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Individual-patient prediction of meningioma malignancy
and survival using the Surveillance, Epidemiology,
and End Results database
Jeremy T. Moreau 1,2*, Todd C. Hankinson3,4, Sylvain Baillet 1 and Roy W. R. Dudley2

Meningiomas are known to have relatively lower aggressiveness and better outcomes than other central nervous system (CNS)
tumors. However, there is considerable overlap between clinical and radiological features characterizing benign, atypical, and
malignant tumors. In this study, we developed methods and a practical app designed to assist with the diagnosis and prognosis of
meningiomas. Statistical learning models were trained and validated on 62,844 patients from the Surveillance, Epidemiology, and
End Results database. We used balanced logistic regression-random forest ensemble classifiers and proportional hazards models to
learn multivariate patterns of association between malignancy, survival, and a series of basic clinical variables—such as tumor size,
location, and surgical procedure. We demonstrate that our models are capable of predicting meaningful individual-specific clinical
outcome variables and show good generalizability across 16 SEER registries. A free smartphone and web application is provided for
readers to access and test the predictive models (www.meningioma.app). Future model improvements and prospective replication
will be necessary to demonstrate true clinical utility. Rather than being used in isolation, we expect that the proposed models will
be integrated into larger and more comprehensive models that integrate imaging and molecular biomarkers. Whether for
meningiomas or other tumors of the CNS, the power of these methods to make individual-patient predictions could lead to
improved diagnosis, patient counseling, and outcomes.
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INTRODUCTION
Meningiomas are the most common primary central nervous
system (CNS) tumor, with an incidence of 8.14 per 100,000
population.1 They typically present with gradual onset of
symptoms in the later decades of life and have generally favorable
outcomes relative to other CNS tumors.2 However, there is a great
deal of variability in both aggressiveness and outcomes.3 The
decision to opt for a “watch-and-wait” approach is made in around
half of patients,4 but the process leading to this decision making
remains challenging and often relies on simple heuristics, which
may or may not be based on up to date evidence. The ability to
precisely predict meningioma malignancy and survival beyond
this standard would therefore be of clinical significance.
Many efforts to date in applying machine learning methods to

the detection and grading of meningiomas have focussed on
magnetic resonance imaging (MRI) imaging characteristics in small
samples of patients. In this study, we develop and validate new
predictive models using a set of basic clinical variables available in
the Surveillance, Epidemiology, and End Results (SEER) database
to predict meningioma malignancy and survival after specific
treatments. The models are trained and tested on 62,844 patients
included in SEER, an authoritative population-based cancer
dataset with ~28% coverage of the US population.5 A new
smartphone and web app was also developed to accompany this
manuscript (www.meningioma.app).
Rather than being used in isolation, we expect that the

proposed models will be integrated into larger and more
comprehensive models that will integrate imaging and molecular

biomarkers. The source code of the meningioma.app also provides
an easy entry-point for future investigators to translate predictive
models for broader dissemination.

RESULTS
Malignancy
Descriptive univariate statistical results of features initially
included in the Balanced Logistic Regression-Random Forests
(BLR-RF) model are presented in Fig. 1. No inferential statistical
tests were performed as the goal of these exploratory analyses
was solely to identify features with potential discriminatory value
in relation to the outcome variables. Younger patients, and
patients below the age of 20 especially, had relatively more
malignant and borderline malignant meningiomas than older
patients (Fig. 1a). Conversely, the relative prevalence of benign
meningiomas was higher in older patients. In absolute numbers,
however, benign meningiomas were much more frequent than
borderline malignant or malignant meningiomas (Fig. 1c). Larger
tumors were more malignant than smaller tumors (Fig. 1b),
especially those larger than 30mm, but with considerable overlap.
Specifically, 66% of benign meningiomas in this sample were
smaller than 3 cm (94% < 6 cm), whereas 82% of malignant and
borderline malignant ones were larger than 3 cm (22% > 6 cm).
Meningiomas were 2.8 times more frequent in females than in

males, but the proportion of borderline malignant and malignant
meningiomas was twice as great in men (Fig. 1e). Relative
frequency of borderline malignant and malignant meningiomas

1McConnell Brain Imaging Centre, Department of Neurology and Neurosurgery, Montreal Neurological Institute, McGill University, Montreal, QC, Canada. 2Department of
Pediatric Surgery, Division of Neurosurgery, Montreal Children’s Hospital, Montreal, QC, Canada. 3Department of Pediatric Neurosurgery, Children’s Hospital Colorado,
University of Colorado Anschutz Medical Campus, Aurora, CO, USA. 4Morgan Adams Foundation Pediatric Brain Tumor Research Program, Aurora, CO, USA.
*email: jeremy.moreau@mail.mcgill.ca

www.nature.com/npjdigitalmed

Scripps Research Translational Institute

1
2
3
4
5
6
7
8
9
0
()
:,;

http://orcid.org/0000-0002-6545-7525
http://orcid.org/0000-0002-6545-7525
http://orcid.org/0000-0002-6545-7525
http://orcid.org/0000-0002-6545-7525
http://orcid.org/0000-0002-6545-7525
http://orcid.org/0000-0002-6762-5713
http://orcid.org/0000-0002-6762-5713
http://orcid.org/0000-0002-6762-5713
http://orcid.org/0000-0002-6762-5713
http://orcid.org/0000-0002-6762-5713
http://www.meningioma.app
https://doi.org/10.1038/s41746-020-0219-5
http://www.meningioma.app
mailto:jeremy.moreau@mail.mcgill.ca
www.nature.com/npjdigitalmed


was slightly higher in patients identified as black or “other” than in
patients identified as white (Fig. 1f). The proportion of malignant
or borderline malignant tumors was greater for tumors categor-
ized as bilateral than for midline or unilateral tumors (Fig. 1d). This
is likely an effect of tumor size, as discussed below. Meningiomas
categorized as localizing to “other” regions were more malignant
than those localizing exclusively to the cerebral or spinal
meninges (Fig. 1g). 84.7% of meningiomas in this “other” group
were from ICD-O-3 topography code 71.x (Brain), whereas 13.5%
were coded as 72.x (Spinal Cord and Other Central Nervous
System), and 1.8% (10 patients) fell under 75.1/75.3 (Pituitary/
Pineal glands). In total, 86.3% of 62,844 meningiomas in this
sample localized to the cerebral meninges (C70.0), 3.2% to spinal
meninges (C70.1), 9.6% to meninges not otherwise specified
(C70.9), and only 0.9% to the “other” group. Given the more
aggressive behavior of intraparenchymal meningiomas6 and the
large proportion of meningiomas in this group localizing to C71.x
ICD-O-3 topography codes (“Brain”, as opposed to C70.x, “Cerebral
Meninges”) we can speculate that this “other” group could, at least
in part, consist of intraparenchymal meningiomas.

Survival
The log hazard ratios of the survival model are presented in Fig. 2.
There was an expected effect of age at diagnosis on probability of
survival and increased tumor size was associated with worse
survival. Malignant tumors predicted worse survival than border-
line malignant tumors, and borderline malignant tumors worse
survival than benign tumors. At the time of censoring, 76% of
patients with a benign meningioma were alive (median age at
diagnosis: 66) as compared to 80% of patients with a borderline
malignant tumor (median age at diagnosis: 60) and 61% of
patients with a malignant tumor (median age at diagnosis: 61).
Surgeries coded as “55: Gross total resection”, “30: Radical”, and

“22: Resection (spinal cord or nerve)” predicted the greatest
improved survival relative to no surgery. Patients who underwent
a “40: Partial resection of lobe”, “21: Subtotal resection (brain)”, or
other surgery had a relatively smaller improvement in survival.
Amongst patients who did not undergo surgery, patients for
whom the surgery was contraindicated due to another condition
and patients who refused surgery had worse survival relative to
patients for whom surgery was not recommended. Patients
identified as black had worse survival than non-black patients,
males had worse survival than females, and uninsured patients
worse survival than insured patients. In the initial analyses, age at
diagnosis, tumor size, sex, race, primary tumor site, and laterality
were selected as features for both the malignancy and survival
models. Additionally, surgical procedure, tumor behavior (if
available), insurance status, and reason for no cancer-directed
surgery were included in the survival model alone.

Classifier scoring
Illustration of the performance of the malignancy classifier is
presented in Fig. 3. The model was scored on the test dataset
consisting of 18,854 randomly assigned patients initially set aside,
and a weighted F1 score of 0.82 was obtained. Figure 3a is a
confusion matrix showing predicted vs. true class labels, normal-
ized by row, at the selected thresholds used in the app.
The calibration plot (Fig. 3e), precision-recall curve (Fig. 3f), and

receiver operating characteristic (ROC) curve (Fig. 3g) are also
provided. The calibration diagram plots predicted probabilities
against the true observed distribution of each class in the test
dataset. The precision-recall curve illustrates precision (positive
predictive value) as a function of recall (sensitivity) and is
complemented by the receiver operating characteristic (ROC)
curve, which illustrates sensitivity and specificity. The average
precision was 0.18 (SD: 0.01, chance level: 0.05) and the area under
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Fig. 1 Descriptive statistics for the malignancy outcome variable. Kernel density plots illustrate the distribution of benign, borderline
malignant, and malignant meningiomas according to age at diagnosis (a) and tumor size (b). These kernel density plots are conceptually
equivalent to histograms, but illustrate density (i.e., relative number of patients) as a continuous function of age/tumor size. Total number of
meningiomas by WHO ICD-O-3 behavior codes are shown in c. Absolute numbers and percentages of patients with benign, borderline
malignant, and malignant meningiomas by subgroup are shown for laterality (d), sex (e), race (f), and primary tumor site (g).
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the curve (AUC) was 0.83 (SD: 0.01, chance level: 0.5). At the
selected thresholds, we obtained a sensitivity of 0.79 with
specificity of 0.75 and a positive predictive value (PPV) of 0.14
with a negative predictive value (NPV) of 0.99. Feature importance
is illustrated in Fig. 3b. Tumor size and age at diagnosis were the
two most important features in the malignancy model and were
the only features retained in the final model. Figure 3d shows the
distribution of tumor behavior categories relative to tumor size
and age at diagnosis.
Finally, Fig. 3c shows the learning curves (scored for AP and

AUC), which illustrate the gain in classification performance
attained by increasing the training sample. As a performance
baseline, we also plot the classification performance of a “dummy”
classifier that randomly generates predictions on the basis of the
class distribution in the training set. For both AUC and AP,
improvement in model performance plateaus around
~5000–10,000 training examples (i.e., individual patients), after
which additional training examples did not improve performance.
Calibration and performance scoring results for the survival

model are shown in Fig. 4. A calibration plot for the survival
model, as evaluated on the test set, is shown in Fig. 4a. Figure 4b
shows time-dependent average precision (APt) and area under the
receiver operating characteristic curve (AUCt)7,8 values for the
survival model. For 5-year survival, overall APt was 0.62 (95% CI:
0.60-0.64, event rate: 0.25) and AUCt was 0.81 (95% CI: 0.80-0.82).
We also obtained a Uno’s C-statistic9 of 0.79. Uno’s C in an
improvement of Harrel’s concordance index,10 which has the
added benefit of being independent of the study-specific
censoring distribution.9 A concordance index of 0.5 represents
chance-level performance, whereas a concordance index of 1
indicates perfect performance. In order to assess the general-
izability of our classifiers we also subdivided the test set by SEER

registry and computed the above reported scores for each registry
independently (Table 1).

DISCUSSION
We present the development and validation of two classifiers for
the prediction of meningioma malignancy and survival. Using only
a very limited set of clinical variables, we demonstrate that our
models are capable of predicting meaningful clinical outcomes.
Previous studies using the SEER database have used various
machine learning methods for diagnosis and prognosis purposes
in breast11–15 and lung cancers,16,17 but have not applied these
techniques to the SEER data on meningiomas. As compared to
classical statistical approaches, the value of predictive modeling is
the ability to obtain predictions for individual patients rather than
group means. In the framework of levels of evidence for predictive
biomarkers proposed by Woo et al.,18 the models introduced here
fall under the “development” stage and we emphasize the need
for future prospective studies and model refinement using
imaging and molecular data. The present models represent a
valuable performance baseline and proof of concept for future
studies to surpass and could, for instance, be used in a Bayesian
framework as priors to improve the performance of models
developed solely on the basis of imaging or molecular features.
We nonetheless believe that meningioma.app provides a unique
entry-point for furthering the translatability and transparency of
machine learning models, which too often remain impossible for
the average clinician to evaluate because of the time and
programming knowledge this would require. Our intention here
is to allow for clinicians to easily test out the models to provide
feedback for improvement and generate interest in the possibi-
lities of such tools. We also hope that this will inspire others to

Fig. 2 Log hazard ratios for each of the features of the survival model. Negative values indicate proportionally lower probability of death.
Positive values indicate proportionally higher probability of death. Error bars represent 95% confidence intervals.
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replicate our approach and have therefore made the source code
of meningioma.app available under a free open-source license.
We report on the meningioma data up to the November 2017

SEER release, but our observational results are broadly consistent
with what has been reported in previous epidemiological
literature on meningiomas. From 2004 to 2010, Kshettry et al.19

reported that WHO grade II and III meningiomas accounted for
4.2% and 1.2% of newly diagnosed meningiomas, respectively.
Likewise, after exclusions, we identified a total of 62,844
meningiomas for the period between 2004 and 2015, of which
4.0% were coded as borderline malignant and 0.9% as malignant.
As in our previous work, we found that while pediatric
meningiomas may include relatively more aggressive subtypes,
young age is overall associated with reduced all-cause mortality.4

In regard to sex, across all ages overall, meningiomas were more
frequent in females than in males, but malignancy19 and
mortality3,20,21 were greater in males than females. Also con-
cordant with previous reports, black race and larger tumor size
were found to be adverse prognostic factors.3,22,23 Regarding
lateralization, we found that the proportion of malignant/border-
line malignant tumors was greater for bilateral meningiomas. This
effect is presumably explained by size as bilateral tumors were on
average larger (41.5 mm) than midline (30.0 mm) or unilateral
(27.2 mm) tumors. Gross total resection was also found to be a
strong predictor of longer survival.3,21,23 Additionally, in patients
who did not undergo surgery, we found differences in survival
based on the reason why no cancer-directed surgery was

performed, with relatively worse survival in patients who refused
surgery or for whom surgery was contraindicated due to another
condition as compared to patients for whom surgery was not
recommended. We also found, as expected, that uninsured
patients had worse survival than insured patients.
As compared to previous studies of meningiomas in SEER, our

present study is chiefly differentiated by the application of
statistical learning methods. Specifically, we trained an ensemble
voting classifier using a random undersampling procedure
inspired by the Balanced Random Forest algorithm24 and
proportional hazards models25,26 to predict malignancy and
survival. Ensemble classifiers often outperform any classifier used
independently and also can help reduce the risk of overfitting the
training data.27 In this study, we found that the method indeed
did help produce a better calibrated model while also marginally
improving classification performance over either balanced ran-
dom forest or balanced logistic regression used alone (Supple-
mentary Figs. 1 and 2). The results in Fig. 3e indicate that the
model is well-calibrated (e.g., a predicted probability of 20% that a
meningioma is non-benign suggests a true 20% chance that the
meningioma is indeed non-benign), but does not make predic-
tions with high probability values. This is consistent with the
classification accuracy of the model, but is also in part due to very
imbalanced base class distribution in this dataset; any randomly
selected meningioma has about a 95% chance of being benign
and, conversely, only a 5% chance of being non-benign.
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Fig. 3 Performance of the malignancy classifier. a Confusion matrix illustrating predicted vs. true labels for the malignancy classifier, as
evaluated on the test set. Values are normalized across each row. B Benign, BM/M Borderline malignancy/Malignant. b Drop-column feature
importance showing decrease in classifier performance resulting from dropping a given feature, in decreasing order of importance. The red
dot indicates the mean and error bars 95% confidence intervals. c Learning curves illustrating training (red line) and cross-validation (blue line)
model performance (measured by Area under the receiver operating characteristic curve and Average Precision) as a function of the number
of patients used in training the classifier. The point of convergence between the training and cross-validation curves indicates when adding
more cases to the training no longer results in an improvement in performance. Shaded outlines represent 1 standard deviation. The gray line
represents the performance of a dummy classifier, which randomly generates predictions on the basis of the class distribution in the training
set. d Bivariate kernel density plot (can be understood as a “2-dimensional histogram”) of tumor size vs. age at diagnosis. e Calibration plot, as
evaluated on the test set. f Precision-recall curve and receiver operating characteristic curve (g) for Benign vs. Borderline Malignant/Malignant
meningioma classification. For f, g the gray dashed line indicates chance-level performance and the shaded outline represents the 95%
confidence intervals.
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An intrinsic advantage of ensemble classifiers is the ability not
only to provide a binary prediction of the predicted outcome, but
also to provide probability estimates by calculating the proportion
of votes in the ensemble (e.g., if 50 of 100 base classifiers in the
ensemble predict one outcome, the predicted probability estimate
is 50%). This is illustrated together with individualized survival
curves for an example 56-year-old man in the screenshots of our
app shown in Fig. 5. A second calibration step was however
necessary to provide well-calibrated probability estimates for the
malignancy classifier, as discussed in the Methods below. One
important consideration is that the provided individualized
survival curves should only be used to estimate survival of a
patient for whom a specific treatment course has been decided
and not to guide treatment decisions for that specific patient.

While perhaps a seemingly subtle interpretation difference, the
second use would likely be invalid due to probable patient
selection effects in SEER (e.g., the patients who did not undergo
surgery are not the same patients who received a gross total
resection). Our smartphone optimized web app (www.
meningioma.app), allows inputting basic clinical details for any
new patient to obtain straightforward predictions of malignancy
and survival. The details entered into the app are run through
exactly the same models described in this paper, but without the
need for any advanced technical or programming knowledge.
Previous studies have used classifiers for the detection and

grading of meningiomas and other CNS tumors, but these have
almost exclusively focused on MRI28,29 or histopathological30

imaging characteristics to drive their predictions. We also extend
classical survival analysis methods to the machine learning
framework and demonstrate how proportional hazard ratios can
be used to create individualized patient-specific survival curves
(also illustrated in Fig. 5). While predictive modeling of imaging
and molecular-genetic profiles should undoubtedly form part of
the effort for more accurate diagnostic and prognostic tools,31 we
demonstrate here that the informational value to be gained from
even the simplest of clinical variables is not to be ignored.
Moreover, we position the value of such a tool as being of
particular relevance at the pre-biopsy/surgery stage, which is of
particular interest in the case of meningiomas where only roughly
half of tumors are microscopically confirmed.22 It is also worth
noting that the sample size of these previous studies was on an
entirely different scale, ranging from dozens to a few hundred
patients at most. Rather than competing with these prior models,
what we hope to highlight here is the potential value of
combining models trained on large epidemiological datasets with
classifiers trained on smaller but richer datasets. Further improve-
ments to model performance will be needed before clinical
translatability can be achieved. While marginal improvements
might still be achievable with the current dataset by refining the
models themselves, a larger challenge for translatability lies in
collecting and curating large multimodal datasets for training and
validation against clinical outcomes.
With ever decreasing storage costs and the advent of open

databasing solutions for genetic32 and neuroimaging data,33,34 the
possibility of expanding the scope of national cancer registries for
large-scale inclusion of de-identified source data will lead the way
for the next generation of predictive models. Recent large-scale
projects for population genotyping and brain imaging such as the
UK biobank represent a significant opportunity in this regard.35,36

Additionally, efforts to provide curation, as well as streamlined
consent37 and de-identification38,39 of data from electronic
medical records and picture archiving communication systems,
are another important step in this direction.40–43 Allowing for the
wealth of patient data already being recorded for routine care to
be used to advance predictive disease modeling has the potential
to simplify specific aspects of clinical decision making, as well as
improve diagnostic and prognostic accuracy for future patients.
We also highlight the need to expand outcome variable reporting
beyond survival. Indeed, functional outcomes and quality of life
are also key to informed clinical decision making and patient
counseling. In the case of meningiomas, surgery for benign
tumors is frequently undertaken to treat comorbid seizures or
other neurological symptoms. We could therefore imagine
predictive models being developed to determine which patients
are more likely to benefit from such interventions. Likewise, we
could foresee training models to learn patterns of association
between certain tumor features (e.g., size and location) and
treatment variables (surgery type, adjunctive therapy), and the
probability of specific neurological complications.
There are inherent limitations to any study of retrospective

registry-based data, such as selection and reporting biases. We
have described these in detail in previous work.44–47 Nonetheless,

APt / AUCt scores

Calibration plot

b

a

Fig. 4 Calibration and performance of the survival model. a
Survival model calibration plot, as evaluated on the test set. b Time-
dependent area under the curve (AUCt, yellow line) and average
precision (APt, blue line) for the survival model, as evaluated on the
test set. The event rate/chance level is represented by the dashed
gray line. Shaded outlines represent 95% confidence intervals.
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one of the benefits of the present study in this regard was the
random assignment of 30% of patients to a “test” dataset, which
was sequestered until the final models were developed. This
allowed for pseudo-prospective evaluation of our models and
therefore reduced bias in the scoring of model performance. While
we demonstrated good generalizability of the model across SEER
registries, the true test of these models will have to come from
replication with prospective, multi-registry, and international
patient cohorts. Also, given the poor discrimination between
borderline malignant and malignant meningiomas (Fig. 3d) based
on the limited set of clinical variables available in SEER, we opted
to focus current analyses on binary classification between benign
and non-benign tumors. We consider the ability to differentiate
these two categories to be the more important question from a
clinical perspective since, as previously reported by Dolecek
et al.,22 only 29% of borderline malignant and 31% of malignant
meningiomas received no initial treatment, as compared to 60%
of benign meningiomas. Future work with richer datasets should,
however, attempt to distinguish between these categories.
Regarding treatment variables, only surgery was investigated

and we did not include radiotherapy or chemotherapy as features
of interest in the survival classifier because there are substantive
concerns with these data in SEER.48 Starting with the November
2016 data submission, these data have been removed from the
main SEER research databases. We do, however, emphasize the
need for radiotherapy in particular to be investigated with another
dataset. Also, Simpson grading is not available in SEER and some
heterogeneity is therefore expected in the gross total resection
group.49 We also excluded the small percentage of patients who
had a second meningioma recorded in SEER so as not to bias
scoring of the model (i.e., each training or testing example was
one patient). It would, however, be valuable to predict outcomes
in these patients with subsequent meningiomas—or any second

cancer, whether occurring prior to or after the meningioma.
Finally, this study remains, at least in part, a proof of concept of
what can be achieved with predictive modeling of cancer registry
data. We fully realize that more powerful models will need to
integrate radiographic and molecular features in their predictions,
and hope to update meningioma.app with such models in
future work.
We report the development and validation of predictive models

of meningioma malignancy and associated survival. On the basis
of a very limited set of clinical variables such as age, sex, and
tumor size, our models are shown to be capable of predicting
individual-patient outcomes. Our modeling approach provides
complementary information to previous epidemiological reports
and could lead to the development of new practical diagnostic
and prognostic tools in oncology. Beyond the traditional paper-
and-pencil nomograms, we provide an original open-source
smartphone and web application to illustrate the translation of
complex nonlinear predictive models to real-world practice. In
particular, the ability of our statistical learning models and app to
provide individual-specific predicted survival curves could be
valuable for patient counseling.

METHODS
Participants
The latest SEER data release (November 2017) was queried using SEER*Stat
v8.3.5 for all cases of meningioma (WHO ICD-O-3 histology codes 9530-
9539) recorded in the brain and spinal cord. A complete description of the
SEER*Stat search query is provided in the supplementary information
(Supplementary Note 1). The data included patients diagnosed between
2004 and 2015 across 18 registries in 13 states. Only the first meningioma
recorded in SEER for each patient was included in analyses. In total, 88,015
patients were initially identified. Patients diagnosed prior to 2004 were
excluded because their diagnosis predates the passage of Public Law

Table 1. Summary of performance metrics for the malignancy and survival models per SEER registry (for all registries with at least 100 cases) as
evaluated on the test.

Malignancy model Survival model

SEER registry F1(w) AP Chance level AUC Uno’s C AP
(5 y)

Event rate AUC
(5 y)

California excluding SF/SJM/LA 0.80 0.18 0.06 0.82 0.81 0.66 0.26 0.81

Seattle (Puget Sound) 0.88 0.19 0.03 0.88 0.76 0.56 0.22 0.80

Los Angeles 0.78 0.20 0.05 0.83 0.78 0.54 0.22 0.81

New Jersey 0.81 0.18 0.05 0.83 0.79 0.71 0.27 0.83

Kentucky 0.86 0.18 0.04 0.87 0.76 0.54 0.26 0.76

Greater Georgia 0.82 0.15 0.05 0.84 0.72 0.64 0.26 0.80

Detroit (Metropolitan) 0.82 0.15 0.05 0.79 0.76 0.69 0.31 0.81

San Francisco 0.81 0.22 0.06 0.82 0.8 0.60 0.23 0.84

Louisiana 0.82 0.10 0.04 0.80 0.85 0.71 0.30 0.78

Iowa 0.86 0.42 0.07 0.87 0.76 0.64 0.23 0.80

Utah 0.86 0.09 0.02 0.79 0.84 0.67 0.2 0.81

Connecticut 0.80 0.19 0.05 0.84 0.81 0.59 0.21 0.83

Atlanta (Metropolitan) 0.82 0.22 0.05 0.87 0.82 0.58 0.20 0.85

San Jose 0.81 0.21 0.06 0.83 0.77 0.45 0.20 0.79

New Mexico 0.77 0.14 0.05 0.74 0.79 0.61 0.23 0.86

Hawaii 0.78 0.21 0.04 0.88 0.77 0.59 0.27 0.81

Mean 0.82 0.19 0.05 0.83 0.79 0.61 0.24 0.81

SD 0.03 0.07 0.01 0.04 0.04 0.07 0.03 0.03

F1(w) weighted F1 score, AP average precision, Chance level/event rate baseline performance level for AP, AUC area under the receiver operating characteristic
curve, Uno’s C Uno’s concordance index, AP(5 y) 5-years time-dependent average AP, AUC(5 y) 5-years time-dependent AUC, SD standard deviation
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107–260, which mandated the collection of non-malignant tumors.22

Patients for whom the method of diagnostic confirmation was unknown or
clinical only were also excluded. Moreover, all ICD-O-3/1 (borderline
malignant) and/3 (malignant) meningiomas without positive histological
diagnosis were excluded. We also excluded meningiomas recorded as
being larger than 150mm as such cases are extremely rare and more likely
represent coding errors in SEER (e.g., an “803mm” meningioma). In
addition to these exclusion criteria, we excluded case listings for which
features (age, tumor size, race, tumor site, surgery) or outcome variables
(malignancy, survival) of interest were not available. Exclusion criteria are
illustrated in Fig. 6. After exclusions, the final number of patients included
in analyses was 62,844. As SEER contains no personally identifiable
information and this study relied exclusively on secondary use of
observational epidemiological data from a public national database, our
institutional research ethics board deemed this study to be exempt from
review. Transparent Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis (TRIPOD) reporting guidelines were
implemented in this manuscript.50

Feature selection
Descriptive statistics were computed and exploratory data analysis was
performed to identify potential features (i.e., predictor variables) for
inclusion in the machine learning models. Selection criteria for features
included data availability (variables with large numbers of missing points
were excluded) and discriminatory capability in relation to the two
outcomes of interest—malignancy and survival. Malignancy was defined

as per WHO ICD-O-3 histology and behavior codes. ICD-O-3 behavior codes
were used as WHO grade is not consistently available for meningiomas in
SEER.19,23 Previous studies have used the following correspondence from
WHO grade to ICD-O-3 histology and behavior codes: WHO I: 9530/0, 9531/
0, 9532/0, 9533/0, 9534/0, 9537/0; WHO II: 9530/1, 9531/1, 9532/1, 9533/1,
9534/1, 9537/1, 9538/1, 9539/1; WHO III: 9530/3, 9531/3, 9532/3, 9533/3,
9534/3, 9535/3, 9537/3, 9538/3, 9539/3.19,23 We have opted here to display
the original ICD-O-3 labels as they are reported in SEER (i.e., /0: benign, /1:
borderline malignancy, /3: malignant).
All-cause mortality was used in survival analyses because cause-specific

mortality is not reliably available across all meningioma cases in SEER.4

Moreover, as demonstrated in Fig. 2, treatment and clinical variables other
than age clearly impact all-cause survival. We also obtained a Uno’s C of
0.70 for a model excluding malignancy and age at diagnosis, as compared
to a Uno’s C of 0.79 for the model including all features. Supplementary
Fig. 3 additionally illustrates AUCt and APt when age and malignancy are
excluded from the survival model. Survival was defined on the basis of the
“Survival months” variable in SEER, which is calculated on the basis of the
date at diagnosis and date at last contact.5 Censoring was based on the
“Vital status recode” variable in SEER. Features with low-frequency classes
were recoded into more general classes where appropriate in order to
have sufficient examples for training and cross-validation. Features were
also recoded when it was found that two or more classes did not provide
additional information in respect to the outcome variable (e.g., patients
with left vs right sided meningiomas had equivalent survival). Primary
tumor site was recoded by ICD-O-3 topography codes as either “cerebral
meninges” (C70.0), “spinal meninges” (C70.1), “meninges not otherwise

Fig. 5 Example predicted malignancy and survival curves for an insured 56-year-old white man with a unilateral 54mm wide
meningioma localizing to the cerebral meninges. Try the app at www.meningioma.app.
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specified” (C70.9), and “other”. Race, as defined in the SEER database, was
recoded into “white”, “black”, and “other” groups. Tumor laterality was
recoded as “bilateral” (e.g., large meningiomas extending over both
hemispheres), “midline” (e.g., falcine meningiomas), or “not bilateral”. The
original SEER coding for surgical procedures was preserved except for “10:
Tumor destruction NOS”, “50: Surgery stated to be “debulking”, and “90:
Surgery, NOS” codes, which were recoded as “other surgery” because they
accounted in total for only 0.7% of all surgically treated cases.

Classifier design and validation
Of the 62,844 included patients, 30% (18,854) were randomly selected and
set aside for use as a test (validation) dataset, whereas the data of the
remaining 43,990 patients were used for training (development) and cross-
validation. In all, 13,197 of these 43,990 cases were used for cross-
validation and initial model exploration (Supplementary Fig. 1). The use of
a true “test” set allows for unbiased estimation of model performance,
which cannot be achieved through cross-validation alone since human or
automated optimization of models and model parameters inherently
biases scoring towards artificially inflated classification accuracy.51 Two
separate classifiers were trained and tested, one for each of the outcome
variables of interest. Preprocessing, hyperparameter optimization, cross-
validation, and scoring were performed using the scikit-learn Python
module.52

For the malignancy model, a voting ensemble classifier (BLR-RF)
combining balanced logistic regression and balanced random forest base
models was implemented. This BLR-RF classifier implements a random
undersampling procedure akin to that of the Balanced Random Forest
(BRF)24 algorithm whereby each base classifier in the ensemble is trained
on a randomly selected class-balanced subsample of the training dataset.
The imbalanced-learn Python package53 was used to perform the random
undersampling and the MLxtend package to build the ensemble voting
classifier.54 As compared to BRF, we found that, in this dataset, our BLR-RF

classifier provided better probability calibration and was less prone to
overfitting (Supplementary Fig. 1). The BRF algorithm is an extension of the
popular random forest algorithm,55 which builds ensembles of decision
trees and uses a voting procedure to output the overall classification
decision. Both our BLR-RF classifier and BRF are distinguished from
standard random forests by additionally resampling data within random
bootstrap samples (smaller samples randomly drawn from the training
data) to address the problem of class imbalance.24 We found this
procedure to be effective in this highly imbalanced dataset (i.e., ~95% of
meningiomas were benign), as compared to regular logistic regression or
random forests (Supplementary Fig. 1). In the implementation used in the
present study, we resampled the non-minority classes (i.e., all non-
malignant tumors) so that each bootstrap sample contained roughly equal
numbers of benign and non-benign tumors. In order to improve model
calibration, we applied a second probability calibration step using Platt
scaling56 with a subset of data not used in the initial training
(Supplementary Fig. 1).
Hyperparameter optimization was performed using 1000 iterations of

randomized57 fivefold stratified K-fold cross-validation using the weighted
F1 score, as implemented in scikit-learn,52 as the primary scoring metric.
We selected this weighted F1 score as the scoring metric for training the
model as it penalizes misclassifications of the minority class (i.e., non-
benign meningiomas) to a greater extent, which is critical in this very
imbalanced dataset (e.g., we could obtain 95% accuracy simply by
classifying all meningiomas as benign). The F1 score ranges from 0 (worst)
to 1 (best) and is defined as the harmonic mean of precision (PPV) and
recall (sensitivity). It is better suited than accuracy or area under the
receiver operating characteristic curve for measuring classifier perfor-
mance in imbalanced datasets.58 Candidate models were also evaluated
using confusion matrices obtained from the cross-validation set. Confusion
matrices are a simple way to represent true vs. predicted classes and
calculate rates of true and false positives and negatives. For the survival
model, we used the implementation of Cox’s proportional hazards model
in the lifelines Python package.26 This model is suited for working with
censored survival data and has the benefit of providing easily interpretable
prediction probabilities.
Model scoring for the malignancy model was performed using a series

of metrics, including the F1 score and confusion matrices, as described
above, but also precision-recall and receiver operating characteristic (ROC)
curves, which can also be summarized by the average precision (AP) and
AUC metrics. AUC tends to provide overly optimistic estimates of
performance in imbalanced datasets and it is therefore also useful to
evaluate the precision-recall curve in these cases.59 Average precision is
prevalence-dependent and should therefore be evaluated in the context of
the baseline population prevalence. We report chance-level values to
illustrate this baseline. For the survival model, we report time-dependent
average precision (APt)7 and area under the curve (AUCt)60 values, using
the R implementation in the APtools package,8 as well as Uno’s C-statistic.9

We used the implementation of Uno’s C provided in the scikit-survival
Python package.61 In addition to Uno’s C, time-dependent AP and AUC
values provide a useful complement for model evaluation. APt has been
suggested to be of particular value for assessing low-probability events,8

but is also dependent on prevalence and should therefore be evaluated
against the baseline event rate at each time point. In addition to the above
metrics, we also provide calibration plots of predicted vs. observed risk.
Confidence intervals were computed using bootstrap resampling of the
test set with 1000 iterations for precision-recall, ROC, APt, and AUCt values.

Reporting summary
Further information on experimental design is available in the Nature
Research Reporting Summary linked to this paper.

DATA AVAILABILITY
All data used in this study are available for download through the SEER program.

CODE AVAILABILITY
The source code for meningioma.app is available for download at https://github.
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Fig. 6 Flow diagram illustrating criteria for patient inclusion.
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