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ABSTRACT 

Deep learning models are proficient at segmenting brain tumors; however, they face challenges in clinical environments due to the 

"black box" problem and a lack of adequate testing involving real users. This research investigates a pseudocolor-guided U-Net 

segmentation approach by assessing its technical effectiveness and interpretability for users. The model, which was trained on the 

BraTS 2021 dataset and utilized confidence-based post-processing, recorded Dice scores of 0.87 for the necrotic core, 0.82 for 

edema, and 0.85 for the enhancing tumor. A study conducted with five neuroradiologists demonstrated that pseudocolor 

visualization enhanced boundary identification accuracy by 23% (p<0.001). Additionally, it reduced diagnostic time by 29% 

(p<0.01) and increased confidence scores from 3.1 out of 5 to 4.5 out of 5 (p<0.001). Interrater agreement improved from κ=0.68 

to κ=0.84. These results indicate that pseudocolor visualization significantly enhances comprehension and decision-making. This 

emphasizes the importance of validating AI technologies in medical imaging with an emphasis on human usability. 
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1. Introduction 

Artificial intelligence has achieved remarkable outcomes in the analysis of medical images, notably in segmenting brain tumors, 

where convolutional neural networks are performing comparably to expert radiologists. AI-driven diagnostic systems can facilitate 

quicker diagnoses, decrease interobserver variability, and aid in personalized treatment planning. The primary barrier to clinical 

implementation remains the inherent lack of transparency in deep learning models. Clearly, interpretability and explainability are 

critical safety components; healthcare professionals must have confidence in these models, and regulatory agencies must endorse 

them. Although recent advancements in explainable AI techniques for medical imaging, such as attention maps, GradCAM, and 

saliency maps, have been made, validation involving clinicians is still limited. In this study, for the first time, a segmentation system 

utilizing pseudocolor guidance will be proposed and evaluated through a human-centered protocol co-developed with medical 

professionals. 
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2. Related Work 

Deep learning models such as U-Net and its variations have significantly speed up brain tumor segmentation processes. Benchmark 

datasets like BraTS facilitate reproducible assessments but also lead to generalization issues across different clinical 

environments.Various visualization methods have emerged from explainable AI studies, yet validation with clinician involvement 

remains frequently absent. The perceptual advantages of pseudocolor mapping have been demonstrated in techniques like multi 

parametric MRI, providing a basis for its application to brain tumor segmentation. 

 

3. Materials and Methods 

 

 

3.1 System Overview 

The system is made up of several components: 

(1) preprocessing, (2) a two-dimensional U-Net segmentation model developed using MONAI/PyTorch, (3) post processing through 

a confidence model and morphological refinement, and (4) an embedding engine for pseudocolor visualization accompanied by a 

web interface for clinical assessment. 

 

3.2 Data and Preprocessing 

We utilized the BraTS 2021 dataset containing multiparametric MRI images, which include T1, T1ce, T2, and FLAIR scans, along 

with expert-annotated masks marking the necrotic core, edema, and enhancing tumor. The images were resized to 256 × 256, and 

their intensity values were normalized to the range [0,1]. The channels for T1, T2, and FLAIR were combined to create three- 

channel inputs. Labels were mapped onto discrete classes: 

 

3.3 Segmentation Model 

A 2D U-Net architecture was employed, consisting of an encoder with four blocks (with channels of 64, 128, 256, and 512) and a 

bottleneck comprising 1024 channels. The decoder mirrored this structure. The final layer generated 4-channel logits (including 

background and three tumor classes). The model encompasses around 31 million parameters. Training utilized a combined Dice 

and Cross-Entropy loss (DiceCELoss) with the AdamW optimizer, a ReduceLROnPlateau scheduler, batch size of 4, and early 

stopping protocols. Training lasted for a maximum of 30 epochs with an 85/15 ratio for the train/validation split. 

 

3.4 Confidence-Based Post-Processing 

Logits were transformed into class probabilities using softmax. Class-specific confidence thresholds were established: p1=0.45 for 

necrotic, p2=0.55 for edema, and p3=0.60 for enhancing tumors. Small connected components below area thresholds were 

eliminated (50 px for necrotic, 350 px for edema, and 350 px for enhancing) to minimize false positives while maintaining true 

tumor regions. 

 

3.5 Pseudocolor Mapping 

A pseudocolor scheme was developed that is perceptually distinct: the background is set to (128,128,128); the necrotic core is 

represented by (0,255,0—green); edema is denoted as (0,255,255—cyan); while the enhancing tumor appears in either blue or red 

based on interpretation. Colors were chosen to ensure they are perceptually separable in the CIE L*a*b* color space and align with 

established clinical standards. Overlays were created by merging pseudocolor masks with grayscale images using an alpha 

transparency of 0.4 for optimal visibility. 
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3.6 Novel Interpretability Metrics 

In addition to Dice and Hausdorff distance, the following metrics were introduced: 

• Color Distinctiveness Score (CDS): calculated as the average ΔE00 between the pixels at the boundaries of regions in the CIE 

L*a*b* color space. A higher CDS value indicates improved visual separability. 

• Region Boundary Clarity (RBC): computed as the mean gradient magnitude at the boundaries of regions in the pseudocolor image. 

• Tumor Detection Confidence: represented by the average softmax probability across correctly identified tumor pixels. 

 

3.7 User Study Design 

A total of five observers took part: three board-certified neuroradiologists (8 to 15 years of experience) and two final-year residents 

in radiology. Using a within-subject design, each observer assessed 20 cases in both grayscale and pseudocolor to evaluate boundary 

delineation, classify subregions (low vs. high-grade), estimate volume, and gauge confidence on a scale of 1 - 5. Following a training 

session, the evaluation sequence was arranged as: grayscale assessment, a break, pseudocolor assessment, and finally a comparative 

survey. The time taken for decisions was recorded automatically. 

 

3.8 Comparative Explainability Methods 

Two other interpretability methods were incorporated for benchmarking purposes: self-attention visualization (extracted attention 

weights from a bottleneck self-attention module) and GradCAM. The radiologists provided ratings for intelligibility, clinical 

relevance, trust enhancement, and actionability for each of the three methods using a 5-point Likert scale, while metrics such as 

Dice, decision time, and confidence were gathered as objective measurements. 

 

4. Results 

 

 

4.1 Segmentation Performance 

 

In the evaluation set containing 45 cases, the metrics per class were: 

 

 

Tumor Class Dice Hausdorff (mm) Precision Recall Specificity 

Necrotic Core 0.87 5.2 0.89 0.85 0.98 

Edema 0.82 7.8 0.84 0.80 0.95 

Enhancing Tumor 0.85 6.1 0.88 0.83 0.97 

Mean 0.85 6.4 0.87 0.83 0.97 

 

 

 

4.2 Effects of Post-processing 

  

Post-processing led to a reduction in false positives across classes: for raw predictions - Precision 0.79, Recall 0.89, FPR 0.14, Dice 

0.82; following confidence filtering - Precision 0.87, Recall 0.83, FPR 0.06, Dice 0.85; and after morphological refinement - 

Precision 0.87, Recall 0.83, FPR 0.03, Dice 0.85. 
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4.3 Novel Interpretability Metrics 

 

 

The CDS values for pairs of regions were: Necrotic versus Edema, 72.3 (indicating high distinctness); Necrotic versus Enhancing, 

68.5 (indicating high distinctness); Edema versus Enhancing, 45.8 (indicating distinctness). The RBC was found to be 187.4 (in 

normalized units). The average tumor detection confidence scores were: necrotic, 0.82; edema, 0.76; enhancing, 0.79. 

 

4.4 User Study Findings 

The diagnostic accuracy, as measured by participant-defined Dice, significantly increased from 0.71 ± 0.08 to 0.87 ± 0.05 when 

using pseudocolor (p<0.001). The volume estimation error was reduced from 18.3% ± 6.2 to 11.7% ± 4.1 (a decrease of 36%, 

p<0.01). The accuracy of region classification improved from 78.5% to 91.2% (an increase of 12.7%, p<0.01). Decision times 

decreased from 94.8 ± 14.2 seconds to 67.5 ± 9.8 seconds (a reduction of 29%, p<0.01), with the most significant savings occurring 

in the initial tumor detection phase (a reduction of 39%) and in region delineation (a reduction of 28%). Self-reported confidence 

levels rose from 3.1 to 4.5 (p<0.001). The interrater agreement, as measured by Fleiss' κ, improved from 0.68 to 0.84 with the 

pseudocolor technique (p<0.05). 

 

4.5 Comparative Explainability Performance 

In general, pseudocolor excelled compared to attention maps and GradCAM across subjective evaluations of comprehensibility, 

clinical relevance, trust, and actionability. Objectively, it produced better metrics: Dice of 0.87 (pseudocolor) versus 0.74 (attention) 

and 0.78 (GradCAM); decision times of 67.5 seconds compared to 89.2 seconds and 82.3 seconds; and confidence levels of 4.5 

versus 3.1 and 3.4. 

 

4.6 Failure Modes 

Identified limitations involve very small tumors (less than 500 pixels), postoperative cases exhibiting bleeding, and low-grade 

diffuse gliomas. For these particular cases, the Dice score dropped to 0.63, highlighting the need for specialized training data and 

adjustments specific to the domain. 

 

5. Discussion 

The segmentation process utilizing pseudocolor is a semantic visualization that is aligned with tasks and significantly improves 

radiologist performance when compared to model-focused explanations like attention and GradCAM. This pseudocolor method 

provides pixel-level class labeling, adheres to clinical conventions, and takes advantage of preattentive color processing for quicker 

understanding. Future clinical AI research should integrate evaluations centered around human factors and metrics regarding 

interpretability of reports into their studies, in addition to current assessment of segmentation accuracy. Some obstacles to clinical 

adoption include integration with PACS/DICOM systems, real-time GPU processing, quality assurance for model stability, and 

legal considerations. This study does have limitations related to the sample size, reliance on BraTS-specific data, 2D slice 

segmentation, and issues related to color-blind testing. 

 

6. Conclusion 

The pseudocolor guidance significantly improves the interpretability and clinical decision-making in AI-supported brain tumor 

segmentation. This research presents a reproducible validation framework that connects algorithmic efficacy with human task 

performance and preferences, advancing the journey towards explainable medical imaging AI that is clinically valuable. 
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