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H I G H L I G H T S

• In class imbalance across sites, ComBat-based models require test labels to avoid signal loss, leading to data leakage.

• If no test labels are provided in class imbalance across sites, ComBat-based harmonization removes the signal of interest.

• PrettYharmonize integrates harmonization in ML pipelines in a leakage-free way by eliminating the need for test targets.
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A B S T R A C T

Due to the cost and complexity of data collection in biomedical domains, it is a common practice to combine 

data from multiple sites to obtain large datasets required for machine learning. However, undesired site-specific 

variability presents challenges. Data harmonization aims to address this issue by removing site-specific variance 

while preserving biologically relevant information. We show that the widely used ComBat-based harmonization 

improvements are driven by data leakage due to illicit use of target information when class labels are imbal­

anced across sites, a common scenario in biomedical domains. We propose a novel approach, PrettYharmonize, 

which leverages subtle differences in data harmonized using different pretended target values. Using controlled 

benchmark datasets and real-world magnetic resonance imaging and clinical ICU data, we demonstrate that our 

leakage-free PrettYharmonize method achieves performance comparable to leakage-prone methods. As such, it is 

a viable method to integrate ComBat-based methods into machine learning applications.

1 . Introduction

Many research fields have greatly benefited from machine learn­

ing (ML) approaches. ML relies on large datasets to learn generalizable 

models, as these datasets help capture robust underlying patterns. This 

makes combining multiple datasets particularly attractive, especially 

in domains where obtaining sufficient data from a single location is 

challenging. However, combining datasets remains a significant chal­

lenge, as datasets obtained from different locations, even with similar 

acquisition parameters, often contain variability unrelated to relevant 

biological information [1–3].
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This undesired site-related variability may stem from systematic dif­

ferences, which can be corrected, or random variations, which cannot 

be modeled or corrected. The systematic variability, known as Effects 

of Site (EoS), is prevalent in many biomedical domains and can lead 

to biased results if not properly addressed [4]. For example, clinical 

data are influenced by the acquisition site, as different hospitals use 

varying laboratory equipment, procedures, and criteria. Similarly, med­

ical imaging data are affected by factors such as acquisition protocols, 

scanner drifts, and even the time of day [4,5]. Magnetic Resonance 

Imaging (MRI) is particularly susceptible to EoS, as variability can arise 

from differences in magnetic field strength, room temperature fluctu­

ations, or electromagnetic noise—even when using scanners from the 

same manufacturer with identical parameters [6,7]. To address this is­

sue, numerous data harmonization methods have been proposed [5,8,9]. 

Data harmonization is typically employed as a preprocessing step to 

generate site-effect-free data while preserving biological information, re­

sulting in harmonized data that can enhance subsequent statistical and 

ML analyses [10–14].

ComBat-based harmonization is extensively used in several domains. 

Originally proposed to correct batch differences in genomic data [15], 

ComBat was later adapted to other domains, including MRI data [10,16]. 

ComBat employs a Bayesian approach to estimate additive (location) 

and multiplicative (scale) corrections for each feature across sites. In 

addition to removing site effects, ComBat can preserve the variance of 

biologically relevant variables when provided as covariates. The ComBat-

GAM extension was developed to account for nonlinear covariate effects, 

and its associated “neuroHarmonize” software has been widely adopted 

[17]. Although concerns have been raised that the assumptions of 

ComBat, originally designed for genomic data, may not always hold for 

other domains [18], numerous empirical studies have demonstrated its 

effectiveness [5,8,19,20].

Some studies using ComBat within ML pipelines have failed to sep­

arate training and test data, incorrectly harmonizing the entire dataset 

before downstream analysis [10,11,16,21–24,57]. While valid for sta­

tistical analysis, this approach is inconsistent with ML principles, where 

data leakage can lead to invalid models and misleading interpreta­

tions if training and test data are not properly separated [25–27]. 

Failing to maintain this separation during harmonization can result in 

overly optimistic generalization performance estimates, particularly in 

cross-validation settings [28]. To address this, techniques have been de­

veloped to integrate ComBat into ML pipelines as a preprocessing step, 

where its parameters are learned on the training data and then applied 

to the training and unseen test data [17,28,30].

Further challenges arise due to the violation of a critical ComBat 

assumption–all variance not shared across sites is considered unwanted 

site-related variance. This becomes particularly problematic when bi­

ologically relevant variance is associated with the sites, such as in a 

diagnostic classification task where one site predominantly includes pa­

tients and another healthy controls [29], leading to class imbalance 

across sites. ComBat may eliminate variance related to the target in such 

cases of site-target dependence, resulting in a harmonized dataset that 

yields fewer or null findings in subsequent analyses. To mitigate this 

issue, the target variable is often included as a covariate in ComBat, en­

suring its variance is preserved during harmonization. While preserving 

relevant variance is not inherently problematic, specifying the target as 

a covariate introduces a form of data leakage, as the target values of 

the test set are required to apply the harmonization model but are un­

available in real-world scenarios [25]. However, this approach is still 

commonly used in the literature.

In this work, we aimed to empirically demonstrate this limitation 

of ComBat-based harmonization in site-target dependence scenarios. To 

this end, we conducted controlled experiments for age regression and 

sex classification using MRI data from healthy individuals. Additionally, 

we performed two clinically relevant tasks: dementia and mild cogni­

tive impairment (MCI) detection using MRI data, and hospital discharge 

prediction for septic patients using arterial blood gases, obtained from 

intensive care unit (ICU) data. To systematically evaluate the impact 

of site-target association, all experiments were conducted under both 

site-target dependence and independence conditions. Specifically, we 

investigated the performance of different harmonization schemes, both 

with and without explicitly preserving target variance.

Finally, to address the data leakage issue in ML pipelines while 

combining data from multiple sites, we propose a novel method called 

“PRETended Target Y harmonize” (PrettYharmonize). Using a stacking 

ensemble architecture [31], PrettYharmonize learns subtle differences 

in data harmonized using ComBat-based methods while varying the 

target values. It avoids data leakage by employing pretended target 

values for the test data. We validated our method using benchmark 

datasets [4] and demonstrated that PrettYharmonize performs compet­

itively compared to other harmonization schemes in both site-target 

dependence and independence scenarios. We provide a comprehensive 

comparison of no-harmonization, leakage, and no-leakage harmoniza­

tion schemes on real-world data. The corresponding Python package of 

the proposed method is publicly available at https://github.com/juaml/

PrettYharmonize and also implemented as part of https://github.com/

N-Nieto/UniHarmony. The code to replicate our results is also publicly 

available at https://github.com/juaml/harmonize_project.

2 . Methods

2.1 . PrettYharmonize

PrettYharmonize is based on the rationale that the output of covariate-

adjusted harmonization methods, such as ComBat, is functionally de­

pendent on the target values provided during the adjustment process. 

Specifically, a sample harmonized using its true label preserves target-

relevant information essential for downstream tasks. Conversely, har­

monizing a sample under an incorrect label assumption fundamentally 

alters the feature-target relationship. Consequently, the harmonized 

representation of a sample varies systematically based on the target 

value utilized as a covariate. PrettYharmonize exploits this phenomenon 

through a process we term target pretending (which is based on “im­

puting” target values), wherein samples are harmonized multiple times 

under exhaustive target assumptions. Crucially, this approach facilitates 

harmonization without requiring labels for test data, thereby preventing 

data leakage by design.

We start with a training dataset 𝐃𝑡𝑟𝑎𝑖𝑛 which is composed of feature 

matrix 𝐗𝑡𝑟𝑎𝑖𝑛[𝑁𝑡𝑟𝑎𝑖𝑛 × 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠] and target values 𝐲𝑡𝑟𝑎𝑖𝑛[𝑁𝑡𝑟𝑎𝑖𝑛 × 1]. We 

define 𝐾 as the number of unique target states. For a classification task, 

𝐾 equals the number of classes (e.g., 𝐾 = 2 for binary classification), 

while for a regression task, the target range is sampled uniformly in 𝐾
values.

The training algorithm of PrettYharmonize employs a stacking en­

semble involving a primary predictive model and a secondary stacking 

model (Fig. 1). The process initiates with an internal cross-validation 

(Inner CV) procedure (Step 1), where 𝐃𝑡𝑟𝑎𝑖𝑛 is partitioned into an inner 

training set (𝐗𝑖𝑛, 𝑦𝑖𝑛) and a validation set (𝐗𝑣𝑎𝑙 , 𝑦𝑣𝑎𝑙).
In the second step, a Harmonization Model (HM) is fitted on 𝐗𝑖𝑛 pre­

serving the target values 𝐲𝑖𝑛 as a covariate (Step 2). Subsequently, HM
is applied to harmonize the inner training data utilizing the actual tar­

get values, yielding 𝐗̃𝑖𝑛 (Step 3). Following harmonization, a Predictive 

Model (PM), denoted as 𝑓 ∶ 𝐗 → 𝐲̂, is fitted on the harmonized inner 

training data 𝐗̃𝑖𝑛 to predict the true targets 𝐲𝑖𝑛 (Step 4).

A critical step occurs in the processing of the validation set. Since 

target labels are unavailable during the inference phase, we treat the 

validation targets as missing and impute them. Specifically, 𝐗𝑣𝑎𝑙 is har­

monized multiple times by pretending the targets correspond to each 

possible target value 𝑘 ∈ 𝐾 (Step 5). For the binary classification task 

illustrated in Fig. 1, this yields two distinct harmonized versions of the 

validation set: 𝐗̃(0)
𝑣𝑎𝑙 (assuming class 0) and 𝐗̃(1)

𝑣𝑎𝑙 (assuming class 1).

The trained PM is then used to generate predictions for the val­

idation samples across all harmonized versions. For every 𝑘 ∈ 𝐾, 

we compute 𝐲̂(𝑘) = PM(𝐗̃(𝑘)
𝑣𝑎𝑙) (Step 6). This results in 𝐾 vectors of 
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Fig. 1. The workflow illustrates the procedure for a binary classification problem 

(𝐾 = 2). Data dimensions are provided in brackets. Red and pink rounded boxes 

represent unharmonized (𝐗) and harmonized (𝐗̃) data, respectively. Cyan and 

blue ellipses represent the Harmonization Model (HM) and Predictive Model 

(PM), respectively. Yellow rectangles represent model predictions and score 

matrices. Solid arrows represent data flow used to fit the models, while dashed 

arrows represent data transformed by the models. Step 1: The training data 

(𝐃𝑡𝑟𝑎𝑖𝑛) is split via Internal Cross-Validation (Inner CV) into inner training (𝐗𝑖𝑛) 

and validation sets (𝐗𝑣𝑎𝑙). Steps 2-4: An HM is fitted on 𝐗𝑖𝑛 and applied to har­

monize it (𝐗̃𝑖𝑛). A PM is then trained on this harmonized data to predict the 

true targets. Steps 5-7: The validation data 𝐗𝑣𝑎𝑙 is harmonized multiple times by 

pretending different target values (e.g., target 0 and target 1), creating multiple 

harmonized versions (𝐗̃(𝑘)
𝑣𝑎𝑙). The trained PM generates predictions for each ver­

sion, which are concatenated column-wise to create the Validation Score Matrix. 

Steps 8-9: Once the Inner CV is complete, the validation score matrices are con­

catenated row-wise to form the Train Score Matrix (𝐒𝑡𝑟𝑎𝑖𝑛). Finally, a Stack Model 

(F𝑠𝑡𝑎𝑐𝑘) is fitted on 𝐒𝑡𝑟𝑎𝑖𝑛 to predict the true target 𝐲𝑡𝑟𝑎𝑖𝑛.

predictions, each of dimension 𝑁𝑣𝑎𝑙 × 1. By concatenating these pre­

diction vectors, a Validation Score Matrix of dimensions 𝑁𝑣𝑎𝑙 × 𝐾 is 

constructed (Step 7). This matrix encapsulates the score (or likelihood) 

of a sample belonging to a class, given that the data was harmonized 

assuming it belongs to that specific class.

This procedure is repeated until all folds of the Inner CV are 

processed. The resulting Validation Score Matrices are concatenated row-

wise to form the Train Score Matrix, denoted as 𝐒𝑡𝑟𝑎𝑖𝑛 [𝑁𝑡𝑟𝑎𝑖𝑛×𝐾] (Step 8). 

A meta-learner, the Stack Model (F𝑠𝑡𝑎𝑐𝑘), denoted as 𝑔 ∶ 𝐒 → 𝐲̂, is then 

fitted on 𝐒𝑡𝑟𝑎𝑖𝑛 to predict the actual labels 𝐲𝑡𝑟𝑎𝑖𝑛 (Step 9). By learning the 

relationship between the predictions derived from different harmoniza­

tion assumptions and the true labels, the Stack Model effectively serves 

as an ensemble combining the conditional predictions of the Predictive 

Model. Finally, for deployment on test data, HM and PM are re-trained 

on the full 𝐃𝑡𝑟𝑎𝑖𝑛.

In summary, PrettYharmonize is a two-level stacking ensemble model 

where the first level predictions on target-pretended harmonized data 

obtained using the Predictive model are combined by the Stack model 

(Fig. 1).

Fig. 2. PrettYharmonize test workflow. The workflow illustrates the inference 

procedure for a binary classification problem (𝐾 = 2). Data dimensions are pro­

vided in brackets. Red and pink rounded boxes represent unharmonized (𝐗) and 

harmonized (𝐗̃) data, respectively. Cyan and blue ellipses represent the trained 

Harmonization Model (HM) and Predictive Model (PM), while the solid blue 

shape represents the Stack Model (F𝑠𝑡𝑎𝑐𝑘). Yellow rectangles represent predic­

tions and matrices. Step 1: The unlabelled test data 𝐗𝑡𝑒𝑠𝑡 is harmonized by the 

trained HM multiple times, pretending all possible target labels (e.g., assum­

ing class 0 and class 1). This yields 𝐾 harmonized representations (𝐗̃(0)
𝑡𝑒𝑠𝑡, 𝐗̃

(1)
𝑡𝑒𝑠𝑡). 

Steps 2-3: The trained PM generates predictions for each of these harmonized 

datasets. These predictions are concatenated column-wise to form the Test Score 

Matrix (𝐒𝑡𝑒𝑠𝑡). Step 4: The trained F𝑠𝑡𝑎𝑐𝑘 takes 𝐒𝑡𝑒𝑠𝑡 as input and generates the final 

Predicted test labels (𝐲̂𝑡𝑒𝑠𝑡).

The inference workflow for new test data is illustrated in Fig. 2. The 

raw test data 𝐗𝑡𝑒𝑠𝑡 [𝑁𝑡𝑒𝑠𝑡 ×Features] is harmonized using the trained HM
by imputing all possible target values as covariates. This generates 𝐾
harmonized representations (e.g., 𝐗̃(0)

𝑡𝑒𝑠𝑡 and 𝐗̃(1)
𝑡𝑒𝑠𝑡 for binary problems) 

(Step 1). The trained PM generates predictions for each harmonized 

representation (Step 2). These predictions are concatenated to form the 

test score matrix 𝐒𝑡𝑒𝑠𝑡 [𝑁𝑡𝑒𝑠𝑡 × 𝐾]) (Step 3). Finally, the trained F𝑠𝑡𝑎𝑐𝑘
processes this matrix (𝐲̂𝑡𝑒𝑠𝑡 = 𝑔(𝐒𝑡𝑒𝑠𝑡)) to output the predicted test labels 

𝐲̂𝑡𝑒𝑠𝑡 [𝑁𝑡𝑒𝑠𝑡 × 1] (Step 4).

Of note, PrettYharmonize currently only uses the harmonized data 

internally and does not create a harmonized dataset as a final outcome, 

though the data harmonized using the predicted class can be extracted 

for inspection. While the proposed method allows for the selection of 

different harmonization backbones, in the experiments presented in this 

paper, neuroHarmonize [17] was used as the Harmonization Model.

2.2 . Harmonization schemes

To benchmark the proposed PrettYharmonize model, which internally 

performs leakage-free data harmonization, five other harmonization 

schemes were evaluated. By comparing these schemes, we aimed to eval­

uate the trade-offs between preserving biological signals, avoiding data 

leakage, and maintaining model performance.
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The first scheme was Whole Data Harmonization (WDH), which in­

volves training a neuroHarmonize model on the pooled data from all 

sites to generate a harmonized dataset before splitting the data into 

training and test folds. This approach inherently leads to data leakage, as 

the test data is included in the harmonization training process [26,28]. 

Another scheme, Test Target Leakage (TTL), trains a neuroHarmonize 

model on the training data while explicitly retaining target variance by 

providing the target labels as covariates. Although this scheme does not 

use the test target to train the harmonization model, it requires test la­

bels to transform (harmonize) the test data, resulting in another type 

of data leakage. A third scheme, No Target, trains a neuroHarmonize 

model on the training data without explicitly retaining target variance. 

As a result, test labels are not used for transforming (harmonizing) the 

test set, avoiding leakage, but potentially removing biologically rele­

vant information. An Unharmonized approach was implemented as a 

baseline, where the original data were pooled and used without any 

harmonization.

We would like to point out that, while Whole Data Harmonization

and Test Target Leakage are implemented for the sake of comparison, 

only the “No Target” harmonization scheme does not show any leakage; 

thus, leading to a valid comparison with the proposed PrettYharmonize

method.

2.3 . Forcing site-target (in)dependence

To systematically evaluate the impact of harmonization frameworks 

and the impact of confounding factors, we curated experimental sce­

narios that enforce specific dependencies between the acquisition site 

and the target variable. We defined two primary conditions: Site-Target 

Dependence and Site-Target Independence.

In the Site-Target Dependence condition, we generated scenarios 

where the site variable acts as a confounder. This was achieved by 

skewing the class balance within each site. For instance, in a binary clas­

sification task, Site A would predominantly contain samples from Class 

0, while Site B would predominantly contain samples from Class 1. We 

hypothesize that in this scenario, standard ComBat-based methods will 

inadvertently suppress relevant biological variance, as the target signal 

is intrinsically entangled with site-specific effects. Consequently, explicit 

preservation of the target as a covariate becomes critical. Furthermore, 

we expect machine learning (ML) models trained on unharmonized data 

in this regime to fraudulently inflate performance metrics by learning 

spurious correlations between the site identifier and the target, rather 

than learning true biological features.

Conversely, in the Site-Target Independence condition, we bal­

anced class proportions or target distributions within all the sites, 

enforcing independence between the site and the target. In this scenario, 

we hypothesize that harmonization will effectively remove site-related 

noise without compromising target-related information, even absent ex­

plicit target protection, as the biological variance is distributed across 

the sites. Here, ML models trained on unharmonized data are ex­

pected to show no performance advantage derived from site effects, 

as the site variable provides no predictive information regarding the

target.

2.4 . Data and experimental setup

To evaluate the harmonization capabilities of the harmonization 

scheme using the pretended target of PrettYharmonize, and to assess the 

performance of the other five harmonization schemes proposed, a total 

of eight datasets were utilized in the experiments. First, we benchmarked 

the proposed method on the datasets proposed in [4] (Called MAREoS 

dataset in the following), which are specifically designed to evaluate 

harmonization methods. Using five MRI datasets (AOMIC-ID1000, eNKI, 

CamCAN, SALD, and 1000Brains), containing data from healthy con­

trol participants, an age regression and sex classification tasks were 

performed. Additionally, also using MRI data, the Alzheimer’s Disease 

Neuroimaging Initiative (ADNI) dataset [32], which includes data col­

lected from multiple sites, was used to detect separate healthy controls 

from cognitive impairment (MCI) or dementia patients.

Finally, the eICU [33–35] dataset was used to classify hospital dis­

charge (Expired or Alive) in septic patients, which is a known and 

important problem in the literature [36–40]. In this experiment, no brain 

features were used, as the model relies solely on arterial blood gases 

(ABG) features.

For all the experiments, a 5-times repeated 5-fold stratified cross-

validation was used. The only exception was the experiments with the 

MAREoS dataset, where the folds (10) are already provided by the 

authors, to improve reproducibility.

For the classification problems, the Area Under the Receiver 

Operating Characteristic Curve (AUC), balanced accuracy (bACC), and 

F1 score were calculated on the test sets. For the age regression problem, 

the Mean Absolute Error (MAE), coefficient of determination (R2), and 

age bias (Pearson’s correlation between the true age and the difference 

between the predicted and true age) were calculated on the test sets.

In the following, the description of the particular dataset and the ML 

model used in the corresponding experiments is provided, along with 

the sampling strategies to obtain the site-target (in)dependence.

2.4.1 . MAREoS dataset

To evaluate the harmonization capabilities of the harmonization 

scheme using the pretended target of PrettYharmonize, a dataset specifi­

cally designed to benchmark data harmonization methods was used [4]. 

These datasets simulate eighteen MRI features, including cortical thick­

ness, cortical surface area, and subcortical volumes, across eight internal 

datasets. Among these, four datasets contain a “True” signal, while the 

remaining four contain only an “EoS” signal related to a binary target. 

The EoS signal is designed to test whether data harmonization methods 

can remove it, thereby preventing fraudulent classification performance. 

For each type of signal (True and EoS), two variations are provided: 

“Simple” and “Interaction” datasets, representing linear and non-linear 

relationships between the features and the target, respectively. This 

makes a total of 8 datasets (True and EoS, both with 2 Simple and 2 

Interaction types of signals). Each of these eight datasets comprises 1000 

samples simulated from eight different sites. The datasets are provided 

as 10 train and test fold pairs. For the dataset containing only the EoS, 

the methods should be able to remove this effect, and the classifica­

tion performance should be at the chance level, i.e., balanced accuracy 

(bACC) of 50%. On the other hand, in the dataset with only the True 

signal, the harmonization models should not degrade the signal, and the 

bACC is expected to be a high value (bACC ≈ 80%).

In these experiments, a Random Forest model (RF) [41], with default 

sklearn parameters, was used as the Predictive Model, and a Logistic 

Regression (LG) [42] was used as the Stack Model. The same RF model 

was used to train a model with the original data to obtain a classification 

baseline for each dataset (Baseline model).

2.4.2 . MRI data

To empirically compare different harmonization schemes with and 

without site-target dependence, age regression, and sex classification 

were performed using MRI data. These targets were used as they are 

highly reliable and can be easily obtained. For all T1-weighted MR im­

ages, Voxel-Based Morphometry was performed using CAT12.8 [43] 

to obtain modulated gray matter (GM) volume, which was then lin­

early resampled to 8x8x8 mm3 voxels, resulting in 3747 voxels that 

were used as features. Five datasets were used: Amsterdam Open MRI 

Collection (AOMIC-ID1000) [44], The Enhanced Nathan Kline Institute 

(eNKI) [45], Cambridge Centre for Ageing Neuroscience (CamCAN) 

[46], 1000Brains [47], and the Southwest University Adult Lifespan 

Dataset (SALD) [48]. These datasets were selected as the data within 

each dataset was acquired only at one site, thus avoiding additional con­

founding. The demographic information of these datasets is presented in 

Table 1.
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Table 1 

Characteristics of the original MRI datasets used in the study.

Dataset Name N Images Mean Age Std Age Min Age Max Age % Female

AOMIC-ID1000 928 22.85 1.71 19 26 52%

eNKI 818 46.90 17.73 19 85 65%

CamCAN 651 54.27 18.59 18 88 50%

1000Brains 1144 61.84 12.39 21 85 55%

SALD 494 45.18 17.44 19 80 62%

2.4.2.1 Age regression. For the age regression problems, Relevance 

Vector Regression [49] with a polynomial kernel of degree 1 (RVR) was 

used as a Predictive and Stack model for PrettYharmonize. This specific 

model was selected, as it showed the best performance in the age regres­

sion task [50]. The RVR model was also used in the other harmonization 

schemes.

Forced site-target dependence. To induce a strong correlation between 

age and acquisition site, four datasets were subsampled to cover dis­

tinct, non-overlapping age intervals: AOMIC-ID1000 (𝑁 = 118, age 

range: 19–26), eNKI (𝑁 = 118, age range: 27-40), CamCAN (𝑁 =
118, age range: 41–60), and 1000Brains (𝑁 = 118, age range: 61–79). 

Subsampling was constrained to ensure sex-balance within each site; 

thus, no sex-related signal can be associated with the site or age 

(Supplementary Table 1).

Forced site-target independence. To break the correlation between site 

and target, we selected three datasets capable of covering a broad, over­

lapping age spectrum: CamCAN (𝑁 = 288, range: 19–77), eNKI (𝑁 =
300, range: 19–77), and SALD (𝑁 = 200, range: 19–77). AOMIC and 

1000Brains were excluded due to their restricted age coverage (primar­

ily young and elderly cohorts, respectively). Each dataset was balanced 

for both sex and age. This balance was achieved by stratifying the data 

into 10 equally distributed age bins (spanning the minimum to maxi­

mum age of each dataset) and retaining an equal number of male and 

female subjects per bin (Supplementary Table 2).

2.4.2.2 Sex classification. For the sex classification, an LG, with default 

sklearn hyperparameters, was used as a Predictive and a Stack model. 

The same LG model was used for the rest of the harmonization schemes.

Forced site-target dependence. For the binary sex classification task, the 

eNKI (𝑁 = 295, age range: 19–84) and CamCAN (𝑁 = 295, age range: 

18–88) datasets were selected due to their broad and comparable age 

distributions. Dependence was forced by manipulating the sex percent­

ages: the female proportion was set to 5% in eNKI and 95% in CamCAN 

(Supplementary Table 3), creating a near-complete separation of class 

by site. The total sample size was balanced across sites, and the age 

distributions remained fully overlapping.

Forced site-target independence. The dataset constructed for the age re­

gression independence scenario was reused for sex classification. This 

dataset is inherently suitable as it was explicitly balanced for both age 

and sex across all sites (Supplementary Table 2).

2.5 . Dementia and mild cognitive impairment classification

Data used in the preparation of this article were obtained from 

the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database 

(adni.loni.usc.edu). The ADNI was launched in 2003 as a public-private 

partnership, led by Principal Investigator Michael W. Weiner, MD. The 

primary goal of ADNI has been to test whether serial magnetic resonance 

imaging (MRI), positron emission tomography (PET), other biological 

markers, and clinical and neuropsychological assessments can be com­

bined to measure the progression of mild cognitive impairment (MCI) 

and early Alzheimer’s disease (AD).

An LG model with default sklearn hyperparameters was used as a 

Predictive and a Stack model for PrettYharmonize. The same LG model 

was used for the rest of the harmonization schemes.

Forced site-target dependence. Using the ADNI dataset, we simulated 

site-dependency by inducing class imbalances. From one acquisition 

site, we randomly selected 100 patients (Dementia/MCI) and 10 con­

trols; conversely, from a second site, we selected 100 controls and 10 

patients (Supplementary Table 4). All MRI scans were processed using 

FreeSurfer [51], extracting cortical thickness measures from 74 cerebral 

and subcortical structures as input features.

Forced site-target independence. Using the same feature set, we con­

structed a balanced scenario. From the largest available site in the 

ADNI dataset, 126 patients and 126 controls were randomly sampled. 

From the second-largest site, 56 patients and 56 controls were sampled 

(Supplementary Table 5). It is notable that while the class probability 

is balanced within each site, the total sample size (𝑁) differs between 

sites (𝑁 = 252 vs. 𝑁 = 112).

2.6 . Discharge status prediction of septic patients

The eICU [33–35] dataset was used for the experiments, which con­

tains 200,859 ICU stays from 139,367 patients in 208 different ICUs 

across the United States. We use a well-known problem of classified 

hospital discharge (Expired or Alive), in septic patients [36–40]. The 

approach described in [55] was followed for selecting the features and 

extracting the patient cohort. The features used were arterial blood 

gases: paO2, paCO2, pH, base excess, Hgb, glucose, bicarbonate, and 

lactate. No brain-derived features were used in this experiment. After 

the patients’ selection, a final dataset of 496 Expired and 3021 Alive pa­

tients was retained. From this filtered dataset, we removed those sites 

with fewer than 50 patients, retaining 20 final sites from where the 

site-target (in)dependence scenarios were created.

LG was used as a Predictive and a Stack model for PrettYharmonize, 

and as a classification model for the other harmonization schemes.

Forced site-target dependence. This experiment utilized data from 20 

clinical sites to predict discharge status (“Alive” vs. “Expired”). To cre­

ate extreme dependence, we manipulated the data such that 10 sites 

contained exclusively “Alive” patients (with the exception of a single 

“Expired” outlier per site to permit variance estimation). Conversely, 

the remaining 10 sites contained exclusively “Expired” patients (with 

a single “Alive” outlier per site). This resulted in a total cohort of 249 

“Expired” and 666 “Alive” patients. Unlike previous experiments, both 

the total sample size and the class proportions varied significantly across 

sites (Supplementary Table 6).

Forced site-target independence. In this scenario, we enforced a bal­

anced class distribution (50% “Alive”, 50% “Expired”) within each of the 

previously selected 20 sites. The final dataset comprised 324 “Expired” 

and 324 “Alive” patients (Supplementary Table 7). While the class ratio 

was identical across sites, the total volume of patients varied per site, 

ranging from 8 to 128 subjects per site, reflecting realistic variations 

in site throughput while maintaining independence between site and 

outcome.

3 . Results

3.1 . PrettYharmonize validation on MAREoS dataset

On datasets containing the True signal (no EoS), a Baseline model 

(Random Forest) trained on unharmonized data achieved a balanced 

accuracy (bACC) of approximately 80%, as expected. However, the same 

model also achieved a bACC close to 80% on datasets containing only 

EoS signal (no True signal), fraudulently leveraging the EoS signal for 

classification (Table 2).
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Table 2 

PrettYharmonize and Baseline (RF model without harmonization) performance 

on the MAREoS dataset (bACC [%]: mean of 10 folds). True: Only “True” signal 

is presented, and no Effect of Site. EoS: Only the Effect of Site and no True 

signal is presented. Simple: Simulated linear relationship between features and 

target. Interaction: non-linear relationship between features and target. 1 and 2 

represent different simulated signals.

Dataset Name Baseline PrettYharmonize Expected Difference

True Simple 1 72.86 72.07 As Baseline 0.79

True Simple 2 82.72 82.86 As Baseline 0.06

True Interaction 1 79.43 79.46 As Baseline 0.03

True Interaction 2 72.23 70.72 As Baseline 1.51

EoS Simple 1 76.11 54.18 Chance (50) 4.18

EoS Simple 2 75.35 52.35 Chance (50) 2.35

EoS Interaction 1 77.48 56.20 Chance (50) 6.2

EoS Interaction 2 82.79 58.81 Chance (50) 8.81

Table 3 

Comparison of performance metrics across different harmonization schemes.

Harmonization 

Scheme

Site-target dependence Site-target independence

MAE R2 Age Bias MAE R2 Age Bias

Unharmonized 6.20 0.81 −0.43 6.314 0.785 −0.341

PrettYharmonize 4.12 0.919 −0.26 6.306 0.769 −0.423

WDH 3.82 0.925 −0.32 6.034 0.803 −0.366

TTL 4.28 0.912 −0.23 6.153 0.775 −0.319

No Target 15.93 −0.007 −0.998 6.036 0.790 −0.361

PrettYharmonize successfully removed the EoS signal in all datasets 

containing only EoS. Furthermore, in datasets where only the True sig­

nal was present, the method preserved the real signal while aiming to 

remove EoS (Table 2). To ensure robustness, we repeated this analy­

sis using three additional Predictive models: Gaussian Process Classifier 

(GP), Support Vector Machine with a Radial basis kernel (SVM), and 

Least Absolute Shrinkage and Selection Operator (LASSO). These models 

yielded similar results (Supplementary Tables 8, 9, and 10).

3.2 . Age prediction

3.2.1 . Forced site-target dependence

The Unharmonized method achieved a Mean Absolute Error (MAE) of 

6.20 (Table 3), which falls within the expected range according to the 

literature [50]. Predictions using the WDH and TTL schemes showed an 

improvement in performance of approximately 2 years compared to the 

Unharmonized scheme (Table 3).

As expected, No Target removed the age-related signal in the features, 

preventing the ML model from learning the feature-target relationship 

and resulting in inaccurate predictions. Specifically, the model predicted 

the mean population age for all individuals, leading to overestimations 

in the AOMIC and eNKI datasets and underestimations in the CamCAN 

and 1000Brains datasets (Fig. 3a, and Supplementary Fig. 5).

PrettYharmonize, on the other hand, achieved better predictions, on 

average, compared to both the Unharmonized and No Target methods, 

improving the MAE, R2, and age bias without inducing data leakage 

(Table 3). Notably, PrettYharmonize’s performance was comparable to 

the two leakage-prone methods (WDH and TTL), but WDH showed a 

slightly better average performance. Detailed individual predictions and 

site-specific MAE are presented in Supplementary Figs. 1–5 (one for each 

harmonization scheme).

3.2.2 . Forced site-target independence

The model that used unharmonized data achieved an MAE of 

6.314, similar to the performance in the site-target dependence scenario 

(Table 3).

In this scenario, the average performance was similar across all har­

monization schemes, including the No Target scheme (Table 3). This 

result suggests that the improvement in the signal-to-noise ratio made 

by removing the EoS signal was not sufficient to boost ML performance. 

Consistent with our hypothesis, the No Target scheme did not remove 

biologically relevant information, as this variance was shared across all 

sites, and the ML model showed a comparable performance to the other 

benchmarked schemes.

3.3 . Sex classification

3.3.1 . Forced site-target dependence

The Unharmonized scheme achieved a high performance (AUC = 

0.97), consistent with results reported in the literature [52].

The harmonization schemes that allow data leakage (WDH and 

TTL) and PrettYharmonize did not show any improvement over the 

Unharmonized scheme (Table 4). This is likely due to the presence of a 

strong sex-related signal in the features, which enables high performance 

(AUC = 0.97) even without harmonization. Consistent with the find­

ings from the age regression experiment, the No Target scheme removed 

sex-related information, resulting in a significant drop in classification 

performance (Table 4).

3.3.2 . Forced site-target independence

For the site-target independence, the Unharmonized scheme achieved 

a lower performance (AUC = 0.918) compared to the site-target de­

pendence scenario (Table 4). This is expected, as the ML model can 

not exploit the EoS signal to fraudulently improve its performance. 

None of the harmonization schemes demonstrated improved classifica­

tion performance relative to the Unharmonized model (Table 4). Again, 

consistent with the age regression experiment, the No Target scheme did 

not eliminate target-related variance during harmonization, leading to 

performance similar to the other schemes.

3.4 . Dementia and mild cognitive impairment classification

3.4.1 . Forced site-target dependence

The Unharmonized method achieved an AUC of 0.81, consistent with 

findings reported in the literature [54]. PrettYharmonize, WDH, and 

TTL showed a slight improvement in classification performance com­

pared to the Unharmonized method (Table 5). As observed in previous 

site-target dependence experiments, the No Target scheme removed bi­

ologically relevant information, significantly impairing the ML model’s 

performance (Table 5).

3.4.2 . Forced site-target independence

All benchmarked schemes achieved similar classification perfor­

mance across all metrics (Table 5). Notably, a consistent performance 

drop was observed across all schemes compared to the site-target 

dependence scenario.

3.5 . Discharge status prediction of septic patients

3.5.1 . Forced site-target dependence

The Unharmonized scheme achieved an AUC of 0.76, slightly lower 

than values previously reported in the literature [55]. This difference is 

expected, as fewer patients were used in our experiments compared to 

the referenced study.

PrettYharmonize demonstrated an improvement in AUC performance 

compared to all benchmarked schemes, achieving an AUC of 0.86. 

In contrast, and consistent with the previous site-target dependence 

scenarios, the No Target scheme removed nearly all relevant infor­

mation, resulting in performance close to chance (bACC = 51.66)

(Table 6).
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Fig. 3. Impact of Site-Target Dependence on Age Prediction Bias. The figure displays Letter-value plots, also known as boxen plots, representing the distribution 

of age prediction errors across different harmonization schemes. This representation was chosen as it is designed for skewed distributions [53]. (a) Forced Site-

Target Dependence: In this scenario, datasets (AOMIC-ID1000, eNKI, CamCAN, 1000Brains) were subsampled to possess disjoint, site-specific age ranges. The “No 

Target” harmonization scheme (darkest blue), which corrects for site effects without preserving the target, severely jeopardizes the models’ performance by removing 

age-related biological signal confounded with the site. In contrast, PrettYharmonize (light blue) achieved error distributions comparable to the data leakage schemes 

(WDH and TTL), and improved the performance compared to the “Unharmonized” baseline. (b) Forced Site-Target Independence: In this scenario, datasets (eNKI, 

CamCAN, SALD) were balanced to ensure fully overlapping age distributions. Consequently, site and target variables are not correlated, and all harmonization schemes, 

including “No Target”, exhibit comparable performance. This confirms that target preservation strategies are specifically critical when site and target distributions 

are correlated.

3.5.2 . Forced site-target independence

For the site-target independence scenario, an equal number of 

“Alive” and “Expired” patients were retained across all 20 sites. All meth­

ods achieved similar classification performance across all metrics. The 

Unharmonized method obtained a slightly lower AUC (0.72) compared 

to the site-target dependence scenario (0.76) (Table 6).

PrettYharmonize and the leakage-prone schemes (WDH and TTL) 

showed a drop in classification performance compared to the site-target 

dependence scenario. The No Target method, however, did not re­

move biologically relevant information during harmonization, achieving 

performance similar to the other benchmarked methods (AUC = 0.72).

4 . Discussion

In many clinical domains, data collected from a single location is 

insufficient for training generalizable ML models, as large and diverse 

datasets are needed to identify meaningful feature-target relationships. 

Table 4 

Comparison of sex classification performance metrics across different harmo­

nization schemes.

Harmonization 

Scheme

Site-target dependence Site-target independence

AUC bACC [%] F1 AUC bACC [%] F1

Unharmonized 0.969 92.64 0.923 0.918 84.94 0.851

PrettYharmonize 0.968 92.18 0.918 0.921 85.06 0.851

WDH 0.975 92.10 0.917 0.913 84.64 0.847

TTL 0.967 92.07 0.917 0.918 85.16 0.852

No Target 0.703 63.08 0.608 0.919 84.85 0.849

Combining data from multiple acquisition sites is thus a common and 

attractive strategy for developing ML models. However, this introduces 

unwanted variability due to acquisition idiosyncrasies. Data harmoniza­

tion methods, such as ComBat, are often used to remove site-related 
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Table 5 

Classification performance metrics for dementia-MCI prediction task in site-

target dependent and independent scenarios.

Harmonization 

Scheme

Site-target dependence Site-target independence

AUC bACC [%] F1 AUC bACC [%] F1

Unharmonized 0.8131 73.7273 0.7371 0.7092 65.68 0.6698

PrettYharmonize 0.8429 77.2727 0.7715 0.7089 65.31 0.6659

WDH 0.8385 76.6364 0.7644 0.7118 66.01 0.6755

TTL 0.8381 76.3636 0.7622 0.7103 65.85 0.6742

No Target 0.6384 60.1818 0.6054 0.7096 66.23 0.6794

Table 6 

Classification performance metrics for discharge status prediction task in site-

target dependent and independent scenarios.

Harmonization 

Scheme

Site-target dependence Site-target independence

AUC bACC [%] F1 AUC bACC [%] F1

Unharmonized 0.7655 64.37 0.4571 0.7227 66.88 0.6250

PrettYharmonize 0.8588 66.25 0.4910 0.7101 66.14 0.6295

WDH 0.7995 63.39 0.4408 0.7029 65.25 0.6133

TTL 0.7897 63.91 0.4517 0.6907 64.75 0.6091

No Target 0.5723 51.66 0.0921 0.7198 66.42 0.6211

variability with promising results in ML applications [56]; however, in­

tegrating such methods into ML pipelines brings additional challenges. 

For instance, care must be taken to avoid data leakage by properly 

separating training and test sets [25,26,28], avoiding the creation of 

a “site-effect free” dataset that is then split into train and test sets.

Other sources of leakage and the effectiveness and practicality of data 

harmonization in ML workflows remain under-investigated, particularly 

in scenarios where the target variable and acquisition site are not inde­

pendent, a situation in which harmonization methods typically struggle. 

In this study, we proposed a novel method, PrettYharmonize, which was 

first validated using the datasets designed for that purpose, as proposed 

in [4], and then benchmarked against five harmonization schemes us­

ing 7 medical datasets from various domains [32,33,44–48], specifically 

comparing their performance in cases of both site-target dependence and 

independence.

The proposed PrettYharmonize method is designed to avoid data 

leakage. It integrates a stacking ensemble architecture [31] with a 

ComBat-based model for the harmonization procedure. This design en­

sures that the harmonization process remains confined to the training 

phase and circumvents the need for actual target values from the test 

samples, ensuring a leakage-free ML pipeline. Importantly, the method 

does not detect data leakage but rather allows for a leakage-free inte­

gration of ComBat-based models and ML pipelines. The method first 

harmonizes the data using pretended labels and then uses the har­

monized output to learn a Predictive model. The main idea behind 

PrettYharmonize is learning subtle differences caused by the use of cor­

rect or incorrect labels. Several key aspects of PrettYharmonize deserve 

emphasis. First, it is built around the ComBat-based model method, 

meaning that we do not propose a novel way of harmonizing the data but 

rather introduce an approach that integrates a stack ensemble architec­

ture with harmonization models into ML pipelines while avoiding data 

leakage by design. This distinction is crucial, as the innovation lies not in 

altering the harmonization process but in structuring its application to 

ensure compatibility with ML workflows across both site-target depen­

dence scenarios. Furthermore, this modular design of PrettYharmonize

enables the use of other harmonization methods. Second, the output of 

PrettYharmonize is not a harmonized dataset but rather a final target 

prediction. Unlike traditional harmonization schemes, which produce a 

harmonized dataset for downstream use, our method uses harmonized 

data internally as an intermediate step to generate a prediction. By focus­

ing on prediction, the method prioritizes practical utility in real-world 

applications where the primary goal is accurate target prediction rather 

than data transformation. Finally, PrettYharmonize will inherit the lim­

itations of the chosen harmonization model. For example, its ability to 

capture non-linearities, or to handle imbalance in the number of samples 

by site, among others.

PrettYharmonize was rigorously validated on the MAREoS datasets, 

which were specifically designed to evaluate harmonization methods 

[4]. The strong performance observed on these benchmark datasets in­

dicates that the internal harmonization scheme, based on pretended tar­

gets, successfully harmonizes data for the posterior use of the Predictive 

model. In addition, on real-world datasets PrettYharmonize achieved 

competitive performance comparable to leakage-prone pipelines, 

demonstrating its practical utility. These results suggest that the pro­

posed method is a promising alternative for real-world applications, 

particularly in settings where data leakage poses a substantial risk. 

Consequently, we advocate for its adoption in future use cases.

The ML pipelines pooling data without any harmonization showed 

performance consistent with values reported in the literature for all eval­

uated tasks [50,52,54,55], indicating correct application of ML models. 

As expected, all models using pooled unharmonized data performed 

better in site-target dependence scenarios, as the ML models could ex­

ploit the EoS signal, which in this case is related to the target, illicitly 

increasing their classification performance.

In site-target dependence scenarios, where classes are imbalanced 

across sites, we observed performance improvements when applying 

ComBat-based models (particularly neuroHarmonize) with the target 

specified as a covariate, which preserves its variance (Tables 3, 5 and 

6). However, using the target as a covariate inevitably leads to data 

leakage as the target values of the test set are used in both Whole 

Data Harmonization (WDH) and Test Target Leakage (TTL) schemes. 

In the WDH scheme, all available data is used to train the harmoniza­

tion model, and the whole dataset is transformed before splitting it into 

train and test sets, leading to a form of leakage known as “preprocess­

ing on training and test sets” [26]. Although in the TTL scheme the 

test data is not used in the harmonization training process, the ComBat 

model still requires the target values of the test set to correctly trans­

form the test data, a form of “target leakage” [25]. As expected, using 

ComBat without the target as a covariate (No Target) avoids data leak­

age but removes biologically relevant information, as evidenced by the 

marked and consistent drop in the performance across all evaluated 

scenarios (Tables 3–6). Aligned with the observations in [17], our ex­

periments demonstrate that the target range (e.g., the age range) must 

overlap so the harmonization method does not eliminate relevant in­

formation or leak the test labels. Our results empirically demonstrate 

the impact of the site-target dependence, which violates ComBat’s as­

sumption that relevant variance, i.e., target variance, is shared across

sites.

Conversely, in site-target independence scenarios, despite testing 

a wide range of tasks and datasets from different domains, none of 

the harmonization schemes improved performance over the baseline 

approach of simply pooling the data. This also includes our pro­

posed PrettYharmonize method, which, while not being a harmonization 

method itself, uses a novel way to leverage harmonization without caus­

ing data leakage. This lack of performance improvement may be due to 

the fact that the harmonization process did not sufficiently enhance the 

signal-to-noise ratio to allow the models to generate better predictions. 

Nevertheless, we acknowledge that it is possible that our selection of 

data and tasks, while comprehensive, may not encompass all scenarios 

where harmonization could prove beneficial. Some potential scenarios 

where PrettYharmonize could prove useful are when a higher number of 

sites are used, or when small samples are available per site, where the 

ML models are not able to extract a robust signal that generalizes across 

sites.

ComBat-based methods use the covariates to estimate and preserve 

their variance. In machine learning pipelines, the target-related vari­

ance of the data is the signal of interest. Original ComBat was only able 

to estimate linear relationships, but ComBat-GAM improved upon this 
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limitation to allow the model to capture non-linear relationships. Thus, 

harmonization model selection is heavily dependent on the target type.

An alternative approach to training harmonization models is to 

use phantoms or traveling subjects [14,18]. This can allow for ac­

curate estimation of location and scale parameters specific to each 

acquisition setup and parameter setting, which can then be applied to 

real data. This approach mitigates the risk of inadvertently removing 

meaningful biological variation during harmonization. However, it is 

domain-specific and requires additional data collection, which is costly, 

as well as accounting for other challenges such as temporal shifts in 

equipment.

This is the first study, to the best of our knowledge, to apply harmo­

nization to features derived from arterial blood gases (ABGs). Although 

these features violate ComBat’s assumption of features presenting simi­

lar value ranges, PrettYharmonize yielded the largest performance gain in 

the site-target dependence scenario. Further research is needed to sepa­

rate the benefits of the stacked ensemble architecture from those of data 

harmonization. It is important to distinguish this form of harmonization, 

which aims to remove EoS from features, from the more common use of 

the term in the clinical domain, where “harmonization” typically refers 

to the standardization of feature names and units across sites [58].

Taken together, our findings underscore the need for meticulous 

evaluation when using data harmonization together with machine learn­

ing and encourage the adoption of reproducible, open science practices 

to advance the field and benefit the wider community.

5 . Conclusion

This study highlights three key findings regarding the use of harmo­

nization methods in ML pipelines. First, while ComBat-based methods 

do not intrinsically cause data leakage, they might require that target 

variance be preserved as a covariate during training when a site-target 

relationship exists. As demonstrated, this requirement precludes their 

use in real-world ML applications, as it requires target values of the 

test samples that are not available. Our results empirically demon­

strate that failing to preserve target variance leads to the removal of 

relevant signals, significantly undermining the effectiveness of harmo­

nization. Second, harmonization did not lead to meaningful performance 

improvement when the site and targets are independent. This sug­

gests that the benefits of harmonization may be limited in such cases, 

as the removal of site-related variability might not sufficiently en­

hance the signal-to-noise ratio for ML models. Finally, the proposed 

PrettYharmonize method advances the field by adapting ComBat-based 

methods in ML pipelines, effectively integrating harmonization while 

eliminating the need for test targets during training or transformation. 

This approach not only prevents data leakage by design but also achieves 

encouraging results, ensuring that the harmonization process remains 

both robust and practical for real-world applications.

6 . Limitations of the study

While this study provides valuable insights into harmonization meth­

ods, several limitations must be acknowledged. First, although our 

analysis focused on widely used ComBat-based techniques, other har­

monization approaches, such as deep learning-based methods (e.g., 

style-matching generative models or variational autoencoders [5,9]), 

were not explored. These methods may offer promising alternatives, par­

ticularly in complex scenarios where traditional approaches fall short, 

although they often require significant computational resources and 

large datasets.

Second, the impact of harmonization on feature selection and model 

interpretability has not been thoroughly investigated. Future research 

should explore how harmonization methods affect model behavior, es­

pecially in different domains and contexts, to better understand their 

broader implications for ML pipelines.

Third, while we simulated extreme site-target dependence and inde­

pendence scenarios in a controlled manner, real-world cases are likely 

to fall somewhere along this spectrum. Our goal was to highlight po­

tential problems that may arise from applying harmonization without 

proper consideration. Further studies are needed to investigate the ef­

fectiveness of harmonization methods at varying degrees of site-target 

dependence.

Finally, the proposed method introduces additional computational 

complexity compared to training a harmonization model, as the 

“pretending” process requires multiple harmonization transformations. 

However, the extra burden of this process is limited to applying a 

trained harmonization model (neuroHarmonize in our experiments) sev­

eral times (one harmonization transformation for each presented class), 

which is less time-consuming than training the model. Importantly, the 

computational cost of the pretending process does not scale with the 

number of sites to be harmonized, mitigating some of the practical 

limitations.
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