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Abstract

Pituitary neuroendocrine tumor (PitNET) aggressiveness critically affects treatment and
prognosis, yet reliable noninvasive preoperative tools remain lacking. We developed a deep
learning radiomics (DLR) model integrating automatic segmentation, feature extraction,
selection, and DLR score computation, trained on the training cohort and validated on the
remaining cohorts (total n=1,089 from three medical centers). Using nnUnet and a fine-
tuned Swin Transformer, 13 key features were identified to construct the model. The DLR
score demonstrated strong correlation with Knosp and Hardy-Wilson invasion
classifications, while outperforming them in predicting recurrence and indicating
aggressive pathological markers (Ki-67, p53, macrophages) and revealing biological
pathways (MAPK, TGF-B). The model was further implemented into an online platform,
enabling clinical deployment. This noninvasive preoperative approach provides a robust
imaging biomarker for identifying and evaluating PitNET aggressiveness and may support

individualized treatment strategies.

Keywords: aggressive behaviors; pituitary neuroendocrine tumors; deep learning;

radiomics; MRI; multi-omics



10

11

12

13

14

15

16

17

18

Introduction

Pituitary neuroendocrine tumor (PitNET), also known as pituitary adenoma, accounts for
10%-20% of all intracranial tumors, with a reported prevalence of approximately 70-100
cases per 100,000 individuals®?. Although PitNET is considered benign, over 40% of cases
exhibit an invasive tumor during development®. The treatment of invasive PitNET is
challenging due to difficulties related to complete surgical resection, which has contributed

to rapid recurrence and the need for multiple-line treatments®.

Knosp and Hardy-Wilson (Hardy) classifications were developed last century to assess
PitNET invasion by region (lateral or superior/inferior) (Fig. 1a), and guide clinical
management®8, but have limited biological relevance®!. Recently, the WHO and
European Society of Endocrinology (ESE) introduced the concept of aggressive pituitary
tumors (APTSs), characterized by invasion, rapid growth, recurrence, pathological changes

(Ki-67, mitotic count, p53), and treatment resistance!2*3,

Aggressive pituitary tumors (APTs) show multiply recurrent and treatment refractoriness
than non-aggressive lesions, often necessitating personalized management. Preoperative
risk identification can guide early referral to high-volume pituitary centers, selection of
multimodal therapy, and intensified surveillance?. In refractory or multiply recurrent APTs,

postoperative management often requires combined-modality therapy—including
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radiotherapy, alkylating chemotherapy such as temozolomide (TMZ), and
immunotherapy'#*°. Accordingly, early identification and evaluation of aggressive tumor

behavior can support more precise treatment selection and guide clinical decision-making.

Current studies on aggressive behaviors mostly rely on surgical specimens to examine
molecular markers via immunohistochemistry (IHC) or second-generation sequencing®.
Yet no effective tool or widely accepted biomarker exists for early identification and
evaluation. Specimen-based methods preclude preoperative evaluation of tumor
aggressiveness, hindering personalized treatment planning. Thus, developing broadly
applicable preoperative approaches for identifying and evaluating aggressive behaviors is

essentiall’.

Recent key algorithmic breakthroughs have markedly advanced MRI data processing and
the extraction of more integrated information!®!®, thereby enabling downstream tasks
based on MRI-derived features, including the evaluation of therapeutic response?®?t, tumor
recurrence??, and molecular markers®24 in brain tumors. In particular, MRI-based studies
also feature non-invasiveness prior to surgery—this characteristic not only offers
convenience for operation and ease of application, but also alleviates the economic burden

on patients to a certain extent.
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Herein, a large number of PitNETs with multi-omics data, such as MRI, IHC, and
transcriptome data, were collected. We applied a deep learning approach based on MRI
images to identify and evaluate the aggressiveness of PitNETS, including correlating with
Knosp and Hardy invasion classification, predicting tumor recurrence, and indicating
aggressive pathology markers as well as revealing aggressive biological processes (BP)

(Fig. 1b and 1c).

Results

Patient characteristics

In total, 1089 PitNETs were enrolled in this study. The detailed workflow of cohort
collection and exclusion is summarized in Fig. 1b. Table 1 presents the characteristics of
the PitNETSs in the training cohort, independent test cohort, external test cohort and
prospective test cohort. Age, gender, Knosp and Hardy classifications showed no
significant differences across cohorts, while initial symptoms, surgical approach and IHC

characteristics significantly varied.

Deep learning radiomics model construction

After tumor segmentation and fine-tuning of the deep network for feature extraction

(detailed results are provided in Supplementary Tables 1-2 and Supplementary Figures
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1-2), a total of 2304 (768x3) deep learning features (DLFs) were extracted from three
regions of interest (ROIs) per patient (Fig. 1d). After feature selection, and the deep
learning radiomics (DLR) model was established by weighting each selected feature using
its estimated regression coefficient in the multivariable logistic regression analysis. The
resulting DLR model was constructed by 13 DLFs (denoted as f1-f13). The detailed
screening results of DLFs are provided in Supplementary Data 1. The DLR score was
calculated as follows: DLR score = (f1 x 1.35) + (f2 x 0.03) + (f3 x -0.54) + (f4 x -0.40) +
(f5 x 0.71) + (f6 x -0.59) + (f7 x -0.13) + (f8 x -0.26) + (f9 x 0.77) + (f10 x -0.90) + (f11

x 1.42) + (f12 x -0.01) +(f13 x -0.53).

DLR model correlates with PitNET invasion

The Spearman rho correlation coefficient between the DLR score and Knosp classification
was 0.640, 0.566, 0.632, 0.725 in the training cohort, independent test cohort, external test
cohort and prospective test cohort (Fig. 2a), respectively. Similarly, the Kendall tau
correlation coefficient between the DLR score and Hardy classification was 0.387, 0.344,
0.343, 0.491 in these four cohorts (Fig. 2b). These results demonstrated significant positive
correlations between the DLR score and Knosp or Hardy classification in the four cohorts,

highlighting the consistency of the DLR score with the categorical invasion classifications.

DLR model predicts PitNET recurrence
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We then evaluated the ability of the DLR model to predict tumor recurrence in PitNETS.
Using the training cohort median DLR score as a prespecified cutoff, Kaplan—Meier (KM)
analyses demonstrated consistent and statistically significant stratification of progression-
free survival (PFS) between the low- and high-DLR groups across all cohorts (P < 0.05)

(Fig. 3a).

Next, we further performed subgroup KM and Cox regression analysis adjusting for
features to ensure the robustness and reliability of DLR model. Of note, DLR score is a
great predictor of tumor recurrence within almost different subgroups of patients stratified
by various risk factors (Supplementary Figures 3-6). Cox regression analysis also
identified DLR score as an independent prognostic factor for predicting tumor recurrence

compared with other risk factors (Fig. 3b).

DLR model indicates aggressive pathology markers

Pathology markers are essential components in determining aggressive behaviors. The
DLR score showed a strong association with Ki67 index in the training, independent test
cohort, external test cohort and prospective test cohort based on pathological reports (Fig.
4a). In the prospective test cohort, IHC results similarly demonstrated that the DLR score
differed significantly between tumors with low and high Ki-67 index. (Fig. 4b). To

eliminate the potential confounding effects of Knosp and Hardy classifications, we
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explored the relationship between the DLR score and Ki-67 index within their respective
subgroups. The findings were consistent with the overall results, indicating that the
association between the DLR score and Ki-67 index is stable (Supplementary Figure 7).
Meanwhile, we further explored the relationship between another pathological marker, p53,
and the DLR score. The results similarly showed that tumors with a high DLR score tended

to have a higher p53 index (Fig. 4c).

Recent studies have indicated that low levels of macrophages within tumors are associated
with aggressiveness®. Consistently, in both the prospective test cohort and the
radiogenomic dataset, we also found that the DLR score was significantly negatively
correlated with macrophage biomarkers and infiltration levels at the transcriptomic,
proteomic, and cellular levels derived from transcriptomic data using the ImmucCellAl
algorithm?®, suggesting that higher DLR scores reflect lower macrophage levels in the
tumor, which may be associated with a greater likelihood of aggressive behaviors (Fig. 4d

and Supplementary Figure 8).

DLR model reveals aggressive biological processes

The relationship between the DLR score and aggressive BPs was evaluated in the
radiogenomics dataset. Differential expression analysis was performed separately within

each cluster, comparing samples with high and low DLR scores (Fig. 5a). Based on the
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differentially expressed genes, GO analysis revealed enrichment of MAPK signaling
pathway, Calcium signaling pathway, TGF-beta signaling pathway, lipid metabolism-
related processes and so on in high DLR score group (Fig. 5b). Dysregulated lipid
metabolism has been linked to aggressive behaviors in a previous study?’. In addition, cell
adhesion, inflammatory response, etc., were enriched in low DLR score group (Fig. 5c).
Furthermore, we explored the relationship between the 13 DLFs (f1-f13) and the BPs. The
gene set variation analysis (GSVA) and GO analysis categorized the 13 DLFs into four
types related to BPs: proliferation (f1, f4, £8), cellular process (f2, 3, f7), immune (f5, 6,
10, f13), and metabolism (f9, f11, f12) (Fig. 5d, Supplementary Data 2). Overall, the
DLR model and relevant DLFs exhibited significant correlations with biological
characteristics, providing indications for pathological markers, immune cell, and
aggressive BPs. However, invasion classifications (Knosp, Hardy) poorly indicate
biological traits, showing weak links to Ki67 index, macrophages, or aggressive BPs, aside
from p53 expression. This highlights one of the advantages of the DLR model in evaluating

aggressive behaviors over Knosp and Hardy classifications (Supplementary Figure 9).

The deep learning approach is integrated into an online platform

To facilitate the identification and evaluation of aggressive behaviors, we have
incorporated our developed approach into an online platform that offers end-to-end

services (https://mridlr.com/). The training cohort, independent test cohort, external test
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cohort and prospective test cohort have been combined into a reference database. MRI
images to be analyzed are uploaded to the platform, where backend processing generates

the DLR score. These are then compared with the databases to obtain evaluation outcomes

(Fig. 6).

Discussion

In this study, we applied a weakly supervised learning strategy based on invasion-related
labels, integrated with deep and transfer learning, to construct a model for evaluating
aggressive behavior in 1,089 PitNETs. The model achieved robust performance in
correlating invasiveness, predicting recurrence, indicating aggressive pathological markers,
and revealing aggressive BPs (Table 2). To facilitate clinical use, we developed an end-to-
end web platform that streamlined the workflow and enabled preoperative aggressiveness
scoring. Patients with high DLR scores, reflecting higher recurrence risk and proliferative
activity, may be referred to neurosurgical centers with skull base expertise, while clinicians
can consider extended resection strategies to maximize tumor removal. Collectively, this
work provides practical tools and evidence for the clinical decision-making and

management of aggressive PitNETS.

Aggressiveness is a comprehensive concept involving radiological features, treatment

response, prognosis, and biological characteristics. Its assessment is complex and
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challenging!’, as no gold standard or widely accepted clinical biomarker exists. For
example, Li et al. identified SF3B1 mutations via genomic sequencing, linking them to
therapy resistance and recurrence, and defined them as aggressiveness markers?®. Similarly,
Yan et al. discovered a novel epithelial subpopulation with aggressive signatures using
single-cell sequencing; PBK was associated with recurrence and defined as a biomarker of
aggressive behaviors?®. A detailed summary of related studies is in the Supplementary
Table 3. Each study proposes its own biomarker, making standardization difficult. Most
focus on limited aspects, such as invasion and recurrence, and rely on costly approaches

unsuitable for widespread or preoperative use.

Therefore, we propose a novel approach integrating MRI with deep learning radiomics to
identify aggressive PitNETs and evaluate as many aggressive behaviors as possible based
on large cohorts. Following the classic radiomics framework3%3!, the first step is to define
aggressive PitNETSs using a gold standard, then develop a supervised model mapping MRI
features to these labels. However, no reliable or widely validated gold standard or
biomarker exists for aggressiveness. Therefore, we integrated weakly supervised invasive
labels based on Knosp and Hardy classifications with MRI deep learning to derive a DLR
score for evaluating aggressive behaviors. Our findings demonstrate that the DLR model
not only correlates with invasion classifications but also effectively predicts prognosis and

accurately indicates pathological markers (Ki-67, p53, macrophage) and aggressive
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biological processes. This suggests that the DLR model goes beyond invasiveness and can
effectively evaluate PitNET aggressiveness, representing a transition from anatomical

invasion assessment to biological aggressiveness evaluation.

The DLR model outperforms invasion classifications in evaluating PitNET aggressiveness
for two key reasons. First, invasion (Knosp and Hardy) classifications rely on visual
assessment of tumor relations to structures like the internal carotid arteries and optic chiasm,
whereas the DLR model integrates these along with tumor size, shape, and MRI signal
intensities. Second, its deep learning framework extracts high-dimensional data and
captures more comprehensive information beyond the classifications, similar to the

emergent abilities seen in large language models.

Our study has several limitations. Although our study assessed many aspects of the
aggressive behaviors of PitNETS, it did not fully encompass all relevant features, such as
response to medical therapy and tumor growth rate. Second, in predicting tumor recurrence,
the DLR score demonstrated robust performance and independent predictive value.
However, in certain subgroup analysis for recurrence prediction, a lack of statistically
significant differences was observed. A larger dataset needs to be collected, and potential
confounding factors require further investigation. Third, because available tumor tissue
specimens were required in the prospective test cohort, patients were excluded if specimens

were not enough for IHC analysis. This exclusion might potentially bias the study results,
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although no significant difference was observed in many characteristics including age,

gender, Knosp grade, and Hardy grade among these cohorts.

In conclusion, we have developed a noninvasive and preoperative deep learning approach
for the identification and evaluation of aggressive behaviors in PitNETs based on MRI
images. This approach demonstrates excellent performance in evaluating aggressive
behaviors of correlating with invasion, predicting recurrence, and indicating biological
characteristics, which provides an effective tool for therapeutic decision-making in

aggressive PitNETSs.

Methods

Data acquisition and study design

This study was approved by the Institutional Review Boards (IRB) of Beijing Tiantan
Hospital, Capital Medical University; the First Affiliated Hospital of Zhengzhou
University; and Beijing Luhe Hospital, Capital Medical University (approval numbers:
KY?2020-148-02, 2019-KY-176, and KY2022-155-01). The study was conducted in
accordance with the World Medical Association Declaration of Helsinki. For the
retrospective cohort, the requirement for informed consent was waived by the IRBs
because the data were fully de-identified prior to analysis. Written informed consent was

obtained from participants who contributed transcriptomic data and from all individuals
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enrolled in the prospective cohort. Reporting follows the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD)

guidelines.

Patients diagnosed with PitNET who underwent preoperative MRI between January 2012
and December 2021 were retrospectively and prospectively enrolled. Four cohorts were
collected: training (n=663), independent test (n=172), and prospective test (n=49) from
medical center 1 (Beijing Tiantan Hospital, Beijing, China); and external test (n=175 from
medical center 2, The First Affiliated Hospital of Zhengzhou University, Zhengzhou,
China; n=20 from medical center 3, Beijing Luhe Hospital, Beijing, China) (Table 1). The
training cohort included 106 patients with transcriptomic data, which formed a
radiogenomic dataset for exploring the association between the model and underlying
biological processes. The detailed collection process is shown in Supplementary Figure
10. Data included MRI data, clinicopathologic data (age, gender, symptoms, transcription
factors, hormones, Ki-67), transcriptomics, tumor specimens, postoperative extent of
resection, and follow-up. Transcriptomic data for the radiogenomic dataset were obtained
via second-generation sequencing. Paraffin-embedded tissue was used for IHC in the
prospective test cohort. The model was built using Python 3.8.5 and PyTorch 1.10.2 on a
server with Platinum82 (80 vCPUs, 2.5 GHz) and two NVIDIA Tesla V100 SXM2 GPUs

(CentOS 7.8).
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MRI images acquisition and processing

All MRI were acquired on 1.5T and 3.0T MRI scanners with 24-channel head matrix coils
(Magnetom Skyra or Trio TIM, Siemens Healthcare, or Discovery MR 750, GE). The brain
imaging protocol included the following sequences: (1) T1-weighted imaging (T1W); (2)
T2-weighted imaging (T2W); (3) contrast-enhanced T1-weighted imaging (T1C). T1C
sequences were acquired immediately after intravenous administration of gadolinium-
based contrast agent at a dose of a 0.1 mmol per kilogram with the same parameters as the
precontrast T1 sequence. Prior foundational studies have demonstrated that rigorous
preprocessing of MRI data enhances image quality and improves downstream task
performance®?33, With reference to prior work, we implemented a standardized
preprocessing pipeline to reduce inter-patient intensity and geometric variability. First, the
non-uniformity in low-frequency intensity was adjusted via the N4 bias correction
algorithm, as implemented in the Advanced Normalization Tools (ANTSs). Second, the
image data were subjected to reorientation to the left posterior-superior (LPS) coordinate
system. Third, all voxels were resampled to into 1x1x1mm? using bicubic interpolation.
Next, rigid registration was performed to align the three MR sequences using axial

resampled T1C as a template.

Assignment of Knosp and Hardy grades on preoperative MRI
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The Knosp and Hardy labels were assigned based on preoperative MRI. Two experienced
readers, blinded to surgery, pathology, and outcomes, independently graded all pre-
operative MRIs. Coronal T1C images were the primary sequence for cavernous-sinus
assessment, with axial/sagittal T1C and T2 as adjuncts. Knosp grades (0—4) were assigned
using the intracavernous ICA tangent-line method. Hardy/Hardy—Wilson grading included
sellar floor destruction (0—IV) and extrasellar extension (A-E)®34°, Disagreements were
resolved by consensus with a senior reviewer. Given the small number of Knosp 0 grade
PIitNET samples (16 cases in the training cohort, 3 cases in the radiogenomics dataset, 5
cases in the independent test cohort, 10 cases in the external test cohort, and 0 cases in the
prospective test cohort), this subgroup was combined with Knosp 1 grade samples for

further analysis.

Assessment of progression-free survival and postoperative residual tumor

PFS was defined from date of the first surgical resection to the date of tumor progression,
or/and hormonal recurrence during the follow-up. In that, tumor progression was defined
as significant enlargement (>2 mm in any direction) of the tumor remnants or the
appearance of new masses detected by MRI during the follow-up. Hormonal recurrence
based on lab testing was defined the level of serum hormonal markedly increases again
when PitNETS reached a state of hormonal decrease after the first surgical resection. There

are three detailed conditions as follows: (1). significant enlargement (>2 mm in any
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direction) of the residual tumor after incomplete resection (Supplementary Figure 11a);
(2). the appearance of new masses after complete resection with no residual tumor on MRI
during the follow-up (Supplementary Figure 11b); (3). hormonal recurrence even if the

residual tumors are stable (Supplementary Figure 11c).

Differentiation of postoperative residual PitNETs primarily involves distinguishing
residual tumor from postoperative hematoma. There are three main methods to differentiate
hematoma from residual tumor. Hematoma on the first postoperative MRI (day 3) appears
hyperintense on T1W, hypointense on T2W, shows no enhancement on contrast-enhanced
T1W, and has an irregular shape. Residual PitNET tumor shows MRI signals like the
preoperative tumor and often represents part of the original tumor on preoperative MRI. If
differentiation remains uncertain, we reassess with contrast-enhanced MRI at 3 months

postoperatively.

RNA sequencing and immunohistochemistry

Total RNA was extracted from surgical fresh-frozen specimens using RNAiso Plus
(TaKaRa, Dalian, China). RNA quantity and integrity were assessed, index-coded libraries
were constructed, and samples were sequenced on an Illumina HiSeq 3000 platform to

generate 150 bp paired-end reads. Read quality was checked with FastQC, clean reads were
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aligned to the reference genome using STAR, and gene expression was quantified with

HTSeq (v0.6.0) as fragments per kilobase of transcript per million mapped reads (FPKM).

For immunohistochemistry, fresh tissue was fixed for >24 h, processed through graded
alcohols, embedded in paraffin, and sectioned at 4 um. After deparaffinization and
rehydration, sections were incubated overnight at 4°C with primary antibodies against Ki67
(ZSGB-BIO, ZM-0166), p53 (ZSGB-BIO, ZM-0408), and CD68 (ZSGB-BI10, ZM-0060),
followed by the appropriate secondary antibody (ZSGB-BIO, PV-9002) for 1 h at room
temperature. Staining was visualized with DAB and counterstained with hematoxylin.
Quantitative evaluation was performed on the whole-section area, and the percentages of

Ki67- and CD68-positive cells and the immunoreactive score (IRS) of p53 were calculated.

Tumor segmentation

Tumor masks on T1C images were delineated by an experienced neuro-radiologist using
ITK-SNAP and manually verified by another radiologist blinded to patient data.
Discrepancies were resolved by consensus. A total of 234 PitNET masks formed the
training dataset. Three 3D deep learning models—nnUnet, nnFormer, and Unet—were
trained on this dataset using the Dice coefficient for optimization, with 5-fold cross-
validation applied. The optimal model, based on Dice scores, was used for automatic

segmentation of remaining cases (Supplementary Figure 2). Resulting masks were
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reviewed and adjusted by two radiologists, then applied to TIW and T2W images after

careful evaluation and modifications.

Fine-tuned deep network for feature extraction

First, the data were adapted to match the input format of the deep network by converting
3D MRI images into three-channel 2D slices for analysis, selecting three axial cross-
sections for each modality (T1W, T2W, and T1C), consisting of the center slice containing
the carotid artery and the adjacent + 2 slices (Fig. 1c). Second, the slices were cropped,
resized to 224x224 pixels, normalized, and reconstituted as three-channel RGB-like
images, thereby constructing the ROIs for each patient, namely ROI1, ROI2, and ROI3.
Next, the three ROIs (ROI1, ROI2, ROI3) from each patient were treated as individual
samples, each inheriting the patient-level weak label, and were then input into the deep
learning classification models. Third, these ROIs were input into ResNet50, Vision
Transformer, and Swin Transformer models pretrained on ImageNet, with parameters fine-

tuned using cross-entropy loss.

The weakly supervised label was invasion type based on Knosp and Hardy classification.
To ensure that the weakly supervised invasion labels more closely capture aggressiveness,
we adopted stricter invasion criteria compared with previous studies®3®. Specifically,

PitNETS classified as Knosp grade 1 and Hardy grades I, 11, and/or stages A, B, and C were
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categorized as non-invasive, whereas those classified as Knosp grade IV and Hardy grades
I11, 1V, and/or stages D and E were deemed invasive. Thus, a total of 346 PitNETs with
other grades such as Knosp 2 or 3 were not used as training samples. Finally, a total of 118
were invasive PitNETS as positive label, and 199 were not invasive samples as negative
label in the training cohort. 85% of labeled cases formed the training dataset, and 15% were
reserved for testing. The Adam optimizer was used, with hyperparameters selected based
on overfitting and underfitting assessments. The best-performing model was used to extract

DLFs.

As a result, three deep learning frameworks (Resnet50, Vision transformer, and Swin
transformer) were employed for the classification of PitNET invasion, among which the
transfer-learning Swin transformer (TLST) achieved the best performance. We then tested
the TLST of hyperparameters including type, learning rate, and batch size, revealing that
the best sets were small, 0.0005, and 128, respectively (Supplementary Figure 1,
Supplementary Figure 2f, Supplementary Tables 1-2). The confusion matrices showed
that PitNETs were highly accurately classified (Supplementary Figure 2g). Thus, TLST
with the above hyperparameters was selected as the tumor classification model to extract

DLFs.

DLFs selection and DLR signature building
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Considering the downstream analysis, the processed three ROIs of each patient in this study
were fed into the tumor classification model, and the DLFs of the penultimate layer were
extracted. Z-score method was employed to normalize all the features into a standardized

value range within each cohort separately.

Feature selection methods including t-test, mutual information, recursive feature
elimination, and LASSO were employed to identify DLFs correlated with tumor aggression.
First, t-test and mutual information (MI) method were employed for feature selection. Only
features with MI value greater than the pre-defined threshold values were chosen.
According to the pre-experiment, the threshold values were considered as hyperparameters
and set at 0.1, 0.15, 0.2, 0.25. Next, because the number of deep learning features was
relatively large when compared with the number of patients, we applied recursive feature
elimination (RFE) and least absolute shrinkage and selection operator (LASSO) to select
the most significant and representative features. A RFE algorithm was used for feature
selection. The RFE algorithm method attempts to find the best subset of size ¢ through a
greedy backward selection. Similarly, ¢ was also considered a hyperparameter and set at
10, 15, 20, 25. LASSO involves penalizing irrelevant variables to zero and only retains
useful features, therefore effectively reducing the number of variables. To provide robust
generalized performance of a model that best fits the observed data, five-fold cross-

validation was performed using default parameters. Next, multivariable logistic regression
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analysis was conducted to build the deep learning radiomic model (DLR model) based on
the screened features by the methods above. In this study, except for MI value and o, the
other parameters were chosen by default. The hyperparameter selection of the two values
above was determined by the discrimination between positive and negative label of the
multivariable logistic regression analysis. In the end, the hyperparameters for the Ml value

and o were set at 0.2 and 20, respectively, and were optimized for the best performance.

Overall, a multivariable logistic regression analysis was conducted to build a DLR model
and calculate DLR scores for each patient. The DLR scores were ranked, and cases were
dichotomized into high and low groups using the median DLR score as the cutoff for
subsequent analyses. The cut-off values from the training cohort were then applied to other

cohorts.

Radiogenomics studies

In the radiogenomic dataset, patients from the radiogenomic dataset were divided into
subgroups by unsupervised clustering for further differential analysis. Consensus
clustering was performed to identify transcriptome clusters of PitNETs using the
ConsensusClusterPlus package. The top 1500 most variable genes were selected, based on
their standard deviation. Parameters were reps=1000, pFeature = 0.8, pltem = 0.8,

clusterAlg = “hc”, distance = “spearman” in the range of 2 to 10 clusters. The consensus
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matrix of k = 3 clusters was shown in our study (Supplementary Figure 12a). The delta
plot of the relative change in the area under the cumulative distribution function (CDF)
curve was calculated to estimate the average pairwise consensus matrix within consensus
clusters (Supplementary Figure 12b-12c). We then determined the consensus matrix of
k = 3 as the best solution for clustering as it presents the most separated clusters compared
with other k values. Through unsupervised consensus clustering, the radiogenomics dataset
was divided into three cell lineages clusters: SF1, TPIT, and PIT1 (Supplementary Figure
12). The composition of three transcription factor (TF) clusters is detailed in

Supplementary Table 4.

PitNETSs typically show cytodifferentiation toward one of three pituitary TF-defined
lineages: SF1, TPIT or PIT1. To minimize confounding from lineage differences®®,
differential analysis were performed within each TF subgroup, comparing high vs. low
DLR scores, Knosp grades 3-4 vs. 1-2, and Hardy invasion vs. non-invasion. Enrichment
analysis was conducted to further clarify biological processes related to the intersection of
all differential genes using Gene Ontology (GO) and KEGG tools via the Metascape
database and R package “clusterProfiler” (q < 0.05). Finally, GSVA and GO were used to
annotate the biological relevance of DLR features, identifying significant pathway

associations (P < 0.05) and confirming enrichment reliability (g < 0.05).

Statistical analysis
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Statistical analysis was performed using R 3.5.0 and Python 3.8.5. Categorical and
continuous variables were analyzed with Fisher’s exact test, Chi-square test, t-test, or
Mann-Whitney U test. Spearman and Kendall correlation evaluated variable concordance.
Kaplan-Meier survival analysis employed log-rank tests, and P < 0.05 indicated

significance.
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Table 1. Baseline Characteristics of the Cohorts

Training Independent test External test Prospective test P value
Characteristics cohort (n = 663) cohort (n =172) cohort (n = 205) cohort (n = 49)
Aage (yrs) 47.9+£12.22 47.65+11.98 47.33£12.85 47.80+11.04 0.949
Gender
female 324 (48.9%) 77 (44.8%) 106 (51.7%) 28 (57.1%) 0.361
male 339 (51.1%) 95 (55.2%) 99 (48.3%) 21 (42.9%)
Initial symptoms
headache 184 (27.8%) 51 (29.7%) 65 (31.7%) 8 (16.3%) 0.004
acromegaly 71 (10.7%) 10 (5.8%) 14 (6.8%) 2 (4.1%)
vision deficits 237 (35.7%) 63 (36.6%) 56 (27.4%) 19 (38.8%)
others 171 (25.8%) 48 (27.9%) 70 (34.1%) 20 (40.8%)
Knosp
1 205 (30.9%) 56 (32.6%) 63 (30.7%) 12 (24.5%) 0.443
2 141 (21.3%) 42 (24.4%) 45 (21.9%) 15 (30.6%)
3 199 (30.0%) 54 (31.4%) 69 (33.7%) 16 (32.7%)
4 118 (17.8%) 20 (11.6%) 28 (13.7%) 6 (12.2%)
Hardy-Wilson
No-Inv 505 (76.2%) 131 (76.2%) 160 (78.0%) 34 (69.4%) 0.925
Yes-Inv 158 (23.8%) 41 (23.8%) 45 (22.0%) 15 (30.6%)
Surgery approach
MTS 289 (43.6%) 52 (30.2%) 34 (16.6%) 22 (44.9%) <0.001
ETS 270 (40.7%) 99 (57.6%) 160 (78.0%) 19 (38.8%)
TCS 104 (15.7%) 21 (12.2%) 11 (5.4%) 8 (16.3%)
IHC hormone
PRL 245 (38.0%) 30 (17.4%) 66 (32.2%) 12 (24.5%) <0.001
GH 158 (23.8%) 29 (16.9%) 48 (23.4%) 8 (16.3%)
TSH 84 (12.7%) 14 (8.1%) 20 (9.8%) 4 (8.2%)
FSH 193 (29.1%) 38 (22.1%) 58 (28.3%) 23 (46.9%)
LH 37 (5.6%) 9 (5.2%) 32 (15.6%) 36 (73.5%)
ACTH 159 (24.0 %) 24 (14.0%) 39 (19.0%) 10 (20.4%)
NON 138 (20.8%) 73 (42.4%) 54 (26.3%) 3 (6.1%)
Unknown 7 (1.1%) 1 (0.6%) 2 (1.0%) 0 (0.0%)
IHC TF*
PIT1 93 (14.0%) 5 (2.9%) 58 (28.3%) 17 (34.7%) <0.001
TPIT 42 (6.3%) 6 (3.5%) 46 (22.4%) 8 (16.3%)
SF1 82 (12.4%) 13 (7.6%) 44 (21.5%) 34 (69.4%)
NON 1 (0.2%) 0 (0.0%) 3 (1.5%) 0 (0.0%)
Unknown 499 (75.3%) 150 (87.2%) 86 (42.0%) 2 (4.1%)

Invasion (Inv); microscopic transsphenoidal surgery (MTS), endoscopic transsphenoidal surgery (ETS), transcranial surgery
(TCS); #: Many unknowns remain because the transcription factor classification was only formally introduced by the WHO

in 2017, and large-scale clinical applications have only gradually started since 2018.
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Table 2. Summary of different evaluation contents

Evaluation Developed Validation
Cohort
contents model Reference
Training cohort
Correlate with Knosp and Hard Independent test cohort
. . DLR model 'p. . Y P
invasion classification External test cohort
Prospective test cohort
Training cohort
. Follow-up
Predict tumor . . Independent test cohort
DLR model outcomes including
recurrence o External test cohort
three conditions .
Prospective test cohort
Indicate Immunohistochemi  Training cohort
aggressive stry- and Independent test cohort
g9 DLR model Y . . P
pathology transcriptomics External test cohort
markers data Prospective test cohort
Reveal Transcriptomic
biological DLR model P Radiogenomics dataset

characteristics

data

#: Details of three conditions can be found in Supplementary Figure 11.
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Figure legends

Fig. 1 | Overview of our study. (a) The graph shows the normal pituitary gland and
PitNETs with invasion to the lateral, superior, and inferior regions. (b) Patient collection

process of the study. (c) Workflow of our study.

Fig. 2 | The performance of the DLR model in evaluating PitNET invasion. (a-b)
Boxplots showing DLR score distributions by Knosp and Hardy-Wilson classifications

across the four cohorts. No_Inv: non-invasion; Yes_Inv: invasion.

Fig. 3 | The performance of the DLR model in predicting tumor recurrence. (a)
Kaplan-Meier analysis of progression-free survival across the four cohorts. (b)
Multivariate Cox regression analysis of progression-free survival across the four cohorts.
MTS: microscopic transsphenoidal surgery; ETS: endoscopic transsphenoidal surgery;

TCS: transcranial surgery; BL: blood loss.

Fig. 4 | The performance of the DLR model in indicating pathological markers. (a)
Boxplot of DLR score between low- and high Ki67 expression. (b-d) IHC results and
correlations between DLR scores and Ki-67, p53, or CD68 in the prospective test cohort.

Scale bars, 20 pum. No_Inv: non-invasion; Yes_Inv: invasion. Exp: expression.
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Fig. 5 | The performance of the DLR model in revealing aggressive biological
processes. (a) Volcano plots showing differential mMRNA expression between high- and
low-DLR score groups across three transcription factor subgroups (red: upregulated; blue:
downregulated). (b, ¢) Enriched pathways for upregulated (b) and downregulated (c)
MRNAs are shown as red/blue dots. (d) Correlations between DLR features and biological
processes (red: positive; blue: negative) with bar charts showing feature coefficients (red:

positive; blue: negative).

Fig. 6 | Integration of deep learning approach into a web platform for convenient
clinical application. By uploading MRI data, performing computation, and comparing the
results with the database, users can obtain an evaluation of aggressive behaviors and a DLR

score, along with corresponding medical suggestions.



