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Machine learning decision support model s
construction for craniotomy approach
of pineal region tumors based on MRl images
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Abstract

Background Pineal region tumors (PRTs) are rare but deep-seated brain tumors, and complete surgical resection is
crucial for effective tumor treatment. The choice of surgical approach is often challenging due to the low incidence
and deep location. This study aims to combine machine learning and deep learning algorithms with pre-operative
MRI'images to build a model for PRTs surgical approaches recommendation, striving to model clinical experience for
practical reference and education.

Methods This study was a retrospective study which enrolled a total of 173 patients diagnosed with PRTs
radiologically from our hospital. Three traditional surgical approaches of were recorded for prediction label. Clinical
and VASARI related radiological information were selected for machine learning prediction model construction.
And MRI'images from axial, sagittal and coronal views of orientation were also used for deep learning craniotomy
approach prediction model establishment and evaluation.

Results 5 machine learning methods were applied to construct the predictive classifiers with the clinical and VASARI
features and all methods could achieve area under the ROC (Receiver operating characteristic) curve (AUC) values
over than 0.7. And also, 3 deep learning algorithms (ResNet-50, EfficientNetV2-m and ViT) were applied based on

MRl images from different orientations. EfficientNetV2-m achieved the highest AUC value of 0.89, demonstrating a
significant high performance of prediction. And class activation mapping was used to reveal that the tumor itself and
its surrounding relations are crucial areas for model decision-making.

Conclusion In our study, we used machine learning and deep learning to construct surgical approach
recommendation models. Deep learning could achieve high performance of prediction and provide efficient and
personalized decision support tools for PRTs surgical approach.

Clinical trial number Not applicable.

Keywords Pineal region tumors, Craniotomy approaches, Magnetic resonance imaging, Machine learning, Deep
learning
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Introduction

Pineal region tumors (PRTs) are a type of tumors rare,
and deeply located in the brain including various patho-
logical classification such as germ cell tumors, parenchy-
mal tumors, gliomas, brain metastases, etc. Common
clinical manifestations of PRTs have headache, obstruc-
tive hydrocephalus, with some endocrinological symp-
toms [1]. In the treatment of PRTs, surgical procedure
is the preferred treatment for most types of tumors in
this area except for germinomas and lymphomas which
are highly sensitive to radiotherapy [2, 3]. With the
improvement of precision preoperative imaging and
surgical technique, these deeply-seated tumors could be
approached with various surgical routes and strategies to
achieve maximal resection while preserving surrounding
neural structures and blood vessels, ultimately improving
patient prognosis, survival time, and quality of life.

Currently, there are still no standard choice for PRTs
surgical approach, but fundamentally, they can be clas-
sified as supratentorial or infratentorial [4]. The most
used approaches include infratentorial supracerebel-
lar approach (ISA), poppen approach (PA) (also known
as occipital transtentorial approach, OTA) and inter-
hemispheric transcallosal approach (ITA) [5-7] (Figure
S1). Pre-operative magnetic resonance imaging (MRI)
could help to identify the relationships between lesions
and surrounding tissues [8]. Selecting the appropriate
approach is essential for completely tumor resection in
clinical practice, the decision, however, usually differs
for different surgeons which is influenced by various
factors including tumor volume, location, growth direc-
tion and the relationship between the tumor and nearby
blood vessels, as well as neural structures like the oculo-
motor nerve. Additionally, it can also be influenced by
the clinical experience, traditions, and education passed
down within specific medical institutions. Previous stud-
ies, such as those by Mottolese [9, 10] et al., have sum-
marized experience with different approaches for PRTs.
However, these studies primarily focused on the proce-
dural aspects, with the rationale for choosing specific
approaches often being qualitative and not clearly articu-
lated. To address this gap, we are exploring methods to
quantify the “experience of approach choice” for future
reference. This has significant implications for surgical
decision-making and medical education.

Recent advances in artificial intelligence (AI) applied
for MRI have greatly enhanced lesion detection, segmen-
tation, characterization and even prognosis detection
[11]. The state-of-art algorithms pretrained on large-scale
datasets could be effectively transferred to small datasets,
delivering excellent predictive performance. And explain-
able methods have been developed to explore the “black
box” mechanisms of these models, making it easier for
clinical interpretation and application [12, 13].
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Therefore, in this study, we retrospectively collected
PRTs patients in our single center, and plan to establish
surgical approach decision machine learning and deep
learning models by utilizing pre-operative MRI images.
To achieve this goal, we firstly extracted clinical and
radiological features and built predictive models using
various machine learning algorithms. Subsequently, we
employed deep learning models incorporating different
mechanisms, including convolutional neural networks
(CNNs) and transformer networks, trained directly on
MRI images. Although there is no universally accepted
“gold standard” for surgical approach selection, our study
provides a quantitative representation of clinical deci-
sion-making through machine learning techniques.

Methods

Data collection

This retrospective study collected clinical and radiologi-
cal data of all patients diagnosed in pineal regions from
January 2012 to December 2022 in Xiangya hospital. And
the project was approved by the Ethics Committee of our
hospital (N0.202202033) and all procedures followed the
Declaration of Helsinki. Finally, a total of 173 patients
were selected in this study. All surgical patients signed
informed consent forms.

Patients were enrolled followed the inclusion criteria:
(1) All patients went through the MRI scan including
T1WI (T1-weight imaging), T2WI and T1C(T1-contrast)
in our hospital and confirmed the pineal regions tumor
by radiologists. (2) Patients who underwent neurosur-
gical procedures at our hospital were followed up for at
least one year. None experienced serious complications
such as cerebral edema, stroke, hemorrhage, or recur-
rence. (3) Tumors were gross total or sub-total resected
after post-operative MRI scanning. (4) Availability of
MRI sequence on the Picture archiving and communica-
tion system (PACS). And the exclusion criteria include:
(1) MRI data with deformation, noise, or poor quality.
(2) Patients with incomplete clinical and MRI data. (3)
Severe complications, that is cerebral edema or cerebral
infarction resulting from significant nerve or blood ves-
sel damage following surgery, secondary procedures, or
tumor resection was deemed suboptimal after evaluation
by two experienced surgeons. (4) The surgical approach
was not one of ISA, PA and ITA. The collection workflow
was shown in Fig. 1.

Clinical and MRI information preprocessing

Through looking up surgical records of these patients,

three approaches were labeled as outcome measures and

categorized as variables for subsequent analysis. Gender

and age were used as clinical data for machine learning.
For MRI imaging preprocessing, raw data were down-

loaded and converted into NIFTT format (Supplemental
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Fig. 1 The flow chart of this project illustrating the data collection and process

information). ITK-SNAP [14] (v4.0.0) was applied for
tumor region of interest (ROI) segmentation by 2 neu-
rosurgeons with 10 years of experience in neuro-oncol-
ogy. The overlapping was used to calculated the volume
of tumors. It was supervised and guided by a neurosur-
geon with 20 years of experiencs. To extract the radio-
logical features from MRI images, some of VASARI
(Visually AcceSAble Rembrandt Images) features were
used including enhancement quality (f4), proportion
enhancing (f5), cysts (f8), multifocal or multicentric (f9),
thickness of enhancing margin (f11), definition of the
enhancing margin (f12), definition of the non-enhancing
margin (f13), proportion of edema (f14), and hemorrhage
(f16). Details of these features could be referred at https:
//radiopaedia.org/articles/45816. Additionally, the spatial
relationship between tumor and tentorium cerebelli, the

angles of tentorium cerebelli, as well as hydrocephalus
status without preop ventriculostomy were counted as
the input features for machine learning. Totally, 15 clini-
cal and radiological features were selected.

To obtain MRI images for deep learning input, we
selected interface of the lesions from T1C sequence,
including axial, sagittal and coronal views, with no more
than 5 images per orientation. No any additional prepro-
cessing steps were applied because clinical observations
of MRI images also come from different machines, which
would mirror real-world clinical scenarios. Finally, 1134,
229 and 241 images were selected for ITA, ISA and PA,
respectively. As for the imbalanced data between ITA
and others, random choice strategy was implemented for
ITA images to keep the data balance and avoid overfitting
for deep learning model.
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hyper-parameters tunning, and stratified 5-fold train-
ing strategy were applied. For model evaluation, ROC
(Receiver Operating Characteristic) curve and DET
(Detection error tradeoff) curve were used, as well
as AUC (Area under the ROC curve) value, accuracy,
f1-score, precision, recall and confusion matrix (Fig. 2A).

Machine learning model construction

5 Machine learning algorithms were used for includ-
ing Logistic Regression (LR), Random Forest (RF),
AdaBoost Classifier (AdaBoost), XGBoost Classifier
(XGBoost) and Gaussian Processor (GP). Train valida-
tion datasets were divided by 7:3 ratio. Grid search for
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Machine learning was deployed on scikit-learn (v1.3.1),
xgboost (v1.6.1) based on Python (v3.8.10).

Deep learning model construction

3 deep learning architectures ResNet-50 [15], Effi-
cientNetV2-m [16], and vision transformer (ViT) [17]
were used in our study. Among them, ResNet-50 and
EffiicientNetV2-m were based on CNN, while ViT was
inspired by attention mechanism which serves as the
foundational concept of large-scale models. And we also
used transfer learning strategies. To address class imbal-
ance and enhance model robustness, we applied data
augmentation techniques during training. These included
image flips, random rotations, random affine, Gaussian
blurring, and random sharpness adjustments through
torchvision (v0.11.0). 80% data were used as training and
the rest left for validation. To compare the difference of
input images, we also separately used sagittal and coro-
nal images as input evaluate the final prediction perfor-
mance. Evaluation was the same as machine learning
model, and for a better visualization and interpretation,
gradient class activation mapping (Grad-CAM) [18] was
used for explainable model. CrossEntropyLoss was set as
loss function and AdamW was set as optimization func-
tion. Grid search for hyper-parameters (learning rate,
weight decay, batch size) tunning was also applied dur-
ing model training (Fig. 2B). Deep learning was deployed
on pytorch (v1.10.1), CUDA (v10.1.24) based on Python
with a Nividia Tesla T4 GPU.

Statistical analysis and visualization

For quantitative data, a normality test was firstly con-
ducted. Parametric tests were used if the data followed
a normal distribution and if not, non-parametric tests
were employed. In parametric tests, ANOVA or Welch’s
ANOVA was used according to the homogeneity of vari-
ances. For non-parametric testing, we use the Kruskal-
Wallis test, and post-hoc pairwise comparisons were
performed by Bonferroni correction. Chi-squared ( x 2)
contingency table analysis was conducted for categorical
data. P<0.05 was considered as statistical significance.
All statistical analysis and visualization were performed
on Python and related packages.

Results

Demographic information

Table 1 showed the demographic and radiological infor-
mation of all 173 PRTs patients. We observed the sig-
nificant differences in gender (P=0.003), age (P<0.001),
tumor volume (cm?) (P=0.008) among the three groups.
As for VASARI and related radiological features, statisti-
cal analysis across three different groups showed no sig-
nificant differences in the angle of the tentorium cerebelli
(P=0.423), tumor location relative to tentorium cerebelli
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(P=0.106), enhancement quality (P=0.560), propor-
tion enhancing (P=0.121), cysts (P=0.343), multifocal
(P=0.566), thickness of enhancing margin (P=0.112),
definition of the enhancing margin (P=0.815), definition
of the non-enhancing margin (P=0.247), proportion of
edema (P=0.693), and hemorrhage (P=0.807). Addition-
ally, the PA group had the lowest incidence of hydroceph-
alus among PRTs patients (P<0.001).

Machine learning

Figure 3A and B showed the ROC and DET curves of the
5 machine learning models, respectively. Among those
methods, the GP classifier achieved highest AUC value
of 0.869 for prediction, with an accuracy of 0.73, and
XGBboost showed a slightly lower AUC of 0.855 and an
accuracy of 0.70. Detailed performance metrics of these
methods were listed in Table 2. And for tree-based mod-
els (RF, AdaBoost, XGBoost), we also calculated the fea-
ture importance scores which represents the weights of
features of prediction (Figure S2). The results indicated
that the most relevant imaging features associated with
surgical approach in the RF are the proportion enhanc-
ing, the angle of the tentorium cerebelli, and the tumor
volume. For XGBoost, the most relevant imaging features
associated with surgical approach are the proportion of
edema, the relative position of the tumor, and the pres-
ence of hydrocephalus. And in the AdaBoost, the pres-
ence of hydrocephalus and tumor volume were the most
relevant imaging features.

Deep learning

In the machine learning section, although these clas-
sifiers could achieve relative high AUC, the presence of
class imbalance still remained a challenge. Therefore, we
then applied deep learning algorithms by using the MRI
images directly as inputs. We randomly selected 300
MRI images from the ITA to match images from the ISA
and PA groups. The ROC and DET curves of these three
models were shown in Fig. 3C and D, respectively. Off all
the deep learning methods, EfficientNetV2-m achieved
the highest AUC value of 0.89 with an accuracy of 0.797,
whereas ResNet50 and ViT only got AUCs value of 0.709
and 0.614. This demonstrates a significant improvement
by EfficientNetV2-m compared to other two methods
(P<0.005 for both comparison). The training and valida-
tion curves for loss and accuracy also revealed a stable
but high performed model of EfficientNetV2-m (Fig. S3).
And Table 3 showed other evaluation metrics.

In above analysis, we used MRI images from all three
orientations (axial, sagittal and coronal) as inputs. In clin-
ical work, coronal and sagittal images often play a more
crucial role in surgical approach selection. Therefore, we
separately used coronal and sagittal images, matching the
number of images across the three groups using the same
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Table 1 Demographic and radiological information for the PRTs patients

Variable All ITA(n=126) ISA PA P
(n=173) (n=24) (n=23)
Gender 0.003
Male 116(67.1) 93(73.8) 14(58.3) 9(39.1)
Female 57(32.9) 33(26.2) 10(41.7) 14(60.9)
Agel(year) 18 16(12,32) 22 44 <0.001
(12,40.5) (14,47.5) (27.5,58)
Tumor Volume (cm?) 21.6(9.2,40.8) 18.6(8,18.6) 30.6(12.4,58.7) 37.0(23.7,53.5) 0.008
Tentorium Tilt Angle 43 45.5(38,53) 40.5 43 0423
(36,52) (36,50) (36.547)
Tumor location to the tentorium cerebellum 0.106
Upper 31(17.9) 28(22.2) 1(4.2) 2(8.7)
Lower 42 (24.3) 30(23.8) 8(33.3) 4(17.4)
Both 100 (57.8) 68(54.0) 15(62.5) 17(73.9)
Enhancement Quality 0.560
None 41(23.7) 34(27.0) 4(16.7) 3(13.0)
Mild/minimal 68(39.3) 47(37.3) 11(45.8) 10(43.5)
Marked/avid 64(37.0) 45(35.7) 9(37.5) 10(43.5)
Proportion enhancing 0.121
0-5% 58(33.5) 47(37.3) 7(29.2) 4(17.4)
6-33% 47(27.2) 28(22.2) 8(333) 11(47.8)
34-67% 39 (22.5) 31(24.6) 3(12.5) 5(21.7)
68-95% 29(16.8) 20(15.9) 6(25.0) 3(13.0)
Cysts 0.343
Yes 57(32.9) 42(33.3) 10(41.7) 5(21.7)
No 116(67.1) 84(66.7) 14(58.3) 18(78.3)
Multifocal 0.566
Yes 3(1.7) 3(24) 0(0.0) 0(0.0)
No 170(98.3) 123(97.6) 24(100.0) 23(100.0)
Thickness of enhancing margin 0.112
Thin 91(52.6) 67(53.2) 12(50.0) 12(52.2)
Thick 15(8.7) 6(4.8) 3(12.5) 6(26.1)
Solid 67 (38.7) 53(42.1) 9(37.5) 5(21.7)
Definition of the enhancing margin 0815
Well-defined 49 (28.3) 36(28.6) 8(33.3) 5(14.8)
Poorly-defined 124.(71.7) 90(61.4) 16(66.7) 18(78.3)
Definition of the non-enhancing margin 0.247
Well-defined 97(56.1) 66(52.4) 15(62.5) 16(69.6)
Poorly-defined 76(43.9) 60(47.6) 9(37.5) 7(30.4)
Proportion of edema 0.693
0-5% 108(62.4) 81(64.3) 15(62.5) 12(52.2)
6-33% 56(32.4) 40(31.7) 7(29.2) 9(39.1)
34-67% 9(5.2) 5(4.0) 2(83) 2(8.7)
Hemorrhage 0.807
Yes 5(2.9) 3(24) 1(4.2) 1(4.3)
No 168(97.1) 123(97.6) 23(95.8) 22(95.7)
Hydrocephalus <0.001
Yes 135(78.0) 102(81.0) 22(91.7) 11(47.8)
No 38(22.0) 24(19.0) 2(8.3) 12(52.2)

random selection strategy for model training. Figure 4 from multiple imaging planes as input led to the highest
displayed the ROC curves for different input image sets,  predictive performance.

as well as the confusion matrix and ROC curves for each For model interpretation, Grad-CAM was employed
class (ITA, ISA and PA) using sagittal and coronal MRl as  to visualize the specific areas within MRI images that
inputs, separately. The results showed that using images the model focused on when making predictions related
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Fig.3 (A)and (B) are the ROC and DET curves of machine learning models, respectively. (C) and (D) are the ROC and DET curves of deep learning models,
respectively

Table 2 The performance metrics of machine learning models
Logistic Regression Random Forest XGBoost Classifier ~ AdaBoost Classifier ~ Gaussian Processor

Accuracy 0.73 0.75 0.70 0.70 0.73
Weighted Average AUC 0.850 0.836 0.855 0.830 0.869
Weighted Average Precision 0.53 0.61 061 0.62 0.53
Weighted Average Recall 0.73 073 073 0.65 0.73

Weighted F1-score 0.62 0.66 0.66 0.63 0.62
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Table 3 The performance metrics of deep learning models
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EfficientNetV2-m ResNet50 Vision Transformer
Accuracy 0.797 0.601 0.699
Weighted Average AUC 0.891 0.709 0614
Weighted Average Precision 0.8 0.65 0.65
Weighted Average Recall 0.8 0.6 06
Weighted F1-score 0.8 0.59 0.59
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Fig.4 (A)The ROC curves for EfficientNetV2-m using all images, sagittal images only and coronal images only. (B) The confusion matrix for EfficientNetV2-
m with sagittal images. (C) The macro-average ROC curves for each class by taking the average over them for EfficientNetV2-m with sagittal images. (D)
The confusion matrix for EfficientNetV2-m with coronal images. (E) The macro-average ROC curves for each class by taking the average over them for

EfficientNetV2-m with coronal images

to surgical approach. Generally, the warmer area in Fig 5
were the contrast enhancing tumor cores and surround-
ing areas, demonstrating tumors and the surrounding
relations are crucial areas for model decision-making,
aligning with clinical judgments made by experienced
surgeons. However, the visualization effect of CAM
needs to be further improved, and its corresponding clin-
ical significance has not been fully explained yet, requir-
ing further research and discussion.

Discussion

In this study, we proposed a workflow with integration of
clinical and radiological information, as well as AI meth-
ods to investigate the proper surgical approach for PRTs
patients. In our deep learning model, we implemented
the EfficientNetV2-m architecture using different orien-
tations of MRI images, achieving AUC values consistently
over 0.8. These results suggested the potential applica-
tion value in surgical approach recommendation. More-
over, we facilitate better patient communication and
understanding and medical education. Importantly, by
integrating conventional radiological features with deep
learning-derived representations, this study presents a
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Fig. 5 Grad-CAM visualization of EfficientNetV2-m for PRTs is depicted in (A), (B), and (C), showcasing MRl images from different orientations along with
the corresponding class activation maps for patients undergoing ITA, ISA, and PA surgeries, respectively

novel strategy to support surgical planning for pineal
region tumors, bridging traditional clinical insight with
advanced computational techniques. Combined with
the relatively large sample size of 173 cases—the larg-
est in this field to our knowledge—this work provides
a novel and practical contribution to neurosurgical
decision-making.

Currently, there is no established gold standard for
selecting surgical approaches, and the choice of approach
largely relies on the surgeon’s prior clinical experience.
While this experience can be effective, it is subjective and
challenging to quantify and standardize. Specifically, the
ISA does not fully preserve the bridging veins that drain
from the tentorial surface to the tentorium. These veins
often need to be partially or completely removed during
surgery, and occasionally the anterior central cerebellar
vein must also be cut. Consequently, the protection of
the bridging veins is relatively poor, increasing the risk of
cerebellar edema and infarction [19, 20]. Larger lesions

that extensively invade the pineal region and its posterior
part may obstruct the Galen vein and its branches when
the ITA is used, potentially causing intraoperative injury.
In our study, most patients did not undergo Magnetic
Resonance Angiography scans due to the retrospective
design, which limited our ability to evaluate the tumor’s
relationship with the vein of Galen. This limitation will
be addressed in the following prospective analyses, where
vascular imaging has been incorporated to provide more
comprehensive anatomical assessment. Such injury can
lead to postoperative cerebral blood flow obstruction,
severe cerebral edema, and brain herniation [21]. When
PA is employed, the internal occipital vein is often com-
promised due to the surgical field requirements. This can
lead to occipital lobe infarction and edema after surgery,
which may result in hemianopsia [20, 22]. Moreover,
given that tumors in the pineal region are deep-seated,
the primary goal of surgery is to decompress and alleviate
symptoms of hydrocephalus [23]. For some patients with
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extensive tumor growth, achieving complete resection
is challenging regardless of the surgical approach used.
Therefore, even if only subtotal resection is achieved, the
choice of surgical approach can still be deemed reason-
able if it fulfills the primary surgical objectives. Therefore,
our model demonstrates the potential of machine learn-
ing approaches in translating and quantifying clinical
experience to facilitate more informed surgical planning.
Several VASARI features such as enhancing intensity,
hydrocephalus status, edema, tumor volume, et al. were
extracted and used for machine learning model con-
struction and these features showed great importance in
surgical-decision making in machine learning. However,
some VASARI features did not show significant differ-
ences in our analysis. This may be because the VASARI
system was originally developed for radiological assess-
ment of tumor malignancy in brain tumors. In the case of
pineal region tumors, however, the degree of malignancy
is not the primary consideration when determining
the surgical approach. In addition to VASARI features,
some non-VASARI characteristics, such as the presence
of hydrocephalus, also influence the choice of surgical
approach. For instance, we observed a lower incidence of
hydrocephalus in patients who underwent the PA, which
may be associated with smaller tumor size and reduced
aqueductal compression. In such cases, the PA is often
preferred due to its minimally invasive nature and lower
risk of damage to surrounding brain structures compared
to ISA or ITA. A well-planned surgical approach not only
ensures maximal exposure of the tumor for extensive
resection but also facilitates protection of surrounding
brain tissue [24]. According to previous studies [10, 25,
26], the ISA was the most ideal and common choice for
tumors located in the midline, below the plane of the ten-
torium, growing into the third ventricle. However, there
was no superiority of one over the others and surgeons
need to determine the better one based on their experi-
ence [25].

Another interesting finding was that the angles of ten-
torium play an important role in approach decision.
Hasan [27] et al. found that patients with infratentorial
surgeries had a tentorial angle<55°, whereas patients
who underwent transtentorial surgeries had angle>67°.
This indicated that a steeper tentorium cerebelli angle is
less favorable for infratentorial operations and provided a
novel method for surgical planning evaluation.

However, the assessment of VASARI features often
relies on clinical experience and may not fully enable
end-to-end application. Therefore, we further advanced
by employing deep learning to directly establish surgical
approach recommendation models. Among them, Effi-
cientNetV2-m performed better than others and reached
highest AUC of 0.89 for all planes of images, the result
was similar to other tasks based on MRI [28, 29]. This
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was due to its efficiency in memory and computational
resources. ViT, however, did not converged well in our
study because of the small scale of datasets which limited
it to extract valuable internal features from the chaotic
information [30]. This result highlights the differences in
model architecture and training dynamics: transformer-
based models like ViT are generally designed to leverage
large-scale datasets, whereas CNN-based architectures
can perform more robustly in data-limited scenarios,
especially when combined with transfer learning tech-
niques [31]. Considering the rare incidences of PTRs,
we think our findings remained meaningful and offer
practical implications for analysis in low-prevalence
conditions. This supported the observation that CNN
architectures are generally more data-efficient and better
suited for small-scale datasets compared to data-hungry
transformer models. Also, Grad-CAM showed that the
main focus of EfficientNetV2-m in on the tumor location
and its surrounding areas, indicating that the model has
established a relatively robust ‘attention’ range based on
MRI images from different orientations and could make
decision for surgical approach according to these dis-
tinct ranges. The identified attention areas demonstrate
that the model is capable of making informed decisions
regarding the surgical approach. They can serve as a
teaching and demonstration tool, facilitating explanations
of surgical procedures to patients and training for junior
doctors. Notably, some of the Grad-CAM visualizations
revealed that the model did not primarily focus on the
tumor itself when classifying the surgical approach based
on MRI images. This suggested that the intrinsic charac-
teristics of the tumor may not be the main determinants
of surgical decision-making. Instead, the model tended to
focus on regions surrounding the tumor, such as the size
of the ventricles and the spatial relationship between the
tumor and anatomical landmarks like the tentorium. This
observation also provides an explanation for the limited
utility of using VASARI features alone to assist in surgical
route prediction. It highlighted the importance of incor-
porating contextual anatomical features beyond tumor
morphology when developing decision-support mod-
els for neurosurgical planning. Additionally, the surgical
pathways derived from our past experiences can provide
valuable references for designing surgical approaches
for new patients, optimizing surgical plans, and improv-
ing patient outcomes [32]. However, the interpretability
of the models remains challenging specially for clinical
implementation [33], and more interpretation methods
need to explore in the future work.

Deep learning have been widely integrated into the
diagnosis and treatment processes of neuro-oncology
diseases, including pre-operative differentiation diagno-
sis [34, 35], prediction of molecular characteristics [36],
surgical assistance [37], and prognosis evaluation [38].
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However, to our literature review, the majority of Al in
surgery were focused on intraoperative processes. For
example, deep learning models could be used for assess-
ing surgical actions in video clips [39], detecting surgi-
cal tools [40, 41], or surgical phase recognition [42]. To
investigate how to use Al algorithms to assist the surgi-
cal planning, Tolga [43] et al. proposed a reinforcement
learning method to recommend surgical approach by
providing anatomical structures and pathological areas
based on MRI. This study was still limited by computa-
tional and labelling cost. In our study, we used the sim-
pler and more understandable surgeon ‘experience’ as
labels for surgical approach prediction. This method not
only conserves computational resources but also facili-
tates the translation and application from experience to
model.

This study still has several limitations. First, as a retrospec-
tive study conducted at a single center, the subject’s ratio we
enrolled were imbalanced even though we controlled the
bias by using different ways such as images resampling or
stratified learning strategy. However, our hospital, as one
of the tertiary centers for neurosurgery in China, routinely
takes care of dozens to hundreds these relatively rare PRTs
surgeries each year. Both the expertise of our surgeons and
the substantial number of cases contribute significantly to
our ability to conduct this research. Looking ahead, future
plans will focus on expanding datasets through multicenter
collaboration, which will help to improve the generalizabil-
ity and external validity of our findings. In addition, we aim
to incorporate multimodal information—such as preop-
erative imaging, intraoperative videos, and clinical data—to
enrich the model inputs. By leveraging unsupervised or self-
supervised learning techniques, we hope to further enhance
the robustness and generalizability of our models, especially
in scenarios with limited labeled data. Second, the choice of
craniotomy approach of PRTs does not have a “gold stan-
dard’; the predictive labels we defined according to achiev-
ing gross total or near-total resection of the tumor without
significant complications might be biased by our center’s
experience. However, it is worth noting that our study also
provides valuable assistance to surgeons with less experi-
ence and holds value for future developments in Al-assisted
surgery. Finally, we only used VASARI features and T1C
images as input for machine learning. And we will combine
multi-sequence MRI analysis to gain a deeper understand-
ing of the relationship between PRTs and adjacent tissues,
thereby overcoming limitations of single MRI sequences
[44].

Conclusion

In this study, we constructed machine learning and deep
learning models based on radiological features and MRI
images for PRT craniotomy approach prediction. Specially,
deep learning model EfficientNetV2-m could achieve 0.89
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AUC of prediction and provide efficient and personalized
decision support tools for PRTs surgical approach selec-
tion, with promising potential for clinical application. These
models assist clinicians in quickly learning and mastering
complex surgical skills, shorten the learning time, and con-
tribute to standardizing and improving the quality of medi-
cal training and practical skills.
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