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Abstract

Background Machine learning (ML) is a branch of artificial
intelligence that allows computers to learn from large complex
datasets without being explicitly programmed. Although ML
is already widely manifest in our daily lives in various forms,
the considerable potential of ML has yet to find its way into
mainstream medical research and day-to-day clinical care.
The complex diagnostic and therapeutic modalities used in
neurosurgery provide a vast amount of data that is ideally
suited for ML models. This systematic review explores ML’s
potential to assist and improve neurosurgical care.

Method A systematic literature search was performed in the
PubMed and Embase databases to identify all potentially rel-
evant studies up to January 1, 2017. All studies were included
that evaluated ML models assisting neurosurgical treatment.
Results Of the 6,402 citations identified, 221 studies were
selected after subsequent title/abstract and full-text screening.
In these studies, ML was used to assist surgical treatment of
patients with epilepsy, brain tumors, spinal lesions,
neurovascular pathology, Parkinson’s disease, traumatic brain
injury, and hydrocephalus. Across multiple paradigms, ML
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was found to be a valuable tool for presurgical planning, in-
traoperative guidance, neurophysiological monitoring, and
neurosurgical outcome prediction.

Conclusions ML has started to find applications aimed at im-
proving neurosurgical care by increasing the efficiency and
precision of perioperative decision-making. A thorough vali-
dation of specific ML models is essential before implementa-
tion in clinical neurosurgical care. To bridge the gap between
research and clinical care, practical and ethical issues should
be considered parallel to the development of these techniques.

Keywords Arttificial intelligence - Machine learning -
Neurosurgery

Introduction

In the last few decades, the volume and complexity of bio-
medical data have grown beyond the physician’s ability to
extract all meaningful data patterns using conventional statis-
tical methods alone. Hospitals produce every day vast quanti-
ties of unstructured data such as imaging data, genomic infor-
mation, free text, and data streams from monitoring devices.
This calls for novel methods to help physicians effectively
analyze ‘big data’ [11, 17, 40].

Machine learning (ML) is a branch of artificial intelligence
that enables computer algorithms to learn and improve by
studying large datasets, without explicitly being programmed
[50]. In recent decades, many other ML algorithms were de-
veloped that learn through experience ranging from artificial
neural networks, to support vector machines, to random for-
ests, to naive Bayes, and K-nearest neighbors [33]. This
branch of artificial intelligence has really taken off in the last
few years because computers acquire the computational pow-
er to build complex models that can actually process and learn
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from raw unstructured data [54]. This is a revolutionary
change. For example, instead of clinicians who have to come
up with meaningful structured features to describe their data,
the data can be fed to the algorithm in its raw form, and the
algorithm itself will try to learn which features are associated
with the outcome of interest. This is especially useful in the
bulk of unstructured biomedical data, such as pictures of pa-
thology slices, radiological imaging, free text, and longitudi-
nal trends in monitoring devices. Additionally, ML can read
the numeric values that underlie the digital information that is
produced by medical technology.

Neurosurgery is particularly a specialty that can benefit
from ML. The complex diagnostic and therapeutic modalities
used in this specialty provide a vast quantity and variety of
complex data, thus presenting an opportune framework for the
application of ML models. In a recent systemic review, we
compared the performance of ML models with that of clini-
cians across the spectrum of neurosurgical applications and
found that ML models already outperform clinicians most of
the time with a median absolute improvement in accuracy and
area under the receiving operating curve (AUC) of 13% and
0.14, respectively [58].

Very few ML applications have found, however, their way
to actual neurosurgical practice [17]. The current review aims
to present a brief introduction into the concepts and theoretical
background of ML, as well as an overview of the current
literature on ML models directly assisting in direct neurosur-
gical care. An overview of the current neurosurgical literature
on ML provides valuable insight into how ML might trans-
form neurosurgical care in the near and long-term future.
Third, we try to identify hurdles in creating, validating, and
deploying ML models in the clinical setting. We defined direct
neurosurgical care as applications directly supporting or relat-
ed to the surgical care of neurosurgery patients, including
preoperative planning, intra-operative assistance, neurophysi-
ological monitoring, and surgical outcome prediction. Other
clinical and scientific applications such as diagnostic classifi-
cation or clustering of genomic data, although equally impor-
tant, are outside the scope of this systematic review due to the
less surgical nature of these applications.

Machine learning

Within the field of ML, a broad distinction could be made
between supervised, unsupervised, and reinforcement learning,.
Supervised learning algorithms are the most commonly used
algorithms and learn from “labeled” training data to produce
models that can make predictions on previously unseen data
[29, 37, 50, 59]. This learning aspect demonstrates the differ-
ence between ML and traditional programming: In traditional
programming, a programmer manually writes a set of rules—
“the program”—to generate a desired output from a given set
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of input variables. In ML, the input is provided together with
the desired output, and computer algorithms are asked to derive
the “rules”. The product of this process is, therefore, not the
desired output but a model that can predict the desired output in
previously unseen data [50, 54]. Both the output and input can
take a wide range of possibilities.

In neurosurgery, output could range from segmentation of
brain tumors on the preoperative magnetic resonance imaging
(MRI) scan [1] to intraoperative differentiation of tumor and
brain tissue [55], and to prediction of future intracranial pres-
sure (ICP) trends on the neurocritical care unit [53]. Relevant
input features for these ML applications can be, for example,
MRI, Raman spectroscopy, and ICP sensors, respectively. In
the learning process, algorithms try to find the optimal com-
bination of input features and weights given to these features
in the model, thereby minimizing the difference between the
predicted and actual outcome. If the model is overly complex,
such as containing too many features relative to the number of
cases, the model erroneously incorporates random error or
noise as signal; this is referred to as overfitting of the training
set which artificially reduces the prediction error in the train-
ing set at the cost of a reduced external generalizability. To
overcome this problem, an ML model should be tested on data
not involved in the learning process, referred to as the test or
validation set [17, 37]. Additional techniques, such as cross
validation, provide additional robustness to the process.

Unsupervised learning techniques, on the other hand, are
able to categorize previously unlabeled data. Since the algo-
rithm analyzes unlabeled input features only, it aims to find the
hidden structure or relationships within the data; as such, un-
supervised learning algorithms are very useful for association
and clustering tasks. These algorithms can be powerful tools
for detecting previously unknown patterns in multidimension-
al data that may not be prima facie detectable by conventional
statistical analysis. Unsupervised learning could, for example,
be used for clustering and discovering patterns in genomic
data for brain tumor patients. It could also function as a pre-
paratory step in identifying key features and providing label-
ing for a subsequent supervised learning task.

Reinforcement learning focuses on determining the ideal
behavior within a specific context based on a simple reward
feedback on their actions. A reinforcement learning model
monitors the reward it receives from its environment after
each step and aims to maximize the total amount of reward.
Robotics performing surgical procedures autonomously can
be a future application of reinforcement learning [37, 50, 54].

Methods

A systematic literature review was performed according to the
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines. The PubMed and Embase
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databases were searched to identify all potentially relevant
studies up to January 1, 2017. The search syntax was built
with the guidance of a professional librarian using search
terms related to ‘artificial intelligence’ and ‘neurosurgery’.
The exact search syntax for the PubMed and Embase data-
bases is provided in Supplementary Table S1.

All biomedical studies were included that evaluated ML
models assisting in neurosurgical care. Exclusion criteria were
conference abstracts, animal models, no surgical patients, no
full text, or no English language. The initial search was per-
formed by two independent authors (J.S., A.K.). Data extrac-
tion was performed by three independent authors (J.S., M.Z.,
B.C.). Disagreements were solved by discussion including
another author (O.A.).

Data obtained from each study were: (1) name of first au-
thor, (2) year of publication, (3) treatment stage, (4) disease
condition, (5) ML algorithm, (5) input features used, (6) neu-
rosurgical application evaluated and (7) result/conclusion of
this study. Based on these data, we calculated the distribution
of all published articles within the domains of neurosurgical
treatment stage, disease condition, ML algorithm, input fea-
tures, and neurosurgical application.

We considered a quantitative synthesis to be inappropriate
due to the heterogeneity in neurosurgical applications. A qual-
itative synthesis of results is provided by means of a narrative
approach; however, to summarize the findings in some quan-
titative form, the median absolute performance was calculated
for the most frequently evaluated application by means of the
most frequently reported statistical measures of performance.

Results

Of the 6.402 citations initially identified, 221 were selected
after consequent title/abstract and full-text screening (Fig. 1).
We found an exponential growth in the number of studies
evaluating ML models as an assisting tool across multiple
paradigms of neurosurgical care, including presurgical plan-
ning, intraoperative guidance, neurophysiological monitoring,
and neurosurgical outcome prediction (Fig. 2).

ML enhanced neurosurgical care in patients with a wide
variety of neurosurgical disorders, including epilepsy, brain
tumors, spinal lesions, neurovascular pathology, Parkinson’s
diseases, traumatic brain injury, and cerebrovascular abnor-
malities (Fig. 3a). Algorithms used in order of decreasing
frequency were artificial neural networks, support vector ma-
chines, fuzzy C-means, Bayesian Learning, random forests,
quadratic discriminant analysis, linear discriminant analysis,
Gaussian mixture models, logistic regression, k-nearest neigh-
bor, natural language processing, and k-means (Fig. 3b).
Magnetic resonance imaging (MRI) data were the most fre-
quently used input features (Fig. 3c), and radiological brain
tumor segmentation the most frequently evaluated application

(Fig. 3d). Details regarding the treatment stage, disease con-
dition, algorithms, input features, applications, results, and
conclusions on each individual study are provided in
Supplementary Tables S2-S8.

ML models were used preoperatively for radiological seg-
mentation of a variety of lesions and/or anatomical structures
on MRI, computed tomography (CT), positron emission to-
mography (PET), and/or ultrasound [3, 7, 26, 36, 38]. This
included brain tumors, estimated maps for tumor infiltration,
critical/target brain structures, epileptic foci, lumbar discs, cer-
vical vertebrae, and arteriovenous malformations. Epileptic
foci were also localized or identified by means electrophysio-
logical monitoring [25, 42]. Lastly, ML models were used to
determine beam orientation in stereotactic radiosurgery [64].

ML models were used intraoperatively in Parkinson
patients to localize the subthalamic nucleus and estimate
the volume of activated tissue using features from
micro-electrode recordings during deep brain stimulation
(DBS) [66, 67]. In brain tumor patients, algorithms dif-
ferentiated tumor and healthy brain tissue by means of
spectroscopy, mass spectrometry, or ultrasound [21, 39,
55]. In addition, ML models were used to align preop-
erative imaging with the intraoperative guiding system
[68], localize eloquent area by means of electrophysio-
logical monitoring [28, 49, 52], increase the specificity
of somatosensory evoked potential (SEP) monitoring
[24], and compensate for respiratory motion during ste-
reotactic radiosurgery (SRS) [4]. Lastly, one paper in-
vestigated computer-assisted surgery in the form of an
intelligent trajectory planner, estimating the risk of dif-
ferent surgical strategies [16].

In the context of neurophysiological monitoring, ML
models were evaluated for abnormality detection and predic-
tion of future intracranial pressure (ICP) trends, but also for
non-invasive ICP assessment using other physiological pa-
rameters [48, 53, 57, 65]. ML-based natural language process-
ing detected surgical site infections using free-text clinical
notes from the electronic health records [12]. A few studies
explored the capability of intracranial devices to predict and
prevent seizures or function as a brain-computer interface for
severely disabled patients [32, 51, 63].

ML models were used to predict symptom improve-
ment, patient satisfaction, seizure freedom, Glasgow
Outcome Score, recurrence, and survival after neurosur-
gery for a variety of disease conditions, including lum-
bar disc hernia, lumbar spinal stenosis, cervical myelop-
athy, Parkinson’s Disease, brain tumor, epilepsy, arterio-
venous malformations, hydrocephalus, aneurysmal sub-
arachnoid hemorrhage, and traumatic brain injury [2,
5, 6, 8-10, 20, 23, 30, 60—62]. MRI, clinical, and elec-
trophysiological data were used as input features in the
model dependent on the disease condition and applica-
tion evaluated.
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Fig. 1 Flowchart depicting study
selection

Records identified through
database searching
(n=7679)

A 4

Records screened on title and

abstract after duplicate ‘ Records excluded
removal (n=6105)
(n = 6402)
A\ 4
Full text articles assessed for Full-text articles excluded, with
eligibility reasons (n = 76)
(n=297) - Conference abstract (n = 35)

- No full-text available (n=19)

- No neurosurgical application

(n=14)
Studies included in qualitative - No ML model (n = 3)
synthesis - Animal models (n = 3)
(n=221) - No English language (n =2)
Quantitative summary on the five most frequently [interquartile range (IQR), 85-95%], AUC (n =5) 0of 0.93 (IQR,

evaluated applications

0.92-0.93), and dice similarity coefficient (n = 7) of 88% (IQR,
84-93%). A total of 29 studies evaluated ML models used for

A total of 58 studies evaluated ML models for brain tumor seg-  radiological segmentation of critical/target brain structures,
mentation, reporting a median accuracy (n = 14 studies) of 92% reporting a median accuracy (n = 6) of 94% (IQR, 86-99%)

Fig. 2 Number of papers
published each year on machine
learning in neurosurgery
categorized per treatment stage
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Fig. 3 Pie charts representing the
distribution of disease conditions
(a), machine learning algorithms
(b), input features (c), and general
applications in the neurosurgical
literature on machine learning (d).
ANN artificial neural networks;
BL bayesian learning; CT
computer tomography; DBS deep
brain stimulation; EEG electro-
encephalography; iEEG
intracranial
electroencephalography; /CP
intracranial pressure; FCM fuzzy
c-means; MER micro-electrode
recordings; MRI magnetic
resonance imaging; LDA linear
discriminant analysis; LR logistic
regression; PD Parkinson's
disease; RF random forests; SS
spectroscopy; SVM support
vector machines Cc

Brain tumor (40%)

MRI (49%)

Epilepsy (24%)

Other (11%)

Clinical
(13%)

ANN (24%)

Other (22%)

LDA (5%)

Neurosurgery in
general (9%)

SVM (22%)

BL (8%)
FCM (9%)

CT (3%) Other (15%)

MERs (6%) Segmentation (46%)

iEEG (10%)

outcome

Localize
epileptic @%)
focus (9%)

and dice similarity coefficient (n = 5) of 91% (IQR, 90-92%). A
total of 18 studies evaluated ML models used for the prediction
of laterality of the epileptogenic focus, reporting a median accu-
racy (n = 13) of 86% (IQR, 80-94%). A total of 13 studies
evaluated ML models used for the detection of seizures by means
of intracranial electro-encephalography, reporting a median sen-
sitivity (n = 9) 0f 96% (IQR, 94-98%), false detection rate (n = 8)
of 0.17 per hour (IQR, 0.08-0.27), and detection delay (n = 5) of
11 s (IQR, 3.4-14.8 s). A total of 13 studies evaluated ML
models used for intraoperative tumor demarcation reporting a
median accuracy (n = 8) of 89% (IQR, 83-97%). Results for each
individual study are provided in Supplementary Table S2-S8.

Discussion

This paper reviews all available literature on the application of
ML in neurosurgical care. As evident by the data, ML has the

potential to impact any subspecialty within neurosurgery at
any time point of an individual patient’s care. Although a wide
range of potential applications was observed, ML models
were most frequently evaluated for presurgical planning of
brain tumor patients using artificial neural networks as algo-
rithms, MRI data as input, and obtaining labeled segments as
output.

Machine learning in medicine

A recent study aimed to systematically review the current
neurosurgical literature on machine learning too; however, it
identified only 37 studies, thereby lacking the vast majority of
relevant literature [14]. This study emphasizes nevertheless
the potential ML has to improve clinical and surgical manage-
ment. Other studies have reviewed the application of ML to
improve general surgical care and also showed that ML could
be a valuable tool assisting preoperative planning [13, 40],
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intraoperative guidance [40, 41, 43], neurophysiological mon-
itoring [35], and outcome prediction [8].

Canchi et al. [13] reviewed the use of ML models to predict
the risk of rupture of abdominal aortic aneurysms and found
that ML could be a very valuable tool for surgical planning
due to its ability to analyze complex radiological data com-
bined with clinical data. In contrast to the extensive use of
radiological input in neurosurgery and vascular surgery, ML
models in plastic surgery focus more on interpreting images,
probably due to the visual character of input and outcome in
plastic surgery [40].

An interesting intraoperative application discussed by
Kanevsky et al. [40] is the potential of ML to offer a more
objective method for assessing “surgical competency”. By
means of wearable technology, residents could record their
cases and by integrating these intraoperative recordings to
the outcomes, ML could identify techniques that lead to cer-
tain outcomes. Although this was relatively underexposed in
the neurosurgical literature, two reviews focused on the role of
ML in intelligent and autonomous surgical robots. These pa-
pers explored the usefulness for intraoperative recognition of
anatomical landmarks, image guidance and navigation,
computer-assisted surgical training, performance metric of
surgical competency, and automation of simple surgical pro-
cedures [41, 43].

In addition, there’s an emerging interest in the application
of ML models in critical care medicine [35]. In the intensive
care setting, a vast amount of data is produced by a variety of
modalities, ranging from cardiac rhythm, to blood pressure, to
oxygen saturation, to intracranial pressure monitoring. By
combining these sources of physiological parameters, ML
can provide personalized risk assessment, reduce false alarm
rates, and increase the efficiency of physicians [35].

Since ML can produce very powerful prediction models,
ML algorithms are increasingly being evaluated as prediction
models for surgical outcome [8]. Predictions produced by ML
models are increasing in accuracy and can be tailored to the
individual patient due to the expanding volume and dimen-
sions of data collected on each patient.

Across the broad spectrum of medicine, similar trends can
be observed compared to the realms of neurosurgery. Again,
radiology and oncology seem to lead the field in the explora-
tion of applied ML models [11, 18, 27, 44, 46, 47, 54, 56].
This is possibly due to the vast amount of complex data that
provide a good framework for the creation of ML methods,
but also a demand for automated methods to analyze these
data [44]. In the clinical care of oncological patients, radiolog-
ical data can be combined with clinical [45], genomic [46],
and histological data [56] to assist physicians with diagnosis
[27, 56], surgical care [39], drug development [47], radiother-
apy [11], and prognosis of cancer patients [45].

To our knowledge, we present the first comprehensive re-
view on the application of ML in neurosurgical care,
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demonstrating similar trends in neurosurgical literature com-
pared with other surgical fields and medicine in general, and
we identify some hurdles on the road to implementation of
clinical ML models.

Limitations

A few limitations should be mentioned. First, this review does
not provide an in-depth quantitative and qualitative analysis of
all studies due to the large number of studies and the hetero-
geneity in clinical conditions, applications, and data-modeling
techniques used across all studies. Additionally, it limits itself
to applications directly assisting in the perioperative care
underexposing the potential of ML models to assist in diag-
nosis and research. Lastly, the quantitative summary of per-
formance of the most frequently evaluated applications should
be interpreted with great caution due to the heterogeneity in
specific disease conditions, ML algorithms, input features,
and reported statistical measures of performance. However,
we think these limitations are proportionate to the strengths
of this study and the quantitative summary provides a general
idea of the current performance of ML models. This system-
atic review elaborates on the basic concepts of ML and is the
first paper that presents an overview of the neurosurgical lit-
erature on ML, providing insight into the near and long-term
future direction of ML in neurosurgery.

Implications

Although ML models have been demonstrated to be an asset
in a variety of neurosurgical applications, we anticipate that
pattern recognition in radiological imaging will be one of the
first applications that will find its way into clinical practice.
Three papers demonstrated a better performance in radiolog-
ical tumor segmentation tasks by ML models compared to
radiologists [15, 19, 22]. These algorithms can provide results
in the order of a few minutes or even seconds, compared to
much lengthier evaluations by human inspection [34]. By
using each voxel as individual input feature, ML can dramat-
ically increase the amount of information extracted from im-
ages compared to visual evaluation alone [44].

This implicitly raises the concern of ML models replacing
the physician. We and others [44], however, believe that these
tools will only supplement and augment the physician. ML
algorithms can take over simple and repetitive tasks, enabling
clinicians to focus on the more ‘complex’ or ambiguous cases.
Especially in settings where the physician’s time is in high
demand, this would result in a more sustainable deployment
of clinical expertise and physicians working “at the top of their
license”. Clinicians cannot blindly follow predictions made
by ML models; they should always consider if the models
are built on a clinically meaningful foundation of input fea-
tures and are producing reliable output. Most importantly,
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even if ML models can perform the analysis with very high
accuracy, clinicians still must consider the implications of any
given analysis and how it fits with the active clinical scenario.
Successful introduction of ML into the clinical arena would
require, therefore, an extended knowledge of the creation,
validation, and statistical pitfalls of ML models applied in
the clinical context.

In both neurosurgery and medicine in general, the progress
in the field of artificial intelligence is continuously propelled
by the increasingly available large amounts of biomedical da-
ta. By analyzing patterns across large heterogeneous data sets,
ML provides methodology for understanding how numerous
factors influence desired outcomes. Therefore, incorporating
ML models to determine optimal therapy in individual pa-
tients parallels the growing trend towards precision medicine
[35, 46]. On the personalized level, this means giving patients
the treatment that fits best to their needs. On the systemic
level, timely refraining from unnecessary testing or treatment
would result in decreased complication rates and healthcare
costs. ML models contributing to precision medicine could
also be effective in the research arena. In clinical research,
ML models can help identify patients for whom therapy
would be most effective, reducing the necessary sample size
and economic burden of randomized clinical trials. In basic
research, patterns across clinical, histological, radiological,
and genetic data can be analyzed to construct a multimodal
disease phenotype and provide an integrated understanding of
disease development and progression.

Future challenges

Still significant hurdles remain associated with the creation,
validation, and deployment of these models in clinical care.
The mechanisms underlying ML models can be very difficult
to interpret and scrutinize. Conventional statistical methods
like linear and logistic regressions, address relationships be-
tween input and output features in an a priori intuitive fashion
compared to the relatively modern ML algorithms. Although
ML models can produce powerful predictions, this abstrac-
tion, can result in hesitancy to deploy them. However, intro-
ducing a new technique into clinical care based on the simple
observation that it’s effective without universal understanding
of its inner workings, is not a new concept in medicine; many
pharmaceutical drugs have been introduced in a similar man-
ner [54]. Furthermore, we suspect that as more ML models are
produced, validated, and as such become more familiar, clini-
cians will gain better insight into their underlying mechanisms
and will be more comfortable with deploying them in daily
practice.

Entrusting ML models with medical tasks raises the question
of liability. As clinicians make the final decision or interpretation,
it can be argued that they retain the entire responsibility for the
outcome; however, as the algorithms and thus their applications

become more complex, liability could shift towards institutions
involved in the production, validation, and regulation of these
algorithms [44]. Due to the learning aspect, ML produces dy-
namic models that could improve after they have been put into
practice. This calls for regulation on performance standards of
implemented ML models. Should manufactures freeze the learn-
ing process after production and thereby deliver static models
alone, or should institutions be allowed to augment performance
by means of setting-specific training data, referred to as ‘training
on the job’? Furthermore, should individual institutions be able
to contribute to the training of algorithms on multi-institutional
level, and what institutional requirements should be met in this
context?

Lastly, the performance of ML is highly dependent on the
quality of input data. Due to privacy consideration and poor
registrations, the amount of available data could still be insuffi-
cient to train ML models effectively. On the other side, models
can be trained merely on the patients for whom data were suffi-
cient, thereby introducing selection bias. In the latter case, ML
models can perform poorly in the clinical setting compared to the
research setting due to lack of generalizability. This also high-
lights the importance of creating national HIPAA-compliant da-
ta-sharing solutions that allow us to move beyond institutional
data and tap the potential of heterogeneous big data sets.

To bridge the gap between research and clinical practice, we
recommend that future studies focus on the technical aspects of
developing ML for clinical applications, but also of creating an
ethical and legal framework for the creation, validation, and reg-
ulation of ML models in clinical care. An extended knowledge of
the mechanisms and statistical pitfalls of ML models is required
not only for the clinicians who must interpret these analyses but
also preferably by means of an integrated team of clinicians, data
scientists, ethicists, and administrators. Furthermore, we recom-
mend standardized and transparent validation methods for ML
models ‘on site’ prior to deployment. ML models should operate
parallel to clinical experts and be implemented once their perfor-
mance and error margin is deemed to be sufficient and accept-
able, respectively. Major journals are currently embracing the
ideology of open-source coding [31]. This means that authors
make their code accessible to others to view, learn from, and
apply on their own data. We advocate that any predictive ML
model should have their code accessible for anyone to examine,
since transparency reduces the black-box aspect of ML models,
and statistical pitfalls are detected and solved sooner, resulting in
both a safer and more efficient implementation of ML in clinical
care.

Conclusion
In neurosurgery, ML can improve clinical decision-making by

deriving knowledge from the rapidly increasing quantity of
unstructured biomedical data. Although a wide range of
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applications was observed, pre-surgical planning of brain tu-
mor patients using MRI data as input and obtaining labeled
segments as output might be one of the first applications that
will find its way to neurosurgical practice. Future research
should focus on the creation, validation, and statistical pitfalls
of ML models on the one hand but also create an ethical and
legal framework for the implementation of these modeling
techniques in clinical care.
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