[bookmark: OLE_LINK7][bookmark: OLE_LINK8]Supplementary Materials
[bookmark: OLE_LINK64]Supplementary Method 1. The pathological diagnosis of GEs and NGGCTs.
Supplementary Method 2. DL model architecture.
Supplementary Method 3. DL model train and test.
Supplementary Method 4. Additional details of DL model evaluation.
Supplementary Method 5. Additional details of statistical analysis.
Supplementary Table 1. Image acquisition parameters of 2D T2-weighted turbo-spin-echo (2D-T2W-TSE) sequence.
Supplementary Table 2. The outputs of five folds in the retrospective internal test dataset. 
Supplementary Table 3. Output of DL model trained on multimodal MR images in different datasets.
Supplementary Table 4. Assessing the performance of the DL model in stratified datasets based on clinical features.
Supplementary Table 5. The AUC and the improvement rate of six neuroradiologists with and without referring to the DL model output in different datasets.
Supplementary Table 6. The Kappa coefficients and the improvement rate of six neuroradiologists with and without referring to the DL model output in different datasets.
Supplementary Figure 1. The scanner information of development set.
Supplementary Figure 2. The train phase and testing phase of the DL model.
Supplementary Figure 3. Details of the 3D nnU-Net for the tumor segmentation model.
Supplementary Figure 4. Details of the 3D nnU-Net for the tumor differentiation model.
Supplementary Figure 5. A. The receiver operating characteristic (ROC) curves of using demographic data, tumor marker levels, and conventional MR features, combination of clinical information (multivariate logistic regression model), iGNet output, and the model performance in the retrospective test dataset. B. The ROC curves of DL modal using T2W, T1W, CE-T1W images and T2W images in the retrospective test dataset. C. The iGNet performance on tumors at different locations in the retrospective test dataset.
[bookmark: OLE_LINK9]Supplementary Figure 6. The degree of reliance on the iGNet outputs of six neuroradiologists.
Supplementary Figure 7. Distinct MR images findings of intracranial germ cell tumors (iGCTs) in the basal ganglia. A. Patient 1 was diagnosed with germinoma (GE) via biopsy, with T2W images revealing a patchy hyperintense lesion with blurred boundaries. B. Patient 2 was diagnosed with non-germinomatous germ cell tumor (NGGCT) via resection, with T1W images showing a heterogeneous-intensity tumor in the left basal ganglia, accompanied by necrosis and fluid-fluid level. Contrast-enhanced T1W images highlighted patchy hyperintensity in the tumor with obvious enhancement. 


Supplementary Method 1. The pathological diagnosis of GEs and NGGCTs. 
All surgical and biopsy specimens were fixed in 10% formalin, embedded in paraffin, and sectioned at 5 μm for conventional microscopic studies of tumor tissue samples. Tumor sections were immunohistochemically stained using the peroxidase-anti peroxidase method [1]. The antisera used were carcinoembryonic antigen (CEA), human chorionic gonadotropin (HCG), cytokeratin (CK), alpha-fetoprotein (AFP), placental alkaline phosphatase (PLAP), epithelial membrane antigen (EMA), and glial fibrillary acidic protein (GFAP).

The germinomas (GEs) examined showed a characteristic pattern of large cells with a central nucleus and prominent nucleolus. In most cases, the nucleolus arrangement in the cells resembled the patterns of Chinese characters. There was a striking variability in the amount of glycogen present. The PLAP, CD117, and OCT3/4 were highly expressed in germinomas.

In the subtypes of non-germinomatous germ cell tumors (NGGCTs), the yolk sac tumors exhibited epithelial components organized in trabecular and solid patterns, including epithelial components, organizing in trabecular and solid patterns composed of polygonal cells with wide eosinophilic cytoplasm and undifferentiated stromal components. The choriocarcinoma cells were sparse and associated with extensive hemorrhage within the tumor. The AFP- and β-HCG-positive staining are characteristic of yolk sac tumors and choriocarcinoma, respectively. In the teratomas, the ducts lined with squamous epithelium and cysts lined with columnar epithelium were positive for CK AE1/ AE3 and EMA. Endodermal sinus tumors are characterized by pseudopapillary areas alternating with solid and compact nests of large cells with vesicular nuclei. Endodermal sinus tumors were positive for CD30, EMA, and CK AE1/ AE3 (Table 1).
	Table 1. A summary of immunohistochemical antibodies.

	
	HCG
	AFP
	PLAP
	CD117
	OCT 3/4
	CD30
	CK AE1/3
	EMA

	GE
	+/-
	-
	+
	+
	+
	-
	+/-
	-/+

	NGGCTs
	
	
	
	
	
	
	
	

	YST
	-
	+
	-/+
	-/+
	-/+
	-
	+
	+

	CC
	+
	-
	+
	-
	-
	-
	+
	+

	MT/IT
	-
	-
	-
	-
	-
	-
	+
	+

	EC
	-
	-
	+/-
	-
	-
	+
	+
	+

	GE=Germinoma; NGGCTs=Non-germinomatous germ cell tumors; YST=Yolk sac tumor; CC=Choriocarcinoma; MT=Malignant teratoma; IT=Immature teratoma; EC=Embryonal carcinoma.




[bookmark: OLE_LINK40]Supplementary Method 2. DL model architecture.
The nnU-Net framework employs U-Net-like architectures. For the BraTS 2020 project, we selected an input patch size of 16 × 320 × 320. Downsampling within the network is performed using stridden convolutions, whereas upsampling is implemented through transposed convolutions. The sizes of the feature maps are showcased in the encoder part of the architecture. These feature maps in the decoder section mirror those in the encoder, ensuring symmetrical architecture. Additionally, auxiliary segmentation outputs, crucial for deep supervision, branch off at all decoder resolutions except the two lowest. 

Supplementary Method 3. DL model training and testing.
Participants were divided into five datasets: trainin =200, test =80, independent internal perspective test =22, independent external test dataset-1 = 22, and independent external test dataset-2 = 20. The DL model was trained using PyTorch (version 1.12.1), an ubuntu 18.04 system with four GTX1080TI GPUs.

Training was done with randomly sampled patches of size 16 × 320 × 320 voxels. An epoch is defined as one complete pass through the entire training dataset. These patches were cropped randomly from the T2W images. The 3D nnU-Net uses stochastic gradient descent with an initial learning rate of 0.01 and a Nesterov momentum of 0.99, the initial learning rate=1e-4 [2, 3]. The training took 250 epochs, where we define one epoch as the iteration over 250 training batches. An exponential learning rate decay was included to the training scheme by applying the following learning rate schedule: 𝑎𝑒𝑝𝑜𝑐ℎ = 𝑎0 x 0.99𝑒𝑝, where a 𝑒𝑝𝑜𝑐ℎ represents the learning rate used at a specific epoch and a0 = 10−4 is the initial learning rate. Motivated by successful recent work [4] a soft dice loss formulation for training the network was used (Eq. 1).

Here, u ∈ U denotes the voxels of the SoftMax output and v ∈ V denotes a one hot encoding of the corresponding ground truth segmentation mask. Both and have shape K x16 x 320 x 320 where k ∈ K are the foreground classes. is used to index pixels in a patch (discarding spatial information; i ∈ 1283).

Moreover, each auxiliary loss layer has its own dice loss term and is trained on a down sampled version of the reference annotation. The global loss is then computed as the weighted sum of these loss terms (Eq. 2):
(2)
, where 𝑙𝐷,  refers to the auxiliary loss layer that processes segmentations at  resolution.

The parameters were updated from the last layer back to the first layer (Eq. 3) with the back propagation algorithm [4]. Specifically, the -th layer’s parameter, , was adjusted at each step following the minus gradient direction (Eq. 4) to minimize the loss.



where  was the loss,  were the softmax and activation functions of the output layer, and  represented the function of the -th layer.

[bookmark: OLE_LINK1]We conducted model test using the retrospective test dataset from the development set. The Dice score was used to assess tumor segmentation (combination of voxels with predicted labels 1 and 2) in the test dataset. Predictive outcomes (GEs or NGGCTs) at the patient level of the DL model were further determined according to voxel-wise predicted labels (1 or 2) with a majority voting. Majority voting is a decision-making process where the preferred outcome is determined by garnering more than half of the total votes [5]. Here's a simple representation of the formula [6] as shown in Eq. 5,
[image: ](5)
Where:
- count [image: ] denotes the count of occurrences of vote[image: ]in the set[image: ].
- [image: ] returns the element[image: ]that maximizes the count function. 

The data augmentation includes rotation and scaling, Gaussian noise, Gaussian blur, brightness, contrast. simulation of low resolution, gamma augmentation, and mirroring.

Supplementary Method 4. Additional details of DL model evaluation.
A series of additional analyses were evaluated to interpret model performance in the test datasets. First, we assessed the diagnostic performance of iGNet across various clinical scenarios (more details are provided below); second, we evaluated the improvement in the diagnostic performance of six neuroradiologists when assisted by iGNet; and third, we evaluated the potential role of iGNet output in the prediction of the PFS and OS of GEs and NGGCTs compared it with using pathological findings.

[bookmark: OLE_LINK91][bookmark: OLE_LINK88]First, to evaluate the model performance in various clinical scenarios, we: (1) combined conventional information (including variables that shown statistical differences between GEs and NGGCTs) with iGNet output using multivariate logistic regression to explore the additional contribution of clinical information and conventional MR features to the differentiation of GEs and NGGCTs; (2) conducted an additional analysis using multimodal MR images as inputs to explore the added contribution of T1W and CE-T1W images to the current model. To avoid bias caused by varying sample sizes, only participants with axial multimodal MR images were included in the train and test datasets. This was due to a subset of participants (n=10 in the train dataset and n=16 in the test dataset) having only coronal or sagittal CE-T1W images; (3) performed a series of sensitivity analyses to assess the model’s performance in subgroups stratified by clinical and imaging phenotypes especially for tumor locations [7], as these have been closely related to iGCT subtypes. Other phenotypes included patient demographics (age and gender), tumor marker levels (β-hCG and AFP), and conventional MR features (hyperintensity on T1W images, enhancement degree on CE-T1W images, enhancement appearance, and hypointensity on T2W images, hemorrhage, and presence of cysts or necrosis). Such assessments carry significant clinical relevance, as they could avoid the unnecessary biopsies, particularly for subgroups with high specificity. All models were trained on train dataset and tested on retrospective internal test, and independent test datasets for (1) and (2). For (3), we assessed the performance of the developed iGNet in the main findings for subgroup analysis in the retrospective internal test dataset that had sufficient samples.

[bookmark: OLE_LINK92][bookmark: OLE_LINK93][bookmark: OLE_LINK10][bookmark: OLE_LINK82]Second, we further evaluated the clinical role of the developed iGNet by simulating its application in diagnosis by neuroradiologists. Six neuroradiologists, with levels of experience ranging from six to thirty years (T.T.H. with experience of six years in neuroradiology; L.N.W. with experience of eight years in neuroradiology; Z.W. with experience of ten years in neuroradiology; Y.Y.D. with experience of fifteen years in neuroradiology; L.X.H. with experience of twenty-one years in neuroradiology; and M.W.Z. with experience of thirty years in neuroradiology), made diagnoses using only clinical information and conventional MR characteristics, without referring to the output of the DL model (the role of tumor markers on clinical diagnosis shows below). Three months later, these neuroradiologists reassessed the patients, this time integrating iGNet's output with conventional MR characteristics and clinical information in a randomly rearranged patient order, to determine if iGNet could enhance diagnostic accuracy. Diagnoses were made using identical retrospective internal test and independent test datasets, with evaluations focusing on accuracy, specificity, sensitivity, and AUC. We assessed the diagnostic consistency among neuroradiologists both with and without the iGNet output. The additional self-reported degree of reliance on the iGNet outputs was recorded with scores ranging from 1 to 10, where a higher score indicated a greater reliance on the iGNet.

Finally, we evaluated the potential prognostic role of the iGNet output as an independent predictive factor for PFS and OS, comparing its performance to that of pathological diagnosis using univariable Cox proportional hazards models and visualized by Kaplan-Meier survival analysis. Due to the lack of the follow-up information (PFS and OS) in the prospective internal and external datasets, this analysis was conducted solely on the retrospective internal test dataset.

The role of tumor markers on clinical diagnosis:
Germinomas and NGGCTs may release detectable levels of proteins into the blood and cerebrospinal fluid (CSF), which are useful for diagnosis or monitoring tumor recurrence (refer to Table 2). Notably, significant increases in alpha-fetoprotein (AFP) and beta-human chorionic gonadotropin (β-hCG) in serum and CSF may indicate NGGCTs, but their relevance for GEs is less clear[8]. Most patients present with normal β-hCG levels at diagnosis, making histological confirmation the gold standard.

Typically, American and European germinoma trials include only patients with β-hCG levels ≤ 50 mIU/mL in serum and lumbar CSF. While there are germinoma patients with higher β-hCG levels, elevated levels raise the possibility of a choriocarcinoma component. Nevertheless, there are confirmed cases of secretory germinomas with β-hCG levels up to 200 mIU/mL, which do not adversely affect survival [9, 10]. Comprehensive diagnostic staging is crucial, as relapses are often linked to incomplete initial diagnoses [11, 12].
Table 2. Classification of germ cell tumors using tumor markers.
	Tumor types
	β-HCG
	AFP

	Germ cell tumors variants

	Germinoma
	-
	-

	Germinoma, syncytiotrophoblastic type
	+
	-

	Non-germinomatous germ cell tumors

	Endodermal sinus (yolk sac) tumor
	-
	+

	Choriocarcinoma
	+
	+

	Embryonal carcinoma
	-
	-

	Mixed germ cell tumors
	+/-
	+/-

	Teratoma variants

	Mature teratoma
	-
	-

	Immature teratoma
	+/-
	+/-

	β-HCG=Beta-human chorionic gonadotropin; AFP=Alpha-fetoprotein.
Adapted from Louis DN, Ohgaki H, Wiestler O, et al. WHO Classification of Tumours of the Central Nervous System, Third Edition. Albany, NY: WHO Publication Center, 2007:203.



Supplementary Method 5. Additional details of statistical analysis.
The Dice score, defined as the spatial overlap between different raters or the ground truth and DL segmentation, was used for the assessment of tumor segmentation performance. The performances of DL model and neuroradiologists were assessed using accuracy, specificity, sensitivity, and AUC. Confidence intervals (CIs) for these parameters were calculated using bootstrapping with 1000 iterations to obtain 95% CIs. The diagnostic consistency between neuroradiologists was assessed using the Cohen’s Kappa coefficient, a measure of inter-rater agreement. We examined whether the iGNet output could be served as independent prognostic factors by calculating hazard ratio (HR) using Cox proportional hazards models, and visualized by Kaplan-Meier survival analysis. The difference of the Kaplan-Meier survival curves was tested by log-rank test. A two-sided P<.05 level was considered as statistically significant.

[bookmark: _Toc128126623]Supplementary Table 1. Image acquisition parameters of 2D T2-weighted turbo-spin-echo (2D-T2W-TSE) sequence.
	Manufacturer
	Philips CX 
	GE Discovery 750 
	GE Genesis Signa 
	GE Genesis Signa Explorer 
	GE Genesis SIigna HDe 
	GE Genesis Signa PET/MR 
	Toshiba MRT200F3 
	Simens Prisma 
	Philips Ingenia 
	Simens Verio 
	Simens TrioTim

	Magnetic field strength
	3.0T
	3.0T
	3.0T
	3.0T
	1.5T
	3.0T
	1.5T
	3.0T
	3.0T
	3.0T
	 3.0T

	Imaging acquisition parameters

	Acquisition orientation
	Axial
	Axial
	Axial
	Axial
	Axial
	Axial
	Axial
	Axial
	Axial
	Axial
	Axial

	TE/TR (ms)
	114/3099
	110/6711
	117:4900
	107:4910
	102:5140
	115:6432
	100:4800
	106:5000
	119:3030
	92/4548
	84/4500

	Excitation flip angle (degree)
	90
	90
	90
	160
	90
	142
	90
	150
	150
	142
	120

	Matrix (mm2)
	448×448
	512×512
	512×512
	512×512
	512×512
	512×512
	328×256
	448×448
	512×512
	328×256
	384×324

	Number of Slice
	25

	Pixel Spacing
	[0.468, 0.468]
	[0.448, 0.448]
	[0.468, 0.468]
	[0.468, 0.468]
	[0.468, 0.468]
	[0.468, 0.468]
	[0.701, 0.701]
	[0.490, 0.490]
	[0.448, 0.448]
	[0.343, 0.343]
	[0.572, 0.572]




Supplementary Table 2. The outputs of five folds in the retrospective internal test dataset. 
	Name
	ACC (%, [95%CI])
	SPE (%, [95%CI])
	SEN (%, [95%CI])
	AUC [95%CI]

	Fold-0
	79.41[64.71-91.18]
	82.35[61.54-100.00]
	76.47[54.55-94.44]
	0.794[0.629-0.938]

	Fold-1
	76.47[61.76-91.18]
	82.35[62.50-100.00]
	70.59[47.06-91.67]
	0.815[0.661-0.945]

	Fold-2
	82.35[67.65-94.12]
	88.24[70.59-100.00]
	76.47[53.85-94.44]
	0.810[0.685-0.962]

	Fold-3
	79.41[64.71-91.18]
	76.47[55.01-94.74]
	82.35[61.90-100.00]
	0.855[0.705-0.979]

	Fold-4
	67.65[52.94-82.35]
	64.71[40.61-87.52]
	70.59[46.67-92.31]
	0.787[0.614-0.931]

	All-patients
	82.35[67.65-94.12]
	88.24[70.59-100.00]
	76.47[53.85-94.12]
	0.898[0.768-0.986]

	ACC=Accuracy; SEN=Sensitivity; SPE=Specificity; PPV=Positive predictive value; NPV= Negative predictive value; AUC=Area under the curve.



Supplementary Table 3. Output of DL model trained on multimodal MR images in different datasets.

	
	ACC (%, [95%CI])
	SPE (%, [95%CI])
	SEN (%, [95%CI])
	AUC [95%CI]

	Retrospective internal dataset

	iGNet
	90.91[84.85-95.96]
	78.40[64.10-90.60]
	98.39[94.74-100.00]
	0.950[0.863-0.994]

	Combination of conventional information and iGNet output
	92.91[84.85-95.66]
	78.38[64.29-90.70]
	98.39[94.83-100.00]
	0.963[0.921-0.990]

	DL model utilizing multimodal MR images
	87.50[80.00-93.75]
	83.87[69.57-95.65]
	89.80[80.85-97.73]
	0.901[0.800-0.938]

	Perspective internal dataset

	iGNet
	89.56[71.22-100.00]
	76.47[53.85-94.12]
	89.79[76.84-98.62]
	0.905[0.774-0.971]

	Combination of conventional information and iGNet output
	91.66[84.34-97.88]
	74.83[53.85-85.81]
	91.18[66.20-96.88]
	0.917[0.776-0.972]

	DL model utilizing multimodal MR images
	88.51[71.48-94.07]
	82.51[70.55-94.48]
	70.10[48.19-92.00]
	0.896[0.785-0.980]

	External dataset-1

	iGNet
	80.00[60.00-95.00]
	88.24[70.59-100.00]
	78.33[66.65-95.14]
	0.869[0.757-0.941]

	Combination of conventional information and iGNet output
	93.89[79.44-99.88]
	92.54[50.88-99.78]
	82.59[60.25-99.88]
	0.891[0.760-0.943]

	DL model utilizing multimodal MR images
	84.68[76.12-93.23]
	88.48[82.03-90.92]
	75.76[52.29-99.24]
	0.856[0.753-0.936]

	External dataset-2

	iGNet
	87.10[68.00-96.00]
	84.64[67.42-100.00]
	76.47[53.85-94.12]
	0.921[0.657-0.974]

	Combination of conventional information and iGNet output
	85.09[66.74-95.81]
	87.12[77.17-94.83]
	70.44[52.04-88.84]
	0.899[0.769-0.967]

	DL model utilizing multimodal MR images
	88.62[77.62-97.45]
	83.95[55.30-86.45]
	80.26[65.49-95.02]
	0.903[0.773-0.969]

	ACC=Accuracy; SEN=Sensitivity; SPE=Specificity; AUC=Area under the curve.



Supplementary Table 4. Assessing the performance of the DL model in stratified datasets based on clinical features.
	Variables
	
	n
	n (GE)
	n (NGGCT)
	ACC (%[95CI])
	SPE (%[95CI])
	SEN (%[95%CI])
	AUC [95%CI]

	Demographic
	
	
	
	
	
	
	
	

	Age (years)
	≤18
	71
	43
	28
	81.70[64.20-100.00]
	72.10[42.20-81.20]
	71.20[52.60-91.20]
	0.821[0.526-0.912]

	
	>18
	9
	7
	2
	71.20[50.30-95.80]
	82.10[73.30-89.30]
	61.40[24.40-87.70]
	0.883[0.633-0.973]

	Gender
	Female
	18
	11
	7
	77.80[51.20-96.60]
	73.50[61.20-95.20]
	71.20[51.20-85.20]
	0.818[0.318-0.892]

	
	Male
	62
	43
	19
	84.90[61.20-96.80]
	70.50[32.20-87.90]
	64.20[21.50-78.80]
	0.772[0.421-0.877]

	Tumor Marker Level
	
	
	
	
	
	
	
	

	[bookmark: OLE_LINK6]β-hCG
	>50mIU/mL
	36
	0
	36
	91.90[71.40-100.00]
	79.70[61.40-96.60]
	66.90[41.40-96.60]
	0.789[0.514-0.966]

	
	≤50mIU/mL
	44
	17
	27
	82.10[64.20-100.00]
	77.20[32.20-79.80]
	57.20[41.20-85.50]
	0.875[0.623-0.921]

	AFP
	AFP (+)
	39
	0
	39
	79.10[61.10-87.10]
	73.50[41.10-87.10]
	80.10[51.10-97.10]
	0.845[0.611-0.971]

	
	AFP (-)
	41
	5
	36
	87.20[53.30-92.10]
	84.20[34.20-99.70]
	59.90[28.90-87.70]
	0.887[0.622-0.999]

	Tumor locations
	Sellar/suprasellar
	20
	11
	9
	82.20[63.20-96.60]
	71.10[33.20-86.60]
	70.20[53.20-96.60]
	0.936[0.843-1.000]

	
	Pineal region
	44
	15
	29
	85.10[51.20-96.20]
	69.50[43.10-74.40]
	48.30[23.30-74.20]
	0.929[0.875-0.983]

	
	Basal ganglia
	16
	5
	11
	73.90[51.10-90.10]
	33.30[17.30-47.60]
	62.40[31.10-78.10]
	0.617[0.318-0.864]

	Conventional MRI Features
	
	
	
	
	
	
	
	

	T1W images foci-hyperintensity
	Present
	14
	4
	10
	79.10[61.10-87.10]
	73.50[41.10-87.10]
	80.10[51.10-97.10]
	0.845[0.611-0.971]

	
	Absent
	66
	27
	39
	86.20[61.30-87.70]
	83.80[32.20-88.90]
	64.90[31.80-87.70]
	0.962[0.433-1.000]

	Enhancement degree on CE-T1W images
	Mild
	9
	4
	5
	82.90[61.30-89.90]
	43.40[11.30-59.90]
	65.20[31.30-89.90]
	0.801[0.413-0.809]

	
	Moderate
	22
	12
	10
	77.70[51.20-95.90]
	79.10[26.60-89.90]
	73.30[52.20-83.20]
	0.937[0.666-1.000]

	
	Obvious
	49
	33
	16
	74.20[53.30-98.80]
	66.70[32.40-78.80]
	55.60[35.10-65.50]
	0.801[0.622-0.987]

	Enhancement appearance
	Homogeneous
	24
	17
	7
	85.50[61.90-97.60]
	82.20[41.90-97.60]
	61.10[41.90-97.60]
	0.799[0.519-0.976]

	
	Heterogenious
	56
	32
	24
	87.10[63.20-100.00]
	54.30[13.80-76.60]
	72.20[48.50-97.70]
	0.883[0.576-0.899]

	Hemorrhage
	Present
	26
	12
	14
	62.40[53.20-93.50]
	86.70[53.20-93.50]
	76.10[53.20-93.50]
	0.882[0.532-0.935]

	
	Absent
	54
	31
	23
	73.80[54.40-89.90]
	60.70[33.20-79.90]
	68.90[54.40-89.90]
	0.957[0.411-0.899]

	T2W images foci-hypointensity
	Present
	4
	2
	2
	90.10[24.80-99.10]
	80.20[44.80-89.10]
	71.70[64.80-89.10]
	0.809[0.448-0.891]

	
	Absent
	76
	44
	32
	77.30[32.20-86.70]
	79.20[42.30-97.70]
	86.20[68.80-93.30]
	0.803[0.433-0.899]

	Cyst or necrosis
	Present
	45
	19
	26
	82.40[62.10-87.70]
	54.20[22.10-67.70]
	69.70[32.10-87.70]
	0.701[0.421-0.877]

	
	Absent
	35
	21
	14
	81.20[56.60-89.30]
	85.80[35.30-99.90]
	43.30[21.80-79.80]
	0.899[0.366-1.000]

	ACC=Accuracy; SPE=Specificity; SEN=Sensitivity; AUC=Area under the curve.




Supplementary Table 5. The AUC and the improvement rate of six neuroradiologists with and without referring to the DL model output in different datasets.

	
	Retrospective internal dataset
	Prospective internal dataset
	External test dataset-1
	External test dataset-2

	
	Without RF
	RF
	IR
	Without RF
	RF
	IR
	Without RF
	RF
	IR
	Without RF
	RF
	IR

	Neuroradiologist 1
	0.759
	0.873
	13.06%
	0.727
	0.862
	15.66%
	0.732
	0.830
	11.81%
	0.650
	0.800
	18.75%

	Neuroradiologist 2
	0.732
	0.858
	14.69%
	0.724
	0.849
	14.72%
	0.661
	0.902
	26.72%
	0.600
	0.700
	14.29%

	Neuroradiologist 3
	0.706
	0.864
	18.29%
	0.690
	0.829
	16.77%
	0.768
	0.855
	10.18%
	0.700
	0.750
	6.67%

	Neuroradiologist 4
	0.801
	0.901
	11.10%
	0.819
	0.933
	12.22%
	0.840
	0.964
	12.86%
	0.650
	0.800
	18.75%

	Neuroradiologist 5
	0.823
	0.917
	10.25%
	0.824
	0.933
	11.68%
	0.819
	0.964
	15.04%
	0.800
	0.850
	5.88%

	Neuroradiologist 6
	0.832
	0.927
	10.25%
	0.792
	0.916
	13.54%
	0.830
	0.902
	9.98%
	0.750
	0.850
	11.76%

	Without RF=Without referring to DL output; RF=Referring to DL output, IR=Improvement rate.



	
	Retrospective internal dataset
	Prospective internal dataset
	External dataset-1
	External dataset-2

	
	Without RF
	RF
	IR
	Without RF
	RF
	IR
	Without RF
	RF
	IR
	Without RF
	RF
	IR

	Neuroradiologist 1*2
	0.557
	0.713
	21.88%
	0.604
	0.713
	15.29%
	0.469
	0.802
	41.52%
	0.469
	0.713
	34.22%

	Neuroradiologist 1*3
	0.513
	0.814
	36.98%
	0.697
	0.814
	14.37%
	0.553
	0.761
	27.33%
	0.572
	0.821
	30.33%

	Neuroradiologist 1*4
	0.588
	0.777
	24.32%
	0.522
	0.777
	32.82%
	0.391
	0.851
	54.05%
	0.388
	0.769
	49.54%

	Neuroradiologist 1*5
	0.621
	0.743
	16.42%
	0.585
	0.743
	21.27%
	0.633
	0.689
	8.13%
	0.714
	0.812
	12.07%

	Neuroradiologist 1*6
	0.66
	0.762
	13.39%
	0.491
	0.762
	35.56%
	0.450
	0.714
	36.97%
	0.635
	0.863
	26.42%

	Neuroradiologist 2*3
	0.591
	0.764
	22.64%
	0.611
	0.764
	20.03%
	0.790
	0.813
	2.83%
	0.544
	0.834
	34.77%

	Neuroradiologist 2*4
	0.614
	0.812
	24.38%
	0.436
	0.812
	46.31%
	0.620
	0.753
	17.66%
	0.523
	0.766
	31.72%

	Neuroradiologist 2*5
	0.502
	0.785
	36.05%
	0.525
	0.785
	33.12%
	0.531
	0.691
	23.15%
	0.631
	0.776
	18.69%

	Neuroradiologist 2*6
	0.502
	0.785
	36.05%
	0.525
	0.785
	33.12%
	0.531
	0.691
	23.15%
	0.631
	0.776
	18.69%

	Neuroradiologist 3*4
	0.518
	0.784
	33.93%
	0.533
	0.784
	32.02%
	0.687
	0.798
	13.91%
	0.552
	0.904
	38.94%

	Neuroradiologist 3*5
	0.639
	0.654
	2.29%
	0.416
	0.654
	36.39%
	0.419
	0.823
	49.09%
	0.642
	0.658
	2.43%

	Neuroradiologist 3*6
	0.548
	0.698
	21.55%
	0.455
	0.698
	34.81%
	0.680
	0.901
	24.53%
	0.644
	0.743
	13.32%

	Neuroradiologist 4*5
	0.536
	0.728
	26.37%
	0.499
	0.728
	31.46%
	0.714
	0.762
	6.30%
	0.513
	0.794
	35.39%

	Neuroradiologist 4*6
	0.572
	0.624
	8.33%
	0.617
	0.624
	1.12%
	0.733
	0.818
	10.39%
	0.718
	0.897
	19.96%

	Neuroradiologist 5*6
	0.564
	0.908
	37.89%
	0.704
	0.908
	22.47%
	0.689
	0.834
	17.39%
	0.761
	0.884
	13.91%

	Without RF=Without referring to DL output; RF=Referring to DL output; IR=Improvement rate.


Supplementary Table 6. The Kappa coefficients and the improvement rate of six neuroradiologists with and without referring to the DL model output in different datasets.


Supplementary Figure 1. The scanner information of development set.
[image: manufacture]
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Supplementary Figure 2. The training phase and testing phase of the DL model.
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Supplementary Figure 3. Details of the 3D nnU-Net for the tumor segmentation model.
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Supplementary Figure 4. Details of the 3D nnU-Net for the tumor differentiation model.
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[bookmark: OLE_LINK85]Supplementary Figure 5. A. The receiver operating characteristic (ROC) curves of using demographic data, tumor marker levels, and conventional MR features, combination of clinical information (multivariate logistic regression) and iGNet output, and the model performance. B. The ROC curves of DL modal using T2W, T1W, CE-T1W images and T2W images. C. The iGNet performance on tumors at different locations.

[image: ]

[bookmark: OLE_LINK39]Supplementary Figure 6. The degree of reliance on the iGNet outputs of six neuroradiologists.
[image: radar1]
[bookmark: OLE_LINK4]Supplementary Figure 7. Distinct MR images findings of intracranial germ cell tumors (iGCTs) in the basal ganglia. A. Patient 1 was diagnosed with germinoma (GE) via biopsy, with T2W images revealing a patchy hyperintense lesion with blurred boundaries. B. Patient 2 was diagnosed with non-germinomatous germ cell tumor (NGGCT) via resection, with T1W images showing a heterogeneous-intensity tumor in the left basal ganglia, accompanied by necrosis and fluid-fluid level. Contrast-enhanced T1W images highlighted patchy hyperintensity in the tumor with obvious enhancement. 
[image: 图片包含 不同, 照片, 水果, 蛋糕
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