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Abstract. Subcortical brain alterations are a key feature of demen-
tia disease progression. Machine learning (ML) has been applied widely
to MRI-based brain features in dementia, where performance depends
on the model choice, training data size, and input feature characteris-
tics. Most studies compare ML models using a single training sample
size. Here, we evaluate the sample-size e�ciency of ML models based
on subcortical gross volume and vertex-wise shape features for demen-
tia stage classi�cation using 2,511 samples in the Alzheimer's Disease
Neuroimaging Initiative (ADNI). Learning curves were generated for de-
mentia vs. cognitively normal controls (CN), dementia vs. mild cognitive
impairment (MCI), and MCI vs. CN across increasing training sample
sizes. Classi�cation performance improved when increasing sample size
for all models, with late-fusion models consistently achieving the high-
est performance, and Logit-TVL1 outperforming the other shape-based
models. Learning curve analysis showed that classi�cation performance
was driven by the training sample size and the magnitude of anatomical
group di�erences, and can be used to optimize future model selection
tasks in dementia and other brain disorders.

Keywords: Brain Morphometrics · Big Data · Shape Machine Learning
· Sample Size.

1 Introduction

Subcortical brain alterations are an early sign of Alzheimer's disease (AD) and
related dementias [24, 12]. Identi�cation of individuals at risk of progression from
healthy aging to MCI and dementia can help to facilitate accurate diagnosis and
treatment plans. While gross volumetric brain measurements are commonly used
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[27, 11, 6, 5], more advanced surface-based and three-dimensional (3D) shape fea-
tures provide higher spatial resolution and can detect localized morphometric
changes to functionally distinct subregions of structures not captured by tradi-
tional brain volume estimates [16, 1, 10, 13, 2, 7]. Through �ner mapping, shape
analysis may better capture the link between pathophysiological brain changes
and di�erent illness phases, as in healthy aging, cognitive impairment, and de-
mentia [23].

Machine learning (ML) methods have been trained on brain shape features
for a variety of tasks, including diagnostic classi�cation [21, 20]. Linear models
are widely used as they are computationally e�cient, relatively interpretable,
and less prone to over�tting than more complex approaches when sample sizes
are limited. The high dimensionality of vertex-wise shape features relative to
available sample sizes requires the use of dimensionality reduction and regular-
ization techniques. Several approaches have been proposed to improve perfor-
mance in high-dimensional settings. Principal components analysis followed by
linear discriminant analysis (PCA-LDA) reduces dimensionality before classi�-
cation, Tikhonov-regularized linear discriminant analysis (LDA-Tikhonov) sta-
bilizes covariance estimation through regularization, and logistic regression with
Total Variation and L1 regularization (Logit-TVL1) incorporates sparsity and
spatial smoothness into the model [8, 3].

When determining the best ML model for a task, performance can depend
on the available training data size and the magnitude of anatomical group di�er-
ences. Most neuroimaging studies evaluate ML model performance using a single
training sample size and report the �nal classi�cation accuracy. This makes it
di�cult to determine model performance across di�erent training sample sizes,
especially as more complex models may eventually outperform simpler ones,
given enough training data [25]. As the scale of neuroimaging samples contin-
ues to grow through large-scale collaborative initiatives, such as the ENIGMA
Consortium [26], ADNI [22], UK Biobank [17], understanding how ML perfor-
mance changes with sample size can guide model selection and help estimate the
amount of data required to achieve reliable predictions.

Recent work showed that learning curves, which describe how model perfor-
mance changes with increasing training data, follows predictable scaling behavior
[25]. Under this scaling-law framework, the relative performance of ML models
is expected to depend on the model, the sample size, and the characteristics of
the underlying signal. Evaluating learning curves across di�erent training sample
sizes will improve ML model selection.

In this study, we test how training sample size in�uences ML classi�cation
of neurodegenerative disease diagnosis using MRI-derived subcortical brain vol-
ume and shape features. We tested three shape-based ML approaches (PCA-
LDA, LDA-Tikhonov, and Logit-TVL1) and late-fusion models, and compared
them with volume-based models. Classi�cation performance was tested for three
diagnostic comparisons: dementia versus cognitively normal controls (CN), de-
mentia versus mild cognitive impairment (MCI), and MCI versus dementia. We
�rst quanti�ed anatomical group di�erences using vertex-wise linear regression
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(Cohen's d e�ect size maps) and then evaluated model performance across a
range of training sample sizes. Learning curves were constructed by varying the
training sample size to test how predictive performance scaled with larger sam-
ple sizes. We hypothesized that: (1) classi�cation performance would improve
with increasing sample size for all models, (2) the rate of improvement would
di�er across diagnostic comparisons according to the magnitude of the group
di�erence, (3) model rankings would vary as a function of sample size, provid-
ing an empirical test of scaling-law predictions for volume-based, shape-based,
and fusion models, (4) fusion model will achieve the best performance as gross
volumetric measures provide a low-variance summary of global atrophy that
complements high-dimensional shape features and guides the regularized model.

2 Methods

2.1 Data and Preprocessing

Participant Demographics. 3D T1-weighted (T1w) volumetric brain MRI
scans from 417 individuals with dementia, 1156 with mild cognitive impairment
(MCI) and 932 cognitive normal (CN) participants collected from 63 Alzheimer's
Disease Neuroimaging Initiative (ADNI; http://adni.loni.usc.edu) sites were in-
cluded in the study. For each participant, the scan from the �rst visit was se-
lected. For participants enrolled in ADNI-GO or ADNI2, accelerated scans were
selected when both accelerated and non-accelerated acquisitions were available.
Participant demographics are summarized in Table 1.

Table 1. Demographic characteristics of participants in ADNI.

CN (N = 932) MCI (N = 1156) Dementia (N = 417)

Age Mean (SD) 72.1 (6.7) 72.7 (7.6) 74.8 (7.8)
Sex (M/F) 399/533 666/490 233/184
MMSE score Mean (SD) 29.0 (1.1) 27.6 (1.8) 23.1 (2.1)
CDR-SB score Mean (SD) 0.04 (0.14) 1.51 (0.92) 4.37 (1.87)

Gross Subcortical Volume Processing. Gross bilateral volumes were ex-
tracted from seven regions (hippocampus, amygdala, caudate, putamen, pal-
lidum, thalamus, and nucleus accumbens) using FreeSurfer (v7.1.1).

Subcortical Shape Processing. The ENIGMA Subcortical Shape Pipeline [4,
14, 15] uses FreeSurfer subcortical volumes to derive a shape feature from seven
bilateral subcortical shape models. These standardized shape features have been
used in the largest analyses across a range of brain disorders from the ENIGMA
Consortium [1, 10, 13, 2, 7]. Brie�y, the geometry of each subcortical structure is
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represented by a 3D triangular surface mesh, which is registered to the ENIGMA
shape template via the Medial Demons Algorithm [9]. The alignment is optimized
through medial model �tting as well as intrinsic shape characteristics. Once
correspondence is established, a local thickness shape feature is calculated at
each vertex:

Radial distance (RD). The local �thickness� of a structure is characterized by
RD, a vertex-wise measure derived from the minimum Euclidean distance be-
tween the surface and its medial curve c(t). For each surface vertex p ∈ M , the
radial distance is de�ned as:

D(p) = min ∥c(t)− p∥, t ∈ [0, 1] (1)

2.2 Group Di�erence E�ect Size Estimates

Linear Mixed-E�ect Model. To quantify gross volume and shape di�erences
between diagnostic groups, and provide a statistical reference for interpreting ML
performance and learning-curve behavior across diagnostic tasks, linear mixed
model regression (LME) models were used adjusting for age, sex, intracranial
volume (ICV), and scan site. Partial Cohen's d e�ect sizes were computed for
each vertex-wise feature from the t-statistic for the diagnosis contrast [19]. Shape
features were adjusted for covariates using a linear mixed e�ect model:

Yi = β0 + β1Agei + β2Sexi + β3ICVi + (1 | bSite(i)) + εi (2)

Where Yi denotes for participant i, Age represents age at scan, Sex denotes
biological sex, ICVi indicates intracranial volume, (1 | bSite(i)) models random
e�ect from site di�erence, and εi is the residual error term.

Linear Regression with ComBat-GAM. To adjust for potential site con-
founds (e.g., scanner �eld strength, acquisition protocol, etc.) we applied vertex-
wise ComBat-GAM harmonization, a widely used extension of ComBat preserv-
ing non-linear age e�ects. We applied ComBat-GAM to the RD shape features
using our Brain Geometry Toolkit [14, 15]. ComBat-GAM corrected shape fea-
tures were also analyzed to investigate Cohen's d e�ect sizes across data stan-
dardization techniques while adjusting for covariates using a linear regression
model.

2.3 Machine Learning Models

Volume-Based Baseline Model. As a baseline for comparison with shape-
based ML models, bilateral gross subcortical volumes were used as input features
for a linear discriminant analysis (LDA) model.



Sample Size E�ciency for Neurodegenerative Disease Classi�cation 5

Shape-Based Machine Learning Models. To evaluate the relationship be-
tween sample size and predictive performance, we implemented three linear
shape-based ML models that di�er in feature representation and regularization:
PCA-LDA, Tikhonov-regularized LDA (LDA-Tikhonov), and logistic regression
with Total Variation and L1 regularization (Logit-TVL1).

PCA-LDA. PCA-LDA reduces the dimensionality of the vertex-wise shape fea-
tures prior to classi�cation. PCA was applied to the training data to obtain a
low-dimensional orthogonal representation of the original shape features. Prin-
cipal components were estimated exclusively within each training fold, and the
retained components explained a prede�ned proportion of the total variance. The
reduced feature representation was then classi�ed using LDA, which identi�es
a linear projection that maximizes between-class variance relative to within-
class variance. By restricting the model to the dominant principal components,
PCA-LDA emphasizes low-rank structure while reducing the in�uence of noise
in high-dimensional feature spaces.

LDA-Tikhonov. Unlike PCA-LDA, the LDA-Tikhonov method operates directly
on the original vertex-wise shape features. Classical LDA requires inversion of
the within-class covariance matrix, which can become unstable when the number
of features approaches or exceeds the number of training samples. Tikhonov
regularization improves numerical stability by shrinking the covariance matrix
toward the identity matrix,

Σreg = Σ + λI (3)

where Σ is the empirical covariance matrix, I is the identity matrix, and λ is the
regularization parameter. This regularization reduces the in�uence of unstable
covariance estimates while preserving the linear discriminant framework.

Logit-TVL1. Logistic regression with combined Total Variation (TV) and L1
regularization (Logit-TVL1) was used to incorporate sparsity and spatial regu-
larization into the model. Model parameters were estimated by minimizing the
logistic loss function with combined L1 and TV penalties. The optimization
objective can be expressed as:

ŵ = argmin
w

[L(w) + λl1∥w∥l1 + λTV ∥w∥TV ] (4)

where L is the logistic loss, ∥w∥l1 is the L1 penalty promoting sparse solutions,
and ∥w∥TV is the total variation penalty encouraging spatially contiguous coef-
�cient patterns.

The L1 penalty promotes sparse solutions, whereas the TV penalty encour-
ages neighboring vertices to have similar weights. This formulation allows the
model to identify distributed shape patterns while maintaining interpretability.
Compared to PCA-LDA and LDA-Tikhonov, Logit-TVL1 explicitly incorporates
spatial information into the regularization of the model while retaining a linear
decision boundary.
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Shape-Volume Fusion Models. To assess whether conventional volumet-
ric measures improve the sample-size e�ciency of shape-based models, we also
tested late fusion shape-volume models. Shape-based and volume-based models
were trained independently, and their predictions were combined using a logistic
regression meta-classi�er. The meta-classi�er learned the relative contribution of
the shape- and volume-based predictions to generate the �nal classi�cation prob-
ability. All model training and fusion were performed within the cross-validation
framework to maintain independence of the test data.

2.4 Diagnostic Classi�cation Tasks

Learning curves were computed separately for the three pairwise diagnostic clas-
si�cation tasks representing di�erent stages along the healthy aging to dementia
continuum: (1) dementia vs. CN, (2) dementia vs. MCI, and (3) MCI vs. CN.
These comparisons were selected to re�ect di�erent levels of disease severity and
expected classi�cation di�culty.

Dementia vs. CN classi�cation represents the largest expected e�ect size and
therefore serves as a relatively high-signal classi�cation problem. In contrast,
MCI vs. CN and dementia vs. MCI involve more subtle morphological di�er-
ences between groups, and are expected to require larger sample sizes to achieve
comparable ML performance. Learning curves were estimated independently for
each diagnostic comparison to test whether scaling behavior di�ered as a func-
tion of disease stage and classi�cation di�culty.

2.5 Learning Curve Analysis

To test the relationship between sample size and classi�cation performance, we
performed a systematic learning curve analysis using subsampling ratios of 6.5%,
12.5%, 25%, 50%, 75%, and 100% of the available training data (70% of total
sample), while leaving out 30% of total sample for independent test samples.
Training and test data were divided randomly while preserving class propor-
tions, and this procedure was repeated with 5 random draws. Learning curves
were generated for PCA-LDA, LDA-Tikhonov, and Logit-TVL1 to evaluate how
predictive performance scaled with increasing amounts of training data.

Subsampling Procedure. Bootstrapped resampling with 5 repeated random
draws (iteration=500) was used at each sample size to reduce variability from
a single random sampling and obtain robust estimates of model performance.
For each bootstrap iteration, models were trained on the sampled training data
and evaluated on the independently held out test data. Performance metrics
were averaged across all bootstrap iterations and random draws. Variability was
quanti�ed using the distributions obtained from the bootstrap samples.



Sample Size E�ciency for Neurodegenerative Disease Classi�cation 7

Cross-Validation. Model performance was evaluated using 3-fold strati�ed
cross-validation within each subsampled dataset. Dimensionality reduction and
hyperparameter optimization were performed within the training folds. PCA
components were selected from 10�100 components (n = {10, 20, 30, 40, 50, 75, 100}),
while Tikhonov alpha ranged from 10�105 using approximately logarithmic in-
crements. Logit-TVL1 parameters were searched on logarithmic scales over L1
= 10−3�102, L2 = 102�104, TV = 10−3�101. Test data remained completely
independent throughout model training and parameter selection.

Evaluation Metrics. We used the area under the receiver operating charac-
teristic curve (AUC) as a threshold-independent measure of classi�cation per-
formance for the study. For each sample size, the mean and standard error of
each metric were calculated across all bootstrapped samples.

Statistical Analysis. We compared AUC metrics of shape and fusion models to
volume models using the paired bootstrap samples at each subsampling fraction
for each task using a t-test. Statistical signi�cance was established using false
discovery rate (FDR, q < 0.05) to correct for multiple comparisons.

3 Results

3.1 Gross Volume Group Di�erences

Those with dementia showed a pattern of smaller volumes across all seven subcor-
tical regions except for lateral ventricles, which showed larger volumes compared
to CN. This pattern was observed in the other group comparisons (dementia vs.
MCI and MCI vs. CN), though caudate and globus pallidus were not signi�cantly
di�erent after FDR correction for multiple comparisons.

3.2 Subcortical Shape Group Di�erences

Those with dementia showed a widespread pattern of lower thickness across most
structures compared to MCI and CN (Fig. 2). While hippocampus, amygdala,
and accumbens all showed primarily thinner patterns in dementia and MCI, the
thalamus, caudate, putamen, and pallidum showed more complex shape alter-
ations, including patches of locally greater (thicker) radial distance in those MCI
or dementia compared to CN. LME models adjusting for site as a random e�ect
showed a pattern of larger maximum e�ect sizes compared to models run on
ComBat-GAM adjusted shape features.

3.3 Learning Curve Analysis

Learning curves for each shape-based ML model are shown in Fig. 3. For the
three models, and across all diagnostic tasks, classi�cation performance increased
with training sample size.
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Fig. 1. Cohen's d e�ect size estimates from gross subcortical volumetric analysis using
linear mixed-e�ects models (LME) adjusting for age, sex, intracranial volume (ICV),
and scan site, and regression models based on ComBat-GAM adjusted gross volume
features. All models were adjusted for age, sex and ICV. All signi�cant group di�erences
(*asterisk) were adjusted for multiple comparisons using the false discovery rate (FDR)
(q < 0.05).

Fig. 2. Cohen's d e�ect size maps for diagnostic group comparisons using both linear
mixed-e�ects models (LME) accounting for site as a random e�ect, and regression mod-
els based on ComBat-GAM adjusted RD shape features. All models were adjusted for
age, sex, and intracranial volume (ICV). Warmer (red/yellow) colors indicate greater
RD (thickness) and cooler colors (blue/green) indicate lower RD after FDR correction
(q < 0.05) for multiple comparisons. Gray regions indicate vertices not passing statis-
tical signi�cance.
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Fig. 3. Learning curves are shown (as piecewise linear approximations) for shape-based
machine learning (ML) models across three diagnostic classi�cation tasks (dementia vs.
CN, dementia vs. MCI, and MCI vs. CN). Average AUC is shown as a function of the
number of training subjects where error bars represent standard deviations across the
100 bootstrapped iterations and 5 subsample sizes used for repeated random draws
(see detailed methods). Symbols indicate statistically signi�cant di�erences between
shape-based, fusion and volume-based models following FDR corrected t-tests (adjusted
p < 0.05).

Learning Curves Across Diagnostic Tasks. In the dementia vs. CN task,
all models achieved relatively high AUC values even at small training sample
sizes (AUC=0.72-0.90). Performance increased modestly as additional data were
added within this sample range. The dementia vs. MCI classi�cation showed
intermediate performance among diagnostic classi�cations, with AUC values
increasing gradually across the evaluated sample sizes (AUC=0.63-0.75). The
MCI vs. CN classi�cation was the most challenging task as all models achieved
comparatively lower AUC values (AUC=0.60-0.68) compared to other tasks, es-
pecially at the smallest training sample size, and performance only increased
modestly as additional subjects were included.

Comparison of Shape-Based and Late-Fusion Models Relative to the

Volume-Based Model. Although the three models exhibited similar learn-
ing trajectories, di�erences in performance were observed for speci�c diagnostic
classi�cations across certain ranges of training sample sizes (Fig. 3). Among the
shape-based models, LogitTVL1 achieved the highest numerical AUC, especially
for dementia vs. CN and dementia vs. MCI tasks. For MCI vs. CN classi�cation,
all three shape-based models showed comparable performance with overlapping
con�dence intervals. Compared with the shape-based models, the volume-based
model generally demonstrated superior classi�cation performance.

Late fusion models numerically outperformed both shape-based and gross
volume-based models at all training sample sizes and across all diagnostic tasks.
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For the dementia vs. CN classi�cation, LogitL1TV-LateFusion achieved the high-
est AUC at smaller sample sizes, whereas PCA-LDA-LateFusion became the
best-performing model at the two largest sample sizes, reaching an AUC of 0.91.
For the dementia vs. MCI classi�cation, LogitL1TV-LateFusion ranked �rst for
�ve of the six evaluated sample fractions, indicating robust performance across
varying amounts of training data. For the MCI vs. CN classi�cation, PCA-LDA-
LateFusion consistently achieved the highest AUC for all but the smallest sample
size, where LogitL1TV-LateFusion showed a marginal advantage.

4 Discussion

In this study, we compared the sample-size e�ciency of three shape-based,
volume-based, and late-fusion ML models for dementia stage diagnosis based
on subcortical brain morphometry. As expected, classi�cation performance im-
proved with larger training sample sizes for all models, supporting the general
expectation that larger neuroimaging samples improve predictive accuracy. The
rate of performance improvement depended more on the task (and underlying
diagnostic e�ect size) than on the model choice. Dementia vs. CN, which showed
the largest Cohen's d group di�erences, consistently achieved the highest AUCs
and approached performance saturation with relatively modest sample sizes.
In contrast, MCI vs. CN showed slower improvement with increasing sample
size, consistent with smaller gross volume and shape di�erences between groups.
These results show that larger underlying feature e�ect sizes will require fewer
training subjects to reach stable performance, while those with smaller e�ects
can continue to bene�t from additional training data. This pattern is consistent
with scaling-law behavior, in which predictive performance depends jointly on
signal strength and sample size rather than model architecture alone.

Among shape models, LogitL1TV generally achieved the highest perfor-
mance, particularly at smaller training sample sizes. The largest advantage was
observed for the dementia vs. MCI classi�cation, where LogitL1TV outperformed
LDA-Tikhonov at the two smallest training sample sizes. However, these di�er-
ences became progressively smaller as additional training data were incorporated,
suggesting that the bene�t of the TV-L1 regularization is greatest in data-limited
settings. Despite these di�erences, the improvements associated with model se-
lection were smaller than those achieved by incorporating volumetric information
through late fusion, showing that feature representation had a greater impact
on classi�cation performance than the model selection.

The advantage of LogitTVL1 may re�ect di�erences in how the three mod-
els regularize high-dimensional shape features. Tikhonov regularization shrinks
model weights independently but does not explicitly model the spatial coher-
ence of the underlying anatomy. In contrast, TV-L1 regularization combines
sparsity with spatial smoothness, encouraging neighboring vertices to receive
similar model weights while suppressing isolated noisy features. Such a prior
is well matched to neurodegenerative conditions such as Alzheimer's disease,
where pathological changes generally extend across contiguous anatomical re-
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gions. Despite this advantage, the improvement provided by TV-L1 over the
LDA-based approaches was modest. All three methods ultimately learn linear
decision boundaries from the same underlying shape measurements, di�ering
only in how those measures are represented and regularized, which may explain
why model performance was in�uenced more by the magnitude of subcortical
group di�erences than by model choice.

The LDA gross volume model outperformed the shape-based models across
diagnostic tasks. One possible reason for this is that shape models estimate thou-
sands of correlated vertex-wise features under regularization, which makes them
more prone to estimation variance and attenuation of the dominant discrimi-
native signal in limited sample settings. In contrast, gross volume provides a
compact, low-variance summary of the dominant atrophy pattern that is more
statistically e�cient to learn.

Late fusion consistently provided the highest performance across tasks and
training sample sizes. This suggests that shape and gross volume features can
provide complementary information for improving dementia diagnostic accuracy.
Whereas gross volume captures the dominant atrophy pattern, shape features
contribute additional complex deformation signals (see Fig. 2 where dementia
was associated with thinner and thicker alterations compared to MCI and CN).

Several limitations to the current analysis should be considered: First, this
study focused on classi�cation tasks with relatively large and spatially coherent
anatomical alterations, which are well studied from the ADNI cohort. Future
work should examine conditions with di�erent spatial patterns, including subtler
brain e�ects (psychiatric disorders [10, 13]) or more localized alterations (Hunt-
ington's disease [18]), to determine whether the learning behavior observed in
this study generalizes to other illness-related brain signatures. Validation using
independent external datasets is also needed to assess the generalizability of
these �ndings across cohorts, populations, and imaging acquisition settings. Sec-
ond, we evaluated only three linear shape-based classi�cation models. Greater
di�erences in scaling behavior may emerge when linear shape-based methods are
compared with nonlinear or deep representation-learning approaches, especially
across larger ranges of sample sizes. Finally, our analyses were limited to vertex-
wise radial distance (local thickness) features from subcortical structures. Other
shape features, subcortical surface deformation measures, cortical surface rep-
resentations, and multimodal imaging metrics (e.g., white matter connectivity,
functional MRI) may exhibit di�erent scaling attributes.

In summary, learning curve analysis provides a useful framework for evalu-
ating the scaling behavior of shape-based ML models. By characterizing perfor-
mance across di�erent sample sizes and classi�cation tasks, learning curves can
guide model selection according to both available data and the magnitude of
anatomical di�erences between groups.

Ethics and Data Availability Statement. All centers participating in ADNI
received approval from their respective Institutional Review Boards (IRBs) and
met ADNI requirements. Informed consent was obtained from all participants
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prior to study participation. The publicly available ADNI datasets for this
study can be found in the ADNI o�cial website, for further details please see
https://adni.loni.usc.edu.

Requirements and Code Availability. Experiments were performed on an
Intel(R) Xeon(R) CPU E5-2665 with 755 GB of memory running Linux. The
scripts used for this paper will be included in the Brain Geometry Toolkit (v1.1)
which is compatible with Python 3.8.x in major operating systems such as Mac
OS X, Windows, and Linux. Our code requires independent installation of the
following Python packages: pandas (v2.0.x), numpy (v1.24.x), and scikit-learn
(v1.3.x). Development is ongoing to incorporate additional modules that accom-
modate additional types of shape data and AI models. All code is available
upon request. Once it is fully validated, it will be made publicly accessible on
the ENIGMA GitHub repository (https://github.com/ENIGMA-git).
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