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Abstract

We examine the alignment between deep
learning models and human expert reason-
ing for pneumonia diagnosis in pediatric
chest X-rays. We train four CNN ar-
chitectures (AlexNet, VGG-16, ResNet-50,
InceptionNet-V1) on 5,856 images and com-
pare their saliency maps against consensus
annotations from 14 medical experts using
Intersection over Union (IoU) and Point-
ing Game metrics. While pretrained mod-
els consistently outperform non-pretrained
variants, with ResNet-50 achieving the
best accuracy (94.87%), diagnostic perfor-
mance does not correlate with explainabil-
ity. VGG-16 produces the most expert-
aligned saliency maps (22.19% IoU, on par
with inter-expert agreement), while ResNet-
50’s superior accuracy corresponds to worse
interpretability. Our findings demonstrate
that high classification accuracy alone is in-
sufficient for clinical interpretability, high-
lighting the need for evaluation frameworks
that jointly consider both predictive per-
formance and human-interpretable explana-
tions in medical AI. Our code is available on
GitHub1.

1 Introduction

Deep learning has achieved state-of-the-art perfor-
mance in medical image analysis, particularly in
tasks such as disease classification [9, 10]. However,
the opacity of its decision-making remains a barrier
to clinical adoption: medical professionals demand
transparency to verify that predictions are grounded
in medically relevant evidence [3].

Figure 1: Saliency Map Example. Top row
shows the original X-ray and a raw expert annota-
tion. Bottom row displays CAM for VGG-16 (left)
and ResNet-50 (right).

This study assesses the alignment of four CNN ar-
chitectures—AlexNet [5], VGG-16 [15], ResNet-50
[2], and InceptionNet-V1 [17]—with human experts
for pneumonia classification, using saliency-based
explanation techniques [11].
We train few variants of each architecture to per-
form binary classification of X-ray images. We ex-
plore training from scratch or fine-tuning from Im-
ageNet [1] checkpoints, as well as adapting the clas-
sification head with a Global Average Pooling layer
[6] or not.
We generate visual explanations of the best models’
predictions using Class Activation Mapping (CAM)
[19] and Gradient-weighted CAM (Grad-CAM) [13].
Then, we ask a range of medical experts to anno-
tate diagnostically relevant regions. We aggregate

*Equal contribution, the ordering is alphabetical.
1https://github.com/davide-beltrame/medimg-saliency-benchmark
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these annotations into one consensus map per input
image, and compare with the models’ maps using
Intersection over Union (IoU) and Pointing Game
(PG) metrics.
In terms of diagnostic accuracy, we find that pre-
trained models consistently outperform their non-
pretrained counterparts across all architectures. In
terms of explainability, we observe that the most
accurate classifier does not align best with expert
reasoning, and some high-performing models exhibit
poor interpretability.
Our findings show that diagnostic accuracy alone
is an insufficient proxy for explainability and high-
light the need for developing evaluation frameworks
that jointly consider both predictive performance
and interpretability. Achieving trustworthy AI in
medical imaging requires explicit optimization for
human-interpretable explanations, not merely high
classification accuracy.

Table 1: Annotations. Statistics and expert agree-
ment metrics.
Test Images 50
Annotations (Valid) 318 (281)
Annotations per Image 5.62
Unique Annotators 14
Non-trivial Consensus Maps 50
Active Pixels per Annotation (avg.) 9.4 %

Expert-Expert IoU 23.32%
Expert-Random IoU 3.29%
P-value < 0.001

2 Problem Analysis

We source pediatric chest X-ray images–showing
signs of interstitial pneumonia, often diffuse and
non-localized–from a previous study investigating
image-based deep learning to identify medical di-
agnoses [4]. In particular, we obtain 5,856 images
labeled as either pneumonia or normal. We fol-
low a similar data split as the original work: 3,875
pneumonia and 1,341 normal images for training;
390 pneumonia and 234 normal images for testing.
The original validation set contains only 16 images,
which we consider insufficient, thus we reallocate
10% of the training set for validation. We sim-
plify the task to binary classification, disregarding
the original distinction between bacterial and viral
pneumonia.

The main challenges include class imbalance, lim-
ited dataset size, and potential dataset-specific ar-
tifacts. We hypothesize that CNNs can achieve
high accuracy and that fine-tuned models will out-
perform scratch-trained ones, with saliency maps
meaningfully aligning with expert annotations.

3 Method

3.1 Model Development

We implement four CNN architectures: AlexNet
(baseline), VGG-16 (deeper traditional architec-
ture), ResNet-50 and InceptionNet-V1 (advanced
models). For each architecture, we evaluate a ver-
sion trained from scratch and one initialized from
ImageNet pretraining [1].
To reduce overfitting, we apply data augmenta-
tion by randomly rotating, scaling, translating, and
color-jittering each input image. Additionally, with
50% probability, we apply edge sharpening using the
transformation 2 · I −G, where I is the original im-
age and G is a blurred version obtained with a 3×3
uniform kernel. The hyperparameters used for aug-
mentation (see Section 4.1) are either empirically
tuned or adopted from PyTorch default settings [8].
We do not apply normalization, as it consistently
degrades performance across all models.
To address the dataset imbalance (approximately
75% pneumonia class), we implement weighted ran-
dom sampling and ensure each mini-batch contains
an equal proportion of both classes.
For saliency generation, we use CAM [19] (exploit-
ing the final convolutional layer and classification
weights), and Grad-CAM [13] (using gradients flow-
ing into the final convolutional layer). We normalize
all generated maps to [0,1] and binarize them using
a fixed threshold of 0.5. All maps are up-sampled
to 224×224 pixels for fair comparison.
While Grad-CAM is architecture-agnostic and com-
patible with any CNN, CAM requires the model to
end with a Global Average Pooling (GAP) layer [6]
followed by a linear classifier. This structure is al-
ready present in ResNet-50 and InceptionNet-V1,
while AlexNet and VGG-16 must be adapted ac-
cordingly. We evaluate both the original and the
modified versions of these architectures.
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Table 2: Chosen Models Performance. Confidence intervals at 95% are estimated on the test set with
1000 bootstrap samples. We highlight in bold the best results overall.

Model Adapted Params. Pretr. Acc. F1 AU-ROC Spec.

AlexNet Yes 2.5M Yes 90.34 ± 2.24 92.72 ± 1.79 96.72 ± 1.13 76.40 ± 5.06

VGG-16 Yes 14.7M Yes 91.46 ± 2.24 93.50 ± 1.78 97.93 ± 0.96 79.85 ± 5.03

InceptionNet-V1 - 12M Yes 91.84 ± 2.24 93.79 ± 1.76 98.06 ± 0.97 80.37 ± 5.19

ResNet-50 - 23.5M Yes 94.87 ± 1.68 96.00 ± 1.39 98.24 ± 1.00 88.86 ± 3.86

3.2 Expert Alignment

To investigate model-expert alignment, we compare
the saliency maps produced by the trained models
with a consensus map derived from expert annota-
tions (see Table 1).
We invite medical experts to annotate a randomly
sampled subset of 50 pneumonia-positive images
from the test set, marking regions they considered
relevant for diagnosis via a web-based interface (see
Figure 9, 10, 11).
We assess annotation quality by measuring inter-
expert agreement using pairwise IoU scores, and
comparing the average to a baseline derived from ex-
pert–random annotation pairs. To generate random
annotations, we create binary grids matching expert
annotation density and upsample them (see Figure
2). We use a Mann-Whitney U test on the distribu-
tion of pairwise IoU scores to test the null hypoth-
esis that the expert-expert agreement scores come
from the same distribution of the expert-random
ones.
To construct the consensus map for each test image,
we compute the pixel-wise average of the collected
annotations and binarize this averaged map using a
fixed threshold.
Model–expert alignment is evaluated using the In-
tersection over Union (IoU) and Pointing Game
(PG) metrics. IoU measures the overlap between
the binarized saliency map and the consensus map,
while PG checks whether the most activated pixel in
the saliency map falls within the consensus region.
To limit redundancy, we evaluate these metrics only
on one model variant per architecture.

4 Experiments

4.1 Model Development

We train all models for 10 epochs (batch size 64)
with early stopping after 3 epochs without valida-
tion improvement. We use AdamW optimization [7]
(β2 = 0.95 [18]), gradient clipping (norm 0.5)[14],
and one-cycle learning rate scheduling [16] (max
10−4, 30% warm-up).
The parameters for data augmentation are reported
in Table 5. All images are downsampled to 224×224
pixels and normalized to [0, 1] before processing.

4.2 Expert Alignment

Our 14 annotators range from medical students to
experienced radiologists (see Appendix A, Figure 3).
On average, each image received 5.62 annotations
(see Appendix A, Figure 4).
As shown in Table 1, inter-expert agreement is sig-
nificantly above chance, validating the overall qual-
ity of the annotations (see also Appendix A, Figure
5).
We generate consensus maps by averaging the anno-
tations and applying a fixed binarization threshold
of 0.5. For every test image, at least 50% of anno-
tators marked overlapping regions.

5 Results

Our experiments show that pretrained models con-
sistently outperform their non-pretrained counter-
parts across all architectures (see Appendix A Ta-
ble 4). This highlights the effectiveness of trans-
fer learning: features learned from natural images
transfer well to medical imaging tasks.
ResNet-50 with pretraining achieves the best over-
all performance. However, without pretraining, its
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Table 3: Model-Expert Agreement. Entries show IoU and PG between model-generated saliency
maps and expert annotations, along with p-values. The threshold for map binarization is fixed at 0.5.

Model
GradCAM CAM Random

IoU PG IoU PG IoU PG

AlexNet 9.08 0.000 28.0 0.000 6.78 0.756 12.0 0.006 5.93 - 0.0 -

InceptionNet-V1 16.33 0.000 38.0 0.000 16.33 0.000 38.0 0.000 5.36 - 0.0 -

ResNet-50 11.46 0.000 20.0 0.001 10.84 0.000 20.0 0.001 4.99 - 0.0 -

VGG-16 19.6 0.000 32.0 0.000 22.19 0.000 40.0 0.000 4.96 - 0.0 -

performance drops sharply, underscoring the impor-
tance of proper initialization for deeper architec-
tures when training data is limited. VGG-16 and
InceptionNet-V1 also benefit substantially from pre-
training, while AlexNet shows relatively stable per-
formance even when trained from scratch, suggest-
ing that simpler models may generalize better with
limited data.
For consistency, we select the models implemented
with the GAP layer followed by the linear classifier
(see Table 2). The parameter savings in GAP-based
versions are substantial and the performance trade-
off is marginal.
In terms of explainability (see Table 3), VGG-16
consistently achieves the highest IoU scores, indi-
cating that its saliency maps most closely align with
expert annotations—approaching the level of inter-
expert agreement.
However, in terms of PG, which captures the
model’s ability to localize the most diagnostically
relevant point, InceptionNet-V1 and VGG-16 lead
under CAM, while InceptionNet-V1 scores highest
under Grad-CAM. This suggests that InceptionNet-
V1 is particularly effective at pinpointing critical re-
gions.
In contrast, AlexNet performs poorly across both
metrics and saliency methods, with its IoU under
CAM nearly equivalent to random performance.

6 Discussion

High diagnostic accuracy does not guarantee inter-
pretability: the best performing model (Resnet-50)
is not the most aligned, and a model with reason-
able classification accuracy (AlexNet) showed poor
alignment.
We also observe a meaningful divergence between
IoU and PG scores for more aligned models, likely
driven by architectural differences. These patterns,

exemplified in Figure 1, emphasize the need for
multi-dimensional evaluation frameworks that con-
sider both accuracy and alignment with expert rea-
soning.
While no standard benchmark exists for our task,
our IoU scores are competitive with prior work [12].

7 Conclusions

This research contributes to explainable AI in med-
ical imaging by systematically assessing how CNN-
based pneumonia detection models align with ex-
pert reasoning.
We find that strong diagnostic performance does
not guarantee interpretability, suggesting the need
to develop methods that explicitly align decision-
making with clinical expertise.
A preliminary analysis suggests that physicians pro-
duce more consistent annotations than students, un-
derscoring the need to examine the role of expertise
in establishing reliable ground truth. As our study
focuses on a homogeneous dataset of pediatric chest
X-rays, future work should assess the generalizabil-
ity of these findings across diverse patient demo-
graphics, anatomical regions, and pathological con-
ditions.
Our threshold sensitivity analysis (see Appendix A,
Figures 6 and 7) highlights the need to explore dif-
ferent thresholding methods in explainability evalu-
ations.
We recommend: (1) collecting more annotations
and exploring different aggregation strategies; (2)
expanding the range of models to measure the corre-
lation between accuracy and alignment; (3) testing
additional saliency methods and binarization tech-
niques; and (4) incorporating dual-view radiographs
(frontal and lateral).
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A Appendix

Figure 2: True vs Random Annotation. Se-
lected example to show true and randomly gener-
ated annotation. We estimate the average number
of active pixels in valid expert masks, create a small
binary grid with the same density of active pixels,
upsample it via bilinear interpolation, and binarize
the result

Figure 3: Professions. The distribution of our an-
notators’ professions.

Figure 4: Annotations Distribution. The num-
ber of annotations collected for each image.

Figure 5: Average IoU. For each image, we mea-
sure the IoU between all pairs of annotations for
that image and then compute the average.

Augmentation Type Parameter Range

Rotation α ∈ [0, 15◦]
Translation t ∈ [−22.4, 22.4]2

Scaling β ∈ [0.9, 1.1]
Brightness γ ∈ [0.7, 1.3]
Contrast δ ∈ [0.7, 1.3]
Saturation ϵ ∈ [0.7, 1.3]
Hue ζ ∈ [0.9, 1.1]

Table 5: Data augmentation strategy and parameter ranges.
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Table 4: Models Performance. Confidence intervals at 95% are estimated on the test set with 1000
bootstrap samples. We highlight in bold the best results per model, and in bold plus underline the best
results overall.

Model Adapted # Param. Pretrained Accuracy F1 ROC AUC Specificity

AlexNet
No 57M

No 87.42 ± 2.56 90.29 ± 2.11 94.50 ± 1.72 76.84 ± 5.34

Yes 91.98 ± 2.16 93.75 ± 1.72 97.01 ± 1.08 84.60 ± 4.55

Yes 2.5M
No 87.48 ± 2.48 90.22 ± 2.05 93.40 ± 1.88 78.98 ± 5.11

Yes 90.34 ± 2.24 92.72 ± 1.79 96.72 ± 1.13 76.40 ± 5.06

VGG-16
No 134M

No 82.64 ± 2.88 87.53 ± 2.27 93.73 ± 1.89 57.65 ± 6.13

Yes 92.12 ± 2.09 93.87 ± 1.72 97.72 ± 0.95 84.56 ± 4.34

Yes 14.7M
No 86.35 ± 2.73 89.05 ± 2.33 92.46 ± 2.04 82.01 ± 4.81

Yes 91.46 ± 2.24 93.50 ± 1.78 97.93 ± 0.96 79.85 ± 5.03

InceptionNet-V1 - 12M
No 87.92 ± 2.49 91.11 ± 1.94 96.56 ± 1.30 69.14 ± 5.57

Yes 91.84 ± 2.24 93.79 ± 1.76 98.06 ± 0.97 80.37 ± 5.19

ResNet-50 - 23.5M
No 62.77 ± 3.69 77.02 ± 2.76 82.82 ± 3.23 0.82 ± 1.06

Yes 94.87 ± 1.68 96.00 ± 1.39 98.24 ± 1.00 88.86 ± 3.86

Figure 6: Model–Expert IoUs vs. Thresholds (CAM).
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Figure 7: Model–Expert IoUs vs. Thresholds (Grad-CAM).
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Figure 8: Saliency Map Comparison. Visual comparison between expert annotations and model-
generated saliency maps for five pneumonia cases. For each case, from the left: original X-ray, expert
consensus annotation (green overlay), VGG-16 CAM, and ResNet-50 CAM.

10



Figure 9: Annotation Platform. [1/3]
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Figure 10: Annotation Platform. [2/3]
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Figure 11: Annotation Platform. [3/3]
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