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Abstract

Background Medical imaging data frequently encounter image-generation
heterogeneity and class imbalance properties, challenging strong generalized
predictive performances with data-driven machine-learning methods. The purpose of
this study was to investigate the impact of harmonization and oversampling methods
on multi-center imbalanced datasets, with specific application to PET-based radiomics
modeling for histologic subtype prediction in non-small cell lung cancer (NSCLQ).

Methods The retrospective study included 245 patients with adenocarcinoma

(ADC) and 78 patients with squamous cell carcinoma (SCC) from 4 centers. Utilizing
1502 radiomics features per patient, we trained, validated, and tested 4 machine-
learning classifiers, to investigate the effect of no harmonization (NoH) or 4 feature
harmonization methods, paired with no oversampling (NoO) or 5 oversampling
methods on subtype prediction. Model performance was evaluated using the average
area under the ROC curve (AUROC) and G-mean via 5 times 5-fold cross-validations.
Statistical comparisons of the combined models against baseline (NoH +NoO) were
performed for each fold of cross-validation using the Del.ong test.

Results The number of cross-combinations with both AUROC and G-mean
outperforming baseline in validation and testing was 15, 4, 2, and 7 (out of 29) for
random forest (RF), linear discriminant analysis (LDA), logistic regression (LR), and
support vector machine (SVM), respectively. ComBat harmonization combined with
oversampling (SMOTE) via RF yielded better performance than baseline (AUROC and
G-mean of validation: 0.725 vs. 0.608 and 0.625 vs. 0.398; testing: 0.637 vs. 0.567 and
0.506 vs. 0.287), though statistical significances were not observed.

Conclusions Applying harmonization and oversampling methods in multi-center
imbalanced datasets can improve NSCLC-subtype prediction, but the effect varies
widely across classifiers. We have created open-source comparisons of harmonization
and oversampling on different classifiers for comprehensive evaluations in different
studies.
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Introduction

Lung cancer is the leading cause of cancer death worldwide, among which approximately
82% cases present with non-small cell lung cancers (NSCLC) [1, 2]. Adenocarcinoma
(ADC) and squamous cell carcinoma (SCC) are the main histologic subtypes of NSCLC,
accounting for ~60% and ~35%, respectively [3]. Accurate histologic classification and
clinical staging are of paramount importance in treatment planning and prognostica-
tion for lung cancer patients. For instance, a pemetrexed-based regimen was found to
significantly prolong overall survival and progression-free survival in ADC while having
the opposite effect on SCC [4]. Hence, accurately distinguishing SCC from ADC is an
essential step in the therapeutic decision-making process.

The field of radiomics, a non-invasive framework to extract high-dimensional quan-
titative features from medical images and to build predictive/prognostic models via
machine-learning pipelines, is being extensively applied in positron emission tomogra-
phy (PET) [5], including lung cancer [6]. Although promising results have been reported
in the differential diagnosis of lung cancer [7], histological subtyping [8], treatment
response assessment [9], and prognosis analysis [10], still, there remains significant con-
cerns about (i) the poor reproducibility, (ii) inaccurate prediction, and (iii) limited gen-
eralizability of radiomics studies caused by variations of imaging parameter, imbalanced
distributions of data, and the lack of multi-center validation [11-13].

Imaging data generated from different scanner models, acquisition protocols, and
reconstruction settings introduced non-biological systematic-related differences in
radiomics features, strongly affecting the reproducibility and predictive performance
of radiomics [14, 15]. To eliminate the imaging effect and facilitate the clinical transla-
tion of radiomics, harmonization has been proposed as a useful pre-processing step to
solve the data heterogeneity problem [16]. In particular, ComBat harmonization based
on empirical Bayes framework is widely used to align the feature distributions between
different centers/scanners and has produced satisfactory results in different cancer types
[17, 18]. However, harmonization transformations have been commonly estimated
and assessed within entire cohorts increasing the risk of information leakage between
training and testing cohorts, and the ability to harmonize testing cohorts remains to be
established. Overall, the generalization performance of ComBat for radiomics features
harmonization needs to be further evaluated [19].

Imaging data frequently suffers from class-imbalanced problem where the uneven dis-
tribution of majority and minority classes can lead to the misclassification of data-driven
machine-learning algorithms [20]. Because fewer minority examples are mistaken for
noise and discarded, the classifier is biased toward the prediction of the majority class,
which has a larger decision region. Since the accurate prediction of minority classes is
crucial for clinical practice, re-sampling techniques that generate more minority exam-
ples, like Oversampling, have been shown to be effective in improving prediction accu-
racy [21]. However, only a limited number of studies have investigated the efficacy of
re-sampling approaches on imbalanced PET radiomics [22-24]. In particular, Xie et al.
[23] conducted a multi-center study and highlighted the improvement of re-sampling
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techniques combined with classifiers on PET radiomics-based prognostic performance.
Meanwhile, in that highly heterogenous multicentric dataset, the impact of harmoniza-
tion methods on prognostication performance was not investigated.

Variabilities in generated images in current clinical practice are unavoidable, partic-
ularly for multi-center modeling where the data are acquired using different machines
and protocols, and furthermore, class imbalance characteristics are commonly present
in imaging data. It remains to investigate how pre-processing techniques of harmoniza-
tion combined with the oversampling impact the performance of radiomics models in a
multi-center imbalanced context, which we pursue. In the present work, we study 323
patients combined from 3 datasets involving 4 centers with intrinsic imaging heteroge-
neity between the centers and manufacturers in terms of acquisition and reconstruction
parameters, conducting a comparative study to evaluate the impact of harmonization
and oversampling methods on the performance of PET radiomics, applying to histologic
subtype prediction of NSCLC. The prediction performance for 4 harmonization meth-
ods and 5 oversampling methods against baseline (no harmonization and no oversam-
pling) were compared via 4 machine learning classifiers in validation and testing cohorts.

Materials and methods

Patient selection and image acquisition

Three NSCLC datasets were enrolled in this study, following specific inclusion and
exclusion criteria (Fig. 1). The inclusion criteria were: (1) patients with ADC or SCC
proven by pathological diagnosis; (2) available pre-treatment PET images. The exclusion
criteria were: (1) PET images with no uptake; (2) PET images with low quality (excluded
by previous studies [18, 25]); (3) patients with more than one ADC and/or SCC simul-
taneously. The imaging dataflow diagram, which provides institution, manufacturer, and
reconstruction flow information for each dataset, is shown in Fig. 2. More detailed infor-
mation concerning acquisition and reconstruction protocols are described in supple-
mentary Table S1.

Dataset 1 [26, 27] was retrieved from The Cancer Imaging Archive (TCIA), which
contains 159 eligible patients from Palo Alto Veterans Affairs Healthcare System (here-
after, referred to as center 1) and Stanford University School of Medicine (hereafter,
referred to as center 2). PET images were acquired on multi-vendor (i.e., GE, Philips,
and Siemens) PET/CT scanners and reconstructed using various methods (e.g., ordered

211 NSCLC 355 NSCLC
patients from patients from
TCIA TCIA
Exclusion: s "Exclllusion_:
——>  NOS lesions (n=4) ma ce(n:;)’c'mma
RolERinageS (0 No PET images (n =222)
197 ADC or SCC 124 ADC or SCC 61 ADC or SCC
patients with patients with patients with
PET/CT images PET/CT images PET/CT images
Exclusion: 0 Exclusion:
e Excli B
Low quality images No :ﬁ:::mﬁ) Low quality (N=8)
NDazS Multilosions (N=1) Rolptake(as)
Multi-lesions (N=14) Multi-lesions (N=1)

159 patients 117 patients 47 patients
ADC = 127 ADC =88 ADC =30
SCC =32 §CC=29 scc =17

Dataset 1 Dataset 2 Dataset 3

Fig. 1 Dataflow diagram of patient selection for the three datasets
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Fig. 2 Dataflow diagram of imaging characteristic for each dataset. The number in brackets shows the percentage
of cases in each parameter or batch

subset expectation maximization (OSEM), row action maximum likelihood algorithm
(RAMLA), and VUE-point HD (VPHD)).

Dataset 2 [28] also obtained from TCIA includes 117 patients from an independent
institute (hereafter, referred to as center 3) according to the inclusion and exclusion
criteria. PET scans were performed with a Siemens Biograph 64 mCT scanner, and the
acquired time-of-flight (TOF)-PET data were reconstructed using the OSEM algorithm
with point spread function (PSF) modeling. This study was performed in accordance
with the TCIA Data Usage Policy; datasets 1 and 2 were de-identified, as such, did not
require Institutional Review Board (IRB) approval, and patient informed consent was
waived.

Dataset 3 was collected from Hainan Cancer Hospital, including 47 patients who met
the enrollment criteria (hereafter, referred to as center 4). All PET images acquired on
the GE Discovery 710 scanner were reconstructed using the VUE-point FX with PSF
modeling (VPFXS) method. The IRB approved the usage of dataset 3, and patient
informed consent was waived due to the retrospective design of the present study.

Image pre-processing and feature extraction

ITK-SNAP software (version 3.6.0; www.itksnap.org) was used to manually delineate
region of interest (ROI) for each patient. The manual delineation was performed on PET
images, while also referring to CT images to determine the metabolic location of the
tumor. The segmented tumors were finally checked and verified slice by slice by senior
radiologists with more than 10 years of experience in thoracic radiology [18, 25]. A com-
prehensive open-source Image Biomarkers Standardization Initiative (IBSI) compli-
ant package called Pyradiomics (version 3.0.1) was applied for customizing the feature
extraction [29]. A total of 1502 radiomics features, including 107 original, 744 wavelet,
186 Laplacian of Gaussian (LOG), 93 gradient, 93 square, 93 square root, 93 logarithm,
and 93 exponential features, were extracted from each ROI (See supplementary Table
S2). More details for image preprocessing and feature extraction are described in supple-
mentary material. The codes for reproducible feature extraction were shared to https://g
ithub.com/dudongyangsmu/HarmonizationOversampling.
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Data splitting

To assess the generalizability of harmonization techniques, 10% (32 samples) of the total
samples were taken as the testing set using a stratified random sampling method based
on subtype. The remaining 90% (291 samples) were further divided into training and
validation sets using 5-fold cross-validation to assess the effect of harmonization and
oversampling methods on model performance. No significant demographic differences
between the training and validation or testing cohort. This process was repeated 5 times
on the whole dataset to get more reliable results (Fig. 3).

Assessment of radiomics feature robustness

To build more robust models and allow wider applicability of the results, we evaluated
the robustness of radiomics features to different segmentations and noise levels. The
original segmentations of all patients in the training set were randomly perturbed by the
combination of tumor growth and/or shrinkage, rotation, and translation to generate

random segmentations; 40% of SUV,

max Was used in original segmentations to generate

threshold-based segmentations. Two noisy images were created for each patient of the
training set by adding Gaussian noise with random standard deviations (SD, ranges from
0.1 to 0.5 with the step of 0.05 SUV). Supplementary Figure S1 shows the generated seg-
mentations and noise images. The 2-way random effect intraclass correlation coefficient
(ICC) with a 95% confidence interval (CI) was calculated for each feature to assess the
absolute agreement of feature extraction between different segmentations and between
different noise images, respectively, and features with an ICC 95% CI lower bound < 0.5
were considered as non-robust and removed from the analysis [30].

Harmonization methods

To remove the feature variations caused by different manufacturers, scanners, and
acquisition and reconstruction parameters, especially in the multi-center study (also
called batch effect), we investigated 4 popular harmonization methods [31, 32]: Com-
Bat, centering-scaling, Singular Value Decomposition (SVD)-based, and Independent

Repeated 5 times

5-fold cross validation

& 8,
Multi-center data Y, Sy, 404 {8y, X8y, Mg
: . (o) S Yo, Y l7
323 patients ) 23 [ o’l\ O)& 7
Robustness Dimension

Training =232 analysis —pOversampling— e qyction

90%

L —_—)
Validation =59 RF LDA LR SVM

10%

Testing = 32

Fig. 3 Workflow of the radiomics study adopted in this protocol
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Component Analysis (ICA)-based matrix factorization methods. The first two are loca-
tion-scale methods that transform the features to produce similar mean and/or variance
values in each batch. The last two are matrix factorization methods that filter out the
components associated with batch to reconstruct clean data. To explore the feasibil-
ity of harmonizing previously unseen data (e.g., a new patient or cohort from a known
batch), we applied the learned harmonization transformation from internal data (train-
ing and validation data) to testing data, assuming the batch effect in the testing data was
identical with that of the internal data. Since imaging characteristics were highly hetero-
geneous among the three datasets (Fig. 2), different batch division strategies were deter-
mined based on center, manufacturer, reconstruction algorithm, and k-means clustering
in this study. Details of harmonization methods are available in Supplementary Material.

Oversampling methods

The motivation behind oversampling is to generate new samples, modify imbalance
distribution between minority and majority classes in the training set, increase intra-
class diversity and enhance model’s classification ability, especially for the minority
class. We applied 5 well-known oversampling methods in the training set, namely syn-
thetic minority oversampling technique (SMOTE) [33], adaptive synthetic (ADASYN)
[34], borderline-SMOTE (BSMOTE) [35], safe-level- SMOTE (SSMOTE) [36], and self-
adaptive synthetic oversampling (SASYNO) [37]. Details of oversampling methods are
described in Supplementary Material.

Model construction

To avoid model overfitting introduced by the curse of dimensionality, the minimum
redundancy-maximum relevance (MRMR) method was used to rank the features
according to the relevance with the target class and the redundancy between the fea-
tures. The top k-features (k<15) were fed into classifiers, and k was determined based
on the average area under the receiver operating characteristics curve (AUROC) of the
5-fold cross-validation within the training set. Four widely used classifiers were investi-
gated: random forest (RF), linear discriminant analysis (LDA), logistic regression (LR),
and support vector machine (SVM) with linear kernel. The predictive performances of
30 cross-combinations derived from no harmonization (NoH) or 4 harmonization meth-
ods coupled with no oversampling (NoO) or 5 oversampling methods were evaluated
on each classifier. The AUROC and G-mean, which are suitable for imbalanced classi-
fication, were used as evaluation metrics [23]. Open-source solutions were created and
shared via GitHub (https://github.com/dudongyangsmu/HarmonizationOversampling)
for comprehensive comparisons of harmonization and oversampling techniques via dif-
ferent machine-learning classifiers.

Statistical analysis

The ROC curve comparisons of machine learning models on cross-validated datasets
are known to be challenging [38] because of the inherent dependence between the vari-
ous cross-validation folds and the complex relationships between the trained models.
In this study, we used a framework proposed by Van De Wiel et al. [39]: the DeLong
test [40] was used to perform pairwise comparisons of the ROC curves in each fold, and
the median p-value over the different folds was reported as the final p-value. P<0.05
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indicated a statistically significant difference. Statistical analyses were conducted using
the R package “Daim” (Version 1.1.0).

Results

Patients

A total of 323 patients (mean age, 65.16 + 9.35 years) from 4 centers were enrolled in this
study. Of these, 206 (63.8%) and 117 (36.2%) were male and female, respectively. Further-
more, 245 (75.9%) and 78 (24.1%) patients were with ADC and SCC, respectively. The
imbalance ratio between ADC and SCC was 3.14:1. More details of the demographic and
clinical characteristics of patients in each center are shown in Table 1.

Radiomics feature robustness

The percentage of selected robust features (categorized by different filters) in the
robustness assessment is summarized in Fig. 4, with additional details summarized
in Supplementary Table S3. A total of 842 (56.1%) radiomics features [range: 802—875
(53.4 —58.3%)] were robust to both diverse segmentations and noise levels, which were
applied to subsequent analysis. Segmentation had a moderate effect on wavelet features
(76.3%); other classes of features, except for gradient (87.1%), square root (80.7%), and
original features (80.4%), were strongly affected (square to LOG features, 51.6 —70.4%).
Noise mainly affected wavelet features, with only 58.1% of wavelet features were robust,
while other classes of features were less affected, with robustness percentages ranging
from 88.2 to 97.9%.

Impact of harmonization and oversampling on prediction performance

In this study, features were harmonized among 4 centers, 3 manufacturers, 9 recon-
struction algorithms, and 2 clusters of k-means clustering, respectively. Many mod-
els presented the highest performance when using the center to define the batch for

Table 1 The demographic and clinical characteristics of patients
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Characteristic Dataset 1 Dataset 2 Dataset 3 All patients
Center 1 Center 2 Center 3 Center 4
Patient no. 76 83 117 47 323
Age (years) 68.76+£7.61 66.94+10.83 61.96+9.71 62.96+9.25 65.16+9.35
Sex
Male 76 32 70 28 206
Female 0 51 47 19 17
T stage
Tis/T1/T2/T3/T4 3/35/25/11/2 1/22/26/5/3 0/63/31/18/4 - 4/120/82/34/9
Not collected 0 26 1 47 74
N stage
NO/NT/N2/N3 61/7/8/0 45/5/7/0 73/27/5/11 - 179/39/20/11
Not collected 0 26 1 47 74
M stage
MO/M1 75/1 54/3 85/31 - 214/35
Not collected 0 26 1 47 74
Subtype
ADC 53 74 88 30 245
SCC 23 9 29 17 78

Data are the number of patients, except for age depicted as mean + standard deviation

ADC, adenocarcinoma; SCC, squamous cell carcinoma
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Fig. 4 The percentage of robust features categorized by different filters in the robustness assessment

harmonization, followed by reconstruction-based harmonization, whereas manufac-
turer-based harmonization and clustering-based harmonization showed the lowest
AUROC values. Figure 5 depicts the AUROC and G-mean values of paired harmoniza-
tion and oversampling methods for four machine-learning classifiers in the validation set
where the center was used as a batch. The results for reconstruction, manufacturer, and
cluster-based harmonization are provided in Supplementary Figures S3, S4, and S5. In
the validation cohort, the RF classifier, ComBat, and Centering-scaling harmonization
methods showed highest predictive performances in combination with the majority of
oversampling methods, with AUROC values ranging from 0.712 to 0.737 and G-mean
from 0.573 to 0.626 (Fig. 5a and b). Compared with the baseline (NoH + NoO; AUROC:
0.608; G-mean: 0.398), all the combinations (29/29) exhibited improved performance in
both AUROC and G-mean (Fig. 5¢). For LDA, LR, and SVM classifiers, only 13 (45%), 6
(21%), and 23 (79%) combinations of harmonization and oversampling methods showed
higher AUROC values than baseline (AUROC:s for LDA: 0.650—0.672 vs. 0.647; AUROCs
for LR: 0.653-0.667 vs. 0.651; AUROCs for SVM, 0.625-0.662 vs. 0.623), respectively.
However, G-mean values consistently increased from 0.128 to 0.216 to 0.532-0.626
when oversampling methods were applied (Fig. 5d and 1).

Combinations with both AUROC and G-mean outperforming the baseline in the vali-
dation cohort were considered as effective. Figure 6 further shows the testing perfor-
mance of these effective combinations. Fourteen of the 29 (52%) combinations on the
RF classifier, 4 of the 13 (31%) combinations on the LDA classifier, 2 of the 6 (33%) com-
binations on the LR classifier, and 7 of the 23 (30%) combinations on the SVM classifier
had generalization ability with both AUROC and G-mean better than baseline. The best
result was achieved by ComBat + BSMOTE (AUROC: 0.654; G-mean: 0.494), followed
by ComBat+ ADASYN (AUROC: 0.651; G-mean: 0.500), ComBat + SSMOTE (AUROC:
0.649: G-mean: 0.453), and ComBat+ SMOTE (AUROC: 0.637; G-mean: 0.506) via RF
classifier. However, no statistically significant differences were observed with the base-
line in the validation and testing cohorts.
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Fig. 5 AUROCs (left column), G-means (median column), and scatterplots of AUROC and G-mean (right column)
for 30 combinations of harmonization and oversampling methods on (a-c) RF, (d-f) LDA, (g-i) LR, and (j-I) SYM
classifiers in the validation cohort. Batch for harmonization was defined based on center. The green point shows
the AUROC and G-mean of baseline (NoH+NoN) in the validation cohort. Combinations with both AUROC and G-
mean greater than baseline in the validation cohort were considered effective and high-performing combinations,
which correspond to the right upper region of green line

Discussion

Variabilities in generated images and class imbalance characteristics are frequently
present in medical imaging data, making it challenging to achieve good generalized
radiomics performance using data-driven machine learning methods [41]. In the pres-
ent study, utilizing 1502 radiomics features per patient, we evaluated the effect of the
image pre-processing techniques harmonization and oversampling on multi-center
imbalanced PET radiomics for the identification of ADC and SCC. The results showed
that performance prediction can be improved by applying harmonization and oversam-
pling methods in multi-center imbalanced datasets though we did not find statistical
significance in small cohorts of patients. To the best of our knowledge, this is the first
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Fig. 6 Scatterplots of AUROC and G-mean for the effective high-performing combinations on (a) RF, (b) LDA, (c)
LR, and (d) SVM classifiers in the testing cohort. The green point shows the AUROC and G-mean of baseline in the
testing cohort. The right upper region of green line corresponds to the combinations with both AUROC and G-
mean greater than baseline in both validation and testing cohorts

study comprehensively studying the impact of cross-combinations of harmonization and
oversampling for multi-center imbalanced radiomics.

To determine whether harmonization can enhance the prediction/prognosis perfor-
mance of radiomics models, previous studies [18, 42] estimated harmonization trans-
formations and carried out feature correction in the entire dataset, increasing the risk of
information leakage between training and testing cohorts. By contrast, the harmoniza-
tion efforts in our current study were constructed using internal data and then applied
to testing data, which not only assessed the impact of harmonization on radiomics but
also emphasized the generalizability of harmonization. Batch determination is essential
for feature harmonization. It is well established that variability of a number of acquisi-
tion and reconstruction factors can influence the PET radiomics feature values, How-
ever, these studies also highlighted that the sensitivity of radiomic features to different
factors can vary greatly [43, 44]. In this study, a great variability was observed in terms
of manufactures and reconstruction settings, while the injected activity, uptake time and
scanning time are in accordance with the EANM standard, with slight differences among
centers. However, image quality was synergistically affected by all these factors. It was
thus challenging to determine the batch labels. We used k-means clustering to determine
the batch, patients with similar feature distributions had same batch label. Furthermore,
with the assumption that the center, manufacturer, reconstruction method relative to
other factors has predominant impact on radiomics features, we also performed center-
based, manufacturer-based and reconstruction-based harmonization to investigate the
efficiency of harmonization. The findings indicated that the employed harmonization
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methods are batch-dependent because different batch divisions produced varying effects
on the prediction performance of cross-combinations.

It is worth noting that the validation performance demonstrated the impact of feature
harmonization on radiomics modelling, while the testing performance depicted the gen-
eralization ability of the feature harmonization. In this study, applying harmonization
and oversampling showed a trend toward improving NSCLC-subtype prediction. How-
ever, the improvements were limited, and statistical significance was not demonstrated.
Possible reasons for this are: (i) The sample size is relatively small, and complex sources
of variability exist in the data. (ii) ComBat corrects for the center effect and may also
remove crucial biological information, as the subtypes (ADC and SCC) do not present
with the same frequencies between different centers (Table 1). (iii) ComBat can intro-
duce a covariate to explain the different distributions [45], but this study aims to differ-
entiate ADC and SCC. Hence, the histological subtype cannot be added to the ComBat
[46]. (iv) ComBat, to be useful, assumes the feature distributions across centers must be
similar except for the additive and multiplicative effects [45]. However, due to the exis-
tence of complex confounders and the computation of higher-order features, this linear-
ity assumption does not hold for some features [47].

The effects of combinations of harmonization and oversampling on prediction perfor-
mance differed in different classifiers, resulting in 15, 4, 2, and 7 (out of 29) combinations
outperformed the baseline for RF, LDA, LR, and SVM classifiers, respectively. Addition-
ally, Ferreira et al. [48] reported that applying ComBat did not improve the disease-free
survival prediction of cervical cancer when PET radiomics features were combined
with clinical features, although the model performance varied across scanners. Lv et al.
[42] found that ComBat had no impact on imbalance-adjusted PET radiomics models
used to predict survival of four-center head and neck cancer patients. However, many
studies also demonstrated the positive effect of ComBat, for example, Shiri et al. [18]
and Dissaux et al. [49] observed that ComBat improved the prediction performance of
PET-radiomics analysis in multicentric settings. Therefore, there is no consensus in the
radiomics analysis regarding ComBat being the best harmonization as it was impacted
by various machine-learning classifiers, data intrinsic characteristics, and different
clinical tasks. When retrospectively dealing with complex PET datasets with high SUV
inconsistencies, post-processing harmonization with ComBat—which constructs a lin-
ear model based on a statistical framework to correct for these inconsistencies across
scanners—may face limitations. Instead, the use of deep learning-based harmonization
approaches may be more effective in voxel-level harmonization than ComBat [50, 51].

Harmonization improved data overall-consistency by eliminating variations of feature
values attributed to differences in imaging devices, acquisition protocols, and recon-
struction settings, while oversampling increased intra-class diversity by generating new
minority class samples. In this study, we have shown that when oversampling methods
were applied, G-mean values were consistently increased for all combined models on
four classifiers, while AUROC values were slightly improved for part of cross-combina-
tions on four classifiers (Figs. 5 and 6). Similarly, a previous study found that applying re-
sampling methods statistically significantly increased G-means but not AUROCs [23].
Also, in a recent large study on radiomics, Demircioglu et al. [52] demonstrated that
applying resampling methods did not improve the average predictive performance on
fifteen radiomics datasets, only slight improvements in AUC were observed on specific
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dataset. On the other hand, G-mean shows an accurate prediction for both classes, indi-
cating that the models have a more balanced accuracy for the majority and minority
classes. Therefore, in imbalanced radiomics, oversampling techniques need to be applied
more frequently for balanced accuracy.

In the field of radiomics, the high-throughput features were usually extracted to
comprehensively quantify the heterogeneity of tumor. In terms of the curse of high
dimensionality, two steps of feature selection were performed in this study. Firstly, the
features were ranked according to the relevance with the target class and the redun-
dancy between the features. Secondly, considering the relationship between the num-
ber of modeling variables and the sample size [53, 54], only the top sqrt(n) features (n
equals to the training sample size, herein sqrt(n) =~ 15) were used to construct the opti-
mal feature subsets based to the average performance of the cross-validation in the
training set. It must be emphasized that the 30 combined models selected different sets
of features with agreement ranging from 1 to 26% (Figure S6), hindering the interpret-
ability of features. Despite that, it should be noted that the selected features were highly
correlated between the different oversampling methods with the Pearson correlation
coefficients > 0.8, when fixing the harmonization method (Figure S7). This provided an
explanation as to why we observed many marginal performance differences between
different oversampling methods in Figs. 5 and 6. Moreover, we found that the features
involved into the ComBat-related models also exhibited a high correlation with those in
Centering-related models, suggesting that the ComBat was likely to play a similar role to
center-based z-score normalization.

Since the data imbalance was primarily driven by the data from center 2, the effect
of the ComBat method on PET radiomics analysis was further validated in centers 1, 3
and 4. Notice that, the predominant trends of feature distributions present in the data
were associated with the center (Figure S8a), which recapitulated the need to have fea-
ture harmonization in PET radiomics. The center effect was removed after Combat
harmonization (Figure S8b). Additionally, the random forest classifier was trained with
any two centers, and tested using the remaining one. We observed that applying Com-
Bat yield higher performance than the baseline model with AUROC of 0.728 +£0.037 vs.
0.674£0.066, G-mean of 0.644+0.054 vs. 0.461 +0.141, sensitivity of 0.620+0.207 vs.
0.414 £ 0.395, specificity of 0.706+£0.168 vs. 0.703 +0.255. Based on these findings, we
believe that radiomics feature harmonization in modern nuclear medicine imaging is
necessary.

We also paid attention to other parameters, such as image noise [55], tumor segmenta-
tion [56], and feature extraction software [57], which have been demonstrated to affect
the reproducibility and robustness of radiomics features. To this end, multiple sets of
noise images and tumor segmentations were created for each patient, and all the feature
calculations were performed using an open-source package, Pyradiomics, which is well-
documented and easy-replicated. According to the guideline of ICC for robustness anal-
ysis, ICC 95% CI lower bounds less than 0.5 are indicative of poor reliability [30]. Higher
thresholds highlight the effects of noise and segmentation on radiomics features but at
the expense of removing the biologically important features. Therefore, in this trade-off,
our approach using 0.5 as a threshold to select robust features seems to be a safe option.

The respiratory motion can lead to degradation of image quality and imprecision of
tumor contouring, particularly in PET chest images. Therefore, the goodness of the
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segmentation and the reproducibility of the radiomics features was influenced by the
respiratory motion [58]. With the advance in PET/CT imaging technology, the new
commercial PET system is equipped with data-driven gating (DDG) technique for
motion correction [59]. However, due to the nature of retrospective study, DDG was
not employed for all PET images in this study. Although we assessed the robustness of
radiomics features by image perturbation (noise addition and contour transformation),
which may be used to mimic the reproducibility of radiomics features to test-retest
imaging [60], the impact of respiratory motion on the reproducibility and clinical per-
formance of radiomic models before and after harmonization need further evaluation.
Future studies using respiratory-gated PET images and ungated images to explore the
clinical value of harmonization are our actively pursued.

Our work still had some limitations. First, despite being gathered from several institu-
tions, the sample size for our dataset was not very large, especially results were validated
and tested using relatively small sizes of datasets, which may lead to the non-signifi-
cance of results and limit the extrapolation of results to other cancer types using dif-
ferent scanners and imaging protocols. Future validation will require more extensive
prospective studies, which are currently unavailable. Secondly, we mainly concentrated
on feature-level harmonization and oversampling techniques. Further exploration can
include image-level methods such as image harmonization based on deep learning [61]
and image oversampling based on geometric transformation [62].

Conclusions

We investigated the impact of harmonization methods jointly with oversampling meth-
ods to enable improved prediction performance in multi-center imbalanced datasets.
In particular, we focused on utilizing PET radiomics models based on machine-learn-
ing algorithms for subtype prediction in NSCLC. ComBat combined with SMOTE,
BSMOTE, SSMOTE and ADASYN oversampling via the RF classifier performed the
best, although improvements were not statistically significant. Of note, depending on
the clinical tasks and data characteristics, the effect of harmonization and oversampling
methods on prediction performance varies across different machine-learning classifiers.
To this end, we have constructed and shared open-source codes so that future research
efforts can comprehensively compare the combinations of harmonization and oversam-
pling methods based on different classifiers and drive the development of new harmoni-
zation and/or oversampling techniques.

Abbreviations

PET Positron emission tomography

NSCLC Non-small cell lung cancer

ADC Adenocarcinoma

SCC Squamous cell carcinoma

TCIA Cancer Imaging Archive

OSEM Ordered subset expectation maximization
RAMLA Row action maximum likelihood algorithm
VPHD VUE-point HD

TOF Time-of-flight

PSF Point spread function

VPEXS VUE-point FX with PSF modeling

1BSI Image Biomarkers Standardization Initiative
ICC Intraclass correlation coefficient

@] Confidence interval

SVD Singular Value Decomposition

ICA Independent Component Analysis

NoO No oversampling
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SMOTE Synthetic minority oversampling technique
ADASYN  Adaptive synthetic

BSMOTE  Borderline-SMOTE

SSMOTE  Safe-level-SMOTE

SASYNO  Self-adaptive synthetic oversampling
AUROC Area under the ROC curve

RF Random forest

LDA Linear discriminant analysis
LR Logistic regression

SVM Support vector machine
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