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ABSTRACT

ARTICLE INFO

This study investigated the effects of normalization methods on the ro-
bustness of [*F]-FDG PET radiomic features across different fixed bin
number (FBN) settings and cancer types. A total of 107 radiomic features
were evaluated in melanoma, non-small cell lung cancer (NSCLC), and
lymphoma datasets across 32 FBN settings ranging from 8 to 256 in in-
crements of 8. Features were assessed without normalization and after
Z-score, Min-Max, or Robust scaling, applied independently at each
FBN setting. The intraclass correlation coefficient (ICC) was used as the
measure of agreement across discretization settings, while the coeffi-
cient of variation (CV) was examined as a measure of variability. Nor-
malization effects varied across radiomic feature classes and cancer da-
tasets. Z-score and Robust scaling generally increased ICC for many tex-
ture features compared with no normalization, whereas the response to
Min-Max scaling was more variable. CV distributions also differed
across normalization methods and cancer types, with Z-score producing
the highest mean CV and Min-Max the lowest in all three datasets.
However, between-method differences in CV were interpreted descrip-
tively, as normalization altered the feature means underlying its calcula-
tion and therefore limited direct comparability. Post extraction normali-
zation was associated with increased ICC-based agreement of [*F]-FDG
PET radiomic features across FBN settings, with Z-score normalization
showing the most consistent results across cancer cohorts. However, the
effects varied by feature and normalization method, highlighting the
need for feature-level assessment and transformation-aware interpreta-
tion of variability.
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1. INTRODUCTION

Radiomics enables the quantitative characterization of medical images by extracting high-

dimensional features that describe image intensity, shape, and spatial texture [1]. These features have
been increasingly investigated as potential imaging biomarkers for disease characterization, risk strati-
fication, and treatment response assessment [2,3]. In positron emission tomography (PET), particularly
[*®F]-fluorodeoxyglucose (FDG) PET, radiomic features may capture variations in tracer uptake and
intralesional heterogeneity that are not fully represented by conventional summary measures [4].
However, the clinical translation of radiomics remains constrained by concerns regarding feature re-
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producibility and robustness, as measured feature values may be affected by image acquisition, seg-
mentation, preprocessing, and feature-extraction settings. Standardization initiatives, such as the Im-
age Biomarker Standardisation Initiative (IBSI), have therefore emphasized the importance of harmo-
nized feature definitions and reproducible computational workflows [5,6].

Intensity discretization is an important preprocessing step in radiomics because it determines
how continuous image intensities are mapped to discrete gray levels before the calculation of many
texture features. Fixed bin number (FBN) discretization divides the intensity range into a predefined
number of bins, making the resulting gray level representation dependent on both the selected bin
number and the intensity distribution within the region of interest [7,8]. Consequently, changing the
FBN setting may alter texture matrices and the resulting feature values, even when the original image
and segmentation remain unchanged. Previous investigations have demonstrated that discretization
and other preprocessing parameters can substantially influence radiomic feature reproducibility, alt-
hough the effects vary across imaging modalities and experimental settings [5]. These findings high-
light the need to evaluate feature stability across discretization settings rather than assuming that a par-
ticular configuration produces consistently reproducible measurements.

In addition to image level preprocessing, normalization of extracted radiomic features is com-
monly used to address differences in feature scales before statistical analysis or machine learning mod-
elling. Standardization methods, including Z-score, Min—Max, and Robust scaling, transform feature dis-
tributions using different reference statistics [9,10]. Z-score scaling uses the mean and standard deviation,
Min—Max scaling maps values to a specified range, and Robust scaling uses the median and interquartile
range. Although these transformations are widely used to prepare features for downstream analyses, their
effect on the stability of radiomic measurements across alternative discretization settings requires sepa-
rate evaluation. In particular, normalization intended to improve the numerical conditioning of machine
learning algorithms should not be assumed to improve the reproducibility of the underlying features.

While previous radiomics robustness studies have primarily examined the impact of image-
level discretization or post-extraction scaling in isolation, few have systematically evaluated how fea-
ture-level normalizations interact with varying discretization depth (e.g., across 32 FBN levels) across
multiple distinct clinical cohorts. The novelty of this study lies in providing a comprehensive feature-
class-level mapping of post-extraction normalization behavior under systematic FBN perturbation
across three distinct [**F]-FDG PET cancer cohorts (melanoma, non-small cell lung cancer (NSCLC),
and lymphoma) within a unified computational pipeline. By evaluating level-specific scaling versus
unnormalized features, this study explicitly delineates feature classes that benefit from post-extraction
transformation from those that exhibit intrinsic sensitivity or numerical instability.

2. RESEARCH METHODS

2.1. Dataset and Study Design

This study used anonymized whole-body [**F]-FDG PET/CT images and corresponding man-
ually delineated tumor volumes from the publicly available FDG-PET-CT-Lesions collection hosted
by The Cancer Imaging Archive (TCIA) [11,12]. The dataset included three cancer types: non-small
cell lung cancer (NSCLC, n = 168), melanoma (n = 174), and lymphoma (n = 143). The imaging data
and tumor annotations were obtained from the same publicly accessible dataset to ensure consistency
in image acquisition, reconstruction, and lesion delineation across the study cohort.

Details of the PET/CT acquisition and reconstruction protocols have been reported previously
[11,12]. Briefly, PET images were acquired using a Biograph mCT scanner (Siemens Healthineers)
approximately 60 min after intravenous administration of [*°F]-FDG. The images were reconstructed
using ordered-subset expectation maximisation (OSEM) with 21 subsets and 2 iterations, followed by
a 2-mm full-width at half-maximum (FWHM) Gaussian filter. The reconstructed PET images consist-
ed of a 400 x 400 matrix with a voxel size of 2.04 x 2.04 x 3.0 mm®. The overall workflow of the
analysis is illustrated in Figure 1.

2.2. Preprocessing
The PET data were converted from Digital Imaging and Communications in Medicine (DI-
COM) to Neuroimaging Informatics Technology Initiative (NIfTI) format. The PET images were sub-
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sequently converted to body weight normalised standardised uptake value (SUV,,,) maps using the
injected radiotracer activity, patient body weight, acquisition time, and physical decay of ['*F]-FDG.
The SUV was calculated according to Equation (1):

SUV,,, = Di X W X 2< 2 ) |z 1)

where A is the activity concentration (Bg/ml), D; is the injected radiotracer dose (Bq), w is the pa-
tient's body weight (gram), (t; — t;) is the elapsed time between radiotracer injection and PET meas-
urement (s), T is the physical half-life of [**F]-FDG (s).
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Figure 1. Study workflow for evaluating the effect of normalization methods on [**F]-FDG PET radi-
omics feature.

Following lesion segmentation and conversion of PET images to standardised uptake value
(SUV) maps, gray-level discretization was performed using the FBN approach implemented in PyRa-
diomics [13]. The binCount parameter was varied from 8 to 256 in increments of 8, yielding 32 dis-
cretization settings. The discretized gray-level index of voxel (i) was calculated according to Equation

(2):

SUV(i)=SUVmin

Loon (D) = | Swmax_swmm] +1, SUV(Q) < SUVigs

D, SUV(Q) = SUVyus

)

where SUV (i) denotes the SUV value of voxel i, while SUV,,;,, and SUV,,.x represent the minimum
and maximum SUV values, respectively, within the segmented lesion. The parameter D corresponds to
the predefined number of gray level bins and was varied from 8 to 256 in increments of 8. For each
FBN condition, the underlying PET image and corresponding tumor segmentation were kept un-
changed, while the gray-level discretization setting was varied. This design isolated the effect of dis-
cretization on the extracted radiomics features while minimizing variation attributable to image acqui-
sition and segmentation [7,14]. For patient i, radiomics feature f, and FBN condition b, the extracted
feature value was denoted as Equation (3):

Xifp (3)

For each cancer dataset, the resulting radiomics data tensor was represented as Equation (4):
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X € RNX107x32 4)

where N denotes the number of patients, 107 corresponds to the number of extracted radiomics fea-
tures, and 32 corresponds to the number of FBN conditions.

2.3. Radiomics Feature Extraction

Radiomic features were extracted from the manually segmented tumor volumes using the
PyRadiomics package [13]. For each patient and each cancer type, 107 three-dimensional radiomic
features were calculated across seven feature classes: shape-based features (n = 14), first-order statis-
tics (n = 18), and texture features (n = 75). The texture features comprised gray-level co-occurrence
matrix (GLCM; n = 24), gray-level dependence matrix (GLDM; n = 14), gray-level run-length matrix
(GLRLM; n = 16), gray-level size-zone matrix (GLSZM; n = 16), and neighboring gray-tone differ-
ence matrix (NGTDM; n = 5) features. These feature classes characterize tumor morphology, voxel-
intensity distributions, and spatial gray-level patterns. The feature definitions were selected to follow
Image Biomarker Standardisation Initiative (IBSI) recommendations [5].

2.4. Feature Normalization
To investigate whether feature normalization influenced radiomics robustness across FBN
conditions, four post-extraction processing strategies were evaluated:
a. No normalization (none);
b. Z-score normalization;
¢. Min-Max normalization; and
d. Robust scaling.
Normalization was performed independently at each FBN level and separately for each radi-
omics feature across patients.
For Z-score normalization, the transformed feature value was computed as Equation (5):

_ Xifb—H5b
Zifp = T (5)

where ur;, and of ), denote the mean and standard deviation of feature f across all patients at FBN
condition b, respectively.
Min-Max normalization was defined as Equation (6):

_ Xi,f,b_XF,]bin
Mi,f,b - X}rlllsax_XFbin' (6)

where Xf‘flbi“ and X7 represent the minimum and maximum values of feature facross patients at
FBN condition b.
Robust scaling was computed as Equation (7):

_ Xi’f_b—Medianf_b
Rl,f,b - IQRf,b (7)

where Mediang ;, denotes the median feature value and Equation (8):

IQRsp = Q3 5p — Qufp (8)

is the interquartile range of feature facross patients at FBN condition b.
Thenormalizationprocedurewasintentionallyapplied independentlyforeachFBNcondition.Con-
sequently, a separate transformation was estimated for every feature at every FBN level rather than fitting
a single scaler across all FBN conditions simultaneously. This design was chosen to evaluate whether
relative patient-level feature patterns remained consistent across FBN conditions after level-specific nor-
malization, rather than to preserve absolute feature magnitudes across different discretization settings.
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2.5. Analysis

2.5.1. Intraclass Correlation Coefficient

The primary measure of radiomics feature robustness was the two-way random-effects, abso-
lute-agreement, single-measure intraclass correlation coefficient (ICC (2,1)) [15-17]. ICC was used to
quantify the agreement of each radiomics feature across the 32 fixed bin number (FBN) settings, rang-
ing from 8 to 256 bins in increments of 8.

For each cancer type and normalization condition, the feature values obtained from the same

patients across the 32 FBN settings were treated as repeated measurements. Let Xi(]f ) denote the val-

ue of radiomics feature f for patient i, measured at FBN setting j, for cancer type ¢ and normalization
condition s. For each combination of feature, cancer type, and normalization condition, a patient-by-
FBN measurement matrix was constructed as Equation (9):

x(fos) — [ Xi(jf 'c'S)] i=1,..n¢ ©
j:l,...,32

where n. denotes the number of patients in cancer type c. The ICC (2,1) estimate was calculated as
Equation (10):

MSR—MSE
M5R+(k—1)MSE+§(MSC—MSE)

where (MSR), (MSC), and (MSE) represent the mean squares for patients, FBN settings, and residual
error, respectively; (n_c) is the number of patients in the corresponding cancer cohort; and (k = 32) is
the number of FBN settings. The absolute-agreement formulation accounts for both differences in fea-
ture values between patients and systematic differences across FBN settings.

One ICC estimate was obtained for each combination of radiomics feature, cancer type, and
normalization condition. Accordingly, with 107 features, three cancer types, and four normalization
conditions, a total of 1,284 feature-level ICC estimates were obtained, provided that all combinations
yielded valid estimates. Each ICC summarized agreement across all 32 FBN settings; ICC was not
calculated separately for individual FBN values. Higher ICC values indicated greater agreement of a
feature across the evaluated discretization settings.

For descriptive comparison, two predefined ICC thresholds were applied: ICC > 0.75, indicating
good agreement, and ICC > 0.90, indicating excellent agreement. The proportions of the 107 radiomics
features meeting or exceeding each threshold were calculated separately for each cancer type and nor-
malization condition. These thresholds were used solely to facilitate descriptive comparison of the distri-
butions of feature robustness and were not treated as formal criteria for feature acceptance or exclusion.

2.5.2. Coefficient of Variation

The coefficient of variation (CV) was calculated to characterize the relative variability of radi-
omics features across 32 FBN settings, ranging from 8 to 256 in increments of 8 [18]. The analysis
was performed separately for each cancer cohort and normalization condition, including no normaliza-
tion, Z-score normalization, Min—Max normalization, and Robust Scaling. For the normalized condi-
tions, normalization was applied independently at each FBN setting, with each feature normalized
across patients. For each patient (i) and feature (f), CV was calculated across the 32 FBN settings as the
sample standard deviation divided by the absolute arithmetic mean as Equation (11):

my _ SP(XFxi7)
V" == (e (12)

where Xi(}?) denotes the value of feature f for patient i at FBN setting j under normalization condition

m, K = 32 is the number of FBN settings, and )_(gcn) is the arithmetic mean across FBN settings. The
CV was expressed as a ratio and was not multiplied by 100.
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Patient-level CV values were averaged across patients to obtain feature-specific estimates of
relative variability. These feature-specific CV estimates were subsequently summarized across radi-
omics features within each cancer cohort and normalization condition. Lower CV values generally indi-
cate lower variability relative to the corresponding mean. However, this interpretation should be made
cautiously when the mean approaches zero. In particular, CV values obtained after Z-score normaliza-
tion or Robust Scaling may become unstable because these transformations center feature distributions
around zero and can therefore yield mean values close to zero. Under such conditions, small changes in
the denominator may produce disproportionately large CV values that do not necessarily reflect in-
creased variability. Accordingly, CV was treated as a secondary descriptive measure of variability and
was interpreted in conjunction with the ICC, which served as the primary metric for assessing feature
agreement across FBN settings.

3. RESULTS AND DISCUSSIONS

3.1. Distribution of Intraclass Correlation Coefficient (ICC)

Figure 2 shows the distributions of ICC values for 107 [**F]-FDG PET radiomic features
across melanoma, NSCLC, and lymphoma under four post-extraction normalization conditions. With-
out normalization, the median ICC values ranged from 0.28 to 0.33 across the three cohorts. Following
normalization, the median ICC increased to approximately 0.97 — 0.98, indicating substantially greater
agreement across FBN settings.
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Figure 2. The distribution of intraclass correlation coefficient (ICC) values.

Among the normalization methods, Z-score scaling yielded the highest median ICC values:
0.99 (IQR, 0.94 — 1.00) for melanoma, 0.98 (IQR, 0.92-1.00) for NSCLC, and 0.99 (IQR, 0.94 — 1.00)
for lymphoma. Z-score normalization also produced the highest proportions of features meeting both
ICC thresholds across all cohorts. For ICC > 0.75, the proportions were 97.2% in melanoma, 97.2% in
NSCLC, and 98.1% in lymphoma. For ICC > 0.90, the corresponding proportions were 80.4%, 80.4%,
and 86.9%, respectively. These values exceeded those obtained with Min—Max and Robust scaling.
Without normalization, only 35.5% — 36.4% of features achieved ICC > 0.75, while 31.8% — 32.7%
achieved ICC > 0.90. Overall, these findings demonstrate a consistent association between post-
extraction normalization and increased ICC-based agreement across FBN settings, with Z-score scal-
ing showing the most favorable results among the evaluated methods.
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These findings are relevant because gray level discretization can influence PET radiomic fea-
ture values, particularly texture features derived from gray level matrices. Previous studies have
demonstrated that radiomic feature robustness varies with discretization settings and feature character-
istics [18-20]. The present results extend this work by showing that post-extraction normalization is
associated with substantial changes in ICC-based agreement across FBN settings in three cancer cohorts.

Nevertheless, the distributions in Figure 2 indicate that some features remained less consistent
despite normalization. This residual variability highlights the importance of assessing robustness at the
individual-feature level rather than relying exclusively on aggregate statistics [21,22]. Moreover, a
high ICC indicates greater agreement under the evaluated conditions but does not independently estab-
lish biological validity, clinical relevance, or low absolute measurement variability. Therefore, the ob-
served improvement should be interpreted specifically as increased 1CC-based agreement following
normalization, rather than as evidence that all radiomic features become intrinsically robust.

Melanoma Lymphoma

10

Figure 3. Feature-level ICC heatmaps across normalization conditions and cancer cohorts.

Figure 3 shows a heatmaps illustrating the distribution of ICC values across all radiomic feature
classes. Agreement across the 32 FBN discretization settings was assessed using two predefined
thresholds: ICC > 0.75 for at least good agreement and ICC > 0.90 for excellent agreement, following
the interpretive [17]. Before normalization, only approximately one-third of the 107 features met either
threshold. The proportions achieving at least good agreement were 35.5% in melanoma and 36.4% in
both NSCLC and lymphoma, while those achieving excellent agreement were 32.7%, 31.8%, and
32.7%, respectively. Post-extraction normalization increased these proportions across all cohorts, with
Z-score normalization consistently yielding the highest values. At least good agreement was achieved
by 97.2% of features in melanoma and NSCLC and 98.1% in lymphoma, whereas excellent agreement
was observed in 80.4%, 80.4%, and 86.9%, respectively.
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Min-Max and Robust scaling showed more variable results. In melanoma, both methods
achieved at least good agreement in 88.8% of features, while excellent agreement was observed in
71.0% and 73.8%, respectively. Robust scaling yielded higher proportions than Min—Max in NSCLC,
both for at least good agreement (86.9% versus 75.7%) and excellent agreement (65.4% versus
62.6%). The same pattern occurred in lymphoma, with corresponding proportions of 90.7% versus
86.0% and 77.6% versus 66.4%.

Feature-level analysis revealed substantial differences between classes. All 14 shape features
maintained perfect agreement (ICC = 1.00) across cancer types and normalization conditions, indicat-
ing invariance to the evaluated discretization settings under unchanged extraction conditions. Most
first-order features also showed perfect agreement; however, entropy and uniformity exhibited low
ICCs without normalization and markedly higher values afterward. For example, uniformity in lym-
phoma increased from 0.088 without normalization to 0.990, 0.980, and 0.987 after Z-score, Min—
Max, and Robust scaling, respectively.

Texture features generally showed larger normalization-associated increases in ICC, particu-
larly within the GLCM, GLDM, and GLRLM classes, although responses varied between individual
features and methods. For instance, dependence variance in NSCLC achieved an ICC of 0.832 after Z-
score normalization but only 0.343 after Min—Max scaling. GLSZM features exhibited particularly
heterogeneous responses: large-area emphasis in NSCLC reached ICCs of 0.975 and 0.959 after Z-
score and Min—Max normalization, respectively, compared with 0.509 after Robust scaling. NGTDM
features also showed method-dependent agreement, illustrated by contrast in NSCLC, with ICCs of
0.921, 0.741, and 0.665 after Z-score, Min—Max, and Robust scaling, respectively.

Overall, Z-score normalization was consistently associated with the highest proportion of fea-
tures meeting the predefined ICC thresholds across cancer cohorts. Nevertheless, the feature-specific
responses indicate that no method improved agreement uniformly. These findings support evaluating
normalization at both the feature-class and individual-feature levels. Importantly, the observed in-
creases reflect ICC-based agreement across the investigated FBN settings, rather than demonstrated
improvements in biological validity, clinical utility, or predictive performance. As the comparisons
were descriptive, they do not establish statistically significant differences between normalization
methods.

3.2. Coefficient of Variation (CV) Analysis

Figure 4 illustrates the distribution of the CV across the three cancer datasets under four post-
extraction normalization conditions: no normalization, Z-score, Min—Max, and Robust scaling. Over-
all, Z-score normalization yielded the highest mean CV in all three datasets, whereas Min—Max nor-
malization produced the lowest mean CV. In the melanoma dataset, the mean CV increased from ap-
proximately 0.69 without normalization to 0.85 with Z-score normalization, while Min—Max and Ro-
bust scaling yielded mean CVs of approximately 0.20 and 0.74, respectively. A similar pattern was
observed in NSCLC, where the mean CV increased from approximately 0.78 without normalization to
1.13 with Z-score normalization. Min—Max scaling reduced the mean CV to approximately 0.44,
whereas Robust scaling yielded a mean CV of approximately 1.26. In lymphoma, the mean CV was
approximately 0.73 without normalization, increased to 1.34 with Z-score normalization, and de-
creased to 0.23 with Min—Max scaling; Robust scaling yielded a mean CV of approximately 0.72.

The 95% confidence intervals also differed across datasets and normalization methods. The
particularly wide intervals observed for Robust scaling in NSCLC and Z-score scaling in lymphoma
indicate substantial uncertainty or heterogeneity in the corresponding mean CV estimates. Therefore,
although Z-score normalization was associated with the highest mean CV across all three datasets, the
magnitude and variability of the observed changes differed by cancer type. These findings suggest that
the effect of post-extraction normalization on CV-based variability is dataset-dependent rather than
uniform across cancer types.

This distinction is particularly important in radiomics, where preprocessing and feature calcu-
lation are interdependent. The IBSI emphasizes the need to standardize and document image pro-
cessing, discretization, and feature calculation to improve reproducibility and comparability across
studies [5]. Discretization is especially relevant to texture features because gray-level matrices are
constructed from discretized image intensities. Changes in the discretization scheme can therefore alter
the resulting texture feature values, even when the underlying image and segmentation remain un-
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changed [23,24]. The present findings should consequently be interpreted as reflecting the combined
influence of discretization variability and post-extraction scaling on the selected variability metric,
rather than as a direct assessment of the biological stability of the features.

2.8

26+ [ Mean % 95% CI
® Mean

2901 ® Melanoma
= L NSCLC
Lymphoma

Normalization methods
Figure 4. The distribution of the coefficient of variation (CV).

The differences between cancer datasets also warrant consideration. Lymphoma showed the
highest mean CV under Z-score normalization, whereas melanoma showed the lowest. Nevertheless,
the broad confidence intervals observed for Robust scaling in NSCLC and Z-score normalization in
lymphoma indicate considerable uncertainty in these estimates. This variability suggests that the effect
of normalization may not be uniform across datasets. Differences in feature distributions, lesion char-
acteristics, and cohort composition could contribute to the observed patterns; however, these explana-
tions remain hypotheses and cannot be established from the mean CV plot alone. Further analysis of
feature-level distributions and confidence intervals would be necessary to identify the sources of this
heterogeneity.

Previous radiomics studies have similarly demonstrated that preprocessing choices can affect
feature reproducibility, although the direction and magnitude of the effect depend on the imaging mo-
dality, preprocessing strategy, and evaluation setting [25,26]. Research on radiomic feature robustness
under image perturbations has also highlighted the importance of evaluating feature stability quantita-
tively rather than assuming that a particular preprocessing procedure will improve reproducibility in
all circumstances [27]. These studies support a cautious interpretation of the current results: normali-
zation should be evaluated empirically rather than selected solely on the basis of its conventional sta-
tistical properties.

From a methodological perspective, the findings also highlight the importance of distinguish-
ing normalization intended to improve machine-learning model performance from normalization in-
tended to establish radiomic feature robustness. Feature scaling can be useful for algorithms sensitive
to feature magnitude, but this does not establish that the transformed features are more reproducible
under changes in discretization. For a robustness analysis, the normalization method should therefore
be evaluated according to a prespecified stability criterion, with attention to the mathematical suitabil-
ity of the selected metric. Future analyses could complement ICC with absolute variability measures,
such as the standard deviation of feature values across FBN levels, or with a suitable dispersion meas-
ure that remains interpretable when transformed values include zero or negative values.

These findings yield three practical recommendations for future PET radiomics workflows: (1)
Post-extraction normalization (specifically Z-score) should be integrated into feature-filtering pipe-
lines prior to model training to minimize discretization-induced noise; (2) Feature stability must be
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evaluated at the individual feature and class level rather than applying universal thresholds across all
radiomic classes; and (3) Metrics sensitive to distribution shifts (such as CV) should be replaced or
supplemented by variance-invariant metrics (e.g., ICC or absolute standard deviation) when reporting
feature reproducibility post scaling.

4. CONCLUSION

This study demonstrates that post-extraction normalization substantially increased 1CC-based
agreement of [*®F]-FDG PET radiomic features across 32 FBN settings in melanoma, NSCLC, and
lymphoma. Z-score normalization consistently yielded the highest proportions of features achieving
good agreement (ICC > 0.75; 97.2% — 98.1%) and excellent agreement (ICC > 0.90; 80.4% — 86.9%)
across all three cohorts. Feature-level analysis revealed that shape features maintained perfect agree-
ment, whereas texture features exhibited heterogeneous responses to normalization, particularly within
the GLCM, GLDM, GLRLM, GLSZM, and NGTDM classes. In contrast, CV analysis showed the
highest mean CV with Z-score normalization and the lowest with Min—Max scaling across all cohorts,
highlighting the need for cautious interpretation of CV following feature scaling. Overall, Z-score
normalization was associated with the most consistent ICC based agreement across the evaluated FBN
settings. However, these findings do not establish improved biological validity or clinical utility, and
the robustness of individual texture features remains dependent on the normalization method.
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