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Abstract
Background

Neuroimaging and fluid biomarkers are used in clinics to differentiate frontotemporal dementia (FTD)

from Alzheimer’s disease (AD) and other neurodegenerative and non-neurodegenerative disorders. We

implemented a machine learning (ML) algorithm that provides individual probabilistic scores for these
patients based on magnetic resonance imaging (MRI) and cerebrospinal fluid (CSF) data.

Methods

We used a calibrated classifier with a Support Vector Machine with MRI data. We obtained group
classifications and individual probabilities associated with group correspondence. We used the individual
probabilities to address the clinical problem of confidence in the diagnosis. We investigated whether
combining MRI and CSF levels of Neurofilament light (NfL) and 14-3-3 could improve the diagnosis
confidence.

Results

215 AD patients (65 + 10 years, 137 women), 103 FTD patients (64 + 8 years, 49 women), and 173 healthy
controls (CTR) (59 + 15 years, 106 women) were studied. With MRI data only, we obtained accuracies of
88% in the AD vs. healthy controls (CTR) classification, 87% for FTD vs. CTR, 82% for AD vs. FTD, and
80% when differentiating the three groups. A total of 74% of FTD and 73% of AD participants have a high
(= 0.8) probability of accurate diagnosis in the FTD vs. AD comparison. Adding CSF-NfL and 14-3-3
levels slightly improved the accuracy and the number of patients in the high diagnosis confidence group.

Conclusion

We propose a ML algorithm that provides individual diagnostic probabilities, and we validate it using MRI
and/or CSF data. Our solution holds promise towards clinical applications as support to clinical findings
or in settings with limited access to expert diagnoses.

1. INTRODUCTION

Alzheimer's Disease (AD) is the most frequent neurodegenerative disorder. Frontotemporal dementia
(FTD) is also frequent in people younger than 65 years old and is the main differential diagnosis with AD
in this age group. AD and FTD are characterized by prototypical clinical features and patterns of
progressive brain atrophy that constitute the disease's fingerprint or signature. An early and accurate
diagnosis is essential for treatment, prognosis, and genetic counseling. However, there is considerable
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individual variability in the clinical features, especially in the early stages. This limits the accuracy of the
clinical diagnosis at this stage.

During the last two decades, fluid biomarker studies have substantially improved the diagnosis of
neurodegenerative dementias. The current clinical criteria for AD diagnosis include cerebrospinal fluid
(CSF) biomarkers, such as the amyloid-beta protein 42 (AB42), the total tau (t-tau), and phosphorylated
tau (p-tau) (1, 2). However, currently, FTD criteria do not include biochemical markers. Neurofilament light
chain (NfL) levels, a marker of neuroaxonal damage, and 14-3-3 protein levels, a marker of synaptic-
neuronal loss, have been both proposed as nonspecific neurodegeneration markers that could support the
diagnosis of FTD, although their levels are also increased in AD compared to controls (3-6).

Magnetic Resonance Imaging (MRI) is broadly used in the study of AD and FTD, both at the research and
the clinical levels. Visual evaluation of the atrophy pattern is mainly used in the clinical setting (7, 8).
Quantitative MRI studies have described patterns of cortical thickness and gray matter (GM) volume loss
in AD and FTD at the group level when compared separately with healthy populations (9-14). However,
quantitative MRI studies are only scarcely used in clinics due to technical difficulties and limited accuracy
in performing the diagnosis at the individual level.

A growing body of evidence supports the role of machine learning (ML) techniques using brain MRI (15—
17) to support the clinical diagnosis of these two dementias (18—22). Many studies have shown that a
support vector machine (SVM) with neuroimaging data differentiates AD or FTD patients from healthy
controls (22-27). However, fewer studies exist on the differential diagnosis of these two dementias, even
though the clinical symptoms of FTD and AD can display a substantial overlap between them (28-30).

In this study, we aimed to develop a probabilistic computer-aided classification method for FTD and AD,
using MRI data assuming that there will be overlapping and differential brain patterns in these two
neurodegenerative disorders. Then, we addressed the clinical problem of diagnosis confidence using
individual prediction probabilities. Finally, we proposed investigating whether combining MRI and CSF
biomarkers could lead to better differentiation of these two dementias and gain more confidence in the
diagnosis.

2. MATERIALS AND METHODS
2.1. Participants

We recruited the participants from the Alzheimer's disease and other cognitive disorders unit of the
Hospital Clinic de Barcelona (HCB), Barcelona, Spain. All participants underwent a complete clinical and
cognitive evaluation and a 3T high-resolution structural MRI scan. Participants with a history of stroke,
traumatic brain injury, major psychiatric disorder, or alcohol abuse were excluded.

All AD participants fulfilled the criteria for mild dementia due to AD (1, 2) supported by the CSF
biomarkers profile suggesting underlying AD neuropathology according to National Institute on
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Aging/Alzheimer's Association Research Framework 2018 (31). The FTD participants fulfilled the
diagnostic criteria for either behavioral variant frontotemporal dementia (bvFTD) or FTD-related primary
progressive aphasia (PPA) phenotypes, including Semantic Variant Primary Progressive Aphasia (svPPA)
and Nonfluent Variant Primary Progressive Aphasia (nfvPPA) (32, 33). All FTD patients included here
showed a CSF profile not suggestive of AD. Healthy adults (CTR) had cognitive performance within the
normative range (cutoff 1.5 SD from the normative mean).

The HCB Ethics Committee approved the study (HCB 2019/0105), and all participants gave written
informed consent.

2.2 Biochemical markers

We used commercially available single-analyte enzyme-linked immunosorbent assay (ELISA) kits to
determine levels of CSF NfL (IBL International, Hamburg, Germany) and CSF 14-3-3 (CircuLex, MBL
International Corporation, Woburn, MA) at the Alzheimer's disease and other cognitive disorders unit
laboratory, Barcelona, Spain.

2.3 MRI acquisition

We acquired a high-resolution 3D structural dataset (T1-weighted, MP-RAGE, repetition time = 2.300 ms,
echo time = 2.98 ms, 240 slices, field-of-view = 256 mm, voxel size =1 x 1 x T mm) for everyone at each
time point in a 3T Magnetom Trio Tim scanner (Siemens Medical Systems, Germany) upgraded to a 3T
Prisma scanner (Siemens Medical Systems, Germany) during the study.

2.4 MRI processing

We used the processing stream available in FreeSurfer version 6.0
(http://surfer.nmr.mgh.harvard.edu.sire.ub.edu/) to perform cortical reconstruction and volumetric
segmentation of the T1-weighted acquisitions. FreeSurfer allowed us to obtain cortical thickness (CTh)
maps and segment the subcortical structures (34,35). From reconstructed data, we got summary
measures of mean CTh and GM volumes across the left and right hemispheres and summary measures
of mean CTh in 68 cortical regions and GM volumes of 16 subcortical structures, all derived from atlases
available in FreeSurfer (36, 37). The estimated intracranial volume estimated with FreeSurfer was used to
normalize volume measures. All images and individual segmentations were visually inspected and
manually corrected if needed.

2.5 MRI-based individual probabilistic classification
algorithm

We used all CTh values, GM subcortical volumes, and the age of the participants to create our ML
algorithm. We introduced the regional measures of both hemispheres separately, leading to a total of 84
features per subject (see Supplementary Material).
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We first converted MRI data to z-scores. We implemented a calibrated classifier with an SVM as a base
estimator to predict these values. For each classifier, we fitted a regression that distributes the classifier's
output to calibrate the probability between 0 and 1. We created classifiers for each pair of diagnostic
groups (AD vs. CTR, FTD vs. CTR, and AD vs. FTD) and across the three groups (AD vs. FTD vs. CTR).
Then, we subdivided the FTD group into bvFTD and PPA, and we used them as independent groups in a
new set (AD vs. bvFTD, AD vs. PPA, CTR vs. bvFTD, CTR vs. PPA, and bvFTD vs. PPA). All the
comparisons were performed with a 5-fold cross-validation to evaluate the performance of the
classification. Then, we analyzed the importance of each region for the decision of the classification
through a permutation feature importance estimation (38) using the test data of each run. The higher the
weight, the larger the importance of the feature in the classification.

We obtained individual probabilities associated with group correspondences as output values for each
test data point given by the calibrated SVM. Notably, they had complementary values (i.e., the probability
of one group is equal to 1 minus the probability of the other in the classification between two
diagnostics), and they were directly associated with the output category (i.e., the final classification was
the one with probability >0.5). We conventionally set two levels of diagnosis confidence: an individual
probability = 0.8 (or < 0.2) was considered to provide high diagnosis confidence, while probabilities
between 0.2 and 0.8 were considered a “gray zone”, with lower or insufficient diagnosis confidence for the
clinical decision. Thus, we estimated the accuracy and the number of individuals with a high probability
of being from the group for each classification.

Finally, we aimed to explore if NfL and 14-3-3 levels could help diagnose the individuals of the gray zone
of the MRI diagnosis for the following comparisons due to the available data: AD vs. CTR, FTD vs. CTR,
and AD vs. FTD. Thus, we created a reduced dataset with subjects having MRI data, NfL, and 14-3-3
levels. We trained and tested the proposed algorithm in 3 situations: MRI-based algorithm, CSF-based
algorithm, and MRI and CSF-based algorithm to study if the individual probabilities towards the actual
class increased. We did not include AB42, t-tau, and p-tau levels to avoid circularity, as these markers were
used in the clinical diagnosis according to current criteria.

We implemented the ML algorithm in Python version 3.10.6 (www.python.org) with the Scikit-learn library
(39).

3. RESULTS
3.1. Sample demographics

The prospective study includes 491 subjects: 215 AD, 103 FTD (56 bvFTD, 24 svPPA, 21 nfvPPA, and 2
PPA), and 173 cognitively normal control (CTR) participants. A subset of the study participants had CSF
measures available: NfL (N =365) and 14-3-3 (N = 182). Table 1 shows demographic information, group
statistics, and biomarker levels. As expected, CSF biomarkers levels showed significant differences
between groups (corrected p-value < 0.05). There were differences in age and sex. As expected, based on
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previous studies, AD and CTR groups had more women than men; meanwhile, the FTD groups were more
harmonized. Regarding age, healthy controls were younger than AD and FTD participants.

Table 1

Group summaries written as each measure's mean and standard deviation. We calculated differences
between groups using Fisher Test for sex or the Anova Test for the rest of the variables. We highlighted
the significant group differences in bold. We measured pairwise differences with a Benjamini-Hochberg
correction p-value). CTR: healthy subjects, AD: Alzheimer's disease, FTD: frontotemporal dementia, NfL:

neurofilament light chain.

CTR AD FTD CTR-AD p- CTR- AD-FTD p-
values FTD values
p-
values
N MRI 173 215 103 - —
Sex at MR, 67/106 78/137 54/49 0.67 0.049 0.022
Men/Women
Age at MR, (59.4 ) 65.0 (9.9) 63.7 (8.3) 1.3e5 0.0045 0.39
15.0
years (SD)
N CSF NfL 112 175 78 - —
CSF NfL, 536.1 1134.7 2340.6 1.2e07 <2e 5.9e06
(312.6) (587.1) (1736.3) 16
pg/mL
(SD)
N CSF 14-3-3 50 68 64 — —
CSF 14-3-3, 2531.9 5727.3 42349 <2e16 3.0e- 5.9e06
(748.2) (2303.5) (1869.1) 06
pg/mL
(SD)

3.2. MRI-based probabilistic classification algorithm

We estimated the accuracy performance of our algorithm as the mean accuracy obtained in each k-fold
of the test data. We got an accuracy of 88 + 8% when discriminating AD patients from CTR, and 87 + 4%
when determining FTD patients from CTR. When we tried classifying AD vs. FTD patients, the accuracy

was 82 + 6%. Finally, we obtained an accuracy of 77 + 6% when discriminating between the three groups
(AD vs. FTD vs. CTR) (Table 2).
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Table 2
Classification performance of the different approaches and the percentage of
participants with a higher probability of 80% in the diagnosis grouped by
diagnosis.

MRI all data
(N=491)

MRI reduced data
(N=178)

CSF data
(N=178)

MRI and CSF data
(N=178)

AD vs CTR

Accuracy: 87.7%
AD: 73.4%

CTR: 64.5%
Accuracy: 88.5%
AD: 67.2%

CTR: 55.3%
Accuracy: 93.0%
AD:72.1%

CTR: 71.7%
Accuracy: 90.3%
AD: 68.1%

CTR: 64.4%

FTD vs CTR

Accuracy: 86.9%
FTD: 74.2%
CTR: 73.3%
Accuracy: 85.6%
FTD: 68.1%
CTR: 54.3%
Accuracy: 86.6%
FTD:72.1%
CTR: 23.5%
Accuracy: 86.5%
FTD: 70.8%
CTR: 53.2%

AD vs FTD

Accuracy: 81.8%
AD: 73.3%

FTD: 74.2%
Accuracy: 84.6%
AD: 53.2%

FTD: 54.4%
Accuracy: 83.8%
AD: 40.6%

FTD: 45.9%
Accuracy: 88.5%
AD: 60.7%

FTD: 55.1%

As can be seen in Fig. 1, the resulting algorithms were well-calibrated, which allowed us to create
confidence ranges in the algorithm classification. The comparison of AD vs. CTR showed that 73% of AD
participants and 65% of CTR participants presented a probability higher than 0.8. In the FTD vs. CTR
comparison, we found 74% FTD participants and 73% CTR participants with a probability = 0.8. Finally,
when discriminating AD vs. FTD, we found 73% AD participants and 74% FTD participants with
probabilities above 0.8 for being classified as AD or FTD, respectively. Figure 2 shows the density of the
individual probabilities and how the distribution between the clinical and the algorithm diagnosis is
distributed within the group with an individual probability = 0.8. Notably, the algorithm diagnosis and the
clinical algorithm did not always coincide, also inside the higher probability of 0.8 (high confidence).

Then, we aimed to study the FTD clinical subtypes separately. Due to limitations in sample size, we
merged svPPA and nfvPPA in the same group-PPA. We obtained 91 + 2% accuracy for classifying bvFTD
patients vs. CTR and 93 + 4% when discriminating PPA patients from CTR. In both cases, the accuracy
increased compared to the accuracy reported for all FTD together (87 + 4%). Compared with AD, we
obtained 85+ 3% for the bvFTD vs. AD comparison and 91 = 3% for the PPA vs AD. Finally, we obtained
an accuracy of 68 + 6% discriminating bvFTD from PPA.

3.3. Important MRI regions for classification
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Figure 3 shows the region weights associated with each comparison. In summary, when comparing AD
versus CTR, the GM volume of the hippocampus, putamen, and amygdala played the most crucial role.
For FTD vs. CTR, we found that occipital, parietal, and frontal regions emerged as the top regions for the
classification. Finally, when discriminating both dementias (AD vs. FTD), we found a widespread pattern
in which the CTh measures were generally more important than subcortical GM volumes, especially those
in the frontal lobe.

The results of the most crucial regions in the classifications considering bvFTD and PPA participants are
shown in Fig. 4. When discriminating bvFTD from CTR, the frontal and temporal lobes and the GM
volume of the ventricles were the most important areas. In contrast, when differentiating between CTR
and PPA participants, the top regions were GM volumes of the hippocampus, amygdala, and temporal
lobe. When discriminating AD from bvFTD, the most important areas were the temporal, parietal, and
occipital lobes. The frontal, parietal, and occipital lobes emerged in the PPA vs. AD discrimination. Finally,
when discriminating bvFTD vs. PPA, the regions which contributed the most were the frontal, temporal,
and occipital lobes.

3.4. Individual probabilities using MRI and CSF data

The group classification performance of the algorithm and the percentage of participants with an
individual probability = 80% using MRI-only, CSF-only, and combined MRI and CSF data are presented in
Table 2. Adding NfL and 14-3-3 data to the MRI data did not improve the results. However, some
conclusions could be derived from the results.

For comparing AD vs. CTR, adding CSF data to the MRI did not increase the classification rate (Table 2,
Fig. 5). However, CSF data (NfL and 14-3-3) alone was enough to discriminate between AD and CTR
participants.

Contrarily, in the comparison between FTD and CTR having MRI and CSF, more participants were
classified with high confidence, with a probability = 0.8 (see Table 2 and Fig. 5). The accuracy with only
CSF data and that of MRI + CSF data was very similar, 87 + 8% and 86 + 9%, respectively; however, when
adding CSF data, CTR subjects with a CTR-probability higher than 0.8 increased from 23-53%. Thus, in
this case, combining the MRI and CSF data reduced the participants in the gray zone of the diagnosis.

Finally, when we compared AD and FTD participants, combining MRI and CSF data increased both the
accuracy and the number of subjects with a probability = 0.8 (see Table 2 and Fig. 5).

4. DISCUSSION

In this study, we implemented a machine learning algorithm that discriminates FTD and AD subjects
using data from structural MRI. In addition, our algorithm was able to differentiate subtypes of FTD with
good accuracy. Clinical diagnosis requires decisions at the individual level, and the degree of confidence
in the diagnosis is key in managing the patient. We approach the clinical question of diagnosis
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confidence using individual probabilities. Among our key results, we found that 74% FTD and 73% AD
participants showed an individual probability = 0.8 of being well-classified by the algorithm in the FTD
vs. AD comparison. Adding CSF neurodegeneration markers (NfL and 14-3-3) levels did not significantly
improve the diagnosis classification or the number of patients with high individual probability for the
diagnosis.

Previous ML algorithms using structural MRI data have reported accuracies between 76 and 97% for AD
vs. CTR, 72—-88% for FTD versus CTR, 51-90% for AD versus FTD, and 54-70% in discriminating between
AD, FTD, and CTR (7,11, 18, 21, 22, 40-47). These studies used different algorithms, with the SVM being
the most common.

We obtained accuracies that are in accordance with, or even outperformed, previously reported
algorithmes, especially for AD vs. FTD (16, 17, 48—50). We have differentiated FTD expressions (bvFTD
and PPA) against AD or CTR, outperforming previously published works (11, 21, 46). First, regarding the
comparisons with CTR, for bvFTD, we obtained a 91% accuracy, and in the case of the PPA participants,
an accuracy of 93%. When classifying bvFTD and PPA separately against AD, we obtained accuracies up
to 90% for both cases. However, when we tried to classify bvFTD vs. PPA, we obtained an accuracy of
68%, which is lower than the accuracy reported by Kim et al. (41), probably due to differences in the
algorithm.

We depicted the patterns that drive accuracy for each classification setting, to obtain a comprehensive
explanation of structural changes in both dementias. The GM volume of the hippocampus, putamen, and
amygdala were essential in differentiating AD from CTR. By contrast, when differentiating FTD from CTR,
the cortical regions were the most important, especially the CTh of occipital, parietal, and frontal regions.
According to this, GM volumes of subcortical areas could help to identify AD patients, and the thickness
of the cortex could be the key to identify FTD participants. This is in agreement with findings obtained
with more classical analysis methods (12, 51-57). Finally, regarding the FTD variants, frontal brain
regions emerged for the bvFTD, and hippocampus and temporal regions were the most important in PPA,
as reported before (51).

Besides reaching good accuracies, one of the main novelties of our work is that we obtained the
individual probabilities for each diagnosis in all comparisons. Notably, as we built our first set of
algorithms uniquely with MRI data, these probabilities might reflect each individual's brain atrophy
severity. Using these values, we could identify the participants with high diagnosis confidence (with a
probability upper to 80%) and those who do not have that high confidence that could be a candidate for
further evaluations. Notably, more than 70% of AD and FTD participants were classified with high
diagnosis confidence in the FTD vs. AD comparison.

Other studies using multimodal information also reported high classification accuracy combining data
from different imaging modalities or other biological and clinical measures (24, 40, 49, 58). Even so, in
some cases, our scores with only structural MRI data showed better accuracy (18, 46, 59, 60). Here, we

evaluated if adding CSF data to the MRI could improve the accuracy or the number of participants with a
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high diagnosis confidence. This could help in reducing the number of clinical tests that usually have to
take these patients. This approach could detect which participants need extra clinical tests and which
ones; another clinical examination would not provide new evidence. In our cohort, adding NfL and 14-3-3
CSF data to the MRI data provided was beneficial for the accuracy of the group classification or the
number of participants with high individual diagnosis probability, especially in the comparison where FTD
participants were involved. The fact that both, NfL and 14-3-3 levels and MRI data reflect
neurodegeneration and no other aspects of the pathophysiological processes in these diseases could
explain the reduced improvement by adding CSF data. We did not use AB42, t-tau, and p-tau to avoid
circularity, as they were used for the AD clinical diagnosis.

Overall, our study has several strengths. First, its good performance makes it suitable for potential
implementation in a clinical setting, especially in doubtful cases or locations with limited access to expert
opinion or additional biomarkers. The key to individual probabilities, thanks to the calibrated algorithm,
also might represent a step toward personalized medicine. For example, it could be used to identify the
best patients to receive the new drugs or for clinical trials. In addition, at the level of explainable ML, we
identified the most critical regions for classification, contributing to the definition of structural atrophy
patterns, and may be used for identifying target regions in further studies.

Our study also presents several limitations. First, it is unicentric. It has the advantage that all the
participants had the same MRI scanner protocol and clinical criteria for the diagnosis. In the case of
using the algorithm in other centers, the increased heterogeneity of the data could worsen the algorithm's
performance. Another limitation regarding the FTD participants is that, when looking at the different
clinical expressions, we reduced the sample size to approximately 50 participants for each group, and
svPPA and nfvPPA had to be studied together. This means that the results are subject to large sampling
variability. Future studies could further explore the subanalyses with the FTD phenotype subtypes in more
detail. Finally, only some participants had NfL and 14-3-3 data available, and the smaller sample size
might have impacted the results.

In conclusion, the proposed diagnosis algorithm has shown high accuracy classification scores with
structural MRI data to discriminate AD, FTD, and CTR. This approach also provided individual MRI-based
classification probability scores as an ancillary tool for studying the overlapping results between FTD and
AD and a surrogate estimation for the confidence in the ML diagnosis.

Abbreviations

AD=Alzheimer’s disease
AB42=Amyloid-beta protein 42
bvFTD=Behavioral variant frontotemporal dementia

CSF=Cerebrospinal fluid
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CTh=Cortical thickness

CTR=healthy subjects
FTD=Frontotemporal dementia
HCB=Hospital Clinic de Barcelona
ML=Machine Learning
MMSE=Mini-Mental State Examination
MRI=Magnetic Resonance Imaging
NfL=neurofilament light chain
nfvPPA=Nonfluent Variant Primary Progressive Aphasia
PPA=Primary progressive aphasia
SVM=Support Vector Machine

svPPA=Semantic Variant Primary Progressive Aphasia
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We plot the calibrated probabilities versus the uncalibrated probabilities. Each point represents the
individual probability for each classification obtained with calibration and without calibration step. We
represent the test data together.
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Figure 2

Density plot to study the obtained individual probabilities with the MRI-based algorithm. The clinical
diagnosis is identified with triangles or circles, and the algorithm’s diagnoses are plotted with different
colors. CTR: healthy subjects, AD: Alzheimer’s disease, FTD: frontotemporal dementia.
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Figure 3

Cortical (top) and subcortical (bottom) patterns of the feature importance of each region associated with
AD and FTD. At a higher value major importance of that region for the classification.
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Figure 4

Cortical (top) and subcortical (bottom) patterns of the feature importance of each region associated with
bvFTD and PPA. At a higher value major importance of that region for the classification.
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Density plot to study the obtained individual probabilities with the MRI-based, CSF-based, and MRI- and
CSF-based algorithms. It can be seen in the clinical diagnosis with triangles or circles and the algorithm’s
diagnosis, plotted with different colors. CTR: healthy subjects,
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