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Using Machine Learning to Support Prostate Cancer Detection Without
a Dedicated Biomarker

Hadrien Salem !, Sarah Ben Othman !, Marc Broucgsault ? and Slim Hammadi *

Abstract—Early disease detection through the analysis of
laboratory tests is critical for the successful treatment of certain
diseases. However, current medical knowledge relies on the use
of certain biomarkers in order to diagnose associated diseases.
This means that some diseases cannot be detected unless the
corresponding biomarker is actually measured.

In this paper, we will explore the possibility of using machine
learning to detect abnormal values in biomarkers, even when
they are not directly measured. This stems from the fact
that, as an ensemble of features, even a set of common
biomarkers contains sufficient information to suspect anomalies
in a patient’s analyses.

We present a complete pipeline for processing medical labo-
ratory data, taking into account the many challenges offered by
this use case, such as data cleanliness, the abundance of missing
values, and strong class imbalance. Using this framework, we
perform a case study on prostate cancer and its associated
biomarker, Prostate-Specific Antigen (PSA). Our implementa-
tion, based on an imbalance-aware ensemble prediction model,
is tested on a real laboratory dataset of more than 8 million
records. We find that basing the ensemble on Random Forest
models provides the best results, with a ROC-AUC of 75.86 %,
indicating that it is indeed possible to detect abnormal PSA
values without measuring it directly. We also show that a simple
baseline of 24 commonly-measured biomarkers provides near-
equivalent results to a full set of features. Our work offers new
perspectives for routine disease screening.

I. INTRODUCTION

The diagnosis and prediction of diseases is one of the
major use cases of big data analytics in healthcare [2].
By analyzing several types of medical data, researchers
have been able to create prediction and risk stratification
models for a wide array of conditions, including diabetes,
Alzheimer’s disease, chronic kidney disease, tuberculosis,
and various cancers.

Laboratory analyses, such as blood and urine tests, are
one of the main sources of data for the study of diseases.
While predictive models with good performance can be
found in the literature, it can be very challenging for actors
of the healthcare sector to replicate these results in practice.
This is in part due to the difficulty to access data: in
order to associate a patient’s laboratory analysis data with
a potential disease, clinical data is required (i.e. a diagnosis
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established by a physician). In practice, this association is
not trivial because - with the exception of hospital stays -
laboratory analyses and diagnoses are not generated by the
same entities, and are hence not linked.

In particular, medical analyses laboratories have a lot of
available data but are not necessarily able to leverage it
for lack of associated clinical data, and because there is
great variance in the number and types of analyses taken
for each individual patient. This means that, even if a
disease has a particular biomarker allowing its detection,
it is not necessarily measured for all patients, making data
labeling particularly difficult. As a solution to this issue, the
present paper explores the possibility to help with disease
screening through the use of routine laboratory analyses
alone. This would allow for a form of “passive” screening:
any patient getting routine laboratory results would also be
able to receive recommendations on complementary analyses
to get for a finer screening.

In this paper, we propose to implement a machine learning
pipeline for the study of prostate cancer. Prostate cancer is
one of the most frequently diagnosed cancers: it is the second
most frequent cancer in men, and the fifth leading cause
of death worldwide [22], [10]. The screening of prostate
cancer is usually done with the Prostate Specific Antigen
(PSA) blood test. However, PSA is unevenly prescribed [24].
Therefore, there is a real use for the recommendation of PSA
prescription based on more commonly-measured laboratory
tests. To put it simply, our goal is the detection of elevated
PSA values - which is a risk factor for prostate cancer -
without using this particular marker. We have observed
that none of the existing works in the current state of the art
adopt this approach.

This use case poses many challenges, in particular related
to the quality of data, its heterogeneity, and the high propor-
tion of missing values. Our contribution is as follows:

1) We propose a data processing framework for the in-
dependent valorization of raw medical laboratory data,
taking into account the various challenges posed by
this use case.

2) We apply this method to the screening of patients with
elevated PSA. By using only common laboratory tests
(which do not include PSA), we show that it is possible
to suspect abnormal values in the dedicated marker for
prostate cancer screening, hence providing support in
the early detection of the disease. Our work establishes
a baseline for this approach.

3) We compare the performance achieved with differ-
ent strategies for feature selection, missing data and



machine learning, using a real-life laboratory dataset
containing over 8 million biology records. We show
that reducing the feature set to 24 commonly-used
biomarkers hardly impacts performance, for a signifi-
cant gain in practicality and reduced training cost.

II. RELATED WORK

Disease prediction and detection has received a lot of
attention in the literature, especially in recent years. The
type of data and the techniques used to analyze it depend
on the disease that is studied. Diabetes, for example, has
been extensively researched, both for risk prognosis [28]
and blood glucose prediction [29]. Other diseases, such as
Alzheimer’s disease [1], chronic kidney disease [30], or
colorectal cancer [13] have been studied in a similar manner
with various types of data: not only laboratory tests, but also
imaging, and even environmental and lifestyle data [5].

In addition to “classic” machine learning approaches, such
as tree-based methods, support vector machines, or artificial
neural networks, other methods such as survival analysis
[20], [21] and knowledge-based approaches [25], [18] have
been used to establish prediction or risk-stratification models,
as well as discovering semantic relationships in medical data.

In particular, prostate cancer prediction from laboratory
tests has been relatively unexplored in the literature. While
there have been numerous studies on the research of new
biomarkers to help with its detection, such as [8] or [17],
machine learning works mostly seem to focus on imaging
[15]. A notable exception is Wang et al. [27], who build a
prostate cancer risk prediction model based on a set of 14
analyses, including common laboratory tests, demographic
information, and prostate-specific indicators such as Prostate-
Specific Antigen (PSA). They obtain their best results with
a random forest algorithm, and use this model for a post-hoc
feature importance study. While prostate-related biomarkers
are by far the most influential in the classification, they
empirically show the correlation of prostate cancer with
biomarkers that are not commonly used for its screening,
such as inorganic phosphorus, triglycerides and calcium.
This result shows that with the use of machine learning, the
combined analysis of common biomarkers could lead to the
detection of prostate cancer.

Instead of focusing on a specific condition, Razavian et
al. [23] propose a prediction model for 133 diseases based
on a set of 18 common laboratory tests. Using ensemble
algorithms based on convolutional neural networks (CNN)
and long short-term memory networks (LSTM), they manage
to predict the onset of these conditions up to 15 months
prior. While prostate cancer is one of the diseases included
in their model, it is not extensively studied, and the set
of analyses used is more adapted for renal diseases - for
which they obtain the best performance. For example, no
hematology results are used, despite being quite common in
laboratory analyses. The present paper’s ambition is different
in that, instead of proposing a one-fits-all model for multi-
class prediction, we opt for a flexible framework for the study
of a particular disease.

III. METHODS

In this section, we will start by defining precisely our
problem and assumptions. We will then give a general
overview of our proposed machine learning pipeline, before
presenting each step in more detail.

A. Problem definition

The use case treated in this paper corresponds to that of a
medical laboratory whose only available data is the results of
the analyses it offers, as well as the patients’ age. In section
IV, we will apply the proposed procedure to such a dataset
containing more than 2 billion analyses results, originating
from a French medical laboratory. The experimental dataset
will be described in more detail in Section IV-A.

The objective of the proposed procedure is to detect
abnormal values in a certain analysis result (which we will
indifferently call “biomarker”), without using this marker in
the prediction. The underlying assumption is that there exists
complex correlations between biomarkers, which are poorly
understood in current medical knowledge.

The relevance of this approach stems from the fact that
patients are not all prescribed the same analyses. Therefore,
the ultimate goal of this research is to be able to detect
potential abnormalities in a patient’s biomarkers, even when
these biomarkers are not directly measured during analysis.

The problem is thus formalized as a binary classification
problem, where an abnormal value in a given marker is the
”positive” class. The features (before proceeding to feature
selection) are all of the available analyses, except for the
biomarker that was used to label data.

In the rest of this paper, we will apply this generic
formulation to the study of prostate cancer. We will use the
Prostate-Specific Antigen (PSA) as the labeling biomarker,
and consider its value abnormal if it is equal to or greater
than 4 ng/mL [11].

B. Method overview

A flowchart of the proposed procedure is shown in Figure
1. Data is processed sequentially in four phases : data
extraction, where data is filtered and formatted, feature
engineering, where features are selected and / or introduced,
pre-processing, which mainly entails the management of
missing data, and machine learning, where classification
models are trained and optimized for the detection of abnor-
mal values in the selected biomarker. We note that in the
proposed method, class imbalance is managed directly by
the learning model.

This process is flexible and can be applied to any disease
or condition falling under the problem definition described
in III-A. In the rest of this section, we will detail each of
these phases and explain the choices we made for the study
of prostate cancer.

C. Data extraction

The first step in this data extraction phase is the choice
of one (or potentially several) target biomarker(s). In our
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Fig. 1. Flowchart of the proposed machine learning pipeline for the detec-
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case study for prostate cancer, this marker is the Prostate-
Specific Antigen (PSA). This biomarker will only be used
to label data: abnormal values are marked as “positive”
cases, whereas normal values are marked as “negative” cases.
In the case of PSA, any value equal to or above 4ng/mL
is considered abnormal [11]. Besides, we filter out female
patients from the data, since prostate cancer can only affect
male patients.

For this study, we use a set 72 biomarkers representative
of most of the analyses medical laboratories are able to offer,
selected with the help of a physician. We highlight that this
list is independent of the disease that is considered.

D. Feature Engineering

The abundance of missing data is one of the main chal-
lenges in dealing with medical data - especially so with labo-
ratory data, because different patients are prescribed different
analyses. However, some biomarkers are very commonly
measured compared to others, and form a “baseline” of anal-
yses upon which other biomarkers can be added in specific
cases. For example, PSA is not systematically prescribed,
whereas lipid profiles (cholesterol, triglycerides, etc.) are
much more common. Targeting these baseline biomarkers
is fundamental to our study, since we aim to detect abnor-
malities in common laboratory data. As a consequence, we
select all features that are present for a significant amount of
patients. In Section IV-B, we will for example keep analyses
realized by at least 25% of the patients in the dataset.

E. Pre-processing

We realize a 75%-25% stratified train-test split, meaning
that we ensure there is roughly the same proportion of each
class in both groups. All features are simply standardized by
removing the mean and scaling to unit variance. To avoid
data leak, the mean and standard deviation are obviously
computed from the training set.

Missing data also needs to be managed at this step.
As explained in Section III-D, the selection of common
biomarkers as our features reduces the amount of missing
data considerably. We will be considering three strategies
for the management of the remaining missing values in the
dataset: the removal of rows with missing values, mean
imputation, and iterative imputation [26], which consists
in iteratively estimating each feature using a regression on
other features.

F. Machine Learning

1) Imbalance-aware machine learning model: In health-
care, and more specifically when studying diseases, it is
common for classification problems to be imbalanced -
meaning that one class (usually the negative class) is much
more represented than the other(s). In our example, less
than 15% of patients have an abnormal PSA value (above
4ng/mL). If machine learning models are trained naively with
such a difference in class proportions, they will tend to be
biased toward the majority class. In particular, there would
be a lot of false negatives in the prediction, which is not
desirable in the context of disease screening.

Several strategies have been employed in the literature to
deal with class imbalance, such as over-sampling the mi-
nority class, under-sampling the majority class, or Synthetic
Minority Over-sampling Technique (SMOTE) [6] and its
variants.

In this paper, we will use a method based on Liu et al.’s
EasyEnsemble algorithm [16]. We train a number N of
models on balanced datasets, and use these models as an
ensemble to perform predictions through a majority vote.
Each of the balanced datasets is formed by concatenation of
all minority class samples, and an equal number of samples
from the majority class selected at random. For clarity, a
schematic representation of this model is shown in Figure
2. Training models on balanced datasets prevents the pitfalls
mentioned above, and using them as an ensemble allows for
minimal loss of information despite the undersampling of
the majority class. For these reasons, we decide to use this
method in our proposed procedure.

The nature of the individual machine learning models
in the ensemble can be changed to optimize the results.
For our implementation, we have trained and compared
three models within the ensemble algorithm presented in
the previous section: Random Forests [4], AdaBoost [9]
(short for Adaptive Boosting) and XGBoost [7] (or Extreme
Gradient Boosting). The results obtained with each of these
algorithms will be presented in Section IV.
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2) Model evaluation: When it comes to evaluating a clas-
sification model for an imbalanced dataset, accuracy (defined
as the proportion of correctly classified examples) can be
misleading. If the proportion of samples in the majority class
is significantly higher than in the minority class, then good
accuracy can be achieved by only predicting the majority
class. This must be avoided in real-life applications, espe-
cially when it comes to disease screening. For this reason,
we will also consider other performance metrics that take
into account the quality of prediction on both the majority
and minority class:

o Sensitivity (also called recall or true positive rate)
measures the proportion of actual positive samples that
are correctly identified by a classifier. A high sensitivity
is desirable in our context of disease suspicion.

« Specificity is the counterpart of sensitivity for negative
samples. It measures the proportion of actual negative
samples correctly identified by a classifier.

o Area under ROC curve (AUC). The Receiver Oper-
ating Characteristic curve plots the true positive rate
against the false positive rate at different classification
thresholds. A higher area under this curve indicates
better performance.

o Fl-score is the harmonic mean of sensitivity and pre-
cision, where precision is the proportion positive pre-
dictions that are actually correct. As such, the Fl-score
is a balanced measure of the classifier’s performance,
making it a popular metric to study imbalanced datasets.

3) Hyperparameter tuning: Hyperparameter tuning is per-
formed by Randomized search cross-validation [3]. This
technique consists in randomly selecting hyperparameters
within a given range and evaluating their performance with
cross-validation.

IV. RESULTS

In this section, we will apply the proposed procedure to a
real dataset with the goal of detecting patients with high PSA,
thus providing support in the screening of prostate cancer.

A. Dataset description

The experiments were realized on a dataset containing 8
million anonymized biology records (one record being one

ENSEMBLE MODEL

Diagram of the imbalance-aware ensemble prediction model

set of measurements for one person) from a French medical
laboratory, gathered between 2018 and 2022, for a total of 2
billion individual analyses results. After data extraction, we
are left with about 150,000 records containing PSA analyses
that can be used for labeling, for a total of nearly 78,000
patients. Once data is labeled (positive cases being patients
with a PSA superior or equal to 4ng/mL), the PSA value is
no longer used in the classification task.

B. Selected features

As explained in Section III-D, we select all features that
are present for more than 25% of patients. This threshold
was set empirically to keep a sufficient number of features
without significantly dropping in prediction performance.
The list of 24 analyses kept with this process is shown in
Table I, along with the corresponding LOINC codes. The
percentage of missing data goes down from 62% to 15%,
with 56% of the rows having no missing data at all (instead of
0% when no feature selection is performed). These statistics
highlight the existence and importance of the biomarker
baseline mentioned in Section III-D.

C. Comparison of prediction results for the models

In accordance to what was exposed throughout Section
III, we train a number of models to perform the binary
classification task of detection of abnormal PSA values. The
results of these experiments are shown in Table II. We realize
two sets of tests: one with the complete set of 72 analyses
filtered during data extraction ("Without feature selection”),
and one with the 24 selected features listed in table I ("With
feature selection”). The age of the patients is also included.

For both of these data sources, several strategies are
considered for missing data management: removal of missing
values ("Removal”), mean imputation and iterative impu-
tation. Likewise, we test three different estimators within
the ensemble prediction model: Random forests, AdaBoost
and XGBoost. We use the performance metrics presented
in Section III-F.2: sensitivity, specificity, F1-score, and area
under ROC curve (noted ROC AUC), as well as accuracy. In
order to reduce the influence of randomness in our results,
we realize each test five times and plot the averaged results.



TABLE I
LIST OF ANALYSES KEPT IN THE STUDY AFTER FEATURE SELECTION

Biomarker LOINC
Creatinine 2160-0
Estimated Glomerular Filtration Rate 62238-1
Mean Corpuscular Hemoglobin Concentration — 28540-3
Red blood cell distribution width 30385-9
Platelets in plasma 26516-5
Leukocytes 26464-8
Hemoglobin 718-7
Neutrophils 30448-5
Lymphocytes 26474-7
Monocytes 26484-6
Hematocrit 20570-8
Erythrocytes 26453-1
Mean Corpuscular Hemoglobin 28539-5
Mean Corpuscular Volume 30428-7
Cholesterol 2093-3
Triglyceride 2571-8
Cholesterol in HDL 2085-9
Cholesterol non HDL 43396-1
Glucose 2345-7
Potassium 2823-3
Alanine aminotransferase 1742-6
Aspartate aminotransferase 1920-8
Sodium 2951-2
Chloride 2075-0

We note that in Table II, removal of missing values is not
considered without feature selection. This is due to the fact
that, when removing rows with missing values in the dataset
without feature selection, no data remains: every row has at
least one missing value.

Overall, performance with and without feature selection
appears to be very close. The best results for accuracy,
specificity, F1-score and ROC AUC are all obtained without
feature selection, using mean imputation with the random
forests estimator. Nevertheless, the counterpart of this model
with feature selection achieves very similar results for all
these metrics, and has better sensitivity - which, is arguably
the most important in the context of disease screening.
Further, using a lower amount of features makes this second
model much faster during training.

Regarding missing values handling strategies, iterative im-
putation performs slightly worse than mean imputation, while
removing all missing values seems to impact performance
negatively (and is not exploitable at all without feature
selection).

As for estimators, results obtained with AdaBoost and XG-
Boost are mostly equivalent, and Random Forests perform
nearly systematically better than both of them. However,
XGBoost is significantly faster than the other two estimators,
which may be preferable in some use cases.

D. Discussion

The results of our study show the feasibility of using
common biomarkers to predict abnormal values in a patient’s
laboratory results, in particular Prostate-Specific Antigen
(PSA) - which is to date the most used analysis for prostate
cancer screening. Our findings also reveal that the use of a
large number of biomarkers does not significantly improve
the results over the use of a select number of common analy-

ses. This outcome suggests that the baseline of 24 analyses is
sufficient for the classification task. In other words, disease
screening can be performed almost systematically when
laboratory tests are taken. Besides, this feature selection
improves computational time and generalizability. Finally,
the relative balance between sensitivity and specificity in our
results demonstrates the suitability of the prediction model
to manage the imbalance in the data.

In order to further improve performance and reduce the
relatively high number of false positives, an interesting
avenue of future research would be to study the temporal
evolution of biomarkers. This would add another dimension
of information to the data.

V. CONCLUSION

In this paper, we have presented a flexible data processing
and machine learning pipeline for the study of diseases
through laboratory analyses. We have then applied it to the
case of prostate cancer and its dedicated marker, the Prostate-
Specific Antigen (PSA). We have shown that a baseline of
common biomarkers carries enough information for machine
learning algorithms to detect abnormalities in laboratory
results. These findings open up many perspectives for disease
screening: the data collected by medical laboratories, which
is widely underused for lack of associated diagnoses, can be
independently leveraged for the predictive study of diseases.
Ultimately, this approach could lead to a systematic screen-
ing whenever patients get laboratory analyses, even when
disease-specific biomarkers are not measured. Determining
which diseases are most efficiently predicted in this context
is a possible avenue of future research.

Future research should also aim to improve the classifica-
tion performance by adding a temporal dimension to the data,
providing additional information for the machine learning
algorithms and allowing for longer-term disease screening.
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