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Abstract This study aimed to systematically evaluate scanner-induced variability in radiomic
features extracted from multicenter [18F]-FDG PET scanners (Siemens, Philips, and GE) and to
determine which interpolation method, when combined with ComBat harmonization, most effectively
reduces feature variability across scanners. Pre-treated ['®F]-FDG PET scans from 167 stage IIB/IlI
NSCLC patients were obtained from The Cancer Imaging Archive (ACRIN 6668/RTOG 0235 trial).
Primary tumors were delineated semi-automatically. The images and masks were resampled into
isotropic voxel sizes of 0.5 x 0.5 x 0.5 mm? using three interpolation methods, namely B-spline,
Gaussian, and Nearest Neighbor. A total of 105 radiomic features were extracted. ComBat
harmonization was applied to correct for batch effects between scanners. Statistical analysis included
the Kruskal-Wallis test, effect size €2, and coefficient of variation (CV) to evaluate variability between
scanners before and after ComBat harmonization. ComBat harmonization consistently reduced the
variability of radiomic features that emerge from scanner differences. After ComBat harmonization, the
Nearest Neighbor interpolation method demonstrated the best performance compared with the B-spline
and Gaussian methods. Only 1 out of 105 radiomic features (~0.95%) remained a p-value < 0.05, while
approximately 95 of 105 features (90.5%) had CV < 10%. The Nearest Neighbor method also produced
the lowest average CV value compared to the B-spline and Gaussian. Radiomic features extracted
from different types of scanners can increase radiomic feature variability. The use of Nearest Neighbor
interpolation with ComBat harmonization is more effective in reducing radiomic feature variability
between different scanners.

Keywords: Radiomics, ['®F]-FDG PET Images, Interpolation Methods, ComBat Harmonization,
Variability.

Introduction

Radiomics is a medical imaging analysis approach that converts visual information into high-dimensional
quantitative data, thereby enabling the objective and measurable representation of tumor phenotype
characteristics and heterogeneity [1-3]. Quantitative data from medical images includes shape, first-
order, and texture features. These features have shown potential as biomarkers for predicting treatment
response, prognosis, and other clinical outcomes in oncology [4—8]. Among imaging modalities, [*®F]-
fluorodeoxyglucose positron emission tomography (['®F]-FDG PET) plays an important role because it
provides metabolic information that reflects tumor biological activity. In non-small cell lung cancer
(NSCLC), PET scan-based radiomic features have been widely used to predict clinical outcomes, assess
treatment response, and support more precise clinical decision-making [9-11].
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A major challenge in utilizing radiomic features is the limited reproducibility and high variability.
Differences in voxel size, acquisition parameters, and specific scanner characteristics can cause this
variability. In clinical practice, images are typically obtained with anisotropic voxel sizes due to
reconstruction protocols, resulting in bias in radiomic feature calculations. Resampling to isotropic voxels
is necessary to reduce directional bias and improve feature stability, but the resampling process itself
requires interpolation, which can affect feature values [12—14].

Various interpolation methods, such as B-spline, Gaussian, and Nearest Neighbor, may change the
distribution of voxel intensity and texture patterns, thereby affecting radiomic feature variability [15,16].
This issue becomes more complex in multicenter studies, where images are obtained from scanners
different manufacturers (e.g., Siemens, GE, Philips) with varying acquisition protocols. As a result,
radiomic features extracted from multicenter datasets are often affected by systematic scanner-related
differences that extend beyond interpolation effects alone. In multicenter imaging studies, systematic
differences arising from the use of different scanners, acquisition protocols, or reconstruction settings
are commonly referred to as batch effects. These effects can introduce artificial variability in radiomic
features that is unrelated to underlying tumor biology. To address this issue, ComBat harmonization an
algorithm originally developed in the field of genomics has been adapted for radiomics [17]. ComBat
adjusts feature distributions across batches by aligning their statistical properties, thereby reducing
scanner-related variability while preserving biologically relevant information [18-20]. Previous studies,
such as those conducted by Ligero et al., have highlighted the importance of resampling and ComBat
harmonization in reducing CT-radiomics variability arising from image acquisition differences [14]. These
findings emphasize that the selection of interpolation methods and harmonization techniques is an
essential part of reducing radiomic feature variability in multicenter studies.

Therefore, this study aims to evaluate the variability of radiomic features derived from ['®F]-FDG PET
scans acquired with different scanners (Siemens, GE, and Philips), and to identify the most effective
interpolation technique for voxel resampling in combination with ComBat harmonization. By comparing
B-spline, Gaussian, and Nearest Neighbor interpolation methods before and after harmonization, this
study provides practical insights into mitigating scanner-induced variability and establishes a more robust
preprocessing framework for multicenter PET radiomics.

Materials and Methods

Patient Cohort and Imaging Acquisition

Pre-treatment ['®F]-FDG PET scans were acquired from a publicly available dataset provided by The
Cancer Imaging Archive (TCIA). One hundred sixty-seven patients diagnosed with clinical stage 1B/l
locally advanced non-small cell lung carcinoma (NSCLC), who were eligible, were 218 years old, non-
surgical candidates, and scheduled for definitive concurrent chemoradiation, enrolled in the ACRIN
6668/RTOG 0235 multicenter clinical trial. The complete dataset, including imaging and clinical
information, was obtained from The Cancer Imaging Archive (TCIA). Patient demographic and clinical
characteristics are detailed in Table 1.

Table 1. Patient demographics and clinical characteristics

Clinical characteristics Value
Total number of patients 167

Age, years

Range (median) 37 - 82 (65)
Clinical stage

1B 6 (3.6%)
A 89 (53.3%)
1B 71 (42.5%)
Other 1(0.6%)
Sex

Male 108 (64.7%)
Female 59 (35.3%)
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In summary, patients received an administered dose of '®F-FDG ranging from 370 to 740 MBg. Image
acquisition was initiated 50 to 70 minutes post-injection and covered the anatomical region from the
upper-mid neck to the proximal femora. Imaging data were acquired using ['®F]-FDG PET scan systems
from three vendors (Siemens, GE, and Philips), with acquisition and reconstruction parameters
summarized in Table 2. The dataset includes SUV metrics, and qualitative interpretations were centrally
reviewed at ACRIN by an expert nuclear medicine physician with extensive experience in FDG-PET [21].
The overall workflow for evaluating and reducing radiomic feature variability through resampling and
harmonization across multicenter PET scans is illustrated in Figure 1.

Table 2. Summary of image acquisition and reconstruction parameters across the three scanner manufacturers

Manufacturer
T Siemens GE Ph'!'ps
Number of patient . . . . [mm, min - max p-value
[mm, min - max (median)] [mm, min - max (median)] .
(median)]
71 76 20
Pixel size 2.65-5.33 (4.06) 3.91-5.47 (4.69) 4(4) 0.0026
Slice thickness 2-5(3.38) 3.27-4.25 (3.27) 4-5 (4) 2.20E-04
Reconstruction Algorithm OSEM & PSF OSEM & 3D IR LOR-RAMLA
Randoms Correction DLYD DLYD, RTSUB, & SING DLYD & SING
CT-derived & 1 . .
Attenuation Correction measured AC CT measured (0.096000 cm™)  ellipse model & ss-simul

convolution subtraction &
Scatter Correction model-based model-based

*ComBat harmonization requirement for minimum number of patients (~20-30 per batch) [2].
OSEM = ordered subset expectation maximization; LOR-RAMLA = line-of-response row-action maximum likelihood algorithm; SS-SIMUL
= single-scatter simulation method; RTSUB = real-time delayed event subtraction method; DLYD = delayed event subtraction method;

SING = singles-based correction method

Nonuniform & ss-simul

Pre-treatment ['8F]-
FDG PET (Siemens,
GE, & Philips)

\ 4

Prepocessing:
interpolation (B-
spline, Gaussian, &
Nearest Neighbor)

Radiomic feature
extraction

v
ComBat

harmonization

Statistical analysis

Figure 1. Workflow for reducing radiomic feature variability through interpolation methods and harmonization
in multicenter PET studies
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Image Preprocessing

All PET images were converted into Standardized Uptake Value (SUV) units for quantitative analysis.
Primary tumors were semi-automatically segmented using a 3D graph-based method in 3D Slicer
software (v5.6.2) [22], based on SUV intensity and clinical annotation. The segmentation volumes and
corresponding PET images were saved in Neuroimaging Informatics Technology Initiative (NIfTI) format
for further analysis. To ensure spatial resolution consistency, all ['"®F]-FDG PET images and their
segmentation masks were resampled to an isotropic voxel size of 0.5 x 0.5 x 0.5 mm? [12, 22]. The
resampling process was performed using three interpolation methods, namely B-spline, Gaussian, and
Nearest Neighbor, each of which has its own characteristics in influencing the distribution of intensity
values and image texture. This interpolation stage used the resampled pixel spacing and interpolator
parameters in PyRadiomics v3.1.0, in accordance with the Image Biomarker Standardisation Initiative
(IBSI) guidelines [23]. The PET image intensity was discretized using a fixed bin width (FBW) of 0.5
SUV, a method widely recommended for maintaining SUV dynamics while reducing image noise and
standardizing texture quantification [12, 24].

Radiomic Feature Extraction

Radiomic feature extraction was performed using PyRadiomics v3.1.0 following the Image Biomarker
Standardisation Initiative (IBSI) guidelines [23, 25]. From each volume of interest (VOI) in the original
image, 105 radiomic features were extracted for each interpolation method. These features were
categorized into seven main groups: 14 shape features, 18 first-order features, 22 Gray Level Co-
occurrence Matrix (GLCM)-based features, 16 Gray Level Size Zone Matrix (GLSZM)-based features,
16 Gray Level Run Length Matrix (GLRLM)-based features, 14 Gray Level Dependence Matrix (GLDM)-
based features, and 5 Neighboring Gray Tone Difference Matrix (NGTDM)-based features. All features
were calculated from PET images that had undergone resampling and discretization processes to
maintain intensity quantization consistency.

The extraction process was performed separately for each interpolation method, namely, B-spline,
Gaussian, and Nearest Neighbor, so that a direct evaluation of the effect of the interpolation method on
radiomic feature values could be performed. A detailed list of all radiomic features is shown in Table 3,
while the calculation methods can be obtained from the official PyRadiomics documentation
(https://pyradiomics.readthedocs.io/en/latest/).

Table 3. Radiomic features extracted from original PET images, including shape, first order, and texture. Texture features are categorized
as follows: GLCM: gray level co-occurrence matrix, GLRLM: gray level run length matrix, GLSZM: gray level size zone matrix, GLDM:
gray level dependence matrix, NGTDM: neighboring gray tone difference matrix.

Features Sub Features
Shape elongation, flatness, least axis length, major axis length, maximum 2ddiameter column, maximum2ddiameterrow,
(n=14) maximum 2ddiameter slice, maximum 3ddiameter, mesh volume, minor axis length, sphericity, surface area, surface
volume ratio, voxel volume
Firstorder 10 percentile, 90 percentile, energy, entropy, interquartile range, kurtosis, maximum, mean absolute deviation, mean,
(n=18) median, minimum, range, robust mean absolutedeviation, root mean squared, skewness, total energy, uniformity,
variance
GLCM autocorrelation, jointaverage, cluster prominence, cluster shade, cluster tendency, contrast, correlation, difference
(n=22) average, difference entropy, difference variance, joint energy, joint entropy, imc1, imc2, idm, idmn, id, idn, inverse
variance, maximum probability, sum entropy, sum squares
GLRLM  gray level non uniformity, gray level non uniformity normalized, gray level variance, high gray level run emphasis, long
(n=16) run emphasis, long run high gray level emphasis, long run low gray level emphasis, low gray level run emphasis, run
entropy, run length non uniformity, run length non uniformity normalized, run percentage, run variance, short run
emphasis, short run high gray level emphasis, short run low gray level emphasis
GLSZM  gray level non uniformity, gray level non uniformity normalized, gray level variance, high gray level zone emphasis, large
(n=16) area emphasis, large area high gray level emphasis, large area low gray level emphasis, low gray level zone emphasis,
size zone non uniformity, size zone non uniformity normalized, small area emphasis, small area high gray level emphasis,
small area low gray level emphasis, zone entropy, zone percentage, zone variance
GLDM dependence entropy, dependence non uniformity, dependence non uniformity normalized, dependence variance, gray
(n=14) level non uniformity, gray level variance, high gray level emphasis, large dependence emphasis, large dependence
highgraylevel emphasis, large dependence low gray level emphasis, low gray level emphasis, small dependence
emphasis, small dependence high gray level emphasis, small dependence low gray levelemphasis
NGTDM  busyness, coarseness, complexity, contrast, strength
(n=5)
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ComBat Harmonization

In this study, we used the ComBat harmonization method to remove the feature variations caused by
different manufacturers, scanners, acquisition, and reconstruction parameters, especially in the multi-
center study (also called batch effect) [17]. This method, based on the Empirical Bayes (EB) framework,
adjusts for location (mean) and scale (variance) across batches, PET scanner manufacturers while
preserving biological signal. For reliable ComBat harmonization, an adequate number of samples per
batch is required. In this study, the dataset comprised 71 patients scanned on Siemens, 76 patients on
GE, and 20 patients on Philips, thereby satisfying the recommended minimum number of patients per
batch (~20-30 subjects) [2]. The ComBat algorithm used in this work is publicly available at
https://github.com/Jfortin1/ComBatHarmonization and was implemented in Python using the
neuroComBat package. Gender was included as a biological covariate, and a parametric adjustment
was applied [26—28]. ComBat harmonization was performed independently for the radiomic feature sets
derived from each interpolation method.

Statistical Analysis

Statistical analysis was performed to evaluate the variability of radiomic features derived from [*®F]-FDG
PET images obtained from different scanners (Siemens, GE, and Philips). The statistical analyses used
were the Kruskal-Wallis test, effect size (€2), and coefficient of variation (CV). The Kruskal-Wallis test,
a non-parametric method for comparing multiple independent groups, was used to evaluate inter-
scanner differences across vendors (Siemens, GE, and Philips), with p-values < 0.05 indicating statistical
significance. The Kruskal-Wallis test evaluated inter-scanner differences across vendors (Siemens, GE,
Philips), with p-values < 0.05 indicating significant differences. Prior to harmonization, a large proportion
of features showed significant differences, confirming scanner-induced effects. Following ComBat, these
differences were largely non-significant, suggesting successful mitigation of scanner variability. The
effect size (€2) was used to quantify the magnitude of scanner effects, with higher values reflecting
greater inter-scanner disparity. This metric complemented the statistical test by providing a measure of
effect size [19,26]. The coefficient of variation (CV) was computed to quantify inter-scanner variability
before and after ComBat harmonization. A CV < 10% indicated acceptable reproducibility. CV levels
were classified as excellent (< 10%), good (10-20%), moderate (20—-30%), and poor (= 30%) [19, 30].
All analyses were performed separately for each interpolation method, both on radiomic feature data
before and after ComBat harmonization. This approach aimed to specifically identify the most effective
combination of interpolation and harmonization methods in reducing radiomic feature variability in
multicenter PET imaging studies. The statistical analyses were performed using SciPy (v1.15.2) in
Python [29].

Results

The distribution of radiomic features is presented on a probability density function (PDF) graph. Figure
2 shows the probability density function (PDF) of one of the texture features, namely neighboring gray
tone difference matrix (ngtdm)—complexity, for the three interpolation methods, before and after ComBat
harmonization. This feature was chosen because it is sensitive to heterogeneity and clearly shows inter-
scanner variation, making it representative for describing the effect of harmonization on the distribution
of radiomic feature values. Before harmonization, the distribution of feature values varied significantly
between scanners, marked by shifts in peaks and differences in curve width for each interpolation
method. Prior to ComBat harmonization, radiomic features extracted from different scanners exhibited
distinct distribution patterns, reflecting scanner-related variability. For instance, under B-spline
interpolation, feature values from the GE scanner showed a noticeably wider distribution than those from
Siemens and Philips. This variability was more marked with the B-spline method than with Gaussian or
Nearest Neighbor interpolation, as illustrated in the probability density plots (Figure 2). Following ComBat
harmonization, the probability density curves across scanners became substantially more overlapping
for all interpolation methods, indicating a reduction in inter-scanner variability. This visual convergence
aligns with the overall decrease in variability metrics observed across interpolation methods after
harmonization, thereby demonstrating the effectiveness of ComBat in standardizing radiomic feature
distributions.
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Figure 2. Probability density distributions of selected radiomic features across different scanners before
and after ComBat harmonization. The increased overlap of density curves after ComBat indicates a
substantial reduction in inter-scanner variability, regardless of the interpolation method used. (a) B-
spline, (b) Gaussian, and (c) Nearest Neighbor

The Kruskal-Wallis test results show that before ComBat harmonization, most radiomic features had p-
values < 0.05, indicating significant differences between scanners. After harmonization, most features
had p-values > 0.05, indicating no significant differences. Table 4 shows that after harmonization, the
number of features that differed significantly between scanners decreased significantly, namely 0.95%
in the Nearest Neighbor method, 2.86% in the Gaussian method, and 4.76% in the B-spline method.

Table 4. Significant Kruskal-Wallis test before and after ComBat harmonization

The number of features with significant differences

(0 005)

Before After

B-spline 62/105 5/105
Gaussian 52/105 3/105
Nearest Neighbor 61/105 1/105
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Descriptive statistics of €2 (mean + std, median, and interquartile range [IQR]) are summarized in Table
5, demonstrating consistent decreases across all interpolation methods after harmonization. This further

supports the effectiveness of ComBat harmonization in significantly reducing scanner-related
differences.

Table 5. Effect size (€2) for radiomic features before and after ComBat harmonization

. &
Int;réﬁlggon (mean = std) median interquartile
before after before after before after
B-spline 0.0438 + 0.0419 -0.0006 + 0.0351 0.0498 -0.0072 0.0806 0.0063
Gaussian 0.0242 + 0.0255 -0.0024 + 0.0270 0.0233 -0.0076 0.0495 0.0069
Nearest Neighbor 0.0377 £ 0.0401 -0.0067 + 0.0075 0.0379 -0.0080 0.0687 0.0048
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Figure 3. Distribution of coefficient of variation (cv) of radiomic features before and after ComBat
harmonization for each interpolation method

To further quantify feature robustness, Figure 3 presents the distribution of the coefficient of variation
(CV) across scanners before and after harmonization. The red dashed line marks the 10% threshold,
commonly used as a reference for acceptable inter-scanner reproducibility [19]. Before harmonization,
wide IQRs, extended whiskers, and multiple outliers reflected considerable variability. After
harmonization, median CV values consistently fell below the 10% threshold for all interpolation methods,
with narrower IQRs and reduced outlier counts, indicating enhanced reproducibility. Figure 2 also
provides a comparative summary of CV values across interpolation methods. Before harmonization, B-
spline interpolation showed the highest mean CV, suggesting greater sensitivity to scanner differences.
After harmonization, Nearest Neighbor interpolation yielded the lowest mean CV, reflecting feature
stability.

Table 6 summarizes the number of radiomic features with low variability (CV < 10%) between scanners
before and after ComBat harmonization. In B-spline interpolation, the proportion of features with CV <
10% increased from 36.2% to 85.7%; in Gaussian interpolation from 42.9% to 83.8%; and in Nearest
Neighbor interpolation from 45.7% to 90.5%. This consistent increase indicates that ComBat
harmonization effectively reduces inter-scanner variability, with the best results in the Nearest Neighbor
interpolation method.

Table 6. Number of radiomic features before and after ComBat harmonization based on CV value classification

The number of features (n=105)

Interpolation

Before ComBat After ComBat

CV<10%

10%=CV<20%

20%=CV<30% CV230% CV<10% 10%=<CV<20% 20%<CV<30% CV230%
B-spline 38 19 14 34 90 15 0 0
Gaussian 45 24 12 24 88 17 0 0
Nearest
Neighbor 48 15 12 30 95 7 3 0

e-ISSN 2289-599X| DOI: https://doi.org/10.11113/mjfas.v22n1.4971

193



MJ FAS Asyana et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 22 (2026) 187-198

Table 7. Effect of ComBat Harmonization on Inter-Scanner Variability Across Radiomic Feature Classes and Interpolation Methods

2 Number of Features with Number of Features with
Features mean-¢ p value < 0.05 CV <10%
class Interpolation method After After
Before ComBat ComBat Before ComBat After ComBat Before ComBat ComBat
B_spline -0.0103 -0.0102 0 0 100% 100%
Shape Gaussian -0.0103 -0.0098 0 0 100% 100%
(n = 14)
Nearest Neighbor -0.0103 -0.0107 0 0 100% 100%
B_spline 0.0366 -0.0089 55.6% 0 33.3% 100%
First-order . o o o
_ . -U. .07 RON) (V
(= 18) Gaussian 0.0238 0.0086 55.6% 0 38.9% 100%
Nearest Neighbor 0.0354 -0.0089 55.6% 0 38.9% 100%
B_spline 0.0618 -0.0040 77.3% 4.5 % 40.9% 90.9%
(S';Cz'\g) Gaussian 0.0416 -0.0037 86.4% 45% 40.9% 90.9%
Nearest Neighbor 0.0556 -0.0033 86.4% 4.5 % 50% 90.9%
B_spline 0.0474 -0.0054 57.1% 0 35.7% 92.9%
(Sﬂ\j’r) Gaussian 0.0260 -0.0047 50% 0 42.9% 78.6%
Nearest Neighbor 0.0311 -0.0081 64.3% 0 64.3% 100%
B_spline 0.0511 -0.0062 75% 0 18.8% 81.3%
GLRLM (n Gauss ; . > e eo .
= 16) aussian 0.0317 -0.0046 62.5% 0 5% 75%
Nearest Neighbor 0.0379 -0.0071 62.5% 0 43.8% 100%
B_spline 0.0585 0.0333 75% 25% 6.25% 56.25%
gffg Gaussian 0.0171 0.0176 12.5% 12.5% 31.25% 56.25%
Nearest Neighbor 0.0570 -0.0033 81.25% 0 0% 56.25%
B_spline 0.0612 -0.0066 60% 0 0 60%
NGZ%’;" (n Gaussian 0.0405 -0.0040 80% 0 0 80%
Nearest Neighbor 0.0583 -0.0073 80% 0 20% 80%

As shown in Table 7, no features (0%) in the shape category showed a p-value < 0.05, and 100% of
shape features had CV < 10% either before or after ComBat harmonization in all interpolation methods.
As for first-order features, this condition was only achieved after ComBat harmonization.

For the gray level co-occurrence matrix (glcm) feature, after ComBat harmonization, 4.5% of glcm
features (cluster prominence feature) had a p-value < 0.05, and 90.9% of glcm features had a CV < 10%
for all interpolation methods. The other two features (cluster shade and cluster prominence) are in the
good variability group with values of 10% < CV < 20%.

The gray level dependence matrix (gldm) feature, after ComBat harmonization, shows no features (0%)
with a p-value < 0.05 across all interpolation methods. Meanwhile, the number of features with CV < 10%
is 92.9% for the B-spline method, 78.6% for the Gaussian method, and 100% for the Nearest Neighbor
method. In addition, several features fall into the good variability category (10% < CV < 20%), namely
one feature (small dependence high gray level emphasis) in the B-spline method, and three other
features (dependence non-uniformity, dependence non-uniformity normalized, and small dependence
high gray level emphasis) in the Gaussian method.

The gray level run length matrix (glrim) feature, after ComBat harmonization, shows no features (0%)
with a p-value < 0.05 across all interpolation methods. Meanwhile, the number of features with CV < 10%
is 81.3% for the B-spline method, 75% for the Gaussian method, and 100% for the Nearest Neighbor
method. In addition, several features fall into the good variability category (10% < CV < 20%), namely
three features (run variance, long run emphasis, and long run low gray level emphasis) in the B-spline
method, and four other features (short run high gray level emphasis, run variance, long run low gray level
emphasis, and long run emphasis) in the Gaussian method.
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The gray level size zone matrix (glszm) feature, after ComBat harmonization, the number of features
with a p-value < 0.05 is 25% (small area high gray level emphasis, zone percentage, large area high
gray level emphasis, and size zone non uniformity) in the B-spline method, 12.5% (small area high gray
level emphasis and large area high gray level emphasis) in the Gaussian method, and 0% in the Nearest
Neighbor method. The number of features with CV < 10% is 56.25% for all interpolation methods. The
number of features with 10% < CV < 20% is seven features (high gray level zone emphasis, small area
low gray level emphasis, large area high gray level emphasis, zone variance, large area emphasis, small
area high gray level emphasis, and large area low gray level emphasis) in the B-spline method, seven
features (gray level variance, large area high gray level emphasis, high gray level zone emphasis, zone
variance, large area emphasis, large area low gray level emphasis, small area high gray level emphasis)
in the Gaussian method. Meanwhile, in the Nearest Neighbor method, four features (small area low gray
level emphasis, small area emphasis, size zone non uniformity normalized, and large area high gray
level emphasis) have a value of 10% < CV < 20%, and the other three features (zone variance, large
area low gray level emphasis, and large area emphasis) have values of 20% < CV < 30%.

The neighboring gray tone difference matrix (ngtdm) feature, after ComBat harmonization, shows no
features (0%) with a p-value < 0.05 across all interpolation methods. Meanwhile, the number of features
with CV < 10% is 60% for the B-spline method, 80% for the Gaussian method, and Nearest Neighbor. In
addition, several features with 10% < CV < 20% include two features (busyness and strength) in the B-
spline method, one feature (strength) in the Gaussian method, and one other feature (complexity) in the
Nearest Neighbor method.

Discussion

The robustness and stability of radiomic features are key factors that determine their validity as
biomarkers of medical images [20, 31]. However, several features are sensitive to variations in
acquisition parameters, reconstruction algorithms, and preprocessing methods. Several radiomics
studies analyzing images from various institutions and different types of scanners have shown that
multicenter variability is a major challenge that hinders the robustness and stability of features. This leads
to challenges in the application of radiomics to large-scale multicenter data and routine clinical practice
[14, 19, 29, 32, 33].

The results of the analysis showed that ComBat harmonization was consistently able to reduce the level
of radiomic feature variability that emerged due to scanner differences. These findings align with previous
studies that have reported the ComBat harmonization approach to be effective in improving the
consistency and reproducibility of radiomic features in multicenter studies [19, 29, 31].

In this study, the Nearest Neighbor interpolation method demonstrated the best performance compared
to the B-spline and Gaussian methods. After ComBat harmonization, 7 out of 105 features (~0.95%)
extracted with Nearest Neighbor interpolation remained p-value < 0.05 while approximately 95 of 105
features (90.5%) had CV < 10%. The Nearest Neighbor method also yielded the lowest average CV
value compared to the B-spline and Gaussian methods. These results indicate that the combination of
Nearest Neighbor interpolation with ComBat harmonization is more effective in reducing the variability of
radiomic features between different scanners.

The feature class analysis summarized in Table 7 provides further insight into how different categories
of radiomic features respond to preprocessing strategies. Shape features consistently demonstrated low
variability across all interpolation methods, both before and after ComBat harmonization, confirming their
intrinsic robustness and limited sensitivity to scanner-related effects. In contrast, first-order and texture
features exhibited greater variability prior to harmonization, highlighting their higher susceptibility to
acquisition and preprocessing differences. After ComBat harmonization, 100% of first-order features
showed low variability across all interpolation methods. Furthermore, texture features exhibited an
interesting pattern. For glszm, no features (0%) had a p-value < 0.05 under the Nearest Neighbor
method, unlike B-spline (25%) and Gaussian (12.5%). Meanwhile, the proportion of glszm features with
a CV value < 10% reached 56.25% across all three interpolation methods. These results indicate that
the Nearest Neighbor interpolation method performs relatively well at reducing the variability of glszm
features compared with B-spline and Gaussian. For other texture features such as gldm and girim, no
features (0%) had a p-value < 0.05 under the Nearest Neighbor method, while all gldm and glrim features
(100%) had a CV value < 10%. These findings suggest that the Nearest Neighbor interpolation method
performs very effectively in reducing the variability of glszm, gldm, and glrim features compared with B-
spline and Gaussian methods.
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The findings in this study align with previous studies, which report that interpolation methods can impact
the reproducibility and variability of radiomic features. For example, several previous studies using
single-center data have demonstrated that the selection of specific interpolators, such as the Nearest
Neighbor method, can enhance texture feature stability compared to other methods [13, 14]. These
findings are also consistent with a previous study by Ramlee et al. (2024), which reported that Nearest
Neighbor interpolation produced the most robust number of features compared to other interpolators,
such as linear, B-spline, and Gaussian. The results of this study state that the stability of radiomic
features in Nearest Neighbor interpolation is a consequence of its ability to maintain the original intensity
distribution. The consistency of the results between this study and previous studies further emphasizes
the importance of selecting the appropriate interpolation method in ['8F]-FDG PET radiomic analysis [15].
However, it should be noted that the study did not utilize multicenter data, so the potential for variation
arising from differences in scanners or acquisition protocols has not been fully taken into account [34].
Thus, this study provides an additional contribution with findings on multicenter data, which are more
representative of real clinical conditions and the challenges of heterogeneity in multicenter studies.

The limitations of this study were confined to the scope of the analysis, which focuses solely on
evaluating interpolation methods. Other pre-processing factors, such as discretization using fixed bin
number (FBN) or fixed bin width (FBW), also have the potential to affect radiomic feature variability and
have not been reviewed in this study [24]. Furthermore, this study has not evaluated the direct
relationship between feature variability and clinical outcomes. Therefore, further research is needed that
not only considers variations in pre-processing methods but also integrates harmonized radiomic
features with predictive and prognostic analyses to support clinical applications.

Conclusions

In conclusion, this study demonstrates that ComBat harmonization consistently reduces scanner-
induced variability in radiomic features extracted from multicenter ['*®F]-FDG PET images. At the feature-
class level, shape features exhibited intrinsic robustness, showing low variability across interpolation
methods both before and after harmonization. In contrast, first order and texture features were more
sensitive to scanner-related effects and benefited substantially from harmonization. Among the
evaluated interpolation methods, Nearest Neighbor consistently produced the most stable feature
distributions, characterized by lower average CV values and a higher proportion of features with CV <
10% and non-significant p-values, particularly within glszm, gldm, and glrim texture groups. These
findings highlight the critical importance of selecting an interpolation strategy, in combination with
harmonization, to reduce radiomic feature variability and enhance the reliability of multicenter PET
radiomics analyses.
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