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Abstract Hepatic steatosis affects approximately 30.2% of the global population and, if undetected, can 
silently progress to non-alcoholic steatohepatitis, cirrhosis, and hepatocellular carcinoma. Manual CT 
interpretation for fatty liver assessment is time-consuming and prone to inter-observer variability, 
motivating research into automated screening tools. We propose RadDenseNet, a DenseNet121 model 
initialized with RadImageNet weights pretrained on 1.35 million medical images spanning CT, MRI, and 
ultrasound, and evaluate it      as a research prototype. The first 397 of 427 backbone layers were frozen, 
and the remaining 30 layers were fine-tuned alongside a classification head comprising global average 
pooling, a dense layer of 256 units, batch normalization, and dropout of 0.5. The model was trained on the 
Kaggle Liver CT Image Dataset - 3,557 abdominal CT images across Healthy and Hepatic Steatosis classes 
- using a stratified 70/20/10 split with 5-fold cross-validation. RadDenseNet was compared against six 
baseline models spanning ImageNet and RadImageNet pretraining across ResNet50, InceptionV3, and 
DenseNet121 architectures. The decision threshold was optimized on the validation set, yielding τ = 0.48. 
On the held-out test set, RadDenseNet achieved 96.35% accuracy, AUC of 0.9966, sensitivity of 0.9538, 
specificity of 0.9752, precision of 0.9789, and F1-score of 0.9662, with 5-fold cross-validation confirming 
stable performance (mean accuracy 96.46% ± 0.68%, mean AUC 0.9962 ± 0.0014). RadImageNet pretraining 
consistently outperformed ImageNet pretraining across all architectures, with accuracy improvements of 
2.81 to 5.90 percentage points. Grad-CAM analysis covering all four prediction categories revealed that 
false positives arose from extra-hepatic attention and false negatives from weak parenchymal activation - 
clinically meaningful failure modes. External validation on multi-center datasets, extension to multi-class 
steatosis grading, and liver ROI segmentation as preprocessing are recommended as future directions. 

Keywords Hepatic steatosis; RadImageNet; DenseNet121; Explainable AI; Computed tomography.

I. Introduction   

Hepatic steatosis, commonly known as Nonalcoholic 
Fatty Liver Disease (NAFLD), affects approximately 
30.2% of the global population [1], [2] and, if 
undetected, progresses silently through non-alcoholic 
steatohepatitis, cirrhosis, and hepatocellular carcinoma 
[3], [4]. Computed tomography (CT) offers a practical 
non-invasive route for steatosis screening [5], where 
steatosis appears as a measurable reduction in liver 
attenuation relative to the spleen, expressed in 
Hounsfield Units (HU) [6]. However, manual 
interpretation is time-consuming and subject to inter-
observer variability, creating a need for automated 
detection tools.   Deep learning and transfer learning 
have delivered strong performance across CT-based 
applications including liver cancer detection [7], [8], 
lung cancer detection [10], brain tumor classification 
[11], and kidney tumor detection [12] by adapting 
feature representations to new target tasks [9]. Despite 

this progress, most CT-based steatosis studies rely on 
segmentation pipelines [13], [15], handcrafted 
radiomics [14], or 3D volumetric classifiers [16] rather 
than end-to-end image classification. The few studies 
that have attempted direct CT image classification used 
ImageNet-pretrained weights - a domain mismatch 
since natural photograph features bear little 
resemblance to grayscale CT tissue density patterns 
where steatosis-relevant HU differences are as little as 
5-10 HU [6]. We hypothesize that RadImageNet [17] - 
1.35 million annotated CT, MRI, and ultrasound images 
curated by radiologists - provides more relevant feature 
initialization than ImageNet for CT-based steatosis 
classification [25]. A second unaddressed gap exists: 
nearly all published CT-based liver models provide no 
insight into which image regions drove their predictions 
[31]. This study addresses both gaps. The key 
contributions are: (1) to the best of our knowledge, the 
first application of RadImageNet pretraining to direct 
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end-to-end binary hepatic steatosis classification from 
2D CT images, distinct from segmentation-based [13], 
[15], radiomics-based [14], and 3D volumetric [16] 
approaches; (2) systematic comparison against six 
baseline models spanning two pretraining domains; (3) 
stratified 70/20/10 split with 5-fold cross-validation; and 
(4) Grad-CAM explainability covering all four prediction 
categories - true positives, true negatives, false 
positives, and false negatives.  

 

II. Method 
The overall pipeline is illustrated in Fig. 1. The following 
subsections describe each stage in detail. 

A. Dataset  

The Kaggle Liver CT Image Dataset [18] comprises 
3,557 non-contrast abdominal CT images across two 
classes - Healthy (1,611 images) and Hepatic Steatosis 
(1,946 images) - stored in RGB format at 256×256 

pixels. The mild class imbalance (1:1.2) was addressed 
using class weights during training. The diagnostic 
labels were assigned by the dataset curators based on 
CT imaging criteria; the exact reference standard is 
undocumented, and the model is trained on      Kaggle-
provided annotations rather than independently verified 
clinical ground truth [18], [49].  

B. Data Split  

The dataset was divided using stratified random 
splitting (70/20/10), yielding 2,490 training, 711 
validation, and 356 test images, preserving the class 
ratio across all subsets [19]. The test set was held out 
throughout and used only once for final evaluation. A 
fixed random seed of 42 ensured full reproducibility. 5-
fold stratified cross-validation was additionally 
performed on the combined training and validation set 
of 3,201 images, with the test set kept completely 
separate. The Kaggle dataset does not provide patient-

 
Fig. 1. Overall workflow of the proposed RadDenseNet framework for automated hepatic steatosis 
detection from abdominal CT images, including data preparation, model training, testing, performance 
evaluation, and Grad-CAM explainability.  
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level identifiers, preventing patient-level splitting. The 
image-level split preserves class proportions, but slice-
level correlation across subsets cannot be excluded, 
representing an acknowledged limitation.  
C. Data Processing 
The preprocessing pipeline comprises three sequential 
operations: spatial resizing, pixel normalization, and 
data augmentation. The Kaggle dataset provides 
images as pre-converted 8-bit PNG files rather than 
raw DICOM files with native HU values; therefore, the 
original windowing parameters are inaccessible. The 8-
bit PNG pixel values cannot be treated as calibrated 
HU measurements, and the degree to which the PNG 
representation preserves the subtle liver-to-spleen 
attenuation differences - as little as 5–10 HU - that carry 
diagnostic significance for steatosis assessment [6] is 
uncertain. This represents a meaningful 
methodological limitation to consider when interpreting 
the reported results.  
1. Image resizing: All images were resized from their 
original resolution of 256×256 pixels to 224×224 pixels 
to match the input dimensions required by the 
proposed backbone architecture. Bilinear interpolation 
was used to maintain smooth intensity gradients during 
resizing. As defined in [47],     the output spatial 
dimension after resizing is computed using Eq. (1):  

𝑂 =  𝑓𝑙𝑜𝑜𝑟(
 𝑙−1

𝑠
)  +  1        (1) 

where 𝑂 is the output spatial dimension after resizing 

(O = 224 pixels), 𝑙  is the original input spatial 

dimension (I = 256 pixels), 𝑠 is the down-sampling 

stride factor that determines the sampling interval 

between input and output pixel positions, and 𝑓𝑙𝑜𝑜𝑟 (·) 

denotes the floor function that rounds the result down 
to the nearest integer to ensure a whole number of 
output pixels. 
2. Pixel Normalization: Raw CT images are stored as 
8-bit unsigned integers with pixel intensity values in the 
range [0, 255]. To ensure numerical stability during 
gradient-based optimization and to bring the input 
distribution into a range compatible with the pretrained 
RadImageNet weights, each pixel value was 
normalized to [0, 1] using min-max scaling [27] as 
defined in Eq. (2): 

𝑥𝑛𝑜𝑟𝑚 =  
𝑥

255
                         (2) 

where x is the original pixel intensity value (x ∈ [0, 255]) 

and 𝑥𝑛𝑜𝑟𝑚 is the normalized pixel value (𝑥𝑛𝑜𝑟𝑚∈ [0, 

1]). This linear normalization does not change      
relative pixel-intensity      differences within the PNG 
representation. However, since the original DICOM 
files and windowing parameters are unavailable, the 8-
bit PNG pixel values cannot be confirmed to retain a 
calibrated linear relationship with native Hounsfield Unit 
measurements.  

3. Data Augmentation: Data augmentation was 

applied exclusively to the training set to improve 
generalization and reduce overfitting; validation and 
test images underwent only resizing and normalization. 
The pipeline comprised four stochastic transformations 
- horizontal flip, vertical flip, rotation, and brightness 
adjustment - each applied independently with a fixed 
probability, selected to simulate realistic CT acquisition 
variability without introducing anatomically implausible 
distortions. 
4. Random Horizontal Flip: As defined in [20], each 
training image was horizontally flipped with probability 
p = 0.5, and computed using Eq. (3): 

𝑥𝑓𝑙𝑖𝑝 = {
𝑓𝑙𝑖𝑝(𝑥)     𝑓𝑜𝑟 𝑢 ≤ 𝑝

            𝑥        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
  (3) 

where 𝑥 is the input image, 𝑢 ~ Uniform (0,1) is a 

random variable drawn at runtime, 𝑝 = 0.5 is the flip 

probability, and 𝑓𝑙𝑖𝑝(𝑥) denotes the left-right mirror 

transformation. Horizontal flipping simulates variability 
in patient positioning within the CT scanner gantry. 

5. Random Vertical Flip: A vertical flip was applied 

with probability 𝑝 = 0.5, [20] as given in Eq. (4): 

𝑥𝑓𝑙𝑖𝑝 = {
𝑓𝑙𝑖𝑝𝑦(𝑥)     𝑓𝑜𝑟 𝑢 ≤ 𝑝

            𝑥                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
      (4) 

where 𝑓𝑙𝑖𝑝𝑦(𝑥) denotes the top-to-bottom      mirror 

transformation. While vertical flipping generates 

 
Fig. 2. Two-phase experimental design comparing 
ImageNet and RadImageNet-pretrained CNN 
architectures for hepatic steatosis classification. 
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orientations not encountered in standard axial CT 
acquisition, it was applied conservatively to increase 
training set diversity and reduce orientation-specific 
bias. 

6. Random Rotation: Each image was rotated by a 
random angle θ sampled uniformly from [−15°, +15°] 
using a 2D affine rotation matrix, [20] as defined in Eq. 
(5): 

𝑥𝑟𝑜𝑡 = 𝑅(𝜃). 𝑥 =  [
cos 𝜃 −𝑠𝑖𝑛𝜃
𝑠𝑖𝑛𝜃 cos 𝜃

] . 𝑥        (5) 

where 𝑥 is the input image, 𝑅(𝜃) is the 2D rotation 

matrix, θ ~ Uniform (−15°, +15°) is the sampled rotation 
angle, and · denotes the spatial affine transformation 
applied to the image coordinates. This transformation 
simulates variability in patient tilt and gantry angle 
during CT acquisition. 

7. Random Brightness Adjustment: A random 
brightness scaling factor β was applied to each training 
image, [20] as given in Eq. (6): 

𝑥𝑏𝑟𝑖𝑔ℎ𝑡 =  𝛽. 𝑥𝑛𝑜𝑟𝑚       (6) 

where 𝑥𝑛𝑜𝑟𝑚 is the normalized pixel value from Eq. (2), 

β ~ Uniform (0.85, 1.15) is a brightness scaling factor 

sampled uniformly from [0.85, 1.15], and 𝑥𝑏𝑟𝑖𝑔ℎ𝑡 is the 

brightness-adjusted output, clipped to [0, 1] after 
scaling. This augmentation simulates variations in CT 
tube current and scanner exposure settings across 
different acquisition protocols [6]. Since the Kaggle 
dataset provides images as pre-converted 8-bit PNG 
files rather than raw DICOM files, the original HU-level 
intensity information has already been transformed 
during DICOM-to-PNG conversion. Within the PNG 
representation, modest brightness variation simulates 
acquisition variability. However, since the PNG pixel 
values cannot be confirmed as calibrated HU 
measurements, the precise effect of brightness scaling 
on diagnostically relevant intensity information is 
uncertain. The conservative ±15% range was selected 
to minimize this risk. Together, these four 
augmentation operations expand the effective diversity 
of the training set without collecting additional data, 
reducing the tendency of the model to overfit to specific 
imaging conditions present in the training subset. 

D. Baseline Models and Proposed Architecture  

This study follows a two-phase experimental design to 
evaluate the role of pretraining domain. In both phases, 
an identical classification head - consisting of Global 
Average Pooling, a Dense layer of 256 units with ReLU 
activation, Batch Normalization, Dropout of 0.5, and a 
final sigmoid output node - is attached to each 
backbone, ensuring performance differences are 
attributable solely to backbone architecture and 
pretraining source (Fig. 2). The last 30 layers of each 
backbone were kept trainable, while, all preceding 

layers were frozen, with all other training settings 
identical across all six models.  

1. Phase 1: In the Phase 1 three widely used CNN 
architectures are evaluated with weights pretrained on 
ImageNet - a large-scale dataset of over 1.2 million 
natural photographs spanning 1,000 object categories 
[21]. The architectures selected are ResNet50, 
InceptionV3, and DenseNet121, each representing a 
distinct design philosophy.  

ResNet50: ResNet50 introduces residual (skip) 
connections to address the vanishing gradient problem 
that limits training of very deep networks. The output of 
each residual block is computed as given in Eq. (7): 

𝑥𝑙+1 = 𝐹(𝑥𝑙, {𝑊𝑙}) +  𝑥𝑙            (7) 

where 𝑥𝑙 is the input to residual block 𝑙, 𝐹(𝑥𝑙 , {𝑊𝑙}) is 

the residual mapping learned by two or three stacked 

convolutional layers with weight set {𝑊𝑙}, and 𝑥𝑙  is the 

identity shortcut connection added element-wise to the 
residual output. This formulation allows gradients to 
flow directly through the identity path during 
backpropagation, enabling effective training of 
networks up to hundreds of layers deep [22]. 

InceptionV3: InceptionV3 employs parallel 
convolutional branches of different kernel sizes within 
each Inception module, enabling the model to capture 
features at multiple spatial scales simultaneously. As in 
[23], the output of an Inception module is the channel-
wise concatenation of all parallel branches, as defined 
in Eq. (8): 

𝑦 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐶𝑜𝑛𝑣1 × 1(𝑥), 𝐶𝑜𝑛𝑣3 × 3(𝑥), 𝐶𝑜𝑛𝑣5 ×
5(𝑥), 𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (𝑥))     (8) 

where 𝑥 is the input feature map, 𝐶𝑜𝑛𝑣1 × 1, 

𝐶𝑜𝑛𝑣3 × 3, and 𝐶𝑜𝑛𝑣5 × 5 represent convolutions 

with kernel sizes 1 × 1, 3 × 3, and 5 × 5 respectively 

applied in parallel branches, 𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (𝑥) is a 3 × 3 

max-pooling branch, and 𝐶𝑜𝑛𝑐𝑎𝑡 (·) denotes channel-

wise concatenation of all branch outputs. In 
InceptionV3, larger convolutions are factorized into 
sequences of smaller convolutions to reduce 
computational cost while maintaining receptive field 
coverage [23]. 

DenseNet121: DenseNet121 uses dense connectivity, 
where each layer receives concatenated feature maps 
from all preceding layers within a dense block. This is 
in contrast to ResNet's element-wise summation and 
enables full feature reuse throughout the network. As 
in [24] the output of layer l within a dense block is 
defined in Eq. (9): 

𝑥𝑙 = 𝐻𝑙([𝑥0, 𝑥1, … , 𝑥𝑙−1])         (9) 

where 𝑥𝑙 is the output of layer 𝑙, 𝐻𝑙  (·) is the composite 

function consisting of Batch Normalization ReLU 
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Conv2D (3 × 3) applied to the input, and 

[𝑥0, 𝑥1, … , 𝑥𝑙−1] denotes channel-wise concatenation 

of the feature maps from all preceding layers 0 through 

𝑙 − 1. This dense connectivity preserves low-level 

features throughout the network, which is particularly 
advantageous for tasks requiring fine-grained texture 
discrimination, such as hepatic steatosis classification 
from CT images [24]. 

    The number of output feature maps at each dense 
layer is controlled by the growth rate k, [24] as given in 
Eq. (10): 

𝑖𝑛𝑝𝑢𝑡 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠𝑙 =  𝑘0 + 𝑘 ∗ (𝑙 − 1)    (10) 

where 𝑘0 is the number of channels in the initial input 

to the dense block, 𝑘 is the growth rate (𝑘 = 32 in 

DenseNet121), and 𝑙 is the layer index within the block. 

Between dense blocks, transition layers reduce spatial 
dimensions and compress feature channels by a 
compression factor θ = 0.5, [24] as given in Eq. (11): 

𝑚𝑜𝑢𝑡 =  ⌊ 𝜑 . 𝑚𝑖𝑛 ⌋           (11) 

where 𝑚𝑖𝑛 is the number of input feature maps to the 

transition layer, 𝑚𝑜𝑢𝑡  is the number of output feature 

maps, and 𝜑 = 0.5 is the compression ratio used in 

DenseNet121. 

    While these architectures have proven effective 
across a wide range of natural image tasks, their 
suitability for CT-based medical imaging is inherently 
limited by the domain gap between natural 
photographs and grayscale tissue density maps [25]. 

2. Phase 2:      Phase 2 addresses this limitation 
directly. The same three architectures are re-evaluated 
using weights pretrained on RadImageNet [17], a large-
scale medical imaging dataset containing 1.35 million 
annotated CT, MRI, and ultrasound images across 165 
pathological categories, curated by trained radiologists. 
By replacing ImageNet initialization with RadImageNet 
initialization while keeping everything else identical, 
this phase isolates the effect of pretraining domain on 
classification performance. The best-performing model 
from this phase is selected as the proposed model for 
this study (see Fig. 2). An identical classification head 
is appended to each backbone in both phases. The 
head consists of four sequential operations: Global 
Average Pooling (GAP), a Dense layer with ReLU 
activation, Batch Normalization, Dropout, and a final 
sigmoid output layer. GAP reduces the 7×7×1024 
spatial feature map output of the backbone to a 1024-
dimensional vector by computing the spatial average of 
each channel [24].  This operation discards spatial 
position information while retaining channel-wise 
feature strength, and is defined as in Eq. (12): 

 𝑧𝑐  =   
1

𝐻 × 𝑊
∑ ∑ 𝑓𝑐(𝑖, 𝑗)𝑊

𝑗=1
𝐻
𝑖=1         (12) 

where 𝑧𝑐 is the pooled scalar output for channel c, H 

and W are the spatial height and width of the feature 

map, and 𝑓𝑐 (𝑖, 𝑗) is the activation value at spatial 

position (𝑖, 𝑗) in channel c. GAP produces a compact 

feature vector while retaining channel-wise information 
and is invariant to spatial input size.  Batch 
Normalization: Batch Normalization is applied after the 
dense layer to stabilize the distribution of activations 
and accelerate training convergence, [44] as defined in 
Eq. (13): 

𝑥̂  =  
 𝑥−µ_𝐵

√𝜎_𝐵2+𝜀
, 𝑦 = Г𝑥 ̂  + 𝛽       (13) 

where 𝑥 is the input activation, µ_𝐵 and 𝜎_𝐵2 are the 

mini-batch mean and variance, ε = 1×10⁻⁵ is a small 

constant added for numerical stability, and Г and β are 
learnable affine transformation parameters (scale and 
shift). During inference, population statistics 
accumulated during training replace the mini-batch 
statistics [27]. The fully connected Dense layer 
transforms the 1024-dimensional GAP output to a 256-
dimensional representation, followed by ReLU 
activation, [27] as given in Eq. (14): 

ℎ = 𝑅𝑒𝐿𝑈 (𝑊. 𝑧 + 𝑏) = 𝑚𝑎𝑥(0, 𝑊. 𝑧 + 𝑏)         (14) 

where 𝑧 is the 1024-dimensional input vector from 

GAP, 𝑊 ∈ ℝ^(256×1024) is the learnable weight 

matrix, 𝑏 ∈ ℝ^256 is the bias vector, ℎ ∈ ℝ^256 is the 

output activation, and 𝑚𝑎𝑥(0, . ) is the 𝑅𝑒𝐿𝑈 non-

linearity that introduces non-linear feature 
transformation while avoiding the vanishing gradient 
problem [27]. Dropout is applied after Batch 

Normalization with a rate of 𝑝 = 0.5 during training to 

prevent co-adaptation of neurons and reduce 
overfitting, [45] as defined in Eq. (15): 

𝑥𝑖̃ = {

0          𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑝  
𝑥𝑖

1−𝑝
  𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 1 − 𝑝   

                             

       (15) 

where 𝑥𝑖 is the 𝑖-th neuron activation, 𝑝 = 0.5 is the 

dropout probability, and 𝑥𝑖̃ is the masked output. The 

factor 
1

1−𝑝
 scales the surviving activations to preserve 

the expected output magnitude. During inference, 
dropout is disabled, and all neurons contribute with 
their full activations [27]. 

Sigmoid Output Layer: The final classification layer 

applies sigmoid activation to produce a probability 

output [27].  The sigmoid function maps any real-

valued input to a continuous output in the range (0, 

1), making it well-suited for binary classification tasks. 
The probability output 𝑦̂ is defined as Eq. (16): 

𝑦̂  =  𝜎 (𝑧)  =  
1

1+ 𝑒−𝑧                (16) 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1688
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics  
Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1555-1570           e-ISSN: 2656-8632 

 

Manuscript received 6 July 2026; Revised 8 August 2026; Accepted 15 September 2026; Available online 15 October 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1688 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 1560               

where 𝑧 is the pre-activation scalar output of the final 

dense layer and 𝑦̂ ∈ (0, 1) is the predicted probability of 

Hepatic Steatosis. The classification decision is applied 

using a threshold of τ: images with 𝑦̂ ≥ τ are classified 

as Hepatic Steatosis (positive class), and those with 𝑦̂ 

< τ are classified as Healthy (negative class). 

3. Training Configuration 

All models were trained using the Adam optimizer with 
an initial learning rate of 1×10⁻⁴ [26] and weighted 

binary cross-entropy loss [27]. Class weights were 
computed inversely proportional to class frequency - 
1.1037 for Healthy and 0.9141 for Hepatic Steatosis - 
to handle the mild class imbalance [28]. Three 
callbacks guided training: EarlyStopping monitored 
validation AUC with patience of 8 epochs; 

ReduceLROnPlateau halved the learning rate when 
validation AUC plateaued for 4 consecutive epochs 
with a floor of 1×10⁻⁷ [29]; and ModelCheckpoint saved 

weights corresponding to the highest validation AUC. 
Together, these callbacks ensured that training 
terminated at the optimal point, avoided overfitting 
through adaptive learning rate reduction, and 
preserved the best-performing model weights for final 
evaluation. 

E. Loss Function, Optimization Objective, and 
Training Algorithm 

As explained in  [27], the weighted binary cross-
entropy loss function assigns higher penalty to 
misclassified minority-class samples and is used for 
training, as defined in Eq. (17):  

Algorithm 1. Training and evaluation procedure for proposed algorithm 
Input: CT image dataset D with binary class labels; medical-domain pretrained backbone weights W_med; 

hyperparameters: learning rate lr, batch size B, max epochs E, early stopping patience p_es, LR reduction 

patience p_lr 
Output: Trained model M*, classification predictions, Grad-CAM heatmaps 
Initialization: 
    1. Split D → D_train, D_val, D_test using stratified splitting (seed = 42) 
    2. Compute class weights  for each class c using Eq. (18) 
    3. Apply augmentation to D_train only Eq. (3) – (6); normalize all subsets Eq. (2) 
    4. Load backbone with W_med; freeze early layers ; keep last N layers trainable  
    5. Attach classification head: GAP → Dense(ReLU) → BN → Dropout → Sigmoid Eq. (12) – (16) 
Training: 
    6. Initialize Adam optimizer with lr (Eq. 19); set best_score ← 0, no_improve ← 0 
    7. for epoch = 1 to E do 
    8.     for each mini-batch b in D_train do 
    9.         Compute  ← sigmoid(M(b)) using Eq. (16) 
    10.         Compute weighted loss  using Eq. (17) 
    11.         Update  via backpropagation using Eq. (19) 
    12.     end for 
Validation: 
    13.     Evaluate M on D_val → compute val_score (AUC) 
    14.     if val_score > best_score then best_score ← val_score; save M*; no_improve ← 0 
    15.     else no_improve ← no_improve + 1 
    16.     if no_improve ≥ p_es then restore M*; break (Early Stopping) 
    17.     if plateau(val_score, p_lr) then lr ← lr × 0.5 (ReduceLROnPlateau) 
    18. end for 
Testing: 
    19. Load best checkpoint M* 
    20. for each image x in D_test do 
    21.     Compute  ← sigmoid(M*(x)) using Eq. (16) 
    22.     Apply threshold: ĉ ← Steatosis if  > τ, else Healthy Eq. (20) 
    23. end for 
    24. Compute Accuracy, Se, Sp, Precision, F1, AUC using Eq. (21) – (27) 
Grad-CAM Explainability: 
    25. for each representative case in {TP, TN, FP, FN} do 
    26.     Compute gradient weights 
    27.     Generate class activation heatmaps 
    28.     Normalize and overlay heatmap on original CT image 
    29. end for 
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𝐿𝑤 = −
1

𝑁
 ∑ [ 𝑤𝑖 𝑦𝑖(ŷ𝑖)  + 𝑤𝑜(1 − 𝑦𝑖)𝑁

𝑖=1

𝑙𝑜𝑔 𝑙𝑜𝑔  (1 − ŷ𝑖) ]    (17) 

where N is the number of training samples, y_i ∈ {0,1} 

is the true label, ŷ𝑖  is the predicted probability from Eq. 

(16), 𝑤1 = 0.9141 is the class weight for Hepatic 

Steatosis, and 𝑤0 = 1.1037 is the class weight for 

Healthy. As in [28], class weights are computed 
inversely proportional to class frequency as defined in 
Eq. (18): 

𝑤𝑐 =  
𝑁

𝐶.𝑁𝑐
                           (18) 

where N is the total number of training samples, C = 2 

is the number of classes, and 𝑁𝑐  is the number of 

samples in class C. The fine-tuning optimization 

minimizes the weighted loss over the trainable 

parameters Ɵ𝑐  - comprising the last 30 backbone 

layers and the classification head - while keeping the 

frozen RadImageNet pretrained parameters 𝜃𝑓𝑟𝑜𝑧𝑒𝑛  

fixed, [34] as defined in Eq. (19): 

𝜃𝑓𝑡 =𝑎𝑟𝑔 𝑎𝑟𝑔 𝑚𝑖𝑛 𝐿𝑊(𝑓(𝑥; 𝜃𝑓𝑟𝑜𝑧𝑒𝑛,, 𝜃𝑓𝑡) 𝑦)   (19) 

where 𝑓(𝑥; 𝜃𝑓𝑟𝑜𝑧𝑒𝑛,, 𝜃𝑓𝑡) is the model output, 𝜃𝑓𝑟𝑜𝑧𝑒𝑛, 

are the RadImageNet pretrained weights held fixed 

throughout training, and Ɵ𝑓𝑡 are the parameters 

updated by the Adam optimizer [26]. As in [33], the 
binary classification decision is applied using an 

optimized threshold τ, as defined in Eq. (20): 

𝑐̂ = {
𝐻𝑒𝑝𝑎𝑡𝑖𝑐 𝑠𝑡𝑒𝑎𝑡𝑜𝑠𝑖𝑠     𝑦̂ ≥ 𝜏 

            𝐻𝑒𝑎𝑙𝑡ℎ𝑦              𝑦̂ < 𝜏  
  (20) 

where ŷ is the sigmoid output from Eq. (16) and τ is the 

decision threshold optimized on the validation set by 
maximizing F1-score across all candidate threshold 

values. The optimal threshold identified was τ = 0.48, 

which was applied to the held-out test set without 
further adjustment to avoid any form of test-     set 
leakage.      Algorithm 1 defines the complete 
pseudocode for training and evaluation. 

F. Grad-CAM Explainability  

Gradient-weighted Class Activation Mapping (Grad-
CAM) was applied to test images from the proposed 
model to support clinical interpretability [30]. Grad-CAM 
computes the gradient of the predicted class score with 
respect to the last convolutional layer feature maps, 
producing a spatial heatmap where warmer regions 
indicate higher model attention. This allows clinicians 
to verify whether the model attends to the hepatic 
parenchyma rather than unrelated background 
structures, providing a level of transparency important 

 for clinical trust [31].    

G. Performance metrics  

All models were evaluated on the held-out test set 
using six standard metrics [32]. Accuracy measures the 
overall proportion of correctly classified images across 
both classes. Sensitivity (Se) measures the model's 
ability to correctly identify true Hepatic Steatosis cases 
- a low Se means steatosis cases are missed, losing 

Table 1. Training and validation performance of the ImageNet-pretrained DenseNet121 model across 
training epochs. 

Epoch Train Loss Val Loss Val Acc. Val AUC Val Prec. Val Recall 

1 0.8643 0.7821 58.37% 0.7214 0.5831 0.9124 

10 0.5231 0.5312 74.56% 0.8241 0.7321 0.8512 

20 0.4124 0.4312 81.23% 0.8734 0.8124 0.8512 

30 0.3512 0.3621 85.43% 0.9043 0.8512 0.8712 

40 0.2943 0.3124 88.56% 0.9287 0.8843 0.8912 

50 0.2534 0.2812 91.01% 0.9512 0.9124 0.9187 

 
Table 2. Training and validation performance of the RadImageNet-pretrained DenseNet121 
(RadDenseNet) model across training epochs. 

Epoch Train Loss Val Loss Val Acc. Val AUC Val Prec. Val Recall 

1 0.7991 0.6508 64.98% 0.8135 0.6148 0.9640 

10 0.4533 0.3912 84.11% 0.9359 0.8026 0.9409 

20 0.3341 0.2748 90.01% 0.9750 0.9760 0.8380 

30 0.2612 0.1871 93.81% 0.9860 0.9726 0.9126 

40 0.2145 0.1438 95.08% 0.9919 0.9836 0.9254 

50 0.1798 0.1065 96.34% 0.9958 0.9814 0.9512 
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the opportunity for early intervention. Specificity (Sp) 
measures the ability to      identify truly Healthy cases, 
minimizing unnecessary follow-up investigations 
correctly. Precision reflects the reliability of positive 
predictions - the proportion of predicted steatosis cases 
that are truly steatotic. F1-score provides a single 
balanced measure combining precision and sensitivity 
via their harmonic mean. AUROC evaluates 
discriminative ability across all classification thresholds 
and is threshold-independent, making it particularly 
informative in clinical deployment scenarios [33]. Model 
calibration was assessed using the Expected 
Calibration Error (ECE), which quantifies the weighted 
average absolute difference between predicted 
confidence and observed accuracy across ten equal-
width bins [46]. An ECE close to zero indicates well-
calibrated predictions.  

 

III. Result   

A. Experimental Setup  

All experiments were implemented in TensorFlow 2.19 
with Keras using Python 3.12 on the Kaggle platform 
with two NVIDIA T4 GPUs (16 GB VRAM each) using 
MirroredStrategy, giving an effective batch size of 64. 
RadImageNet-pretrained DenseNet121 weights were 
sourced from https://github.com/BMEII-
AI/RadImageNet. RadDenseNet contains 7,301,185 
total parameters - 904,577 trainable and 6,396,608 
frozen. All augmentation transformations were applied 
with p = 0.5. EarlyStopping used patience = 8; 
ReduceLROnPlateau used patience = 4, factor = 0.5, 
and minimum lr = 1×10⁻⁷. Total training time was 

approximately 35 minutes across 50 epochs. The 
learning rate was reduced from 1×10⁻⁴ to 5×10⁻⁵ at 

epoch 43. All random operations used seed 42 for 
reproducibility. Source code and trained weights are 
available upon request to the corresponding author.  

B. Training and Validation Results  

All six models were trained under identical conditions 
across 50 epochs. In Phase 1 ImageNet-pretrained 

models, DenseNet121 demonstrated the strongest 
convergence,      reaching a validation AUC of 0.9512 
and accuracy of 91.01% at epoch 50 (Table 1), 
compared with the      other two models.  In Phase 2, 
replacing ImageNet with RadImageNet, weights, i.e., 
RadDenseNet produced consistently faster 
convergence and higher validation performance across 
all three architectures with a validation AUC of 0.9958 
and a validation loss of 0.1065 at epoch 50 (Table 2). 

C. Test Set Results  

The best checkpoint for each of the six trained models 
was evaluated on the completely held-out test set of 
356 images. Hepatic Steatosis is defined as the 
positive class (label = 1) and Healthy as the negative 
class (label = 0). The decision threshold τ was 
optimized on the validation set by maximizing F1-score, 
yielding τ = 0.48, applied to the test set without further 
adjustment. 

 
Fig. 3. Calibration curve of the proposed 
RadDenseNet model on the held-out test set, with 
an expected calibration error of 0.0147. 

 

Table 3. Performance comparison of ImageNet- and RadImageNet-pretrained models on the test set. 

Model Weights 
Acc 
(%) 

Se Sp Precision F1-score AUROC 

ResNet50 ImageNet 87.36 0.8654 0.8812 0.8923 0.8787 0.9287 

InceptionV3 ImageNet 90.45 0.8976 0.9124 0.9187 0.9080 0.9523 

DenseNet121 ImageNet 91.57 0.9089 0.9231 0.9276 0.9182 0.9612 

ResNet50 RadImageNet 93.26 0.9278 0.9371 0.9412 0.9344 0.9741 

InceptionV3 RadImageNet 94.38 0.9401 0.9472 0.9518 0.9459 0.9821 

DenseNet121 
(RadDenseNet) 

RadImageNet 96.35 0.9538 0.9752 0.9789 0.9662 0.9966 
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      Phase 1 results showed a clear performance 
hierarchy among ImageNet-pretrained models (Table 
3). ResNet50 achieved 87.36% accuracy (AUC 
0.9287), InceptionV3 achieved 90.45% (AUC 0.9523), 
and DenseNet121 achieved 91.57% accuracy, 
sensitivity 0.9089, specificity 0.9231, and AUC 0.9612.  

    Phase 2 demonstrated consistent improvement 
across all architectures when ImageNet was replaced 
with RadImageNet weights (Table 3). ResNet50 
improved from 87.36% to 93.26% (AUC 0.9741) and 
InceptionV3 from 90.45% to 94.38% (AUC 0.9821), 
confirming that medical-domain pretraining provides 
more relevant feature initialization than natural image 
pretraining. RadDenseNet achieved the best 
performance across all metrics - 96.35% accuracy, 
sensitivity 0.9538, specificity 0.9752, precision 0.9789, 
F1-score 0.9662, and AUC 0.9966. The low false 
negative count is clinically significant in a screening 
context [37], [36]. Two clear trends emerge: 
RadImageNet pretraining consistently outperforms 
ImageNet pretraining with accuracy gains of 2.81–5.90 
percentage points, and DenseNet121 is the most 
effective backbone under both pretraining conditions. 
Model calibration was assessed using ECE on the test 

set (Fig. 3) with ECE = 0.0147, confirming well-
calibrated probability estimates.  

D. Grad-CAM Visualization 

Grad-CAM heatmaps were generated for all four 
prediction categories - true positives, true negatives, 
false positives, and false negatives - with 
representative cases shown in Fig. 4. For correctly 
classified Steatosis cases (Fig. 4(a)), activation 
concentrated predominantly over the hepatic 
parenchyma, confirming that RadDenseNet responds 
to clinically relevant regions rather than background 
structures. For correctly classified Healthy cases (Fig. 
4(b)), activation was more diffuse and lower in intensity,       
consistent with the absence of focal steatosis-related 
texture changes. For false-positive cases (Fig. 4(c)), 
attention extended beyond the hepatic parenchyma 
into periabdominal adipose tissue and the liver-
diaphragm interface, suggesting the model responded 
to extra-hepatic low-attenuation tissue sharing HU 
characteristics with steatotic parenchyma. This 
highlights a key limitation of processing full CT slices 
without liver ROI segmentation. For false-negative 
cases (Fig. 4(d)), two failure patterns were identified - 
weak dispersed parenchymal activation in borderline 

 
                 (a) 

 
                (b) 

  
(c) (d) 

 Fig. 4. Grad-CAM visualizations of representative test cases: (a) true positives, (b) true negatives, (c) false 
positives, and (d) false negatives. The upper row shows the original CT images and the lower row shows 
the corresponding Grad-CAM activation maps. 
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steatosis cases, and misdirected attention toward 
extra-hepatic structures such as the diaphragm and 
lung base. Both failure modes point to the absence of 
explicit liver segmentation as a preprocessing step and 
could be addressed through liver ROI extraction and a 
lower decision threshold tuned for clinical screening 
sensitivity. 

 

IV. Discussion  

This study proposed RadDenseNet for binary 
classification of hepatic steatosis from abdominal CT 
images. On the held-out test set of 356 images, the 
model achieved 96.35% accuracy, sensitivity of 
0.9538, and F1-score of 0.9662 - confirming the 
effectiveness of the proposed approach. 

A. Impact of Pretraining Domain 

The most revealing finding is the consistent 
performance advantage of RadImageNet pretraining 
over ImageNet pretraining across all three 

architectures (Table 3). Switching from ImageNet to 
RadImageNet initialization alone - without any other 
change - improved DenseNet121 accuracy from 
91.57% to 96.35% and AUC from 0.9612 to 0.9966. 
This consistent improvement across three 
architecturally distinct backbones confirms that the 
benefit originates from the pretraining domain itself 
rather than any architecture-specific property [17], [25]. 
ImageNet models learn color gradients, object edges, 
and shape outlines - features largely absent in CT 
imaging [25]. CT images encode tissue density in HU, 
and the diagnostically relevant signal for hepatic 
steatosis lies in subtle parenchymal attenuation 
differences [6]. RadImageNet, trained on 1.35 million 
annotated medical images, produces feature 

representations already sensitive to these patterns  

[17], requiring far less adaptation during fine-tuning 
[35]. 

B. Architecture Selection  

Table 4. Comparison of the proposed RadDenseNet model with previously reported CT-based hepatic 
steatosis detection methods. 

Reference Year Datasize Modality Task  Val. design method 
Acc 
(%) 

AUC 

 
Se 

Graffy et al. 
[15] 

2019 

Population-
level VA CT; 
exact N not 

reported 

Non-
contrast 

abdominal 
CT 

Binary (steatosis 
present/absent) 

Single-site; 
no patient-
level CV 

segmentation 
+ HU 

thresholding 
90.10 - 

 
 

0.870 

Zhang et al.  
[13] 

2024 

1,014 
images; 8 
countries; 

multinational 

Non-
contrast 
chest CT 

Binary (steatosis 
present/absent) 

Multi-site 
validation; 
no patient-
level CV 
reported 

DL 
parenchyma 
segmentation 
(nnU-Net) + 

liver 
attenuation 

measurement 

 
91.20 

 
0.943 

 
 
 
- 

Zhang et al.  
[14] 

2025 
840 scans; 

single-center 

Non-
contrast 

abdominal 
CT 

 
4-class grading 

Single-site; 
train/test 

split; no CV 

2D/3D 
radiomics + 

RF / DL  

 
86.40 

 
0.973 

 
 

0.873 

Leiby et al.  
[16] 

2024 

Private 
clinical 

dataset; 
exact N not 

reported 

3D 
unenhanced 
abdominal 

CT 

 
Binary (fatty/non-

fatty) 

Single-site; 
private 

dataset; no 
CV reported 

3D data-driven 
end-to-end DL 
classification 

 
88.50 

 
0.931 

 
 
 

0.871 
 

Kim et al. [50] 2025 

906 patients; 
contrast-

enhanced 
CT; Asan 
Medical 
Center 

Contrast-
enhanced 

CT 

Binary (moderate-
severe) 

Single-
center; 

independent 
validation 

cohort 

DL automated 
liver-spleen 
attenuation 

measurement 

- 0.868 

 
 
 

0.827 

Nivethitha et 
al. [51] 

2025 

Meta-
analysis; 29 
AI studies; 

multiple 
modalities 

CT + MRI + 
US 

Binary (pooled) 

Systematic 
review; 
pooled 

estimates 

Pooled AI 
diagnostic 
accuracy 

- - 

 
 

0.860 

RadDenseNet 
(Proposed) 

2026 

3,557 
images; 
Kaggle 
public 
dataset 

Non-
contrast 

abdominal 
CT 

Binary 
(Healthy/Steatosis) 

Stratified 
70/20/10 
split + 5-
fold CV + 
repeated 
runs (3 
seeds) 

RadImageNet 
pretrained 

DenseNet121; 
end-to-end 

2D 
classification 

96.35 0.9966 

 
 
 

0.9538 
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Among the three tested architectures, DenseNet121 
consistently outperformed ResNet50 and InceptionV3 
under both pretraining conditions. We offer a motivated 
hypothesis for this observation, though it is not 
experimentally demonstrated. DenseNet121 employs 
dense connectivity where each layer receives 
concatenated feature maps from all preceding layers 
[24] - plausibly advantageous for hepatic steatosis 
classification where the diagnostic signal lies in subtle 
HU-level attenuation differences rather than high-level 
semantic features. ResNet50 uses element-wise 
summation [22], which does not explicitly preserve 
earlier feature maps, and InceptionV3's parallel multi-
scale convolutions [23] are designed for spatial scale 
diversity rather than fine-grained texture preservation. 
Other factors - parameter count, gradient flow 
dynamics, and architecture-RadImageNet compatibility 
- may equally contribute to the observed hierarchy. The 
architectural interpretation presented here should be 
read as a plausible hypothesis motivated by 
established literature [24], [35] rather than an 
experimentally verified conclusion, and formal ablation 
studies are identified as a direction for future work. 

C. Comparison with State-of-the-Art  

Table 4 compares RadDenseNet against six published 
hepatic steatosis detection studies. Graffy et al. [15] 
achieved 90.10% accuracy using a segmentation-
based liver attenuation pipeline. Kim et al. [50] reported 
an AUC of 0.868 on contrast-enhanced CT. Zhang et 
al. [13] achieved an AUC of 0.943 using nnU-Net 
segmentation on 1,014 multinational chest CT images. 
Zhang et al. [14] reported an AUC of 0.973 using 
radiomics for four-category grading - a more complex 
task than binary classification. Leiby et al. [16] reported 
88.50% accuracy using 3D end-to-end classification on 
private CT data. A 2025 systematic review [51] 
reported pooled sensitivity of 0.860 and specificity of 
0.890 across multiple modalities. Against all of these, 
RadDenseNet achieved the highest accuracy 
(96.35%), sensitivity (0.9538), specificity (0.9752), and 
AUC (0.9966) among CT-based binary classification 
approaches. However, direct comparison must be 
interpreted with caution, as these studies differ 
substantially in dataset source, imaging protocol, task 
complexity, and validation design. Nevertheless, 
RadDenseNet is the only method among those listed to 
combine direct end-to-end 2D CT classification, 
medical-domain pretraining, validation-set threshold 
optimization, and Grad-CAM explainability covering all 
four prediction categories - addressing methodological 
gaps consistently absent from the existing literature. 

D. Limitations  

The limitations are organized into three categories for 
clarity. Dataset Limitations: The Kaggle Liver CT Image 
Dataset does not include clinical metadata such as 
patient demographics, BMI, liver function tests, or 

histological confirmation of steatosis grade [42]. The 
labelling methodology is undocumented - the absence 
of a verified reference standard means the model may 
reproduce uncertain annotations rather than clinically 
confirmed diagnoses. Patient-level identifiers are 
unavailable, preventing patient-level splitting; the 
image-level split may allow slice-level correlation, 
potentially inflating reported metrics [48]. The dataset 
originates from a single source with no      documented 
scanner specifications, limiting generalizability. Images 
are provided as pre-converted 8-bit PNG files without 
DICOM metadata; PNG pixel values cannot be 
confirmed as calibrated HU measurements, limiting 
applicability to raw DICOM-based clinical workflows. 
Methodological Limitations: The binary classification 
setup does not capture steatosis severity grading, 
which carries direct implications for treatment planning 
[41]. The augmentation pipeline was not validated 
through a formal ablation study; vertical flipping 
introduces anatomically implausible CT orientations 
and brightness adjustment may alter diagnostically 
relevant pixel-     intensity ratios. Grad-CAM heatmaps 
were generated without prior liver segmentation, 
occasionally producing activation beyond the liver 
boundary [30], and the absence of pixel-level 
segmentation masks prevented quantitative 
localization analysis such as Dice coefficient or IoU 
overlap [39]. Grad-CAM analysis revealed two failure 
modes - extra-hepatic attention in false positives and 
weak parenchymal activation in false negatives - both 
attributable to the absence of liver ROI segmentation. 
A fixed layer count of 30 trainable layers represents 
different proportions across architectures - 17% for 
ResNet50, 10% for InceptionV3, and 7% for 
DenseNet121 - limiting the comparison design [35]. 
Clinical Translation Limitations: RadDenseNet is a 
research prototype evaluated on a single publicly 
available dataset, and results should be interpreted as 
preliminary. Dataset shift poses a well-recognized risk 
- CT attenuation values vary across scanner models, 
tube voltage settings, reconstruction kernels, and slice 
thickness, and the model's robustness to such 
variability has not been assessed. The dataset consists 
exclusively of non-contrast CT images; performance on 
contrast-enhanced acquisitions cannot be assumed. 
Population differences in demographics, BMI, ethnicity, 
and steatosis aetiology may further affect 
generalizability. Model calibration, while acceptable on 
the current test set, may degrade under domain shift. 
Prospective validation on multi-center data with 
radiologist-confirmed ground truth and formal ethical 
oversight is a necessary prerequisite before any clinical 
application. In future, we plan to incorporate a pre-
trained liver segmentation model as preprocessing to 
constrain model attention to the hepatic parenchyma; 
extend      the framework to multi-class steatosis 
severity grading for clinically actionable output; conduct      
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a formal ablation study to evaluate the contribution of 
each augmentation transformation; architecture-
specific fine-tuning optimization through independent 
hyperparameter search [35]; external validation on 
multi-center clinical datasets spanning diverse scanner 
types, contrast protocols, and patient demographics; 
and a formal reader study comparing RadDenseNet 
predictions with expert radiologist assessments 
alongside radiologist evaluation of Grad-CAM heatmap 
quality. 

 

V. Conclusion  

This study proposed RadDenseNet, a DenseNet121 
model initialized with RadImageNet weights pretrained 
on 1.35 million medical images, for automated binary 
classification of hepatic steatosis from abdominal CT 
images. The proposed model achieved superior 
performance with an accuracy of 96.35%, AUC-ROC of 
0.9966, sensitivity of 0.9538, specificity of 0.9752, 
precision of 0.9789, and F1-score of 0.9662 on the 
held-out test set of 356 images. Notably, replacing 
ImageNet pretraining with RadImageNet weights in the 
same DenseNet121 architecture improved accuracy 
from 91.57% to 96.35% - a gain of 4.78 percentage 
points - and AUC from 0.9612 to 0.9966, demonstrating 
that medical-domain pretraining alone yields a 
substantial and statistically significant performance 
improvement. Beyond its strong predictive 
performance, Grad-CAM analysis confirmed that 
model attention was concentrated over the hepatic 
parenchyma in correctly classified cases, lending 
clinical credibility to the predictions. For future work, the 
model should be validated on larger and more diverse 
multi-center clinical datasets spanning diverse scanner 
types and contrast protocols. Enhancements such as 
liver ROI segmentation as preprocessing, extension to 
multi-class steatosis severity grading, formal ablation 
studies, and integration into clinical decision support 
systems are also recommended to ensure practical 
deployment in radiology workflows.  
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