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ABSTRACT
Background: Brain age estimation provides a noninvasive MRI biomarker of neurodevelopment. In infancy, rapid regionally 
ordered myelination reflects brain maturation, yet early-life brain age estimation remains underexplored, particularly with 
myelination-sensitive MRI and biologically informed modeling.
Purpose: To develop and evaluate a biologically informed deep learning framework for infant brain age estimation using T1w/
T2w ratio MRI.
Study Type: Retrospective.
Population: Internal cohort: 629 infants aged 0–24 months (626 with age-appropriate myelination, train/validation/
test = 376/125/125), 3 with myelin-related developmental abnormalities for qualitative review. External cohort: 10 healthy infants 
aged 0–15 months (5 females, 5 males).
Field Strength/Sequence: Internal: 3T; 3D gradient-echo or 2D spin-echo T1w, and 2D turbo spin-echo T2w. External: 3T; 3D 
gradient-echo T1w and 2D turbo spin-echo T2w.
Assessment: 3D convolutional neural networks were trained with T1w, T2w, and T1w/T2w ratio inputs using manually defined 
biological age labels from visual myelination assessment. The model incorporated multi-task learning for age regression, white 
matter segmentation, and image reconstruction.
Statistical Tests: Performance was evaluated using five-fold cross-validation with repeated random splits. Metrics included 
mean absolute error, root mean squared error, R2, and Pearson and Spearman correlations. Modality differences were tested 
using one-way ANOVA, t-tests, and Mann–Whitney U , with Cohen's d and 95% confidence intervals. In the external co-
hort, absolute prediction errors were compared using the Wilcoxon signed-rank test. Statistical significance was defined as 
p < 0.05.
Results: T1w/T2w ratio models achieved the best overall performance (MAE: 1.489 ±0.302 months; r = 0.966 ± 0.012), com-
pared with T1w (2.055 ± 0.944; 0.933 ± 0.061), T2w (1.794 ± 0.434; 0.947 ± 0.023), T1w+T2w (1.546 ± 0.291; 0.960 ± 0.013), and 
T1w+T2w+RI (1.498 ± 0.313; 0.963±0.012). Modality effects were significant for MAE, RMSE, R2, r, but not for � (p = 0.250). 
Auxiliary-task and multi-scale modeling numerically improved performance (MAE, 1.203 months; r = 0.979). External vali-
dation showed the lowest error for the RI-based model (MAE, 1.16 months), and Grad-CAM highlighted myelination-relevant 
white matter.
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Data Conclusion: T1w/T2w ratio MRI combined with biologically informed deep learning enabled accurate and interpretable 
infant brain age estimation. This framework showed promising cross-scanner performance and may support MRI-based assess-
ment of early brain maturation.
Evidence Level: 3.
Technical Efficacy: 2.

1   |   Introduction

Brain aging is a dynamic biological process that reflects the struc-
tural and functional maturation of the brain over time [1]. As indi-
viduals age, the brain undergoes progressive anatomical changes, 
particularly in gray and white matter, which are closely related 
to cognitive function and decline [2]. In neuroimaging, brain age 
estimation (BAE) has emerged as a data-driven biomarker that 
predicts an individual's age based on brain MRI scans [3].

By comparing predicted brain age with chronological age, BAE 
enables quantification of the brain age gap (BAG)–the discrep-
ancy that may signal atypical brain development or early neuro-
pathology [4]. A positive BAG implies accelerated aging, while 
a negative BAG suggests delayed maturation. Especially during 
early brain development, deviations from normative trajectories 
can have clinical implications [5].

Among the biological processes underlying brain maturation, 
myelination plays a central role. Myelin sheaths enable efficient 
neural communication and are closely associated with the devel-
opment of motor, sensory, and cognitive abilities [6, 7]. During 
infancy, particularly within the first 2 years, myelination pro-
gresses rapidly in a regionally organized and temporally pre-
dictable pattern [8].

Given the increasing clinical use of brain MRI in infants with 
suspected developmental delay, there is a growing need for 
objective and quantitative tools to assess brain maturation. 
Accurate BAE during infancy may help provide an imaging-
based index of age-appropriate maturation and support neurora-
diologic evaluation of developmental status, while its potential 
clinical utility for identifying specific neurodevelopmental dis-
orders remains to be established [4, 9].

Conventional MRI-based biomarkers, particularly T1w and T2w, 
have long served as indicators of brain maturation. Myelinated 
regions typically appear hyperintense on T1w and hypointense 
on T2w due to changes in lipid and water content, respectively 
[6, 10, 11]. These characteristic signal patterns have long been used 
as qualitative markers of age-appropriate white matter develop-
ment. To enhance sensitivity to myelin content, the T1w/T2w ratio 
has been proposed as a simplified in vivo proxy for intracortical 
and subcortical myelination [12–15]. Initially developed for adult 
cortical mapping, this ratio can be readily computed from standard 
clinical MRI protocols and has demonstrated potential in neonatal 
and pediatric populations [16, 17]. Advanced imaging techniques 
such as mcDESPOT-derived myelin water fraction, magnetiza-
tion transfer imaging, or multi-echo T2w mapping often require 
prolonged scan times and specialized pulse sequences [18]. They 
are also less feasible in pediatric practice [19]. In comparison, the 
T1w/T2w ratio offers a practical and accessible alternative [20, 21]. 

While concerns remain regarding the specificity and direct biolog-
ical interpretability of the ratio, it remains a practical and scalable 
myelination-sensitive surrogate contrast for developmental studies 
and routine MRI-based research [22].

BAE using deep learning approaches has gained traction in re-
cent years, with most models trained on convolutional neural 
networks (CNNs) and large-scale structural MRI datasets in 
adolescents, adults, and older populations [23–26]. However, 
early-life BAE remains underexplored because infant brain 
maturation is rapid, nonlinear, and highly heterogeneous, de-
manding age-specific modeling strategies [9]. This challenge is 
compounded by the limited availability of high-quality infant 
MRI datasets and the scarcity of large-scale external valida-
tion. In this context, deep learning models trained on the T1w/
T2w ratio may capture subtle myelination-related developmen-
tal signals, enabling more biologically informed and automated 
estimation of brain age in infants [16, 21, 24, 27, 28].

Specifically, it remains unclear whether the T1w/T2w ratio pro-
vides added value over conventional T1w and T2w inputs for 
estimating MRI-derived developmental age in early life, and 
whether anatomically informed auxiliary tasks can further 
improve the biological relevance and interpretability of model 
predictions. In the present study, the target variable was not 
chronological age itself, but MRI-derived developmental age 
based on visual assessment of myelination patterns. Accordingly, 
the term brain age is used in an operational sense to denote bio-
logically informed developmental maturation on MRI.

2   |   Materials and Methods

2.1   |   Ethics Approval

The internal cohort was derived from a publicly available pe-
diatric brain MRI dataset (https://​zenodo.​org/​record/​8055666). 
For the independent external validation cohort, this retrospec-
tive study was conducted in accordance with the Declaration 
of Helsinki and approved by the institutional review board of a 
Seoul National University Hospital (IRB No. H-2512-021-1697). 
The requirement for written informed consent was waived be-
cause only de-identified routine clinical MRI data were used.

2.2   |   Study Cohorts and Image Acquisition

2.2.1   |   Internal Training and Test Cohort

A fully anonymized publicly available pediatric brain MRI data-
set was used for internal model development. The dataset was 
retrospectively collected from clinical brain MRI examinations 

https://zenodo.org/record/8055666


3Journal of Magnetic Resonance Imaging, 2026

retrieved from the PACS using PACS/RISCrawler and origi-
nally included patients 0–36 months of age who were scanned 
between January 1, 2011, and March 17, 2021 [29]. According to 
the published dataset description, scans transferred from out-
side institutions were excluded, and minor artifacts or incidental 
findings were retained to reflect real-world clinical heterogene-
ity [30]. After excluding duplicate follow-up scans and subjects 
older than 24 months, the final internal cohort comprised 629 
infants and toddlers 0–24 months of age. Of these, 626 subjects 
with age-appropriate myelination were used for model develop-
ment and quantitative evaluation, whereas 3 subjects identified 
by pediatric neuroradiologists (N.L.; 7 years of general radiology 
experience and 4 years of adult and pediatric neuroradiology ex-
perience) as having myelin-related developmental abnormalities 
were excluded from cross-validation and reserved for qualitative 
case review.

All MRI scans were performed on a 3T (Skyra; Siemens 
Healthineers, Erlangen, Germany) scanner. T1w sequences 
were acquired using either a 3D gradient-echo (GRE) sequence 
under sedation or a 2D spin-echo sequence without sedation. 
T2w sequences were acquired using a 2D turbo spin-echo 
(TSE) sequence under sedation or without sedation. Detailed 
acquisition parameters for each sequence are provided in 
Table S1.

Consistent with the source data definition, the normal cohort 
was defined by age-appropriate myelin maturation as as-
sessed by board-certified pediatric neuroradiologists; minor 
incidental findings unrelated to myelination status were not 
exclusionary.

2.2.2   |   External Validation Cohort

To provide an initial external assessment of model robust-
ness when transferred to a different scanner, the trained 
model was evaluated on an independent institutional pediat-
ric MRI cohort collected retrospectively at a Seoul National 
University Hospital and acquired on a different 3T (Premier; 
GE HealthCare, USA) scanner. The cohort comprised 10 sub-
jects 0–15 months of age (5 females, 5 males). Subjects were 
scanned with routine pediatric brain MRI protocols (Ped MRI 

Brain Neonate (NICU) or Ped MRI Brain Routine), including 
3D GRE T1w and 2D axial TSE T2w sequences. Acquisition 
parameters are summarized in Table S1. This cohort was used 
exclusively for inference and was not involved in training, val-
idation, hyperparameter tuning, or model selection. Predicted 
developmental ages were compared with the corresponding 
biological ages.

2.3   |   Data Labeling

For the internal cohort, developmental age labels provided 
with the public dataset were used as the target variable for 
model training. Labeling was performed on postprocessed 
T1w and T2w MRI using the Nora imaging platform (https://​
www.​nora-​imagi​ng.​com/​). Reference charts and atlases were 
used to guide labeling [31, 32]. In preterm infants, corrected 
gestational age was calculated by subtracting the number of 
weeks born before 37 weeks of gestation from the age at imag-
ing and was used only as a developmental reference to support 
manual labeling, not as an automatic target. The final target 
was a manually assigned developmental age based on MRI-
visible myelination patterns.

According to the source dataset publication, 85% of cases 
were labeled by a pediatric radiology fellow (T.A.D.; 5 years 
of general and 2 years of pediatric radiology experience), with 
complex cases reviewed by a pediatric neuroradiologist (N.L.; 
7 years of general and 4 years of adult and pediatric neurora-
diology experience). The remaining 15% was independently la-
beled by a pediatric neuroradiologist (R.A.T.; 9 years of general 
and 5 years of adult and pediatric neuroradiology experience) 
and the pediatric radiology fellow (T.A.D.) for inter-rater re-
liability assessment, both blinded to clinical information and 
follow-up data [30].

For descriptive summarization, subjects were grouped into six 
developmental stages based on pediatric neurodevelopmental 
milestones [33]: Neonate (0–1 months), Early Infant (1–3 months), 
Mid Infant (3–6 months), Late Infant (6–12 months), Early 
Toddler (12–18 months), and Mid Toddler (18–24 months). These 
developmental stage categories were introduced for descriptive 
summarization of cohort characteristics and age-wise interpre-
tation only. Model training used continuous developmental age 
labels.

2.4   |   Image Preprocessing and Generation 
of Ratio Images

The preprocessing pipeline is illustrated in Figure  1 and con-
sisted of four sequential steps: (1) inter-modality registration, (2) 
brain extraction and bias correction, (3) template-space normal-
ization, and (4) voxel-wise RI generation.

First, T2w images were linearly registered to their corresponding 
T1w images using FSL's FLIRT tool [34, 35]. Second, brain ex-
traction was applied to both modalities using FSL's BET and FAST 
tools to isolate brain tissue for subsequent intensity-based analy-
ses, which also supported patient de-identification [36–38]. Bias 

Plain Language Summary

Assessing brain development in infants is critical for early 
detection of developmental delays. This study developed 
a deep learning model that estimates infant brain age 
from MRI by combining two standard scan types into a 
ratio image highlighting myelin, the insulating coating 
around nerve fibers that increases as the brain matures. 
Trained on 629 infants aged 0–24 months, the model pre-
dicted developmental age with a mean error of approxi-
mately 1.5 months. Attention maps confirmed the model 
focused on regions known to undergo early myelination. 
This approach showed consistent performance across two 
different scanners and may support objective monitoring 
of infant brain maturation.

https://www.nora-imaging.com/
https://www.nora-imaging.com/
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correction was then conducted in FSL, assuming that white mat-
ter voxels have uniform intensity and that low-frequency intensity 
variations represent image artifacts. Third, to control for age-
related variations in head size, all images were affinely registered 
to an 18-month-old pediatric brain template obtained from a pub-
licly available repository (https://zenodo.org/record/8055666) [30].

Fourth, the T1w/T2w ratio was generated only after registration, 
brain extraction, and bias correction to reduce inter-modality 
intensity inconsistency and low-frequency intensity variation 
before voxel-wise ratio computation. The final T1w/T2w ratio 
image (RI) was calculated by voxel-wise division of the prepro-
cessed T1w image by the T2w image (RI = T1w/T2w) [15, 24]. 
To mitigate excessive skewness in the RI distribution caused 
by inter-modality intensity differences, outlier values above 
the 98th percentile—identified using kernel density estimation 
(KDE)—were removed to stabilize the distribution. The derived 
RI then served as the input to the 3D CNN model. The same 
preprocessing pipeline was applied to the external validation 
cohort.

2.5   |   Model Architectures and Training

Deep learning architectures for infant BAE were evaluated 
using different modality combinations (T1w, T2w, T1w+T2w, 
RI, and T1w+T2w+RI). The study comprised two stages: (1) 
benchmarking both generic CNN baselines and brain-age–
specific models under various modality combinations, and (2) 
exploring biologically informed architectural modifications. 
Three representative brain-age–specific architectures were se-
lected based on their ability to directly process volumetric 3D 
MRI inputs without dimensionality reduction and their estab-
lished use as standard baselines in previous BAE studies.

2.5.1   |   Baseline and Brain Age-Specific Models

To examine the effect of input modality on predictive per-
formance, nine representative 3D CNN architectures were 
evaluated, comprising six generic CNN baselines (BasicCNN, 
CBR-tiny [39], DenseNet [40], EfficientNet [41], ResNet vari-
ants [42], U-Net encoder [43]) and three brain-age–specific 
models (SFCN [25], AgeNet [26], ChenNet [9]). Each model 
was trained on different modality combinations to assess 
how T1w, T2w, and RI contribute to BAE. To ensure that 
the observed performance was not dependent on a single 
high-capacity architecture, models spanning a wide range of 
parameter scales were evaluated, from very lightweight net-
works (e.g., CBR-tiny, ~0.08 M parameters) to larger residual 
networks (e.g., ResNet-18, ~34 M; ResNet-34, ~64 M param-
eters). Detailed architectural specifications and parameter 
counts are provided in Tables S3 and S5.

2.5.2   |   Biologically Informed Multi-Task Model With 
Structural Priors

The proposed model is a biologically informed multi-task 3D 
CNN that performs BAE alongside white matter segmentation 
and RI reconstruction. This architecture is designed to integrate 
structural knowledge of neurodevelopment—particularly my-
elination—into the learning process. Age regression remained 
the primary objective of the model, whereas the segmentation 
and reconstruction branches were introduced as auxiliary tasks 
to guide the shared encoder toward biologically meaningful rep-
resentations relevant to myelination.

FIGURE 1    |    Schematic overview of the RI construction process. Key 
preprocessing steps are illustrated using sample data from a represen-
tative infant. Steps performed in the native image space are marked in 
light gray, while those conducted in the template space are indicated in 
light green.

https://zenodo.org/record/8055666
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As shown in Figure 2, the model consists of a shared encoder 
based on a 3D ResNet18 backbone. The encoder features are 
extracted from multiple stages (e.g., layer3 to layer6), and the 
pooled feature vectors are passed to parallel shallow regressors. 
The intermediate age predictions from these regressors are then 
averaged to obtain the final age estimate. This multi-scale pre-
diction strategy allows the model to capture both early-stage 
(local) and later-stage (global) developmental cues without the 
need for explicit deep supervision.

To incorporate biologically relevant constraints, the model 
includes two decoder branches. The white matter segmen-
tation decoder predicts Infant FreeSurfer–derived white 
matter masks using skip connections from corresponding en-
coder layers, encouraging the encoder to learn features from 
myelination-relevant regions undergoing age-dependent struc-
tural change [44]. The reconstruction decoder reconstructs the 
RI input from the latent features, regularizing the encoder by 
preserving modality-specific signal patterns. Together, these 
auxiliary tasks serve as anatomical and structural priors, 
guiding the encoder toward neurodevelopmentally relevant 
representations.

2.5.2.1   |   Loss Function.  The model was trained with a com-
posite loss combining three weighted components: age prediction 
loss (age), white matter segmentation loss (seg), and RI reconstruc-
tion loss (recon), defined as total = �ageage + �segseg + �reconrecon.   
age was computed as the mean squared error (MSE) between 
the predicted and ground-truth ages, where the prediction was 
obtained as a weighted sum of multi-scale predictions from inter-
mediate encoder layers. seg was defined as a weighted combi-
nation of binary cross-entropy and Dice loss (� = 0.5) to balance 
pixel-wise accuracy with spatial overlap. recon was computed 
as the MSE between the reconstructed and original RI volumes. 
Hyperparameters and multi-scale layer-wise weights were deter-
mined empirically through grid search to balance the three 

objectives [45]; the specific values used for each ablation variant 
are detailed in Section  2.5.3. Detailed mathematical formula-
tions and optimization settings are provided in the Supporting 
Information S1.

2.5.3   |   Ablation Setting and Loss Weighting

For ablation experiments, loss weights were standardized: when 
only one auxiliary task (Seg or Recon) was enabled, its weight 
was set to 1 (the other to 0) with �age fixed at 1; in weighted vari-
ants, the emphasized auxiliary objective received � = 10. Multi-
scale models used a decaying layer-wise schedule (1, 0.6, 0.3, 0.1).

2.6   |   Statistical Analysis

Model performance was assessed using mean absolute error 
(MAE), root mean squared error (RMSE), coefficient of deter-
mination (R2), and Pearson's (r) and Spearman's (�) correlation 
coefficients. Five-fold cross-validation was performed on the 
626 typically developing infants, with each fold containing 125 
test subjects and the remaining subjects split 3:1 (376/125) into 
training and validation sets. The procedure was repeated with 
two random seeds, yielding ten independent evaluations per 
modality. Three abnormal cases were reserved for qualitative 
case review.

Performance comparisons across modalities used parametric 
(t-test) and non-parametric (Mann–Whitney U) tests, with one-
way ANOVA for group-level analyses, and effect sizes computed 
using Cohen's d with 95% confidence intervals. In the external 
validation cohort, subject-level absolute prediction errors were 
compared using the Wilcoxon signed-rank test with Bonferroni 
correction. Statistical significance was defined as p < 0.05, with 
results visualized as − log10(p) values.

FIGURE 2    |    Overview of the proposed multi-task model architecture. A shared 3D ResNet18 encoder extracts multi-scale features from the input 
RI. The model jointly performs brain age estimation, white matter segmentation, and RI reconstruction, using the auxiliary tasks to provide anatom-
ical and structural regularization.
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2.7   |   Model Interpretability Analysis

For qualitative interpretation, Grad-CAM was used to visualize 
the spatial attention of the network [46]. For display purposes, 
pseudo-color images were generated by summing the available 
modality channels for each input configuration. Grad-CAM was 
then obtained for the corresponding model outputs and visual-
ized across three convolutional layers (Conv1–3). Depending on 
the experimental setting, the model received single-, dual-, or 
multi-channel inputs.

3   |   Results

3.1   |   Cohort and Label Characteristics

Table  1 summarizes the distribution of cases across develop-
mental stages, including the frequency and magnitude of pre-
maturity correction (Prem Corr) and manual age adjustment by 
radiologists (Doc Adj). In the full cohort, 4.13% of subjects had 
corrected ages differing from their chronological age, and 3.33% 
had manual age adjustments differing from the recorded age. 
Although the average magnitude of these corrections was small 
(< 0.3 months), both Prem Corr and Doc Adj were more frequent 
in the Neonate and Early Infant stages.

3.2   |   Qualitative Age-Dependent Changes in T1w/
T2w Ratio Images

The behavior of RI across developmental stages was examined in 
Figure 3. Representative axial slices from neonates (0 month), in-
fants (2, 5, 10 months), and toddlers (15 and 22 months) are shown, 

highlighting both central and marginal white matter regions. 
Early in development, gray-white contrast was limited in both T1w 
and T2w images, resulting in low signal in RI. With increasing 
age, white matter becomes brighter on T1w and darker on T2w, 
and RI contrast increased, particularly in central white matter. 
This pattern is consistent with the known spatiotemporal pattern 
of myelination, where central projection fibers mature earlier than 
peripheral association fibers [12]. The RI therefore showed age-
dependent signal changes across developmental stages.

3.3   |   Quantitative Evaluation

3.3.1   |   Effect of Input Modality on Model Performance

All error-based metrics are reported in months unless otherwise 
specified. Table 2 summarizes model performance across input 
modality combinations for the evaluated architectures. In the 
baseline CNN models, RI showed the lowest MAE in BasicCNN 
(1.371 ± 0.251), ResNet18 (1.304± 0.176), ResNet34 (1.377 ± 0.185), 
ResNet50 (1.324 ± 0.150), U-Net (1.537 ± 0.291) and ChenNet 
(1.306 ± 0.208). Among the brain-age-specific models, the lowest 
MAE was observed with T1w+T2w+RI in SFCN (1.356±0.165) 
and AgeNet (1.622 ± 0.291). Overall, RI alone showed the lowest 
error in several baseline models, whereas T1w+T2w+RI showed 
the lowest error in some brain-age–specific models.

3.3.2   |   Analysis of the RI-Based Model

To further examine the RI-based setting, prediction performance 
was analyzed using the ResNet18 backbone, which showed 
the lowest MAE among the evaluated baseline CNN models 
under the RI input condition (1.304 ± 0.176). As illustrated in 
Figure 4A, the RI-based predictions were closely aligned with 
the reference values, and the residuals were centered near zero 
with a narrower spread than those of the other input settings. 
This is consistent with Table 2, where RI also showed the low-
est RMSE (1.842 ± 0.246) and the highest R2 (0.944 ± 0.013), r 
(0.973 ± 0.007), and � (0.968 ± 0.006).

3.3.3   |   Statistical Comparison Across Modalities

To assess the impact of input modality on model performance, 
mean performance averaged across all evaluated models is sum-
marized in Table 3a, and the corresponding statistical compari-
sons are presented in Table 3b and Figure 4B. One-way ANOVA 
showed significant modality effects for MAE (F = 18.49), RMSE 
(F = 6.73), r (F = 9.00), and � (F = 11.17), whereas the modality 
effect for R2 was not significant (F = 1.27, p = 0.250). At the mo-
dality level, RI showed the lowest mean MAE (1.489 ± 0.302) 
and RMSE (2.103 ± 0.369). RI and T1w+T2w+RI showed similar 
performance, with MAEs of 1.489 ± 0.302 and 1.498 ± 0.313 and 
RMSEs of 2.103 ± 0.369 and 2.142 ± 0.387, respectively. RI also 
showed the highest mean r (0.966 ± 0.012) and � (0.961 ± 0.014), 
whereas T1w+T2w showed slightly lower values (0.960 ± 0.013 
and 0.956 ± 0.012, respectively).

Post hoc comparisons are summarized in Figure 4B(a,b), and 
the corresponding effect sizes are shown in Figure  4B(c). 

TABLE 1    |    Summary of developmental stages including sample 
sizes, frequencies and magnitudes of age corrections.

Stage N

Prem 
Corr 
(%)

Corr 
Diff 

(mon)

Doc 
Adj 
(%)

Doc 
Diff 

(mon)

Neonate 
(0–1 m)

160 5.62 −0.06 2.50 −0.02

Early 
infant 
(1–3 m)

46 13.04 −0.22 13.04 −0.22

Mid infant 
(3–6 m)

97 1.01 −0.03 3.03 −0.10

Late infant 
(6–12 m)

101 6.86 −0.15 5.88 −0.14

Early 
toddler 
(12–18 m)

107 2.78 −0.05 1.85 −0.05

Mid toddler 
(18–24 m)

115 0.00 0.00 0.00 0.00

Abbreviations: Corr Diff = average difference from chronological age due 
to prematurity correction (months); Doc Adj = radiologist adjustment; Doc 
Diff = average difference from chronological age due to radiologist adjustment 
(months); Prem Corr = prematurity correction.
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Significant differences were observed between RI and T1w, 
T2w, and T1w+T2w across most metrics, whereas no signif-
icant difference was observed between RI and T1w+T2w+RI 

for MAE (p = 0.712), RMSE (p = 0.344), R2 (p = 0.346), r 
(p = 0.237), or � (p = 0.281). Relative to RI, T1w and T2w 
showed moderate-to-large effect sizes across all metrics, 

FIGURE 3    |    Developmental progression in brain MR contrast across T1w, T2w, and RI modalities. Representative axial slices and Region of 
Interest (ROI) histograms illustrate signal evolution in central and marginal white matter from neonate to toddler stages. Signal intensities are dis-
played on a 0–1 normalized scale to facilitate visual comparison across modalities and regions.
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TABLE 2    |    Performance comparison of deep learning–based BAE models across input modalities. Results are shown for CNN-based (top) and 
age-specific (bottom) architectures, reported as mean±standard deviation over ten folds.

Model Modality MAE ↓ RMSE ↓ R2 ↑ r ↑ � ↑

CNN-based models

BasicCNN T1w 2.398 ± 2.327 3.375 ± 2.916 0.705 ± 0.613 0.951 ± 0.012 0.853 ± 0.300

T2w 1.598 ± 0.202 2.363 ± 0.307 0.908 ± 0.019 0.955 ± 0.010 0.953 ± 0.008

T1w+T2w 1.501 ± 0.193 2.305 ± 0.275 0.912 ± 0.018 0.958 ± 0.010 0.957 ± 0.007

RI 1.371 ± 0.251 2.027 ± 0.369 0.931 ± 0.023 0.968 ± 0.011 0.964 ± 0.008

T1w+T2w+RI 1.382 ± 0.201 2.092 ± 0.308 0.927 ± 0.018 0.964 ± 0.010 0.962 ± 0.003

CBR-tiny T1w 1.762 ± 0.197 2.378 ± 0.248 0.905 ± 0.020 0.953 ± 0.011 0.942 ± 0.016

T2w 1.636 ± 0.197 2.292 ± 0.290 0.912 ± 0.019 0.957 ± 0.009 0.954 ± 0.007

T1w+T2w 1.575 ± 0.329 2.250 ± 0.470 0.914 ± 0.035 0.959 ± 0.017 0.955 ± 0.011

RI 1.443 ± 0.146 2.002 ± 0.209 0.934 ± 0.010 0.970 ± 0.005 0.964 ± 0.005

T1w+T2w+RI 1.408 ± 0.151 1.997 ± 0.224 0.934 ± 0.012 0.969 ± 0.006 0.964 ± 0.004

DenseNet T1w 2.976 ± 1.277 3.898 ± 1.246 0.720 ± 0.242 0.858 ± 0.162 0.853 ± 0.186

T2w 2.439 ± 0.359 3.316 ± 0.458 0.816 ± 0.049 0.913 ± 0.030 0.905 ± 0.030

T1w+T2w 1.816 ± 0.330 2.492 ± 0.506 0.895 ± 0.038 0.951 ± 0.020 0.947 ± 0.018

RI 1.882 ± 0.343 2.489 ± 0.437 0.896 ± 0.034 0.952 ± 0.018 0.950 ± 0.014

T1w+T2w+RI 1.972 ± 0.457 2.653 ± 0.568 0.880 ± 0.050 0.946 ± 0.021 0.940 ± 0.019

EfficientNet T1w 1.897 ± 0.353 2.730 ± 0.503 0.875 ± 0.039 0.944 ± 0.015 0.946 ± 0.012

T2w 2.174 ± 0.480 3.048 ± 0.750 0.841 ± 0.083 0.927 ± 0.032 0.937 ± 0.016

T1w+T2w 1.605 ± 0.237 2.300 ± 0.332 0.912 ± 0.021 0.958 ± 0.009 0.958 ± 0.007

RI 1.603 ± 0.226 2.235 ± 0.249 0.917 ± 0.018 0.965 ± 0.008 0.963 ± 0.008

T1w+T2w+RI 1.599 ± 0.306 2.298 ± 0.371 0.912 ± 0.027 0.959 ± 0.012 0.959 ± 0.009

ResNet18 T1w 1.694 ± 0.245 2.460 ± 0.401 0.899 ± 0.026 0.950 ± 0.014 0.948 ± 0.016

T2w 1.531 ± 0.212 2.289 ± 0.289 0.913 ± 0.019 0.958 ± 0.009 0.957 ± 0.005

T1w+T2w 1.462 ± 0.222 2.112 ± 0.239 0.926 ± 0.015 0.966 ± 0.006 0.962 ± 0.006

RI 1.304 ± 0.176 1.842 ± 0.246 0.944 ± 0.013 0.973 ± 0.007 0.968 ± 0.006

T1w+T2w+RI 1.356 ± 0.157 1.968 ± 0.239 0.936 ± 0.013 0.970 ± 0.006 0.967 ± 0.005

ResNet34 T1w 2.073 ± 0.516 2.963 ± 0.584 0.851 ± 0.056 0.928 ± 0.030 0.928 ± 0.026

T2w 1.947 ± 0.411 2.741 ± 0.473 0.873 ± 0.041 0.941 ± 0.020 0.937 ± 0.019

T1w+T2w 1.486 ± 0.253 2.108 ± 0.389 0.925 ± 0.024 0.965 ± 0.011 0.958 ± 0.010

RI 1.377 ± 0.185 2.023 ± 0.291 0.932 ± 0.015 0.969 ± 0.005 0.966 ± 0.005

T1w+T2w+RI 1.450 ± 0.260 2.064 ± 0.380 0.928 ± 0.024 0.968 ± 0.010 0.963 ± 0.008

ResNet50 T1w 1.747 ± 0.221 2.583 ± 0.312 0.891 ± 0.025 0.947 ± 0.011 0.946 ± 0.008

T2w 1.541 ± 0.191 2.299 ± 0.349 0.912 ± 0.020 0.957 ± 0.010 0.953 ± 0.007

T1w+T2w 1.408 ± 0.142 2.056 ± 0.136 0.930 ± 0.006 0.966 ± 0.004 0.962 ± 0.005

RI 1.324 ± 0.150 1.903 ± 0.201 0.940 ± 0.010 0.972 ± 0.004 0.968 ± 0.004

T1w+T2w+RI 1.337 ± 0.233 1.980 ± 0.321 0.935 ± 0.017 0.968 ± 0.008 0.964 ± 0.006

(Continues)
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whereas the effect sizes for T1w+T2w were smaller and those 
for T1w+T2w+RI were negligible (|d| = 0.05–0.16). Although 
T1w+T2w showed a lower mean MAE than the single-
modality inputs, its mean r and � remained lower than those 
of RI (0.960 ±0.013 and 0.956 ± 0.012 vs. 0.966 ±0.012 and 
0.961 ± 0.014, respectively).

3.3.4   |   Ablation Study on Structural 
and Anatomical Priors

An exploratory ablation analysis was performed using stan-
dardized loss settings and a single random seed in Table  4. 
Compared with baseline ResNet18 (MAE 1.285), adding either 
a segmentation or reconstruction decoder alone reduced MAE 
to 1.265 and 1.246, respectively. Combining both auxiliary de-
coders (+Seg +Recon) yielded MAE of 1.258 with the highest 
� among single-scale variants (0.977). Multi-scale regression 
further improved performance: the reconstruction-weighted 
multi-scale model (+Reconb +Seg +Multi-scale) achieved the 
lowest MAE (1.203), lowest RMSE (1.696), highest r (0.979), 
and R2 of 0.954.

3.4   |   Qualitative Evaluation

3.4.1   |   Model Interpretability and Regional Importance

To examine model interpretability, Grad-CAM visualizations 
were generated for the ResNet18 model, which was selected as 
the top-performing baseline model. As shown in Figure 5A, the 
RI-only model showed more focal activation in periventricular 
white matter and the posterior limb of the internal capsule than 
the T1w- or T2w-only models.

Figure  5B shows activation in white matter regions across the 
axial, coronal, and sagittal views in a representative 16-month-old 
subject. Figure 5C summarizes age-dependent attention patterns 
using overlays of Grad-CAM from the eight lowest-MAE represen-
tative cases in each age group. Younger age groups showed rela-
tively diffuse and peripheral activation, whereas older age groups 
showed a greater concentration of activation in central white mat-
ter regions, including the corpus callosum and internal capsule.

Figure S1 shows similar modality-dependent attention patterns 
across additional representative cases from 2 to 15 months of 

Model Modality MAE ↓ RMSE ↓ R2 ↑ r ↑ � ↑

U-Net T1w 1.911 ± 0.495 2.695 ± 0.608 0.872 ± 0.068 0.938 ± 0.033 0.934 ± 0.027

T2w 1.808 ± 0.241 2.602 ± 0.330 0.888 ± 0.023 0.947 ± 0.011 0.938 ± 0.015

T1w+T2w 1.640 ± 0.345 2.364 ± 0.439 0.905 ± 0.034 0.954 ± 0.018 0.947 ± 0.016

RI 1.537 ± 0.291 2.176 ± 0.350 0.920 ± 0.028 0.964 ± 0.011 0.951 ± 0.021

T1w+T2w+RI 1.645 ± 0.291 2.291 ± 0.395 0.912 ± 0.027 0.960 ± 0.009 0.946 ± 0.016

Age-specific models

SFCN T1w 1.657 ± 0.245 2.447 ± 0.440 0.899 ± 0.035 0.955 ± 0.014 0.955 ± 0.012

T2w 1.401 ± 0.297 2.105 ± 0.421 0.926 ± 0.024 0.965 ± 0.012 0.963 ± 0.009

T1w+T2w 1.390 ± 0.136 1.984 ± 0.269 0.935 ± 0.014 0.969 ± 0.007 0.966 ± 0.007

RI 1.388 ± 0.190 2.028 ± 0.278 0.931 ± 0.017 0.969 ± 0.008 0.964 ± 0.009

T1w+T2w+RI 1.356 ± 0.165 1.958 ± 0.242 0.936 ± 0.013 0.971 ± 0.006 0.968 ± 0.004

AgeNet T1w 2.603 ± 0.786 3.499 ± 0.915 0.784 ± 0.124 0.895 ± 0.070 0.886 ± 0.060

T2w 2.144 ± 0.377 2.858 ± 0.453 0.864 ± 0.036 0.934 ± 0.019 0.921 ± 0.024

T1w+T2w 1.793 ± 0.361 2.481 ± 0.368 0.897 ± 0.029 0.951 ± 0.013 0.946 ± 0.018

RI 1.814 ± 0.375 2.479 ± 0.442 0.896 ± 0.036 0.951 ± 0.019 0.944 ± 0.021

T1w+T2w+RI 1.622 ± 0.291 2.231 ± 0.323 0.916 ± 0.025 0.961 ± 0.011 0.954 ± 0.008

ChenNet T1w 1.853 ± 0.432 2.622 ± 0.557 0.883 ± 0.046 0.947 ± 0.019 0.939 ± 0.018

T2w 1.512 ± 0.192 2.231 ± 0.296 0.918 ± 0.017 0.960 ± 0.008 0.958 ± 0.006

T1w+T2w 1.403 ± 0.166 2.151 ± 0.238 0.924 ± 0.012 0.963 ± 0.006 0.960 ± 0.005

RI 1.306 ± 0.208 1.927 ± 0.312 0.938 ± 0.019 0.970 ± 0.009 0.966 ± 0.009

T1w+T2w+RI 1.349 ± 0.218 2.032 ± 0.300 0.932 ± 0.015 0.968 ± 0.007 0.964 ± 0.005

Note: Bold indicates the best overall, and underlined values denote the best modality per model. Arrows (↓ = low is better; ↑ = high is better) indicate the direction of 
better performance.

TABLE 2    |    (Continued)
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age. Figure  S2 provides additional multi-view examples and 
Figure  S3 presents the individual cases underlying the age-
group overlays in Figure 5C.

3.4.2   |   Case Study: Myelin-Related 
Developmental Delay

Three subjects with myelin-related developmental abnormal-
ities were reviewed separately to qualitatively assess clinical 

relevance in atypical conditions. As shown in Figure  6A, RI-
based predictions were closest to the developmental ages in 
two of three cases: in intracerebral hemorrhage (developmental 
age 1 month), the RI prediction was 2.0 months versus 2.2–3.8 
for other modalities; in cerebral atrophy (developmental age 
12 months), T1w+T2w+RI (11.8) and RI (12.6) yielded the clos-
est estimates, while T1w, T2w, and T1w+T2w overestimated to 
14.4–14.9 months. Figure 6B shows the corresponding RI-based 
Grad-CAM visualizations, where activation appeared predomi-
nantly in deep and periventricular white matter regions rather 

FIGURE 4    |    (A) Comparison of ResNet18 performance across input modalities. Top: Ground truth vs. Predicted age. Bottom: Prediction error 
(Predicted—Ground truth) distributions estimated via KDE. (B) Statistical comparison of BAE performance across different MRI modalities using 
(a) independent t-test and (b) Mann–Whitney U  test, and (c) forest plots of effect sizes (Cohen's d with 95% confidence intervals) for pairwise compar-
isons between RI-based model and the other input modalities across evaluation metrics.
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than at the lesion itself, consistent with the age-dependent atten-
tion trend in Figure 5C.

3.4.3   |   External Validation

Figure  6C summarizes absolute prediction errors in the inde-
pendent external cohort across modality settings. The RI-based 
model showed the lowest MAE (1.16), followed by T1w+T2w+RI 
(1.68), T1w+T2w (2.03), T2w (2.09), and T1w (4.77). Pairwise 
comparisons of subject-level absolute prediction error were per-
formed using the Wilcoxon signed-rank test. Compared with RI, 
absolute prediction error was significantly higher for T1w, T2w, 
and T1w+T2w, whereas no significant difference was observed 
between RI and T1w+T2w+RI (p = 0.322). The T1w-based pre-
dictions showed the largest error and a marked tendency toward 
underestimation.

4   |   Discussion

In this study, the RI showed the best overall performance for 
infant developmental age estimation across the evaluated input 
settings. In an exploratory ablation analysis performed under 
a standardized single-seed setting, the biologically informed 

multi-task and multi-scale framework yielded additional nu-
merical improvement over the baseline. Together, these find-
ings suggest that the RI can serve as a maturation-sensitive 
contrast for MRI-derived developmental age estimation and 
that anatomically and structurally informed auxiliary supervi-
sion may further support learning of developmentally relevant 
image features.

4.1   |   Myelination-Aware Developmental Age 
Estimation

Early postnatal brain development is characterized by rapid, 
nonlinear, and spatially heterogeneous myelination [16, 20], 
with T1w/T2w-derived contrast reflecting age-related changes 
in major white matter structures during the first 6–9 months of 
life [20]. The present findings suggest that RI provides devel-
opmental information more closely aligned with myelination-
sensitive contrast than T1w or T2w alone. RI alone performed 
similarly to the three-channel input and consistently outper-
formed T1w, T2w, and T1w+T2w across most metrics, sug-
gesting that RI may provide a compact and developmentally 
informative representation by integrating complementary 
contrast from T1w and T2w images. The advantage of RI ex-
tended beyond absolute error to correlation-based metrics, 

TABLE 3    |    Comparison of model performance across input modalities (a) and one-way ANOVA results evaluating modality effects on each 
performance metric (b).

(a) Performance by input modality (b) ANOVA by Metric

Modality MAE ↓ RMSE ↓ R2 ↑ r ↑ � ↑ Metric
F-  

statistic p

T1w 2.055 ± 0.944 2.880 ± 1.134 0.844 ± 0.209 0.933 ± 0.061 0.921 ± 0.111 MAE 18.49 < 10−29

T2w 1.794 ± 0.434 2.559 ± 0.547 0.888 ± 0.049 0.947 ± 0.023 0.943 ± 0.022 RMSE 6.73 < 10−9

T1w+T2w 1.546 ± 0.291 2.238 ± 0.370 0.916 ± 0.027 0.960 ± 0.013 0.956 ± 0.012 R2 1.27 0.250

RI 1.489 ± 0.302 2.103 ± 0.369 0.925 ± 0.026 0.966 ± 0.012 0.961 ± 0.014 r 9.00 < 10−13

T1w+T2w+RI 1.498 ± 0.313 2.142 ± 0.387 0.922 ± 0.028 0.964 ± 0.012 0.959 ± 0.012 � 11.17 < 10−17

Note: Bold indicates the best overall value; underline indicates the second-best.

TABLE 4    |    Ablation study on the effect of auxiliary tasks and architectural variations in brain age prediction. The baseline ResNet18 (trained 
with a single seed) was extended with segmentation, reconstruction, and multi-scale regression tasks to evaluate their individual and combined 
contributions.

Model variant MAE ↓ RMSE ↓ R2 ↑ r ↑ � ↑

Baseline ResNet18 1.285 1.743 0.951 0.976 0.975

+ Segmentation Decoder 1.265 1.699 0.954 0.977 0.973

+Reconstruction Decoder 1.246 1.711 0.953 0.976 0.973

+Seg +Recon Decoders 1.258 1.744 0.951 0.977 0.977

+Sega +Recon +Multi-scale 1.223 1.732 0.952 0.976 0.974

+Reconb +Seg +Multi-scale 1.203 1.696 0.954 0.979 0.975

Note: The bold values indicate the best performance for each metric.
aSegmentation-weighted (�seg = 10).
bReconstruction-weighted (�recon = 10).
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indicating better reflection of the relative ordering of devel-
opmental progression. The consistency of this trend across 
architectures with substantially different parameter scales 
suggests that the observed advantage may reflect a property 
of the input representation rather than an effect specific to 
model size or cohort-specific memorization.

4.2   |   Interpretation in Delayed Myelination 
and External Validation

Case-level analysis further supports the biological plausibility of 
the RI-based framework. In two of three abnormal cases, RI-
based predictions were closest to the adjusted developmental 
age, whereas the tri-modal model performed best in the remain-
ing case. In the delayed myelination cases reviewed in this study, 
T1w+T2w tended to yield estimates closer to chronological age, 
whereas RI-based input more often produced estimates closer 
to developmental age; however, given the very small number of 
atypical cases, this observation should be interpreted cautiously. 
Grad-CAM visualizations also showed attention concentrated 
in myelination-relevant white matter regions rather than lesion-
centered or nonspecific features, supporting the interpretability 
of the model.

The external validation results provide preliminary support for 
the robustness of RI-based inputs when transferred to a scan-
ner from a different vendor. In the independent cohort acquired 
on a different vendor platform, the RI model yielded the low-
est prediction error among the evaluated modality settings, 
while no significant difference was observed between RI and 
T1w+T2w+RI (p = 0.322). These findings suggest that the per-
formance advantage of RI was not limited to the internal data-
set. Nevertheless, the external cohort was small and composed 
only of healthy infants, and recent clinical literature has empha-
sized that deep learning–based myelination age models still re-
quire dedicated validation in infants with delayed myelination 
and in routine local imaging settings [47].

4.3   |   Comparison with Prior Work

Prior studies of infant or pediatric BAE have primarily relied 
on conventional structural MRI inputs and general-purpose 
CNN architectures. Chen et al. reported accurate infant brain 
age prediction using T1w and T2w MRI with a task-specific 
3D CNN [9]. Akinci et al. demonstrated the feasibility of early-
life myelin maturation estimation using structural MRI in a 
clinical cohort [30]. More recently, Li et  al. highlighted the 

FIGURE 5    |    Grad-CAM visualizations using a standard colormap (red = high attention, blue = low attention), with colorbars indicating rela-
tive activation intensity. T1w and T2w intensities are displayed as z-score normalized arbitrary units (a.u.) corresponding to model input values, 
whereas the RI is unitless. (A) Attention maps from three convolutional layers, highlighting modality-specific differences in network focus. (B) 
Representative 16-month-old case shown in (a) axial, (b) coronal, and (c) sagittal views, illustrating spatial attention across layers. (C) Developmental 
attention trends across representative age groups, visualized as overlays of Grad-CAM from the eight lowest-MAE representative cases for each age 
group. The corresponding Supporting Information figures provide additional representative cases across ages (Figure S1), randomly sampled multi-
view examples (Figure S2), and the individual cases underlying the age-group overlays (Figure S3).
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value of biologically informed or attention-guided modeling 
strategies in developmental neuroimaging [48]. Building on 
these studies, the present work extends the literature in several 
ways. First, it systematically evaluates the RI as a myelination-
sensitive input contrast for infant developmental age estima-
tion. Second, it introduces a biologically informed multi-task 
framework combining age prediction with white matter seg-
mentation and RI reconstruction. Third, it compares multiple 
baseline and brain-age–specific architectures across several 
modality combinations. Finally, it supplements quantitative 
performance analysis with abnormal-case review, Grad-CAM 
visualization, and preliminary cross-vendor observation. 
Taken together, these contributions should be interpreted as 
methodological rather than definitive clinical advances; the 
present framework is intended to support objective MRI-based 
assessment of early brain maturation, not to establish diagnos-
tic utility for specific neurodevelopmental disorders.

4.4   |   Limitations

First, this was a retrospective study based on a single-center in-
ternal cohort acquired on one scanner vendor and field strength, 
which may have increased the risk of cohort-specific learning. 
The external validation cohort was small and included only 
healthy infants. This concern is amplified by the limited avail-
ability of large, diverse public infant MRI datasets, which con-
strains external benchmarking, independent replication, and 
fair comparison across methods. Broader multi-center valida-
tion across vendors, field strengths, and acquisition protocols, 
including both typically and atypically developing infants, re-
mains necessary.

Second, the target labels were based on expert visual assessment 
of myelination patterns, which remains dependent on expert 
interpretation despite being clinically meaningful for develop-
mental neuroimaging. In preterm infants, corrected gestational 
age was used only as a developmental reference and may not 
fully capture biological differences between extrauterine and in 
utero developmental trajectories [49, 50]. Inter-rater reliability 
was not quantitatively assessed.

Third, because the RI was derived from conventional weighted 
images, it may still be affected by acquisition-specific intensity 
scaling, prescan normalization, and residual field inhomogene-
ity despite preprocessing. Accordingly, RI should be interpreted 
as a practical myelination-sensitive surrogate contrast rather 
than a fully quantitative biophysical marker of myelin content.

Fourth, although the attention maps provided qualitative insight 
into regions contributing to prediction, they do not substitute 
for region-specific quantitative myelin measures and cannot by 
themselves establish causal biological mechanisms.

Finally, the auxiliary-task and multi-scale ablation results were 
exploratory: they were performed under a standardized single-
seed setting and provide supportive evidence regarding anatom-
ical and structural supervision rather than definitive evidence 
of superiority.

5   |   Conclusion

The T1w/T2w ratio, combined with a biologically informed 
multi-task deep learning framework, enabled accurate and 

FIGURE 6    |    (A) Comparison of model-predicted developmental ages across MRI modalities in three representative cases with myelin-related de-
velopmental abnormalities. (B) Representative T1w, T2w, RI, and Grad-CAM visualizations highlighting myelination-sensitive regions contributing 
to the prediction. (C) Distribution of prediction errors (Predicted—Ground truth) across MRI modalities in the external validation dataset. The red 
dashed line indicates perfect agreement between the predicted and true ages.
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interpretable estimation of MRI-derived developmental age in 
infancy. Because this approach relies on standard clinical MRI 
sequences, it may provide a practical and reproducible method 
for MRI-based assessment of early brain maturation.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Table S1: MRI Acquisition Parameters 
for the Internal and External Cohorts. Table  S2: General Training 
Configuration for Baseline Models. Table S3: Architecture Summary of 
Baseline Models. Table S4: Hyperparameter Search Space for Auxiliary 
Losses in the Multitask Model. Table S5: Parameter counts of evaluated 

CNN architectures. Figure S1: Additional representative Grad-CAM 
examples from 2 to 15 months across the five input settings (T1w, T2w, 
T1w+T2w, RI, and T1w+T2w+RI). For each age, one representative 
case is shown together with Grad-CAM from three convolutional layers. 
Across these age-matched examples, the RI-only model showed more 
focal attention in periventricular white matter and the posterior limb of 
the internal capsule than the T1w- and T2w-only models. The T1w+T2w 
model showed more localized activation than the single-modality in-
puts, and the T1w+T2w+RI model showed a spatial pattern similar to 
that of the RI-only model. These examples are provided to complement 
the representative cases shown in Figure  5A. Figure S2: Additional 
representative RI and Grad-CAM examples across the examined age 
range. For each age group, representative cases were randomly sam-
pled and shown individually in axial, coronal, and sagittal views using 
the RI image and the corresponding Grad-CAM. These supplementary 
examples are provided to show additional cases corresponding to the 
qualitative patterns illustrated in Figure 5B. Figure S3: Individual RI 
and Grad-CAM for the eight lowest-MAE cases in each age group. For 
each age group, the eight cases with the lowest prediction error (MAE) 
are shown individually using the RI image (top) and the corresponding 
Grad-CAM (bottom). These examples are provided to show the individ-
ual cases underlying the age-group overlays in Figure 5C. 
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