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Abstract
Purpose We studied a pediatric group of patients with sellar-suprasellar tumors, aiming to develop a convolutional deep 
learning algorithm for radiological assistance to classify them into their respective cohort.
Methods T1w and T2w preoperative magnetic resonance images of 226 Chilean patients were collected at the Institute of 
Neurosurgery Dr. Alfonso Asenjo (INCA), which were divided into three classes: healthy control (68 subjects), craniophar-
yngioma (58 subjects) and differential sellar/suprasellar tumors (100 subjects).
Results The PPV among classes was 0.828±0.039, and the NPV was 0.919±0.063. Also explainable artificial intelligence 
(XAI) was used, finding that structures that are relevant during diagnosis and radiological evaluation highly influence the 
decision-making process of the machine.
Conclusion This is the first experience of this kind of study in our institution, and it led to promising results on the task of 
radiological diagnostic support based on explainable artificial intelligence (AI) and deep learning models.
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Introduction

Craniopharyngiomas are congenital, low-grade (WHO grade 
I) epithelial brain tumors that affect the sellar and suprasellar 
regions. Its annual incidence rate is reported about 0.05–0.2 
per 100,000 individuals [1] and they account for 1–4% of 
brain tumors in children but comprise approximately 54% 
of tumors in this location in children under 15 years old, 
without gender or race distinction [2]. Craniopharyngioma 
occurs in a bimodal age distribution, with peak onset ages 

ranging from 5 to 14 years and 50 to 74 years [3]. Five-
year survival rates are high (91–95%), but due to its locally 
aggressive growth pattern and their tendency to infiltrate 
the hypothalamus, optic chiasm, and vascular structures, 
they are associated with a high percentage of morbidity [4, 
5]. The clinical manifestations of craniopharyngiomas are 
diverse, depending on the tumor location, size, growth pat-
tern, and relation with adjacent brain tissue.

The main histological subtype is adamantinomatous. 
These types of craniopharyngiomas, more common in chil-
dren, and typically appear heterogeneous on imaging with 
cysts, nodules, fibrosis, calcifications, and hemorrhagic 
changes. The other histological variant is papillary and 
accounts for 10–15% of all craniopharyngiomas.

Adamantinomatous craniopharyngiomas are mostly 
caused by mutations in the Wingless pathway (WNT path-
way) involving the CTNNB1 gene encoding �-catenin. 
Activating mutations in this pathway have been described 
in more than 2/3 of patients with adamantinomatous crani-
opharyngiomas [6]. The remaining cases are proposed to 
involve the MAPK/ERK pathway, offering the opportunity 
for treatment with Mek inhibitors [7]. In papillary crani-
opharyngiomas, BRAF V600E mutations are detected in 
90% of patients [6]. Molecular subtype differentiation based 
on classic neuroimaging criteria is not possible [8].
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The main diagnostic tool for sellar-suprasellar tumors is 
magnetic resonance imaging (MRI). Computerized Tomog-
raphy (CT) is also an important diagnostic tool, being more 
specific for calcifications. However, MRI is more sensible to 
determine intrinsic features of the tumors (tumor location, 
size, shape, composition, tumor cysts signal, enhancement 
pattern, pituitary stalk morphology, and internal carotid artery 
encasement) and surrounding regions damage (hypothalamus, 
pituitary gland, optic chiasm, 3rd ventricle and mammillary 
bodies). Thus, compared to CT, MRI can clearly display the 
tumor location and the anatomical relationship of adjacent tis-
sues through multi-directional imaging. Prognosis is linked to 
the extent and involvement of the floor of the third ventricle, 
mammillary bodies, and hypothalamus.

AI has been proven useful in the radiogenomic diagnosis 
and prognosis of this condition [9], and other types of radio-
logical tasks [10, 11], although there are several challenges 
when working with these tools within medical fields using 
publicly available datasets made by centers from all around 
the globe to handle more data, which can lead to neural net-
works learning non-medically relevant features to achieve 
the task they are being trained to solve, so for the purposes 
of this work, only images obtained at the Chilean organiza-
tion “Institute of Neurosurgery Dr. Alfonso Asenjo” (INCA) 
were used, avoiding such difficulties by only considering 
studies from one center. This results in a trade-off between 

model generalizability for multi-center integration of studies, 
and control over the images, patient information, modalities, 
acquisition equipment and characteristics.

Materials and methodology

Patients

226 subjects from the INCA database were included, with 
studies collected between 2011 and 2023: 58 histologically 
confirmed craniopharyngioma (CPG) patients with 213 MRI 
volumes (30 females and 28 males with an average age of 14, 
with individual ages ranging from 2 to 72; 115 T1-weighted 
images and 98 T2-weighted images); 100 patients with histo-
logically confirmed differential sellar/suprasellar tumors (45 
pituitary macroadenomas, 12 pilocytic astrocytoma, 11 men-
ingiomas, 9 germinomas, 8 chordomas, 5 histiocytosis/Rath-
ke’s pouch cysts, among others) with 155 MRI volumes (72 
females and 28 males with an average age of 37, with indi-
vidual ages ranging from 1 to 74; 111 T1-weighted images 
and 44 T2-weighted images); and 68 healthy control (HC) 
subjects with 116 MRI volumes (37 females and 31 males 
with an average age of 21, with individual ages ranging 
from 0 to 61; 107 T1-weighted images and 9 T2-weighted 
images), as shown in Fig. 1, where it is possible to see the 

(a) MRI volumes per each class (b) Number of MRI volumes per tumor
included in the differential class.

Fig. 1  Histograms of MRI volumes from the dataset used to train and evaluate the classifier algorithm
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imbalance between classes. There was agreement between 
the radiological evaluation and the histological study in all 
previous cases, meaning that for all the results that will be 
presented in the following section be considered that they 
are calculated with respect to professional appreciation, 
which was equivalent to ground truth.

MRI preprocessing

Every patient and control subject was studied with MRI of 
either whole brain or sella turcica standard protocols with con-
trast. Each volume was independently processed according to 
a commonly used standardization of volumes with dimension 
256x256x256 and 1x1x1mm3 voxels with RAS orientation. 
Only the sagittal views were considered (this choice was purely 
based on image availability due to the protocols used during 
the imaging acquisition, so with more examples and MRI vol-
umes, axial and coronal views can also be included using the 
same methodology). Only a 16x105x105 volume was extracted 
from the center of the field of view (256x256x256 isotropic 
cube), because the sellar-suprasellar structures are placed 
within this space after normalization. Given the previous, it 
is not necessary to perform additional preprocessing methods.

Deep learning network and training

A convolutional neural network (CNN) was developed to 
extract features from the input images, along with a multi-
layer perceptron network to classify these representations 
of the original slices. This network receives slices from the 
sellar-suprasellar region of the preprocessed volumes, and 
classifies them into three possible classes: healthy control, 
craniopharyngioma and differential. The architecture of the 
network can be seen in Fig. 2.

After training with 80% of the total dataset (the remain-
ing 20% of subjects were reserved as a validation set) we 
implemented Grad-Cam [12], an explainable AI technique 
that allows us to better understand the decision-making pro-
cess of the machine, to see if there is a relation between 
the known relevant regions and structures for these kinds of 
tumors, and the focus regions for the neural network.

This network was trained using Focal Loss [13] as cost 
function, batch size of 32 and AdamW optimizer [14] using 
a NVIDIA GTX 1080Ti GPU with 11GB of VRAM. Dur-
ing the training process data augmentation was considered, 
including additive white gaussian noise, coarse dropout and 
random rotation.

Results

As for the classification task, each volume from each subject 
(healthy control, craniopharyngioma and differential sellar/
suprasellar tumors) contained in the validation set was inde-
pendently evaluated, considering the final probability dis-
tribution to be the average prediction between all the slices 

Fig. 2  CNN architecture. Eight convolutional layers were included for features extraction and a MLP was used for classification

Table 1  Results per subject show high sensitivity and specificity to 
detect craniopharyngiomas. Differential Sellar/Suprasellar Tumors 
(DSST), Positive Predictive Value (PPV), Negative Predictive Value 
(NPV). F1-Score is the harmonic mean between PPV and Recall

Metric Healthy Control Craniopharyn-
gioma

DSST

PPV 0.881 0.818 0.786
NPV 0.912 1.000 0.845
Sensitivity 0.820 1.000 0.670
Specificity 0.945 0.890 0.910
F1-Score 0.848 0.900 0.721
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from them. This way it is possible to incorporate the predic-
tions of all the slices of a subject to determine their class. 
The results are shown in Table 1 and Fig. 3 for Positive 
Predictive Value (PPV), Negative Predictive Value (NPV) 

and F1-Score per class. F1-Score is a metric that addresses 
the imbalanced properties of the classes within the dataset in 
the performance measurement by including PPV and Recall 
within its information. Recall measures the percentage of 
well classified positives (True Positives) among all real posi-
tive cases per class (True Positives and False Negatives). 
Therefore, F1-Score is defined as follows:

To better understand the decision-making process of the 
machine, we analyzed the results after applying Grad-Cam to the 
validation set and extracted information about regions of interest 
for the output layer’s neurons of each class. We observed medi-
cally known relevant structures such as sella turcica, pituitary 
gland, optic chiasm and cisterns to be consistently considered by 
the machine to identify healthy subjects; for craniopharyngiomas, 
the tumor region was the most commonly highlighted structure; 
and for DSST patients, surrounding structures, such as corpus 
callosum, ventricles and pons, stood among the most important 
ones for classification. A representative example of the observed 
tendencies can be seen in Fig. 4.

(1)F1 =
2 × PPV × Recall

PPV + Recall
.

Fig. 3  Confusion matrix. It shows good performance for craniophar-
yngioma detection, with 100% of them identified

Fig. 4  Examples of regions 
of interest per class (healthy 
control, craniopharyngioma 
and differential respectively in 
descending order). Columns 
show the original slice, the 
generated heatmap, and their 
overlap, respectively
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Discussion

The multi-sequential assessment of brain MRIs using deep 
learning techniques has successfully discriminated between 
the presence and absence of tumors in pediatric patients, 
given sets of slices from various studies. The discrimination 
between craniopharyngioma and differential tumors is cor-
rectly performed in most cases, showing a non-despicable 
level of confusion between both classes due to the wide vari-
ability of the differential subjects.

The use of explainable AI showed a tendency of the machine 
to focus on known relevant structures for the classification of 
craniopharyngiomas and other sellar-suprasellar tumors, which 
is a key and challenging aspect to validate when using black-box 
behaving algorithms such as neural networks. Particularly, the 
pituitary gland and sella turcica, along with neighboring cis-
terns, were important for the classification of healthy controls, 
whilst the tumor and its mass effect on surrounding areas were 
relevant to identify craniopharyngiomas. As of differentials, 
adjacent structures such as lateral ventricles and corpus callosum 
were the main aspects to focus for the machine, probably due to 
the wide variability of this class in the used dataset and hydro-
cephalus being a recurrent symptom for these kinds of tumors.

In considering the implications of our findings, this 
method offers a promising tool for diagnostic support, espe-
cially for medical centers facing challenges such as low 
patient volumes or constrained access to specialized neu-
rosurgical and neuroradiologic resources. This underscores 
its potential applicability and value in contexts where such 
expertise may be limited, especially for their pediatric branch.

The primary limitation of our study arises from the uti-
lization of a small database confined to a single institution, 
impacting the application of AI tools. Inevitably, overfit-
ting becomes a concern, and the generalization performance 
is often scrutinized, particularly in high-risk tasks such as 
tumor diagnosis. On the one hand, an imbalanced dataset 
introduces variations in the costs of misclassification for 
both majority and minority categories, with a higher cost 
associated with misclassifying the minority category. It is 
crucial to acknowledge that these challenges represent initial 
explorations in the diagnosis of craniopharyngioma using 
this kind of technology.

This is the first research within this topic in our insti-
tution. In future work, we aim to further develop the AI 
methods and their applications, extending them to prognosis 
and morbidity inference. Other deep learning techniques, 
particularly self-supervised learning, will be explored using 
multi-center data. Thus, this work stands as a first approach 
and a robust supervised baseline.
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