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Abstract. Interpretable models are crucial for supporting clinical deci-
sion-making, driving advances in their development and application for
medical images. However, the nature of 3D volumetric data makes it
inherently challenging to visualize and interpret intricate and complex
structures like the cerebral cortex. Cortical surface renderings, on the
other hand, provide a more accessible and understandable 3D represen-
tation of brain anatomy, facilitating visualization and interactive explo-
ration. Motivated by this advantage and the widespread use of surface
data for studying neurological disorders, we present the eXplainable Sur-
face Vision Transformer (X-SiT). This is the first inherently interpretable
neural network that offers human-understandable predictions based on
interpretable cortical features. As part of X-SiT, we introduce a proto-
typical surface patch decoder for classifying surface patch embeddings,
incorporating case-based reasoning with spatially corresponding corti-
cal prototypes. The results demonstrate state-of-the-art performance in
detecting Alzheimer’s disease and frontotemporal dementia while addi-
tionally providing informative prototypes that align with known disease
patterns and reveal classification errors.
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1 Introduction

Explainability, i.e., making an automated decision-making process understand-
able for humans, is a fundamental prerequisite for applications in clinical environ-
ments [34]. Yet, deep neural networks do not fulfill this property without further
modification due to their complex information-processing architecture. There-
fore, previous endeavors have focused on developing explainable methods for clin-
ical reports, tabular measurements, video data, and medical images [12,21,22,33].

Cortical surface analysis, however, relies on non-Euclidean data for under-
standing various neurological and psychiatric conditions [2,5,27]. Specifically,
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Fig. 1. Case-based reasoning with X-SiT. X-SiT learns discriminative prototypes of
cortical surfaces; patches are colored in blue and surfaces represent cortical thickness.

triangular meshes are commonly used to represent the cortical sheet and mor-
phological measurements thereof [7,11]. A central advantage of surface-based
representations compared to 3D volumetric images is that they preserve spatial
relations and topological properties of the cortical sheet, crucial for faithful ex-
planations. Moreover, surfaces are well-suited for 3D visualization; they support
interactive exploration, where specific areas of interest can be examined from dif-
ferent angles and depths, providing a more immersive user experience compared
to traditional 2D images. Plotting and interpreting surface-based biomarkers,
e.g., cortical thickness, is also straightforward. As these features are obtained
after considerable processing, they also reduce potential sources of bias, e.g.,
inhomogeneities in image intensities [26].
Related work. Dedicated neural networks were previously developed for corti-
cal surfaces, based on graph-convolutions [14,35] and transformers [4,6]. While
the receptive field of graph-convolutional kernels is limited, transformer-based
models can capture long-range dependencies across the cortical sheet. Unfortu-
nately, the decision-making of transformers can only be understood vaguely by
the attention weights [6], which are considered unreliable explanations [16,19].
Technically most related to our work, an extension of the Vision Transformer
(ViT) [8] with a neural tree decoder (ViT-NeT) [17] was proposed to explain
the decision-making of transformers in computer vision. However, ViT-Net has
inherent flaws when it comes to processing registered cortical surface data. There
are no spatial restrictions on the matching of prototypes; while a bird can be
anywhere in an image, brain regions always align to a template. Moreover, the
sequential traversal of local binary decisions prevents a global comparison of
structural brain patterns. Most interpretable methods in neuroimaging are de-
signed for images [23]. Notable exceptions use saliency maps [1,31], which do not
explain the actual reasoning process of the neural network [28].
Contribution. We present the eXplainable Surface Vision Transformer (X-SiT),
an inherently interpretable transformer-based neural network for the classifica-
tion of cortical surface data. X-SiT leverages the cosine similarity to learned cor-
responding cortical prototypes, which represent a specific cohort, for the decision-
making; see Figure 1 for a visualization. We evaluated X-SiT for detecting two
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Fig. 2. Architecture of the eXplainable Surface Vision Transformer (X-SiT).

common forms of dementia, Alzheimer’s disease (AD) and frontotemporal de-
mentia (FTD), demonstrating competitive performance to state-of-the-art mod-
els. We show that the prototypes learned by X-SiT closely match the discrimi-
native disease patterns from the literature, and we demonstrate their benefit for
comprehending the model’s predictions both locally and globally.

2 Methods

We illustrate the architecture of our X-SiT model in Figure 2. In the following,
we describe its individual building blocks, namely the surface encoder and the
prototypical surface patch (PSP) decoder. On a high level, the X-SiT takes a
registered cortical surface x as input and computes a probability P (c | x) of the
surface x belonging to a certain target class c.

2.1 Surface Transformer Encoder

We use the Surface Vision Transformer (SiT) [6] to encode the input surface,
given as triangular mesh with spherical topology. Throughout this work, we
assume these surfaces were pre-registered to a template, therefore consisting of a
fixed number of |V | vertices. Each vertex comprises a set of F local features, such
as cortical thickness, sulcal depth, and curvature. We partition the surface into
a fixed set of N triangular, non-overlapping surface patches. Hence, we obtain a
sequence of N patches, each comprising M vertices. These patches serve as the
input to the SiT encoder, yielding patch-wise latent embeddings. Specifically, we
convert each input patch of dimension M×F into a latent vector of dimension D,
corresponding to a functional mapping fSiT : RN×M×F 7→ RN×D. The resulting
sequence of encoded patches, which we denote as x = (x1, . . . , xN ), serves as
input to X-SiT’s decoder, which we will explain next.
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2.2 PSP Decoder

To decode the patches into a probability P (c | x) of the input x belonging to
a certain class c — in an interpretable manner, we propose a new prototypical
surface patch (PSP) decoder. The core idea is to compare the encoded patches
to learned prototypes, which consist of brain regions from exemplary cases rep-
resenting the target class c, as illustrated in Figure 1. The underlying principle,
case-based reasoning [3], allows us to reason as “this part in the input looks like
that part from the training set”, the most human-comprehensible reasoning pro-
cess [15,18,25]. However, the nature of cortical surfaces requires corresponding
prototypes, i.e., matching brain regions, to allow for reasoning such as “this cor-
tical region in the input looks like that corresponding cortical region from the
training set”. This is in contrast to image-based prototypical networks [3,17,24],
where the presence of prototypes is typically investigated across the entire im-
age, but it ensures the comparisons made between cortical inputs and examples
from the training set are clinically and anatomically meaningful. By allowing the
model to take individual patches from different training cases, X-SiT can learn
prototypical disease patterns that a single case could hardly cover.
Prototype similarity. Like the input surface, we encode the prototypes with
our SiT encoder, cf. Figure 2. Thereby, we obtain a second, prototypical se-
quence of encoded patches, which we denote by ξ = (ξ1, . . . , ξN ). Based on the
correspondences, two encoded patches xi and ξi with the same index i can be
compared based on the cosine similarity of their latent representations:

cos(xi, ξi) =

∑D
j=1 xi,jξi,j√∑D

j=1 x
2
i,j

√∑D
j=1 ξ

2
i,j

. (1)

Since the prototypical patches represent the target class locally, the cosine sim-
ilarity provides local evidence for or against characteristic structural patterns
being present in the input surface. To further improve interpretability, we rec-
tify all input embeddings to be positive via a ReLU function, prohibiting an
increase of class probability in the absence of features. Therefore, only positive
evidence of the target class is considered, as opposed to “no evidence” when
cos(xi, ξi) ≈ 0.
Sparse scaling. While the cosine similarity indicates the presence of class-
related structural patterns, it does not distinguish between important and less
important regions. To equip X-SiT with the capability to re-weight the im-
portance of individual regions, we scale the cosine similarities with weights
w = {w1, . . . , wN}, such that

∑N
i=1 wi = 1. We enforce sparsity by suppress-

ing the contribution of below-average regions, i.e., weights are set to zero iff
wi < 1/N . The rationale behind the sparsification is to encourage the model
to focus primarily on discriminative brain regions. Moreover, sparse decision-
making is generally known to improve model interpretability [29,32].
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Summation and final prediction. Finally, we compute the class probability
P (c | x) as the weighted sum of cosine similarities:

P (c | x) =
N∑
i=1

wi cos(xi, ξi). (2)

Given that the sum of the weights equals one (cf. definition above), a high prob-
ability P (c | x) ≈ 1, indicates that the input surface resembles the prototypes
in all relevant regions, i.e., regions where wi > 0.

2.3 Training

We train the SiT encoder, the sparse scaling weights, and the prototypes with
binary cross-entropy end-to-end, as indicated by the flames in Figure 2. There-
fore, the SiT maps the input surface x to an optimal latent space for comparison
with the prototypes. Every five epochs, we replace each prototypical patch —
specifically, its latent representation ξi — with the most similar patch from all
training instances at the prototype’s location. Thus, the prototypes correspond
to actual training samples without impairing the stability of the training process.

3 Results and Discussion

3.1 Experimental Setting

We consider two clinical diagnostic tasks to evaluate the performance of the
developed X-SiT model, namely Alzheimer’s disease (AD) diagnosis and de-
tection of frontotemporal dementia (FTD). We compare our approach to non-
interpretable state-of-the-art models for registered meshes, i.e., SpiralNet++ [13],
Spherical U-Net (S-UNet) [35], and the original SiT [6]. Additionally, we imple-
mented an inherently interpretable surface transformer, SiT-NeT, following the
architecture and design of ViT-NeT [17]. We tuned hyper-parameters3 for all
models, based on the balanced accuracy (Bacc) on the validation set. We trained
each model with five random initializations and AdamW [20], using inversely
proportional class-frequency-based loss weights to mitigate class imbalance; all
reported values are the mean and standard deviation across these runs.

3.2 Data and Preprocessing

We used public data from the Alzheimer’s disease neuroimaging initiative (ADNI)4
and the frontotemporal lobar degeneration neuroimaging initiative (NIFD)5. We
3 Search space included learning rate, weight decay, number of conv/transformer

blocks, latent channels, and model-specific parameters such as sequence length for
SpiralNet++ and number of attention heads for SiT/SiT-NeT/X-SiT.

4 https://adni.loni.usc.edu
5 https://memory.ucsf.edu/research-trials/research/allftd

https://adni.loni.usc.edu
https://memory.ucsf.edu/research-trials/research/allftd
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Table 1. Statistics of the datasets used for our experiments. We apply our model to di-
agnosing Alzheimer’s disease (AD) and frontotemporal dementia (FTD). We report the
size of each cohort, the percentage of female subjects (%F), and the age (mean±std.).

Task 1: AD diagnosis Task 2: FTD diagnosis

Split Dataset CN AD %F Age Dataset CN FTD %F Age

Train
ADNI

334 192 49.2 74.2± 6.6 ADNI/
NIFD

392 44 50.7 71.3± 8.1
Val 56 32 51.1 73.8± 6.7 61 10 49.3 70.4± 8.1
Test 55 32 49.4 74.3± 6.5 64 13 50.6 69.6± 8.1

Table 2. Classification results based on validation (V) and test (T) sets for the two
considered diagnostic tasks, i.e., Alzheimer’s disease (AD) and frontotemporal demen-
tia (FTD) vs. cognitively normal, respectively. We report mean±std. of five models
with different weight initialization. We highlight best and second test results, and we
indicate the model’s interpretability.

AD diagnosis FTD diagnosis

Model Interp. Bacc (V) Bacc (T) F1 (T) Bacc (V) Bacc (T) F1 (T)

SpiralNet++ [13] ✗ 73.3±1.3 70.3±0.7 69.0±0.8 88.5±3.4 79.5±0.8 72.3±2.5
S-UNet [35]1 ✗ 65.0±2.6 57.6±3.5 57.2±3.5 76.9±5.2 73.3±5.3 73.0±7.0
SiT [6] ✗ 85.3±2.8 80.5±0.5 80.5±0.9 85.3±2.9 80.6±1.8 74.3±4.4
SiT-NeT2 ✓ 75.0±3.6 68.5±3.6 68.6±3.6 85.3±4.6 72.6±5.0 65.3±6.8
X-SiT (ours) ✓ 84.5±1.4 80.2±2.0 80.6±3.1 87.5±3.0 79.6±1.6 74.0±2.6

1 We used only the encoder of S-UNet, with adaptive average pooling and a classification head.
2 We adapted the ViT-Net model [17] for cortical surface data.

used only baseline scans to avoid subject bias and data leakage. We split the data
into training, validation, and test sets, stratified according to age, sex, and di-
agnosis; see Table 1 for an overview. We focused on subjects diagnosed with AD
from ADNI and FTD patients (behavioral variant; bvFTD) from NIFD, compar-
ing them to cognitively normal (CN) reference cohorts. Due to the low number
of CN samples in the NIFD dataset (n = 72), we combined the CN groups from
both studies for the FTD diagnosis task. We processed all T1w MR images with
FreeSurfer (v7.2) [10], obtaining vertex-wise cortical thickness, curvature, and
sulcal depth maps. Subsequently, we registered the data to the FsAverage tem-
plate, represented as 6th-order icosphere (40,962 vertices). We concatenated the
vertices of left and right hemispheres as inputs for all models.

3.3 Classification Performance

We compare the classification performance of X-SiT to the implemented base-
line methods in Table 2. Notably, for AD detection , X-SiT and SiT outperform
the graph convolution-based models (S-UNet and SpiralNet++) by a large mar-
gin (+10% Bacc on the test set). This is likely due to the ability of transformers
to capture the widespread patterns of cortical degeneration in AD [30], whereas
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Fig. 3. (a) and (b) show mean activation (weighted similarity to prototypes) in red
across correct test set classifications of the dementia class. Higher activation implies a
higher contribution to the detection of the respective disease. Yellow ellipses indicate
the hallmark regions of the respective dementia type: (a) temporal lobe and tem-
poroparietal junction for Alzheimer’s disease and (b) frontal and temporal regions for
frontotemporal dementia. (c) and (d) show model activation for individual predictions.

graph convolutions are inherently limited to aggregating structural information
from local neighborhoods. For the diagnosis of FTD, this advantage seems less
significant; SpiralNet++ achieves the highest Bacc of 88.5% on the validation set.
However, X-SiT and SiT are again at the forefront on the test set (Bacc of 80.6
and 79.6, respectively), indicating better generalization and less sensitivity to
hyper-parameters tuned on the validation set. Overall, the results presented in
Table 2 demonstrate that X-SiT maintains competitive performance compared
to its direct non-interpretable baseline, SiT, while also providing valuable expla-
nations (see Section 3.4 in the following). Notably, the proposed PSP decoder in
X-SiT consistently outperformed the neural tree decoder in SiT-NeT.

3.4 Interpretability

Group level. X-SiT provides global explanations on the group level that help
understanding the model’s general decision-making. In Figure 3 (a) and (b),
we show the weighted patch-wise similarity, wi cos(xi, ξi), of input patches to
real-instance prototypes, averaged across the respective disease group in the test
set. Specifically, Figure 3 (a) indicates that X-SiT, trained for AD detection,
focuses on regions that are actually characteristic of AD: the temporal lobe and
the temporoparietal junction [30]. Additionally, we found contributions from
the frontal and occipital lobes, both of which were previously associated with
AD [9]. Similarly, when trained to detect FTD, X-SiT primarily considers the
hallmark regions of this dementia type, the frontal and temporal lobe, see Fig-
ure 3 (b). Additionally, we found activation in the inferior parietal lobe of the
right hemisphere, which is further in line with findings about FTD [9]. However,
the temporal lobe received a comparably low weight in our FTD experiments.
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AD prototype CN mean
Cortical thickness Sulcal depthCurvature

AD prototype CN mean AD prototype CN mean

CN mean FTD prototype CN mean FTD prototype CN meanFTD prototype

Fig. 4. Prototypical disease-specific input features, i.e., prototypes, learned by X-SiT.
We also show the mean features for the CN group in the training set for comparison.
Gray areas indicate regions that are ignored by the model (wi = 0, cf. Section 2.2).
The visualization is based on the FsAverage template.

A reason could be that we do not explicitly enforce the model to consider all
discriminative regions; the model can learn to focus on the most relevant ones,
therefore fostering easy interpretability.

Individual level. On the individual level, X-SiT’s explanations can aid in as-
sessing the trustworthiness of a prediction. We depict patch-wise similarities
between individual samples from the test set and the prototypes in Figure 3 (c)
and Figure 3 (d). We observe that individual explanations for correctly pre-
dicted dementia cases predominantly follow the pattern observed at the group
level. However, the individual explanation deviates considerably from the ex-
pected pattern in the case of wrong prediction. Consequently, users are enabled
to question the model’s predictions and conduct a manual review of the diagno-
sis when discrepancies arise. This rigorous assessment is essential for selecting
optimal treatment strategies, especially in ambiguous or borderline cases.

Prototypes. By design, the predictions of X-SiT refer to the learned prototypes
presented in Figure 4. Prototypical patches are “stitched together” from different
individuals; hence, they represent prototypical disease patterns that a single case
could hardly cover. Compared to the average cortical thickness in CN cases,
we observe a clear thinning in the learned prototypes. This is expected since
atrophy in cortical gray matter is characteristic of the neurodegenerative process
in both types of dementia [9]. The association of curvature and sulcal depth with
dementia is less extensively studied in the literature [9,30] and we did not find
considerable differences apart from smoothing effects from taking the mean of
the CN group. Yet, they provide a comprehensive picture of the prototypical
anatomy used for the decision-making in our model. Importantly, we found the
prototypes to be relatively robust to random weight initialization, achieving an
overlap of 76.3% and 71.7% for the five AD and FTD models, respectively.
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4 Conclusion

In conclusion, we introduced X-SiT, an interpretable model for surface-based
detection of dementia based on high-resolution cortical features derived from
structural MRI. Our results demonstrate that X-SiT matches the accuracy of
state-of-the-art non-interpretable models in the field. Moreover, the explanations
provided by X-SiT elucidate its decision-making process and help identify failure
cases, thereby enhancing its usability and trustworthiness in clinical settings.
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