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Abstract. Timely detection of anomalies is important in clinical data for identifying rare conditions, di-
agnostic errors, and healthcare efficiencies. This study proposed an unsupervised hybrid anomaly detection
approach to combine clinical reports and chest X-rays using BioClinical BERT and ResNet-18 embeddings.
It integrates outlier filtering with Isolation Forest, applies a pruning step to retain the most anomalous
candidates, and then performs local refinement using Local Outlier Factor. The pipeline was evaluated on
3,851 samples from the Open-I dataset. Model performance was explored with various outlier detection
seeds, different pruned percentiles, and different LOF settings. The results indicated consistent and strong
anomaly detection of outliers indices (121, 1632, 2265, 2673) that were identified as anomalies for most
of the different configuration setting. The Jaccard similarity heatmap showed moderate to high overlap
between results (scores between 0.4 and 0.8), and the t-SNE plots visually confirmed that different types
of samples were well separated in space. IF-LOF modeling approach demonstrated evidence in captur-
ing the multimodal physical patterns inherent in clinical data; images and medical text representations
yet required no labelled data, and leveraged the benefits of global partitioning and local density-based
refinement, complemented by globally semantic embeddings from BioClinical BERT for reliable and valid
anomaly detection in clinical practice.
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1 Introduction

Anomalies are referred as exceptions, outliers or the variation from the expected pattern of
the system’s actual behavior. Anomaly detection in health care is a vital analytical process
that assists in identifying infrequent but clinically significant divergence from normal clin-
ical observations [8]. Effective and timely anomaly identification considerably contributes
toward improved patient outcomes by enabling prompt medical treatment and avoiding di-
agnostic error. Anomaly detection techniques further improve the allocation of healthcare
resources by pointing towards inefficiencies and scope for improvement in clinical work
flows [1]]19].

Traditional medical anomaly detection mainly uses unimodal analyses that considers clin-
ical text and medical images separately. Multimodal analysis is important for a more



complete detection process because the anomalies in healthcare most commonly appear as
complex multimodal relationships [19]. The combination of different modalities of the data
provides more concrete evidence to make the detection more feasible. Clinical text used in
combination with images offers complementary views which enable more context-sensitive
and accurate anomaly identification [4]. Most of the existing literature have confined their
focus on topics like classification and image-text retrieval rather than anomaly detection,
hence, leaving the studies on multimodal fusion unexplored despite the improvement in the
performance of unimodal analysis [26]. Embedding methods are the cornerstone of multi-
modal analysis. It helps the complex, high-dimensional multimodal data to be represented
into a low-dimensional feature spaces. BioClinical BERT, a clinical form of BERT was able
to encapsulate the semantic nuances of clinical narratives with deep contextual embed-
ding, effectively outpacing more traditional NLP methods in clinical contexts including
diagnostic coding, sentiment analysis, and anomaly detection of clinical text [2][18][23].
It not only helps convert natural language into vector embedding, but also captures the
deeper contextual meaning between the relationship between the words in the clinical set-
ting, contributing to a robust feature for anomaly detection.

Similarly, convolutional neural networks (CNNs) have gained much popular for feature
extraction when applying machine learning techniques to medical imaging. As they are
capable of learning complex hierarchical features, they are considered to be a favorable
choice. More specifically ResNet-18, a pre-trained CNN architecture that includes residual
connections, which significantly improved gradient flow, allowed for deeper networks, and
could be used accurately in medical imaging contexts like classification, segmentation, and
detection [14][25][24]. Moreover, the extensive practical use of ResNet-18 in medical imag-
ing illustrates its superior performance and use of computational resources in processing
images compared to traditional CNNs [11][16].

The proposed study aims to leverage the contextual understanding capabilities of Bio-
Clinical BERT to represent textual data in a low-dimensional feature space, combined with
the feature extraction strengths of the pre-trained CNN model ResNet-18. These represen-
tations are utilized by anomaly detection algorithms, specifically Isolation Forest (IF) and
Local Outlier Factor (LOF), to perform multimodal anomaly detection effectively. Isola-
tion Forest (IF) and Local Outlier Factor (LOF) are two of the most popular methods used
to perform anomaly detection because of their complimentary strengths. Isolation Forest
is a global anomaly detection method that can efficiently isolate anomalies by randomly
splitting the feature space and is known to be efficient when working with datasets con-
taining many observations [20]. LOF, on the other hand, is based on neighborhood density
for detecting local anomalies allowing it to pinpoint more subtle deviations among dense
clusters [5]. The use of IF and LOF within multimodal methods provides both global and
local perspectives to improve detection [21].

Hybrid approaches with conjunctions of Isolation forest and Local outlier factor have also
received major interest in the studies. These hybrid approaches include the use of global
detection methods such as IF or other global approaches for broader filtration which
is further followed by localized density approaches such as LOF for further refinement.
They have shown to create a balance between computation and precision using two ap-
proaches, reducing false positives, which helped with recall in high dimensionally medical
datasets [13][1][6]. Furthermore, the proposed study also explains the efficiency of these
hybrid methods in a variety of domains, therefore, meaningful in the domain of healthcare
anomaly in recognition of its contribution to the area of their research interest [7][22].

Despite increasing interest in combining Isolation Forest with Local Outlier Factor or deep



Table 1. Comparison of the proposed study with existing literature

Study Domain Modalities Feature Hybrid Vari- | Clinical| Key Finding
Source ant
Alsini et al. | Concrete-mix Tabular Shallow hand- | IF + LOF (slid- | No Outperformed
(2021) quality crafted ing window) standalone
LOF on 1,030
mixes
Cheng et al. |8 public bench- | Tabular Shallow hand- | Progressive No Higher detec-
(2019) marks crafted IF—-LOF tion rate with
lower cost
Zhou et al. | Welding inspec- | Multichannel Shallow hand- | IF + LOF No IF achieved
(2021) tion sensors crafted better class
separation than
LOF
John & Naaz | Credit-card Tabular Shallow hand- | IF + LOF No LOF AUROC
(2019) fraud crafted ~ 0.97
Fadul (2023) Credit-card Tabular Shallow hand- | IF + LOF No LOF AUROC
fraud crafted =~ 0.97
Heigl et al. | Streaming out- | Tabular Shallow hand- | Extended IF | No Resource-aware
(2021) liers crafted (no LOF) framework
improved  de-
tection
Xu et al. (2023) | Tabular, graph, | Mixed Deep random |Deep IF (no|No Outperformed
time-series reps. LOF) classical IF on
hard anomalies
Proposed Chest X-ray | Image + Text | ResNet-18 4+ |IF + LOF Yes Reliable detec-
Framework anomaly BioClinical- tion of clinical
BERT anomalies using
fused text and
image embed-
dings (Jaccard
> 0.4)

models, most prior work remains unimodal and non-clinical. Alsini et al. applied IF and
LOF in a sliding-window to detect flawed concrete-mix recipes, outperforming standalone
LOF on 1,030 samples, though inputs were limited to tabular variables [3]. Cheng et al.
proposed a two-layer ensemble: first evaluating inlier with IF, then LOF to refine the can-
didate set. They reported an increase in the detection rate with a more computationally
efficient approach in eight public datasets [9]. Zhou et al. combined IF and LOF to monitor
308,274 butt-weld joints using multichannel sensors and found IF yielded better class sep-
aration than LOF, but like prior studies, omitted textual data [28]. In finance, John Naaz
and Fadul used IF-LOF for credit-card fraud detection, reporting AUROC 0.97 using
only shallow features [17,12]. Heigl et al. integrated IF into a resource-aware streaming
pipeline but excluded a density-based second stage [15]. Xu et al. introduced Deep IF
using random representations, improving performance on tabular, graph, and time-series
data, yet remained single-modal and single-stage [27]. None of these efforts incorporate
pre-trained clinical text embeddings or test a global-local hybrid on multimodal medical
data; revealing a clear gap in the literature.

— Most existing studies are unimodal, overlooking the complementary value of combining
radiology images with associated clinical reports.

— Hybrid IF-LOF methods are often built on shallow or hand-crafted features, lacking
the representation power of domain-specific, pre-trained embeddings.

— Current IF-LOF applications are predominantly non-clinical, with limited exploration
in real-world medical imaging contexts such as radiology.

The proposed study aims to address this gap by:



— Proposing a multimodal anomaly detection framework that integrates BioClinical BERT-
based text embeddings with ResNet-18 image features, specifically for chest X-ray data.

— Demonstrating that simple, interpretable global-local anomaly detectors (IF-LOF) can
uncover outliers in widely used datasets, potentially contributing to improved dataset
quality and reliability.

— Highlighting the value of incorporating pre-trained clinical language models to enrich
the diagnostic context in anomaly detection tasks, supporting better understanding of
multimodal clinical data.

Table 1 provides a visual comparison between the proposed approach and the existing
literature.
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Fig. 1. Overall architecture of the proposed hybrid IF-LOF anomaly detection framework using multi-
modal embeddings from BioClinical BERT and ResNet-18.

2 Materials & Methods

This study proposes an multimodal unsupervised hybrid anomaly detection framework
based on Isolation Forest and Local Outlier Factor. The text data were represented using
BioClinical BERT and image features were extracted using ResNet-18. The text and image
embeddings were concatenated to represent information and supplement semantics that
exists in clinical notes and visualization presented in the X-ray scans. Overall framework
consists of important steps that included data pre-processing, unimodal feature extraction,
embedding fusion and anomaly detection using a hybrid IF-LOF approach. The overall
workflow is demonstrated in the architectural diagram in Figure 1.

2.1 Dataset

The study uses the Open-I chest X-ray dataset provided via Hugging Face which includes
paired frontal and lateral chest X-ray images and corresponding clinical reports [10]. Each



entry includes MeSH terms, problem descriptions, indications, comparison, findings, im-
pressions, img_frontal and img_lateral. The total number of entries is the dataset was found
to be 3851.

2.2 Data Pre-processing and Unimodal Embedding generation

The dataset contains a significant number of missing values, which are visually illustrated
in the missingness pattern shown in Figure 2. Table 2 shows how missing text features
were handled while generating structured text input. Clinical text fields (MeSH, Prob-
lems, Indications, Findings, and Impressions) were concatenated into structured narra-
tives. Text pre-processing includes stop words removal and punctuation removal, while
medical stop words were not removed. The cleaned text was tokenized and embedded us-
ing the pretrained BioClinical BERT model. The [CLS] token representation was extracted
to represent each report.
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Fig. 2. Missing values per feature in percentage.

Table 2. Handling of Missing Fields in Clinical Text Data

Missing Field Solution

Indication Replaced with common val-
ues from the dataset

Findings, Impression |Replaced with most com-
mon values from the dataset

Comparison Not included in structured
text input

Similarly, for the image processing; frontal and lateral images were resized to 224 x 224
pixels and normalized. The features in the images were extracted using a pre-trained
ResNet-18 model, with the final classification layer removed. The resulting 512-dimensional
embeddings for each image were concatenated to form a 1024-dimensional vector. For the
missing images, it was handled as represented in the Table 3.



Table 3. Handling of Missing Image Data

Missing Field Solution

Frontal Image Replaced with mean frontal
image embeddings

Lateral Image Replaced with mean lateral
image embeddings

Both Images Substituted with zero vec-
tors

2.3 BioClinical BERT for Text Embedding Generation

Each clinical sample ¢ contains four primary textual fields; Indication, Findings, Compar-
ison and Impression. These components are aggregated to form a structured clinical input

document: ' '
711' _ T;(lnd) o Ti(ﬁnd) o 71i(comp) o T;(lmp) (1)

The aggregated text T; is tokenized and fed into the BioClinical BERT encoder @pgrr, a
domain-adapted language model pretrained on MIMIC-IIT clinical notes [2]. The contex-
tual representation e; € R? is computed via mean pooling over the final hidden states:

e, — MeanPool(@BERT (E)) (2)

The resulting vector e; captures rich semantic information from structured radiology nar-
ratives. This embedding is later fused with the visual representation v; extracted via
ResNet-18 to form the final multimodal feature vector.

2.4 RESNET-18 for Image Embedding Generation
Each clinical sample ¢ includes a frontal image Ii(f ) and a lateral image Il-(l) which are

passed through a pre-trained ResNet-18 encoder to generate feature embeddings:

v = SPResNet(Ii(f))a Vz(l) = ‘pResNet(Iz‘(l)) )

]

These embeddings are concatenated to form the final image representation:

vi = v ||v) (4)

The image vector v; is then combined with BioClinical BERT text embedding e; to yield
the multimodal feature vector. The final representation z; is used in a hybrid isolation
Forest—Local Outlier Factor for multi modal anomaly detection.

z; = [e; || vi] (5)

The proposed study used the encoder from the “torchxrayvision” library, which provides
domain-specific feature representations well-suited to radiographs. This clinically relevant
pretraining improves embedding quality and downstream anomaly detection.



2.5 Hybrid IF-LOF Model

In order to identify anomalies in the multi modal feature space, the study develops a
two-stage hybrid pipeline that takes advantage of both global and local methods of outlier
detection. In the first stage, Isolation Forest Fj, initialized with a given random seed s, is
trained on the entire standardized feature matrix Z € R™*?, where each row z; represents
a multimodal feature vector (text + image) for sample i. The anomaly score for each point
is defined as the average depth at which it gets isolated in the trees, inverted to reflect
anomaly strength:

ol = —,}S‘ S tr(z) (6)

Tefs

where, ¢7(z;) is the path length in tree T for point 7. A higher score indicates a more
anomalous point. To focus LOF on the most promising candidates, a pruning step is
applied. A threshold TISS) is computed at the pth percentile (90, 92, 95) of all IF scores,
and only samples with scores above this threshold are retained for the next stage:

o) {z o > T<s>} (7)

p — P

Percentiles 90-95 were selected to incrementally assess how increasing selectivity in IF
affects the precision of downstream LOF refinement and were chosen based on exploratory
runs ensuring sufficient anomaly candidates for LOF analysis. In the second stage, Local
Outlier Factor is applied to just these top-scoring samples Z - LOF computes how much

a sample deviates from the density of its neighbors. This is quantified by comparing its
local reachability density (LRD) with that of its neighbors:

N 1 Irdg (5)
LORK) = [ 2= el ;

Points that receive a LOF score significantly greater than 1 are considered local outliers.
Finally, the set of confirmed outliers under this hybrid scheme is defined as:

Ospe = {z € Cl¥) | LOF(z;) > ec} (9)

where, 6. is a threshold determined by the contamination setting ¢ € {0.01,0.02, auto}.
This approach balances global partitioning of the feature space (via IF) with local density-
based refinement (via LOF). Importantly, while IF provides a global structural mechanism,
the true semantic generality is introduced via BioClinical BERT embeddings, which encode
full clinical narratives. This combination enables interpretable and semantically informed
anomaly detection in clinical data.

3 Results and Discussion

The proposed hybrid IF-LOF pipeline was evaluated on 3,851 multimodal samples from
the Open-I chest X-ray dataset. To ensure robustness, the model was run with five random
seeds across different parameter settings. Since both IF and LOF incorporate random-
ness in tree construction and neighborhood density [20, 5], running multiple seeds helped



Table 4. Summary of Outliers under selected Hybrid Configurations

Configuration|Seed|Pruning Percentile| LOF Setting|Outlier Indices
1 42 90 0.01 [121, 1453, 1632, 2673]
2 42 90 0.02 [121, 1453, 1473, 1632, 1919, 2200, 2265, 2673]
3 42 92 0.01 [121, 1632, 2265, 2673]
4 42 92 0.02  |[121, 1473, 1632, 1919, 2200, 2265, 2673]
5 42 95 0.01 [1632, 2673]
6 42 95 0.02 [121, 1632, 2265, 2673]
7 72 90 0.01 [655, 1632, 2265, 2673]
8 72 90 0.02 [121, 479, 655, 1453, 1632, 2200, 2265, 2673|
9 72 92 0.01 [655, 1632, 2265, 2673]
10 72 92 0.02 [121, 479, 655, 1453, 1632, 2265, 2673]
11 72 95 0.01 [2265, 2673]
12 72 95 0.02 [655, 1632, 2265, 2673]
13 92 90 0.01 [121, 1632, 2673, 2790]
14 92 90 0.02 [121, 655, 1453, 1632, 1919, 2265, 2673, 2790]
15 92 92 0.01 [121, 1632, 2265, 2790]
16 92 92 0.02 [121, 655, 1473, 1632, 1919, 2265, 2790]
17 92 95 0.01 [1632, 1919]
18 92 95 0.02 [121, 655, 1632, 1919]
19 112 90 0.01 [655, 1632, 2265, 2673]
20 112 90 0.02 [121, 655, 1453, 1473, 1632, 1919, 2265, 2673|
21 112 92 0.01 [121, 655, 1632, 2673]
22 112 92 0.02 [121, 655, 1473, 1632, 2265, 2673, 3569]
23 112 95 0.01 [1632, 2673]
24 112 95 0.02 [655, 1632, 2265, 2673]
25 212 90 0.01 [121, 655, 2265, 2673]
26 212 90 0.02  |[121, 655, 1453, 1473, 1632, 1919, 2265, 2673
27 212 92 0.01 (121, 655, 2265, 2673]
28 212 92 0.02 [121, 655, 1453, 1632, 1919, 2265, 2673]
29 212 95 0.01  |[2265, 2673]
30 212 95 0.02 [655, 1632, 2265, 2673]

confirm consistency in detected outliers. Table 4 shows that increasing the IF pruning
percentile reduced LOF-confirmed anomalies, reflecting a more selective candidate set.

In conjunction, to assess the consistency of anomaly detection across multiple experimen-
tal configurations, the Jaccard similarity was computed between sets of outlier indices
computed by the hybrid IF-LOF pipeline. In the context of each combination of random
seed, pruning percentile, and LOF contamination setting, an subset of anomalies were
generated and retained. The Jaccard indices were then computed pair-wise across all sets
of results using the following equation.

_l4nB]

(10)
where, A and B are two sets of detected outlier indices from different configurations.
This allowed for the creation of a Jaccard similarity matrix with all combinations of
outlier detection found across seeds and parameter choices. The Jaccard similarity matrix
provided a measure of the overlap of outlier detection and was used to measure stability

of the model’s output across experimental conditions, with higher scores indicating model
output that retained anomaly detection behavior across experiments as seen in Figure 3.

To visualize the learned multimodal embeddings in a 2D space, t-SNE was employed
with perplexity tuned to its default value (=30) to qualitatively evaluate the anomaly de-
tection pipeline by seeing the degree to which the identified outliers are spatially separated
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Fig. 5. Examples of normal chest X-ray image pairs (frontal and lateral views). These scans appear clear

with no visible tubes, devices, or unusual opacities.
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Fig. 6. Chest X-ray image pairs (frontal and lateral views) corresponding to the following indices: (a)
index 121 — shows upper lung asymmetry; (b) index 1632 — visible feeding tube placement; (c¢) index 2265
— medical device and diffuse opacities; (d) index 2673 — abnormal density in the left midlung. These cases
include structural irregularities or artificial elements that visually deviate from typical patterns.

from the normal data. t-SNE visualizations were generated for all experimental configu-
rations; representative plots for Configurations 1 (as defined in Table 4) are presented in
Figure 4. Red points in a plot denotes anomalies detected by the hybrid IF-LOF pipeline,
while blue points represent inliers. The visualizations highlights the effectiveness of the



two-stage detection strategy in identifying structurally distinct and contextually sparse
samples.

Across all configurations, outlier indices such as 121, 1632, 2265, and 2673 were detected
repeatedly, highlighting their robust anomalous characteristics independent of specific ran-
dom seed or LOF contamination level. This consistency is a desirable trait in clinical
anomaly detection, as it suggests the method’s reliability in identifying rare or irregular
samples. Across all configuration setup, specifically outlier indices 121, 1632, 2265, and
2673, actively tracked their outlier course and consistently showed correlating variation
regardless of random seed or LOF contamination. This consistency is important in clinical
anomaly detection because it shows that the method reliably identifies unusual or rare
cases, regardless of the specific settings used. With the increase in the pruning percentile
in Isolation Forest, fewer candidate samples were passed to the LOF stage, resulting in
a smaller but more focused group of anomalies which was logical; since strict filtering
tends to highlight only the most unusual cases. The t-SNE plots also showed instances of
the outliers being clearly separated from the rest of the anomalies, supporting that the
combined text and image features effectively capture meaningful differences in the data.

To qualitatively evaluate the model’s ability to distinguish normal from abnormal cases,
we present representative chest X-ray image pairs in Figures 5 and 6. Each pair includes
frontal and lateral views to reflect the multi-view nature of the input. Figure 5 showcases
examples of normal scans, which appear clear and unremarkable, with no visible medical
devices, structural abnormalities, or unusual opacities. In contrast, Figure 6 highlights
cases that were flagged as anomalous by our model. These include: (a) index 121, which
shows upper lung asymmetry; (b) index 1632, where a feeding tube is visibly placed; (c)
index 2265, which contains a medical device and diffuse opacities; and (d) index 2673,
demonstrating an abnormal density in the left midlung region. These examples illustrate
the model’s effectiveness in identifying visual deviations that correspond to clinically rele-
vant anomalies or artificial elements. The alignment between model predictions and visible
abnormal features supports the utility of our approach for interpretable anomaly detection
in clinical imaging workflows.

The Jaccard similarity heatmap shows that many configurations have a reasonably strong
overlap in the outliers all configurations detect, with similarity scores largely falling be-
tween 0.4 to 0.8. This level of consistency suggests the model is identifying some meaningful
aspects of the data and does not just react to random noise. There were some configura-
tions that were lower on the similarity measure, but these tended to have it due to random
nature of IF and LOF. Result highlights the importance of testing across different seeds
and settings; especially in sensitive areas like healthcare allowing to trust the model’s per-
formance. Overall, the experiments presented indicate that the hybrid IF-LOF pipeline is
effective in combining both global and local views to identify anomalies, specifically in the
context of complex, multimodal clinical data. Both BioClinical BERT and ResNet-18 were
effective for generating text and images embeddings respectively, and provided a rich and
complementary representation to more reliably capture anomalous values.

4 Conclusion and Limitations

The proposed study presents a hybrid anomaly detection model that integrates clinical
language and imaging data via BioClinical BERT and ResNet-18. The approach combines
Isolation Forest for global partitioning over the multimodal feature space with Local Out-
lier Factor for refined local analysis. While IF operates across the entire embedding space,



it can still reflect local patterns due to shallow tree splits. In contrast, BioClinical BERT
provides true global semantic abstraction by encoding full clinical narratives. This distinc-
tion enhances interpretability and reflects the complementary nature of both components.
The dual detection methodology consistently identified clinically significant outliers, as ev-
idenced by the recurrence of certain data points and their separation in t-SNE plots. Fur-
thermore, the Jaccard similarity model output analysis indicated reliability across varying
hyperparameter and random seed selections. The framework was consistently reproducible
across model checking experiments, which is advantageous in clinical applications where
reproducing results is key. The proposed framework is applicable to other 2D medical
imaging modalities with associated text, such as ultrasound, dermatology, and pathology
beyond chest X-rays. This adds up the eligibility of the framework to work with 2D image
modalities for clinical generalizability.

However, the study does have some limitations and needs further analysis to be included
as a part of future work.

— No expert validation, so clinical relevance of anomalies is uncertain. This limits the
ability to draw strong real-world conclusions.

— Manually chosen pruning percentile for Isolation Forest and LOF contamination thresh-
olds may further benefit from Adaptive thresholding.

— The proposed framework is not directly applicable to 3D volumetric data like MRI or
CT without architectural modifications, such as integrating 3D CNNs or transformers
and aligning multi-slice volumes with sectioned reports.
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