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Abstract
Medical images are invaluable in illustrating health issues for the patients. While biomedical publications are a
good source of such images, some of the images are not appropriate for the patient viewing without a warning. To
enable development of automated tools for selection of patient-safe images and generation of warnings, we created
a dataset MedGore of over 78,000 sensitive medical images and 183,000 non-sensitive images published in the
biomedical literature. The sensitive content includes gore, severe disease, nudity, surgical openings, internal organs,
and other medical images of this nature. The set of the manually identified seed 300 images was expanded using
a combination of human curation and a nearest neighbor clustering algorithm. The quality of the automatically
labeled images was evaluated manually, yielding a total of more than 4,000 doubly-manually annotated images. The
automatically labeled images proved to approach the utility of the manually labeled images for training the models in
our experiments that validated the dataset in the task of labeling unseen images using the image features, the figure

captions or both.
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1. Introduction

The need for a dataset that effectively identifies
and manages sensitive medical images is becom-
ing critical in the realm of digital health technology.
Current resources are inadequate in providing tools
for content moderation of explicit content, leaving
gaps in medical image repositories. Our dataset
developed using images from the Open-i image
search engine (Demner-Fushman et al., 2012) ad-
dresses these shortcomings by offering a large
collection of over 78,000 images deemed sensitive
for a non-medical professional general user.

General public usually experiences discomfort
with specific types of content, especially images dis-
playing severe trauma, surgical details, bodily fluids,
internal organs, nudity, and other images of this na-
ture, refer to Figure 1. This discomfort underscores
the urgency of developing this dataset. To develop
the dataset, we used the k-Nearest Neighbors clus-
tering algorithm (Gupta et al., 2023) that allowed
us to quickly manually review images grouped to-
gether as sensitive or safe.

Informal comparative analysis with existing
datasets and content moderation tools, such as
Amazon Rekognition ', Microsoft Azure Al 2, and
other Al-based solutions for detecting explicit con-

1https://docs.aws.amazon.com/
rekognition/latest/dg/what-is.html

thtps://learn.microsoft.com/en—us/
azure/ai-services/content-safety/
overview

tent®, revealed that while these tools provide robust
general-purpose content moderation, they lack the
specificity needed for effective moderation of medi-
cal images. For example, Amazon Rekognition and
Azure Al are highly effective in identifying adult con-
tent and other explicit material, but these tools do
not capture the nuances of medical image content.
Additionally, resources like the GitHub repository
on content-moderation-deep-learning* list various
datasets and tools for detecting nudity, violence and
other sensitive media, yet they lack the specificity
required for medical images.

Our approach, inspired by solutions in similar
domains such as gore classification and censor-
ing (Larocque, 2021) and adult content image
recognition (Karamizadeh et al., 2023), marks a
novel contribution by specifically targeting the filter-
ing of peer-reviewed medical images for public con-
sumption. These efforts have resulted in a dataset
that not only enhances content moderation capa-
bilities but also provides a valuable resource for
developers and researchers aiming to implement
similar tools and novel algorithms for detecting sen-
sitive medical images.

While datasets narrowly focused on specific im-
ages related to surgical (Carstens et al., 2023), la-
paroscopic (Rios et al., 2023), or endoscopic (Bor-
gli et al., 2020) procedures exist, there is no com-
prehensive dataset designed for the purpose of

3https://hivemoderation.com/

“https://github.com/fcakyon/
content-moderation—-deep—-learning
and Temizel, 2023)
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moderating explicit medical images for public con-
sumption. The contributions of this work, therefore,
are: 1) a large dataset that fills the critical gap of
having various medical images marked as sensitive
or not; 2) an approach to automatic labeling of im-
ages leveraging a small manually annotated seed
set, and 3) establishing a strong benchmark for sen-
sitive image identification using text (if available)
and image features.

I3

Figure 1: The images shown are blurred represen-
tations of graphic or sensitive content, including
but not limited to severe trauma, surgical proce-
dures, exposed internal organs, bodily fluids, and
nudity. The complete, unaltered dataset contains
more explicit material that may cause psychological
distress.

2. MedGore Dataset

The medical images were sourced from the Open
Access Subset of PubMed Central (PMC) using the
Open-i search engine. The PMC Open Access Sub-
set includes only materials that may be freely down-
loaded, reused, redistributed, and publicly shared
under the applicable open-access license. The
search restricted to photographs yielded 788,472
images.

An image was labeled as Sensitive or Gore if
it depicted visible blood, tissue, organs, surgical
procedures, trauma, burns, amputations, infections,
or other content that could be disturbing outside a
clinical or medical context. Images lacking such
explicit or invasive visual content were labeled as
Non-Sensitive or Normal. The curated seed images
served as the foundation for automated dataset
expansion using similarity-based retrieval methods,
ensuring high-quality and semantically consistent
samples across both categories.

2.1. Dataset Generation

Starting with manually curated set of 300 images
per class, additional images were retrieved using 1
to 10 nearest neighbors from a K-Nearest Neigh-
bors (KNN) search method (Gupta et al., 2023) .
The KNN retrieval was performed separately for the
Non-Sensitive and Sensitive categories. To ensure
diversity and balance, the resulting images were
further organized by their corresponding clinical
journals. From these, 1,000 images per class were
randomly sampled, proportionally weighted by the
number of images available per journal. The se-
lected 2,000 images were then manually annotated
using an in-house image annotation tool with three
labels — Blur, Maybe, and Ok — where annota-
tors determined whether an image required blurring,
was uncertain, or was safe for display. Annotation
was performed by eight annotators, grouped into
four random pairs Each annotator reviewed 250
images per round. Following annotation, disagree-
ments and Maybe cases were resolved through
consensus discussions among the authors. Multi-
ple rounds of evaluation and sampling were con-
ducted to refine the dataset, resulting in a final bal-
anced collection of 2,000 Sensitive and 2,000 Non-
Sensitive images.

The 1,000 seed images from each of the Non-
Sensitive and Sensitive classes were utilized to
expand the collection using the KNN search. The
subsequently manually annotated additional 1,000
images from each category are reserved as test
set. To expand each category, the first 99 near-
est neighbors were considered for each seed im-
age. Through this KNN-based retrieval, a total of
183,706 Non-Sensitive and 78,025 Sensitive im-
ages were generated, as shown in Figure 2. We
call this set Aut oMedGore. Subsequently, we ex-
amined the relationship between the retrieval qual-
ity and the distance from the seed image within
the KNN neighborhood to assess accuracy of the
images.

2.2. Nearest Neighbor Homogeneity
Estimation

Let's assume that if an image is classified as Sen-
sitive or Non-Sensitive, there exists a probability
« that its nearest neighbors (NNs) in the KNN
space would also share the same classification.
To empirically evaluate this relationship, pairs of
annotators manually reviewed 10 images per NN
rank from ranks 1 to 99, randomly sampled across
clinical journals to ensure balanced representa-
tion. To enhance statistical robustness, NN ranks
were grouped into bands of 20 ranks (i.e., 1-20,
21-40, etc.), resulting in 200 measurements per
band. The resulting data were analyzed using a
Beta-Binomial Bayesian Model, which estimates
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Figure 2: lllustration of MedGore dataset generation starting from 300 Open-i images to KNN based
search and expansion a total of 183,706 Non-Sensitive and 78,025 Sensitive images

the probability 7 of a correct classification based
on the number of correct and incorrect observations.
A non-informative prior was used, with parameters
a =a+1, 8 = b+1(where, a =number of NNs con-
firmed sensitive by human review and b = number
NNs shown not-sensitive by human review) corre-
sponding to a uniform prior distribution for 7 in the
absence of prior measurements. The model has
a probability density function, PDF(p , «, 5), over
possible values, p , for the actual value, T,

a—1 _ »n\8-1
p* (1 —p)
PDF(p,a,8) = ————
(p,a,B) Blo. )
where B is the Beta function.
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We evaluated three cases: combined non-sensitive
and sensitive images, non-sensitive images only,
and sensitive images only. For each case, we
tested several sets of equal-width nearest neighbor
(NN) bands. Across all configurations—irrespective
of NN rank or band width—the probability of cor-
rect classification remained approximately constant.
Specifically, the combined case achieved ~ 84%
accuracy, the sensitive-only case ~ 76%, and the
non-sensitive only case ~ 92%. These findings indi-
cate that the likelihood of an image being classified

as sensitive or non-sensitive is roughly constant
out to the distance of the 100th nearest neighbor
of the seed images.

To further validate this observation, we adjusted
the band widths and conducted additional reviews
until the uncertainty was sufficiently reduced, en-
suring that the probabilities associated with each
band were distinguishable. Surprisingly, the classi-
fication probability remained stable across the first
99 nearest neighbors, suggesting that the bound-
ary between blurred and sensitive images is not
reached within this range. Expanding the index to
include more nearest neighbors is necessary to
investigate the transition region more comprehen-
sively.

To compare and analyze the effectiveness of the
automatically generated dataset, we consider two
collections of the same size as the MedGore train-
ing set from Aut oMedGore for training the models.
In the first set AutoMedGore-First3, we sam-
pled images of size 2000 from the closest three near-
est neighbors; in another set called Aut oMedGore-
Last3, we sampled images of size 2000 from the
farthest three nearest neighbors. We split the set
as a training and a validation set, similar to the
MedGore.

2.3. Inter-Annotation Agreement

Before reconciling the disagreements, we analyzed
inter-annotation agreement using Gwet's AC1 coef-
ficient (Gwet, 2008) and Cohen’s Kappa (Wong-
pakaran et al., 2013). Gwet's AC1 was shown
to provide a more stable inter-rater reliability co-
efficient and be less affected by prevalence and
marginal probability than Cohen’s Kappa (Wong-
pakaran et al., 2013). We obtained Gwet's AC1

298



pairwise values ranging from 0.92 to 0.94, Cohen’s
Kappa pairwise values ranging from 0.83 to 0.88
and F1 scores between 0.9 and 0.93, indicating sub-
stantial to near-perfect inter-annotator agreement
and demonstrating that our annotation process is
both reliable and consistent across different image
categories.

2.4. Data Analysis

We analyzed the annotated images, which are la-
beled as Non-Sensitive or Sensitive based on the
visual information they contained. In particular, we
wanted to estimate the proportion of blood-like and
skin-like regions in those images that are annotated
to be blurred for public viewing. Following the liter-
ature on color detection (Chaves-Gonzalez et al.,
2007, 2010; Kakumanu et al., 2007), we aim to find
the red color regions in the HSV color space and
skin regions in the YCbCr color space. In the HSV
color space, we seek the hue value correspond-
ing to the red color, which shows the blood-like
regions. We use the thresholding approach used
in (Shaik et al., 2015) to detect the skin-like regions
in the image. We hypothesized that if an image
contains a high hue value and has been detected
as a skin-like region, it is likely to be annotated as
Blur. Towards this, we computed the proportions
of blood-like and skin-like regions in a given image
by aggregating the detected red hue scores and
skin-like regions using thresholds and averaging
over all values in the respective color spaces. For
a given dataset, we normalized these scores using
z-scores. Therefore, we assign a single estimated
blur (EB) score for each image as the maximum
of the blood-like and skin-like region scores. We
have provided the histogram (Fig. 3) for the training
and test set of MedGore, AutoMedGore-First3,
and AutoMedGore-Last3. The histograms show
that the average EB score (0) is mostly assigned to
the Non-Sensitive images, and above average (>0)
is assigned to the Blurimages. This trend is consis-
tent across the different datasets, as shown in Fig.
3a, 3b, 3c and 3d. It also signifies that the automati-
cally created dataset AutoMedGore-First3, and
AutoMedGore-Last3 follow a similar data distri-
bution to that of the manually assessed MedGore.

3. Benchmarking MedGore

3.1.

The task of sensitive medical image (SMI) classifi-
cation intends to categorize a given medical image
T (and associated text 7)) into one of the classes®

Problem Statement

5For the benchmarking purpose and reporting all the
results and analysis, we will refer to the non-sensitive

{'sensitive’, ‘non-sensitive’ }. Formally, we want to
learn a parametrized function f which take Z and 7
(if available) and predict the class y = f(Z, T : 0).

3.2. Approaches

We benchmark the MedGore across three settings,
each reflecting a different modality configuration.
Monomodal (Text): We performed the experi-
ments with the pre-trained language models such
as BERT (Devlin et al., 2019) variants (BERTgase,
BERT age) and RoBERTa (Liu et al., 2019) vari-
ants (RoBERTapase, ROBERTa 4ge), Which are
pre-trained using self-supervised objective func-
tions on a large-scale dataset. We also utilized
the recent LLMs, such as LLama3 (Grattafiori
et al., 2024) models (Llama-3-8B-Instruct, Llama-
3.3-70B-Instruct) and Mistral (Jiang et al., 2023)
(Mistral-7B-Instruct-v0.3), which are fine-tuned on
an instruction following dataset. Additionally, we
included the latest Qwen (Yang et al., 2025) fam-
ily models (Qwen3-8B, Qwen3-14B), which inte-
grate the thinking mode for complex tasks requiring
multi-step reasoning with the non-thinking mode for
rapid, context-driven responses into a single unified
framework. We fine-tune the PLMs on the training
set, and for LLMs, we experiment in the zero-shot
setting with the prompt shown in Fig. 4.
Monomodal (Vision): We utilized a variety of vi-
sion models to train them for the task of SMI clas-
sification. Specifically, we used the ResNet-50 (He
et al., 2016) model (microsoft/resnet-50), which is
built upon a convolutional neural network (CNN)
with residual connections, and the ViT (Dosovitskiy
et al., 2020) model (google/vit-base-patch16-224),
a pure transformer architecture that processes im-
ages as sequences of patches, equivalent to tokens
in textual data. We also employed the Swin Trans-
former (Liu et al., 2021) model (microsoft/swin-
base-patch4-window7-224), a hierarchical Trans-
former that computes self-attention within shifted
windows. The shifted window design makes self-
attention more efficient by focusing on local win-
dows, while still allowing connections between
them. Additionally, we included recent DINOv2
(Oquab et al., 2024) models (dinov2-small, dinov2-
base, dinov2-large) that are designed to stabilize
and accelerate discriminative self-supervised learn-
ing as models and datasets scale.

Multimodal (Text+Vision): The monomodal exper-
iments are extended to multimodal, where we ex-
periment with a variety of models that are equipped
to process textual and visual modalities to learn
the complexity in information. In particular, we uti-
lized the CLIP (Radford et al., 2021) model (clip-
vit-base-patch32), which is capable of learning a
shared embedding space between image and text,

images to be labeled as Normal and sensitive images
as Blur.
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Figure 3: The estimate blur score vs. frequency of the images across the created different variants of the

MedGore dataset.

Prompt : LLM Prompt

A medical image should be blurred if it de-
picts blood, tissue, organs, severe trauma,
or decomposition in a manner that may be
disturbing or inappropriate for general public
viewing outside medical or clinical contexts.
You are a classifier. Determine whether the
image needs to be blurred based on the
textual description of the image provided below.
Respond strictly with one word: "BLUR" if the
image should be blurred based on its textual
description; otherwise, respond with "NORMAL".

{Textual Description}

Figure 4: Zero-shot prompt for monomodal (text)
setup using large language models.

and the BLIP2 (Li et al., 2023) (blip2-flan-t5-xI)
model, which leverages both frozen pre-trained im-
age models and language models for the visual
reasoning task. We also utilized the instruction-

tuned large language-vision (LLVM) models such
as Qwen2-VL (Wang et al., 2024) (Qwen2-VL-7B-
Instruct) model and Llava (Liu et al., 2023) model
(llava-1.5-7b-hf), which are fine-tuned on large-
scale instruction-following datasets to offer compet-
itive zero-shot performance. A recent multimodal
large language model (MLLM), InternVL (Zhu et al.,
2025) model (InternVL3-1B-hf), is used in our exper-
iments, which is built upon multimodal Pre-Training
and mixed preference optimization and has shown
superior performance across a variety of languages
and tasks. All the experiments of multimodal set-
ting are done in a zero-shot setup with the prompt
shown in Fig. 5, except CLIP, where we consider
the text as the candidate class labels (Normal and
Blur).

3.3. Experimental Setups
3.3.1. Datasets

We perform the experiments on human annotated
image collections, MedGore and automatically
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Prompt : LLVM and MLLM Prompt

A medical image should be blurred if it depicts
blood, tissue, organs, severe trauma, or decom-
position in a manner that may be disturbing or
inappropriate for general public viewing outside
medical or clinical contexts. You are a classi-
fier. Determine whether the image needs to be
blurred based on the given textual description
and the image. Respond strictly with one word:
"BLUR" if the image should be blurred based on
its textual description; otherwise, respond with
"NORMAL".

{Textual Description}

{Image}

Figure 5: Zero-shot prompt for multimodal setting
using large language-vision models.

generated collection, Aut oMedGore-First3 and
AutoMedGore-Last3. We split the set as a train-
ing and a validation set of size 1800 and 200, re-
spectively. We train the models on the training
set of MedGore. In all experiments, the validation
dataset was used to select the best-performing
model checkpoint, and the model was evaluated
on the test set MedGore.

3.3.2. Modalities

Monomodal (Text): We consider two different
sources of textual data from MedGore to perform
the experiments. The first source is a caption of
the image provided in the PubMed articles, and the
second source is the mention sentence where the
corresponding figure was referred to in the article.
We trained two variants of each PLM on the train-
ing set and evaluated the model on the respective
test set. Since we performed all the experiments
for LLMs in a zero-shot setup, we evaluated the
model on the test set, considering both caption
and mention textual descriptions.

Monomodal (Vision): We fine-tune each vision
model on the training set, considering only the im-
age modality, and evaluate on the test dataset.
Multimodal (Text+Vision): Similar to the
Monomodal (Text), we utilized two sets of textual
descriptions to perform the experiments: caption
and mention. All the experiments are done in a
zero-shot setup on the test set.

3.4.

We set the maximum length of the textual descrip-
tion to 512 tokens for all the experiments. All the
pre-trained models were used from the Hugging
Face (Wolf et al., 2020) library. For the PLM’s fine-
tuning, we set the learning rate=2e — 5, epoch=10,
and batch size =16. We performed the zero-shot

Implementation Details
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experiments on LLMs and VLLMs with the following
configuration: maximum new tokens=4, and 4-bit
quantization. For the vision models, we fine-tune
them with the learning rate=2e — 5, epoch=10, and
batch size =16.

Evaluation Scheme We evaluated the perfor-
mance of the models in terms of macro precision,
recall, and F1-score. We also computed the area
under the curve score for those models that pro-
duce the probability scores for the predicted class.

4. Results, Analysis and Discussion

4.1. Results

We have reported the results with Monomodal
(Text), Monomodal (Vision), and Multimodal
(Text+Vision) in Tables 1, 3. For the Monomodal
(Text) setting, when training with the captions of the
images, the RoBERTa, 4,4e achieved the maximum
F1-score of 92 on the ground-truth test set of the
MedGore dataset. With the same model, we re-
ported the F1-score of 87.35 when training with the
mentions of the images. The absolute performance
drop of 4.65 when switching from captions to men-
tions shows that captions are the most accurate
representation of the images. The other models
(variants of BERT and RoBERTag,se) also obtained
the competitive F1-score. With the LLMs under the
setting of Monomodal (Text), we obtained signifi-
cantly lower performance except for the Mistral-7B-
Instruct-v0.3, which reported an F1-score of 75.87
with Captions of the images and 65.65 with men-
tions of the images.

When considering the visual modality for the SMI
classification task, we obtained better results com-
pared to the textual modality. Under this setting, the
model swin-base-patch4-window7-224 achieved
the highest F1-score of 98.19, and other visual mod-
els also reported competitive performance, ranging
from 94.01 (resnet-50) to 97.28 (dinov2-large). The
results show that the fine-tuned visual models offer
better discriminative information for the SMI classi-
fication task compared to the textual modality.

For the Multimodal (Text+Vision) setting, we con-
ducted experiments using a zero-shot setup with
five different models and reported the results in
Table 1. For the clip-vit-base-patch32 model, we
use the candidate labels (Blur and Normal) as
text and compare the similarity with the image.
The label with the highest similarity was assigned
to the image. The clip-vit-base-patch32 model
achieved an F1-score of 33.46 and the lowest pre-
cision score 25.15. We utilized the corresponding
textual description (caption or mention) with the
prompt shown in Fig. 5 for the remaining multi-
modal models. The model llava-1.5-7b-hf achieved



Model Name . Caption _ Mention
Precision Recall F1-Score AUC | Precision Recall F1-Score AUC
Monomodal (Text)
BERTgase 91.96 91.77 91.74 96.11 | 87.66 8598 85.77 94.02
BERTLarge 92.01 91.92 91.9 96.72 | 88.05 86.23  86.01 92.77
RoBERTag,se 91.58 91.28 91.23 96.27 | 87.45 85.78 85.56 93.86
RoBERTa arge 92 92.01 92 96.82 | 88.42 87.47 87.35 94.56
Mistral-7B-Instruct-v0.3  79.22 76.5 75.87 NA 67.17 66.12 65.65 NA
Llama-3.3-70B-Instruct  50.15 50 33.65 NA 73.8 53.19 404 NA
Llama-3-8B-Instruct 75.16 50.05 33.58 NA 75.16 50.05 33.58 NA
Qwen3-14B 37.34 47.22 34.54 NA 47.3 49.71 35.36 NA
Qwen3-8B 35.86 49.35 33.61 NA 46.51 49.71 34.88 NA
Multimodal (Text+Vision)

clip-vit-base-patch32 25.15 50.00 33.46 NA 25.15 50.00 33.46 NA
blip2-flan-t5-xI 25.52 31.98 22.42 NA 17.65 30.66 22.41 NA
InternVL3-1B-hf 56.70 50.77 36.92 NA 58.48 51.43 38.83 NA
llava-1.5-7b-hf 40.24 40.15 40.14 NA 41.60 41.38 41.21 NA
Qwen2-VL-7B-Instruct 48.15 34.21 24.37 NA 50.35 34.21 24.24 NA

Table 1: Performance comparison of the monomodal (text) and multimodal (text+vision) approaches on
the test set of the MedGore dataset. The ‘NA’ refers to models that generate an answer rather than predict

with a confidence score.

Model Name Caption Mention

Precision Recall F1-Score AUC | Precision Recall F1-Score AUC

Monomodal (Text) with AutoMedGore-First3
BERTgase 84.83 82.87 82.56 93.8 86.34 83.29 82.85 93.35
BERT Large 88.78 86.34 86.06 96.23 88.03 86.83 86.67 94.1
RoBERTagase 86.73 82.95 82.41 95.07 86.4 82.74 82.22 92.36
RoBERTa 4ge 88.12 87.22 87.1 95.78 87.11 84.69 84.36 93.09
Monomodal (Text) AutoMedGore-Last3

BERTgase 86.34 83.29 82.85 93.35 86.51 83.84 83.46 93.2
BERT Large 88.03 86.83 86.67 94.1 86.57 84.53 84.25 93.22
RoBERTagase 86.4 82.74 82.22 92.36 85.87 81.84 81.23 92.42
RoBERTa 4rge 87.11 84.69 84.36 93.09 87.03 85.28 85.04 93.73

Table 2: Performance comparison of the monomodal (text) approaches by training the model on
AutoMedGore-First3 and AutoMedGore-Last3 on the test set of the MedGore dataset.

Models Precision Recall F1-Score AUC
MedGore
vit-base-patch16-224 96.87 96.75 96.73 96.75
resnet-50 94.21 94.03 94.01 94.03
swin-base-patch4-window7-224 98.2 98.19 98.19 98.19
dinov2-base 96.44 96.43 96.43 96.43
dinov2-large 97.34 97.29 97.28 97.29
dinov2-small 96.15 96 95.97 96
AutoMedGore-First3
vit-base-patch16-224 94.52 94.05 94 94.05
resnet-50 89.8 88.09 87.91 88.09
swin-base-patch4-window7-224  94.96 94.55 94.51 94.55
dinov2-base 91.21 89.85 89.71 89.85
dinov2-large 92.46 91.35 91.24 91.35
dinov2-small 91.02 90.58 90.52 90.58
AutoMedGore-Last3
vit-base-patch16-224 94.32 93.89 93.85 93.89
resnet-50 92.12 91.05 90.94 91.05
swin-base-patch4-window7-224  93.81 93.2 93.14 93.2
dinov2-base 91.96 90.94 90.84 90.94
dinov2-large 92.01 90.65 90.52 90.65
dinov2-small 92.48 91.74 91.67 91.74
Table 3: Performance comparison of the

monomodal (vision) approaches by training the
model on MedGore, AutoMedGore-First3
and AutoMedGore-Last3 on the test set of the
MedGore dataset.

the highest F1-score of 40.14 amongst all multi-
modal models with the balanced precision and re-
call scores. The model InternVL3-1B-hf obtained
the highest precision score of 56.70 and recall score
of 50.77. The model predicted most of the 1929 im-
ages into the Blur category out of a total of 1988 im-
ages in the test set, which yielded a high F1-score
(66.9) of class Blur but a very low F1-score (7.1)
for Normal images, leading to the lower macro-F1
score of 36.92.

4.2. Analysis

To analyze the effectiveness of the automati-
cally created dataset, we conducted additional
experiments, selecting samples using two dif-
ferent strategies (AutoMedGore-First3 and
AutoMedGore-Last 3) to create a training set for
comparison with the human-annotated training set
MedGore. The experimental results depicted in Ta-
bles 1, 3 show that when the model was trained
on the training set of MedGore, it performed bet-
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ter in monomodal (text) and monomodal (vision)
settings. Following this, we aim to analyze the ef-
fect of model performances when they are trained
on AutoMedGore-First3 and AutoMedGore-—
Last3 datasets. For the monomodal (text) set-
ting, we reported the results in Table 2 by train-
ing the models with AutoMedGore-First3 and
AutoMedGore-Last 3 datasets and evaluating on
the same ground-truth dataset, which is part of
MedGore collection. We obtained the best re-
sults with the RoBERTa 5,4 model, achieving an
F1-score of 87.1 and 84.36 with AutoMedGore—
First3 considering the caption and mention, re-
spectively, as the textual description of the images.
Comparing these results with the MedGore train-
ing set, we can say that though there is a perfor-
mance decrement, it has also to be noted that the
AutoMedGore-First3 is our automatically cre-
ated dataset, which is achieving stronger results
compared to the resource and time-consuming
construction of the human-annotated MedGore
dataset. We observe similar trends when the
AutoMedGore-Last3 was considered for train-
ing the models. We extend the same experiments
with a monomodal (vision) setting and reported and
compared the results in Table 3. We observe that
the best-performing swin-base-patch4-window?7-
224 model achieved an F1-score of 94.51 and 93.14
for AutoMedGore-First3 and AutoMedGore-—
Last3, respectively. These results allow us to
make two claims: (1) our automatically created
dataset is producing comparable results for the
task of SMI classification, (2) the quality of the au-
tomatically generated datasets remains similar as
we descend into nearest neighbor ranking while
choosing the samples.

4.3. Discussion

The analysis of NN homogeneity estimation using
the Beta-Binomial Bayesian Model demonstrates
that clusters formed around the seed images are
consistent and homogeneous. The probability of
correct classification remains fairly constant at ap-
proximately 84% for distances out to the 100th
NN, indicating that the retrieved images are visu-
ally very similar to their corresponding seeds. A
higher level of homogeneity is observed for non-
sensitive images (~ 92%) compared to sensitive
images (~ 76%), likely due to the greater number
and visual uniformity of the non-sensitive seeds
locally. Overall, these results suggest that clusters
within the first 99 NNs are well separated and main-
tain strong class consistency.

The KNN expansion resulted in 183,000 non-
sensitive images and 78,000 sensitive images.
This imbalance arises because 77.45% of non-
sensitive images are unique, whereas only 31.85%
of sensitive images are unique. This indicates that

sensitive image clusters exhibit greater overlap,
while non-sensitive image clusters are more widely
distributed across the feature space. The higher
redundancy among sensitive images can be at-
tributed to their visual similarity in image features,
such as the predominance of red tones in surgical
photographs. Additionally, a small proportion of
non-photographic images, such as MRI or X-ray
scans, are included in the non-sensitive category.
Also some photographs were also filtered during
processing, further contributing to this distributional
difference.

The experiments on a variety of monomodal and
multimodal approaches reveal that the task of SMI
classification is well handled by a hierarchical vi-
sion transformer (Dosovitskiy et al., 2020), which
processes images in patches. However, ResNet50
achieved the highest performance, even though
it was not one of the computationally inexpensive
models evaluated in our study. We also find that the
monomodal (text) model with textual descriptions
(captions or mentions) as input for images is not
better than the monomodal (vision) model. It can
also be attributed to our visual analysis (see Sec-
tion 2.4), which shows that images with blood-like
and skin-like regions tend to produce higher esti-
mated blur scores. We observed around 7% per-
formance decrement between the best-performing
monomodal (text) and monomodal (vision) models.
In our experiments, we found that neither LLMs nor
VLLMs under a zero-shot setting could perform bet-
ter on the SMI classification task. Given the better
performance of the lightweight vision model, we did
not extend our study to fine-tune those LLMs and
VLLMs, which require substantial computational
resources, as this would not be a practical solution
for model deployment. We also observe that the
high performance of the SMI classification could be
due to a binary classification setup, which makes
the model learn discriminative features between
normal and gory images. A more challenging prob-
lem could be fine-grained gory image classification,
where the model needs to identify a specific type
of gory image, if any is present. We will consider
this extension in future work.

5. Conclusion

In this work, we introduce a large dataset of med-
ical photographs, their captions and correspond-
ing discussions in the full text of the medical arti-
cles from which the images were extracted. The
dataset was generated to enable development of
approaches to automated detection of sensitive
medical images. We introduce a KNN-based ap-
proach to rapid labeling of the images and an ap-
proach to NN homogeneity estimation using the
Beta-Binomial Bayesian Model. Finally, we estab-
lish mono- and multi-modal benchmarks for image
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labeling using image and text features.

6. Ethical Considerations and
Limitations

The images in the MedGore collection are sourced
from the Open Access subset of PubMedCentral.
The dataset may be freely downloaded, reused, re-
distributed, and publicly shared under the applica-
ble open-access license. To the best of our knowl-
edge, the journals that publish the images require
patients’ concent and IRB review. These images
are publicly available at https://openi.nlm.nih.gov.
While the dataset we presented is large, covers
multiple aspects of sensitive image content, and
enables highly accurate image classification, our
analysis shows that some unknown sensitive image
types may be present in Open-i and other medical
image collections. We believe that the presented
approach to the identification of such images will
enable filling these gaps in future work.

7. Data Availability

MedGore Dataset is available for download at
https://bionlp.nlm.nih.gov/MedGore_
Dataset.zip.
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