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Abstract

Background

Patients with pituitary lesions experience decrements in quality of life (QoL) and treatment
aims to arrest orimprove QoL decline.

Objective

To detect associations with QoL in trans-nasal endoscopic skull base surgery patients and
train supervised learning classifiers to predict QoL improvement at 12 months.

Methods

A supervised learning analysis of a prospective multi-institutional dataset (451 patients) was
conducted. QoL was measured using the anterior skull base surgery questionnaire (ASBS).
Factors associated with QoL at baseline and at 12-month follow-up were identified using
multivariate logistic regression. Multiple supervised learning models were trained to predict
postoperative QoL improvement with five-fold cross-validation.

Results

ASBS at 12-month follow-up was significantly higher (132.19,SD = 24.87) than preoper-
ative ASBS (121.87,SD = 25.72,p<0.05). High preoperative scores were significantly
associated with institution, diabetes and lesions at the planum sphenoidale / tuberculum
sella site. Patients with diabetes were five times less likely to report high preoperative
QoL. Low preoperative QoL was significantly associated with female gender, a vision-
related presentation, diabetes, secreting adenoma and the cavernous sinus site. Top
quartile change in postoperative QoL at 12-month follow-up was negatively associated
with baseline hypercholesterolemia, acromegaly and intraoperative CSF leak. Positive
associations were detected for lesions at the sphenoid sinus site and deficient
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preoperative endocrine function. AdaBoost, logistic regression and neural network clas-
sifiers yielded the strongest predictive performance.

Conclusion

It was possible to predict postoperative positive change in QoL at 12-month follow-up using
perioperative data. Further development and implementation of these models may facilitate
improvements in informed consent, treatment decision-making and patient QoL.

Introduction

Pituitary adenomas are common and may be present in up to 10% of people with normal
endocrine function [1]. Prevalence ranges between 1 in 865 and 1 in 2,688 adults [2]. Func-
tioning pituitary tumours lead to hypersecretion syndromes including Cushing’s disease, acro-
megaly and hyperprolactinemia [3], negatively impacting patient function, life expectancy and
quality of life (QoL) [4]. Non-functioning tumours may lead to symptoms due to mass effect
and may present with visual disturbance [1]. Treatment is provided by experienced, specialised
multidisciplinary centres, which include neurosurgery, endocrinology, rhinology, radiology
and radiation oncology [2].

Patients with pituitary lesions experience worse QoL than the general population (3, 5, 6].
Treatment aims to improve QoL or at least arrest its decline, although postoperative QoL typi-
cally declines initially post-surgery [7] before improving. However, persistent decline has been
reported [6, 8]. Subtotal resection has been linked with QoL decrements, suggesting the need
for gross total resection [9]. Endoscopic pituitary surgery has been linked with preserved
patient QoL, compared to other surgical techniques [9, 10]. If future postoperative QoL
improvement could be accurately predicted prior to pituitary surgery, then this could provide
valuable decision support information to clinicians and patients, which may lead to altered,
more personalised treatment plans and clearer postoperative recovery expectations. Clinicians
could determine which patients would be most likely to experience QoL improvements and
patients with poor predicted QoL outcomes could be considered for alternative or adjunct
treatments.

Supervised machine learning is a subdomain of artificial intelligence (AI) that involves the
application of algorithms to identify complex patterns in large datasets enabling effective out-
come prediction and classification [11-17]. Supervised learning techniques have demonstrated
efficacy across a wide range of application domains and the application of machine learning to
neurosurgery is growing rapidly [14, 18, 19]. With regard to skull base surgery, supervised
learning has been applied to predict early postoperative outcomes [20], hyponatremia [21], the
risk of experiencing intraoperative cerebrospinal fluid (CSF) leaks [22], remission after surgery
[23, 24] and long-term postoperative control of Cushing’s disease [25]. It has been used to clas-
sify adenoma subtypes using magnetic resonance imaging data [26] and predict radiothera-
peutic response in patients with acromegaly [27].

This study was conducted to detect clinical associations with QoL in trans-nasal endoscopic
skull base surgery patients and train and test a collection of supervised learning classifiers to
predict QoL improvement at 12 months. The study was guided by the following two research
questions. (1) What clinical factors are associated with preoperative QoL in skull base surgery
patients? (2) Can postoperative change in QoL be effectively predicted using supervised learn-
ing algorithms?
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Method
Design

This multi-institutional study involved an analysis of a prospectively collected dataset. Each
patient was older than 18 years and underwent skull base neurosurgery to treat pituitary
pathology. Patients were treated at three tertiary hospitals in Melbourne, Australia: St Vin-
cent’s Hospital, Monash Medical Centre, and The Royal Melbourne Hospital.

Ethics

The study was conducted under institutional review board (IRB) ethics approval (2021-029S,
The University of Notre Dame Australia). Patients provided their consent for the use of their
data for quality improvement analysis. The IRB provided a waiver of consent for the use of the
deidentified dataset for research.

Data

Covariates and outcomes. Covariates (i.e., independent variables or features) included
operating institution, gender, age, presentation history, co-morbidities, anatomic site of the
lesion, histopathology, endocrine status, characteristics of the surgery, and intra- and postop-
erative complications. The primary outcome measure was QoL, as measured by the Anterior
Skull Base Surgery Questionnaire (ASBS). Scores range from 35 to 175 and higher scores indi-
cate a better state of QoL [28, 29]. Preoperative ASBS scores for each patient were stratified
into quartiles. Statistical models were designed to detect associations with the highest and low-
est preoperative ASBS quartiles. Postoperative change in ASBS score at 12-months was calcu-
lated for each patient and stratified into quartiles. Statistical models were designed to detect
clinical associations with the highest and lowest ASBS change quartiles and machine learning
models were trained and tested to predict the highest ASBS change quartile. Data were col-
lected between March 2016 and September 2020.

Data processing. Covariates and outcomes were coded as binary variables. If datapoints
were missing for >10% of cases for a given covariate, then it was excluded from the analysis. If
<10% of cases for a binary covariate contained missing data, then it was assumed that the
patient’s clinical state with regard to that covariate was normal and the missing fields were
filled with zeros. This was done to retain and include as many clinical covariates as possible in
the analysis, maximising the use of the specialist dataset collected. In the postoperative
machine learning dataset, this applied to five covariates: “any postoperative complication” (n
missing = 15), “secreting adenoma” (n missing = 8), “development of postoperative diabetes
insipidus” (n missing = 10), “development of postoperative syndrome of inappropriate anti-
diuretic hormone secretion (STADH)” (n missing = 15) and “reoperation” (n missing = 4).
Patients with missing outcome data were excluded from the analysis.

Analysis

The analysis involved two phases: (1) statistical analysis using multivariate logistic regression;
and (2) training and testing supervised learning classifiers. The first phase involved applying
multivariate logistic regression to detect significant associations between covariates and out-
come variables. Covariates were included in multivariate models in a hypothesis-driven man-
ner based on clinical relevance and the expertise of senior surgeons [30]. Covariates with
negligible statistical contribution to these multivariate models (z-score<0.02, or p>0.9) were
excluded and models were subsequently retrained [15, 16, 31]. Discrete groups of related vari-
ables (e.g., demographics, presentation history factors, co-morbidities, etc.) were added
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sequentially and systematically to carefully assess the stability of associations. Odds ratios (OR)
and 95% confidence intervals (CI) were calculated to assess the strength of associations. Pre-
dictive modelling better practice guidelines informed model development [32-35]. Highly cor-
related variables were removed to control for multicollinearity (e.g., “presentation history:
visual” and “abnormal preoperative vision”). Logistic regression models were considered sig-
nificant if they achieved a log likelihood ratio (LLR) p-value of less than 0.05.

Numerous supervised learning classifiers were trained and tested, including random forest
(RF) [36], gradient boosting machines (GBM) [37, 38], AdaBoost classifiers [39], support vector
machines (SVM) [40], K-nearest neighbor (KNN) classifiers, gaussian naive Bayes (GNB) [41]
classifiers and neural networks (NN) [12, 42-44]. Hyperparameter tuning was conducted with
five-fold cross-validation. Neural networks comprised two hidden layers, the first containing 20
nodes and the second containing 10. Early stopping was implemented to mitigate overfitting.
Dimensionality reduction was achieved using two methods: (1) the statistical multivariate logis-
tic regression approach described above; and (2) recursive feature elimination (RFE) with sup-
port vector regression. The top 27 covariates were selected for inclusion. The synthetic minority
oversampling technique (SMOTE) was applied to counter class imbalance in the supervised
learning analysis [45]. SMOTE has been designed to avoid overfitting [46] and, as recom-
mended, was applied to the training dataset only [47]. Discrimination between outcome classes
was assessed primarily using the area under (AUC) the receiver operating characteristics (ROC)
curve and the Matthews correlation coefficient (MCC). MCC is a useful metric for evaluating
binary classifiers and has been presented as the preferred metric [48]. It ranges from -1 to 1,
with higher scores indicating a more effective classifier. Other performance metrics included
accuracy, sensitivity, specificity, positive predictive value (PPV) and F1 [49, 50]. Five-fold cross-
validation was applied. Two-tailed t-tests were used to assess differences between groups. Shap-
ley additive explanations (SHAP) were used to assess and visualise feature importance within
GBM models [51]. Analyses were conducted using custom Python scripts and the statsmodels
[52], SciPy [53], Scikit-learn [54], imbalanced-learn [55], Matplotlib [56], numpy [57], pandas
[58] and SHAP [59] packages. Fig 1 presents a methodological overview.

Results

A preoperative ASBS score was recorded for 451 patients. Mean patient age was 53.63 years
(SD = 16.86). One hundred and ninety-nine patients had an ASBS score recorded at 12-month
follow-up. Mean patient age was 52.85 years (SD = 17.31). There was no statistically significant
demographic difference between the pre- and postoperative groups. Mean preoperative ASBS
was 121.87 (SD = 25.72), while mean ASBS at 12 months was 132.19 (SD = 24.87), which was
significantly higher (t = 4.68, p<0.05). Mean change in ASBS score at 12-month follow-up was
7.5 points (SD = 25.79). Descriptive statistics are displayed in Table 1. Most patients (n = 121)
experienced a positive postoperative change in ASBS at 12-months (mean = 23.29,

SD = 16.83), seventy-five patients experienced a negative change in ASBS at 12-months (mean
=-17.67, SD = 16.38) and three patients experienced no ASBS change.

Associations with preoperative quality of life

The two multivariate logistic regression models classifying the highest and lowest preoperative
ASBS quartiles were both significant (LLR p<0.05). High preoperative ASBS scores were sig-
nificantly associated with three covariates: institution, insulin dependent diabetes (negative
association) and lesions at the planum sphenoidale / tuberculum sella anatomic site (Table 2).
Patients with insulin-dependent diabetes were five times less likely to report high preoperative
ASBS scores than patients without insulin dependent diabetes. Patients with lesions at the
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Fig 1. Methodology overview. RFE, recursive feature elimination. SMOTE, synthetic minority oversampling technique.

https://doi.org/10.1371/journal.pone.0272147.9001

planum sphenoidale / tuberculum sella anatomic site were more than five times more likely to
report high preoperative ASBS scores than patients with lesions at other anatomic sites.

Low preoperative ASBS scores were significantly associated with five covariates. There were
positive associations with female gender, a vision-related presentation history, insulin-depen-
dent diabetes and secreting adenoma. A negative association was found for lesions at the cav-
ernous sinus anatomic site (Table 2). Women were almost two times more likely to experience
QoL scores in the lowest quartile than men. Patients with a vision-related presentation history
were more than twice as likely to report preoperative QoL scores in the lowest quartile than
patients without a vision related presentation history. Patients with insulin-dependent diabetes
were more than three times more likely to report preoperative QoL scores in the lowest quar-
tile than patients without insulin-dependent diabetes. Patients with lesions in the cavernous
sinus were four times less likely to report low preoperative ASBS scores than patients with
lesions at other anatomic sites. The strength of the association between insulin dependent dia-
betes and QoL was highlighted by the significant positive association with low preoperative
ASBS and the significant negative association with high preoperative ASBS scores.

Associations with top quartile change in quality of life at 12-month follow-
up

The multivariate logistic regression model predicting top quartile change in postoperative
ASBS scores at 12 months was significant (Table 3). Five covariates were significantly
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Table 1. Descriptive statistics. Covariates comprising <1% of the dataset were excluded.

Covariates Patients with preoperative ASBS Patients with ASBS scores at
scores (n = 451) 12-month follow-up (n = 199)
Institution 1 38% 48%
Institution 2 35% 35%
Institution 3 27% 18%
Female 54% 50%
Presentation history:
Headaches 27% 27%
Hormonal 29% 31%
Visual 40% 41%
Incidental 13% 16%
Surveillance 10% 8%
Rhinorrhea 3% 4%
Other 8% 5%
Co-morbidities:
Atrial fibrillation 2% 3%
Asthma 3% 3%
Cancer (non-CNS) 3% 2%
Depression 4% 3%
Diabetes (non-insulin requiring) 8% 8%
Diabetes (insulin-requiring) 8% 6%
Hypertension 28% 25%
High Cholesterol 12% 12%
Osteoarthritis 3% 3%
Ulcer disease 2% 1%
Secreting adenoma 22% 22%
Preoperative endocrine function 54% 54%
normal
Preoperative endocrine function 18% 19%
deficient
Preoperative endocrine function 24% 24%
hypersecreting
Operative factors:
Reoperation 16% 17%
Anatomic site: sella 79% 81%
Anatomic site: suprasellar cistern 56% 59%
Anatomic site: clivus 8% 6%
Anatomic site: planum sphenoidale / 8% 6%
tuberculum sella
Anatomic site: anterior fossa / 7% 6%
olfactory groove
Anatomic site: sphenoid sinus 11% 9%
Anatomic site: ethmoid sinus 6% 4%
Anatomic site: cavernous sinus 7% 9%
Histopathology:
Acromegaly 9% 9%
Gonadotroph secretory pituitary 4% 7%
adenoma
Meningioma 8% 7%
Non-functioning pituitary adenoma 23% 25%
(Continued)
6/17
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Table 1. (Continued)

Covariates Patients with preoperative ASBS Patients with ASBS scores at
scores (n = 451) 12-month follow-up (n = 199)
Pituitary cyst-Rathke’s cleft cyst 6% 4%
Postoperative development of diabetes 11% 12%
insipidus
Postoperative development of SIADH 6% 6%
Resection: subtotal / debulk 8% 17%
Kelly intraoperative leak: Moderate 3% 6%
Kelly intraoperative leak: Large 8% 18%
diaphragmatic / dural defect
Postoperative leak 4% 4%
Any postoperative complication 17% 15%

https://doi.org/10.1371/journal.pone.0272147.t001

associated with top quartile change in postoperative ASBS at 12-month follow-up. Patients
who presented with high preoperative cholesterol and acromegaly were less likely to experi-
ence a substantial positive change in QoL at 12 months. Patients with a lesion at the sphenoid
sinus anatomic site were almost five times more likely to experience a substantial positive
change in QoL at 12 months than patients with lesions at other anatomic sites. Patients with
deficient preoperative endocrine function were four times more likely to experience a substan-
tial positive change in QoL at 12 months than other patients. Patients who experienced a
Grade 3 intraoperative CSF leak (large diaphragmatic/dural defect) were more than six times
less likely to experience a substantial positive change in QoL at 12 months compared to other
patients. The logistic regression model classifying the lowest QoL quartile at 12 months was
not significant.

Training supervised learning models to predict improvement in quality of
life at 12-month follow-up

Supervised learning models were trained using two groups of covariates: (1) statistically
selected covariates from the preceding multivariate logistic regression analysis, and (2) the top
27 most relevant covariates selected using RFE. Mean five-fold cross-validation performance
metrics for each classifier are displayed in Table 4, sorted by MCC. AdaBoost, logistic regres-
sion and neural network classifiers demonstrated the strongest performance. Across all algo-
rithms, the application of SMOTE to the training dataset resulted in significantly lower
precision, accuracy and AUC on the holdout test set (Table 5). Features selected statistically
using multivariate logistic regression resulted in significantly higher AUC and MCC across all
algorithms when compared with RFE (p<0.05). Fig 2 presents ROC curves and performance
metrics for top performing classifiers. The SHAP summary plot (Fig 3) presents relationships
between covariates and the outcome variable in the highest performing GBM model. SHAP
relationships were consistent with the statistical associations demonstrated by multivariate
logistic regression. A blended ensemble approach did not yield classification performance
improvements. Models designed to predict the lowest quartile change in ASBS at 12 months
did not yield acceptable performance results.

Discussion

This multi-institutional study was designed to (1) determine associations between periopera-
tive clinical factors and (a) preoperative QoL and (b) postoperative improvement in QoL in
patients undergoing anterior endoscopic skull base surgery and (2) train supervised learning
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Table 2. Multivariate logistic regression showing associations between covariates and preoperative ASBS quality of life scores (top quartile). *p<0.05. **p<0.01.
The MX.X numbers are model codes. M1 stands for model 1, which was designed to detect associations with high preoperative QoL. M1.1 is the first iteration of model 1,
M1.2 is the second iteration of model 1, and so on. The MX FULL model contains all covariates.

Covariate Associations with high preoperative quality of life Associations with low preoperative quality of life
M1.1 M1.2 M1.3 Ml14 |M1FULL M2.1 M2.2 M2.3 M2.4 |M2FULL
Coef.| Coef.| Coef.| Coef.| Coef. OR (95% CI)| Coef.| Coef.| Coef.| Coef.| Coef. OR (95% CI)
Intercept -1.14 | -0.69 | -0.60| -0.88 -0.65| 0.52(0.11,2.54) | -1.22| -2.00** | -2.05** | -1.93* | -2.10* | 0.12(0.02, 0.62)
Institution 01 0.06 | 0.03 -0.06| -0.06 -0.07 | 0.93(0.52,1.68) | -0.28 -0.30 -0.35| -0.44| -0.36 0.7 (0.38, 1.29)
Institution 02 -0.29 | -0.47 | -0.55| -0.64| -0.78"| 0.46(0.22,0.94) | -0.23 -0.18 -0.12 | -0.05 0.16 | 1.17 (0.56, 2.46)
Female -0.15| -0.07 | -0.02 | -0.06 -0.18 | 0.83(0.52,1.33) | 0.63** | 0.66** 0.58* | 0.58* | 0.66** | 1.93(1.18,3.16)
Age >20 to <40 0.13| -0.11 -0.12| -0.23 -0.22 0.8 (0.22,2.97) 0.16 0.15 0.25 0.12| -0.09| 0.92(0.26,3.29)
Age >40 to <60 0.24| -0.14 -0.10| -0.24 -0.27 0.76 (0.21,2.8) | -0.24 -0.17 -0.05| -0.13| -0.21| 0.81(0.22,2.92)
Age >60 0.16 | -0.26  -0.11| -0.19 -0.19| 0.83(0.22,3.07) | -0.12 -0.02 0.02 0.03| -0.10| 0.91(0.25,3.26)
Presentation history:
Headaches -0.22 | -0.19| -0.12 -0.09 0.92 (0.53, 1.6) -- -- -- -- --
Hormonal -0.40 | -0.22 | -0.22 -0.16 | 0.85(0.39, 1.86) 0.92%* 0.76* 0.44 0.40 | 1.49(0.71, 3.14)
Visual -0.10 | -0.10 | -0.05 -0.22 | 0.81(0.42, 1.53) 0.71** | 0.78** | 0.96"* | 0.87* 2.38 (1.2,4.72)
Incidental 0.60 0.54 0.53 0.45| 1.57(0.73,3.37) -0.40 -0.26 | -0.15| -0.18| 0.83(0.31,2.25)
Surveillance 0.50 0.39 0.35 0.52 1.69 (0.7, 4.06) 0.43 0.54 0.63 0.33 1.39 (0.54, 3.6)
Rhinorrhea -0.85| -1.01| -1.08 -0.86 0.42 (0.07, 2.5) 1.27* 1.31° | 1.55* 0.91 2.48 (0.6, 10.2)
Other 0.15 0.30 0.29 0.52| 1.67 (0.63, 4.45) 0.50 0.37 0.35 0.10 | 1.11(0.43,2.85)
Co-morbidities:
Atrial fibrillation 0.13 0.10 0.21| 1.24(0.27, 5.66) -1.77 | -1.76 | -1.55| 0.21(0.02,2.34)
Asthma -0.52 | -0.57 -0.61 0.55 (0.1, 2.85) -0.33| -0.29| -0.19| 0.82(0.19,3.51)
Cancer (non-CNS) -0.48 | -0.45 -0.45 | 0.64(0.12,3.24) 0.11 0.12 0.04 1.04 (0.3, 3.62)
Depression -0.87 | -0.89 -1.18 | 0.31(0.07, 1.45) -0.22 | -0.26 | -0.13 0.88 (0.28, 2.8)
Diabetes (non-insulin requiring) -0.08 | -0.09 0.12 | 1.12(0.44,2.88) 0.81 0.72 0.62 | 1.87(0.77,4.51)
Diabetes (insulin-requiring) -1.50* | -1.51* | -1.81** | 0.16 (0.04, 0.64) 1.37* | 1.18** | 1.13** | 3.11(1.35,7.14)
Hypertension -0.25| -0.27 -0.47 | 0.63(0.33,1.18) -0.39 | -0.44| -0.34| 0.71(0.38,1.31)
High Cholesterol 0.51 0.49 0.74 | 2.09 (0.92,4.75) -0.68 | -0.68| -0.78 | 0.46(0.18,1.16)
Osteoarthritis -0.41| -0.33 -0.32 | 0.72(0.13, 3.88) 1.02 0.81 0.77 | 2.16 (0.52, 8.94)
Ulcer disease -1.18 | -1.15 -1.07 | 0.34(0.02, 6.22) 1.03 1.08 0.83 | 2.29 (0.43, 12.26)
Secreting adenoma 0.56 0.48 | 1.61(0.71, 3.67) 0.58 | 0.94* | 2.56(1.12,5.85)
Normal preoperative endocrine function 0.52 0.50 | 1.65(0.89, 3.06) -0.31| -0.33| 0.72(0.37,1.37)
Reoperation -0.29 | 0.75(0.36, 1.57) 0.41 1.5 (0.74, 3.05)
Anatomic site:
Sella 0.01| 1.01(0.49,2.08) 2028 | 0.75(0.34, 1.65)
Suprasellar cistern -0.16 | 0.85(0.47, 1.56) 0.60 | 1.82(0.92,3.61)
Clivus 0.02| 1.02(0.41,2.55) 0.71 | 2.03(0.79, 5.21)
Planum sphenoidale / tuberculum sella 1.65** | 5.22 (2.19, 12.45) -0.59 0.55 (0.2, 1.51)
Anterior fossa / olfactory groove -0.58 | 0.56 (0.16, 1.96) 0.69 | 1.99(0.64,6.17)
Sphenoid sinus -0.04 | 0.96 (0.39, 2.35) -0.08 | 0.92(0.36, 2.38)
Ethmoid sinus -1.20 0.3 (0.07, 1.24) 0.72 | 2.05(0.58,7.28)
Cavernous sinus 0.21| 1.24(0.49,3.14) -1.33* | 0.26 (0.07,0.94)

https://doi.org/10.1371/journal.pone.0272147.t1002

classifiers to predict postoperative change in QoL. Change in QoL 12 months after endoscopic

skull base surgery in this sample was, on average, significant and positive. Mean change in
ASBS score at 12-month follow up (7.5) was much higher than the established minimally
important clinical difference (0.4) [60], suggesting that endoscopic skull base surgery on aver-
age yielded substantial and clinically important QoL improvements for patients responding at
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Table 3. Multivariate logistic regression showing associations between covariates and high positive changes in postoperative ASBS quality of life scores at 12
months (highest quartile). *p<0.05. **p<0.01. SIADH, syndrome of inappropriate antidiuretic hormone secretion. The MX.X numbers are model codes. M3.1 is the first
iteration of model 3, M3.2 is the second iteration of model 3, and so on. The M3 FULL model contains all covariates.

Covariate Predicting top quartile change in postoperative ASBS score at 12 months
M3.1 M3.2 M3.3 M3.4 M3 FULL
Coef. Coef. Coef. Coef. Coef. OR (95% CI)

Intercept -1.29 -1.09 -1.14 -1.08 -1.42 0.24 (0.03, 1.92)
Institution 01 1.00* 0.81* 0.75* 0.71 0.61 1.85 (0.76, 4.5)
Age >20 to <40 -1.14 -1.11 -1.09 -0.99 -1.09 0.33 (0.05, 2.34)
Age >40 to <60 0.00 0.08 0.08 0.51 0.42 1.52(0.24, 9.78)
Age >60 -0.29 -0.10 -0.05 0.04 -0.27 0.77 (0.12, 4.88)
Presentation history:

Headaches -0.01 -0.02 -0.10 -0.14 0.87 (0.35, 2.18)

Incidental -0.28 -0.25 -0.89 -0.82 0.44 (0.13, 1.51)

Surveillance -0.44 -0.59 -1.02 -0.37 0.69 (0.11, 4.25)
Co-morbidities:

Diabetes (non-insulin requiring) -0.60 -0.79 -0.84 -1.21 0.3 (0.04, 2.14)

Diabetes (insulin-requiring) -0.02 -0.37 -0.21 -0.44 0.64 (0.07, 5.66)

High Cholesterol -1.09 -1.12 -1.81% -2.03* 0.13 (0.02, 0.85)
Anatomic site:

Planum sphenoidale / tuberculum sella -0.49 0.58 1.48 4.37 (0.46, 41.87)

Anterior fossa / olfactory groove -0.02 0.46 1.23 3.42 (0.34, 34.23)

Sphenoid sinus 1.10 0.90 1.56* 4.76 (1.26, 17.96)
Histopathology:

Acromegaly -2.36 -2.76* 0.06 (0.01, 0.79)

Gonadotroph secretory pituitary adenoma -1.17 -1.40 0.25 (0.05, 1.33)

Meningioma -3.19 -2.31 0.1 (0, 6.02)

Non-functioning pituitary adenoma 0.70 0.75 2.11(0.73, 6.11)

Pituitary cyst-Rathke’s cleft cyst -2.19 -2.57 0.08 (0, 3.23)
Preoperative endocrine function deficient 1.40* 4.06 (1.23, 13.35)
Preoperative endocrine function hypersecreting 0.79 2.2 (0.69, 6.95)
Postoperative development of diabetes insipidus -0.50 0.61 (0.15, 2.44)
Postoperative development of SIADH -0.99 0.37 (0.04, 3.24)
Resection: subtotal / debulk 0.71 2.03 (0.69, 5.99)
Kelly intraoperative leak: Moderate 0.30 1.35(0.23, 8.12)
Kelly intraoperative leak: Large diaphragmatic / dural defect -1.93* 0.15 (0.03, 0.73)
Postoperative leak -0.71 0.49 (0.03, 8.56)
Any postoperative complication 1.07 2.93(0.77, 11.08)

https://doi.org/10.1371/journal.pone.0272147 1003

12-month follow-up. Multiple significant associations were detected between clinical covari-
ates and QoL scores, controlling for demographics, comorbidities, lesion anatomic site, histo-
pathology and various other perioperative factors. These associations may facilitate treatment
planning, understanding of clinical mechanisms and clinical decision making. Machine learn-
ing models demonstrated moderate predictive performance. AdaBoost, neural network and
logistic regression classifiers demonstrated the highest predictive performance as measured by
the MCC, F1 and AUC metrics. Models may be further refined and improved, externally vali-
dated and considered for deployment in practice as clinical decision support tools. Accurately
predicting postoperative improvement in QoL may facilitate treatment decision making and
recovery planning for clinicians and patients. Appropriately implemented supervised learning
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Table 4. Mean 5-fold cross-validation algorithm performance results, sorted by MCC. SMOTE was applied to the training dataset only. GBM, gradient boosting
machine. LR, logistic regression. NB, naive Bayes. RFE, recursive feature elimination. SMOTE, synthetic minority oversampling technique. SVM, support vector machine.

Algorithm Features Data augmentation MCC| AUC| Sensitivity / Recall|  Specificity| PPV /Precision| Accuracy F1
AdaBoost LR statistical SMOTE 0.30 0.70 0.84 0.44 0.76 0.71 0.79
AdaBoost LR statistical No SMOTE 0.26 0.70 0.80 0.48 0.88 0.75 0.84
Logistic regression LR statistical SMOTE 0.25 0.68 0.83 0.40 0.70 0.67 0.76
Neural network RFE No SMOTE 0.24 0.62 0.78 0.54 0.93 0.75 0.85
Neural network LR statistical | No SMOTE 0.23 0.65 0.81 0.43 0.81 0.71 0.81
Random forest RFE No SMOTE 0.22 0.66 0.77 0.57 0.95 0.75| 0.85
Neural network LR statistical SMOTE 0.21 0.64 0.81 0.39 0.73 0.67 0.76
Random forest LR statistical | SMOTE 0.20 0.65 0.80 0.38 0.74 0.67 | 0.77
GBM RFE No SMOTE 0.18 0.65 0.77 0.47 0.90 0.73 0.83
SVM LR statistical SMOTE 0.18 0.65 0.79 0.39 0.80 0.69 0.80
GBM LR statistical SMOTE 0.18 0.63 0.80 0.36 0.70 0.65 0.75
K-nearest neighbor | LR statistical | No SMOTE 0.17 0.62 0.77 0.55 0.93 0.74| 0.84
Logistic regression LR statistical No SMOTE 0.16 0.71 0.77 0.00 0.97 0.76 0.86
K-nearest neighbor RFE SMOTE 0.16 0.57 0.78 0.42 0.86 0.71 0.82
K-nearest neighbor | LR statistical | SMOTE 0.15 0.63 0.81 0.32 0.57 0.58 | 0.67
Gaussian NB LR statistical SMOTE 0.14 0.65 0.81 0.31 0.49 0.54 0.61
Random forest LR statistical | No SMOTE 0.14 0.63 0.78 0.34 0.89 0.73 0.83
AdaBoost RFE No SMOTE 0.13 0.64 0.77 0.40 0.89 0.72 0.82
Gaussian NB LR statistical No SMOTE 0.13 0.64 0.88 0.28 0.19 0.38 0.31
Logistic regression RFE No SMOTE 0.11 0.65 0.76 0.00 0.97 0.75| 0.85
Logistic regression RFE SMOTE 0.10 0.59 0.79 0.29 0.49 0.52| 0.60
AdaBoost RFE SMOTE 0.09 0.61 0.79 0.29 0.48 0.52 0.59
K-nearest neighbor | RFE No SMOTE 0.09 0.57 0.76 0.40 0.96 0.74| 0.85
Neural network RFE SMOTE 0.08 0.60 0.77 0.31 0.51 0.53 0.60
GBM LR statistical No SMOTE 0.06 0.66 0.76 0.31 0.85 0.69 0.80
Gaussian NB RFE No SMOTE 0.06 0.65 0.00 0.25 0.45 0.50 0.00
SVM RFE No SMOTE 0.05 0.65 0.75 0.00 0.92 0.71 0.83
Random forest RFE SMOTE 0.05 0.59 0.77 0.28 0.51 0.52 | 0.60
Gaussian NB RFE SMOTE 0.05 0.58 0.82 0.22 0.36 0.45 0.42
GBM RFE SMOTE 0.02 0.57 0.74 0.28 0.49 0.50 0.58
SVM LR statistical No SMOTE -0.01 0.68 0.74 0.00 0.97 0.73 0.84
SVM RFE SMOTE -0.02 0.50 0.74 0.25 0.51 0.50 0.59

https://doi.org/10.1371/journal.pone.0272147.1004

Table 5. Differences in mean performance results across all applied algorithms. AUC, area under the receiver operating characteristic curve. MCC, Matthews correla-
tion coefficient. ns, not significant. RFE, recursive feature elimination. SD, standard deviation. SMOTE, synthetic minority oversampling technique.

Unaugmented data (mean, |SMOTE on training set (mean, | Significance | Logistic regression features RFE features (mean, | Significance
SD) SD) (mean, SD) SD)
Sensitivity | 0.73 (0.20) 0.79 (0.03) ns 0.80 (0.03) 0.72 (0.19) ns
Specificity | 0.31 (0.21) 0.33 (0.07) ns 0.34 (0.15) 0.31 (0.16) ns
Precision | 0.84 (0.21) 0.61 (0.15) p<0.01 0.75 (0.20) 0.70 (0.23) ns
Accuracy |0.70 (0.11) 0.59 (0.09) p<0.01 0.67 (0.10) 0.62 (0.12) ns
MCC 0.14 (0.08) 0.13 (0.09) ns 0.17 (0.08) 0.10 (0.07) p<0.05
F1 0.75 (0.24) 0.67 (0.11) ns 0.75 (0.14) 0.67 (0.23) ns
AUC 0.65 (0.03) 0.62 (0.05) p<0.05 0.66 (0.03) 0.61 (0.04) p<0.01
https://doi.org/10.1371/journal.pone.0272147.t1005
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Fig 2. Mean 5-fold cross-validation ROC curves and performance metrics for the top performing classifiers used to predict top quartile change in
postoperative ASBS score at 12 months.

https://doi.org/10.1371/journal.pone.0272147.9002

models have the potential to improve the informed consent process, healthcare efficiency, care
quality and patient safety [14, 15, 61]. Routine assessment of QoL for patients with pituitary
tumours, both before and after treatment, has been recommended [3]. This recommendation
may be extended to incorporate the application of high performing predictive models to fore-
cast and optimise future QoL. The utility of appropriately developed supervised learning-
based decision support systems for neurosurgeons and their patients is becoming clearer [14,
16, 25, 62].

Statistical associations detected using multivariate logistic regression were well supported
by existing literature. For example, lower cholesterol has previously been associated with
higher QoL [63] and endocrinopathy [64, 65] and female gender [66] have previously been
associated with lower QoL amongst neurosurgery patients. Diabetes was strongly and nega-
tively associated with QoL in this patient sample, reinforcing a well-established relationship
[67]. QoL consists of cognitive and emotional components (e.g., satisfaction and happiness)
[68] and multiple factors modify QoL in patients with diabetes, including medication adher-
ence, disease duration, depression, insulin use, and the presence of comorbidities [69-72].
People with diabetes often feel burdened by the management demands of their disease and
lower mood has been associated with higher HbA1c levels [73]. The complications of diabetes
have a negative emotional and physical impact on patients and are associated with wellbeing
decrements [74, 75].

It appears that QoL was influenced by lesion anatomic site. Patients with a lesion at the cav-
ernous sinus site were less likely to report low preoperative QoL, while patients with a lesion at
the planum sphenoidale / tuberculum sella site were much more likely to report high preopera-
tive QoL than patients with lesions at other sites. Together, these results suggest that, overall,
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lesions at these sites tended to be associated with higher preoperative QoL. Patients with sphe-
noid sinus lesions were more likely to experience a positive change in postoperative QoL at 12
months. There may be numerous factors (e.g., location accessibility, ease of lesion resection,
corresponding endocrinopathy, or impingement on adjacent anatomical structures, etc.) asso-
ciated with lesions at some sites that may influence preoperative QoL and make them more
amenable to surgical treatment, resulting in more substantial QoL improvements. Lesions at
the planum sphenoidale tend to be meningiomas, which are typically benign and usually cause
visual disturbance rather than endocrine dysfunction [76]. This may explain an increased like-
lihood of higher preoperative QoL in patients with lesions at this anatomic site. Similarly,
tumours in the cavernous sinus tend to be benign and responsive to simple symptomatic treat-
ment [77], which may explain the negative relationship between lesions at this anatomic site
and low preoperative QoL.

Opverall, the highest performing machine learning classifiers yielded a moderate level of
classification performance. These classifiers, nevertheless, demonstrated performance that was
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better than chance and as such may offer an additional useful input into the clinical decision-
making process. We have, in this work, presented a benchmark for the field using some stan-
dard methods and a modest dataset. Interestingly, classifier performance appeared to be signif-
icantly affected by the dimensionality reduction and data augmentation methods applied.
Dimensionality reduction using multivariate logistic regression appeared to yield superior
classifier performance when compared with RFE. Furthermore, data augmentation applied as
recommended [47] did not yield superior classifier performance results in this study, which
casts doubt on the utility of SMOTE when working with small clinical datasets. These results
may be useful to machine learning practitioners and beneficially inform future clinically
applied machine learning work.

A salient issue in the field of clinically applied machine learning and machine ethics, which
was intentionally addressed, is that of model interpretability or explainability [78]. Neural net-
works are opaque, trading higher performance for poor interpretability. Coupling neural net-
works and other inscrutable classifiers with multivariate logistic regression, which presents
statistical association information for each covariate in the model, helps to facilitate interpret-
ability, clinician understanding and trust [16]. Deploying tree-based models with SHAP analy-
sis is another technique that further facilitates interpretability [31]. Both techniques were
applied in this project to promote clinical insight, understanding and model utility.

Limitations and future research

Future research may consider the development of refined high-performance models that con-
tain less covariates to facilitate more efficient system implementation, usability and generalisa-
bility. Analyses based on larger sample sizes from multiple institutions would facilitate a more
detailed investigation of QoL associations at additional postoperative time points. Larger data-
sets would also allow for the use of one or more holdout datasets to more rigorously evaluate
and validate classifier performance. The number of ASBS respondents at 12 months was lower
than the number of preoperative respondents. Verification of results through replication and
external validation is required as selection bias may have influenced results. Specialist clinical
datasets are difficult and expensive to acquire and maximal use of data for beneficial research
is an ethical issue. The research team is exploring the use of alternative classifier implementa-
tions that allow for missing data.

Conclusion

Significant associations were detected between perioperative clinical factors, preoperative QoL
scores and improvement in postoperative QoL scores at 12 months amongst patients undergo-
ing anterior endoscopic skull base surgery. This study demonstrated that machine learning
may be applied to predict changes in QoL at 12-month follow-up using perioperative data,
facilitating optimisation of patient care and outcomes.

Supporting information

S1 Checklist. TRIPOD checklist: Prediction model development and validation.
(PDF)

Author Contributions

Conceptualization: Quinlan D. Buchlak, Nazanin Esmaili, Christine Bennett, Yi Yuen Wang,
James King, Tony Goldschlager.

PLOS ONE | https://doi.org/10.1371/journal.pone.0272147  July 27, 2022 13/17


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272147.s001
https://doi.org/10.1371/journal.pone.0272147

PLOS ONE

Predictors of quality of life improvement in endoscopic skull base surgery patients

Data curation: Quinlan D. Buchlak, Yi Yuen Wang, James King, Tony Goldschlager.
Formal analysis: Quinlan D. Buchlak.

Investigation: Quinlan D. Buchlak, Christine Bennett, Yi Yuen Wang, James King, Tony
Goldschlager.

Methodology: Quinlan D. Buchlak, Nazanin Esmaili, James King, Tony Goldschlager.

Project administration: Quinlan D. Buchlak, Nazanin Esmaili, Yi Yuen Wang, James King,
Tony Goldschlager.

Resources: Quinlan D. Buchlak, Nazanin Esmaili, Yi Yuen Wang, James King, Tony
Goldschlager.

Software: Quinlan D. Buchlak, Yi Yuen Wang, James King, Tony Goldschlager.

Supervision: Nazanin Esmaili, Christine Bennett, Yi Yuen Wang, James King, Tony
Goldschlager.

Validation: Quinlan D. Buchlak, Nazanin Esmaili.
Visualization: Quinlan D. Buchlak.
Writing - original draft: Quinlan D. Buchlak.

Writing - review & editing: Quinlan D. Buchlak, Nazanin Esmaili, Christine Bennett, Yi
Yuen Wang, James King, Tony Goldschlager.

References

1. Hall WA, Luciano MG, Doppman JL, Patronas NJ, Oldfield EH. Pituitary magnetic resonance imaging in
normal human volunteers: occult adenomas in the general population. Ann Intern Med 1994; 120:817—
20. https://doi.org/10.7326/0003-4819-120-10-199405150-00001 PMID: 8154641

2. Molitch ME. Diagnosis and treatment of pituitary adenomas: a review. Jama 2017; 317:516-24. https:/
doi.org/10.1001/jama.2016.19699 PMID: 28170483

3. Johnson MD, Woodburn CJ, Vance ML. Quality of life in patients with a pituitary adenoma. Pituitary
2003; 6:81-7. https://doi.org/10.1023/b:pitu.0000004798.27230.ed PMID: 14703017

4. Santos A, Resmini E, Martinez M-A, Marti C, Ybarra J, Webb SM. Quality of life in patients with pituitary
tumors. Curr Opin Endocrinol Diabetes Obes 2009; 16:299-303. https://doi.org/10.1097/MED.
0b013e32832cdec9 PMID: 19491668

5. Andela CD, Scharloo M, Pereira AM, Kaptein AA, Biermasz NR. Quality of life (QoL) impairments in
patients with a pituitary adenoma: a systematic review of QoL studies. Pituitary 2015; 18:752—76.
https://doi.org/10.1007/s11102-015-0636-7 PMID: 25605584

6. Dekkers OM, Van der Klaauw AA, Pereira AM, Biermasz NR, Honkoop PJ, Roelfsema F, et al. Quality
of life is decreased after treatment for nonfunctioning pituitary macroadenoma. J Clin Endocrinol Metab
2006; 91:3364-9. https://doi.org/10.1210/jc.2006-0003 PMID: 16787991

7. Castle-Kirszbaum M, Wang YY, King J, Uren B, Dixon B, Zhao YC, et al. Patient Wellbeing and Quality
of Life After Nasoseptal Flap Closure for Endoscopic Skull Base Reconstruction. J Clin Neurosci 2020.
https://doi.org/10.1016/j.jocn.2020.01.072 PMID: 32019727

8. VanDerKlaauw AA, Kars M, Biermasz NR, Roelfsema F, Dekkers OM, Corssmit EP, et al. Disease-
specific impairments in quality of life during long-term follow-up of patients with different pituitary adeno-
mas. Clin Endocrinol (Oxf) 2008; 69:775-84. https://doi.org/10.1111/j.1365-2265.2008.03288.x PMID:
18462264

9. McCoul ED, Bedrosian JC, Akselrod O, Anand VK, Schwartz TH. Preservation of multidimensional
quality of life after endoscopic pituitary adenoma resection. J Neurosurg 2015; 123:813-20. https://doi.
org/10.3171/2014.11.JNS14559 PMID: 26047408

10. Karabatsou K, O’kelly C, Ganna A, Dehdashti AR, Gentili F. Outcomes and quality of life assessment in
patients undergoing endoscopic surgery for pituitary adenomas. Br J Neurosurg 2008; 22:630-5.
https://doi.org/10.1080/02688690802220379 PMID: 18686060

PLOS ONE | https://doi.org/10.1371/journal.pone.0272147  July 27, 2022 14/17


https://doi.org/10.7326/0003-4819-120-10-199405150-00001
http://www.ncbi.nlm.nih.gov/pubmed/8154641
https://doi.org/10.1001/jama.2016.19699
https://doi.org/10.1001/jama.2016.19699
http://www.ncbi.nlm.nih.gov/pubmed/28170483
https://doi.org/10.1023/b:pitu.0000004798.27230.ed
http://www.ncbi.nlm.nih.gov/pubmed/14703017
https://doi.org/10.1097/MED.0b013e32832cdec9
https://doi.org/10.1097/MED.0b013e32832cdec9
http://www.ncbi.nlm.nih.gov/pubmed/19491668
https://doi.org/10.1007/s11102-015-0636-7
http://www.ncbi.nlm.nih.gov/pubmed/25605584
https://doi.org/10.1210/jc.2006-0003
http://www.ncbi.nlm.nih.gov/pubmed/16787991
https://doi.org/10.1016/j.jocn.2020.01.072
http://www.ncbi.nlm.nih.gov/pubmed/32019727
https://doi.org/10.1111/j.1365-2265.2008.03288.x
http://www.ncbi.nlm.nih.gov/pubmed/18462264
https://doi.org/10.3171/2014.11.JNS14559
https://doi.org/10.3171/2014.11.JNS14559
http://www.ncbi.nlm.nih.gov/pubmed/26047408
https://doi.org/10.1080/02688690802220379
http://www.ncbi.nlm.nih.gov/pubmed/18686060
https://doi.org/10.1371/journal.pone.0272147

PLOS ONE

Predictors of quality of life improvement in endoscopic skull base surgery patients

11.

12
13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

Jordan M, Mitchell TM. Machine learning: Trends, perspectives, and prospects. Science (80-) 2015;
349:255-60. https://doi.org/10.1126/science.aaa8415 PMID: 26185243

Raschka S, Mirjalili V. Python machine learning. Packt Publishing Ltd; 2017.

Noble WS. What is a support vector machine? Nat Biotechnol 2006; 24:1565. https://doi.org/10.1038/
nbt1206-1565 PMID: 17160063

Buchlak QD, Esmaili N, Leveque J-C, Farrokhi F, Bennett C, Piccardi M, et al. Machine learning applica-
tions to clinical decision support in neurosurgery: an artificial intelligence augmented systematic review.
Neurosurg Rev 2019:1-19. hitps://doi.org/10.1007/s10143-019-01163-8 PMID: 31422572

Buchlak QD, Yanamadala V, Leveque J-C, Edwards A, Nold K, Sethi R. The Seattle spine score: Pre-
dicting 30-day complication risk in adult spinal deformity surgery. J Clin Neurosci 2017. https://doi.org/
10.1016/j.jocn.2017.06.012 PMID: 28676311

Farrokhi F, Buchlak QD, Sikora M, Esmaili N, Marsans M, McLeod P, et al. Investigating risk factors
and predicting complications in deep brain stimulation surgery with machine learning algorithms. World
Neurosurg 2019. https://doi.org/10.1016/j.wneu.2019.10.063 PMID: 31634625

Seah J, Tang C, Buchlak QD, Holt X, Wardman J, Aimoldin A, et al. Radiologist chest X-ray diagnostic
accuracy performance when augmented by a comprehensive deep learning model. Lancet Digit Heal
2021.

Senders JT, Staples PC, Karhade A V, Zaki MM, Gormley WB, Broekman MLD, et al. Machine learning
and neurosurgical outcome prediction: a systematic review. World Neurosurg 2018; 109:476—-86.
https://doi.org/10.1016/j.wneu.2017.09.149 PMID: 28986230

Buchlak QD, Esmaili N, Leveque J-C, Bennett C, Farrokhi F, Piccardi M. Machine learning applications
to neuroimaging for glioma detection and classification: An artificial intelligence augmented systematic
review. J Clin Neurosci 2021. https://doi.org/10.1016/j.jocn.2021.04.043 PMID: 34119265

Hollon TC, Parikh A, Pandian B, Tarpeh J, Orringer DA, Barkan AL, et al. A machine learning approach
to predict early outcomes after pituitary adenoma surgery. Neurosurg Focus 2018; 45:E8. https://doi.
org/10.3171/2018.8.FOCUS 18268 PMID: 30453460

Voglis S, van Niftrik CHB, Staartjes VE, Brandi G, Tschopp O, Regli L, et al. Feasibility of machine
learning based predictive modelling of postoperative hyponatremia after pituitary surgery. Pituitary
2020:1-9. https://doi.org/10.1007/s11102-020-01056-w PMID: 32488759

Staartjes VE, Zattra CM, Akeret K, Maldaner N, Muscas G, van Niftrik CHB, et al. Neural network—
based identification of patients at high risk for intraoperative cerebrospinal fluid leaks in endoscopic pitu-
itary surgery. J Neurosurg 2019; 1:1-7. https://doi.org/10.3171/2019.4.JNS19477 PMID: 31226693

FanY,LiY,LiY, Feng S, Bao X, Feng M, et al. Development and assessment of machine learning algo-
rithms for predicting remission after transsphenoidal surgery among patients with acromegaly. Endo-
crine 2020; 67:412-22. https://doi.org/10.1007/s12020-019-02121-6 PMID: 31673954

Qiao N, Shen M, He W, He M, Zhang Z, Ye H, et al. Machine learning in predicting early remission in
patients after surgical treatment of acromegaly: a multicenter study. Pituitary 2020:1-9. https://doi.org/
10.1007/s11102-020-01086-4 PMID: 33025547

Zoli M, Staartjes VE, Guaraldi F, Friso F, Rustici A, Asioli S, et al. Machine learning—based prediction of
outcomes of the endoscopic endonasal approach in Cushing disease: is the future coming? Neurosurg
Focus 2020; 48:E5. https://doi.org/10.3171/2020.3.FOCUS2060 PMID: 32480364

Peng A, Dai H, Duan H, Chen Y, Huang J, Zhou L, et al. A machine learning model to precisely immuno-
histochemically classify pituitary adenoma subtypes with radiomics based on preoperative magnetic
resonance imaging. Eur J Radiol 2020; 125:108892. https://doi.org/10.1016/j.ejrad.2020.108892 PMID:
32087466

Fan, Jiang S, Hua M, Feng S, Bao X, Wang R, et al. Machine Learning-Based Radiomics Predicts
Radiotherapeutic Response in Patients With Acromegaly. Front Endocrinol (Lausanne) 2019; 10:588.
https://doi.org/10.3389/fendo.2019.00588 PMID: 31507537

Kirkman MA, Borg A, Al-Mousa A, Haliasos N, Choi D. Quality-of-life after anterior skull base surgery: a
systematic review. J Neurol Surg B Skull Base 2014; 75:73. https://doi.org/10.1055/s-0033-1359303
PMID: 24719794

Gil Z, Abergel A, Spektor S, Shabtai E, Khafif A, Fliss DM. Development of a cancer-specific anterior
skull base quality-of-life questionnaire. J Neurosurg 2004; 100:813-9. https://doi.org/10.3171/jns.2004.
100.5.0813 PMID: 15137599

Assmann G, Cullen P, Schulte H. Simple scoring scheme for calculating the risk of acute coronary
events based on the 10-year follow-up of the prospective cardiovascular Minster (PROCAM) study. Cir-
culation 2002; 105:310-5. https://doi.org/10.1161/hc0302.102575 PMID: 11804985

Esmaili N, Buchlak Q, Piccardi M, Kruger B, Girosi F. Multichannel mixture models for time-series analy-
sis and classification of engagement with multiple health services: An application to psychology and

PLOS ONE | https://doi.org/10.1371/journal.pone.0272147  July 27, 2022 15/17


https://doi.org/10.1126/science.aaa8415
http://www.ncbi.nlm.nih.gov/pubmed/26185243
https://doi.org/10.1038/nbt1206-1565
https://doi.org/10.1038/nbt1206-1565
http://www.ncbi.nlm.nih.gov/pubmed/17160063
https://doi.org/10.1007/s10143-019-01163-8
http://www.ncbi.nlm.nih.gov/pubmed/31422572
https://doi.org/10.1016/j.jocn.2017.06.012
https://doi.org/10.1016/j.jocn.2017.06.012
http://www.ncbi.nlm.nih.gov/pubmed/28676311
https://doi.org/10.1016/j.wneu.2019.10.063
http://www.ncbi.nlm.nih.gov/pubmed/31634625
https://doi.org/10.1016/j.wneu.2017.09.149
http://www.ncbi.nlm.nih.gov/pubmed/28986230
https://doi.org/10.1016/j.jocn.2021.04.043
http://www.ncbi.nlm.nih.gov/pubmed/34119265
https://doi.org/10.3171/2018.8.FOCUS18268
https://doi.org/10.3171/2018.8.FOCUS18268
http://www.ncbi.nlm.nih.gov/pubmed/30453460
https://doi.org/10.1007/s11102-020-01056-w
http://www.ncbi.nlm.nih.gov/pubmed/32488759
https://doi.org/10.3171/2019.4.JNS19477
http://www.ncbi.nlm.nih.gov/pubmed/31226693
https://doi.org/10.1007/s12020-019-02121-6
http://www.ncbi.nlm.nih.gov/pubmed/31673954
https://doi.org/10.1007/s11102-020-01086-4
https://doi.org/10.1007/s11102-020-01086-4
http://www.ncbi.nlm.nih.gov/pubmed/33025547
https://doi.org/10.3171/2020.3.FOCUS2060
http://www.ncbi.nlm.nih.gov/pubmed/32480364
https://doi.org/10.1016/j.ejrad.2020.108892
http://www.ncbi.nlm.nih.gov/pubmed/32087466
https://doi.org/10.3389/fendo.2019.00588
http://www.ncbi.nlm.nih.gov/pubmed/31507537
https://doi.org/10.1055/s-0033-1359303
http://www.ncbi.nlm.nih.gov/pubmed/24719794
https://doi.org/10.3171/jns.2004.100.5.0813
https://doi.org/10.3171/jns.2004.100.5.0813
http://www.ncbi.nlm.nih.gov/pubmed/15137599
https://doi.org/10.1161/hc0302.102575
http://www.ncbi.nlm.nih.gov/pubmed/11804985
https://doi.org/10.1371/journal.pone.0272147

PLOS ONE

Predictors of quality of life improvement in endoscopic skull base surgery patients

32.

33.

34.

35.

36.
37.

38.
39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.
54.

55.

56.
57.

physiotherapy utilization patterns after traffic accidents. Artif Intell Med 2020. https://doi.org/10.1016/j.
artmed.2020.101997 PMID: 33461690

Stoltzfus JC. Logistic regression: a brief primer. Acad Emerg Med 2011; 18:1099-104. https://doi.org/
10.1111/j.1553-2712.2011.01185.x PMID: 21996075

Cooney MT, Dudina AL, Graham IM. Value and limitations of existing scores for the assessment of car-
diovascular risk: a review for clinicians. J Am Coll Cardiol 2009; 54:1209-27. https://doi.org/10.1016/j.
jacc.2009.07.020 PMID: 19778661

Wang MQ, Eddy JM, Fitzhugh EC. Application of odds ratios and logistic models in epidemiology and
health research. Health Values 1995; 19:59-62.

Hosmer DW Jr, Lemeshow S, Sturdivant RX. Applied logistic regression. vol. 398. John Wiley & Sons;
2013.

Breiman L. Random forests. Mach Learn 2001; 45:5-32.

Chen T, He T, Benesty M, Khotilovich V, Tang Y. Xgboost: extreme gradient boosting. R Packag Ver-
sion 04—22015:1-4.

Friedman JH. Greedy function approximation: a gradient boosting machine. Ann Stat 2001:1189-232.

Freund Y, Schapire RE. A decision-theoretic generalization of on-line learning and an application to
boosting. J Comput Syst Sci 1997; 55:119-39.

Chang C-C, Lin C-J. LIBSVM: A library for support vector machines. ACM Trans Intell Syst Technol
2011; 2:1-27.

Zhang H. The Optimality of Naive Bayes. Proc. Seventeenth Int. Florida Artif. Intell. Res. Soc. Conf.
FLAIRS 2004, vol. 1, 2004, p. 1-6.

Abouzari M, Rashidi A, Zandi-Toghani M, Behzadi M, Asadollahi M. Chronic subdural hematoma out-
come prediction using logistic regression and an artificial neural network. Neurosurg Rev 2009. https://
doi.org/10.1007/s10143-009-0215-3 PMID: 19653019

Patel JL, Goyal RK. Applications of artificial neural networks in medical science. Curr Clin Pharmacol
2007; 2:217-26. https://doi.org/10.2174/157488407781668811 PMID: 18690868

LeCun'Y, Bengio Y, Hinton G. Deep learning. Nature 2015; 521:436. https://doi.org/10.1038/
nature14539 PMID: 26017442

Chawla N V, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: synthetic minority over-sampling tech-
nique. J Artif Intell Res 2002; 16:321-57.

Kotsiantis S, Kanellopoulos D, Pintelas P. Handling imbalanced datasets: A review. GESTS Int Trans
Comput Sci Eng 2006; 30:25-36.

Vandewiele G, Dehaene |, Kovacs G, Sterckx L, Janssens O, Ongenae F, et al. Overly optimistic
prediction results on imbalanced data: a case study of flaws and benefits when applying over-
sampling. Artif Intell Med 2021; 111:101987. https://doi.org/10.1016/j.artmed.2020.101987
PMID: 33461687

Chicco D, Jurman G. The advantages of the Matthews correlation coefficient (MCC) over F1 score and
accuracy in binary classification evaluation. BMC Genomics 2020; 21:6. https://doi.org/10.1186/
$12864-019-6413-7 PMID: 31898477

Chinchor N, Sundheim BM. MUC-5 evaluation metrics. Fifth Messag. Underst. Conf. Proc. a Conf. Held
Balt. Maryland, August 25-27, 1993, 1993.

Zijdenbos AP, Dawant BM, Margolin RA, Palmer AC. Morphometric analysis of white matter lesions in
MR images: method and validation. IEEE Trans Med Imaging 1994; 13:716—-24. https://doi.org/10.
1109/42.363096 PMID: 18218550

Lundberg SM, Lee S-I. A unified approach to interpreting model predictions. Adv. Neural Inf. Process.
Syst., 2017, p. 4765-74.

Seabold S, Perktold J. Statsmodels: Econometric and statistical modeling with python. Proc. 9th Python
Sci. Conf., vol. 57, Scipy; 2010, p. 61.

Jones E, Oliphant T, Peterson P. {SciPy}: Open source scientific tools for {Python} 2014.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: Machine learn-
ing in Python. J Mach Learn Res 2011; 12:2825-30.

Lemaitre G, Nogueira F, Aridas CK. Imbalanced-learn: A python toolbox to tackle the curse of imbal-
anced datasets in machine learning. J Mach Learn Res 2017; 18:559-63.

Hunter JD. Matplotlib: A 2D graphics environment. Comput Sci Eng 2007; 9:90-5.

Walt S van der, Colbert SC, Varoquaux G. The NumPy array: a structure for efficient numerical compu-
tation. Comput Sci Eng 2011; 13:22-30.

PLOS ONE | https://doi.org/10.1371/journal.pone.0272147  July 27, 2022 16/17


https://doi.org/10.1016/j.artmed.2020.101997
https://doi.org/10.1016/j.artmed.2020.101997
http://www.ncbi.nlm.nih.gov/pubmed/33461690
https://doi.org/10.1111/j.1553-2712.2011.01185.x
https://doi.org/10.1111/j.1553-2712.2011.01185.x
http://www.ncbi.nlm.nih.gov/pubmed/21996075
https://doi.org/10.1016/j.jacc.2009.07.020
https://doi.org/10.1016/j.jacc.2009.07.020
http://www.ncbi.nlm.nih.gov/pubmed/19778661
https://doi.org/10.1007/s10143-009-0215-3
https://doi.org/10.1007/s10143-009-0215-3
http://www.ncbi.nlm.nih.gov/pubmed/19653019
https://doi.org/10.2174/157488407781668811
http://www.ncbi.nlm.nih.gov/pubmed/18690868
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/pubmed/26017442
https://doi.org/10.1016/j.artmed.2020.101987
http://www.ncbi.nlm.nih.gov/pubmed/33461687
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
http://www.ncbi.nlm.nih.gov/pubmed/31898477
https://doi.org/10.1109/42.363096
https://doi.org/10.1109/42.363096
http://www.ncbi.nlm.nih.gov/pubmed/18218550
https://doi.org/10.1371/journal.pone.0272147

PLOS ONE

Predictors of quality of life improvement in endoscopic skull base surgery patients

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

McKinney W. pandas: a foundational Python library for data analysis and statistics. Python High Per-
form Sci Comput 2011;14.

Lundberg SM, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, et al. From local explanations to global
understanding with explainable Al for trees. Nat Mach Intell 2020; 2:2522-5839. https://doi.org/10.
1038/s42256-019-0138-9 PMID: 32607472

Amit M, Abergel A, Fliss DM, Gil Z. The clinical importance of quality-of-life scores in patients with skull
base tumors: a meta-analysis and review of the literature. Curr Oncol Rep 2012; 14:175-81. hitps://doi.
org/10.1007/s11912-012-0222-3 PMID: 22278770

Buchlak QD, Esmaili N, Leveque J-C, Bennett C, Piccardi M, Farrokhi F. Ethical thinking machines in
surgery and the requirement for clinical leadership. Am J Surg 2020. https://doi.org/10.1016/j.amjsurg.
2020.06.073 PMID: 32723487

Buchlak QD, Yanamadala V, Leveque J-C, Sethi R. Complication avoidance with pre-operative screen-
ing: insights from the Seattle spine team. Curr Rev Musculoskelet Med 2016;9. https://doi.org/10.1007/
512178-016-9351-x PMID: 27260267

Strandberg TE, Strandberg A, Rantanen K, Salomaa V V, Pitkal& K, Miettinen TA. Low cholesterol, mor-
tality, and quality of life in old age during a 39-year follow-up. J Am Coll Cardiol 2004; 44:1002-8.
https://doi.org/10.1016/j.jacc.2004.04.057 PMID: 15337210

Nieman LK. Cushing’s syndrome: update on signs, symptoms and biochemical screening. Eur J Endo-
crinol 2015; 173:M33-8. https://doi.org/10.1530/EJE-15-0464 PMID: 26156970

Crespo |, Valassi E, Webb SM. Update on quality of life in patients with acromegaly. Pituitary 2017;
20:185-8. https://doi.org/10.1007/s11102-016-0761-y PMID: 27730455

Cavel O, Abergel A, Margalit N, Fliss DM, Gil Z. Quality of life following endoscopic resection of skull
base tumors. J Neurol Surg B Skull Base 2012; 73:112. https://doi.org/10.1055/s-0032-1301392 PMID:
23542557

Trikkalinou A, Papazafiropoulou AK, Melidonis A. Type 2 diabetes and quality of life. World J Diabetes
2017; 8:120. https://doi.org/10.4239/wjd.v8.i4.120 PMID: 28465788

Rubin RR, Peyrot M. Quality of life and diabetes. Diabetes Metab Res Rev 1999; 15:205—-18. https://doi.
org/10.1002/(sici)1520-7560(199905/06)15:3<205::aid-dmrr29>3.0.co;2-0 PMID: 10441043

Altinok A, Marakoglu K, Kargin NC. Evaluation of quality of life and depression levels in individuals with
Type 2 diabetes. J Fam Med Prim Care 2016; 5:302. https://doi.org/10.4103/2249-4863.192358 PMID:
27843832

Jannoo Z, Wah YB, Lazim AM, Hassali MA. Examining diabetes distress, medication adherence, diabe-
tes self-care activities, diabetes-specific quality of life and health-related quality of life among type 2 dia-
betes mellitus patients. J Clin Transl| Endocrinol 2017; 9:48-54. https://doi.org/10.1016/j.jcte.2017.07.
003 PMID: 29067270

Koekkoek PS, Biessels GJ, Kooistra M, Janssen J, Kappelle LJ, Rutten GEHM, et al. Undiagnosed cog-
nitive impairment, health status and depressive symptoms in patients with type 2 diabetes. J Diabetes
Complications 2015; 29:1217-22. https://doi.org/10.1016/j.jdiacomp.2015.07.010 PMID: 26281970

Aalto A-M, Uutela A, Aro AR. Health related quality of life among insulin-dependent diabetics: disease-
related and psychosocial correlates. Patient Educ Couns 1997; 30:215-25. https://doi.org/10.1016/
s0738-3991(96)00963-9 PMID: 9104378

Van der Does FEE, De Neeling JND, Snoek FJ, Kostense PJ, Grootenhuis PA, Bouter LM, et al. Symp-
toms and well-being in relation to glycemic control in type |l diabetes. Diabetes Care 1996; 19:204—10.
https://doi.org/10.2337/diacare.19.3.204 PMID: 8742562

Murillo YA, Aimagro RM, Campos-Gonzélez ID, Cardiel MH. Health related quality of life in rheumatoid
arthritis, osteoarthritis, diabetes mellitus, end stage renal disease and geriatric subjects. Experience
from a General Hospital in Mexico. Reumatol Clinica (English Ed 2015; 11:68-72.

Gonzalez JS, Peyrot M, McCarl LA, Collins EM, Serpa L, Mimiaga MJ, et al. Depression and diabetes
treatment nonadherence: a meta-analysis. Diabetes Care 2008; 31:2398-403. https://doi.org/10.2337/
dc08-1341 PMID: 19033420

Fox D, Khurana VG, Spetzler RF. Olfactory groove/planum sphenoidale meningiomas. Meningiomas,
Springer; 2009, p. 327-32.

Amelot A, van Effenterre R, Kalamarides M, Cornu P, Boch A-L. Natural history of cavernous sinus
meningiomas. J Neurosurg 2018; 130:435—42. https://doi.org/10.3171/2017.7.JNS17662 PMID:
29600913

London AJ. Artificial intelligence and black-box medical decisions: accuracy versus explainability. Has-
tings Cent Rep 2019; 49:15-21. https://doi.org/10.1002/hast.973 PMID: 30790315

PLOS ONE | https://doi.org/10.1371/journal.pone.0272147  July 27, 2022 17/17


https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
http://www.ncbi.nlm.nih.gov/pubmed/32607472
https://doi.org/10.1007/s11912-012-0222-3
https://doi.org/10.1007/s11912-012-0222-3
http://www.ncbi.nlm.nih.gov/pubmed/22278770
https://doi.org/10.1016/j.amjsurg.2020.06.073
https://doi.org/10.1016/j.amjsurg.2020.06.073
http://www.ncbi.nlm.nih.gov/pubmed/32723487
https://doi.org/10.1007/s12178-016-9351-x
https://doi.org/10.1007/s12178-016-9351-x
http://www.ncbi.nlm.nih.gov/pubmed/27260267
https://doi.org/10.1016/j.jacc.2004.04.057
http://www.ncbi.nlm.nih.gov/pubmed/15337210
https://doi.org/10.1530/EJE-15-0464
http://www.ncbi.nlm.nih.gov/pubmed/26156970
https://doi.org/10.1007/s11102-016-0761-y
http://www.ncbi.nlm.nih.gov/pubmed/27730455
https://doi.org/10.1055/s-0032-1301392
http://www.ncbi.nlm.nih.gov/pubmed/23542557
https://doi.org/10.4239/wjd.v8.i4.120
http://www.ncbi.nlm.nih.gov/pubmed/28465788
https://doi.org/10.1002/(sici)1520-7560(199905/06)15:3205::aid-dmrr293.0.co;2-o
https://doi.org/10.1002/(sici)1520-7560(199905/06)15:3<205::aid-dmrr29>3.0.co;2-o
http://www.ncbi.nlm.nih.gov/pubmed/10441043
https://doi.org/10.4103/2249-4863.192358
http://www.ncbi.nlm.nih.gov/pubmed/27843832
https://doi.org/10.1016/j.jcte.2017.07.003
https://doi.org/10.1016/j.jcte.2017.07.003
http://www.ncbi.nlm.nih.gov/pubmed/29067270
https://doi.org/10.1016/j.jdiacomp.2015.07.010
http://www.ncbi.nlm.nih.gov/pubmed/26281970
https://doi.org/10.1016/s0738-3991(96)00963-9
https://doi.org/10.1016/s0738-3991(96)00963-9
http://www.ncbi.nlm.nih.gov/pubmed/9104378
https://doi.org/10.2337/diacare.19.3.204
http://www.ncbi.nlm.nih.gov/pubmed/8742562
https://doi.org/10.2337/dc08-1341
https://doi.org/10.2337/dc08-1341
http://www.ncbi.nlm.nih.gov/pubmed/19033420
https://doi.org/10.3171/2017.7.JNS17662
http://www.ncbi.nlm.nih.gov/pubmed/29600913
https://doi.org/10.1002/hast.973
http://www.ncbi.nlm.nih.gov/pubmed/30790315
https://doi.org/10.1371/journal.pone.0272147

