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Abstract. The progression of Alzheimer’s Disease (AD) follows a clear
clinical sequence, moving from a cognitively NORmal state (NOR) thro-
ugh Mild Cognitive Impairment (MCI) to clinical AD. To leverage this
natural order, this study evaluates nominal and ordinal classification me-
thodologies using structural Magnetic Resonance Imaging (sMRI) data
from the ADNI database. Instead of training the classifiers directly on the
high-dimensional raw voxel space, we employ a fine-tuned 3D ResNet18
to extract low-dimensional semantic features. We then apply nominal
models (Logistic Regression, LR, and Support Vector Machine, SVM)
and ordinal methods (two ordinal variants of LR: LR with All-Thresholds,
LogAT, and LR with Immediate-Thresholds, LogIT; and an ordinal ver-
sion of the SVM: Support Vector Ordinal Regression with EXplicit con-
straints, SVOREX) to this new deep representation space. The experi-
ments cover binary, 3-class, and 4-class scenarios under a stratified 5-fold
cross-validation, using accuracy, Mean Absolute Error (MAE), and Aver-
age Mean Absolute Error (AMAE). Additionally, we compare this hybrid
methodology against a pure end-to-end ResNet18 in the 4-class staging
task. Our results indicate that the hybrid pipeline substantially outper-
forms the end-to-end Deep Learning (DL) approach for the most difficult
experiment. Interestingly, while the LR performs better on raw voxels,
ordinal models (LogAT and SVOREX) greatly benefit from the deep
feature space, achieving the lowest overall ordinal errors. This confirms
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that combining CNN-based feature extraction with ordinal classification
is highly effective for reducing severe diagnostic mistakes in AD staging.

Keywords: Alzheimer’s disease · ordinal classification · sMRI · SVM ·
logistic regression · SVOREX · ADNI · ResNet18 · Deep Learning

1 Introduction

Alzheimer’s Disease (AD) is the leading cause of dementia, characterised by a
silent preclinical phase where brain changes accumulate long before symptoms
appear [1]. Structural Magnetic Resonance Imaging (sMRI) is a fundamental
tool for non-invasive tracking of this macroscopic brain atrophy. Over the years,
numerous Machine Learning (ML) and Deep Learning (DL) models have been
proposed to automate AD diagnosis [8,17,3], driven by recent improvements in
computational methods and DL [12,13]. However, most of these approaches treat
the task as a standard nominal classification problem. Consequently, they apply
the same penalty to any diagnostic error, failing to consider the clinical distance
between the predicted and the actual severity stages.

To solve this, a methodology based on ordinal regression, also referred to
as Ordinal Classification (OC), can be considered. OC, unlike nominal classi-
fication, explicitly models datasets with more than two classes that presents
a natural order (C1 ≺ C2 ≺ · · · ≺ CQ) within its categories [14]. For AD,
this progression goes from cognitively NORmal (NOR) to stable Mild Cogni-
tive Impairment (MCI), progressive MCI (Mild Cognitive Impairment converter
(MCIc)), and finally AD. This work compares ordinal and nominal classification
models using the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database
[22].

Our main contributions include: 1) the use of an alternative to the raw vox-
els inputs based on Convolutional Neural Networks (CNNs) to extract image
features. This process radically reduces the input dimensionality and transforms
the data distribution before classification. For this, a fine-tuning is applied to a
3-Dimensional Convolutional Neural Network (3DCNN) [16], as an extractor of
the most critical features of the images. 2) Under a nested cross-validation pro-
cedure, we evaluate how different linear models perform on this low-dimensional
deep space compared to their performance on raw voxels. 3) We compare this
hybrid feature-extraction pipeline against a standard end-to-end ResNet18 clas-
sification model.

The remainder of this paper is structured as follows. Section 2 includes a
description of the dataset used and the main demographic details for the different
groups. Section 3 describes the methodology applied and the different methods
considered. Section 4 explains the experimentation done on the study. Section 5
shows the results obtained after the experimentation and our interpretation of
them, followed by the conclusions in 6.
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2 Dataset

Data used in the preparation of this article were obtained from the ADNI
database [22]. ADNI was launched in 2003 as a public-private partnership, led
by Principal Investigator Michael W. Weiner, MD.

The dataset of this work consists of 818 sMRI scans of different patients, with
a size of 121 × 145 × 121 per patient. The data is labelled into four stages of
severity. While the temporal progression of the disease naturally advances from
a cognitively normal state to full dementia, we assign the labels following the
inverse direction, and ordering the classes goes from highest to lowest clinical
severity. Throughout this paper, the symbol ≺ denotes the order within this
assigned label space (i.e., lower to higher label value) rather than the temporal
direction of disease progression, explicitly establishing the classification sequence
as AD ≺ MCIc ≺ MCI ≺ NOR. The main demographic details and clinical scores
for these groups are outlined in Table 1, where MMSE is the Mini-Mental State
Examination score.

Table 1: Demographic and clinical characteristics of the dataset (MeanStd).
Characteristic AD (label 0) MCIc (label 1) MCI (label 2) NOR (label 3)

Number of images 188 216 185 229
Age 75.37.5 74.57.0 75.07.7 75.95.0

Sex (M/F) 99/89 136/80 122/63 119/110
MMSE 23.22.2 26.81.7 27.22.5 29.11.0

All scans, the 3-dimensional images obtain with the MRI, were preprocessed
via CAT12 [10] and SPM12 [9] to obtain segmented Grey Matter (GM) volumet-
ric maps. Data preparation varies depending on the target representation space.
For the DL method, the raw 3D images undergo intensity normalisation to a
[0, 1] range and are spatially resized to 128× 128× 128 voxels. After fine-tuning
the ResNet18, we use it as a deep feature extractor to project each 3D scan into
a compact 512-dimensional vector.

Conversely, the data pipeline for the classical linear models remains strictly
consistent, whether they ingest these new deep features or the massive raw GM
voxels. Every input matrix X ∈ RN×D (N being subjects and D being fea-
tures/voxels) is processed in two stages: 1) variance filtering, discarding uninfor-
mative columns with zero variance; and 2) standardisation, scaling the remaining
variables to a zero mean and unit variance. To prevent data leakage, these steps
are strictly wrapped inside a training pipeline, ensuring they are only fitted on
the training split during cross-validation
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3 Proposed methodology

In this section, the hybrid approach we considered for classification is described.
As previously discussed, instead of applying standard classification, we use a spe-
cific OC framework. The primary goal of a classification task in machine learning
is to assign the appropriate label to an input pattern. Distinct from standard
nominal classification, which uses unordered categories, OC [15] addresses prob-
lems where the classes follow a natural sequence determined by their real-world
context. This order is typically denoted as C1 ≺ C2 ≺ · · · ≺ CQ. Here, the sym-
bol ≺ indicates the progression of the categories, acknowledging that the actual
mathematical distance between them is usually unknown and left unspecified.

To facilitate the application of ordinal evaluation metrics, every class within
the dataset is assigned a numerical value along this scale. This mapping offers
a direct mechanism to measure the magnitude of misclassifications, penalizing
prediction errors according to the established natural progression of the cate-
gories.

The feature extraction phase of a fine-tuned ResNet18 is used to obtain
the most important characteristics. Those features are then fed to different
classic classifiers, both nominal (Logistic Regression (LR), Support Vector Ma-
chines (SVM)) and ordinal models (Logistic All-Threshold (LogAT), Logistic
Immediate-Threshold (LogIT), Support Vector Ordinal Regression with EXplicit
constraints (SVOREX)), that perform the final prediction.

We compared our approach with the same classifiers using the raw voxels
of the images as input and with the full ResNet18 as a classifier. The feature
extraction and the raw voxel baseline approaches were evaluated across three
different configurations:

– Binary (2-class). The six possible pairwise combinations are evaluated: AD
vs. MCIc, AD vs. MCI, AD vs. NOR, MCIc vs. MCI, MCIc vs. NOR, and
MCI vs. NOR.

– Three-class. A scenario merging MCIc and MCI into a single Combined MCI
(MCIcomb) class: AD ≺ MCIcomb ≺ NOR.

– Four-class. The complete clinical staging sequence: AD ≺ MCIc ≺ MCI ≺
NOR.

The pure end-to-end evaluation of the ResNet18 was conducted exclusively
on the most challenging scenario (the four-class problem). To properly analyse
how feature extraction influences the algorithms, we fine-tuned two ResNet18
models, one using the classic Cross-Entropy Loss (CELoss) and other trained
with an ordinal loss, the Weighted Kappa Loss (WKLoss). The CELoss is given
by:

LCE = −
N∑

k=1

Q∑
i=1

pyk,i log (P(y = i | xk)) , (1)

where pyk,i ∈ {0, 1} represents the one hot encoding of the true class for the
k-th pattern (pyk,i = 1 when yk = Ci, and 0 otherwise), and P(y = i | xk) is the
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predicted probability for class i and pattern k. The WKLoss [21] is given by:

LWK(X,y) =

J∑
i=1

J∑
j=1

ωi,j

N∑
k=1

P (y = Ci | xk) pyk,j

1
N

J∑
i=1

J∑
j=1

ωi,j

(
N∑

k=1

P (y = Ci | xk)

)(
N∑

k=1

pyk,j

) , (2)

where ω is the penalisation matrix, defined either linearly or quadratically. Its
elements are given by ωi,j = |i−j|

J−1 for the linear case and by ωi,j = (i−j)2

(J−1)2 for
the quadratic case.

4 Experimental settings

In this section we explain the experimentation done and the performance metrics
used to validate it. We start by introducing the classification models followed by
an explanation on how the training and testing were carried out.

4.1 Classification Models

To clearly observe how dimensionality and error penalisation affect performance,
we tested the following linear models on both the raw GM voxels and the deep
feature vectors. This set includes a trivial baseline (Dummy), two nominal me-
thodologies, and three ordinal methods. Note that the direct end-to-end evalu-
ation of the ResNet18 will be presented separately.

Table 2: Brief description of the classifiers used in the work
Classifier Description Ordinal

Dummy This classifier assigns the majority class as the prediction. No
LR [18] Standard Logistic Regression. No
LogAT / LogIT [19] Two ordinal variations of LR. Yes
SVM [7] Linear SVM acting as a second nominal baseline. No
SVOREX [6] An ordinal counterpart of SVM. Yes

4.2 Models training

To guarantee unbiased generalisation estimates and avoid data leakage, we im-
plemented a nested stratified setting consisting of an outer 5-fold and an inner
validation loop, with a fixed random seed to ensure reproducibility. The outer
folds are used to test the models on unseen subjects. Also, the ResNet18 is
initialised from pre-trained weights of ImageNet [5] and fine-tuned, with two dif-
ferent losses (nominal and ordinal), for each outer fold, ensuring the network acts
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as a “blind” feature extractor that has never processed the test images during
its optimisation. This results in two different feature extractor models.

Inside every outer training fold, hyperparameters are tuned by grid search,
with an inner validation strategy that depends on the algorithm. For the CNN
fine-tuning, each configuration is scored on a stratified 20% hold-out, while a sep-
arate internal split tracks the validation loss for early stopping. For the CNN we
rely on this single hold-out rather than an inner 5-fold because each fit requires
training a full 3D ResNet-18, and a k-fold would multiply this already high cost
by 5. Since the inner split only determines decisions on the training partition,
it leaves the outer folds, and the reported estimates, unaffected. Meanwhile, for
the nominal and ordinal classifiers, the grid search relies on an inner stratified
5-fold validation.

The regularisation (C) parameter is explored for all linear algorithms consid-
ering the values {10−3, 10−2, . . . , 103}.The optimisation target is Average Mean
Absolute Error (AMAE) for multi-class setups and Balanced Accuracy (BACC)
for binary ones (see Section 4.3). Overall performance is given as the mean and
standard deviation of the outer test folds.

4.3 Evaluation Metrics

Different evaluation metrics have been considered for comparison of the classi-
fiers, including both nominal and ordinal alternatives. The metrics considered
in this study are:

– Correct Classification Rate (CCR) [4]. Standard accuracy, defined as the
proportion of correctly classified samples.

– Balanced Accuracy (BACC) [20]. Calculated as the macro-average of per-
class recall to account for class imbalance.

– Mean Absolute Error (MAE) [2]. Average absolute distance (in number of
categories) between predicted and true ordinal labels.

– Average Mean Absolute Error (AMAE) [11]. Class-averaged MAE, intro-
duced to handle class imbalance in ordinal problems.

For interpretation, higher CCR and BACC values imply a superior accuracy,
whereas lower MAE and AMAE scores indicate fewer ordinal mistakes.

5 Results

The experimental results are summarised in Tables 3 to 5. In Table 5, we also in-
clude the results for the full end-to-end training of the ResNet model. Note that,
for binary classification (Table 3), ordinal metrics and loss are not considered,
as they do not make sense.

The resulting confusion matrices for both the three-stage and four-stage clas-
sification tasks are shown in Table 6 and 7. These matrices are obtained as the
sum of the five ones derived from the test set of each iteration of the 5-fold vali-
dation. The tables contrast the predictive behaviour of the models when trained
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Table 3: Results for binary classification experiments across different feature
spaces (MeanStd). Best results per scenario are highlighted in bold. Second best
are presented in italics.

Combination Classifier Feature Space CCR ↑ BACC ↑

AD vs MCI

Dummy Baseline 0.47720.0633 0.47700.0628

LR Raw Voxels 0 .73200 .0240 0.73190.0241
ResNet-CE 0.73190.0260 0 .73230 .0260

SVM Raw Voxels 0.73450.0354 0.73440.0354

ResNet-CE 0.58380.1026 0.58400.1027

AD vs MCIc

Dummy Baseline 0.51720.0764 0.51270.0770

LR Raw Voxels 0 .57910 .0221 0.57190.0246
ResNet-CE 0.58440.0575 0.58210.0572

SVM Raw Voxels 0.57170.0263 0 .57270 .0283
ResNet-CE 0.53240.0602 0.52350.0539

AD vs NOR

Dummy Baseline 0.51330.0601 0.50460.0617

LR Raw Voxels 0.84420.0164 0.84280.0166

ResNet-CE 0.82470.0496 0.81990.0483

SVM Raw Voxels 0 .82990 .0432 0 .83170 .0426
ResNet-CE 0.69180.1603 0.70360.1465

MCI vs NOR

Dummy Baseline 0.50260.0678 0.49230.0700

LR Raw Voxels 0 .6112 0.0389 0 .60700 .0447
ResNet-CE 0.63740.0521 0.63290.0529

SVM Raw Voxels 0.57250.0154 0.57210.0113
ResNet-CE 0.54340.1239 0.54510.1225

MCIc vs MCI

Dummy Baseline 0.47880.0625 0.47270.0604

LR Raw Voxels 0 .59880 .0709 0 .59770 .0733
ResNet-CE 0.62840.0278 0.63000.0298

SVM Raw Voxels 0.59630.0583 0.59690.0593
ResNet-CE 0.49900.0691 0.49740.0795

MCIc vs NOR

Dummy Baseline 0.51910.0698 0.51840.0707

LR Raw Voxels 0 .75280 .0396 0 .75130 .0386
ResNet-CE 0.75730.0614 0.75710.0613

SVM Raw Voxels 0.71010.0149 0.70910.0154
ResNet-CE 0.54380.1580 0.54550.1548

on raw voxel inputs versus when utilising the low-dimensional ResNet-CE repre-
sentations. The actual clinical diagnoses correspond to the rows of each matrix,
while the columns represent the predictions of the models.

The results demonstrate a profound interaction between feature space ge-
ometry and the chosen classification algorithm, going against the trend of using
fully end-to-end DL pipelines for medical imaging. While standard architectures
like ResNet18 are highly capable of anatomical compression, they tend to overfit
small datasets, resulting in very poor accuracy (e.g., CCR ≈ 0.30 in the full
four-class scenario). Separating the nominal semantic extraction from the classi-
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Table 4: Results for three-class (AD vs. MCIcomb vs. NOR) experiments compar-
ing raw voxels and deep feature extraction (MeanStd). Best results per scenario
are highlighted in bold. Second best are presented in italics.

Classifier Feature Space CCR ↑ BACC ↑ MAE ↓ AMAE ↓

Dummy Baseline 0.34840.0212 0.30320.0290 0.80080.0261 0.89380.0372

LR
Raw Voxels 0.52320.0176 0.55550.0209 0.51710.0165 0 .49710 .0179
ResNet-CE 0.55740.0495 0.51530.0501 0 .46960 .0753 0.52080.0827
ResNet-WK 0.53060.0179 0.48600.306 0.49270.0319 0.54430.0462

LogAT
Raw Voxels 0.47800.0300 0.52160.0268 0.56350.0347 0.53040.0342
ResNet-CE 0.54150.0491 0.54580.0582 0.48790.0645 0.49370.0790

ResNet-WK 0.53660.0236 0.53870.0284 0.49150.0383 0.49840.0490

LogIT
Raw Voxels 0.47550.0245 0.51640.0253 0.56240.0254 0.53090.0278
ResNet-CE 0.50600.0410 0 .55790 .0515 0.54040.0541 0.50450.0667
ResNet-WK 0.50730.0307 0.56260.0328 0.54290.0608 0.50470.0737

SVM
Raw Voxels 0.48530.0357 0.49130.0411 0.55380.0446 0.56080.0590
ResNet-CE 0.36900.0778 0.44920.1040 0.75460.1534 0.70550.1784
ResNet-WK 0.41080.0564 0.46630.0477 0.67840.1114 0.64410.1176

SVOREX
Raw Voxels 0.52450.0209 0.45230.0196 0.49140.0272 0.56870.0264
ResNet-CE 0 .54520 .0467 0.48880.0492 0.46580.0470 0.52650.0495
ResNet-WK 0 .54520 .0229 0.48710.0351 0.48050.0261 0.54660.0438

Table 5: Results for four-class (AD vs. MCIc vs. MCI vs. NOR) experiments
comparing raw voxels and deep feature extraction (MeanStd). Best results per
scenario are highlighted in bold. Second best are presented in italics.

Classifier Feature Space CCR ↑ BACC ↑ MAE ↓ AMAE ↓

Dummy Baseline 0.23840.0245 0.23630.0240 1.28480.0529 1.28510.0553

LR
Raw Voxels 0.41070.0304 0.40050.0291 0.80800.0321 0.81760.0275
ResNet-CE 0.45110.0190 0.43860.0136 0.77640.0739 0.78860.0649
ResNet-WK 0.43640.0283 0.42240.0280 0.84500.1306 0.85760.1316

LogAT
Raw Voxels 0.39240.0234 0.40130.0176 0.87400.0241 0.86030.0298
ResNet-CE 0.40340.0337 0.40770.0309 0.72870.0685 0.72540.0658

ResNet-WK 0.36790.0470 0.36880.0426 0.76790.0880 0.76750.0847

LogIT
Raw Voxels 0.39250.0141 0.39950.0150 0.88370.0577 0.87120.0589
ResNet-CE 0 .44120 .0637 0 .43770 .0607 0 .75690 .0939 0.76270.0887
ResNet-WK 0.42780.0250 0.42270.0232 0.80340.1087 0.81040.1067

SVM
Raw Voxels 0.41810.0173 0.41270.0183 0.77630.0298 0.78150.0269
ResNet-CE 0.29940.0403 0.31600.0359 1.08150.2775 1.05660.2628
ResNet-WK 0.32750.0569 0.33570.0503 1.06520.2645 1.04280.2510

SVOREX
Raw Voxels 0.37900.0419 0.37440.0322 0.75920.0250 0.75980.0244
ResNet-CE 0.41930.0261 0.40750.0238 0.72870.0624 0 .73810 .0579
ResNet-WK 0.43770.0372 0.42330.0392 0.76160.0537 0.77080.0537

ResNet18 End-to-End CE 0.30190.0385 0.29780.0344 1.24620.2052 1.24550.1947
End-to-End WK 0.28490.0534 0.27870.0448 1.23200.2504 1.24320.2347

fication layer proves to be a more robust strategy, even though it is not univer-
sally beneficial across all classical models. Margin-based classifiers, particularly
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Table 6: Confusion matrices for the three-class experiment. The rows repre-
sent the True classes and the columns represent the Predicted classes (A: AD,
M: MCIcomb (MCIcb), N: NOR). The correct predictions (main diagonal) are
highlighted in bold. Bellow each matrix, the corresponding metrics (MeanStd)
are included, with the best value per metric highlighted in bold. Second best are
presented in italics.

Features True LR LogAT LogIT SVM SVOREX

A M N A M N A M N A M N A M N

Raw Voxels

AD 109 64 15 153 27 8 150 31 7 85 85 18 50 131 7
MCIcb 114 163 124 175 154 72 173 156 72 114 182 105 38 301 62
NOR 18 55 156 26 119 84 24 122 83 14 85 130 6 145 78

BACC ↑ 0 .55550 .0209 0.52160.0268 0.51640.0253 0.49130.0411 0.45230.0196
AMAE ↓ 0 .49710 .0179 0.53040.0342 0.53090.0278 0.56080.0590 0.56870.0264

ResNet-CE

AD 64 112 12 98 76 14 120 46 22 148 18 22 54 127 7
MCIcb 56 270 75 102 208 91 134 132 135 261 59 81 53 284 64
NOR 10 97 122 10 82 137 16 51 162 79 55 95 2 119 108

BACC ↑ 0.51530.0501 0.54580.0582 0.55790.0515 0.44920.1040 0.48880.0492
AMAE ↓ 0.52080.0827 0.49370.0790 0.50450.0667 0.70550.1784 0.52650.0495

Table 7: Confusion matrices for the four-class experiment. The rows represent the
True classes and the columns represent the Predicted classes (A: AD, Mc: MCIc,
M: MCI, N: NOR). The correct predictions (main diagonal) are highlighted in
bold. Bellow each matrix there are its metrics (MeanStd), with the best value
per metric highlighted in bold. Second best are presented in italics.

Features True LR LogAT LogIT SVM SVOREX

A Mc M N A Mc M N A Mc M N A Mc M N A Mc M N

Raw Voxels

AD 94 61 16 17 157 18 6 7 157 17 7 7 89 63 23 13 49 116 16 7
MCIc 66 62 33 55 120 47 30 19 117 47 26 26 55 80 44 37 28 115 51 22
MCI 28 51 30 76 69 34 40 42 68 35 31 51 26 47 51 61 9 74 66 36
NOR 12 22 45 150 35 40 77 77 38 35 70 86 12 23 72 122 3 46 100 80

BACC ↑ 0.40050.0291 0.40130.0176 0.39950.0150 0.41270.0183 0.37440.0322
AMAE ↓ 0.81760.0275 0.86030.0298 0.87120.0589 0.78150.0269 0.75980.0244

ResNet-CE

AD 81 65 21 21 73 74 35 6 108 37 28 15 147 20 16 5 54 103 20 11
MCIc 63 77 29 47 51 80 73 12 84 44 60 28 97 23 45 20 43 115 39 19
MCI 22 39 45 79 12 40 96 37 30 20 59 76 97 23 45 20 8 71 50 56
NOR 17 20 26 166 6 25 117 81 13 20 46 150 75 27 97 30 3 46 56 124

BACC ↑ 0.43860.0136 0.40770.0309 0 .43770 .0607 0.31600.0359 0.40750.0238
AMAE ↓ 0.78860.0649 0.72540.0658 0.76270.0887 1.05660.2628 0 .73810 .0579
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the linear SVM, have a drop in performance when transitioned from the massive
dimensionality of raw brain voxels to the continuous 512-dimensional embed-
dings generated by the CELoss. In contrast, probabilistic algorithms like LR
and ordinal methods (LogAT, SVOREX) thrive in this compact feature space.
This aligns with previous observations in ordinal regression literature [15], which
demonstrate that supervised dimensionality reduction and the preservation of
the intrinsic data manifold greatly facilitate the optimisation of parallel decision
thresholds by minimising within-class variance.

Additionally, we can also see a lower performance of the ordinal loss for the
fine-tuning of the ordinal extractor. Even though ordinal methods perform better
in classification than their nominals counterparts.

From a clinical perspective, identifying extreme structural atrophy (such as
differentiating AD from NOR) is an easier task across all evaluated representa-
tion spaces. The true difficulty lies in resolving the transitional cognitive phases,
particularly within the MCI spectrum (MCIc vs. MCI). In these highly overlap-
ping boundaries, traditional nominal models often produce a wider variance in
their error distribution, leading to critical medical mistakes, such as predicting
a cognitively normal state for a patient with confirmed AD (|yi − ŷi| > 1). By
applying explicit mathematical constraints directly on the threshold parameters
[6], ordinal methodologies tend to concentrate predictions on the main diago-
nal and its immediate adjacent entries. Also, even when algorithms like LogAT
misclassify a sample, the error is typically within the closest clinical severity
level, achieving the lowest overall AMAE scores. This confirms that while deep
neural networks are unmatched as semantic extractors, the clinical progression
rules should be mathematically encoded a posteriori by ordinal classifiers to
guarantee a safe and reliable computer-aided diagnosis.

6 Conclusion

In this work, we introduced a hybrid approach for the classification of sMRI.
We used a ResNet18 feature extractor phase to extract the most important
characteristics of the images and then feed those feature to classic classifiers to
obtain the final predictions. We compared our approach with the classification
of the images using the raw voxels as inputs and with the complete ResNet18
classifier.

The fundamental challenge in automated AD staging lies not only in max-
imising overall accuracy but in ensuring clinical safety. This study shows that,
even though deep convolutional networks are extremely good at compressing
complex anatomical changes from sMRI, leaving the final diagnostic decision to
classical ordinal algorithms provides a crucial layer of robustness.

The results suggest that the reduced space generated by the CNN is ideal
for the classical classifiers in which they can effectively apply rules of disease
progression to the final prediction. Also, CNNs have proven to be excellent at
extracting features but they are weak when used as an end-to-end model for
classifying medical images that come from a small dataset. Lastly, the reduced
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misclassification on distant stages provides clinical safety when used in real med-
ical environments, ensuring that the errors committed by the models are not
clinically severe.

Taken together, the findings presented in this work suggest that clinical
progression rules must be specifically considered as constraints during model
training, rather than implicitly learned, in order to guarantee safe and reli-
able computer-aided diagnosis. Future research will focus on integrating different
CNN architectures as feature extractors, enriching the input space and possibly
improving classification performance.
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