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Abstract

This work explores diverse architectures for deep convolutional neural networks (CNNSs). It analyzes the influence of domain-
specific transfer learning on distinguishing between patients with Alzheimer’s Disease (AD), Mild Cognitive Impairment
(MCI), and cognitively normal (CN) subjects. Training relied on 1118 3D FDG-PET brain scans acquired through the ADNI
initiative. We developed standalone binary classifiers, a multiclass model, and two different chains composed of binary
classifiers for sequential multiclass decision-making. Chain A started by separating cognitively normal (CN) individuals from
all non-CN cases, then distinguished Alzheimer’s disease (AD) from mild cognitive impairment (MCI). Chain B reversed the
initial step, first identifying AD against non-AD subjects before classifying MCI versus CN. Every classifier variant was trained
from scratch and with domain-specific transfer learning initialized from Med3D weights. All configurations matched or
approached current state-of-the-art levels. Chain A stood out, recording 96% accuracy, 95% F1 score, and 99% AUROC. In
contrast, domain-specific transfer learning often degraded performance across most models, reducing accuracy by up to 55%.
Overall, the study underscores the value of binary classifier chains while prompting reconsideration of domain-specific transfer

learning practices.
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Introduction

Dementia has emerged as a critical public health
challenge, generating substantial financial strain while
ranking among the top contributors to death and long-
term disability worldwide. Alzheimer’s disease (AD) is
responsible for the majority of cases, representing 60—
80% of dementia diagnoses [1]. Major risk factors
include advancing age, hereditary factors, and lifestyle
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influences such as diabetes, depression, and nutritional
patterns [2].

As a neurodegenerative illness, AD involves progressive
neuron degeneration [3], which manifests as serious
declines in cognitive abilities. However, research
continues to uncover more details about its biological
processes [4, 5], while effective curative treatments
remain  unavailable—existing interventions  only
moderate symptoms and may slow progression [6].
Timely identification is therefore essential, and recent
advances in artificial intelligence (Al) combined with
advanced brain imaging techniques offer valuable
support for this goal.

Mild cognitive impairment (MCI) functions as a
transitional phase between healthy cognition and
dementia, often linked to AD. It encompasses early
(EMCI) and late (LMCI) forms and features self-reported
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or clinically observed cognitive issues, frequently
alongside amyloid plaques or atrophy patterns
resembling those in AD. Progression to AD is common
but not inevitable [7]. Ongoing investigations aim to
improve MCI categorization, predict progression, and
discover biomarkers [8, 9].

Deep learning techniques have been extensively applied
to brain scan classification for AD detection [10-12].
Most efforts address binary distinctions or multiclass
problems involving AD, MCI, and cognitively normal
(CN) groups. Transfer learning, which initializes models
with weights from previously trained networks, is
frequently employed to improve outcomes [13-15]. This
approach adapts knowledge from one task to another;
when the source model comes from the same field
(medical imaging), it qualifies as domain-specific
transfer learning. Additional background is provided in
Section 2.

Our study compares the effectiveness of binary and
multiclass 3D CNNSs, as well as the sequential application
of binary models known as classifier chains. We also
scrutinize the relevance of transfer learning in medical
domains, where appropriate pre-trained resources may be
limited, with special attention to domain-specific
variants. This leads to the following research questions:

RQ I: Does evidence support superior performance of
binary classifiers over multiclass ones?

RQ II: Can chaining binary classifiers capitalize on their
advantages for multiclass problems?

RQ I1I: Does domain-specific transfer learning reliably
improve model results?

Similar works

Deep learning applications in medical imaging are
expanding rapidly and hold considerable promise for
aiding clinical diagnosis of AD and related conditions.
Improvements in computational methods now facilitate
full 3D brain scan processing [16]. Here we summarize
key recent publications on 3D CNN approaches and
transfer learning for AD classification.

Turrisi et al. [17] examined 3T MRI data using transfer
learning from two sources: historical 1.5T MRI models
(ADnet, ADnetEX) and standard 2D natural image
networks (ResNet 18, 50, 101). Compared to training
without pre-training, the medical-domain initialization
lifted accuracy from 63% to 99%, while natural-image
weights raised it from 71% to 83%.

Yuan et al. [18] developed a multimodal Inception-v4
system integrating 3T MRI and MMSE data from ADNI

and external datasets, and later tested it on an
independent Chinese cohort. Their approach reached an
AUC of 90.8%.

Bloch and Friedrich [19] evaluated DenseNet,
EfficientNet, Squeeze-and-Excitation, and other
networks on MRI and PET images, contrasting deep
learning with classical machine learning while
incorporating  interpretability  techniques.  They
transferred weights from synthetic MRI training, yielding
a top external AUC of 91.74%.

Chakraborty et al. [20] extracted discriminative features
for AD versus CN differentiation and connected them to
genetic markers. Transfer learning attempts yielded only
72% AUC, so the authors preferred a bespoke CNN with
expanded and augmented data.

Mora-Rubio et al. [21] used natural-image pre-trained
models for MRI-based classification, achieving a top
binary AD versus CN accuracy of 85.42%.

Soliman et al. [22] benchmarked several transfer learning
models against a scratch-trained baseline for binary
AD/CN tasks (and broader multiclass including Lewy
body dementia). The strongest binary validation accuracy
was 89% using ResNet50.

The work by Thakur and Snekhalatha [10] aligns most
closely with ours. They adapted ResNet50V2 to ADNI
subsets for multiclass categorization (AD vs. LMCI vs.
EMCI vs. CN), achieving an AUROC of 95%—the
benchmark we consider state-of-the-art.

Drawing on these studies, binary classifiers typically
outperform multiclass classifiers (except in Chakraborty
et al. [20]). We seek to confirm this pattern (RQ 1) and
test systematic binary classifier chaining, which has
received limited prior attention (RQ Il). Transfer learning
consistently provided benefits, even from distant
domains, which motivates our targeted investigation into
domain-specific pre-training (RQ I11).

Materials and Methods

Dataset

“Data used in the preparation of this article were obtained
from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database (adni.loni.usc.edu). The ADNI was
launched in 2003 as a public-private partnership, led by
Principal Investigator Michael W. Weiner, MD. The
primary goal of ADNI has been to test whether serial
magnetic resonance imaging (MRI), positron emission
tomography (PET), other biological markers, and clinical
and neuropsychological assessment can be combined to
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measure the progression of mild cognitive impairment
(MCI) and early Alzheimer’s disease (AD)” [23].

In total, 1118 3D Fluorodeoxyglucose-Positron Emission
Tomography (FDG-PET) scans in DICOM format were
collected, consisting of 148 AD, 114 LMCI, 356 MCI,

210 EMCI, and 290 CN examinations. Table 1 details the
full breakdown and the assigned training, validation, and
test divisions. The images came from 590 distinct
patients aged 55-96 years (average 75 years), with males
comprising 52% of the group.

Table 1. Overview of sample distribution in the dataset. The number of patients is indicated in brackets behind the
number of samples. Percentages are rounded and do not need to sum to 100.00%.

Condition Training Testing Validation Total
AD 103 (69) 15 (10) 30 (20) 148 (99)
LMCI 80 (54) 11(8) 23 (16) 114 (78)
MCI 249 (121) 36 (17) 71 (34) 356 (172)
EMCI 147 (83) 21(12) 42 (24) 210 (119)
CN 203 (86) 29 (12) 58 (24) 290 (122)
Total 782 (413) 112 (59) 224 (118) 1118 (590)
Percentage [%6] 69.95 10.02 20.04 100

Preprocessing

The scans were initially converted from DICOM to the
Neuroimaging Informatics Technology Initiative (NIfTI)
[24] format using the dicom2nifti Python library [25].
Next, skull stripping was applied to isolate the brain
tissue, removing extraneous elements such as skull,
muscle, and other non-brain structures. This step
employed HD-BET [26] to focus the data on regions
relevant to the classification goal. After extraction, we

performed spatial normalization using the ants package
[27], registering all brains to a common template via
Symmetric Normalization. We then cropped the volumes
to remove unnecessary border padding and resized them
to uniform dimensions suitable for neural network input.
Finally, we performed intensity normalization to enhance
consistency and comparability across the dataset. Figure
1 illustrates these preprocessing operations as part of the
complete study pipeline.

Raw DICOM Proc€8sed
NIFTI Cropping/ NIFTIQ’
conversion resizing E
v s Intensity
normalization
Spatial

Brain extraction -

normalization

Figure 1. Overview of the study pipeline. Raw DICOM images undergo a series of preprocessing operations,
including conversion to NIfTI format, brain extraction, spatial normalization, cropping, resizing, and intensity
normalization. The resulting processed NIfTI volumes are then supplied as input to multiple model types:
standalone binary classifiers, a multiclass classifier, and chains of binary classifiers. We tested two distinct setups
for both the multiclass models and the classifier chains. We assessed all variants with and without domain-
specific pre-trained weights.

Input data handling

As noted earlier, the dataset was partitioned into training
(70%), testing (10%), and validation (20%) subsets. This
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division relied on a custom StratifiedGroupSplit
procedure. The approach created 10 randomized folds for
cross-validation, ensuring scans from the same patient
remained together within a single set (training, testing, or
validation) to avoid data leakage. It builds upon scikit-
learn’s [28] train_test split function, augmented with
additional custom code to maintain label stratification
and enforce patient-level separation. During training for
each fold, a weighted random sampler was applied to
promote balanced class exposure, thereby mitigating the
inherent class imbalance present in the dataset.

Model implementation

All models in this study were built on the ResNet34
architecture [29] and developed using the PyTorch [30]
framework and PyTorch Lightning [31]. ResNet34,
introduced by He et al. [29], is a well-established deep
convolutional neural network (CNN). Thanks to its
residual shortcut connections, it achieves greater depth
than many contemporary alternatives while maintaining
relatively low computational complexity.

ResNet34 was selected because it serves as the
foundation of the Med3D [32] project, which provides
pre-trained weights tailored for medical imaging
applications. These weights were trained on the 3DSeg-8
collection, which comprises eight distinct medical
segmentation datasets covering organs such as the brain,
heart, and spleen. Although Med3D primarily targets
segmentation, the framework has been successfully
extended to classification problems, making it directly
applicable to the current work.

Experimental design

The experiments utilized the ResNet34-based models
outlined above. Table 2 summarizes the various
configurations. For each setup, we trained both with and
without loading domain-specific pre-trained weights
from Med3D. We trained models for 50-75 epochs using
the Adam optimizer with a learning rate of 0.0001 and a
batch size of 4.

Table 2. Configurations of ResNet34 for the different experiments.

Experiment Pre-trained weights Classes
Binary classification - AD vs. CN
Binary classification Med3D AD vs. CN
Multiclass classification - AD vs. EMCI vs. LMCI vs. CN
- AD vs. MCl vs. CN
Med3D AD vs. EMCI vs. LMCI vs. CN
Med3D AD vs. MCI vs. CN
Classifier chains - AD vs. MCl vs. CN
Med3D AD vs. MCl vs. CN

Binary classification

The binary classification (BC) setup relied on the
ResNet34 backbone. We modified this model to
distinguish between AD and CN cases. Training involved
306 images, with 44 allocated for testing and 88 for
validation.

Multiclass classification

The foundational architecture was extended to support
multiple classes. We explored various setups, but report
only the two highest-performing configurations: AD vs.
MCI vs. CN (MC1) and AD vs. EMCI vs. LMCI vs. CN
(MC2).

Classifier chain

This experiment explored the use of sequential binary
classifiers to accomplish multiclass outcomes. To
examine the impact of ordering, two separate chains were
evaluated (Figure 1). Classifier chain A first separated
CN images from non-CN cases; the non-CN outputs were
subsequently routed to a second classifier that
distinguished AD from MCI. Classifier chain B followed
the opposite sequence: it first differentiated AD from
non-AD images, then classified the non-AD group into
CN and MCI.

Evaluation measures

Model performance was quantified using multiple
standard metrics, including accuracy, F1 score, and the
area under the receiver operating characteristic (ROC)
curve (AUROC). To account for class imbalance, we
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computed weighted averages for all metrics. When
benchmarking against Thakur and Snekhalatha [10], we
used only accuracy and AUROC for comparison, as the
authors did not report F1 score.

Perturbation analysis

We conducted a perturbation analysis to verify model
robustness. Each model was tested on its original inputs
but with randomly reassigned (pseudo-random) labels.
We repeated this procedure 100 times per model. A
model was deemed robust if it performed well on
unaltered data while producing essentially random
predictions under label perturbation.

Results and Discussion
In line with the methodology outlined in Section 4, we

developed one binary classifier, one multiclass classifier,
and two classifier chains. We assessed all variants with

and without domain-specific transfer learning. This
section summarizes the outcomes of these experiments.

RQ I: binary classification vs. multiclass

Several performance indicators were used to compare the
different approaches. The binary classifier (BC)
delivered the strongest results overall (99% accuracy,
99% F1 score, 100% AUROC), outperforming the
remaining models. This outcome aligns with
expectations, given the inherent simplicity of binary tasks
relative to multiclass problems.

When contrasting MC1 and MC2 with the method
presented by Thakur and Snekhalatha [10] (Table 3), our
MC2 configuration achieved comparable results using
the same class grouping (MC2: 93% accuracy, 92% F1
score, 99% AUROC; Thakur and Snekhalatha [10]: 95 or
98% accuracy, 96% F1 score, 95% AUROC). These
findings indicate that distinguishing among the various
MCI stages has meaningful value, and that merging them
into a single class may be suboptimal.

Table 3. Comparison of binary classification and multiclass classification approaches to Thakur and Snekhalatha
[10]. Noted in bold is the highest value per metric.

Model Accuracy F1 score AUROC
BC: AD vs. CN 0.99 0.99 1
MC1: AD vs. MCI vs. CN 0.87 0.87 0.98
MC2: AD vs. EMCI vs. LMCI vs. CN 0.93 0.92 0.99
Thakur and Snekhalatha [10]: AD vs. EMCI vs. LMCI vs. CN 0.950r 0.98 0.96 0.95

RQ I1: chaining classifiers

This section reports the outcomes from training the two
classifier chains outlined previously. The initial step of
distinguishing AD from non-AD cases achieved 94%
accuracy, marginally surpassing the CN versus non-CN
classification at 93%. However, the follow-up
differentiation between AD and MCI achieved a notably
higher 99% accuracy than the 91% obtained when
separating CN from MCI. These patterns imply that MCI
subjects show greater similarity to CN individuals in
cerebral glucose metabolism.

The classifier chaining strategy was designed to enhance
multiclass performance by decomposing the task into

successive binary decisions. The results confirm the
effectiveness of this approach (Table 4). Both chains
surpassed MCI1’s accuracy. The improvement is
particularly pronounced for chain A, which attained a
mean accuracy of 96% compared to MC1’s 87%—a
substantial 9 percentage point gain. Nevertheless, when
benchmarked against MC2 or the state of the art, the
importance of classifier ordering becomes evident. Chain
A produced competitive results (chain a: 96% mean
accuracy; MC2: 95% accuracy; Thakur and Snekhalatha
[10]: 95 or 98% accuracy). In contrast, chain B achieved
only 88% accuracy and did not match these levels.

Table 4. Comparison of classifier chains with true multiclass approach. Noted in bold is the highest value for each

metric.
Chain Model Accuracy Flscore AUROC Meanaccuracy Mean F1score Mean AUROC
A CN vs. non-CN 0.99 0.99 0.99
AD vs. MCI 0.92 0.91 0.98 0.96 0.95 0.99
B AD vs. non-AD 0.95 0.95 0.99
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CN vs. MCI 0.80 0.7 1 0.88 0.83 0.99
Multiclass  MC1: AD vs. MCI vs.
(no chain) CN 0.87 0.87 0.98

RQ I1: The effect of transfer learning

This analysis centers on the impact of incorporating
domain-specific pre-trained weights. Because Thakur
and Snekhalatha [10] did not apply domain-specific
transfer learning, their reported results can only be
directly compared with our models trained without such
pre-trained weights.

Across all tested configurations, performance proved
consistently superior when models were trained from
scratch rather than initialized with Med3D pre-trained
weights (Table 5). The smallest decline occurred in the
binary classification setup, where AUROC dropped by
only 1%. The largest degradation was recorded for MC2,
which experienced a 64% reduction in F1 score along
with decreases of 55% in accuracy and 34% in AUROC.

Table 5. Comparison of classifiers employing transfer learning and those without for all previously mentioned
approaches. For the classifier chains, the table shows the mean value for each metric. Noted in bold is the highest
value for each metric.

Model Accuracy F1 score AUROC Accuracy F1 score AUROC
without domain-specific transfer learning  with domain-specific transfer learning
BC 0.99 0.99 1 0.99 0.99 0.99
MC1 0.87 0.87 0.98 0.84 0.83 0.86
MC2 0.93 0.92 0.99 0.38 0.28 0.65
Chain A 0.96 0.95 0.99 0.63 0.79 0.81
Chain B 0.88 0.83 0.99 0.97 0.88 0.96
Thakur and Snekhalatha [10] 0.98 0.96 0.95 - - -

To improve performance with pretrained weights, we
tried several strategies.

To improve performance with pre-trained weights, we
explored multiple optimization approaches. These
included testing a range of hyperparameter settings and
combinations, as well as assessing the influence of
specific preprocessing steps such as skull stripping and
spatial registration.  Although these adjustments
determined the final configuration employed for all
models, further gains in the transfer learning variants
proved unattainable.

We observed that classifier chain B not only declined less
than the other models but also showed an overall
improvement. The average performance gain for chain B
across the two scenarios was 0.37. In comparison, the
remaining models exhibited mean performance drops
ranging from nearly 0 in the binary classifier (BC) to 0.51
in MC2. Chain A recorded a moderate average decline of

0.22. These patterns suggest that a well-ordered classifier
chain is more robust than a standard multiclass model.

Robustness of the models

The perturbation analysis confirmed robustness across all
models. Performance dropped sharply across all models
once labels were randomly reassigned. Table 6 provides
an overview of the distribution of performance metrics
over the 100 perturbation runs for each classifier. Only
MC2 was included in this analysis, as it outperformed
MC1 and would therefore be the preferred choice for
subsequent work. For all binary models, accuracy, F1
score, and AUROC values clustered around 50%,
consistent with random guessing on the altered labels. In
the multiclass models, AUROC values were distributed
near 50%, while accuracy and F1 scores centered around
25%, likewise indicating random behavior.

Table 6. Distribution of test performance metric values for the perturbation analysis.

Accuracy  Flscore AUROC Accuracy Flscore AUROC
Model Classification Without domain-specific transfer With domain-specific transfer
learning learning
BC AD vs. CN 0.49 0.49 0.50 0.50 0.49 0.50
MC2 AD vs. LMCI vs. EMCI vs. MCI 0.25 0.24 0.50 0.25 0.24 0.51
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Chain A CN vs. non-CN 0.50 0.50 0.50 0.50 0.50 0.50
AD vs. MCI 0.50 0.36 0.50 0.50 0.44 0.50
Chain B AD vs. non-AD 0.50 0.44 0.50 0.50 0.45 0.50
CN vs. MCI 0.50 0.50 0.50 0.50 0.50 0.50

In this work, we developed and trained several neural
network architectures for both binary and multiclass
classification of brain scans. We capitalized on the
generally stronger performance of binary classifiers by
linking them sequentially to address multiclass problems.
In addition, we examined whether incorporating domain-
specific pre-trained weights could further boost model
effectiveness.

With respect to RQ I, the binary classifier demonstrated
modestly superior results compared to the multiclass
models, though the difference was not dramatic.
Interestingly, the four-class configuration (MC1: AD vs.
LMCI vs. EMCI vs. CN) yielded higher accuracy than
the three-class configuration (MC2: AD vs. MCl vs. CN).
We attribute this to dataset characteristics: MC1 used
images that clinicians could confidently categorize as
either early or late MCI. In contrast, MC2 encompassed
a broader and more heterogeneous range of MCI
presentations, making differentiation more challenging
and resulting in comparatively lower performance.
Regarding RQ I, two classifier chains with differing
sequences were trained. Our implementations reached
performance levels comparable to, and in some cases
exceeding, the current state of the art. Thakur and
Snekhalatha [10] provide the benchmark, using a similar
multiclass network on comparable ADNI data and class
definitions. In particular, classifier chain A (CN vs. non-
CN followed by AD vs. MCI) outperformed the state-of-
the-art model on the equivalent multiclass task. These
outcomes support the idea that combining simpler binary
models can enhance overall results in complex
classification settings. However, the sequence of
classifiers in a chain plays a critical role. The notable
impact of ordering likely stems from differences in task
difficulty, possibly because MCI patterns are more
similar to CN than to AD in terms of glucose metabolism.
This interpretation is reinforced by the higher accuracy
of the AD vs. MCI classifier in chain A compared to the
CN vs. MClI step in chain B.

Model robustness was verified through perturbation
analysis. When presented with randomly reassigned
labels, all models behaved as if they were guessing
randomly. This outcome indicates that the networks

learned genuine, meaningful features linked to the true
class labels rather than overfitting to the training data.
Finally, addressing RQ IlI, we re-evaluated all models
after initializing them with domain-specific weights from
Med3D [32]. Contrary to expectations that domain-
relevant knowledge would be beneficial, performance
declined substantially in most cases. This may occur
because, despite being trained on medical data, the
Med3D weights still lacked sufficient similarity to our
FDG-PET scans. It remains unclear whether weights
derived from other FDG-PET or general brain imaging
datasets would prove more advantageous. Our findings
suggest that domain alignment alone may not be adequate
and that greater dataset similarity could be required for
positive transfer effects.

We also observed that classifier chain B (AD vs. non-AD
followed by CN vs. MCI) appeared more resilient to
using these pre-trained weights. Although beyond the
scope of this study, future research should explore
whether classifier chains generally offer greater
robustness to mismatched pre-training data than
individual multiclass models.

Limitations

Several limitations should be acknowledged. First, only
domain-specific pre-trained weights were available for
testing. Additional experiments with more closely
matched weights—ideally from models trained on brain
scans or, preferably, FDG-PET brain images—would
help clarify the source of the observed performance drop
and whether it can be mitigated.

Second, the acquired dataset exhibited class imbalance.
This was partially addressed through the weighted
random sampler described in Section 4.1, which
promoted balanced representation during training.
Nonetheless, a perfectly balanced dataset would likely
simplify the classification task and reduce potential
biases.

Further work

Future efforts will involve expanded experiments on
chaining binary classifiers to exploit their simplicity and
strong individual performance in more intricate
multiclass scenarios. We aim to determine whether this
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strategy generalizes well to other problems and delivers
similarly substantial gains.

Additionally, we plan to enhance the chained models
using ensemble methods, such as boosting or
regularization, and to add dropout layers. The latter
would also provide further protection against overfitting.
Given that domain-specific transfer learning did not yield
the anticipated advantages, we intend to explore the
underlying causes in greater depth and test whether
similar patterns emerge across different medical fields or
imaging modalities.

Conclusion

This study examined multiple deep CNN configurations
and the influence of domain-specific transfer learning.
We implemented and assessed binary and multiclass
classifiers based on ResNet34, along with chains of
binary classifiers designed to improve multiclass results.
Classifier chain A achieved the highest performance,
surpassing existing state-of-the-art approaches. Overall,
the findings highlight the promise of deep CNN chains
for clinical FDG-PET scans and emphasize the need for
a more careful examination of transfer learning
techniques in this domain.
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