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Boosting thyroid nodule diagnosis through ultrasound and 
molecular imaging integration with unsupervised learning
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Background: In recent years, matrix-assisted laser desorption-ionization (MALDI) mass spectrometry 
imaging (MSI) has been applied to cytological thyroid specimens as a complementary tool for the diagnosis 
of thyroid nodules. Specifically, MALDI-MSI has been proven to be effective for classifying “indeterminate 
for malignancy” reports. In this work, we analyse the effectiveness of unsupervised methods to further 
explore whether unsupervised learning (UL) can reveal latent structures within MALDI-MSI, clinical, and 
ultrasound (US) data that may help better understand the heterogeneity of thyroid nodules, integrating 
different clinical and molecular information, such as demographic and echographic data.
Methods: This retrospective study involved 222 patients who underwent US-guided fine-needle aspiration 
(FNA), with MALDI-MSI analysis. This first dataset (named “Dataset MSI”) comprises demographic, 
molecular, and clinical information. A second dataset of 82 patients (“Dataset MSI + ECHO”) was extracted 
from the first one, containing additional information regarding the US characterization of the thyroid 
nodules. Unsupervised clustering was performed for each dataset through three distinct methods: k-means, 
partitioning around medoids (PAM), and hierarchical clustering (HC), and compared to MALDI-MSI 
classifications.
Results: Our results highlight the potential value of unsupervised approaches in exploring the underlying 
structure of the data. In Dataset MSI, the clustering analysis revealed patterns partially consistent with 
clinical outcomes and helped group cases that were inconclusive in MALDI-MSI reports, with 91% (20 out 
of 22) of patients without a clear MALDI-MSI result falling into clinically coherent clusters. Similarly, in 
Dataset MSI + ECHO, we observed a drastic increase in the overall sensitivity from 0.4 to 0.95 compared to 
the MALDI-MSI prediction. We also correctly clustered 94% of TIR4/Thy4 (5 out of 5) and TIR5/Thy5 (11 
out of 12) patients that MALDI-MSI misclassified.
Conclusions: This research highlights the need to incorporate clinical, US, and molecular information 
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Introduction

Fine-needle aspiration (FNA) is currently the gold standard, 
non-invasive cytology approach to evaluate the malignant 
nature of thyroid nodules (1). However, 20–30% of cases 
have an “indeterminate for malignancy” report, whose 
consequence is a diagnostic thyroidectomy, potentially 
leading to lifelong thyroid hormone replacement therapy (2). 
Of these, 70–80% have benign histology, stressing the need 
for markers able to prevent the “thyroid carnage” (2,3).

In recent years, matrix-assisted laser desorption-
ionization (MALDI) mass spectrometry imaging (MSI) 
has been successfully applied on cytological thyroid 
specimens as a complementary tool for the characterization 
of indeterminate thyroid nodules (4). MALDI-MSI 
has been shown to be effective in separating areas with 
benign/malignant cells in cellularly adequate cytological 
samples, still showing “gray zone” areas hampering its 
more widespread employment in the routine screening 
of indeterminate cases (5). To overcome this intrinsic 
limitation, a possible approach is represented by machine 
learning (ML) methods, especially for unsupervised learning 
(UL) models, allowing the self-clusterization of data without 
prior human intervention based on the characteristics of the 
cohort (6).

Moreover, previous work investigated supervised 
diagnostic models based on ultrasound (US) classification 
systems such as American College of Radiology-Thyroid 
Imaging Reporting and Data System (ACR-TIRADS) and 
European Thyroid Imaging Reporting and Data System 
(EU-TIRADS), showing moderate diagnostic performances 
and highlighting the complexity and heterogeneity of 
thyroid nodules (7,8). For this reason, in the present 
study, we adopted a different perspective, focusing on an 
unsupervised exploratory analysis aimed at identifying 
intrinsic patterns within the data without imposing 

predefined diagnostic labels.
In this work, we propose and evaluate different 

unsupervised methods to further improve MALDI-MSI 
analysis in distinguishing malignant and non-malignant 
thyroid nodules, supporting the classification process 
in diagnosing indeterminate cases, using additional 
information collected during the clinical workflow, such as 
echographic data. In particular, we applied three clustering 
methods on patients within malignant/non-malignant 
groups. We present this article in accordance with the 
TRIPOD+AI reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-2025-1125/rc).

Methods

Patients and datasets

This retrospective study included 222 patients who 
underwent US-guided FNA at the interventional radiology 
clinic, Fondazione IRCCS San Gerardo dei Tintori, 
University of Milano-Bicocca, Monza, Italy, during an 
Italian Association for Research on Cancer (AIRC)-granted 
project for the diagnosis of thyroid carcinoma. Clinical 
(presence of thyroiditis, multinodularity, and nodule 
dimensions) and demographic (age and gender) information 
were retrieved. Results of the FNA were collected and 
reported following the Italian Society of Pathology 
(SIAPEC) classification (9) and the Bethesda System for 
reporting thyroid cytopathology (10). In detail, cases were 
considered benign after a TIR2/Thy2 FNA result and by 
performing a US examination of patients 12 months after 
the first US-guided FNA confirming:
	 Absence of new echographic malignant features;
	 Absence of a significant increasing of nodule size;
	 Absence of nodal metastasis;
	 No incidence of new suspicious nodules.

479

into a single learning method in routine diagnosis, especially when US variables are available. This approach 
may represent a useful exploratory framework to investigate the biological and clinical heterogeneity of 
thyroid nodules and to guide future studies, potentially leading to more accurate and timely diagnoses. These 
findings pave the way for further research and applications in diagnosing thyroid nodules.
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For malignant cases, histological diagnoses were 
progressively collected after thyroidectomy to certify 
the nature of the nodules. All cytology cases underwent 
MALDI-MSI analysis, as previously described (Dataset 
MSI) (5).

From the original cohort, a second dataset, which 
combines MSI and echographic data (Dataset MSI 
+ ECHO), was extracted (n=82) with available US 
characterization of the thyroid nodules following both EU-
TIRADS and ACR-TIRADS (11). Specifically, for each 
patient, specific US features (e.g., nodule composition, 
echogenicity, shape, margins, and the presence of 
calcifications) were available (11). A binary approach (lower 
vs. higher malignancy probability) was adopted as output 
of the ML model on US features. In detail, characteristics 
related to lower vs. higher malignancy probability were 
identified for margins (smooth and ill-defined vs. irregular), 
shape (wider-than-tall vs. taller-than-wide), echogenicity 
(hyper/iso vs. hypoechoic), and nodular foci (e.g., punctate 
foci suggestive of malignancy), as previously described (11).

This study was conducted in accordance with the 
Declaration of Helsinki and its subsequent amendments. 
The study was approved by the regional ethics committee 
(Comitato Etico Brianza, via Pergolesi, 33, 20900 Monza, 
Italy) (No. FINAL-TIR PU 3581/21, approval date: 
January 14, 2021), and informed consent was taken from all 
the patients.

MALDI-MSI classification

The MALDI-MSI analysis was based on a pixel-by-pixel 
approach, thresholding selected percentages of malignant 
pixels (5). A multinomial penalized regression with the 
Lasso regularization model to pick the proteomic signals 
able to distinguish malignant cells [papillary thyroid 
carcinoma (PTC)] from normal thyrocytes [hyperplastic 
(HP)] or inflammatory background [Hashimoto thyroiditis 
(HT)] was used, as previously described (5,12). The 
resulting classification model was used to predict the 
probability to belong to one of the three classes. For each 
patient, all the single mass spectra of the imzML MALDI-
MSI analysis (pixel-by-pixel) extracted from the FNA 
were classified. For the classification, a three-tiered system 
was applied using different thresholds for benign (<7.0% 
of malignant pixels) and malignant (>16.7%) cases, and 
those falling in between (7.0–16.7%) were considered as 
intermediate/“gray zone” per MALDI-MSI (5).

Statistical analysis

Continuous variables were described with mean ± standard 
deviation (SD), and categorical variables were reported as 
count and frequency (%).

Unsupervised clustering was performed for each dataset 
by means of three distinct methods: k-means (13,14), 
partitioning around medoids (PAM) (6), and hierarchical 
clustering (HC) (15). All three methods leveraged the 
Euclidean distance as a distance metric to compute the 
difference between the data representing the patients. In 
order to avoid the application of any pre-analysis labelling 
step, the number of clusters k—with k ranging from 2 to 
10—was selected by maximizing the silhouette score, which 
indicates how well patients are grouped into homogeneous 
and separated clusters (16). All three methods were tested 
using the same k, selecting the clustering configuration 
that showed the most coherent separation between patient 
groups and clinical outcomes, as benign or malignant, based 
on sensitivity (Sn) and specificity (Sp). In addition, the 
performance metrics, positive and negative predictive values 
(PPV and NPV, respectively), were also reported. For every 
method used, each cluster is identified with a prevalence 
of either malignant or benign nodules, and consequently, 
it is associated with the respective benign or malignant 
label. These labels are subsequently compared with the 
pathologist’s labels, allowing an assessment of the UL 
output. Variables from the two datasets were used as input 
for the three UL models (Figure 1). The results obtained 
from the MALDI-MSI classification were compared with 
the outcomes of the UL model proposed.

The first considered method is the k-means, which 
seeks an optimal data partition into k clusters such that 
the squared distances between each data point and its 
assigned cluster centroid (mean) are minimized, while the 
distance from the other cluster centroids is maximized. The 
second considered method is PAM. In such a method, each 
cluster is represented by one of the data points belonging 
to the cluster, namely the medoid of the data points 
belonging to the considered cluster. The third method is 
the agglomerative HC, which seeks to build a hierarchy 
of clusters in a bottom-up approach. Each patient starts in 
its personal cluster, represented as a leaf in the clustering 
dendrogram. The clusters are iteratively built by merging 
together the cluster of patients more similar to each 
other. The choice of which clusters to merge together is 
performed by computing the distance between the clusters 
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and selecting the two closest clusters.
Importantly, diagnostic labels (benign/malignant) were 

not used during the clustering process. These labels were 
only used a posteriori to interpret the clusters and to 
describe the clinical composition of each group.

All the statistical analyses were performed using the 
open-source R software v.4.4.2 (R Foundation for Statistical 
Computing, Vienna, Austria).

Results

Cohort and datasets details

The entire cohort (Dataset MSI) had an average age of 
59.10±15.2 years; 75.2% of the patients were females and 
24.8% males; and in the final thyroid disease, 149 (67.1%) 
and 73 (32.9%) were benign and malignant, respectively 
(Table 1). The Dataset MSI + ECHO was characterized by 
an average age of 58.92±15.0 years; 75.6% of the patients 
were females and 24.4% males; and in the final thyroid 
disease, 60 (73.2%) and 22 (26.8%) cases were benign and 
malignant, respectively. The different frequency of US 
features predicting the malignant likelihood in this last 
cohort is reported in Figure 2.

Cluster interpretation results

The optimal silhouette score was set at k=2. PAM clustering 
showed the best results on the “Dataset MSI” (Figure 3, 
Figure S1), outperforming the MALDI-alone classification 
overall (Sn =0.57 vs. 0.53 and Sp =0.95 vs. 0.93, respectively) 
(Table 2). Focusing on the cytological diagnostic categories 
(Table 3), the UL-based model was superior to MALDI-
alone classification in the benign TIR2/Thy2 category (Sp 
=0.92 vs. 0.85), correctly assigning to this class 11% of cases 
classified as “gray zone” by MALDI-alone. On the same 
page, improvement was noted within the malignant TIR5/
Thy5 group (Sn =0.64 vs. 0.53), rescuing 7 (13%) cases 
otherwise classified as “gray zone” by MALDI-alone. A 
slight increase in Sn was achieved within the TIR3/Thy3 
category (0.54 vs. 0.45), and no significant improvement in 
the suspicious for malignancy category was recorded.

The UL method with the best performance on the 
Dataset MSI + ECHO was k-means (Figure 3, Figure S1), 
providing a significantly better Sn (0.95 vs. 0.40) despite a 
slight drop in Sp (0.88 vs. 0.96) as compared to the MALDI-
alone approach (Table 2). As per the previous dataset, 
k-means provided an improvement in the detection of 
benign cases, allowing the correct TIR2/Thy2 assignment 

Figure 1 General outline of the study workflow: the two datasets with different input variables (left and right top squares) are used as input 
in three different UL methods. Dataset 1: Dataset MSI, underwent MALDI-MSI analysis. Dataset 2: Dataset MSI + ECHO, combines MSI 
and echographic data. MALDI, matrix-assisted laser desorption-ionization; ML, machine learning; MSI, mass spectrometry imaging; PAM, 
partitioning around medoids; pz, patients; UL, unsupervised learning.
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to one of the two “gray zone” cases by MALDI-alone (Sp 
=0.93 vs. 0.89). Similarly, k-means adequately clustered 
11 out of 12 malignant cases in the TIR5/Thy5 category, 
as compared to the MALDI-alone approach (5 out of 12, 
improving Sp from 0.41 to 0.92). Improved performances 
were obtained in the TIR4/Thy4 as well, with all cases 
correctly assigned by the UL-approach as compared to 
the MALDI-alone one (2 out of 5). The most impressive 
result was obtained within the TIR3/Thy3 category, with a 
significant improvement of Sn (1 vs. 0.25) despite a minor 
drop in Sp (0.94 vs. 1). Indeed, two out of the three patients 
of the TIR3/Thy3 “gray zone” were included in the wrong 

cluster. The clustering of TIR4/Thy4 patients resulted in 
a perfect score, assigning all five patients to the malignant 
cluster since all the patients had a malignant outcome, 
while MALDI-alone classified 2 out of 5 nodules as benign. 
Finally, we reported in Figure S2 four cases of different 
cytological diagnoses that MALDI-alone misclassified, 
while the harmonization of MALDI with US (Dataset MSI 
+ ECHO) examination correctly classified.

Discussion

An important aspect of this study is that the objective was 

Table 1 Clinical information of the nodules and the patients for both datasets included in the study

Clinical characteristics Dataset MSI (n=222) Dataset MSI + ECHO (n=82)

Age (years) 59.10±15.2 58.92±15.0

Sex

Female 167 (75.2) 62 (75.6)

Male 55 (24.8) 20 (24.4)

Thyroiditis n=221

Yes 27 (12.2) 10 (12.2)

No 194 (87.8) 72 (87.8)

Nodularity

Single 115 (51.8) 51 (62.2)

Pseudonodules 8 (3.6) 2 (2.4)

Multiple 99 (44.6) 29 (35.4)

Nodule dimensions (mm) 21±11.5 19.5±9

Cytology n=223

TIR2/Thy2 82 (36.8) 28 (34.1)

TIR3/Thy3 62 (27.8) 37 (45.1)

TIR4/Thy4 16 (7.2) 5 (6.1)

TIR5/Thy5 53 (23.8) 12 (14.6)

Outcome

Benign 149 (67.1) 60 (73.2)

Malignant 73 (32.9) 22 (26.8)

Continuous variables are presented as mean ± SD, and qualitative variables are presented as n (%). All the patients that presented one 
of the following outcomes: “no follow-up”, “Hürthle cell adenoma”, “follicular adenoma”, “non-invasive follicular thyroid neoplasm with 
papillary-like nuclear features”, and “multinodular goiter” that have been categorized as having a benign outcome, or presented one of 
the following: “minimally invasive Hürthle cell carcinoma”, “metastasis of spindle cell melanoma”, “anaplastic carcinoma”, and “papillary 
thyroid carcinoma” and thus have been considered as having a malignant outcome. Dataset MSI: underwent MALDI-MSI analysis. Dataset 
MSI + ECHO: combines MSI and echographic data. MALDI, matrix-assisted laser desorption-ionization; MSI, mass spectrometry imaging; 
SD, standard deviation.

https://cdn.amegroups.cn/static/public/QIMS-2025-1125-Supplementary.pdf
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Figure 2 Spider plot depicting the absolute frequency of each US variable outcome typically associated with a higher probability of 
malignancy (purple, on the left) and those associated with a higher likelihood of benignity (green, on the right) for Dataset MSI + ECHO. 
Dataset MSI + ECHO: combines MSI and echographic data. MSI, mass spectrometry imaging; US, ultrasound.

Figure 3 Bar plot of the distribution of malignant and benign nodules across various UL methods (HC, PAM, and k-means) within both 
Dataset MSI and Dataset MSI + ECHO. The bar plot of the distribution of thyroid classification nodules across various UL methods is 
reported in Figure S1. Dataset MSI: underwent MALDI-MSI analysis. Dataset MSI + ECHO: combines MSI and echographic data. HC, 
hierarchical clustering; MALDI, matrix-assisted laser desorption-ionization; MSI, mass spectrometry imaging; PAM, partitioning around 
medoids; UL, unsupervised learning.
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Table 2 Performances of both MALDI-alone and UL-assisted methods in the Dataset MSI and Dataset MSI + ECHO

Dataset Leveraged features TP, n TN, n Sn Sp PPV, % NPV, %

Dataset MSI MALDI-alone performances 35 125 0.53 0.93 80 80

UL-assisted performances 43 139 0.57 0.95 84 81

Dataset MSI + ECHO MALDI-alone performances 8 54 0.4 0.96 80 82

UL-assisted performances 21 53 0.95 0.88 70 98

Dataset MSI: underwent MALDI-MSI analysis. Dataset MSI + ECHO: combines MSI and echographic data. MALDI, matrix-assisted laser 
desorption-ionization; MSI, mass spectrometry imaging; NPV, negative predictive value; PPV, positive predictive value; Sn, sensitivity; Sp, 
specificity; TN, true negative; TP, true positive; UL, unsupervised learning.

Table 3 Performance of both MALDI-alone and UL-assisted methods in the Dataset MSI and Dataset MSI + ECHO with a focus on the 
cytological diagnostic categories

Dataset Cytology

MALDI-alone performances UL-assisted performances

Benign “Gray zone” Malignant
Cluster 1  

(prediction: benign)
Cluster 2  

(prediction: malignant)

Dataset 
MSI

TIR2/Thy2 70 [85] 8 [10] 4 [5] 78 [95] 4 [5]

TIR3/Thy3 60 [85] 6 [8] 5 [7] 65 [92] 6 [8]

TIR4/Thy4 8 [50] 1 [6] 7 [44] 9 [56] 7 [44]

TIR5/Thy5 18 [34] 7 [13] 28 [53] 19 [36] 34 [64]

Dataset MSI 
+ ECHO

TIR2/Thy2 25 [89] 2 [7] 1 [4] 26 [93] 2 [7]

TIR3/Thy3 33 [89] 3 [8] 1 [3] 30 [81] 7 [9]

TIR4/Thy4 2 [40] 0 3 [60] 0 5 [100]

TIR5/Thy5 6 [55] 1 [9] 5 [46] 1 [9] 11 [91]

Data are presented as n [%]. Dataset MSI: underwent MALDI-MSI analysis. Dataset MSI + ECHO: combines MSI and echographic data. 
MALDI, matrix-assisted laser desorption-ionization; MSI, mass spectrometry imaging; UL, unsupervised learning.

not to develop a diagnostic prediction model, but rather 
to explore the intrinsic structure of the data through an 
unsupervised approach. This perspective was motivated by 
previous supervised studies conducted on MALDI-MSI 
and US-based classification systems, where the diagnostic 
performances were moderate and suggested that current 
labels may not fully capture the biological variability of 
thyroid nodules.

Specifically, MALDI-MSI has proven successful in its 
application to cytological thyroid specimens, serving as 
a complementary tool for diagnosing and characterizing 
indeterminate thyroid nodules; however, the results are 
limited by the need of a cytological sample that is cellularly 
adequate, and by the fact that MALDI-MSI output still 
contemplates a “gray zone”, representing a limit on the 
number of FNAs with a clear report (5).

In this context,  clustering can be considered a 

hypothesis-generating strategy that may help identify 
patterns that deserve further investigation in future larger 
and prospective studies.

Consequently, in this study, we investigated the role 
of unsupervised clustering on MALDI-MSI data to 
provide the pathologist with an additional support tool to 
distinguish malignant and non-malignant thyroid nodules. 
Specifically, we tested k-means, PAM, and HC performance 
on two datasets, comparing the obtained results against 
the MALDI-MSI outcome. These UL methods (k-means, 
PAM, and HC) have been chosen as they represent widely 
adopted and well-established clustering methods (17,18).

In Dataset MSI, which consists of 222 patients 
characterized by demographic and MALDI-MSI variables, 
91% (20 out of 22) of the patients that could not receive 
a clear MALDI-MSI report were properly grouped in the 
appropriate cluster. It is important to note that 100% of 
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TIR2/Thy2 and TIR5/Thy5 were all correctly clustered: 
specifically, the ability in detecting “gray zone” TIR5/Thy5 
nodules as malignant is an important asset in supporting 
the decision of the pathologist, filling the diagnostic gaps of 
MALDI-alone. Similarly, in Dataset MSI + ECHO, which 
was composed of 82 patients with available US variables, 
we drastically improved Sn from 0.4 to 0.95. Moreover, 
we correctly clustered 94% (16 out of 17) TIR4/Thy4 and 
TIR5/Thy5 patients that MALDI-alone failed to properly 
label. This improvement highlights how the additional 
information provided by the US variables improved the 
general capability of the model in detecting nodules, 
particularly malignant ones.

Conclusions

These research findings demonstrate that unsupervised 
clustering may be able to enhance the diagnostic power 
of MALDI-MSI, particularly in cases within the “gray 
zone”. By integrating US features, the model’s performance 
significantly improves, offering a promising supplementary 
tool to assist pathologists in the classification of thyroid 
nodules. While the data obtained from this cohort of 
patients has provided valuable insights, it is crucial to 
recognize that such results are one of the first steps to show 
the feasibility of exploiting ML methods to analyse data to 
support the pathologist in the diagnostic process. Future 
studies with larger and more diverse patient populations, 
preferably adopting a multicentric and prospective 
approach, will be essential to further assess the robustness 
and applicability of these findings. Moreover, since previous 
studies showed different shortcomings of the ACR-TIRADS 
and the EU-TIRADS scores (7,8), the performance of 
the proposed UL-based methods could benefit from the 
harmonization of US-features report and classification. We 
also envision that an integration of multiple ML models by 
means of an ensemble based on a majority voting approach 
will help in properly classifying new patients.

In conclusion, the incorporation of ML methods into 
the diagnostic routine, particularly when US variables are 
available, emerges as a promising exploratory approach to 
better understand the multidimensional characteristics of 
thyroid nodules.
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Figure S1 Bar plot showing the distribution of nodules categorized by class across various ML methods (HC, PAM, and k-means) within 
both Dataset MSI and Dataset MSI + ECHO. Dataset MSI: underwent MALDI-MSI analysis. Dataset MSI + ECHO: combines MSI and 
echographic data. HC, hierarchical clustering; MALDI, matrix-assisted laser desorption-ionization; ML, machine learning; MSI, mass 
spectrometry imaging; PAM, partitioning around medoids.
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Figure S2 Four cases of different cytological diagnoses that MALDI-alone misclassified while the harmonization of MALDI with US (Dataset 
MSI + ECHO) examination correctly classified. Dataset MSI + ECHO: combines MSI and echographic data. MALDI, matrix-assisted laser 
desorption-ionization; MSI, mass spectrometry imaging; PTC, papillary thyroid carcinoma; US, ultrasound.


