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Abstract. In this paper, we propose a modular system architecture
leveraging Natural Language Processing to process diverse medical data.
The framework integrates outputs through an expert system layer (based
on fuzzy logic) to improve explainability and deliver clinically action-
able recommendations. Preliminary text-based analysis of patient inter-
views demonstrates potential to differentiate cancer types and support
diagnostic workflows. By addressing integration of multiple analytical
approaches, this work contributes to AI systems aimed at accelerating
cancer diagnosis and improving clinical decision-making.

Keywords: Multimodal data · Cancer Diagnosis supporting systems ·
Medical data processing · Artificial intelligence.

1 Introduction

Widely understood artificial intelligence (AI) has been increasingly adopted in
many areas of daily life [20, 4, 17] . As AI-based data analysis methods advance,
the challenges faced by AI systems become more complex [2, 22, 26]. This results
from the increasing complexity of problems and the data structures describing
them [21, 3].

One of the fields where such tools are especially valuable is medical science
[3, 14]. In clinical practice, patient records usually consist of diverse data types,
such as [18]:

– medical test results enabling comparison with thresholds,
– doctors’ interviews containing textual information on visits, recommenda-

tions, and outcomes,
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– image data (e.g., X-ray or MRI),
– other textual data (e.g., ICD-10 codes).

Medical sciences have specific characteristics, where diagnostic errors may
lead to severe consequences [7]. In this context, cancer is a disease where time
is crucial. Many cases show that even malignant tumours can be successfully
treated if diagnosed early [25]. Therefore, the diagnostic process must be effi-
cient, with all necessary information obtained as quickly as possible [25]. These
may include biopsy or surgery, which should be applied only when necessary
due to associated risks [12]. The use of AI to analyse patient data can shorten
the diagnostic process and enable earlier treatment, increasing recovery chances.
Through integrating diverse approaches (AI-/NLP-based, fuzzy, LLM), as pro-
posed in this paper, we aim at a more robust and comprehensive solution com-
bining deep learning for image analysis, expert systems for reasoning, and NLP
for health record analysis can improve diagnostic accuracy [11, 13, 8].

Our analysis is performed on a real-world dataset (in XML format) from
Opole Oncology Center (OCO) in Opole, Poland, including records from 10
patients undergoing cancer diagnostics. The dataset was fully anonymized and
analysed offline without any interaction with participants.

2 Background to the Study

AI-/NLP-based data analysis is a rapidly evolving field integrating information
from images, text, audio, and sensor data to better understand complex phe-
nomena [8, 13, 23]. The use of multiple modalities, or different AI methods on
limited data, often improves performance compared to single-modality analysis,
addressing ambiguity, incompleteness, and noise. This section reviews advances
in multimodal data analysis, focusing on ML, DL, LLMs, and CNNs.

Early multimodal approaches relied on traditional machine learning. Support
vector machines (SVMs) combined features from different modalities in tasks
such as sentiment analysis [15]. Probabilistic models, including Hidden Markov
Models (HMMs) and Bayesian Networks, modeled temporal dependencies in
multimodal data, e.g., human activity recognition [10]. However, these methods
depended on hand-crafted features and struggled with high dimensionality.

Deep learning enabled automatic feature extraction and learning from raw
data. Convolutional Neural Networks (CNNs) achieved strong results in image
recognition [9] and object detection [19], and were combined with recurrent neu-
ral networks (RNNs) for sequential data. For example, in video captioning, CNNs
extract visual features while RNNs generate text [24]. Attention mechanisms fur-
ther improved performance by focusing on relevant inputs, e.g., in visual question
answering (VQA) [1].

Integration of text and vision remains a key research area. Tasks such as
image-text retrieval use joint embeddings to align semantic representations [6].
Transformer-based models significantly advanced this field, with approaches such
as CLIP [16] enabling strong multimodal representations and zero-shot general-
ization.
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Large Language Models (LLMs) extend these capabilities to tasks requiring
reasoning across modalities, including dialogue systems and instruction following
[5]. Although primarily text-based, LLMs incorporate other modalities through
projection layers or specialized tokens, enabling multimodal understanding.

Despite progress, challenges remain, including missing modalities, data het-
erogeneity, and robust fusion strategies. Interpretability, explainability, and eth-
ical issues such as bias also require attention. Future work will focus on more
generalizable multimodal architectures and improved fusion methods.

3 Materials and Methods

In this study, we analyze a real-world dataset from an oncological clinic, contain-
ing medical information from 10 patients during the diagnostic process. Origi-
nally in Polish, it was translated into English. The dataset includes patient visits,
laboratory results, doctor consultations, diagnostic reports, and treatment plans,
providing a comprehensive view of each case.

Due to the complexity of the data, including diverse attributes such as dis-
ease stages, laboratory tests, and specialist consultations, careful preprocessing
was required. The variability between patient records reflects the heterogeneous
nature of cancer diagnosis and treatment, with each case presenting different
analytical challenges.

3.1 Patients’ Records

Each patient has a record in the database, and the record is designed to store
the most relevant information, including: DateOfBirth, Gender, EpisodeCollec-
tion (meaning all episodes related to the patient stored in the database). Each
EpisideCollection constitutes a separate entry distinguishable by EpisodeDate,
ProcedureName (e.g., visit, prescription, etc.), ICDCodes (ICD-10 codes describ-
ing a disease group and a specific type), VisitExamination, VisitDiagnosis, Vis-
itInterview/Interview, VisitRecommendations/Recommendations, LabTestValue,
Observations and more.

For AI-/NLP-based analysis, a key issue is that some records may be missing
or repeated depending on the patient or cancer type (e.g., multiple visits with
similar or different outcomes). As a result, the data cannot be easily organized
into a coherent table structure required by many analytical tools. Consequently,
many AI (ML/DL) algorithms are not directly applicable, requiring substantial
restructuring. This may include data splitting by type (e.g., image vs. text) or
transformation (e.g., flattening) to enable further processing.

Considering data structure, complexity, and completeness, we focused on
the Episodes containing interview or consultation results, including symptoms,
prior tests, and doctors’ observations. From the XML data, we extracted four
text chunks describing visit examination results and applied our framework to
evaluate its use as a decision-support system.
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(a) First Example of the Episode Record

(b) Second Example of the Episode Record

Fig. 1: Differences in the Episode Record Structure

To illustrate the differences in patient data, example data structure fragments
are presented in Fig. 1a and Fig. 1b.

As shown in Fig. 1a and Fig. 1b, one can see where the difficulty in processing
the patients’ data may come from: the two Episode sections are in the XML file,
but have completely different structures.

3.2 The Proposed Architecture for the Recommendation System

Patient data can be used in many ways; however, in cancer cases, the primary
goal is to shorten the diagnostic process, potentially omitting unnecessary pro-
cedures.

In the 1scaleati65t dataset, one case shows a first visit on 03/09/2024 and a
surgery recommendation on 26/02/2025, indicating a lengthy diagnostic process
involving multiple consultations and tests. This higscalets 65e need for solutions
supporting earlier decision-making, especially when cancer is not yet Example
conDifferences in the Structure of the Episode Record. initial consultations have
occurred. By applying ML, DL, LLMs, or CNNs to patient data and leveraging
knowledge from similar cases, the system may recommend either standard diag-
nostics or more direct procedures, such as biopsy or surgery, thereby shortening
the diagnostic timeline and improving outcomes.

Based on these considerations, we propose an AI-/NLP-based cancer diagno-
sis system architecture integrating a fuzzy inference system, as shown in Fig. 2.

The target system proposed in Fig. 2 should allow a detailed and multi-level
analysis of the available patients’ data. For this paper purposes we focus only on
the text NLP-based analysis supported by a fuzzy inference system, while the
overall architecture is discussed to place our findings in the proper context.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29912-3_29

https://dx.doi.org/10.1007/978-3-032-29912-3_29
https://dx.doi.org/10.1007/978-3-032-29912-3_29


Title Suppressed Due to Excessive Length 5

Fig. 2: Proposed Diagnostic System Architecture.

3.3 The Test Bed

In this section, we provide some implementation details as well as preliminary
results indicating the way(s) in which the whole data analysis was performed.
All the relevant code was developed in Python.

The first step of the analysis was based on comparing the extracted inter-
view results against keywords that were chosen so that they specifically referred
to various (CANCER_INDICATORS ) appearing in patients suffering from a
specific cancer type. Example keywords for just two cancer types are shown in
Fig. 3a.

(a) Keywords List for Cancer Indicators.

(b) Fuzzy Rules Set

Fig. 3: Details of the Rule-based Fuzzy Inference System.

The fuzzy reasoning is based on a fuzzy rule set shown in Fig. 3b.
The list of keywords is of utmost importance, as the the system checks the

number of occurrences of cancer-type-specific keywords in the analysed text. The
comparison is performed in three main categories: Anatomical Terms, Symptoms
and Diagnostic Terms.

As the reference sample dataset consists of only 10 patients’ data, (insufficient
to train a model from scratch) hence we decided to apply NLP-based analysis
and support it with a fuzzy inference system.
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In order to do this, we performed a simple stylometric analysis based on
comparisons of word distributions between 4 different interviews. These cases
were related to: Pelvic Cancer, Breast Cancer, Liver Cancer, Lung Cancer.

Taking into account the relevant categories of analysis, we designed a fuzzy
system allowing the final decision and cancer type identification to be obtained
based on the NLP-based analysis results. The fuzzy system design is presented
in Fig. 4.

Fig. 4: Fuzzy System Design Details.

4 Results

To represent differences between interviews, we used violin plots from the seaborn
module in Python.

Word count for the four interviews is presented in Fig. 5.

Fig. 5: Word Count Statistics for Each Interview.

Analysis of matching words in the fuzzy system allowed identification of three
out of four cancer types. The highest score (nearly 55%) was observed for lung
cancer while second highest score was for Liver cancer (32%).
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5 Conclusion

Preliminary analysis of patient interviews shows differences in word frequency
distributions between cancer types, indicating the potential of NLP tools in diag-
nosis. The system aims to support tailored diagnostic pathways and shorten time
to interventions such as biopsy or surgery, improving clinical decision-making and
patient outcomes.

The architecture addresses data heterogeneity by assigning techniques to
specific data types: ML for numerical data, NLP or LLMs for text, and CNNs
for imaging. Integration through an expert system supports coherent decisions
and reduces risks such as hallucinations or overfitting, aligning with clinical
requirements for interpretability and reliability.

Although limited by the small dataset, results confirm semantic differences
between cancer types, supporting further research with larger samples to improve
accuracy and generalisability. In our view the work provides a foundation for AI-
enhanced oncology diagnostics, with potential to shorten diagnostic time and
improve patient care.
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