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A B S T R A C T

Purpose: The preoperative prediction of treatment response is important for determining individual treatment
strategies for invasive functional pituitary adenoma (IFPA). This study aimed to develop and validate a magnetic
resonance imaging (MRI)-based radiomic signature for preoperative prediction of treatment response in IFPA.
Method: One hundred and sixty-three patients with IFPA were enrolled and divided into primary (n=108) and
validation cohorts (n= 55) according to time point. IFPA patients were divided into remission and non-re-
mission according to postoperative hormone levels. Radiomic features were extracted from their MR images and
a radiomic signature was built using a support vector machine. Subsequently, multivariable logistic regression
analysis was used to select the most informative clinical features, and a radiomic model incorporating the
radiomic signature and selected clinical features was constructed and used as the final predictive model.
Results: Seven radiomic features were selected to construct the radiomic signature, which achieved an area
under the curve (AUC) of 0.834 and 0.808 on the primary and validation cohorts respectively. The radiomic
model incorporating the radiomic signature and Knosp grade showed good discrimination abilities and cali-
bration, with AUCs of 0.832 and 0.811 for the primary and validation cohorts respectively. The radiomic sig-
nature and radiomic model better estimated the treatment responses of patients with IFPA than our clinical
features model. Decision curve analysis showed the radiomic model was clinically useful.
Conclusions: This radiomic model may help neurosurgeons predict the treatment responses of patients with IFPA
before surgery and determine individual treatment strategies.
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1. Introduction

Invasive functional pituitary adenomas (IFPAs) are the most diffi-
cult to treat and most harmful type of pituitary adenoma [1]. Pre-
operative definition of IFPA requires two conditions: abnormal hor-
mone secretion and a Knosp grade of III–IV [2–4]. Because of their
abnormal hormone secretion, IFPAs have multiple complications, and
the resulting multiple comorbidities impair patients’ quality of life and
reduce life expectancy [5]. In clinical practice, a Knosp grade of III–IV
means true invasion of the tumor into the cavernous sinus before sur-
gery, and therefore complete removal of the IFPA with standard sur-
gical treatment is difficult [2,4,6]. If there is even a small residual
tumor, the patient will still be in a status of elevated hormone levels and
persistent symptoms [6]. Postoperative high hormone-status indicates a
poor treatment response to surgery, with a likelihood of recurrence and
a poor prognosis [5]. If clinicians could accurately predict the treatment
responses of patients with IFPA before surgery, those with a poor out-
come prediction could undergo appropriate preoperative adjuvant
therapy, which might greatly improve the effectiveness of neurosurgery
and their ensuing quality of life [7]. Thus, accurate preoperative
identification of treatment response in patients with IFPA would be
helpful for prognosis and decisions on treatment strategy.

Currently, most pituitary adenoma-related prognostic studies have
focused on the retrospective analysis of clinical risk factors and their
associations with treatment response after surgery [8,9]. Previous
analysis demonstrated that MRI texture was useful for predicting re-
currence or progression in patients with non-functioning pituitary
adenomas (NFPAs) [10]. However, to the best of our knowledge, no
previous study has investigated the presurgical prediction of treatment
response and prognosis of IFPA. Moreover, the prognosis should not be
determined by only a single risk factor, with it being recognized that a
combined analysis with multiple features has more value, and may be
powerful enough to change the clinical management [11,12]. Thus, the
development of a more comprehensive, effective, and widely applicable
preoperative prediction method is conducive to the treatment of IFPAs.

Radiomics is an emerging methodology that allows high-throughput
mining of quantitative imaging features from normal medical images
followed by their combined analysis for clinical-decision support
system development [13,14]. Recently, studies have demonstrated that
radiomics-based signatures can be used to develop treatment strategies
and improve diagnostic, prognostic, and predictive accuracy in the
workup of tumor patients [15]. However, a radiomic signature for
predicting treatment responses in patients with pituitary adenoma has
not yet been reported, especially for IFPA. Therefore, if a radiomic
signature based on quantitative MRI features could preoperatively
predict the treatment response and prognosis in IFPA, it would be
particularly beneficial, as MRI is non-invasive and would not require
extra financial cost, as MRI is generally acquired as part of the current
workup.

Therefore, the aim of this study was to develop an MRI-based
radiomic signature to estimate treatment response in patients with
IFPA. The predictive model so developed incorporated a radiomic sig-
nature and clinical features for preoperative prediction of treatment
response in patients with IFPA.

2. Materials and methods

2.1. Patients

This retrospective study was approved by the ethical review com-
mittee of the Peking Union Medical College Hospital, and the require-
ment for informed patient consent was waved. A total of 163 patients
presenting with IFPAs between April 2012 and May 2018 were iden-
tified for this analysis, and all patient data and personal information
were anonymized prior to analysis. The patients were divided into a
primary cohort and validation cohort according to time point. The

primary cohort consisted of 108 patients recruited from April 19, 2012
to December 26, 2016 (36 males and 72 females; mean age, 35 years;
age range, 28–47 years). A subsequent cohort of 55 consecutive patients
recruited from December 27, 2016 to May 22, 2018 were allocated to
the validation cohort (20 males and 35 females; mean age, 34 years; age
range, 29–46 years). The primary cohort was used for model building,
while the validation cohort was set aside for internal validation of the
model. The inclusion and exclusion criteria are presented in supple-
mentary material S1.

All patients underwent neurosurgery to remove the IFPA, and the
following clinical characteristics were collected: age, gender, type of
diagnosis (growth hormone [GH], prolactin, adrenocorticotropic hor-
mone [ACTH], thyroid-stimulating hormone, luteinizing hormone/fol-
licle-stimulating hormone secreting IFPAs), tumor maximal diameter
(TMD), bilateral Knosp classification (grade III or grade IV) [2], and
treatment response.

The type of diagnosis was determined by the preoperative hormone
level [1]. Knosp classification and TMD were defined using pre-
operative contrast-enhanced T1-weighted imaging (CE-T1), with pre-
operative grades III and IV defining invasion of the tumor into the ca-
vernous sinus [2,4]. Patients were divided into remission or non-
remission groups according to their different treatment responses. The
remission criteria for IFPAs were as follows. Postoperative remission of
GH-secreting IFPAs was defined as random serum GH < 1 ng/ml or a
GH nadir< 0.4 ng/ml during an oral glucose tolerance test (OGTT) at
12 weeks after surgical treatment [16,17]. The OGTT was carried out
with 75 g of oral glucose and subsequent measurements of glucose and
GH every 30min over 2 h. Postoperative remission of ACTH-secreting
IFPAs was defined as a morning serum cortisol measurement of less
than 138 nmol/L (5ug/dl) within one week after surgical treatment
[18–20]. The postoperative remission criteria for PRL, TSH, and LH/
FSH secreting IFPAs were that the corresponding hormones fell below
normal levels. A flowchart of this study is shown in Fig. 1.

2.2. MRI protocol and image acquisition

All patients underwent preoperative brain MRI, with the MRI pro-
tocol consisting of T2-weighted imaging (T2WI), T1-weighted imaging
(T1WI), and CE-T1. MRI was acquired in the head-first supine position
on a 3.0-T scanner (GE, General Electric Company). The acquisition
parameters for the T2WI sequence included repetition time/echo time
(TR/TE): 4200/103ms; flip angle: 90°; acquisition matrix: 320× 224;
field of view (FOV): 200×200mm; slice thickness: 4 mm and slice
spacing: 1 mm. The acquisition parameters for T1WI sequences in-
cluded TR/TE: 400/9ms; flip angle: 90°; acquisition matrix: 288× 192;
FOV: 200×200mm; slice thickness: 3 mm and slice spacing: 0.6mm.
The CE-T1 sequences used parameters consistent with the other T1WI
sequence and were preformed immediately after the rapid injection of
the gadolinium-DTPA contrast agent (0.1 mmol/kg Gadovist). For this
study, coronal T2WI, T1WI, and CE-T1 were used, with these being
retrieved from the hospital’s Picture Archiving and Communication
System.

2.3. Tumor masking and feature extraction

Three-dimensional regions of interests (ROIs) delineating the tu-
mors of all IFPA patients were drawn manually on the above-mentioned
MRI images by a neuro-radiologist (with seven years of experience in
the study of IFPAs) using ITK-SNAP software (University of
Pennsylvania, www.itksnap.org). These ROIs were manually verified by
another expert neuroradiologist (with twelve years of experience in the
study of IFPAs), without prior knowledge of the operating records. Any
disagreements were resolved through negotiation between the two ex-
perts. The radiomic features were then extracted from the ROIs.

A total of 13 950 quantitative features were automatically extracted
from the delineated tumors on the coronal T2WI, T1WI, and CE-T1;
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Fig. 1. Flowchart illustrating the procedures in this study. (I) Original MR images: coronal T2WI, T1WI, and CE-T1 sequences. (II) Segmentation was conducted to
define the ROIs. (III) Radiomic features were extracted from the ROIs, including statistics features, textual features, wavelet features, and shape features. (IV) Analysis
of the radiomic and clinical features after feature selection.

Table 1
Clinical characteristics of IFPAs patients (n= 163).

Characteristic Whole Set (n= 163) Primary cohort(n=108) Validation cohort(n= 55) P-value

Gender
Male 56(34.4%) 36(33.3%) 20(36.4%) 0.7
Female 107(65.6%) 72(64.3%) 35(63.6)
age (mean ± SD, year) 37.56 ± 11.85 37.89 ± 12.51 36.91 ± 10.52 0.765
Diagnosis
GH 115(70.6%) 76(70.4%) 39(70.9%) 0.429
PRL 25(15.3%) 18(16.7%) 7(12.7%)
ACTH 16(9.8%) 11(10.2%) 5(9.1%)
TSH 6(3.7%) 2(1.9%) 4(7.3%)
LH/FSH 1(0.6%) 1(0.9%) 0
Tumor maximal diameter (mean ± SD, mm) 23.39 ± 9.97 24.71 ± 9.90 21.84 ± 10.00 0.106
Knosp classification
Grade 3 96(58.9%) 60(55.6%) 36(65.5%) 0.225
Grade 4 67(41.1%) 48(44.4%) 19(34.5%)
Treatment responses
Non-remission 97(66.3%) 66(61.1%) 31(56.4%) 0.559
Remission 66(33.7%) 42(38.9%) 24(43.6%)

Abbreviations: SD= standard deviation.
Note: Categorical variables were presented as the number (percentage). Continuous variables consistent with a normal distribution were presented as mean ±
standard deviation. Chi-Square or Fisher Exact tests, as appropriate, were used to compare the differences in categorical variables, while the independent sample t-
test was used to compare the differences in continuous variables.
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4650 features for each sequence. These features were divided into four
groups: (I) tumor image intensity features, (II) shape and size features,
(III) textural features, and (IV) wavelet features. The radiomic features
of the primary cohort were calculated from the ROIs using an inhouse
program written in Matlab 2015b (Mathworks Inc. Natick, MA, USA).
The mathematical definitions and details of the features and different
wavelets are given in supplementary information S2.

2.4. Feature selection

High-dimensional data may involve a high degree of irrelevant and
redundant information that can lead to overfitting and can greatly re-
duce the performance of the learning algorithm; therefore, a feature
selection process is necessary. In this study, feature selection was per-
formed in three stages, based on results obtained on the primary cohort.
The radiomic features were first normalized to the range of 0–1.
Second, features were preliminarily selected using the SelectKBest al-
gorithm [21] to remove the majority of the redundancy. The Se-
lectKBest algorithm selects the most appropriate radiomic feature based
on the mutual information between the features and labels. Finally, the
most important features for the optimal feature subset were identified
using the recursive feature elimination (RFE) algorithm [22] with ten-
fold cross-validation. The RFE algorithm is a commonly used feature
selection method, which sorts features according to their importance
and finds the feature set with the best prediction performance by de-
leting the least important features [23].

2.5. Development and validation of the radiomic signature

After obtaining the selected features, a support vector machine
(SVM) model was used to build the radiomic signature for the primary
cohort. The SVM was trained using a radial basis function (RBF) kernel,
with the parameter C being determined by a grid search with ten-fold
cross-validation. Finally, the radiomic signature was calculated by
transformation of the representative features for subsequent use. A
violin plot was used to compare differences between the distributions of
the signatures of remission and non-remission patients in the primary
and validation cohorts, while a receiver operating characteristic (ROC)
[24] curve was plotted to show the predictive performance of the
radiomic features.

Table 2
Univariate analysis of clinical characteristics of patients and tumors in the primary cohort and validation cohort.

Characteristic Primary cohort(n= 108) P-value Validation cohort(n= 55) P-value

Non-remission Remission Non-remission Remission

Gender
Male 22(33.3%) 14(33.3%) 1 12(38.7%) 8(33.3%) 0.681
Female 44(66.7%) 28(66.7%) 19(61.3%) 16(66.7%)
age (mean ± SD, year) 37.21 ± 12.90 38.95 ± 11.95 0.484 37.90 ± 10.51 35.63 ± 10.62 0.431
Diagnosis
GH 46(69.7%) 30(71.4%) 0.134 25(80.6%) 14(58.3%) 0.306
PRL 14(21.2%) 4(9.5%) 3(9.7%) 4(16.7%)
ACTH 6(9.1%) 5(11.9%) 2(6.5%) 3(12.5%)
TSH 0 2(4.8%) 1(3.2%) 3(12.5%)
LH/FSH 0 1(2.4%) 0 0
Tumor maximal diameter (mean ± SD, mm) 26.59 ± 10.26 20.38 ± 8.05 0.001* 25.69 ± 10.76 16.86 ± 6.19 0.001*
Knosp classification
Grade 3 28(42.4%) 32(76.2%) 0.001* 14(45.2%) 22(91.7%) 0.000*
Grade 4 38(57.6%) 10(23.8%) 17(54.8%) 2(8.3%)

Abbreviations: SD= standard deviation.
Note: Categorical variables were presented as the number (percentage). Continuous variables consistent with a normal distribution were presented as mean ±
standard deviation. Chi-Square or Fisher Exact tests, as appropriate, were used to compare the differences in categorical variables, while the independent sample t-
test was used to compare the differences in continuous variables.

Fig. 2. Ten-fold cross-validation was used to estimate the average AUC value of
the different feature sets on the primary cohort, and the best performance was
achieved in the set with the first seven features.

Fig. 3. A violin plot comparing the distribution of the signatures of remission
and non-remission patients in the primary and validation cohorts. This plot is a
combination of a boxplot and kernel density estimate. The signature distribu-
tions of each cohort were compared using independent samples t-tests.
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2.6. Development and validation of the clinical features model

Multivariate logistic regression analysis was used to select the
clinical features showing the strongest associations between the clinical
information and treatment responses. The five preoperative clinical
features of age, sex, diagnosis type, TMD, and Knosp classification were
evaluated. Backward step-wise selection was conducted using the
likelihood ratio test with Akaike’s information criterion (AIC) [25] as
the stopping rule. The selected clinical features were then used to de-
velop a clinical features model for the preoperative prediction of

treatment response in the primary cohort. Subsequently, the validation
cohort was used to validate the performance of this clinical features
model. The area under the curve (AUC) from the ROC analysis was used
to assess the discriminatory efficacy of the clinical features model.

2.7. Development and validation of the radiomic model

To provide a comprehensive model for clinicians and patients to use
to predict the treatment responses of IFPAs, a radiomic model [26]
incorporating the radiomic signature and clinical features was

Fig. 4. ROC curves for the performance of the three models on the primary and validation cohorts. The performance of the models on the primary and validation
cohorts was assessed using the area under the curve (AUC). A. radiomic signature; B. clinical feature model; C. radiomic model.

Table 3
Performance of radiomic signature, clinical features and radiomic model.

Model Performance AUC(95% CI) ACC SN SP PPV NPV

Radiomic
signature

Primary cohort 0.834 (0.807-0.861) 81.4% 87.9% 71.4% 82.9% 78.9%
Validation cohort 0.808 (0.782-0.834) 72.7% 77.4% 66.7% 75.0% 69.6%

Clinical feature model Primary cohort 0.672 (0.570-0.774) 62.0% 78.79% 35.71% 65.82% 51.72%
Validation cohort 0.756 (0.606-0.902) 65.5% 64.52% 66.67% 71.43% 59.26%

Radiomic model Primary cohort 0.832 (0.749-0.915) 81.5% 89.4% 69.0% 81.9% 80.6%
Validation cohort 0.811 (0.696-0.925) 74.5% 61.3% 91.7% 70.5% 64.7%

Abbreviations: AUC, area under the curve; ACC accuracy, SN sensitivity; SP, specificity; PPV, positive predictive value; NPV, negative predictive value.

Fig. 5. A nomogram derived from the radiomic model applied to the primary cohort. The radiomic model was developed using the primary cohort, and incorporated
the Knosp grade and radiomic signature.

Y. Fan, et al. European Journal of Radiology 121 (2019) 108647

5



constructed. The clinical features used in the radiomic model were se-
lected from four preoperative clinical features (age, sex, diagnosis type,
and Knosp classification) using a multivariate logistic regression algo-
rithm with backward step-wise selection and AIC. A nomogram was
derived from the radiomic model.

ROC analyses and associated classification measures (AUC, accuracy
[ACC], sensitivity, specificity, positive predictive value [PPV], and
negative predictive value [NPV]) were used to compare the dis-
criminatory efficacies of the radiomic model, radiomic signature, and
clinical features model, on both the primary and validation cohorts.

Fig. 6. Calibration curve and decision curve analysis for the radiomic model. A–B. Calibration curves of the radiomic model in the primary (A) and validation (B)
cohorts. Calibration curves depict the calibration of each model in terms of the agreement between the predicted and actual probability of the remission rate. The Y
axis represents the actual rate. The X axis represents the predicted probability. The diagonal blue line represents a perfect prediction by an ideal model. The red lines
represent the performance of the radiomic model on the primary and validation cohorts respectively, with a closer fit to the diagonal blue line representing a better
prediction. C–D. Decision curve analysis for the radiomic model. C: primary cohort, D: validation cohort. The Y axis measures the net benefit. The blue line represents
the radiomic model. The red line represents the assumption that all patients showed remission. The black line represents the assumption that no patients showed
remission.
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Calibration curves were plotted, and along with the Hosmer-Lemeshow
test, were used to evaluate the similarity between the predicted and
observed remission probabilities [27].

2.8. Clinical use

Decision curve analysis (DCA) was performed to assess the clinical
usefulness of the radiomic model by quantifying the net benefits at
different threshold probabilities [28].

2.9. Statistical analysis

A two-sided p-value<0.05 was considered to be statistically sig-
nificant. All statistical analyses were performed by a dedicated statis-
tician using R statistical software (version 3.4.1; R Foundation for
Statistical Computing, Vienna, Austria). The “rms” package was used to
create the combined model, the calibration plot was analyzed using the
“hdnom” packages, and decision curve analysis was analyzed with the
function “dca.R”.

3. Results

3.1. Clinical characteristics

There were 42 (38.9%) and 24 (43.60%) patients in remission in the
primary and validation cohorts respectively, with there being no sig-
nificant difference in the prevalence of remission patients between the
primary and validation cohorts (p= 0.559). In addition, no significant
differences (p=0.106–0.765) were found in the clinical characteristics
between the primary and validation cohorts. The characteristics of all
patients are shown in Table 1. These results justify the use of these two
sets as a primary cohort and validation cohort. A univariate analysis
was conducted on the primary and validation cohorts (Table 2), and
TMD and Knosp classification were found to be significantly different
between the non-remission and remission patients.

3.2. Feature selection and construction of the radiomic signature

Two steps were used to select the representative radiomic features
of the primary cohort. First, 300 radiomic features were selected using
the SelectKBest algorithm. Second, the importance of each feature was
assessed using the RFE algorithm, with the 300 radiomic features being
sorted according to their level of importance and the best performance
being determined by ten-fold cross-validation. The seven features thus
identified as giving the best performance were selected as the final
features for subsequent use (Fig. 2).

The seven selected features of ‘glszm_ZSV’ of the gabor 9,
‘glszm_GLNU’ of the gabor 27, ‘glszm_ZSV’ of the gabor 31,
‘glrlm_SRLGLE’ of the gabor 33, ‘fos_minimum’ of the gabor 34,
‘glszm_GLNU’ of the gabor 34, and ‘glszm_ZSV’ of the gabor 34 were all
extracted from CE-T1 images. These selected features were then entered
into an SVM to build a radiomic signature with the best differentiation
of non-remission from remission patients in the primary cohort.

3.3. Performance of the radiomic signature

The violin plot showed significant differences in the distribution of
the radiomic signature between remission and non-remission patients
in both the primary and validation cohorts (p < 0.01, Fig. 3). The
model performance was first assessed in the primary cohort and then
validated using the internal validation cohort. As shown in Fig. 4A, the
radiomic signature showed favorable discrimination, with an AUC of
0.834 (95% confidence interval [CI], 0.807–0.861) in the primary co-
hort and 0.808 (95% CI, 0.782–0.834) in the validation cohort. The
results demonstrated that the radiomic signature could successfully
categorize the remission and non-remission IFPA patients in both the

primary and validation cohorts.

3.4. Radiomic model construction and performance assessment

TMD was selected as the most important discriminatory factor from
the 5 clinical features and yielded AUC values of 0.672 (95% CI,
0.570–0.774) and 0.756 (95% CI, 0.606–0.902) for the primary and
validation cohorts respectively (Fig. 4B, Table 3).

Knosp grade, together with the radiomic signature, were selected
according to the AIC to build the radiomic model, which yielded an
AUC of 0.832 (95% CI, 0.749–0.915) for the primary cohort and 0.811
(95% CI, 0.696–0.925) for the validation cohort (Fig. 4C, Table 3). A
nomogram was derived from the radiomic model and is presented in
Fig. 5. The ACC, sensitivity, specificity, PPV, and NPV of the three
models for the primary and validation cohorts are shown in Table 3.
The Delong test showed that the radiomic model and radiomic sig-
nature performed significantly better than the TMD, but there was no
significant difference between the radiomic model and radiomic sig-
nature.

Furthermore, a calibration curve for treatment response according
to the radiomic model demonstrated good agreement between ob-
servations and predictions in both the primary (p= 0.10, Fig. 6A) and
validation cohorts (p= 0.29, Fig. 6B). The Hosmer-Lemeshow test
showed no statistical significance, indicating no significant departure
from a perfect fit.

Good discrimination and good calibration were observed with the
radiomic model, with the results showing that it predicted the treat-
ment responses of IFPA patients more accurately than the clinical fea-
tures model.

3.5. Clinical usefulness of the radiomic model

The decision curve analysis for the radiomic model is shown in
Fig. 6C-D. The radiomic model offered a net benefit over presumption
of remission or non-remission at a threshold probability> 13% in the
primary cohort and> 25% in the validation cohort, thereby indicating
that the radiomic model is clinically useful. The decision curve showed
a relatively good performance for this radiomic model in terms of
clinical application, and the use of this model to predict remission
showed advantages over assuming either all patients would achieve
remission, or none would achieve remission.

4. Discussion

In the present study, we developed and validated a radiomic model
using a radiomic signature and clinical features for the preoperative
individualized prediction of treatment response in patients with IFPA.
This radiomic model showed favorable discrimination and calibration,
and provides an effective non-invasive tool for deciding on individual
treatment strategies in patients with IFPA.

IFPAs have lower postoperative remission rates than other pituitary
adenomas, with the main factor hindering remission being the presence
of cavernous sinus invasion. Unlike non-functioning pituitary ade-
nomas, even a small residual IFPA tumor portion left in place can lead
to the continuous hypersecretion of the corresponding hormone, and
the patient’s symptoms will persist [6]. An increase in GH levels can
cause cardiovascular and cerebrovascular diseases, and GH-secreting
IFPAs carry a mortality rate at least twice as high as in the general
population [29]. The chronic hypercortisolism caused by ACTH-se-
creting IFPAs can lead to serious complications and death, with a re-
ported four-fold increased risk of mortality [30]. Therefore, in addition
to the mass effect caused by the tumor size, IFPA patients may need
individualized treatment for symptomatic elevated serum hormone le-
vels.

At present, the need for preoperative adjuvant treatments for IFPA is
subject to some controversy [31]. Some studies have shown that the
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long-term preoperative application of somatostatin analogs (SSA) can
improve the surgical curative rate of invasive GH-secreting IFPAs [32].
However, other scholars do not recommend the routine use of pre-
operative SSA for the improvement of postoperative remission rate
[17,33]. It is currently considered that for IFPA patients with a pre-
operative prediction of a poor treatment response, preoperative ad-
juvant therapy can be performed to achieve optimal surgical conditions
and improve the surgical outcome and patient’s quality of life [7].

Considering the above findings, accurate preoperative prediction
can change individualized treatment strategies and provide a basis for
judging whether preoperative adjuvant therapy is needed. However,
there has been no relevant study to predict the treatment response and
prognosis of IFPA before surgery. Therefore, there is an urgent need for
a more effective and widely applicable preoperative prediction method.
Recently, the field of radiomics has undergone rapid development, with
radiomic approaches having been used in the diagnosis or prognosis of
multiple cancer types [34–37]. A radiomic model established by Zhang
et al. showed good performance in predicting NFPA subtypes before
surgery, indicating that radiomic methods have good potential for the
preoperative diagnosis of pituitary adenomas [38]. Furthermore, Niu
et al. demonstrated that the radiomic method may be helpful in pre-
dicting cavernous sinus invasion before pituitary adenoma surgery
[39]. These studies suggest that the use of radiomic analysis is very
effective in pituitary adenomas. Therefore, through the radiomic ap-
proach outlined in this study, we aimed to predict the treatment re-
sponses of IFPAs before surgery.

Thus, we first constructed a radiomic signature consisting of seven
selected features and showed that this radiomic signature could suc-
cessfully categorize remission and non-remission IFPA patients.
Consistent with a previous radiomic study of non-functioning pituitary
adenomas [39], all the included features were selected from CE-T1
images. This may be explained by the fact that each slice image of the
CE-T1 acquisition has high resolution, and the contrast difference be-
tween normal and tumor tissues will increase after injection of contrast
agent [40,41]. Secondly, we incorporated Knosp grade into a radiomic
model along with the radiomic signature. Encouragingly, the radiomic
model yielded an AUC of 0.832 in the primary cohort and 0.811 in the
validation cohort, and showed favorable calibration and discrimination.
Therefore, the model could help clinicians predict treatment response
before operation.

We believe that this study on the development of a radiomic model
for the preoperative prediction of treatment response in patients with
IFPA offers several advantages. First, because of the generally lower
proportion and higher hazard of IFPAs in comparison with PAs in
general, the 163 eligible IFPA patients with complete clinical in-
formation and follow-up data present a valuable resource. Second,
compared with a prior postoperative retrospective study of treatment
response-related clinical risk factors for IFPAs, this radiomics-based
preoperative prediction model containing clinical and imaging features
was more effective and widely applicable. Third, compared with a prior
MRI texture analysis [10], we extracted higher-dimensional features
from the MRI images for the development of the radiomic signature,
and the resulting radiomic signature more effectively revealed the
heterogeneity of the IFPAs. Moreover, the radiomic signature was more
reliable because the MRI images used to develop it were stored digitally
and did not suffer from any degradation. Thus, our radiomic model may
serve as a non-invasive tool for the preoperative prediction of treatment
response in IFPA patients.

Our study has some limitations. This is a single center study, and
although we divided patients into primary and validation cohorts based
on the patients’ surgical dates, the model may behave differently if a
multicenter dataset with different parameters is used. Additionally,
more data and patients from multiple centers could be used to validate
the robustness and repeatability of our radiomic model. Moreover, the
results of the Delong test showed that there was no significant differ-
ence between the radiomic model and radiomic signature, with the

specificity of the radiomic model on the validation cohort being 91.7%;
thus the radiomic model can be reliably used to determine the patients
who can achieve postoperative remission. Because of the low sensitivity
of the radiomic model and the high sensitivity of the radiomic sig-
nature, the radiomic signature is more suitable for identifying patients
who are unlikely to achieve remission. Finally, radiomics can be com-
plementary to transcriptomics, genomics, and proteomics, which could
all be combined to build a more accurate predictive model.

In conclusion, this study focused on the preoperative prediction of
treatment response in patients with IFPAs, and developed and validated
a radiomic model incorporating an MRI-based radiomic signature and
clinical features. The radiomic model can serve as an effective non-
invasive approach to predict treatment response and can help to de-
termine individual treatment strategies for patients with IFPAs.
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