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Abstract: A deformation of the hard palate can occur in
spinal muscular atrophy and leads to problems with feeding
and swallowing in early childhood. An objective analysis of
the palatal changes is therefore desirable for early treatment
initiation. In this study, we investigate a deep learning ap-
proach to automatically detect deformation in endoscopic im-
ages which were collected in a prospective in-vivo study on
33 infants. Ratings of five different experts were used to quan-
tify the deformation and to train our network. We investigate
different network architectures and data set splits and achieve
classification performances of up to 0.85 £ 0.05 when distin-
guishing between normal and deformation using the Efficient-
Net architecture. This combination of endoscopic imaging and
deep learning offers a first approach for the objective assess-
ment of palatal changes.

Keywords: palatal deformations, endoscopic analysis, con-
volutional neural networks, spinal muscular atrophy

1 Introduction

Spinal muscular atrophy (SMA) is a genetic disease that af-
fects around 12 in 100,000 children [1]. This disease is associ-
ated with a degeneration of motor neurons resulting in muscle
atrophy and weakness [2] and often associated with a swal-
lowing disorder [3]. Before the introduction of new disease-
modifying therapies, the disease was classified into different
types, reflecting the severity of the symptoms that range from
severe hypotonia and survival rates of a maximum of two years
in 90% of the patients (Type I) to minor muscular weakness
correlated with scoliosis or osteoporosis in adulthood (Type
IIT) [4]. In Type I, the frequent occurrence of a hyper-ogival
palate was described [4] which was recently identified as a
risk marker of sudden unexpected death in infancy [5]. So far,
no effective medical treatment strategies have been found, and
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current research is focusing on the search for suitable thera-
peutic strategies [2]. In order to plan treatment, the stage of
the disease must be determined, and identifying the onset of
palatal deformity is a crucial step.

Various methods have been proposed to assess the geom-
etry of the palate, e.g., by taking plaster casts [6], creating dig-
itized maxillary dental casts [7], acquiring cone beam CT im-
ages [8], or analyzing trans oral images acquired with a mobile
device [9]. However, none of these approaches are suitable for
repeated use for close monitoring of infants or toddlers. For
these patients, it is crucial to find minimally invasive methods
that do not require anesthesia or a high level of patient co-
operation. Therefore, we investigate the application of a thin
flexible chip-tip Videoendoscope with 3.2mm diameter (Pat-
Com Medical GmbH) to examine the palate of healthy infants
and SMA patients.

In several studies, the benefit of deep learning for clas-
sification, segmentation, or anomaly detection tasks has been
shown, e.g., by improving the efficiency and accuracy of diag-
nosis [10]. Especially convolutional neural networks (CNNs)
have been proven to be efficient in processing medical image
data, including endoscopy [11]. In this work, we present a deep
learning approach for an automated analysis of the endoscopic
image data to assist early detection of palatal deformations.
We use the assessment of five clinical experts as the basis for
our training. In our experiments, we investigate different deep-
learning architectures for deformation classification and the
impact that data sets of individual patients have on the classi-
fication. In particular, we are examining whether it is possible
to use deep learning to detect deformations even in data sets
where experts could not find a consensus.

2 Material and Methods

2.1 Data set

As part of the study "OSMA (Objective capture of swallow-
related outcomes in infants and young children with SMA)"
carried out by the University Medical Center Hamburg-
Eppendorf we acquired images of the palate using a flexible
chip-tip Videoendoscope. Patients are stimulated to open their
mouths and, while opening the mouth, image data of the palate
is recorded from various directions. Depending on the coop-

This work is licensed under the Creative Commons Attribution 4.0 International

65



= L. Schild et al., Deep Learning for Palatal Deformations in SMA

ﬁ

(c) Visible Deformation

(b) Tendency towards

(a) No anomalies deformation

Fig. 1: Example images for each medical classification

erativity of the patients, image sequences could be recorded,
varying in length between 2 and 19 seconds. Our data set con-
sists of a total of 44 video sequences of 11 healthy subjects
and 22 patients suffering from SMA, that have been converted
to 8304 images. The SMA patients show different stages of
palate deformation. To establish ground truth for the classifica-
tion, we conducted a blinded grading study in which one set of
images per subject was evaluated by five clinical experts, i.e.,
three otorhinolaryngologists and two speech therapists. These
experts classified the image data set per subject as showing
"no anomalies" (N), a "tendency towards deformation" (T), or
a "visible deformation” (D) as exemplary shown in Fig. 1.

To evaluate the statistical evidence of the expert’s classi-
fications we calculate the non-parametric interobserver vari-
ability. Based on the Fleiss’ approach [12] we observe a kappa
value of 0.29 for all examiners when distinguishing between
the three categories, which refers to a fair agreement [13]. The
score shows a high variability in the classification and rather
subjective assessments. If only considering the rating of N and
D, a Fleiss’” kappa of 0.83 is obtained, showing that a binary
classification is more accurate and appropriate for training the
model. To address the observer variability, we define that there
must be at least four matching expert opinions for N and at
least three matching experts for D to assign the respective data
to the class. This ensures that normal patients are classified as
normal by the vast majority, while the threshold for deformed
patients is set lower to be more sensitive to deformity. The re-
maining data sets that are classified as having a tendency or
where the opinions do not match are put aside as uncertain pa-
tients. The characteristics of the two classes and the uncertain
data are shown in Tab. 1.

Tab. 1: Class characteristics. The information on subject age are
given in months.

Class Patients | Pictures | Agerange | Mean age
Normal 17 2599 0-21 8.2
Uncertain | 18 3111 0-35 11.7
Deformed | 8 2594 14-80 33.1
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Fig. 2: For the five-fold cross-validation each patient group is used
as validation data while data from the other groups are used in
the training (ratio: 20% to 80%). The trained models based on

the EfficientNet architecture, are evaluated using the test data to
identify the optimal model. This best-performing model is then
employed to classify the uncertain data.

2.2 Deep Learning Methods

We design a deep learning approach for the classification of
palate deformation using different pre-trained CNN architec-
tures. Given the endoscopic images of one patient as input,
the trained network should predict the probability of the two
deformation classes. In a preliminary study, we investigate
the classification performance for four architectures that have
different numbers of layers and parameters, namely ResNet-
18, ResNet-50, DenseNet, and EfficientNet. Based on the re-
sulting performance, EfficientNet is selected for the cross-
validation described in the following, as it is particularly well
suited to performing this classification task due to its signifi-
cantly larger number of layers.
To evaluate the ability of the network to classify the clinical
data, a five-fold cross-validation is carried out with individ-
ual patients in the test data set. Thereby, overfitting of the data
is avoided and the differences between various probands and
their effects on the performance of the learning are investi-
gated. As there are big differences in the size of the patients’
data sets, groups (Norm1-Norm?7, Def1-Def6) are created to
generate approximately equal quantities while respecting the
ground truth annotations as well as the probands’ age (i.e.
Norml! patients are of age Om and Norm7 of ages 16 to 21
months). The networks are trained for 200 epochs using the
Adam optimizer and a learning rate 0.0001. The EfficientNet
is pre-trained on ImageNet and the implementation is done in
Python using Pytorch Version 2.2.2. and Keras Version 2.15.0.
For the last step, we identify the best model by choos-
ing the model with the best combination of the metrics test
accuracy, precision, recall and fl-score. The entire process is
illustrated in Fig. 2. To compare the clinicians’ ratings with the
network’s classification, we then show all data, including the
uncertain set, to the corresponding model. As the medical pro-
fessionals only had the option to rate between three categories
N, T and D, we need to convert the scoring into a binary prob-
ability.
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Therefore the probability of clinical deformation is defined as
1
Ppmeda = ¢ - (0- Ny +0.5-Np +1-Np),

where N; is the number of votes for each category (N: Nor-
mal, T: Tendency, D: Deformed). As five clinicians evaluated
the data the maximum score would be 1 (all clinicians see de-
formation) and the minimum score would be 0 (all clinicians
rate the patient as normal).

3 Results

The results of the cross-validation over different patient groups
are depicted in Tab. 2. The comparison of the clinical prob-
ability and the network’s evaluation is shown in Fig. 3. The
associated Pearson coefficient of the two ratings is 0.76.

Tab. 2: Results of cross-validation for testing on separated patient
groups from each class using the EfficientNet.

(a) Normal
‘ Accuracy Precision Recall F1
Norml | 0.76+0.07 0.80£0.05 0.76£0.07 0.75+0.09
Norm2 | 0.72+0.07 0.7410.06 0.72£0.07 0.70£0.09
Norm3 | 0.80+0.09 | 0.84+0.06 | 0.80+0.09 | 0.79+0.11
Norm4 | 0.71+£0.08 0.73+0.07 0.71+£0.08 0.7010.09
Norm5 | 0.78+0.08 0.80+0.07 0.78+0.08 0.78+0.10
Norm6 | 0.76+0.07 0.78+0.06 0.76+0.07 0.75+0.08
Norm7 | 0.7740.06 0.78+0.05 0.77£0.06 0.77£0.06
(b) Deformed
‘ Accuracy Precision Recall F1
Defl | 0.7740.03 0.79+0.03 0.77+£0.03 0.77+0.04
Def2 | 0.6540.04 0.71+£0.05 0.651+0.04 0.62+0.06
Def3 | 0.80+0.06 0.82+0.05 0.80+0.06 0.79+0.07
Def4 | 0.85+0.05 | 0.85+0.04 | 0.85+0.05 | 0.85+0.05
Def5 | 0.75+£0.09 0.76£0.08 0.75+0.09 0.74£0.10
Def6 | 0.7540.10 0.7610.10 0.75+0.10 0.74£0.10

4 Discussion

The evaluation of the cross-validation according to different
patient groups in Tab. 2 shows that there are differences in the
detectability of the individual classes as well as for the individ-
ual patient groups within a class. The mean values of the met-
rics are between 0.70 and 0.84 for class normal and between
0.62 and 0.85 for class deformed. It should be noted that the
general variability in the metrics is higher for the deformed
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Fig. 3: Comparison of clinicians’ score with the classification rate
of the network (0: No deformation, 1: Clear deformation)

patients, implying different grades and variations of the dis-
ease while healthy patients show a more uniform picture.The
impact of age on categorization appears inconclusive, as the
performance metrics for older patients do not show significant
improvement or deterioration. Nonetheless, it is important to
note, as demonstrated in Tab. 1, that the patients with defor-
mities have a higher average age because the deformation be-
comes more clearly visible beyond a certain age threshold.

When evaluating all patients separately using the best-
performing model (Fig. 3), it is noticeable that there is an ev-
ident linear relationship between the network’s rating and the
clinicians’ classification. This is further reflected in the high
value of the Pearson correlation. However, some outliers in-
dicate, that the network does not always agree with the clini-
cians’ opinions. An example is the point at (0.57 | 0.8), which
represents one of the patients from the Def2 group shown
above. This does not appear to be perceived as deformed by
the network, as already shown by the poorer performance in
Tab. 2. As this patient was also only rated by three experts
as deformed and by two experts as a tendency, the network’s
rating of 0.57 reflects the observer variability.

Overall, it can be concluded that it is possible to clas-
sify the available data using suitable networks. The classifi-
cation shows very satisfactory results given the limitations of
the small data set and the variance of data quantity between the
patients. However, the uncertainty of annotations by the clini-
cal experts should be addressed in future studies with a more
standardized evaluation scheme.
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5 Conclusion

This paper showed that an automatic assessment of palatal de-
formity from endoscopic images can be achieved using deep
learning methods. Our results demonstrate that a classifica-
tion in normal and deformation is possible. Thus, the method
has great potential to assist in clinical detection, especially in
settings where multiple expert opinions are not available. It
is an important step towards preventing swallowing disorders
in SMA patients and thus improving their chances and dura-
tion of survival. In future work, a more standardized clinical
classification procedure could be developed to minimize the
uncertainties in annotation by specialists. Once a much larger
data set is available, anomaly detection seems to be a promis-
ing alternative method for this problem, as it has already been
successfully applied for medical image analysis [14], particu-
larly for endoscopy images [15].
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