-out test set, attributing this to operating-
point instability when only 21 defective samples are available per
split. Our study takes SECOM as the primary dataset, compares
feature selection paradigms rather than feature representations,
and quantifies that instability directly through repeated cross-
validation.

Recent work has also begun to reformulate the task itself. Bae
et al. [2] replace binary pass/fail classification with autoencoder-
based sub-class discovery, using four jointly optimised loss com-
ponents (separation, clustering, repulsion, balance) to decompose
defect labels into mechanism-aligned sub-classes; combined with
Prototypical Networks this gave a 47.8% relative improvement
over a binary few-shot baseline on SECOM, with further valida-
tion on proprietary wafer test data.

3 Methodology
This study investigates optimal combinations of feature selection
and imbalance handling methods for defect prediction using the
SECOM dataset. Following prior recommendation, we ensure
data integrity by performing train/test splitting (70/30, stratified)
before any label-dependent preprocessing. This prevents infor-
mation leakage that can artificially inflate performance metrics.

3.1 Preprocessing Pipeline
Before splitting the data, we identified and removed features with
zero variance (constant values across all samples) and entirely
empty features. This step was label-independent, as variance
is computed from feature values alone. A total of 116 features
were removed, reducing the feature space from 590 to 474. The
data were then split using stratified sampling into training (1,096
samples: 1,023 Pass, 73 Fail) and test (471 samples: 440 Pass, 31
Fail) sets. Features with more than 50% missing values in the
training data were removed (24 features), and the same mask was
applied to the test set. As an additional check, we used LightGBM
feature importance to confirm that none of the dropped features
ranked in the top quartile of importance.

Figure 1: Preprocessing and experimental pipeline
overview.

3.2 Feature Selection
We compared three paradigms. Correlation-based selection is a
filter retaining features with |𝑟 | ≥ 0.10, following Park et al. [12].
Boruta is a statistical wrapper using Random Forest (200 trees,
max_depth=7, balanced class weights, 100 iterations, 𝛼=0.05) that
retains features significantly more important than randomized
shadow copies. FASTENER is an evolutionary wrapper [9] that
searches subsets with a mutually guided genetic algorithm, using
a base learner of decision-trees (max_depth = 6, balanced class
weights) over 100 generations.We ran five seeds and kept features
selected at least three times across the five runs. Boruta and
correlation each selected 12 features, sharing only 5; FASTENER
selected 19.

3.3 Imbalance Handling
We compared three approaches to address the severe 1:14 class
imbalance, which differ in whether they modify the training
data or not. SMOTE oversamples the minority class by interpo-
lating between nearest neighbors, producing an approximately
balanced training set. ADASYN, for comparability with [12], ex-
tends SMOTE by concentrating synthetic samples where mi-
nority instances are harder to classify. Class weighting build-
in mechanism from LightGBM leaves the data unchanged. The
scale_pos_weight parameter penalises minority misclassifica-
tions in proportion to imbalance ratio. Additionally, the decision
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threshold is tuned on a validation split to maximise the geo-
metric mean. All resampling and preprocessing were fitted on
training data only, and full parameter settings are provided in
code repository in Section 5.

3.4 Model Training and Experimental Design
LightGBM served as the primary classifier due to native NaN han-
dling and efficiency on imbalanced tabular data (n_estimators=500,
max_depth=5, learning_rate=0.05, regularization via L1=0.1 and
L2=1.0). It uses Gradient-based One-Side Sampling (GOSS), which
keeps high-gradient samples and randomly downsamples low-
gradient ones to speed up training while preserving accurate
split gains. It is also invariant to feature scaling so normalisation
is not needed [8].

Six experimental flows were evaluated:

(1) Boruta + SMOTE + LightGBM
(2) Boruta + Class-Weighting + Threshold Tuning + Light-

GBM
(3) Correlation + MaxAbs + ADASYN + SVM (Park et al. [12])
(4) Correlation + Class-Weighting LightGBM
(5) Boruta + MaxAbs + ADASYN + SVM (isolate feature se-

lection with SVM)
(6) FASTENER + Class-Weighting LightGBM

This design isolates feature selection effects (Flows 2 vs. 4
vs 6; Flows 3 vs. 5) and imbalance handling effects (Flows 1 vs.
2) independently. Since Park et al. [12] already evaluated 150
combinations and identified SVM + ADASYN + MaxAbs as the
best-performing configuration, we adopted it directly instead of
testing further SVM variants except the combination with Boruta
which is new.

3.5 Evaluation
Eachmodel is evaluated using a comprehensive set of metrics: Bal-
anced Accuracy, Recall/Sensitivity, Specificity, Geometric Mean,
and AUC. This work focuses on optimizing the Geometric Mean
(GM) as a balanced performance of true positive rate (sensitivity)
and true negative rate (specificity) as shown in equation 1. Ad-
ditionally, five-fold stratified cross-validation with within-fold
preprocessing validated stability for all flows.

GM =
√︁
Sensitivity × Specificity (1)

4 Results and Discussion
Table 2 summarizes the performance of the test set in all six exper-
imental flows. The results reveal several key patterns regarding
the relative importance of imbalance handling and feature selec-
tion strategies.

Impact of Imbalance Handling. Flows 1 and 2 share Boruta
features and LightGBM but differ in two ways: from resampling
method and decision threshold. Flow 2 detects 83.9% defects
against 29.0% for Flow 1, and its lower accuracy reflects the 6.6%
failure rate rather than a worse model. Additionally, we also
tested Flow 2 without threshold tuning, which gave a GM value
of 0.636 already better than using SMOTE which is reported in
code repository. The GM gap (0.197) is more than four times the
AUC gap (0.043) a gap that widens under cross-validation: both
pipelines rank samples comparably and diverge mainly in where
the boundary is placed. This suggests that the threshold accounts
for most of the gain.

Table 2: Test Set Performance Across Experimental Flows.
Hold-out versus five-fold cross-validated performance for
all six flows, including the standard deviation for GM
across folds. Δ the optimism of the single split (hold-out −
CV).

Hold-out 5-fold CV
Flow Rec Spec GM AUC GM mean Δ
1 0.290 0.946 0.524 0.760 0.408 ± 0.065 +0.116
2 0.839 0.621 0.721 0.803 0.640 ± 0.063 +0.081
3 0.645 0.861 0.745 0.813 0.660 ± 0.088 +0.085
4 0.710 0.648 0.678 0.742 0.633 ± 0.027 +0.045
5 0.613 0.848 0.720 0.804 0.650 ± 0.040 +0.070
6 0.871 0.575 0.707 0.799 0.649 ± 0.042 +0.058

Impact of Feature Selection. Under class-weighted LightGBM
(Flows 2, 4, 6) Boruta leads, followed by FASTENER and then
Correlation . Under ADASYN and SVM (Flows 3, 5) the order
of the first two reverses, with correlation ahead of Boruta. Nei-
ther selector is superior independently of the classifier it feeds,
and the reversal is comparable in size to the gaps between selec-
tors within either row. Boruta and correlation share only five of
twelve features, and FASTENER converges on a third subset of
different size. Notably, the correlation filter selected exactly the
same 12 sensors as in Park’s work, despite our flow following a
different approach in handling of missing-values. Yet, under cross
validation it retained only five of twelve across all folds. This
shows that selection under this filter is robust to preprocessing,
but not to training set composition. We additionally tested RFE,
PCA and ANOVA within the Flow 1 configuration; all performed
worse and are omitted from this report.

(a) Flow 2 (b) Flow 3

Figure 2: Confusionmatrix for two of the flows to visualise
the different outputs for high number of detected defects
with Flow 2 and the highest GM value with Flow 3. Note
that the highest recall is from Flow 6, in that case 27 de-
fects were detected but the false positives increase with 20
compared to Flow 2, even though we only detected 1 more.

Moreover, the pipelines differ less in overall quality than in
where they sit on the sensitivity vs specificity trade-off. Flow 2
achieves the highest recall (0.839) at the cost of substantially more
false positives, while Flow 3 combines moderate recall (0.645)
with high specificity (0.861) and correspondingly higher accuracy
(Fig. 2). The choice between them depends on the relative cost of
false positives and false negatives in the specific manufacturing
environment, which also influences the tuning of the classifier
towards a selected metric.

Cross-Validation Stability. Table 2 contrasts single-split and
five-fold cross-validated performance. Three findings are identi-
fied. First, the single split is optimistic for all the pipelines with
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less differences in Flow 4 and 6. Which shifts the position on
feature selection performance for FASTENER being in the lead
when combined with LightGBM with threshold tuning. Second,
with the classifier held constant the cross-validated the three
feature selectors do not show significant important differences
with paired t-tests. Third, the selectors differ markedly in sta-
bility: correlation and Boruta retain 5 and 4 features across all
five folds, whereas FASTENER retains 1, its subsets varying from
12 to 26 features per fold. Boruta selected 18.0 features on aver-
age against 12 on the single split, and the mean tuned threshold
was 0.27 against 0.21, reflecting the sensitivity of both selection
and calibration to training sample composition. Lastly, while we
reported comparative results

Methodological Observations. A key contribution of this work
is demonstrating the importance of proper preprocessing order.
By performing all label-dependent operations—feature selection,
imputation, oversampling, and threshold tuning—strictly within
the training partition, we avoid the information leakage that has
affected prior SECOM studies. Our results, while lower in abso-
lute terms than some reported in the literature, more accurately
reflect real-world generalization performance. False positives re-
main the dominant practical limitation. At the tuned operating
point, Flow 2 flags 167 of 440 passing wafers to recover 26 of 31
defects, roughly six false alarms for every defect caught; Flow 3
trades recall for precision but still raises three false alarms per
defect (Fig. 2). This is inherent to the 1:14 imbalance ratio and the
small absolute number of defective samples, and suggests that
future work should explore cost-sensitive learning frameworks
that explicitly model the asymmetric misclassification costs in
semiconductor production.

5 Conclusions and Future Work
This study presented a systematic comparison of feature selec-
tion and imbalance handling strategies for semiconductor defect
detection on the SECOM dataset, with strict accordance to data
integrity principles. From our findings, firstly, the choice of im-
balance handling method has a substantially greater impact on
defect detection performance than the choice of feature selection
method. Class-weighting with threshold optimization raised GM
from 0.524 to 0.721 under identical feature selection and clas-
sifier conditions, although the closely comparable AUC values
indicate that the tuned decision threshold, rather than the resam-
pling strategy, accounts for most of this gain. Second, the three
selectors capture fundamentally different signal types—Boruta
and correlation share only five out of twelve features, and FAS-
TENER converges on a third subset—yet their cross-validated
performance did not show a difference. Third, the selectors differ
markedly in stability, the Pearson filter and Boruta retain 5 and
4 features across all five folds, whereas the evolutionary search
retains none, its subsets varying from 12 to 29 features per fold.
Lastly, single-split estimates proved optimistic by approximately
0.045 to 0.116 GM in five of six pipelines, with FASTENER the
exception, demonstrating that strict leakage prevention alone is
insufficient without repeated evaluation, and that the variance
across folds reflects the inherent challenge of small defect sample
sizes in industrial datasets.

Future work should address several limitations. The SECOM
dataset’s anonymized features prevent process-level interpreta-
tion of the selected sensors. Exploring ensemble strategies that
combine all feature selection approaches may capture comple-
mentary signals. Cost-sensitive learning frameworks should be

investigated to address the persistently low precision across all
pipelines, and deeper integration with recent advances such as
sub-class discovery within the defect population [2] may fur-
ther improve detection in heterogeneous manufacturing environ-
ments.
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