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Abstract

Objective To develop machine learning (ML) models that predict postoperative remission, remission at last visit, and resis-
tance to somatostatin receptor ligands (SRL) in patients with acromegaly and to determine the clinical features associated
with the prognosis.

Methods We studied outcomes using the area under the receiver operating characteristics (AUROC) values, which were
reported as the performance metric. To determine the importance of each feature and easy interpretation, Shapley Additive
explanations (SHAP) values, which help explain the outputs of ML models, are used.

Results One-hundred fifty-two patients with acromegaly were included in the final analysis. The mean AUROC values
resulting from 100 independent replications were 0.728 for postoperative 3 months remission status classification, 0.879
for remission at last visit classification, and 0.753 for SRL resistance status classification. Extreme gradient boosting model
demonstrated that preoperative growth hormone (GH) level, age at operation, and preoperative tumor size were the most
important predictors for early remission; resistance to SRL and preoperative tumor size represented the most important pre-
dictors of remission at last visit, and postoperative 3-month insulin-like growth factor 1 (IGF1) and GH levels (random and
nadir) together with the sparsely granulated somatotroph adenoma subtype served as the most important predictors of SRL
resistance.

Conclusions ML models may serve as valuable tools in the prediction of remission and SRL resistance.
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Introduction growth factor 1 (IGF1), caused by pituitary adenoma in the
vast majority of cases [1]. It has a worldwide prevalence of
40-130 per million [2]. Prolonged exposure to an excess

of GH leads to somatic disfigurement, a wide range of

Acromegaly is a rare chronic disease characterized by exces-
sive production of growth hormone (GH) and insulin-like
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manifestations including carcinogenesis; thus bringing the
risk of increased morbidity and mortality [3, 4]. Transsphe-
noidal surgery (TSS) serves as the treatment of choice for
patients with acromegaly, yet this approach is effective in
only 60—70% of the patients at best even in centers with large
experience [5—8]. A considerable percentage of the patients
remain uncontrolled and need further treatments. Thus, the
prediction of postoperative remission and response to other
treatments is an area of active investigation.

To date, a large body of clinical studies evaluated pos-
sible predictors of surgical outcomes [9-20]. Some of these
studies suggested that factors other than tumor invasiveness
such as age, sex, preoperative and postoperative GH and
IGF1 levels, granulation pattern, and proliferation indexes
could predict postoperative remission, whereas others failed
to demonstrate the predictive power of these factors [5, 10,
11, 15, 16, 18, 21-26]. In these studies, pre-determined
cut-offs and timing of GH and IGF1 evaluations were also
somewhat arbitrary [25, 27-30]. Besides, they have also
been criticized for their narrow scope of simple analysis
of prognostic factors. Prognosis and decisions about treat-
ment strategy should not be solely based on a single factor.
The decision process should be constructed on a combined
analysis of multiple important clinical features. There is an
inevitable need for robust prediction models that are capa-
ble of assessing multiple prognostic factors at one hand with
high accuracy. Recently, machine learning (ML) models are
gaining momentum [31]. ML is a subset of artificial intelli-
gence that provides information by automatically acquiring
patterns from databases instead of being conditioned with
rules. The influence from users’ intervention is avoided,
discriminating it from traditional methods. Several studies
tested its capability to foresee surgical outcomes in patients
with pituitary adenoma [32, 33]. In particular, attempts
have been made to predict either early or delayed postop-
erative remission status of patients with acromegaly using
ML models [34-36]. Yet, none of them aimed to assess the
clinical and biomedical predictors of resistance to long-act-
ing somatostatin receptor ligands (SRL). We proposed that
the development of a comprehensive and reproducible pre-
diction model for postoperative remission status and drug
resistance could aid in tailoring treatment decisions. In this
study, our objective was to develop ML algorithms that pre-
dict remission at postoperative 3 months, remission at last
visit, resistance to SRL in patients with acromegaly, and to
determine the clinical features that affect these responses the
most.
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Materials and methods

This single-center, retrospective study was conducted in the
Pituitary Center of a tertiary care university hospital. The
study was approved by the Research Ethics Committee of
Istanbul University-Cerrahpasa. The study fully adheres to
the Declaration of Helsinki. Patient data were coded and
stored anonymously.

Study Sample and Procedure

All the medical records of the 535 patients with acromeg-
aly that were followed up at the Endocrinology, Metabo-
lism, and Diabetes outpatient clinic of Cerrahpasa Medical
Faculty between 2000 and 2020 were reviewed. Inclusion
criteria were (i) a clear-cut biochemical and pathological
diagnosis of acromegaly as outlined in the current Endocrine
Society guideline [37]; (ii) patients with regular follow-up
for at least 12 months. Patients with acromegaly had miss-
ing information concerning any of the following clinical,
biochemical, radiological, and histopathological features
were excluded: (i) baseline demographic characteristics
(sex, age at diagnosis and surgery); (ii) radiological features
(tumor size at diagnosis based on maximum diameter in
millimeters, cavernous sinus invasion); (iii) histopathologi-
cal features (granulation pattern of the tumor, ki-67 index,
mitosis index, immunohistochemical staining for additional
hormones); (iv) biochemical results (IGF1, random/nadir
GH at diagnosis and during follow-up; v) type, dosage,
and duration of the postoperative treatments (when pres-
ent, categorized as a dopamine agonist [DA], somatostatin
analog [SRL, i.e., lanreotide ATG or octreotide LAR], and
GH receptor antagonist [GHRA; i.e., pegvisomant], repeat
surgery, and radiotherapy). Patients with acromegaly who
received first-line medical therapy or radiotherapy due to
ineligibility for TSS were also excluded. Finally, a total of
152 patients out of 535 patients were included.

The features to be tested in ML algorithms for prediction
of early remission, remission at the last visit, and SRL resis-
tance were chosen among above-mentioned parameters in
accordance with previous literature and clinical cognition.

Endocrinological Assessment

The biochemical diagnostic criteria for acromegaly were as
follows: (1) adult patients with clinical symptoms of acro-
megaly, (2) patients with pituitary adenoma confirmed by
pituitary magnetic resonance imaging (MRI), and (3) preop-
erative IGF1 values exceeding the upper limit of age- and the
sex-adjusted reference range, (4) lack of suppression of GH
to < 1.0 ng/ml during an oral glucose load [37]. The diagno-
sis was also confirmed with histopathological examination
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of the tumor. All the patients with acromegaly underwent
TSS as first-line therapy performed by two senior neurosur-
geons of the Pituitary Center. Off note, patients with severe
pharyngeal thickness, sleep apnea syndrome, high-output
heart failure or ventricular dysrhythmia received preopera-
tive medical treatment to provide anesthetic safety as rec-
ommended by the current Endocrine Society guideline [38,
39]. We also preferred to initiate preoperative medical treat-
ment to patients with acromegaly whose expected time to
TSS was beyond one month due to workload of Pituitary
Center [40]. Three months after the TSS, we measured
IGF1, random GH, and nadir GH during an oral glucose tol-
erance test to determine remission status. Definition of early
remission was based on off-medication GH levels (nadir
GH < 0.4 ug/L during an oral glucose tolerance test, and ran-
dom GH< 1.0 ug/L) and age- and sex-adjusted normalized
IGF1 at postoperative 3 months [37]. Repeat surgery was
performed for patients with persistent disease with acces-
sible intrasellar residual mass. For the remaining patients
with persistent disease, initial medical adjuvant therapy was
initiated. In patients with moderate-to-severe symptoms and
signs of GH excess we opted SRL as the initial adjuvant
medical therapy. Patients with modest elevations of IGF1
and mild symptoms and signs of GH excess, a trial of cab-
ergoline was also considered. Biochemical response to SRL
was defined as normalization of age- and sex-adjusted IGF1
levels and random GH< 1 ug/L [37, 41]. Patients with acro-
megaly who did not present a biochemical response after 12
months of treatment with maximal doses of SRL (30—40 mg
octreotide long-acting repeatable (LAR) or lanreotide auto-
gel (ATG) 120 mg every 28 days) were deemed to be SRL
resistant [42]. These patients either received pegvisomant
or cabergoline was added [38]. In patients with inaccessible
residual tumor mass after TSS and medical therapy was
unsuccessful or not tolerated, radiation therapy was also
considered [38].

Response Classification using Extreme Gradient
Boosting

eXtreme Gradient Boosting (XGBoost) is an ML algo-
rithm based on decision trees [43]. It works by ensembling
many decision trees for the desired classification or regres-
sion task. Since it grows the decision trees sequentially
and iteratively based on the previous trees, thus correcting
itself while learning. It is considered one of the most power-
ful tree-based ML algorithms of our day. In this study, we
applied XGBoost to construct ML models to determine pre-
dictive factors related to remission and resistance to SRL.

Determining Feature Importance for Clinical
Applicability and Interpretability

One of the most challenging aspects of ML applications is
their capability to interpret the results while having good
predictive performance. Since, in this study, we targeted
to build ML models which classify the patients with acro-
megaly according to their postoperative 3 months remission
status, remission status at last visit, and resistance to SRL;
the importance of related clinical features while making
classification for each outcome is significant for this tool
to become a clinical decision support tool. In our study, as
training ratio, we took 80% of the whole acromegaly data
set for model training and used the remaining 20% for
model testing. We partitioned the data randomly to form the
training and test sets, so that they will be similar in terms
of features. We performed 100 independent replications
of our experiment for more robust results, where for each
replication we randomly selected 80% of the whole acro-
megaly data set. Then, we used the remaining 20% as the
test dataset, which is again a collection of previously unseen
data instances to each learned model in each independent
replication. It should be noted here that randomness used
in our independent replications are controlled by usage of
different seed values and our results are reproducible We
used four-fold cross-validation for hyperparameter tuning.
After having performed 100 independent replications, for
clinical applicability and easy interpretation, we calculated
the Shapley Additive exPlanation (SHAP) values for each
feature using SHAP for XGBoost R package [44] and pro-
vided SHAP summary and feature importance plots with
parameters that are most commonly chosen among 100
replications.

In this study, together with classification AUROC values,
we offered plots that were prepared with cross-validated
XGBoost parameters, which depicted SHAP values of each
feature used for a specific clinical response classification,
and also visualized how well a feature served to distinguish
this specific response.

Performance Metric

For the binary classification tasks in this study, as the perfor-
mance metrics, we used AUROC, whose larger values cor-
respond to better classification performance. We reported
the AUROC values resulting from 100 independent replica-
tions in detail for each of the abovementioned classification
tasks.

@ Springer
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Results
Patient Characteristics

After screening, 152 patients out of 535 patients with
acromegaly were included in the final analysis. All of the
patients had undergone TSS and had at least 12 months of
follow-up. 61% of the patients were female. 40% (n=61)
achieved remission at postoperative 3 months and 84.3% of
the patients (n=128) had normal IGF1 levels at last visit.
96% (n=59) of the patients with remission at postopera-
tive 3 months were in remission at the last visit. Among 91
patients without remission at postoperative 3 months, 38
patients (41%) were resistant to SRL.

Eighty-seven-point 5% (n=133) of the patients had mac-
roadenoma. Among them, 86 (67.7%) had invasive tumors.
15% of the patients with microadenoma (n=3) had invasive
tumors, which was lower than patients with macroadenoma
(p<0.01).

The clinical features of the patients were presented in
Table 1.

Classification Using Extreme Gradient Boosting

In this study, we performed three classification tasks on
remission at postoperative 3 months, remission at the last
visit, and resistance to SRL in patients with acromegaly.
The mean AUROC values resulting from 100 independent
replications are 0.728 for postoperative 3 months remission
status classification, 0.879 for remission at the last visit clas-
sification, and 0.753 for SRL resistance status classification.

The mean values with lower and upper 95% confidence
intervals (CI) of the 100 independent replications we per-
formed for the outcomes were displayed in Table 2.

Determining Feature Importance using SHAP Values

SHAP values are helpful to determine the importance of fea-
tures that are used to predict a specific outcome. Since in
this study we used the XGBoost, we calculated the SHAP
values related to XGBoost model, and then we plotted these
values for better visualization of each feature’s importance
in performing the corresponding classification task. SHAP
feature importance plots corresponding to remission at post-
operative 3 months, remission at the last visit and resistance
to SRL were demonstrated at Figs. 1 and 2, and 3 respec-
tively. Note that these features were ranked from top to
bottom according to their importance level for this specific
classification task.

A low serum GH level at diagnosis value was favorable
for attaining remission at postoperative 3 months, as shown
in Fig. 1. Also, when the age at operation was higher, the
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Table 1 Clinical, laboratory, and pathological features of the 152
patients with acromegaly

Feature

Age at acromegaly diagnosis, mean+ SD 409 +10.3
Gender, male n (%) 59 (38.8)
Preoperative IGF1/ULN, median (IQR) 2.18  (1.63)
Preoperative invasion*, n (%) 89 (59.6)
Cavernous sinus invasion, n (%) 73 (48)
Max. tumor diameter (mm), mean+ SD 198  £8.1
Preoperative hypopituitarism, n (%) 30 19.7)
Preoperative SRL use, n 52 (34.2)
Preoperative CBG use, n 1 0.7)
Preoperative SRL+CBG use, n 2 (1.3)
Endoscopic TSS 132 (87)
Microscopic TSS 20 (13)
Pathology, n (%)

GH secreting adenoma 113 (72.3)
GH + PRL secreting adenoma 39 7.7
Ki-67 (%), median (IQR) 1.5 (1.5)
Sparsely granulated adenoma 34 (22.4)
Early remission, n (%) 61 (40.1)
Repeat TSS 19 (12.5)
Postoperative medical therapy, n (%)

SRL 91 (64.2)
CBG 34 (22.3)
Peg. 20 (13.2)
Radiotherapy, n (%)

Gamma Knife Radiosurgery 12 (7.9)
Cyberknife Radiosurgery 9 5.9
Conventional radiotherapy 1 0.7)
SRL resistance, n (%) 38 (41)
Postoperative hypopituitarism, n (%) 44 (28.9)
Total disease duration, median (IQR) 93 (48)
Last status, n (%)

Active 24 (15.8)
Remission with medication 78 (51.3)
Remission without medication 49 (32.2)
Diabetes Mellitus, n (%) 38 (25)
Hypertension, n (%) 26 17.1)
Obstructive sleep apnea, n (%) 9 5.9
Thyroid cancer, n (%) 5 3.3)
Alive, n (%) 152 (100)

*Invasion to surrounding structures such as cavernous sinus, basal
dura, clivus and diaphragma sella

Data were analyzed using the R programming language.

SD Standard deviation, IQR Interquartile range, GH Growth hor-
mone, IGF1 Insulin-like growth factor 1, ULN Upper limit of normal,
TSS Transsphenoidal surgery, SRL somatostatin receptor ligands,
CBG Cabergoline, Peg. Pegvisomant

preoperative maximal tumor size and ki-67 index were
lower; the chance of remission at postoperative 3 months
was higher. Moreover, if a patient had a mammosomato-
troph adenoma, the possibility of remission at postoperative
3 months increased.
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Table 2 The mean values with lower and upper 95% CI of the 100
independent replications we performed for the outcomes

Remis- Remission at SRL

sion at postoperative Resis-

last visit 3 months tance
Mean AUROC 0.8793 0.7278 0.7532
Lower 95% CI 0.8627 0.7083 0.7324
Upper 95% CI 0.8959 0.7473 0.7740

CL, Confidence intervals; AUROC, Under the receiver operating
characteristics; SRL, Somatostatin receptor ligands

As indicated in Fig. 2, resistance to SRL was the most
important feature to predict the remission at the last visit
followed by preoperative maximal tumor diameter. Postop-
erative SRL use, gender, plurihormonal pituitary adenoma,
invasive adenoma were the remaining important features,
in their respective order. The figure suggests that if resis-
tance to SRL was absent, the chance of having remission
at the last visit was higher. Also, with increasing maximal
tumor diameter, the chance of remission at the last visit was
decreasing. Moreover, the need for postoperative SRL use
and female gender were negative predictors of remission at
the last visit. Note that the features with a “zero” value in
the figure were not affecting this specific classification task.

Figure 3 denotes that when IGF1 to the upper limit of
normal (age- and sex-adjusted) ratio and GH at postopera-
tive 3 months were higher, the patient was more likely to
have resistance to SRL. Also, if the adenoma was sparsely
granulated somatotroph adenoma, the possibility of SRL
resistance was higher.

Fig. 1

Fig.2

0
SHAP value (impact on model output)

Fig. 2 SHapley Additive exPlanations (SHAP) values for predictors
of remission at postoperative 3 months (2), and resistance to soma-
tostatin receptor ligands (SRL) GH growth hormone, IGF1 insulin-
like growth factor 1, ULN upper limit of normal, TSS transsphenoidal
surgery, Preop. preoperative, Postop. postoperative, Max. maximum,
OGTT oral glucose tolerance test

For easy usage of our machine learning implementa-
tion and for better and simple visualization of our work, we
prepared a user interface that can be found at https://midas.
ku.edu.tr/Acromegaly/. Through this website, clinicians can
easily test their patients’ remission and SRL response.

Discussion

The present study was prompted by a need for a more
effective and widely applicable preoperative prediction
method for the outcome of the patients with acromegaly.
Accurate prediction of early and long-term remission can
identify patients who might benefit from preoperative adju-
vant medical therapy, primary medical therapy or require

GH at diagnosis | 0.527

Age at operation | 0.331

Preop. max. tm. size | 0.237

Ki 67% | 0.103
Mammosomatotroph adenoma | 0.054
Gender | 0.000

IGF1/ULN | 0.000

Preop. invasion | 0.000
Cavernous sinus invasion | 0.000
Mitosis index | 0.000
Somatotroph adenoma | 0.000

Sparsely granulated somatotroph adenoma | 0.000

Plurihormonal pituitary adenoma | 0.000

- - - -

<I e »

0 1

SHAP value (impact on model output)

Feature value | 4, High

Fig. 1 SHapley Additive exPlanations (SHAP) values for predictors of remission at postoperative 3 months (1), remission at last visit GH growth
hormone, IGF1 insulin-like growth factor 1, ULN upper limit of normal, TSS transsphenoidal surgery, Preop. preoperative, Postop. postoperative,

Max. maximum, OGTT oral glucose tolerance test
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Fig. 3

IGF1/ULN at po:
GHa

05 00 05 10
SHAP value (impact on model output)

]
Feature value (4, Figh

Fig. 3 SHapley Additive exPlanations (SHAP) values for predictors
of remission at postoperative 3 months (3). The features are ranked
based on the permutation importance method in the XGBoost model,
according to the sum of the SHAP values for all patients. The SHAP
values are used to show the distribution of the effect of each feature on
the XGBoost model outputs. Every dot in the figure denotes a patient.
Negative SHAP value means a negative contribution on predicting the
composite outcome studied, positive SHAP value means a positive
contribution, and zero means no contribution. Purple designates that
the value of a feature is high, and yellow designates that the value of
a feature is low. Among dichotomous variables female gender, SRL
resistance, postoperative SRL use, and sparsely granulated adenoma,
preoperative invasion, plurihormonal pituitary adenoma and mammo-
somatotroph adenoma were coded as 1; and their counterparts were
coded as 0 GH growth hormone, IGF1 insulin-like growth factor 1,
ULN upper limit of normal, TSS transsphenoidal surgery, Preop. pre-
operative, Postop. postoperative, Max. maximum, OGTT oral glucose
tolerance test

multimodality treatment. In this regard, we applied an ML
algorithm (i.e., XGBoost) the features that are clinically
related to postoperative 3 months remission, remission at
last visit, and SRL resistance. We demonstrated the high
performance of this novel approach in all of the studied out-
comes in both training and test data sets.

The variables for postoperative 3 months remission and
remission at the last visit chosen in this study included all
the available information. The predictive factors for early
remission determined by the ML algorithm were preopera-
tive GH levels, age at operation, maximal tumor diameter,
Ki-67 expression, and the presence of prolactin co-staining
in decreasing order of importance. The top three features,
namely low preoperative GH levels, older age, and small
tumor maximal diameter as predictors of early remission
were consistent with previous reports based on conventional
statistical methods [22, 24, 45, 46]. The importance of these
three features as prognostic factors also concurred with
recent ML algorithm surveys conducted on patients with
acromegaly [34-36]. The previous conventional studies and
the above-mentioned ML surveys proposed that cavernous
sinus invasion represents one of the important factors affect-
ing surgical remission [34-36, 46]. Our model has failed
to show the cavernous sinus invasion as a predictive factor
for early remission. This might be a reflection of a meth-
odological drawback of our study, as we determined the
presence of cavernous sinus invasion based on preoperative
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MRI findings as a binary category instead of Knosp grading.
This might have hampered the precise assessment.

Our ML model has revealed that a low ki-67 index is a
predictor of remission at postoperative 3 months. In some
studies where remission and non-remission groups were
compared, the mean ki-67 index was lower in patients with
acromegaly in remission [47, 48]. On the other hand, one
retrospective multivariate analysis from our tertiary center
did not demonstrate the relation of ki-67 with postoperative
remission [8]. In another ML study where the ki-67 index
was evaluated along with other prognostic factors for pre-
diction of remission within 6 months of surgery, ki-67 index
only showed a significant relationship with delayed remis-
sion in the training dataset, but there was no statistical differ-
ence in the test dataset [35]. The conflicting results related
to the effect of ki-67 index on acromegaly remission might
be due to varying cut-offs among studies (3%, 5%, etc.) [35,
47]. We assessed the effect of ki-67 as a continuous param-
eter rather than arbitrary cut-offs and the XGboost algorithm
suggested that as the ki-67 index increased, the possibility
of remission at postoperative 3 months decreased. Further
large-scale analyses are warranted to investigate the effect
of the ki-67 index on early remission.

In our ML model analysis of early remission, another
significant feature was prolactin staining of GH secreting
adenoma. The effect of prolactin staining of GH secret-
ing adenoma on outcome remains elusive. Some studies
reported lower, whereas others reported similar or higher
remission rates in comparison to pure GH secreting ade-
noma [21, 49, 50]. In studies where dual staining was pro-
posed to portend aggressiveness, the pathogenic mechanism
was not entirely clear. This also holds true for our model,
as we observed that mammosomatotroph adenomas were
more likely to be in remission at postoperative 3 months,
yet our analysis did not allow us to draw definite conclu-
sions regarding the exact mechanism. To our knowledge,
our study is the first ML-based report assessing the effect
of prolactin co-staining in patients with acromegaly. Studies
relying upon genetic analysis can provide insights into the
biological behavior of these unique type of adenoma.

In the current study, we also sought to identify the pre-
dictors of remission at last visit, irrespective of whether
postoperative treatments were administered or not. Feature
importance explanations showed that resistance to SRL,
increased tumor size (i.e., maximal tumor diameter), post-
operative SRL use, and female gender were the top-tier
variables for predicting non-remission. A large body of
evidence concerning the effect of tumor size and gender on
IGF1 levels has emerged [51, 52], but the effect of the need
for SRL in the postoperative period and SRL resistance on
the outcome is an evolving concept. Despite its clinical sig-
nificance, the data assessing resistance to SRL as a discrete
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measure of long-term outcome is scarce and has never been
evaluated employing ML-based algorithms. Our ML-based
predictive model indicated that resistance to SRL is the most
important factor affecting remission status in the long term.
In our study population, all of the patients with acromegaly
have undergone TSS by two senior neurosurgeons of Pitu-
itary Center. In the postoperative period, despite the avail-
ability and wisely application of other treatment options as
indicated, SRL resistance hold its significance on remission
status at the last visit. Previous studies on determinants of
SRL responsiveness demonstrated that besides radiological,
clinical, and biochemical predictors, various histopathologi-
cal and molecular features of GH secreting adenoma may
have a role in SRL resistance [53—55]. Taken together, we
propose that resistance to SRL has implications beyond
simple therapeutic non-responsive to one class of drug. At
this point, it becomes imperative to identify the predictors
of SRL resistance with the support of ML tools.

To date, several predictors of SRL resistance have been
proposed. IGF1 and GH levels at diagnosis, densely granu-
lated adenoma, tumor size, ki-67 expression, gender, and
age have been purported to predict SRL response via con-
ventional methods. Except for the latter two, these param-
eters were confirmed by our ML model as predictors of SRL
resistance. Recently, Gadelha et al. that targeted to develop
a ML-based model to identify predictors of therapeutic
response to SRL in patients with acromegaly [56]. They
determined granulation pattern, pretreatment IGF1 and GH
levels, age, sex and somatostatin receptor subtype 2 and 5
expression as predictors of therapeutic response to SRL.
The granulation pattern, pretreatment IGF1 and GH levels
also coincided with our registry. Moreover, we also dem-
onstrated that IGF1 and GH levels (random and nadir) at
postoperative 3 months were also important determinants of
therapeutic response to SRL. It has been shown that percent
reduction of growth hormone levels correlates closely with
percent resected tumor volume in acromegaly [57]. This is
suggestive that low IGF1 and GH levels (random and nadir)
at postoperative 3 months are indeed a measure of successful
surgical resection, which in turn has been shown to improve
the response to SRL [58, 59]. Thus, IGF1 and GH levels
(random and nadir) at postoperative 3 months as a predictor
of SRL response was indirectly supported by previous stud-
ies. Our observation further expanded the spectrum of the
predictors of SRL resistance but still requires verification by
larger-scale ML models.

ML is a novel approach with enhanced predictive
power compared to conventional methods and thus becom-
ing increasingly used in the field of neuroendocrinology
[32-36, 60]. Recently, three separate groups used a simi-
lar ML approach to predict surgical remission of patients
with acromegaly in particular, but none of them assessed

predictors of remission status in long-term and/or resis-
tance to SRL [34-36]. We expanded our ML-based analysis
with remission at the last visit, together with the predictive
factors of SRL resistance. In our study, the XGBoost algo-
rithms yielded a good performance overall for all the stud-
ied outcomes, as indicated by mean AUROC values. This
is supported by other studies conducted on patients with
acromegaly, as one of them ranked XGBoost as the best,
and another indicated that it was one of the best predictive
models for surgical remission among others [34, 35]. In our
analyses, the XGBoost model demonstrated that preopera-
tive GH level, age at operation, and preoperative tumor size
were the most important predictors for early remission;
resistance to SRL and preoperative tumor size represented
the most important predictors of remission at last visit; post-
operative 3-month IGF1 and GH levels (random and nadir)
together with the sparsely granulated somatotroph adenoma
served as the most important predictors of SRL resistance.
These results were in accordance with clinical cognition
and practice, further verifying the reliability of the XGboost
model. Despite its favorably good performance, ML models
have caveats that need to be taken into account. First ML is
regarded as a “black box”. This means that it is devoid of a
transparent interpretation of the learning process or the out-
puts, and the function between the predictive factors and the
response is invisible to the researcher [61]. We need to set
out the reasons for the ML models to make such predictions
in clinical settings. Therefore, we utilized SHAP, which
is a conceptual agnostic interpretation method, to explain
our prediction models. In the past, researchers used partial
dependence plots or feature importance to explain the ML
models. These methods show the contribution made by their
features to the predictive ability of the model but do not
allow us to delineate whether the influence of these features
on the output is positive or negative. In 2017, Lundberg et
al. presented SHAP, which is a game-theoretic approach
that assigns each feature an importance value for a particu-
lar prediction to explain a complex black box model [62].
It has two vital advantages over conventional methods. The
first one is that in addition to the influence of a single fea-
ture, it also considers the synergy between features and thus
handles the problem of multicollinearity [35]. Second, it
determines whether the influence of a single feature is posi-
tive or negative. Since it helps to interpret the output of the
ML models, it is promising for ML applications on medical
data sets.

The present study has limitations. This was a single-cen-
ter study involving limited number of patients. The model
may behave differently with more data and patients from
multiple sources. Although we use four-fold cross-valida-
tion to improve our analyses, there is an inevitable need

@ Springer
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for large-scale designs for the validation of robustness and
reproducibility of the model.

On the other hand, the ML model constructed in this
study has advantages. Introduction of artificial intelli-
gence to predict outcome and to tailor treatment decisions
of patients with acromegaly is a recently elaborating topic
[56]. This study represents one of the initial efforts to use
ML for predicting therapeutic response to SRL in addition
to early surgical remission and remission at last visit. In this
context, it provides a wider range of knowledge that can
guide clinical decisions.

Conclusions

It is feasible to develop ML-based models to predict early
and long-term remission in patients with acromegaly. This
subset of artificial intelligence can serve as an effective
non-invasive method to foresee outcomes and aid in clini-
cal decisions. It may provide a new scope of information
compatible with clinical cognition and widen our perspec-
tive concerning prognostic features.
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