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​1  Introduction
Neurodegenerative diseases represent a significant and growing global public health 
challenge [1, 2]. Early identification and intervention are crucial for effective disease 
management and the exploration of potential therapeutic strategies. In recent years, 
advances in machine learning (ML) and the availability of large-scale magnetic reso-
nance imaging (MRI) datasets have driven the development of several biomarkers. 
Among these, brain age gap or age delta, the difference between ML-estimated brain age 
and chronological age, has emerged as a promising biomarker for detecting accelerated 
brain aging. This marker has shown utility in the early detection of neurodegenerative 

Discover Data

Abstract
Brain age estimation using magnetic resonance imaging is a promising biomarker 
for detecting accelerated aging and neurodegenerative disorders. However, the 
development of robust clinical models is severely hampered by the “Effects of Site”, 
where scanner-specific biases obscure biological signals in multi-center datasets. 
In this study, we propose a novel harmonization strategy, Inter-Site SMOTE, which 
generates synthetic training data by interpolating between age- and gender-
matched participants from different sites. We hypothesize that these synthetic 
samples populate the sparse regions between site distributions, effectively bridging 
domain gaps while preserving biological integrity. We systematically evaluated this 
approach using four large neuroimaging datasets (N = 2031) in a leave-one-site-out 
regression task. Our results demonstrate that Inter-Site SMOTE significantly improves 
generalization to unseen scanners compared to standard data pooling. Crucially, we 
show that standard statistical harmonization (ComBat) fails to improve predictive 
performance in this setting due to inference-time assumptions, whereas our data-
centric approach enhances robustness. Furthermore, we provide empirical evidence 
that the improvement is driven by the specific geometry of cross-site interpolation, 
as intra-site augmentation failed to yield comparable gains. This work presents a 
simple, effective solution for multi-site harmonization that circumvents the limitations 
of statistical adjustment methods, paving the way for more generalizable prediction 
models.
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diseases, such as Alzheimer’s disease (AD) and Parkinson’s disease (PD), and has pro-
vided insights into changes in brain structure and function [3–5]. Older appearing 
brains, with a higher age delta, are associated with cognitive impairment and AD, under-
scoring the potential of brain age models to predict future cognitive decline and identify 
early signs of AD, potentially enhancing individual risk assessment for neurodegenera-
tive diseases and guiding personalized interventions [6]. Overall, brain age models hold 
promise for developing early detection and intervention strategies by identifying indi-
viduals at risk of accelerated brain aging.

Data collected from different MRI scanners, even the same model from the same man-
ufacturer, show systematic differences. This site-specific variability is enhanced due to 
differences in scanner types, imaging protocols, magnetic field strengths, acquisition 
parameters, and reconstruction algorithms [7–10]. Known as the Effects of Site (EoS), 
this variability can manifest as discrepancies in image intensities, tissue volume mea-
sures, and connectivity, complicating data analysis and interpretation if not properly 
addressed [11, 12]. Since EoS are unrelated to biological information and stem solely 
from acquisition site differences, their removal can significantly enhance subsequent 
data analyses [13–17]. To address this challenge, numerous Methods Aiming to Remove 
the Effects of Site (MAREoS) have been proposed and developed [18, 19]. Consequently, 
to develop generalizable ML models that are accurate for different scanners, large multi-
site datasets are needed while removing the EoS.

Various harmonization strategies have been proposed to mitigate EoS, which can be 
broadly categorized into two main approaches: statistical methods and Deep Learning 
(DL) methods. Among statistical methods, ComBat is the most widely used and exten-
sively developed [20, 21]. Originally designed for genomic data, ComBat performs har-
monization by estimating location (additive) and scale (multiplicative) parameters for 
each feature and site. Several variants of ComBat have been introduced to address spe-
cific challenges, such as ComBat-GAM [22], which preserves nonlinear covariate effects 
using generalized additive models (GAM), and GMM-ComBat [23], which incorporates 
Gaussian mixture models to handle multimodal distributions, among others [19, 24]. 
Despite the availability of numerous ComBat variations, these methods often face limi-
tations due to the limited and potentially imbalanced data from individual sites, where 
site and target variables may be correlated. This poses challenges for statistical methods 
like ComBat, as their leakage-free application may not always yield the expected benefits 
[25, 26]. Lastly, ComBat cannot be used for data from an unseen site.

On the other hand, several deep learning (DL) methods have also been developed for 
harmonization. For instance, a conditional variational autoencoder (CVAE) was used to 
generate data conditioned on additional covariates [27]. At the feature level, methodolo-
gies have been proposed that leveraged CVAE concepts to learn latent-space representa-
tions that are independent of imaging sites, utilizing batch-conditioned encoder-decoder 
pairs [28]. Other architectures, including generative adversarial networks (GANs), have 
also been explored. Examples include Cycle-consistent GANs (image-level) [29] and sur-
face-to-surface GANs (S2SGAN) [30]. However, the training of deep learning harmoni-
zation models is often hindered by small sample sizes, as these models typically involve a 
large number of parameters and require significantly more data than is usually available.

Another approach, known as “prospective harmonization”, involves recruiting trav-
eling participants who visit every scanner used in a study. This allows for the effective 
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estimation of scanner-related biases, which can then be removed from the data of other 
participants [31]. While promising, this approach is challenging to implement in prac-
tice due to the challenges and cost of data collection. Taken together, there is a need for 
novel approaches to leverage existing data more effectively, enabling the development of 
generalizable and accurate models.

To address these limitations, we propose a novel data-centric approach utilizing the 
synthetic minority over-sampling technique (SMOTE) [32] to generate synthetic data 
that bridges the domain gap between sites. Unlike standard augmentation, which gen-
erates data within an existing distribution, we create synthetic samples by interpolat-
ing between age- and gender-matched individuals across different sites. The rationale is 
that while matched pairs share similar biological signals, their site-specific noise profiles 
differ. Interpolating between them preserves the biological information while averaging 
out site-specific artifacts, effectively generating training samples in the domain-invariant 
space between scanners. We hypothesize that incorporating these “inter-site” synthetic 
samples forces the model to ignore site-specific noise, thereby learning robust, site-
invariant features. To validate our approach, we conducted systematic analyses using 
three large-scale datasets (N = 2031) and evaluated performance in a leave-one-site-out 
scheme. Our results demonstrate that the inclusion of synthetic data enhances model 
performance, although the precise mechanisms underlying these improvements remain 
challenging to disentangle due to limitations in data size. To facilitate reproducibility 
and further research, we have made the corresponding Python code publicly available: ​h​t​
t​p​s​:​​/​/​g​i​t​​h​u​b​.​c​o​​m​/​A​d​​i​t​i​-​A​​s​a​t​i​/​​I​n​t​e​r​p​​o​l​a​t​​i​o​n​-​A​​n​d​-​B​r​​a​i​n​-​A​g​​e​-​P​r​​e​d​i​c​t​i​o​n.

2  Methodology
2.1  Creation of synthetic samples via inter-site SMOTE

To mitigate site effects, we propose a novel adaptation of the synthetic minority over-
sampling technique (SMOTE). While standard SMOTE generates samples by inter-
polating between neighbors within the same class, our approach (Inter-Site SMOTE) 
generates synthetic samples by interpolating between matched pairs of participants 
from two different sites.

We designate one site as the base site (Sbase) and the other as the target site (Starget). 
To maintain biological plausibility, interpolation is strictly constrained to pairs of partici-
pants matched by gender and age. We hypothesize that by linearly interpolating between 
these matched cross-site pairs, the resulting synthetic data will average out site-specific 
noise vectors while preserving the shared biological signal.

2.1.1  Formal definition

Let b ∈ RD  represent a feature vector from the base site and t ∈ RD  represent a feature 
vector from the target site. A synthetic sample s is generated via linear interpolation:

s = b + SMOTEα(t − b)� (1)

where SMOTEα ∈ [0, 0.5] is a uniform random weighting factor. By restricting 
SMOTEα to this range, the synthetic sample s remains in the local neighborhood of 
the base sample b, effectively acting as a “site-regularized” augmentation of the base site.

https://github.com/Aditi-Asati/Interpolation-And-Brain-Age-Prediction
https://github.com/Aditi-Asati/Interpolation-And-Brain-Age-Prediction
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2.1.2  Metadata propagation

The metadata for the synthetic sample s is derived to ensure consistency with the feature 
interpolation:

 	• Site Label: Assigned as the base site. Due to the restriction in SMOTEα, the 
generated sample s will always be more similar to the base site.

 	• Gender: Inherited directly from b and t, since Gender(b) = Gender(t) by design.
 	• Age: Computed using the same SMOTEα used in Eq. (1) and the ∆age = 

Age(t) − Age(b): 

Age(s) = Age(b) + SMOTEα ∗ ∆age� (2)

2.1.3  Algorithm

The data generation process is detailed in Algorithm 1.

Algorithm 1  Inter-Site Interpolation Algorithm

2.2  Datasets

We utilized T1-weighted (T1w) magnetic resonance imaging (MRI) data from healthy 
subjects spanning the adult age range (18–88 years), sourced from three large neuro-
imaging datasets: the Cambridge Center for Ageing and Neuroscience (CamCAN) [33], 
the Information eXtraction from Images (IXI) dataset ​(​h​t​t​p​s​:​/​/​b​r​a​i​n​-​d​e​v​e​l​o​p​m​e​n​t​.​o​r​g​/​i​x​
i​-​d​a​t​a​s​e​t​/​)​​​​​, and the enhanced Nathan Kline Institute-Rockland sample (eNKI) [34]. The 
IXI dataset comprises data acquired from three distinct imaging centers–Guy’s Hospi-
tal, Hammersmith Hospital, and the Institute of Psychiatry–each treated as a separate 
site due to the use of different scanners (see Table 1 for detailed data characteristics). 
Due to its limited sample size, the IXI-IOP dataset was only used as a test site and never 
included in the training.

For all MRI images, Voxel-Based Morphometry (VBM) was performed using the 
Computational Anatomy Toolbox (CAT) version 12.8 [35] to extract modulated gray 
matter volume (GMV). The GMV maps were linearly resampled to a voxel size of 
8 × 8 × 8 mm3, resulting in 3747 features per image.

https://brain-development.org/ixi-dataset/
https://brain-development.org/ixi-dataset/
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2.3  Experiments

2.3.1  Site-specific effects and age prediction on synthetic dataset

The first experiment was designed to validate our core hypothesis: that cross-site syn-
thetic data, generated by matching biological variables, reduces site-specific signatures 
while preserving age-relevant biological signal.

Data from four sites were pooled and split into training (80%) and testing (20%) sets 
using a stratified cross-validation scheme (repeated 10 times). All features were scaled 
using a standard scaler fitted within the cross-validation loop.

Two distinct models were trained on the original training data (without synthetic 
augmentation): 

(1)	Site Prediction: A Support Vector Classifier (SVC) with a linear kernel (C = 1).
(2)	Age Prediction: A Kernel Ridge Regressor (KRR) following [36].

The KRR hyperparameters were optimized via grid search using nested 10-fold cross-
validation (Table 2), minimizing the negative Mean Absolute Error (MAE). The tuning 
parameters included:

 	• Regularization strength (λ): Controls the penalty on the model weights (L2 norm) to 
prevent overfitting.

 	• Kernel coefficient (γ): Determines the inverse of the radius of influence of samples for 
RBF/polynomial kernels.

To evaluate the properties of the interpolation method, we generated syn-
thetic test sets derived from the 20% test partition. For each interpolation weight 
SMOTEα ∈ {0.1, 0.15, . . . , 0.5}, we created a corresponding synthetic dataset. We 
hypothesized that synthetic samples generated with a SMOTEα near 0 would retain the 
characteristics of the base site, whereas samples generated with SMOTEα approaching 
0.5 would occupy the “site-neutral” space, showing minimal Effects of Site (EoS).

The trained SVC and KRR models were then evaluated on these synthetic test sets. We 
used Balanced Accuracy (bACC) for site classification (lower is better for harmoniza-
tion) and MAE for age prediction (higher is better for biological retention).

Table 1  Characteristics of the original MRI datasets used in the study
Dataset name N images Mean age SD age % Female
eNKI 818 46.90 17.73 65

CamCAN 651 54.27 18.59 50

IXI/Guys 313 50.84 15.88 56

IXI/HH 181 47.36 16.71 52

IXI/IOP 68 42.37 16.60 65
SD: standard deviation

Table 2  Hyperparameters for Kernel Ridge Regressor optimization
Hyperparameter Values
λ 1 × 10−7 to 1 (logarithmic scale)

γ 1 × 10−6 to 1 (logarithmic scale)

Kernel [linear, poly, rbf ]

Degree [2, 3, 4]
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2.3.2  Impact of synthetic training data on age prediction

The impact of including synthetic data on age prediction performance was evaluated 
within a leave-one-site-out scheme. Specifically, data from three of the four sites was 
used to train a KRR model whose performance was then evaluated on the held-out site. 
This process was repeated so that each site served as the test site once, ensuring a com-
prehensive evaluation.

The age prediction models were trained under three distinct scenarios:

 	• Baseline: We pooled original data from the three training sites to train a model. To 
ensure consistency the same hyperparameter ranges and search procedure were used 
as described in previous experiments.

 	• Synthetic Data: A KRR model was trained exclusively on the synthetic generated data 
using the three training sites. To generate synthetic data, our method requires a pair 
of sites: one designated as the base and the other as the target. Since three training 
sites were available, synthetic data was generated for all possible base-target pairs, 
ensuring a diverse and representative synthetic dataset. For each new synthetic data 
point, the interpolation parameter α was randomly selected between 0.3 and 0.5.

 	• Mixed Data: A KRR model was trained on a combination of original training data 
and synthetic data generated as described in the previous scenario.

 	• ComBat. We used a neuroHarmonize model (ComBat-GAM) to adjust the pooled 
data. As the model requires the covariates at train and test time, age was not used as 
a covariate.

To investigate the effect of the amount of synthetic data on the model’s ability to general-
ize to unseen test sites, we varied the number of synthetic data points generated. Specifi-
cally, we used synthetic datasets of increasing size, where each increase was cumulative.

2.3.3  Disentangling the impact of harmonization and information generation

As the proposed method is a data augmentation process, we aimed to disentangle the 
relative contributions of two factors, the impact of harmonization and the generation 
of additional information through synthetic data. To this end, a systematic study was 
designed where the largest site, eNKI, was used to create two subsets, called A1 and 
A2, with similar age distributions and sizes. The second-largest site, CamCAN, was used 
as an extra site, called B, which was matched in age distribution and size to A1. From 
these three sites (A1, A2 and B), two synthetic datasets were generated. A within-site 
synthetic dataset (S1) was created by interpolating between A1 and A2. A cross-site syn-
thetic dataset (S2) was created by interpolating between A1 (eNKI) and B (CamCAN). 
Additionally, we increased the number of samples in S created by augmenting the up-
sampling number k. As before, the interpolation parameter α was randomly sampled 
between 0.3 and 0.5 for each new synthetic sample. Two KRR models were trained on 
the generated combinations, A1 + A2 + B + S1 and A1 + A2 + B + S2. These models 
were evaluated on the unseen IXI sites (IXI/Guys, IXI/HH, and IXI/IOP), with perfor-
mance measured using MAE and R2. To account for randomness in subset generation 
and synthetic data creation the process was repeated 20 times.
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3  Results
3.1  Site-specific effects and age prediction on synthetic dataset

To assess whether the synthetic data retains EoS, we examined how the bACC score for 
site classification varied with increasing α values. Increasing α led to a constant reduc-
tion in bACC (Fig. 1a). At α = 0.5, the bACC score was at its lowest (0.4), indicating 
minimal EoS in the synthetic data. However, the bACC did not reach the chance level 
(0.25), indicating the presence of some site-specific information, albeit minimal.

We evaluated how well the age information was preserved in the synthetic data-
set by analyzing MAE of age prediction (Fig. 1b). The MAE decreased with increasing 
α, suggesting that the synthetic data better retained age-related signal despite stronger 
interpolation between two sites. This suggests that interpolating did not remove the 
meaningful age-related signal.

Overall, our findings support our hypothesis that interpolating between demographi-
cally matched samples in two datasets reduces site-specific effects while maintaining 
biological relevance.

3.1.1  Impact of synthetic training data on age prediction

We evaluated the effect on age prediction performance when incorporating synthetic 
data in the training set in a leave-one-site-out scheme. Regardless of the test site, mod-
els trained exclusively on synthetic data initially exhibited high MAE and drastically 
improved as more synthetic data was used. This result suggests that large synthetic data 
are needed to cover the original data variance.

The best performance was observed when synthetic data was combined with the origi-
nal training data. This hybrid approach led to a significant reduction in MAE for the test 
sites IXI/HH and IXI/Guys (Fig. 2a, b) and yielded comparable performance for eNKI 
and CamCAN (Fig. 2c, d). These results indicate that combining synthetic data and orig-
inal data improves the robustness of the models, leading to better generalization on data 
from a new unseen site.

In addition, we observed that the control performance (pink line in Fig. 2a, b) improved 
with the size of training data, e.g. when using the smallest sites as test sites (IXI/HH 
and IXI/Guys). Even in the scenarios where the models achieved the best control perfor-
mance, including synthetic data led to improvement. This suggests that a larger training 

(a) Site-effects in the synthetic dataset as alpha varies. The plot depicts balanced
accuracy scores evaluated on the synthetic dataset (blue curve) and original test set
(magenta line). The X-axis represents the alpha value, which governs the location of
synthetic data generation between each pair of sites.

(b) Age signal in the synthetic dataset as alpha varies. The plot depicts mean absolute
error (MAE) evaluated on the synthetic dataset (blue curve) and original test set (magenta
line). The X-axis represents the alpha value, which governs the location of synthetic data
generation between each pair of sites.

Fig. 1  Analysis of site-effects and age signal in the synthetic dataset as alpha varies. a Balanced accuracy scores for 
site prediction, and b mean absolute error (MAE) for age prediction. In both plots, the blue curve represents results 
for the synthetic dataset, while the magenta line represents results for the original test set. The X-axis in both plots 
represents the alpha value, which controls the interpolation between pairs of sites
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set not only benefits model learning but also improves the effectiveness of synthetic data 
generation by better capturing inter-subject variability.

To benchmark the proposed method against standard practices, we compared our 
approach with ComBat harmonization (Cyan line, Fig. 2). The results reveal that Com-
Bat does not consistently improve generalization performance in this leave-one-site-out 
regression task. In the IXI/HH (Fig. 2a) and IXI/Guys (Fig. 2b) test sets, ComBat har-
monization resulted in a significant increase in Mean Absolute Error (MAE ≈ 6.18 and 
6.4 respectively) compared to the un-harmonized “Original” baseline (MAE ≈ 5.55 and 
5.65). A similar, though smaller, degradation was observed in the CamCAN cohort (Fig. 
2d). The only scenario where ComBat provided a performance benefit over the baseline 
was the eNKI site (Fig. 2c), where it achieved an MAE of ≈ 6.4, surpassing the original 
baseline (6.55) and matching the performance of our proposed method.

3.2  Disentangling the impact of harmonization and information generation

On average, the inclusion of cross-site synthetic data led to a better MAE, compared 
to the inclusion of within-site synthetic data for all upsampling levels (Fig. 3a–c). For 
IXI/Guys and IXI/IOP as test datasets, cross-site data generation resulted in superior 
generalization at the highest up-sampling level of 10 (Fig. 3a, c). For IXI/HH dataset, 
the difference was negligible (Fig. 3b). These results support the role of the proposed 

(a) IXI/HH (b) IXI/Guys

(c) eNKI (d) CamCAN

Fig. 2  Impact of synthetic data size and harmonization method on KRR model generalization to unseen test sites. 
The Y-axis represents the mean absolute error (MAE) in years, and the X-axis represents the number of synthetic 
samples generated. The Blue curves represent models trained exclusively on synthetic data. The Green curves rep-
resent models trained on a combination of original observed data and synthetic data. The Magenta line represents 
the baseline performance trained only on original observed data (no augmentation). The Cyan line represents the 
performance when the training data is harmonized using ComBat prior to model training. Each panel displays the 
results for a specific leave-one-site-out fold: a Testing on IXI/HH, b Testing on IXI/Guys, c Testing on eNKI, and d 
Testing on CamCAN. Shaded regions indicate the standard error across repetitions
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(a) Test site: IXI/Guys

(b) Test site: IXI/HH

(c) Test site: IXI/IOP

Fig. 3  Impact of synthetic data size on KRR model’s ability to generalize to unseen test sites. The Y-axis represents 
the mean absolute error (MAE), and the X-axis represents the number of synthetic samples generated. The blue 
curves correspond to models trained exclusively on synthetic data, while the green curves represent training with 
a combination of original data from IXI/Guys, IXI/HH, and eNKI, along with synthetic data generated from these 
three sites
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harmonization, as the introduction of more diverse and less site-specific data allows the 
model to develop a broader representation of age-related patterns, reducing overfitting 
to the characteristics of a particular site. Additionally, cross-site data did not degrade 
performance in any case, reaffirming its robustness as a strategy for improving model 
generalization.

4  Discussion
Brain age estimation models hold significant potential for clinical practice, particularly 
in neurodegenerative disease management, where the “brain age gap” serves as a critical 
biomarker for early detection. However, the deployment of such models is currently hin-
dered by the lack of cross-site generalizability. MRI data is inherently sensitive to acqui-
sition parameters, resulting in systematic “Effects of Site” (EoS) that obscure biological 
signals and degrade model performance on unseen scanners. In this work, we proposed 
a novel harmonization framework that leverages Inter-Site SMOTE to generate syn-
thetic training data. Our core hypothesis posits that interpolating between biologically 
matched samples (age and gender) from distinct sites creates a synthetic manifold that 
preserves biological information while averaging out site-specific noise vectors. By train-
ing on this “site-neutral” data, models are encouraged to learn robust, invariant features 
that generalize better to unseen domains.

Through systematic validation, we confirmed that this interpolation strategy effec-
tively decouples site identity from biological signal. Our experiments demonstrated 
that as the interpolation weight increases, the ability of a classifier to detect the site of 
origin diminishes, while age prediction accuracy on synthetic data improves. Crucially, 
this creates a training regime where the model is penalized for relying on site-specific 
correlations. Consequently, models trained with our augmented dataset consistently 
outperformed the baseline of simply pooling raw data, achieving lower mean absolute 
error (MAE) across unseen test sites. This suggests that the synthetic data effectively 
bridges the domain gap, populating the sparse regions of the feature space between site 
distributions.

A key finding of this study is the superior performance of our data-centric approach 
compared to standard statistical harmonization methods like ComBat. While ComBat 
is the gold standard for retrospective group-level analyses, our results showed that it 
frequently degraded performance in this predictive machine learning (ML) setting. This 
failure highlights a fundamental conflict between the assumptions of statistical harmo-
nization and prospective prediction. First, ComBat requires the biological covariate (in 
our case, age) to be explicitly modeled during the harmonization of the test set to pre-
serve biological variance. However, in a prediction task, age is the unknown target vari-
able; using it for test-set harmonization constitutes data leakage, while omitting it risks 
removing the very signal of interest [26]. Finally, statistical harmonization is sensitive to 
sample size imbalances, potentially biasing feature transformations toward the distribu-
tion of larger sites (e.g., eNKI) at the expense of smaller cohorts.

Furthermore, we provided empirical evidence that the geometry of the data genera-
tion matters more than the mere quantity of samples. By comparing our “Inter-Site” 
approach against an “Intra-Site” control (where synthetic samples were generated within 
the same site), we showed that the performance gains are not simply attributable to 
data augmentation. While Intra-Site SMOTE provided a marginal benefit by densifying 
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the training distribution, it failed to remove site effects. The significant boost in gen-
eralization observed only with Inter-Site interpolation confirms that the mechanism of 
improvement is indeed the “bridging” of site domains, rather than simple regularization 
via sample size increase.

A limitation of the current approach lies in the linear nature of the SMOTE interpola-
tion. Brain aging trajectories and scanner-induced variations likely reside on complex, 
non-linear manifolds in the high-dimensional feature space. While we mitigate this by 
strictly matching subjects on age and gender–relying on the assumption that the data 
manifold is locally linear within small neighborhoods–there is a theoretical risk that lin-
early interpolated samples may represent biologically implausible combinations of brain 
regional volumes. The observed performance gains may stem partly from the synthetic 
data acting as a form of “site-aware regularization”, smoothing the decision boundary 
across the domain gap, rather than perfectly reconstructing biological anatomy.

In the present study, synthetic samples were generated by interpolating between sub-
jects matched specifically for age and gender. However, the flexibility of our framework 
allows for the inclusion of additional covariates, such as ethnicity, race, education level, 
or clinical status. Including these factors in the matching process could further refine 
the harmonization by ensuring that the interpolated path between sites remains strictly 
within specific demographic or biological sub-populations. This would be particularly 
beneficial for reducing demographic bias and ensuring that the learned features are truly 
representative of aging rather than confounding demographic variables. It is impor-
tant to note, however, that adding matching criteria imposes stricter constraints on the 
data generation process; as the number of covariates increases, the likelihood of find-
ing exact matches across sites decreases (sparsity), which may require larger datasets to 
implement effectively. Future work will explore high-dimensional matching strategies to 
accommodate these richer covariate profiles.

While our study demonstrated efficacy using a Kernel Ridge Regression (KRR) model, 
the proposed framework is model-agnostic. Finally, while the proposed augmentation 
strategy enhances model robustness, the resulting increase in sample size may impose 
computational constraints on models with high complexity (like kernel-based methods 
like KRR due to their cubic complexity (O(n3)), thereby favoring the use of more scal-
able algorithms (e.g., deep learning or linear models) in extremely large-scale settings. 
Future work should explore the application of this method to more complex deep learn-
ing architectures and investigate the sensitivity of the hyperparameters (interpolation 
range SMOTEα and upsampling factor k) across different neuroimaging modalities.

In conclusion, these findings underscore the importance of cross-site synthetic data 
generation as a powerful tool for developing generalizable biomarkers. By actively reduc-
ing site-specific dependencies through targeted interpolation, this approach enhances 
model robustness without the strict assumptions required by statistical harmonization, 
offering a promising pathway for the deployment of reliable AI tools in multi-center clin-
ical environments.

5  Conclusion
In summary, this study highlights the potential of Inter-Site synthetic data generated 
by interpolation to enhance the generalizability of age prediction models in multi-
site neuroimaging studies, with implications for early detection and intervention in 
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neurodegenerative diseases. By leveraging a novel adaptation of SMOTE to generate 
synthetic data, we showed that interpolating between age- and gender-matched samples 
from different sites can reduce site-specific biases while preserving biologically relevant 
information. Crucially, our experiments demonstrated that this data-centered approach 
outperforms both standard data pooling and traditional statistical harmonization (Com-
Bat), specifically avoiding the pitfalls of test-time data leakage and assumption viola-
tions inherent to statistical methods in predictive tasks. Furthermore, we revealed that 
interpolating between sites effectively bridges domain gaps to learn invariant features, 
whereas generating samples within sites yields significantly lower performance gains. 
Importantly, the proposed method provides an easy and effective way to generate syn-
thetic samples that acts as a site-aware regularization tool, which can be applied to other 
task domains. By addressing challenges related to data scarcity and site-specific variabil-
ity, our approach paves the way for more robust and reliable prediction models without 
relying on complex generative architectures.
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