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Abstract 

Magnetic resonance imaging (MRI) and computed tomography 
(CT) scans are vital for diagnosing meningioma brain tumors. 
However, human error, image subtleties, cyst growth, and nuances 
in World Health Organization (WHO) grading significantly impede 
accuracy. Invasive biopsies remain the only definitive method for 
meningioma diagnosis. Convolutional Neural Networks (CNNs), 
machine learning models used in image classification, offer a 
promising solution. By fine-tuning the pre-trained CNN 
EfficientNetB0 on various preoperative brain tumors and 
meningioma subtypes, safer image-based diagnosis can become 
more robust and accurate. In this study, one CNN model classified 
multimodal CT and MRI images, while the other performed 
grading. The first dataset included several tumor types 
(meningioma, glioma, pituitary, cysts, or none), and the second 
consisted of meningioma tumors assigned a WHO grade (one to 
three). The images, from accurately annotated and diverse 
open-source databases, were normalized, augmented, and 
skull-stripped. In the training and validation stages, class-average 
and Focal Tversky loss functions assessed and reduced incorrect 
outputs. After testing, both CNNs achieved accuracy and precision 
over 98% with recall and f1 scores over 95%. Additionally, 
receiver operating characteristic (ROC) area under the curve 
(AUC) scores above 0.978 indicated strong class discrimination. 
Lastly, an included attention study demonstrated the model 
focusing primarily on the tumor mass, rather than on extraneous 
variables. These findings demonstrate how multimodal CNNs, 

 



 
Rane, Multimodal CNNs and Brain Tumor Classification

 
particularly lightwork models like EfficientNetB0, can serve as 
more reliable and cost-effective alternatives to invasive biopsies 
and human evaluation. Their capability to handle complex 
meningioma cases suggests promising avenues for other tumor 
types and diagnostic modalities. 

1​ Introduction 
Meningiomas are the second most common type of primary brain tumor, 
accounting for around thirty percent of all central nervous system (CNS) 
tumors and impacting around one in one thousand individuals 
worldwide (Fathi Roelcke, 2013; Perry Brat, 2018; Whittle et al., 2004). 
Typically noncancerous in early stages, meningiomas occur in the 
meninges, the membranes surrounding the brain and spinal cord (Buerki 
et al., 2018; Perry Brat, 2018; Whittle et al., 2004). Monosomy 22 and 
inactivating mutations of NF2 have been linked to meningioma, 
although the pathophysiology and etiology are not well-known (Buerki 
et al., 2018; Whittle et al., 2004). Depending on the tumor’s location, 
meningioma can cause seizures, loss of sensory function, memory loss, 
motor loss, and other neurodegenerative issues (Buerki et al., 2018; 
Perry Brat, 2018). Therefore, despite being typically slow-growing and 
non-cancerous, physicians recommend immediate surgery and resection 
before malignancy or the rare case of metastasis (D’Ambrosio Bruce, 
2003). 

Diagnostic testing for meningioma growth and grading includes 
magnetic resonance imaging (MRI), computed tomography (CT), 
cerebral angiograms, and biopsy. Often, multiple diagnostic tests are 
necessary for an accurate diagnosis (Goldbrunner et al., 2016). 
Structural MRI and CT scans have become the most common diagnostic 
methods for brain tumors, providing clear visual images for examining 
patient brain structure (DeAngelis, 2001; Wattjes, 2011). Additionally, 
MRI scans themselves have multiple modalities, most commonly 
T1-weighted, T2-weighted, and Fluid Attenuated Inversion Recovery 
(FLAIR). These modalities manipulate the repetition (TR) and echo 
(TE) time variables, each aiming to increase the highlighting of 
neoplasms–abnormal growths (Ashikaga et al., 1997; Buxton et al., 
1987; Stevenson et al., 2000). Furthermore, contrast agents like C+ and 
Gadolinium and different cross sections (Sagittal, Coronal, or Axial) are 
employed in both MRI and CT scans to highlight vascular 
abnormalities, tumors, and inflammation (Choi et al., 2012; Steen 
Schwenger, 2007). 
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After classification, meningiomas are assigned a specific World 

Health Organization (WHO) grade, depicting appearance and 
abnormalities of cells (Fathi Roelcke, 2013; Hortob´agyi et al., 2016; 
Magill et al., 2018). Grading is typically done histopathologically under 
a microscope after biopsy, based on mitosis rates, specific features, and 
metastasis (Hortob´agyi et al., 2016). However, accurate grading can 
also be accomplished through image evaluation (DeAngelis, 2001; Hale 
et al., 2018). Incorrect grading of meningioma remains a large issue due 
to overlapping features and subjectivity in visual assessment. Assigning 
the wrong grade can be detrimental, as it may result in inappropriate 
treatment plans (Fatima Majeed, 2010; Hale et al., 2018; Magill et al., 
2018). For this reason, although biopsies carry risks such as subdural 
hematomas, infections, strokes, and blood clots, practitioners still rely 
on this medium for conclusive diagnosis (Field et al., 2001). 
Fortunately, recent advancements in machine learning and deep learning 
present a promising avenue to mitigate human subjectivity, reduce 
biopsy risks, and streamline the diagnostic process (Bhandari et al., 
2020; LeCun et al., 2015). 

Image classification is most accurately and commonly performed 
using Convolutional Neural Networks (CNNs) (Bhardwaj et al., 2017; 
Pak Kim, 2017). Therefore, CNNs were the main architecture utilized in 
this study. However, current CNN models struggle to accurately classify 
and grade meningiomas compared to other brain tumors, a phenomenon 
that can be attributed to the immense diversity within meningioma 
features. There is not enough training data for easy generalization across 
scenarios (Fatima Majeed, 2010; Hale et al., 2018; Magill et al., 2018). 
This highlights the need for larger and more diverse datasets, 
specifically for meningiomas, in order to improve CNN performance in 
this area. Employing multimodal CT and MRI scans with various 
cross-sections would provide a richer dataset for training CNN models. 
The enhanced information from different modalities enables better 
differentiation of subtle abnormalities and variations in tissue 
characteristics. With the use of multimodal data, a Convolutional Neural 
Network will be able to accurately differentiate meningioma from other 
preoperative brain tumors while separately grading the meningioma 
tumors. Such an advent would reduce the need for invasive biopsies 
while maintaining a cheaper and quicker form of diagnosis. 

Due to the employment of CNNs, the study will not include 
non-imaging data such as patient medical histories, genetic information, 
or blood tests in the CNN model. Other machine learning approaches 
outside of CNNs, such as support vector machines or random forests, 
will not be explored in detail. Additionally, the study will not track 
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patient outcomes over time to assess the long-term efficacy of the CNN 
model in clinical practice. Furthermore, limited training data pertaining 
to meningioma will affect the model’s training and generalization 
capabilities. While augmentation and multimodal data were employed 
in this study to alleviate this issue, future studies could utilize 
non-imaging data to remediate this limitation. However, this approach 
would result in more expenses and arbitrary noise, which is why this 
study only included imaging data. Imaging datasets may also contain 
biases related to patient demographics, scanner types, and imaging 
protocols, leading to skewed results and affecting the model’s 
applicability across different populations. 

This research is grounded in the theoretical framework of machine 
learning models, particularly leveraging Convolutional Neural 
Networks (CNNs) for the classification and diagnosis of meningiomas. 
CNNs are Feed-Forward Neural Networks that process inputs through 
non-linear functions like Sigmoid or ReLU, with weights adjusted via 
gradient descent and bias values optimized (Bebis Georgiopoulos, 1994; 
Hellström et al., 2020; Svozil et al., 1997). The convolution layer, the 
core of CNNs, performs dot products between a kernel and the receptive 
field, creating activation maps (Bouvrie, 2006; O’Shea Nash, 2015). 
Pooling layers reduce spatial size and computational load, and fully 
connected (FC) layers illustrate input-output relationships (Ma Lu, 
2017; Murray Perronnin, 2014; O’Shea Nash, 2015). 

The study utilizes EfficientNetB0 as the backbone of the CNN, 
chosen for its compound scaling approach, which balances depth, width, 
and resolution. EfficientNetB0, with its pre-trained weights from the 
ImageNet database and over 11 million trainable parameters, handles 
large-scale image data effectively. Its architecture includes a 
GlobalAveragePooling2D layer, a dropout layer to mitigate overfitting, 
and a final dense layer using the softmax function for classification. 
Attention mechanisms in EfficientNetB0 enhance the model’s ability to 
process images accurately (Kansal et al., 2024; Tan Le, 2020). Callback 
functions like TensorBoard, ModelCheckpoint, and 
ReduceLROnPlateau monitor and optimize the training process, further 
preventing overfitting and improving model performance (Agarwal et 
al., 2021; Kansal et al., 2024). This framework provides a robust 
methodology for automating meningioma detection and grading. 

Regarding methodology, the model utilized a dataset combining 
previously documented data and new cases from various global 
hospitals, involving MRI and CT images. To address overfitting and 
enhance the multimodal dataset, data augmentation techniques such as 
mirroring, scaling, rotations, and contrast adjustments were applied. 
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Image preprocessing included steps like image registration, bias field 
correction, skull-stripping, and normalization. Training strategies 
involved using class-average loss and Focal Tversky loss with 
accumulated gradients for effective batch processing. The model’s 
performance was evaluated using common metrics such as f1 score, 
recall, precision, accuracy, confusion matrices, Receiver Operating 
Curve (ROC) analysis, and a model attention study to discover if the 
models are truly focused on the tumor mass itself. 

2​ Methods 
2.1 Dataset 

To construct the sample dataset, random stratified sampling was 
employed from a manufactured population. The population used in this 
research was an amalgamation of previously documented datasets as 
well as data from a variety of documented cases from both inpatients 
and outpatients in public hospitals and private practitioners. To enhance 
generalizability and mitigate biases, the MRI images were taken from 
both 1.5T and 3.0T scanners and the CT images were taken by special 
X-ray scanners at 12 different hospitals and institutions in the United 
States, Europe, and India. All data from CT and MRI are grayscale and 
with only one channel. Patient age ranges from 8 years to 82 years, 
gender includes 54.8% female and 45.2% male, and racial 
demographics are unknown. Training and testing splits for the tumor 
classes were conducted randomly from 5-20% in order to make up for 
the unbalanced data regarding “No Tumor” and to avoid overfitting. 
Random splits carried on for the grading model in order to replicate a 
similar situation to the classification task. From there, the validation 
split was 20% of the training data. Due to the constant splits, total 
validation samples are not shown. 

 
 Meningio

ma 
Gliom
a 

Pituitar
y 

No 
Tumor 

Training 
Data 

822 826 827 395 

Testing 
Data 

115 100 74 105 

TABLE 1. Training and testing data amounts for each type of tumor in the 
tumor classification model. Images are from multiple modalities. 

 
 Grade 

1 
Grade 
2 

Grade 
3 
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Training 
Data 

1286 1278 1282 

Testing 
Data 

201 202 197 

TABLE 2. Training and testing data amounts for each type of tumor in the 
sub-grading model. Images are from multiple modalities. 

All data collected are preoperative, before treatment such as 
surgery, chemotherapy, radiotherapy. Overall volume of tumor resection 
was greater than 1ml post-surgery. MRI and CT volume dimensions 
cover [192; 576] × [240; 640] × [16; 400] voxels, and the voxel size 
range [0.34; 1.17] × [0.34; 1.17] × [0.50; 8.0] mm3. These values 
include all tumors in the classification model’s datasets. In the 
meningioma grading dataset, MRI and CT volume dimensions cover 
[192; 512] × [224; 512] × [11; 290] voxels, and the voxel size range 
[0.41; 1.05] × [0.41; 1.05] × [0.60; 7.00] mm3. For reference, an average 
MRI or CT volume is [349 × 363 × 85] pixels with a spacing of [0.72 × 
0.72 × 4.21] mm3. The matrix sizes for all images include (128x, 256x, 
320x, 512x). Additionally, this work’s CNN models employ multimodal 
CT and MRI data. To make the dataset more robust, images were taken 
from axial, coronal, and sagittal sections, with 20% of samples using C+ 
or Gadolinium contrast fluid. 

FIGURE 1. Examples of brain tumors from the raw MRI volumes collected 
in this study. All images are representations of meningioma tumor growth. 
The far left is an axial cross-section, the middle is a sagittal section, and the 
far right is a coronal section of meningioma. Images were not altered. For the 
purposes of this figure, the tumor masses were manually annotated in red. 
Annotated images were not used in the training steps of this model. 

2.2 Patch Sampling with Data Augmentation 

As small datasets are prone to model overfitting and low 
accuracies, data augmentation was used in order to generate more data 
with the same images. The techniques used to create a variety of images 
from one sample include mirroring, random scaling, random rotations 
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[-20,20] degrees, elastic deformations, resampling, random contrast, 
random brightness, and gamma correction. All data augmentation was 
accomplished alongside a python package from Medical Image 
Computing at the German Cancer Research Center (DKFZ) and the 
Applied Computer Vision Lab of the Helmholtz Imaging Platform 
(Isensee et al., 2020).  

All patches resulting from data processing are generated randomly 
during the training step of the model. Each batch has a foreground and a 
background class for easier image classification that are input to the 
training model. The foreground class allows for proper data 
augmentation through all transformations. 

2.3 Image Preprocessing 

The image preprocessing is independent of the CNN, and various steps 
were taken in order to optimize the input and resulting output for the 
training model. All preprocessing steps were done through the 
Advanced Normalization Tools (ANTs), Wellcome Centre for Human 
Neuroimaging (WCHN) CT normalization tools (CTseg), FMRIB’s 
Linear Image Registration Tool (FLIRT), and FMRIB’s Brain Extraction 
Tool (BET). Below is the list of methods employed to mitigate 
non-conformity: 

•​ Image Registration: CT and MRI images are of different 
modalities and each have sub-weights. Image registration is vital in 
order to transform these different data sets into one dataset on one 
coordinate system. 

•​ Bias field Correction: MRI images of all weights contain variance 
in the low frequency intensity in both the bias and gain fields. 
During this prepossessing step, bias was corrected in MRI images. 

•​ Skull Stripping: Normal MRI and CT images contain not only 
brain matter, but the surrounding bone and tissue. Because the 
skull and other surrounding tissues introduce unfavorable bias and 
variables, skull stripping removes the skull from the end image 
while attempting to not distort brain matter. 

•​ Image Normalization: Image intensity is standardized to a range of 
[0,1] and image size is normalized to (224, 224, 3). 

 

2.4 Architecture Design and Attention Mechanisms 

In this work, EfficientNetB0 was used as the backbone for CNN. This 
was used as the backbone for this work because of its employment of 
compound scaling instead of normal random scaling. Instead of the 
traditional method of balancing the scale in one dimension, compound 
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scaling targets three different dimensions: width, depth, and image 
resolution. Under sufficient standardized testing by the authors of this 
CNN, it surpassed other methods without compound scaling in accuracy 
and efficiency. EfficientNetB0 was trained by over one million images 
and pre-trained weights from the ImageNet database, with 237 layers of 
varying filter sizes and over 11 million trainable parameters. 
EfficientNetB0 was used over its newer counterpart B7 because this 
lightwork CNN can still accomplish high accuracies. 

 

 

FIGURE 2. Model comparing compound scaling CNN architecture (top) 
and normal random scaling (bottom). Both include an example input and 
output based on this work. 

This model’s attention mechanisms are inherited and implemented 
from keras.applications.EfficientNetB0, and therefore this work will not 
go in depth into encoder and decoder pathways nor linear transformations. 
EfficientNet uses composite coefficients to uniformly scale all dimensions 
of depth, width, and resolution. A simple self-attention network structure 
is trained in advance to process data images. This will enable the 
pre-training network to focus as much as possible on the data and image 
features with a large amount of information and a large gap before 
entering EfficientNet training. After that, the pre-training network will 
train the model. 
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The GlobalAveragePooling2D layer was included to reduce 

computational load during training by using average values instead of 
max values for pooling. Additionally, a dropout layer, which randomly 
omits some neurons at each step, helps prevent overfitting by making 
neurons more independent. Callbacks such as TensorBoard, 
ModelCheckpoint, and ReduceLROnPlateau were included in order to 
help monitor training, fix bugs, and prevent overfitting by implementing 
early stopping and adjusting the learning rate. Finally, a dense output 
layer classifies the image into either four or three classes, depending on 
the task, using the softmax function. Softmax is generally employed in 
multi-class situations, as it performs better than sigmoid, which is 
typically used in binary contexts. 

2.5 Training Strategies 

The CNN ran for 12 consecutive epochs, and ended there without any 
significant validation loss improvement. Two loss functions were used 
in these CNNs: class-average loss and Tversky Loss (FTL). Although 
typically deployed in segmentation contexts, FTL was adapted to fit 
classification outputs. 

Class-average loss was chosen in order to effectively demonstrate 
and improve overall CNN performance. The FTL was employed due to 
its strong capability in efficiently balancing false positive and false 
negative predictions, specifically with the inclusion of cysts as a 
minority in the dataset. FTL’s flexibility in the focal parameter also 
allows it to leverage original data image volumes to account for loss 
calculation. The values for FTL were: α = 0.7 and β = 0.3 for the 
Tversky index and γ = 2.0 as the focal parameter. These values attempt 
to limit the number of predicted false negatives by the model. In a 
medical context, false negatives (missing a tumor) are more serious than 
false positives, leading to a higher alpha value, which places weight on 
false negatives. The high value for the focal parameter ensures the 
model focuses on difficult outliers such as cyst growth or tumor 
volumes <3mL. During model training, the models were saved based on 
the loss function that resulted in the lowest validation loss. 

All models were trained using two samples in a batch due to the 
large memory footprint. The models in this work use mini-batch sizes of 
32 elements, with accumulated gradients to increase the size, which 
mimics the amount of gradients given larger batch sizes. Smaller batch 
sizes of up to 32 have demonstrated improvements in generalization and 
model quality. 
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3.​ Results 

3.1 Implementation Details 

Results were obtained using an HP desktop: Intel®Core™i9-9900K 
CPU @ 3.60 GHz, 16.0 GB of RAM @2666 MHz, 512 SSD, 2 TB 
HDD, and NVIDIA GeForce RTX 2080 Ti GPU. Implementation was 
done in Python using TensorFlow v1.13.1 with Keras, and PyTorch 
lightning v0.7.3 with PyTorch back-end v1.3 on JupyterNotebook via 
Visual Studio Code. 

3.2 Overall Performance Study 
Tumor Type F1 Recall Precision Accuracy 
No Tumor 97.55 ± 

1.36 
96.89 ± 
1.51 

98.21 ± 
1.23 

99.21 ± 
0.54 

Meningioma 
Tumor 

97.16 ± 
1.29 

95.59 ± 
1.12 

98.78 ± 
1.48 

99.60 ± 
0.23 

Pituitary Tumor 96.76 ± 
1.20 

95.54 ± 
1.07 

98.01 ± 
1.33 

98.82 ± 
0.66 

Glioma Tumor 97.74 ± 
1.24 

97.23 ± 
1.24 

98.25 ± 
1.55 

99.31 ± 
0.44 

TABLE 3: Performance Summary for Each Tumor Type Averaged Across 
Five Folds 

 
WHO Meningioma 
Grade 

F1 Recall Precision Accur
acy 

Grade I 97.76 ± 
1.08 

96.83 ± 
1.03 

98.71 ± 
1.14 

99.19 
± 0.57 

Grade II 98.17 ± 
1.17 

97.71 ± 
1.33 

98.64 ± 
1.01 

99.24 
± 0.34 

Grade III 97.78 ± 
1.10 

97.24 ± 
1.00 

98.33 ± 
1.20 

99.06 
± 0.43 

TABLE 4: Performance Summary for Each Meningioma Grade Averaged 
Across Five Folds. 

The overall performance study indicates high quality and reliability 
of both classification tasks in this work. The accuracy reached 
extremely high scores, specifically ¿98.82% for all classes. The high 
precision and recall values furthermore indicate high quality of the 
model. Average precision scores ranged from 98.01% to 98.78% in the 
tumor classification task and 98.33% to 98.71% in the sub-grading task. 
These results indicate very few false positive values and the return of 
more relevant results than negative. Average recall scores range 
between 95.54% to 97.23% in the classification model and 96.83% to 
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97.71% in the sub-grading model, indicating the rare return of a false 
negative value. High recall scores are essential to studies in a medical 
context due to the immense risk involved in mistaking a patient with a 
tumor as healthy. 

Regarding the pituitary tumor subtype in the classification task, the 
diffuse nature of the tumors and the less defined gradients are probable 
explanations for the lower classification performance. For the 
meningioma category, the reason for the lower recall values can be 
attributed to the larger number of small tumors (<3ml) compared to 
other subtypes. In addition, outliers have been identified in this dataset 
where a small amount of the tumors were enhanced due to calcification. 

While tumor volumes and outlier MR and CT scans are reasons for 
the discrepancy in values across the board, the nature of the CNN 
architecture and training strategy used can further explain those results. 
Given GPU memory limitation, the preprocessed MR and CT scans 
have undergone a significant down sampling, and as such small tumors 
are reduced to very few voxels, impacting performance across the 
board. 

3.3 Accuracy and Loss Analysis 

 

FIGURE 3. Graphs of the validation and training accuracy (left) and loss (right) 
averaged over five splits during 12 epochs for the classification model. Error bars 
represent a 95% confidence interval, while the solid line represents the average. 
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FIGURE 4: Graphs of the validation and training accuracy (left) and loss (right) 
averaged over five splits during 12 epochs for the grading model. Error bars 
represent a 95% confidence interval, while the solid line represents the average. 

FIGURE 5: Heat maps of the confusion matrix regarding accuracies of tumor 
classification (left) and meningioma tumor grading (right), with 1.00 representing 
the highest accuracy. 

FIGURE 6. ROC curves depicting false positive versus true positives rates given 
threshold values between 0 and 1 with intervals of 0.2 for the classification task 
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(left) and grading task (right). The graphs were generated using the SKlearn utility in 
python. A baseline of 0.5 AUC is depicted in black. 

 

The data analysis reveals that high accuracy and AUC scores were 
achieved during an upwards trend through 12 epochs during the validation 
and training steps of the model. Below are tables listing the AUC scores of 
the classification and grading tasks demonstrated in figure 4. 
 
 Meningioma 

Tumor 
Pituitary 
Tumor 

Glioma 
Tumor 

No 
Tumor 

AUC 
Score 

.987 .981 .982 .985 

TABLE 5. AUC values for each ROC curves of the classification task. 
 
 Grade 

1 
Grade 
2 

Grade 
3 

AUC 
Score 

.984 .989 .978 

TABLE 6. AUC values for each ROC curves of the grading task. 

In concordance to the high accuracies revealed in previous tests, 
both models demonstrate exemplary AUC scores. During classification, 
the models were able to accurately distinguish positive and negative 
classes. Furthermore, AUC was calculated using an ROC curve in order 
to include variables such as threshold-invariance and scale-invariance, 
two variables absent if accuracy is used alone. The positive instance is 
ranked higher than the negative instance on both CNNs more than 98% 
of the time, indicating high quality of the model, the quality of the loss 
functions, and its reliability to a practitioner. 

The confusion matrices corroborate the results shown in the ROC 
curve. True-positive classes reach high accuracies, ranging from 93% up 
to 100% in the classification task and grading model. In both models, 
the extremes are 0, furthermore indicating high quality and stability. The 
Confusion Matrix displays the tendency to rank positive instances 
higher than negative instances almost all the time. 

As described earlier, some discrepancies and false-positives seen in 
both models can be attributed to tumor mass less than 3 ml. The slightly 
depressed percentage of true-positives could also be due to neoplastic 
growth included in the dataset that are not tumors, like cysts. 
Additionally, the validation accuracies range greatly and are slightly 
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lower than the training accuracies for each epoch. There are two 
plausible explanations for this discrepancy: slight overfitting of the 
model or data splits drastically affecting validation performance. The 
latter instance remains more likely due to the standard deviation (SD) of 
the validation step ranging greatly. Overfitting is less likely due to the 
high quality and stability of the training step. 

3.4 Attention Study 

FIGURE 7. Images taken with GradCam TensorFlow extension, showing a 
heat map of the areas with the highest attention in two T1-weighted MRI 
images. Highest attention approaches red from blue up the color scale. 
Manual delineation is shown in solid red. These samples are unprocessed and 
are used only as examples post-training. Therefore, the images are not 
skull-stripped. 

Attention, allocated importance during classification, in the images 
seem to surround the manually marked tumor mass, with the model 
giving the most importance to these contrasting sections. This study 
rules out any underlying possibility of pseudo-accuracy generated from 
falsified attention to extraneous variables, such as barcodes or markings 
outside the brain mass itself. Attention patterns in this study corroborate 
the high accuracies noted previously. 

Although attention is fairly concentrated in the image on the left, 
attention seems to spread across the 12 middle of the MRI image on the 
right. This discrepancy can be attributed to displacement of neighboring 
brain mass in response to the growth of a foreign mass. Another 
explanation for superfluous attention would be the inclusion of outlier 
non-cancerous cysts to the training and testing datasets. Cyst growth has 
been attributed to excess brain deformation when compared to tumor 
growth. Small amounts of attention could have formed due to patterns in 
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tumor localization as well. Another explanation for the discrepancies 
could be due to the use of unprocessed data for the sake of the attention 
study. 

4​ Discussion 
This study trained CNNs from various CT and MRI modalities to 
classify and grade meningioma tumors in the brain. The dataset 
comprised images from multiple scanners across hospitals worldwide. 
Using an EfficientNetB0 backbone, along with data augmentation and 
preprocessing, the classification and sub-grading models for pituitary 
tumors and meningiomas demonstrated high quality and performance, 
with average precision scores ranging from 98.01% to 98.78% and 
average recall scores between 95.54% to 97.23%. The high recall scores 
demonstrate low return of false negatives, which are detrimental in a 
medical context. Moreover, despite the challenges posed by small tumor 
volumes and outliers, the models achieved accuracy and AUC scores 
above approximately 0.98, indicating a reliable distinction between 
positive and negative classes. Furthermore, the attention study with 
GradCam confirms the model’s focus on relevant tumor areas, 
supporting the high accuracy and stability observed. 

The findings highlight the potential of CNNs to enhance 
neurosurgical and radiological practices by accurately diagnosing and 
grading brain tumors. By analyzing CT and MRI images with varying 
contrasts, temporal sequences, and positions, CNNs can improve in 
diagnostic accuracy and assist in surgical planning. Despite introducing 
variability, the high accuracy of CNN models in this study displays the 
efficacy of multimodal data in improving datasets. The accuracy of the 
lightwork EfficeientNetB0 model also exemplifies the feasibility of 
integrating machine learning into medical practices globally, including 
in resource-limited settings. 

This study aimed to evaluate the effectiveness of CNNs in medical 
image analysis and demonstrate their potential in clinical applications. It 
met its objectives by achieving high overall scores, demonstrating high 
discrimination capabilities, and allocating attention to areas of 
importance. The use of a diverse and extensive multimodal dataset and 
various image augmentation and preprocessing techniques further 
supported the goal of creating a robust and reliable model for 
diagnosing and grading meningioma tumors. 

Future work should focus on refining CNNs with false-positive, 
true-negative, and more complex meningioma samples to enhance 
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practical classification and identify specific images that lead to 
erroneous predictions. Expanding the dataset to include various other 
types of neoplasms would increase robustness. Additionally, 
incorporating modalities like histology and angiography in separate 
machine learning models could improve accuracy. Experimentation with 
different environments, including those with more limited GPU 
resources, is necessary to evaluate the model’s applicability in 
low-resource settings. Modifying callback and loss function parameters 
and adjusting convolutional and pooling layers in an ablation study 
would help address issues with miniature tumor growth or indentations 
smaller than 3 ml. Additionally, distinct models could be fine-tuned to 
assess the growth grades of other tumor classifications, such as glioma 
and pituitary, which were included in this study. The study faced 
challenges related to the high memory footprint of high-resolution MR 
and CT images, even when using advanced GPU environments. 
Down-sampling was necessary, which may have impacted some aspects 
of the model’s performance. Additionally, neoplasms less than three 
milliliters and outliers such as cyst growth may have caused confusion 
within the model. However, through these challenges, both models 
performed exceptionally. 

The deployment of convolutional neural networks (CNNs) for 
accurately grading meningiomas presents several ethical and regulatory 
challenges that must be carefully addressed to ensure patient safety, 
physician trust, and compliance with medical standards. One of the 
primary concerns is the potential for misdiagnosis, as CNNs may yield 
false positives or negatives, leading to inappropriate treatment decisions 
or missed diagnoses. This raises critical liability issues, questioning 
whether responsibility falls on the AI developers, healthcare institutions, 
or physicians relying on the system. Regulatory challenges further 
complicate deployment, as approval from governing bodies such as the 
FDA and EMA requires extensive validation to ensure clinical 
reliability. The black-box nature of many CNNs also poses transparency 
concerns, as physicians may be reluctant to trust AI-driven decisions 
without clear interpretability. Many clinicians remain skeptical of 
AI-based diagnostic tools, particularly those lacking explainability. 
Effective integration into clinical workflows requires a collaborative 
approach where AI augments, rather than replaces, human expertise. 
Continuous monitoring and updates are also necessary to maintain 
accuracy and prevent performance degradation over time.  

CNNs have a promising potential in the medical field, particularly 
for diagnosing and grading brain tumors. The success of the 
EfficientNetB0 architecture in maintaining high accuracy, precision, and 
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recall scores illustrates the feasibility of integrating machine learning 
into clinical practice. Future research and experimentation will be 
essential to refine these models, expand their applications, and ensure 
they are accessible and effective in diverse healthcare settings globally. 
This study is a foundational step towards more sophisticated and 
impactful machine learning in medicine and radiology, allowing for 
excellent patient safety and accurate diagnoses. 

5​ Acknowledgements 
This work was reviewed alongside Harvard University PhD Doctor 

of Philosophy candidate Sharifa Sahai. 

6​ Disclosures 
The authors declare that the research was conducted in the absence 

of any commercial or financial relationships that could be construed as a 
potential conflict of interest. 

Rights and consent were obtained for all imaging scans of patients 
and external programs. 

No funding was required for this research.  

 ​ 17                             Intersect, Vol 18, No 2 (2025) 



 
Rane, Multimodal CNNs and Brain Tumor Classification

 

7​ References 
Ashikaga, R., Araki, Y., & Ishida, O. (1997). Mri of head injury using 

flair. Neuroradiology, 39(4), 239–242. 
Batista-Garcıa-Ram´o, K., & Fern´andez-Verdecia, C. I. (2018). What 

we know about the brain structure– function relationship. 
Behavioral Sciences, 8(4), 39. 

Bebis, G., & Georgiopoulos, M. (1994). Feed-forward neural 
networks. IEEE Potentials, 13(4), 27–31. 
Bhandari, A., Koppen, J., & Agzarian, M. (2020). Convolutional 

neural networks for brain tumour segmentation. Insights into 
Imaging, 11(1), 1–9. 

Bhardwaj, R., Nambiar, A. R., & Dutta, D. (2017). A study of 
machine learning in healthcare. 2017 IEEE 41st Annual Computer 
Software and Applications Conference (COMPSAC), 2, 236–241. 
Bouvrie, J. (2006). Notes on convolutional neural networks. 
Buerki, R. A., Horbinski, C. M., Kruser, T., Horowitz, P. M., James, 

C. D., & Lukas, R. V. (2018). An overview of meningiomas. 
Future Oncology, 14(21), 2161–2177. 

Buxton, R. B., Edelman, R. R., Rosen, B. R., Wismer, G. L., & Brady, 
T. J. (1987). Contrast in rapid mr imaging: T1- and 
t2-weighted imaging. Journal of computer assisted 
tomography, 11(1), 7–16. 

Choi, S.-H., Bae, S., Ji, S. K., & Chang, M. J. (2012). The mri 
findings of meniscal root tear of the medial meniscus: 
Emphasis on coronal, sagittal and axial images. Knee Surgery, 
Sports Traumatology, Arthroscopy, 20(10), 2098–2103. 

Corno, A. F., & Festa, G. P. (2009). Introduction to ct scan and mri. 
Congenital Heart Defects: Decision Making for Cardiac 
Surgery Volume 3 CT-Scan and MRI, 1–17. 

D’Ambrosio, A. L., & Bruce, J. N. (2003). Treatment of meningioma: 
An update. Current Neurology and Neuroscience Reports, 
3(3), 206–214. 

Essig, M., Shiroishi, M. S., Nguyen, T. B., Saake, M., Provenzale, J. 
M., Enterline, D., Anzalone, N., D¨orfler, A., Rovira, A., 
Wintermark, M., et al. (2013). Perfusion mri: The five most 
frequently` asked technical questions. AJR. American journal 
of roentgenology, 200(1), 24. 

Fathi, A.-R., & Roelcke, U. (2013). Meningioma. Current neurology 
and neuroscience reports, 13(4), 1–8. 

Field, M., Witham, T. F., Flickinger, J. C., Kondziolka, D., & 
Lunsford, L. D. (2001). Comprehensive assessment of 

 ​ 18                             Intersect, Vol 18, No 2 (2025) 



 
Rane, Multimodal CNNs and Brain Tumor Classification

 
hemorrhage risks and outcomes after stereotactic brain biopsy. 
Journal of neurosurgery, 94(4), 545–551. 

Gallagher, M. J., Jenkinson, M. D., Brodbelt, A. R., Mills, S. J., & 
Chavredakis, E. (2016). Who grade 1 meningioma recurrence: 
Are location and simpson grade still relevant? Clinical 
neurology and neurosurgery, 141, 117–121. 

Goldbrunner, R., Minniti, G., Preusser, M., Jenkinson, M. D., 
Sallabanda, K., Houdart, E., von Deimling, A., Stavrinou, P., 
Lefranc, F., Lund-Johansen, M., et al. (2016). Eano guidelines 
for the diagnosis and treatment of meningiomas. The Lancet 
Oncology, 17(9), e383–e391. 

Goulden, K. J. (n.d.). An introduction to the ct scan. CT Scan: New 
Frontiers, 3. 
Hale, A. T., Wang, L., Strother, M. K., & Chambless, L. B. (2018). 

Differentiating meningioma grade by imaging features on 
magnetic resonance imaging. Journal of Clinical 
Neuroscience, 48, 71– 75. 

Hashemi, R. H., Bradley, W. G., & Lisanti, C. J. (2012). Mri: The 
basics: The basics. Lippincott Williams & Wilkins. 

Hellstr¨om, T., Dignum, V., & Bensch, S. (2020). Bias in machine 
learning–what is it good for? arXiv preprint 
arXiv:2004.00686. 

Herzog, I. (2010). Theory and practice of cost functions. Fusion of 
cultures. Proceedings of the 38th annual conference on 
computer applications and quantitative methods in 
archaeology, Granada, Spain, 375–382. 

Hortob´agyi, T., Bencze, J., Varkoly, G., Kouhsari, M. C., & Klekner, 
A. (2016). Meningioma recurrence.´ Open Medicine, 11(1), 
168–173. 

Isensee, F., J¨ager, P., Wasserthal, J., Zimmerer, D., Petersen, J., Kohl, 
S., Schock, J., Klein, A., Roß, T., Wirkert, S., Neher, P., 
Dinkelacker, S., K¨ohler, G., & Maier-Hein, K. (2020). 
Batchgenerators -a python framework for data augmentation. 
https://doi.org/10.5281/ZENODO.3632567 

Khoo, M. M., Tyler, P. A., Saifuddin, A., & Padhani, A. R. (2011). 
Diffusion-weighted imaging (dwi) in musculoskeletal mri: A 
critical review. Skeletal radiology, 40(6), 665–681. 

Kirkali, Z., Chan, T., Manoharan, M., Algaba, F., Busch, C., Cheng, 
L., Kiemeney, L., Kriegmair, M., Montironi, R., Murphy, W. 
M., et al. (2005). Bladder cancer: Epidemiology, staging and 
grading, and diagnosis. Urology, 66(6), 4–34. 

 ​ 19                             Intersect, Vol 18, No 2 (2025) 



 
Rane, Multimodal CNNs and Brain Tumor Classification

 
LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. nature, 
521(7553), 436–444. 
Ma, W., & Lu, J. (2017). An equivalence of fully connected layer and 

convolutional layer. arXiv preprint arXiv:1712.01252. 
Magill, S. T., Young, J. S., Chae, R., Aghi, M. K., Theodosopoulos, P. 

V., & McDermott, M. W. (2018). Relationship between tumor 
location, size, and who grade in meningioma. Neurosurgical 
focus, 44(4), E4. 

Murray, N., & Perronnin, F. (2014). Generalized max pooling. 
Proceedings of the IEEE conference on computer vision and 
pattern recognition, 2473–2480. 

O’Shea, K., & Nash, R. (2015). An introduction to convolutional 
neural networks. arXiv preprint arXiv:1511.08458. 

Pak, M., & Kim, S. (2017). A review of deep learning in image 
recognition. 2017 4th international conference on computer 
applications and information processing technology (CAIPT), 
1–3. 

Pekar, J. J. (2006). A brief introduction to functional mri. IEEE 
Engineering in Medicine and Biology Magazine, 25(2), 24–26. 

Perry, A. (2018). Meningiomas. Practical surgical neuropathology: A 
diagnostic approach (pp. 259–298). Elsevier. 

Rajan, S. S. (1997). Mri: A conceptual overview. 
Steen, H., & Schwenger, V. (2007). Good mri images: To gad or not to 

gad? Pediatric Nephrology, 22(9), 1239–1242. 
Stevenson, V., Parker, G., Barker, G., Birnie, K., Tofts, P., Miller, D., 

& Thompson, A. (2000). Variations in t1 and t2 relaxation 
times of normal appearing white matter and lesions in multiple 
sclerosis. Journal of the neurological sciences, 178(2), 81–87. 

Svozil, D., Kvasnicka, V., & Pospichal, J. (1997). Introduction to 
multi-layer feed-forward neural networks. Chemometrics and 
intelligent laboratory systems, 39(1), 43–62. 

Wattjes, M. P. (2011). Structural mri. International psychogeriatrics, 
23(S2), S13–S24. 
Whittle, I. R., Smith, C., Navoo, P., & Collie, D. (2004). 

Meningiomas. The Lancet, 363(9420), 1535– 1543. 
Zhao, H., Gallo, O., Frosio, I., & Kautz, J. (2015). Loss functions for 

neural networks for image processing. arXiv preprint 
arXiv:1511.08861. 

 ​ 20                             Intersect, Vol 18, No 2 (2025) 


	1​Introduction 
	2​Methods 
	2.1 Dataset 
	2.2 Patch Sampling with Data Augmentation 
	2.3 Image Preprocessing 
	2.4 Architecture Design and Attention Mechanisms 
	2.5 Training Strategies 

	3.​Results 
	3.1 Implementation Details 
	3.2 Overall Performance Study 
	3.3 Accuracy and Loss Analysis 
	3.4 Attention Study 

	4​Discussion 
	5​Acknowledgements 
	6​Disclosures 
	7​References 

