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ABSTRACT: Being able to predict the outcome of a patient following a brain tumor removal is essential to providing care 
for those patients. Conventional tools for predicting the outcome of patients who undergo a brain tumor removal are not able to 
accurately model the complex relationships between the various variables of each patient and their condition. Machine learning, 
however, has the potential to provide a more powerful framework for predicting the survival of patients after brain tumor removal, 
the complications that may occur following those operations, and the quality of life of those patients following the operations. 
Through searching databases like PubMed and Google Scholar for articles published between 2015 and 2025, it becomes evident 
that based models have higher accuracy in predicting the outcomes of patients after brain tumor operations than conventional 
models. One systematic review of studies that utilized machine learning to model the outcomes of patients after brain tumor 
operations discovered that the median area under the curve (AUC) score of the models was 0.83, with a median accuracy of 94.5%. 
Despite these positive findings, however, various barriers to the adoption of these models into the clinical care of brain tumor 
patients exist. As a result, models will likely be utilized as a supplement to the clinician’s care for those patients rather than as a 
means of replacing the clinician’s judgments of those patients’ outcomes. 
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�   Introduction
Brain tumor resection aims to remove as much of the tu-

mor mass as possible while preserving critical functions of the 
brain, such as speech, movement, and memory. The recovery, 
survival, and quality of life of patients who undergo brain tu-
mor resection depend on various factors, such as the location 
of the tumor within the brain, the grade of the tumor’s his-
tology, and the age and general health of the patients.1 Each 
of these factors can have a substantial effect on the outcome 
of the resection procedure. Accordingly, it is critical to be able 
to accurately predict the outcome of brain tumor resection for 
each patient.

Various scoring systems and statistical models are used to 
attempt to estimate the outcome of brain tumor resections. 
These models are helpful in providing an estimate of the out-
come of brain tumor resection for each patient. However, these 
models often evaluate each of the model variables separately 
and make assumptions regarding the linear relationships be-
tween those variables and the outcome of the brain resection 
procedure.2 As a result, these models may not account for the 
effects of nonlinear relationships between the variables on the 
outcome of the resection of brain tumors. Therefore, there is a 
need for improved tools for predicting the outcome of resec-
tion of brain tumors.

Machine learning models can help address the shortcom-
ings of conventional models for predicting the outcome of 
brain tumor resection. Machine learning models learn the rela-
tionships between various variables from data without having 
to prescribe a specific model form to the data.3 By training a 
machine learning model on historical records of brain tumor 

resections, machine learning models can provide individualized 
predictions regarding the outcome of a brain tumor resection 
procedure for a newly admitted patient. In this review, the lit-
erature on the use of machine learning models for predicting 
the outcome of brain tumor resection is summarized and eval-
uated for its ability to produce models that can more accurately 
predict the outcome of the procedure than the conventional 
models for predicting its outcome.

�   Methodology
This paper is a narrative literature review with a focus on 

answering the question of to what extent does machine learn-
ing, as it pertains to the field of neurosurgery and brain tumor 
resection surgery, provides stronger predictions of patient out-
comes compared to the traditional models that have been used 
in neurosurgery to date.

A search was performed on the databases PubMed and 
Google Scholar, utilizing the keywords: machine learning, 
brain tumor resection, neurosurgery outcome prediction, sur-
vival modeling, and postoperative complications. The search 
was limited to peer-reviewed journals in the English language 
between January 2015 and April 2025.

The studies were included if they utilized machine learning 
to make predictions of patient outcomes in the field of neuro-
surgery, reported some form of performance metrics for their 
models, and their outcomes related to the resection of brain tu-
mors. Studies were excluded if they did not report performance 
metrics for their models, they were not related to neurosurgery, 
they were not peer reviewed, or they were conference abstracts 
without a published article with the same content.
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There were over 200 articles found during the initial data-
base search. However, only 22 fulfilled the requirements for 
inclusion within the review. These in-depth studies will be 
summarized in this literature review according to the follow-
ing main topics: traditional models, machine learning models, 
evidence, and challenges. The findings presented in this review 
are a synthesis of the current literature on the topic, rather than 
a systematic review of the literature in the way that would be 
required for a PRISMA study.

Background: Traditional Approaches to Prognostication in 
Neurosurgery:

Prognostication is the estimation of the likely outcome of 
a patient’s current medical condition. Because the conditions 
treated by neurosurgeons are often life-threatening conditions, 
it is essential to be able to accurately estimate the likely out-
come of a patient with such a condition.4

Clinical Scoring Systems:
Experienced clinicians formulate an impression of the risk 

based on the history, physical examination, physiological, and 
intraoperative findings. While this method incorporates the 
clinician’s judgment at the time of the procedure, the risk of 
inter-observer variability and bias makes this method less suit-
able for comparing the risk between institutions.4

Clinical Scoring Systems:
Several standardized scales have been established to assess 

the prognosis of TBI. The Glasgow Coma Scale (GCS) eval-
uates the level of consciousness of the patient and is the most 
commonly used scale in the evaluation of traumatic brain 
injuries.5 The Hunt and Hess scale is used to assess the neu-
rological deficits of patients who suffer from subarachnoid 
hemorrhage.6 The Karnofsky Performance Scale Index eval-
uates the functional status of cancer patients and is inversely 
correlated with the mortality rate of those patients.7 These 
scales allow for better communication between healthcare 
team members; however, they all have the disadvantage of re-
ducing the complex clinical presentation of a patient to a series 
of numbers, they can only assess certain static variables of the 
patient, and they do not consider the interaction between the 
various variables that contribute to the patient’s outcome.8

Imaging-based Prognostication:
Neuroimaging allows for the collection of objective and re-

producible prognostic data. An MRI can reveal data about the 
enhancement of the tumor, the presence of edema, diffusion 
restriction, and mass effect, all of which are correlated with the 
grade of the tumor and the difficulty that may be encountered 
during surgical removal of the tumor.9 However, interpretation 
of the MRI reports relies upon the expertise of the interpreting 
radiologist to recognize patterns of the tumor on the MRI, and 
any subtle findings that are not visible to the unaided eye can 
be easily missed.10

Thus, standardized, objective, and reproducible, these re-
sults, too, are confirmed by the professional as there are certain 
atypical findings and those visible to the naked eye.10

�   Machine Learning Methods in
Neurosurgical Outcome Prediction  
Machine learning encompasses a variety of algorithms that 

computers use to learn from examples in the training data in-
stead of relying on predetermined equations to calculate the 
outcome.11 Medical records of patients who underwent certain 
neurosurgical procedures in the past are used to train machine 
learning algorithms to predict the outcome that will be ob-
served for new patients undergoing those same procedures.2 
Because machine learning algorithms can examine numerous 
variables simultaneously to find correlations between variables 
that impact the outcome of surgical procedures, they have 
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Figure 1: Karnofsky Performance Scale. The Karnofsky Performance Scale is 
used to assess a patient’s functional status and ability to perform daily activities. 
Scores range from 100 (normal, no complaints) to 0 (death), with lower scores 
indicating decreased functional ability and poorer clinical outcomes. This 
scale is commonly used in neurosurgery to help evaluate prognosis and guide 
treatment decisions. Created by Raoufian using Canva.

Figure 2: Axial brain MRI images that display the tumor regions outlined 
by bounding boxes and utilized as the inputs for the machine learning models. 
The variety in the size, shape, intensity, and location of the tumors in the brain 
illustrates the heterogeneity of these types of tumors. Each of these features 
can be extracted from the MRI images to analyze the tumors and predict the 
outcome of the surgical procedures performed on patients with these types 
of tumors. Source: Roboflow Brain MRI Dataset (https://universe.roboflow.
com/brain-mri/mri-rskcu). No changes were made to the data. (CC BY 4.0).
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attracted the interest of researchers who wish to incorporate 
these methods alongside the tools that physicians already uti-
lize today.

Supervised Learning Methods:
The most common form of supervised learning is logistic 

regression. Using logistic regression, the probability that a pa-
tient will have a positive or negative outcome from a surgical 
procedure is calculated from various features of the patient and 
the procedure. The method is simple to implement, but it can-
not account for the effects of nonlinear relationships between 
variables.2 Decision trees are another form of supervised learn-
ing. Decision trees model the outcome of a surgical procedure 
by assigning thresholds to various features of the patient or the 
procedure. Each internal node within a decision tree represents 
some feature of the patient or procedure, and each branch de-
scending from that node contains the possible values for that 
feature.13 Using only single decision trees to model surgical 
outcomes leads to overfitting, which introduces other methods 
into the equation.

Support vector machines (SVMs) find the optimal bound-
ary that separates examples in training datasets with different 
outcomes. SVMs can model nonlinear relationships between 
features and surgical outcomes.14 As such, they can offer better 
discrimination between outcomes than logistic regression, but 
at the cost of interpretability.

Ensemble Methods:
Ensemble methods such as random forests and gradient 

boosting algorithms create groups of decision trees and com-
bine the results from each individual tree within the group 
to find the outcome of the surgical procedure for a patient. 
Random forests use a group of decision trees that are built 
independently of each other.15 Gradient boosting algorithms 
build decision trees sequentially such that each tree corrects 
the errors made by the previous tree within the ensemble. The 
most common form of gradient boosting algorithms is gra-
dient boosting is among the most accurate gradient boosting 
algorithms and has been used in a variety of neurosurgical out-
come prediction studies.19

Deep Learning:
Deep learning methods use convolutional neural networks 

(CNNs) to calculate the outcome of neurosurgical procedures. 
CNNs can analyze medical images of the patients to deter-
mine features related to the outcome of the procedure without 
having to create features manually.16 Deep learning methods 
achieve the highest accuracy with large datasets of medical 
records and can simultaneously process various types of data, 
from medical images to medical records.17

�   Evidence from Studies
The most comprehensive review of the use of ML mod-

els to predict neurosurgical outcomes was that by Senders 
et al. in 2018.2 Senders et al. reviewed 30 studies using ML 
methods for outcome prediction after various types of neuro-
surgical procedures. Across the reviewed studies, ML models 

achieved median accuracy rates of 94.5% and AUCs of 0.83 
in predicting outcomes after procedures. Furthermore, ML 
models achieved a median 15% improvement in accuracy and 
0.06 improvement in AUC when compared to models based 
on logistic regression. Additionally, in some studies, ML mod-
els outperformed both established outcome indices and expert 
surgeons in predicting outcomes of patients undergoing pro-
cedures. Thus, these results indicate that the advantages of ML 
models over conventional statistical models for outcome pre-
diction in neurosurgery are consistent across multiple studies.

In the specific domain of outcome prediction following brain 
tumor resection, van Niftrik et al. performed studies comparing 
various boosting algorithms to conventional statistical models 
in predicting outcomes in 668 patients undergoing elective in-
tracranial tumor surgeries at a single center.19  The outcomes 
that were assessed included the development of complications 
within the first 24 hours of surgery.  Gradient boosting algo-
rithms were the performing models in this group of studies, 
achieving an accuracy of 0.70 and an AUC of 0.73, while the 
conventional statistical model achieved accuracy rates of 0.59 
and an AUC of 0.64.  However, these studies were limited to 
only one surgical center.

Farrokhi et al. performed studies that applied supervised ma-
chine learning algorithms to predict outcomes following brain 
stimulation surgeries in 501 patients from multiple surgical 
centers.  Models were developed using 70% of the patients’ 
data and tested on the remaining 30%.20 Gradient boosting 
machines were among the performing supervised machine 
learning algorithms for outcome prediction after brain stim-
ulation surgeries.  For example, machine learning algorithms 
achieved AUC values of 0.86 for any surgical complications, 
0.91 for complications within the first 12 months after surgery, 
0.88 for the need to return to the operating room, and 0.97 for 
infection after surgery.  Factors that were found to impact the 
outcomes of deep brain stimulation surgeries included the age 
of the patient, their body mass index, the side on which the 
surgery was performed, the sex of the patient, and whether 
they had Parkinson’s disease.

In efforts to use MRI scan images to determine the sur-
vival of patients with brain tumors, Chato and Latifi assessed 
the performance of various machine learning algorithms on 
the BraTS 2017 data set of 163 patients with gliomas and as-
sociated MRI scan images and survival times.16 The features 
that were used to train the machine learning models included 
volumetric, statistical, intensity texture, histogram, and deep 
learning features of the patients’ MRI scans.  The best results 
were achieved with machine learning models that used deep 
learning features of the patients’ MRI scans, indicating that 
features extracted from MRI scans by deep learning methods 
outperform conventional features used by conventional ma-
chine learning classifiers.

In addition to the use of machine learning models trained 
directly with electronic health record data, Ive et al. performed 
a study in which natural language processing (NLP) models 
were used to extract information from the electronic health 
records of 2,268 patients undergoing elective neurosurgical 
procedures.3 A Random Forest machine learning model that 
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Specific studies in neurosurgery lend credence to this. An 
extreme gradient boosting model was applied as a precise algo-
rithm to predict complications for intracranial tumor operation 
patients. Ultimately, from 668 patient data, the model reached 
a 70% accuracy and an AUC of 0.74, better than conventional 
statistical models for predictive power.19 ML has also pre-
dicted complications of deep-brain stimulation. Their models 
were supervised and had high discriminatory performance, 
with AUC from 0.88 for any complication to 0.97 for infec-
tion. These better predictions mean greater flagging of higher 
risk populations where ML models can more accurately predict 
preventative measures than conventional means, guiding better 
preoperative considerations or treatment options.20

These studies show cumulative efforts where MLs and deep 
learning can analyze the high-dimensional clinical characteris-
tics that are patterned beyond the efforts of standard statistical 
means, all leading to better postoperative complication pre-
diction and risk of population awareness in neurosurgery for 
better surgical strategy, patient education, and individualized 
care.

�   Discussion 
Overall, the studies reviewed show that machine learning 

outperforms current statistical tools in the neurosurgical field. 
The ability of machine learning to model the interaction of 
many different variables at once is beyond the capabilities of 
existing statistical models. Studies by Senders et al. have shown 
that machine learning models outperform statistical models in 
30 different studies and in a variety of neurosurgical condi-
tions. Furthermore, the two primary studies reviewed by van 
Niftrik et al. and Farrokhi et al. show that these results can also 
be obtained in tumor and neurosurgical patient populations.

Within these studies, machine learning models based on 
gradient boosting are among the performing models.  Van Nif-
trik et al. discovered that gradient boosting was the performing 
model for the prediction of complications from intracranial tu-
mors.  Farrokhi et al. found that gradient boosting was among 
the performing models for Deep Brain Stimulation procedures.

utilized information extracted by natural language processing 
models achieved a recall of 0.87 for identifying patients who 
would experience unplanned admissions to the intensive ther-
apy unit (ITU), with an AUC of 0.99.  Furthermore, by using 
this model, the proportion of patients with unplanned ITU 
admissions that were missed by the attending neurosurgery 
experts was reduced from 36% of cases to just 4%.

Badjatia et al. performed a review of the literature on the 
use of machine learning models to predict outcomes following 
traumatic brain injuries (TBIs).12 The authors found that ma-
chine learning models that incorporated various types of data 
from the patients following TBIs, including clinical features, 
neuroimaging data, and autonomic nervous system metrics, 
can improve the prediction of outcomes following TBIs rel-
ative to conventional methods of predicting those outcomes.  
The review also indicated that many current machine learning 
models have challenges with issues like data variability, model 
interpretability, and overfitting. Thus, the authors call for the 
standardization of these models and the testing of these stan-
dardized models outside of the groups with whom they were 
developed.

AUC = Area Under the Receiver Operating Characteristic Curve; BraTS = 
Brain Tumor Segmentation Challenge; CNN = Convolutional Neural Network; 
DBS = Deep Brain Stimulation; EHR = Electronic Health Record; ITU = In-
tensive Therapy Unit; KNN = K-Nearest Neighbors; LR = Logistic Regression; 
MRI = Magnetic Resonance Imaging; NLP = Natural Language Processing; RF = 
Random Forest; SVM = Support Vector Machine; TBI = Traumatic Brain Injury.
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Table 1: Summary of Primary Studies: ML Models for Neurosurgical 
Outcome Prediction

Figure 3: Machine Learning Model Classification Diagram. Static versus 
dynamic models also contrast logistic regression to ML. Static assumes linear 
impact between variables, meaning that for the variables' minimum and 
maximum range, risk can be over- or under-estimated by additive strengths or 
weaknesses. Nonlinear assumes that demographic, comorbidity, and surgical 
variables impact one another in a nonlinear approach; at times, certain factors 
matter less or more depending on other conflicting/intersecting issues, thus 
distinguishing risk contribution for better accounting of how risk factors 
impact real-world risk. Created by Raoufian using Canva.
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the models’ predictions presents difficulties for patients and 
physicians to contest the predictions of the models ethically. 
Finally, if the training data for these models is biased in some 
way, the models may present only discriminatory recommen-
dations for certain groups of patients.

�   Conclusion 
Machine learning consistently outperforms conventional 

statistical models in predicting important clinical outcomes 
following brain tumor resection neurosurgery. Studies by 
Senders et al. report that machine learning models achieve an 
average area under the curve (AUC) of 0.83 and accuracy of 
94.5% in predicting postoperative outcomes, representing a 
15-percentage-point advantage over conventional regression 
models. Subsequent studies have provided additional con-
firmations of the performance of machine learning models. 
For instance, Van Niftrik et al. found that gradient boosting 
models achieved an AUC of 0.73 and an accuracy of 0.70 in 
predicting the development of intracranial tumor complica-
tions following resection procedures. Similarly, Farrokhi et al. 
reported AUC values of up to 0.97 in deep brain stimulation 
machine learning models for the prediction of complications 
like infection. Ive et al. developed natural language processing 
(NLP) models to achieve similar results with missed admis-
sions to the ICU following neurosurgical procedures, reducing 
the percentage of missed admissions from 36% to 4%.

Despite the demonstrated performance of machine learning 
models in brain tumor resection procedures, several challenges 
must be addressed before such models can be widely adopted 
into clinical practice. One challenge is validating the models 
in multiple institutions to ensure the generalizability of the 
results. Secondly, model performance across studies must be 
standardized to permit comparison. Thirdly, natural language 
processing and machine learning models must be explained to 
clinicians to gain their trust. Finally, data representing diverse 
populations must be collected to ensure equitable implemen-
tation of these models.

When developed to the standards described, machine learn-
ing models have the potential to improve the management of 
patients undergoing brain tumor resection procedures.
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