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Cancers of unknown primary (CUP) are a heterogeneous group of aggressive metastatic cancers where stand-
ardised diagnostic techniques fail to identify the organ where it originated, resulting in a poor prognosis and
resistance to treatment. Recent advances in large-scale sequencing techniques have enabled the identification of
mutational signatures specific to particular tumour subtypes, even from liquid biopsy samples such as blood. This
breakthrough paves the way for the development of new cost-effective diagnostic strategies. This mini-review
explores recent advancements in Machine Learning (ML) and its application to tumour classification methods
for CUP patients, identifying its weaknesses and strengths when classifying the tumour type. In the era of multi-
omics, integrating several sources of information (e.g., imaging, molecular biomarkers, and family history) re-
quires important theoretical advancements: increasing the dimensionality of the problem can result in lowering
the predictive accuracy and robustness when data is scarce. Here, we review and discuss different architectures
and strategies for incorporating cutting-edge machine learning into CUP diagnosis, aiming to bridge the gap
between theory and clinical practice.

1. Background

Cancer is a complex group of diseases characterised by abnormal and
uncontrolled cell growth with the potential to invade other organs and
systems. It arises from the combined effects of multiple genomic and
epigenetic factors and is, to date, the second cause of death worldwide,
with more than 8 million deaths per year [1]. The leading cause of death
in cancer patients with solid tumours, metastasis, begins when circu-
lating cancer cells start to colonise distant organs and compromise their
function [2,3]. Knowing where metastasis originated (i.e., its primary
origin) substantially increases the chances of survival, as practitioners
have specialised therapeutic alternatives to treat each type of cancer.
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However, identifying the source is technologically and economically
challenging.

Cancers of unknown primary (CUP) are those metastatic cancers
where the metastasis’s origin is unclear. These cancers are characterised
by an aggressive course of the disease and a resistance to conventional
chemotherapy, resulting in a poor prognosis for the patients [4]. CUP
comprises a heterogeneous group of aggressive metastatic tumours with
distinct clinicopathological features where standardised diagnostic
techniques fail to identify the origin site of cancer at the time of eval-
uation. This inability to determine the site of origin of the primary
tumour represents a significant challenge for modern cancer medicine
and society in general, given the technical-economical trade-offs often
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faced by middle-to-low-income countries in matters of personalised
medicine and cutting-edge diagnostic methods [5,6]. It is thus of utmost
importance to incorporate new multidisciplinary approaches associated
with precision medicine that can lead to an earlier, better, and
economically accessible identification of the origin. As the COVID-19
pandemic burdened healthcare systems worldwide and delayed
routine controls where cancers could have been detected, we expect the
following years to bear disproportionally higher incidences of cancer,
particularly of CUP. As diagnostic tools are costly and require high
technological investment, there is a prohibitory barrier for vulnerable
groups to have precision, genomic and molecular medicine. Therefore,
an economically feasible alternative that could help practitioners iden-
tify primary tumours in CUP patients will help considerably reduce the
associated mortality, especially among least favoured social groups [7].
Machine Learning (ML) and Artificial intelligence (AI) methods have
made it possible to analyse large volumes of information, identify hid-
den patterns in the data, and provide increasingly more accurate reports
in precision medicine [8]. Therefore, integrating AI/ML strategies in the
study of CUP patients can result in a substantial leap in the classification
of tumour types, the definition of therapeutic regimens, and the pre-
diction of responses to treatment in CUP patients.

This mini-review presents an overview of recent developments in Al/
ML-based methods to aid tumour classification and origin identification
in CUP patients from genomic profiles of somatic mutations, summa-
rising the epidemiological and methodological aspects of both the dis-
ease and methods. We systematically survey the literature to find
cutting-edge methods and results that can help overcome economic
barriers that currently challenge the application of precision genomic
medicine in vulnerable populations, identifying current challenges and
research gaps. We aim for this review to serve as an introduction across
fields and foster collaboration among multidisciplinary teams devel-
oping AI/ML methods in CUP cancer research.

1.1. Epidemiology and subclassification of CUP patients

CUP accounts for 2-5% of all diagnosed cancer cases, being slightly
more common in men, with a median age at diagnosis of 65 years [9].
However, the percentage can vary depending on the diagnostic capac-
ities of each country. For example, the USA and Asian countries have
seen a decline in the incidence of CUP in recent decades, which is
attributed to technological advancements in diagnostic methods [10,
11]. On the other hand, the incidence of CUP is higher among
low-income patients who do not have access to an exhaustive diagnostic
investigation [12]. In other words, heterogeneous diagnostic conditions
and capabilities can lead to a premature diagnosis of a patient as CUP,
thereby closing the door to targeted therapy.

According to their clinicopathological characteristics, the standard
diagnosis classifies patients into two main groups: favourable and
unfavourable. The favourable group (15-20 %) corresponds to patients
with a better prognosis, achieving 10-16 months survival. By contrast,
the unfavourable group (80-85 %) have a discouraging scenario with
few treatment options, presenting a survival of 3-6 months [13,14].
Although CUP is metastatic cancer by definition, there is a dramatic
difference in survival and treatment reception between patients with
metastatic cancer with a known primary and CUP patients with a sur-
vival of 11.9 and 1.9 months, respectively [14]. Therefore, CUP clini-
cally presents unpredictable molecular results correlated with more
aggressive clinical parameters and poor survival [15]. European
ancestry, brain metastases, liver metastases, radiotherapy, and chemo-
therapy were risk factors for predicting poor overall survival in CUP
patients [16].

It is currently possible to know the histological subtype of CUP pa-
tients through immunohistochemical (IHC) assays, mucin production,
tubule formation, and others [17]. Through these assays, the tumours
are classified into five known histological groups: well-differentiated
adenocarcinomas (12-50 %) mainly in females; poorly differentiated
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adenocarcinomas (15-30 %) mainly in younger patients; neuroendo-
crine carcinoma (46.2 %); squamous cell carcinoma (11-15 %) mainly
in white compared to Asian patients, and undifferentiated neoplasms
(5-41 %) [11,14,18]. However, this histological classification alone can
not determine the tissue of origin of the primary tumour [13].

1.2. Advances in diagnosis and treatment

CUP diagnosis is a complex process that involves clinical and family
history analyses, exhaustive physical examinations, blood tests,
biochemical profiles, and tomography and imaging [19]. Despite sub-
stantial advances in imaging, biomarkers from serum tests and IHC
staining, and mRNA expression profiles of biopsy tissues, among other
techniques, diagnostic rates of tumours of origin remain low in CUP
patients. Currently, CUP patients are treated using multi-agent cytotoxic
chemotherapy, given that there are no specific approved drugs to treat
CUP patients. Reflecting this lack of specificity, patients’ response to
treatment is rather poor, with typical rates from 20 to 40 % [9].
Furthermore, these conventional treatments have not significantly
increased overall survival in CUP patients with unfavourable prognoses
[17]. New treatments based on immunotherapy have been proposed and
applied with different degrees of success. In particular, pembrolizumab
(anti-PD-1 antibody) is used in patients with CUP tumours. In Ref. [20],
the authors evaluated the combination of bevacizumab plus erlotinib in
CUP patients. However, the response rate was 10 %, with an overall
survival of 7.4 months. These results were even less encouraging than
those obtained by chemotherapy-based treatments.

In a recent prospective, non-randomized, open-label, multicenter
Phase II trial (EudraCT 2018-004562-33; NCT04131621), the use of
nivolumab and ipilimumab was evaluated in patients with cancer of
unknown primary who had relapsed or were refractory after platinum-
based chemotherapy. Patients were stratified based on their tumour
mutational burden (TMB, high vs. low). Although the study was pre-
maturely terminated before reaching the planned sample size, pre-
liminary results indicated that patients with high TMB (>12 mutations/
Mb) had a higher overall response rate (60 % vs. 7.7 %) and better
median progression-free survival (18.3 vs. 2.4 months) and overall
survival (18.3 vs. 3.6 months) compared to those with low TMB. These
findings suggest a potential benefit of using TMB as a predictive
biomarker in immunotherapy for this type of cancer [21].

Another relevant limitation for studying CUP tumours is the lack of
specific gene panels to study the disease and the difficulty of sampling
tumour tissue, which reduces the options for molecular diagnostic tests.
However, liquid biopsy for tumour DNA has recently gained popularity.
In this technique, circulating tumour cells (CTC) and circulating tumour
DNA (ctDNA), released early during tumour progression, are used to
identify tumour mutations, thus opening a huge window for the genomic
characterisation of CUP patients [22]. Actionable genetic alterations
have been identified in CUP patients by sequencing circulating tumour
DNA with a 70-gene panel. The most frequent alterations were present in
the TP53, KRAS and PIK3CA genes, all suggesting possible targeted
therapies based on their molecular actions [9]. Therefore, liquid biopsy
could lead to an early diagnosis and simultaneously be the basis for
using genomic alterations to choose the best therapeutic strategy.

1.3. Genomic profiles and precision medicine

Somatic mutations observed in cancer can result from numerous
mutational processes, with varying intensities and temporality, leaving a
characteristic fingerprint on the tumour genome. This fingerprint is
known as a mutational signature. Mutational signatures are defined by
the type of DNA damage generated and the repair processes involved,
resulting in base substitutions, insertions, deletions, or structural vari-
ations [23]. The advent of large-scale sequencing of genomes and
exomes gives us the volume necessary to detect thousands of somatic
mutations and thus determine even more mutational signatures than
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known mutational processes. However, discovering mutational signa-
tures is complex since observable somatic mutations result from multi-
ple overlapping mutational processes [24]. However, it has been found
that few mutational processes are simultaneously active on cells of a
specific type and location within the body. An example is skin cells
exposed to the sun and susceptible to ultraviolet radiation [25].
Therefore, somatic mutations could be informative of the tissue and the
mutational process that originated the mutation, being able to reveal the
molecular subtype of cancer by studying these mutational patterns.
However, this complex process represents a significant challenge for
cancer genomics and bioinformatics since it involves a large volume of
information and integrates mathematical methods and sophisticated
computational techniques.

One initiative that has addressed this challenge is the Pan-Cancer
Analysis of Whole Genomes (PCAWG) Consortium. This consortium
conducted a comprehensive study of cancer genomes, capturing genetic
variation in cancer by sequencing the whole genomes of 2658 tumours
across 38 tumour types. This effort represents a significant advancement
in constructing and understanding the cancer genome map, which is
highly heterogeneous across multiple levels (cellular, tumour, and pa-
tient levels), as it contains the mutational profiles of whole genomes and
labelled tumour types. Thanks to these features and the availability of
PCAWG, it has been possible to identify clinical-genomic predictors and
create multiple tools that integrate bioinformatics, mathematical algo-
rithms, and ML models. However, incorporating these new methodolo-
gies in both diagnosis and clinical prognosis has been a challenge due to
the complexity of the data and its availability and the multidisciplinary
approach required to make sense of it.

The authors in Ref. [26] created a cancer-type classifier machine
learning model based on the somatic mutational profile obtained after
whole-genome sequencing of 2606 tumours representing 24 tumour
types as part of the PCAWG Consortium. They achieved a precision of 88
% for primary tumour samples and 83 % for metastatic samples. Addi-
tionally, Mutation-Attention (MuAt), a model based on deep learning,
was recently proposed to determine the tumour type based on simple
and complex somatic alterations using the same dataset [25]. MuAt
achieves 89 % accuracy, slightly surpassing the model proposed in
Ref. [26]. These works demonstrate that it is possible to use mutational
patterns to characterise and distinguish tumours. However, increasing
these precision values by including more information in the modelling is
still necessary. We must continue to understand the biology of cancer
and use it to design cost-effective strategies based on the knowledge we
can extract from large volumes of data, such as that generated by whole
genome sequencing.

1.4. Machine learning for genetics-based classification in CUP

A classification algorithm in machine learning is a set of logical in-
structions or rules designed to learn patterns and relationships in
labelled data. This type of algorithm belongs to supervised learning,
which requires a training dataset that includes examples with known
labels. They are used to predict the class or label of a given instance; they
take input data and output a categorical variable belonging to a finite set
of possible labels. There are two main types of classification algorithms:
binary and multiclass. Binary classification algorithms are used when
you want to predict between two different classes, for example, whether
a patient has cancer or not. Multiclass classification algorithms are used
to predict between more than two classes, such as stomach cancer,
breast cancer and lung cancer.

This mini-review aims to provide an overview of recent advances in
ML-assisted tumour classification algorithms based on CUP mutational
patterns.
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1.5. Challenges and opportunities for implementing machine learning
models in CUP classification

The ML models discussed in this review represent major advances in
improving tumour classification in CUP patients through genomic data
analysis. Given the widespread implementation of genomic techniques
in diagnosis and research, we focus on this particular kind of model, but
this is only one of the potential data streams in the multi-omics era.
Including data such as proteomics, transcriptomics, epigenomics, and
family and clinical history in the predictive models offers new oppor-
tunities to detect complex, underlying patterns in the data [27]. How-
ever, this also opens new challenges related to the extra degrees of
freedom (high dimensionality) they include. Besides, CUP-specific
datasets like The Cancer Genome Atlas (TCGA) and PCAWG remain
limited; thus, even complex models will struggle to generalise examples
outside of their training data [1,28].

Methodologically, the complex architecture of high-performing
models like MuAt challenges the interpretability of the diagnosis,
which is crucial in clinical settings. Improving this aspect would
encourage practitioners to adopt these technologies more widely [29].
On the other hand, ethical and economic implications, especially in
low-resource settings, must also be addressed—whether cancer is pre-
maturely classified as CUP is also a matter of how much resources can be
invested in diagnosis. Future research should focus on developing
cost-effective, computationally efficient models that maintain high ac-
curacy, promoting equitable access to precision medicine for CUP pa-
tients globally [30,31]. Lastly, clinical validation is essential. While
many models perform well retrospectively, prospective validation in
clinical trials and integration with current diagnostic workflows are
critical for assessing their true impact on patient outcomes [32].

2. Methods
2.1. Search strategy and selection criteria

A systematic literature search was performed using PubMed from
2015 to August 1, 2024. ('cancer of unknown origin’[Title/Abstract] OR
*cancer of unknown primary’[Title/Abstract] OR ’cancer of unknown
site’[Title/Abstract] OR ’tissue of origin’[Title/Abstract] OR *metastatic
cancers’[Title/Abstract] OR 'tumo* typ*’[Title/Abstract]) AND ('ma-
chine learning’ [Title/Abstract] OR predict*[Title/Abstract] OR classif*
OR ’deep * learning’) AND (whole[Title/Abstract] OR mutation*[Title/
Abstract] OR ’somatic mutation*’[Title/Abstract] OR genetics-based
[Title/Abstract] OR mutation patterns[Title/Abstract]). The list of ar-
ticles was downloaded, duplicates were removed, and articles were
excluded if they were focused on the immune system, not in English, did
not consider artificial intelligence strategies, did not aim to classify
tumour types, or were not related to CUP or were review, systematic
review, correction or case report (Table S1) (see Fig. 1).

3. Results

We identified 871 potentially eligible studies in the Pubmed data-
base, obtaining n = 751 after removing duplicates. Then, we exclude 98
studies by title, abstract and text screening. This left 379 full-text articles
that were assessed for eligibility based on five exclusion criteria, 12 of
which met the criteria for final inclusion (Fig. 2). Performance metrics,
model characteristics, and dataset composition are summarised in
Table 1. Below, we describe four ML algorithms associated with the
largest CUP datasets and their main characteristics.

3.1. OncoNPC
The OncoNPC algorithm is an ML classifier developed using a

gradient tree boosting framework (XGBoost) to predict cancer types
from molecular features. It was trained on targeted next-generation
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Fig. 1. Schematic representation of the methodology to create and validate a classification model using supervised machine learning algorithms. Supervised ML
requires the input dataset to have "labels" for each data entry, such as parts of the genome and the type of associated cancer. The input dataset is split randomly into
training and validation subsets, usually in an 80:20 ratio. After selecting the ML algorithm, the model is trained using the training dataset, and its parameters are
adjusted to fit the data. Then, the model makes predictions using only unlabelled data from the validation dataset. We can compare the predicted labels with the
actual (known) labels in the data to assess the model’s performance. This process can be repeated multiple times by, for example, creating new random partitions of
the input dataset or using different ML models (or hyperparameters) to generate several models. This results in a distribution of performance metrics. Once a model/
ensemble is selected based on its performance, it can be used to classify unlabelled data. If some labels are revealed later, they can be added as new data to train new
models, and any mismatches can be used to calculate the observed model performance or adapt model parameters dynamically in a reinforcement

learning framework.

sequencing (NGS) data from 36,445 tumours across 22 cancer types
collected in three institutions [34]. OncoNPC was trained and validated
on 29,176 processed primary and metastasis tumour samples and for
training and validation, respectively. Hyperparameter selection was
conducted using a random search with 10-fold cross-validation within
the training set, using the weighted F1 score as a performance metric.
The model was then evaluated on the held-out test set obtaining an
overall weighted F1 score of 0.942. To predict the primary sites of CUP
tumours, the model was retrained on all CUP tumour samples and
applied to the CUP tumours to estimate posterior probabilities across the
22 different cancer labels. For evaluation, OncoNPC was applied to
classify 971 CUP tumours from patients admitted to the Dana-Farber
Cancer Institute and sequenced as part of routine clinical care, where
an F1 value of 0.769 was obtained, being lower than that obtained with
known primary tumours.

3.2. CUPLR

CUPLR (Cancer of Unknown Primary Location Resolver) [35] in-
tegrates WGS-based mutation features, including complex structural
variant (SV) features for tumour tissue classification. A harmonised
dataset of tumours from 6756 patients with 35 different cancer types
was constructed from two large WGS databases: Hartwig Medical

Foundation (Hartwig) and PanCancer Analysis of Whole Genomes
(PCAWG). CUPLR extracts around 4000 features in ten categories,
developing a classifier with two main components: binary random forest
classifiers and isotonic regressions for probability calibration. One of the
key feature categories is regional mutation density (RMD), where 3071
genomic bins are reduced to 46 profiles per cancer type using
non-negative matrix factorization (NMF). A feature selection process
then narrows these down to 511 significant features. The classifier was
trained with adjustments for class imbalances and evaluated through
stratified cross-validation, achieving a recall and accuracy of 90 % in
cross-validation and 89 % in the test set. CUPLR was also applied to 141
CUP cases in the Hartwig dataset, successfully identifying the cancer
type in 58 % of cases and providing a strong foundation for classifying
CUP samples based on mutational patterns.

A deep learning framework to classify CUP and metastatic cancers
using passenger mutation patterns (2020)

The authors in Ref. [26] explored cancer type prediction in 2606
tumours representing 24 cancer types from the PCAWG dataset. The
trained classifier is a deep neural network model that accepts input
mutation type counts and their genomic positions clustered within each
tumour. Deep learning is a subfield of machine learning inspired by the
architecture and functioning of biological neural systems. These artifi-
cial neural networks consist of multiple layers of nodes (neurones)
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Fig. 2. Flowchart of search, selection, and inclusion records (adapted from PRISMA [33]).

connected in complex patterns with each other. The term "deep" refers to
the complexity of the network and the several layers that constitute it,
interconnected hierarchically and optimized to process and find com-
plex patterns in vast amounts of data.

The authors generated seven types of features spanning three main
categories. These features were initially evaluated independently and
then in combination. Specifically, the distribution of mutations was
assessed. The genome was divided into approximately 3000 1 Mbp bins
in the autosomes, and features corresponding to the number of somatic
mutations per bin normalised to the total number of somatic mutations
were created. Mutation rate profiles were generated independently for
somatic single nucleotide variants (SNVs), indels, somatic copy number
variations (CNVs), and other structural variations (SVs). They also
assessed the mutation type, generating a set of features representing the
normalised frequencies of each potential nucleotide change in the
context determined by the flanking bases. In addition, they generated
nearly 2000 features related to the high frequency of alterations that
distinguish certain tumours to assess driver genes and pathways.

The overall accuracy was highest when only the topological

distribution and mutation type of the SNVs were considered. When they
tested this deep learning classifier on tumours not considered in
training, the accuracy for the complete set of 24 tumour types was 91 %.
When they applied the classifier trained on PCAWG samples to an in-
dependent validation set of 1436 complete cancer genomes assembled
from a series of published non-PCAWG projects, they achieved an
overall accuracy of 88 % in 14 of the 24 primary cancer types for which
the classifier was initially trained. Finally, to assess the classifier’s
ability to correctly identify the primary tumour type of a metastatic
tumour sample, they also constructed an independent dataset consisting
of 2120 samples across 16 tumour types. They achieved an overall ac-
curacy of 83 % in identifying the known primary tumour type [26].

3.3. TumorTracer

In 2015, Marquard, A. M. et al. designed TumorTracer, a random
forest classifier developed to identify a tumour’s primary site from its
genomic profile [36]. The authors used the number of somatic point
mutations in a set of 232 frequently mutated genes in cancer,
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Table 1

Machine learning Models for tumour-type classification based on genomic patterns.
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Study group Model Dataset Size Algorithms Performance measures
Moon et al., OncoNPC Targeted next-generation sequencing (NGS) n = 36,445 samples XGBoost Weighted precision: 0.810
2023 [34] data collected at the Dana-Farber Cancer that included 971 CUP Recall: 0.809
Institute (DFCI) samples Overall weighted F1 score: 0.942
Memorial Sloan Kettering (MSK) Cancer Center
Vanderbilt-Ingram Cancer Center (VICC)
Sanjaya et al., MuAt 2587 whole cancer genomes (PCAWG) n = 10,361 samples Random Forest Accuracy: 89 % for whole genomes
2023 [25] 7352 cancer exomes from TCGA Deep Learning/ Accuracy: 64 % for whole exomes
Neural Network
(DNN)
Zelli et al., Not TCGA data from cBioportal 9927 samples spanning 32 XGBoost out-of-sample balanced accuracy
2023 [37] described different cancer types (BACC):77 %
Area under the curve (AUC): 97 %
Huang Y etal, XC-GeM FH-FMI CGDB, a US nationwide de-identified Training dataset 12,060 Support vector AUC of 0.965 and Matthew’s
2023 [38] retrospective longitudinal cancer database patients machines correlation coefficient (MCC) of
Validation dataset 955 C4.5 decision trees  0.742 in the holdout validation
patients Logistic regression  dataset
Independent data set Random forest
507 patients
Schipper etal.,  CUPPA Hartwig database that consisted of samples Training dataset 4058 A statistical model  testing dataset
2022 [39] with known histopathological-based primary patients AUC of 0.993
origin Testing dataset
Netherlands Cancer Institute 451 patients
Independent data 72 CUP
patients
Nguyen et al., CUPLR Pan-Cancer Analysis of Whole Genomes 141 Patients Random Forest Overall Accuracy:
2022 [35] (PCAWG) Hartwig: 4.902 metastatic 90 %
Hartwig Medical Foundation projects tumours Recall: 90 %
CPCT, DRUP and WIDE PCAWG: 2.835 patient
tumours
Jiao et al., Not PCAWG dataset n = 2436 samples for Random Forest Overall accuracy: 91 %
2020 [26] described Hartwig Medical Foundation (HMF data set) training and testing Deep Learning/
Neural Network
(DNN)
Heetal, 2020 Not Somatic mutation from the Data Portal data 4909 samples for 13 types of =~ Random forest Average accuracy: 0.8822
[40] described Release 28 of the International Cancer Genome cancers F1-score: 0.8886
Consortium (ICGC)
Penson et al., Not Memorial Sloan Kettering-Integrated Mutation Training dataset Random Forest Accuracy: 74.1 %
2020 [41] described Profiling of Actionable Cancer Targets (MSK- 7791 patients
IMPACT) clinical cohort Testing dataset
11 644 patients
Liuetal, 2020 Not Somatic mutation data from ICGC database Training dataset Random forest The average accuracy is 86.71 %
[42] described version 28 3219 primary samples
Testing dataset
155 metastatic samples
Marquard TumorTracer ~ COSMIC database versions 68 and 70 Training dataset 7.769 Stepwise additive Accuracy of 51-64 %
et al., 2015 Non-small cell lung cancer patient cohort study ~ somatic point mutation data logistic regression 69 % PM classifiers (point mutations)
[36] (UCLHRTB 10/H1306/42) (COSMIC v68) Artificial Neural

A cohort of 91 breast metastases cancer from
trials SAFIR01 (NCT01414933) and MOSCATO
(NCT01566019)

24 specimens from 9 non-small cell lung cancer
(NSCLC) patients (UCLHRTB 10/H1306,/42)

Validation dataset

1.669 somatic point
mutation data (COSMIC v70)
91 breast metastases samples
24 specimens from 9 NSCLC
patients

Network
Support vector
machine (SVM)
Random forest

frequencies of the 96 single nucleotide substitution classes determined
by the flanking bases, and copy number profiles. This work used the
generated features as input to train ten random forest classifiers, one per
primary site, i.e., a binary classifier to distinguish between one site and
the rest. Each classifier generates a classification score for each primary
site. The highest score among all classifiers determines the final classi-
fication for a primary site. This score is calculated as the proportion of
trees in the forest that voted in favour of the primary site in question.
For the model that used only point mutations, there were ten primary
sites and 4975 patients. On the other hand, for the model that included
copy number profile information, there were six primary sites and 2820
patients. The excluded data (that was not used for training) achieved an
overall classification accuracy of 85 % at six primary sites (with copy
number) and 69 % at ten primary sites (without copy number).

4. Conclusions and future directions

In this mini-review, we systematically searched the literature to
identify the most relevant ML-based methods for classifying tumour
types based on mutational patterns to date. Although the prevalence of
CUP cancers is generally low, there is a strong association between its
prevalence and the economic/technological capabilities of the regions
where it is diagnosed. These economic barriers to the well-being of all
raise the need for new diagnostic methods that allow practitioners and
researchers to extract the most information from their data and maxi-
mise the probability of early and correct identification of the origin in
CUP patients. Predicting the tumour type using sequencing data con-
tributes significantly to the development of precision medicine. With
this, it is possible to come closer to providing a therapeutic alternative to
CUP patients and, above all, to those CUP patients of the unfavourable
type where rapid therapeutic decision-making can impact the patient’s
survival.
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The development of new diagnostic technologies and predictive tools
must be interdisciplinary from conception to deployment, integrating
the clinical perspective at all stages. Only in that way will the tools
leveraging recent advances in ML and sequencing methods be useful in
achieving better diagnosis. It is critical, too, that the clinical members of
the cancer research community inform themselves about the recent
developments in ML/AI and trust its potential to revolutionise the field
by creating more precise diagnostic tools. Opening the door to these new
technologies is opening the door to a fairer approach to precision
medicine, where the synthesising ability of AI/ML models helps
personalise medicine at the population scale. In the era of multi-omics,
integrating additional sources of information (e.g., imaging, different
biomarkers, and family investigations) requires important theoretical
advancements: increasing the dimensionality of the problem (i.e., the
degrees of freedom, or all the possible values that the new variables/
categories may take) can result in lowering the diagnostic power of the
method when data is not enough to overcome the increase in
complexity. This presents a trade-off: although multi-source data im-
proves our understanding, it also complicates clinical application, where
quick, accurate, and low-cost diagnostics are essential. By focusing on
mutational data, ML can surface hidden and complex patterns that
precisely classify CUP patients and, thereby, improve the health of all.
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