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ABSTRACT: Screening for prostate cancer relies on the serum prostate-
specific antigen test, which provides a high rate of false positives (80%). This
results in a large number of unnecessary biopsies and subsequent
overtreatment. Considering the frequency of the test, there is a critical
unmet need of precision screening for prostate cancer. Here, we introduced a
urinary multimarker biosensor with a capacity to learn to achieve this goal.
The correlation of clinical state with the sensing signals from urinary
multimarkers was analyzed by two common machine learning algorithms. As
the number of biomarkers was increased, both algorithms provided a
monotonic increase in screening performance. Under the best combination of biomarkers, the machine learning algorithms
screened prostate cancer patients with more than 99% accuracy using 76 urine specimens. Urinary multimarker biosensor
leveraged by machine learning analysis can be an important strategy of precision screening for cancers using a drop of bodily
fluid.
KEYWORDS: cancer screening, urine, multimarker, artificial intelligence, prostate cancer

About 1.3 million men worldwide were diagnosed with
prostate cancer (PCa) in 2018.1 PCa is the second
most common cancer in males, excluding non-

melanoma skin cancer.2 The current standard PCa screening
methods include the monitoring of serum prostate-specific
antigen (PSA) levels and the digital rectal examination (DRE),
in which doctors check for abnormalities, such as lumps or
hard areas, on the prostate tissue.3 The DRE causes
considerable discomfort and is less accurate than the PSA
test; however, it increases biomarker concentration and some
researchers recognize its helpful role in assessing PCa in males
who have a PSA level in the “gray range” (2.5−4.0 ng/mL).3 In
contrast, the PSA test is a stand-alone screening method. In the
United States, more than 25 million men receive a PSA test
each year,4 and approximately 1 million men have a biopsy as a
result of an elevated PSA level.5 Ultimately, less than 20% of
those who undergo a biopsy are diagnosed with PCa.6,7 These
statistics show clearly that the PSA test has a very high rate of
false positives (80%). These false results have led to a large
number of unnecessary and invasive biopsies and subsequent
overtreatment, which causes considerable side effects, includ-
ing erectile dysfunction and urinary incontinence.8 Therefore,
it is critical that a noninvasive,9−11 DRE-free PCa screening
system is developed12 that is highly accurate and minimizes
false results.

Considering the large number of the invasive serum PSA
test, strategies for increased patient compliance would bring a
broad impact to society. In this aspect, naturally voided urine is
a particularly useful specimen due to high patient compliance.
Moreover, there are urinary protein databases available,13

suggesting that urine is a useful specimen for cancer screening.
However, the low biomarker concentration imposes a
challenge in utilizing urine as a PCa screening test.14

Therefore, a sensor that detects trace amounts of biomarkers
in urine has great potential for PCa screening.
There has been a surge in research to find an alternative

biomarker that can surpass the screening performance of the
PSA test in PCa screening.15 However, PCa screening systems
based solely on a single reported biomarker can result in low
diagnostic accuracy because simultaneously seeking a specific
and sensitive biomarker is challenging.16,17 In other words,
each single biomarker has a limited correlation with the clinical
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output of PCa. In this regard, a combination of multiple
biomarkers is a promising approach18,19 to overcoming the
limitations of relying on a single biomarker in PCa screening.20

To get benefits from the multimarker approach21−23 in
biosensor-based PCa screening, it is first necessary to design
biomarker panels that can improve diagnostic accuracy.24,25

For example, a highly sensitive biomarker can be coupled with
a highly specific biomarker to construct a highly accurate PCa
screening system. In a multimarker-based biosensor system, a
set of sensing data from each biomarker panel can be obtained,
which can then translate into a clinical decision for an
individual. However, the multimarker system has multiple
independent variables, such as the biomarker-sensing signal
profiles and their intensities. As a result, as the number of
markers in the system increases, the process of converting the
sensing data into diagnostic output becomes exponentially
complicated. Therefore, a statistical approach is necessary.
In this study, we developed a urinary multimarker sensor,

able to measure trace amounts of biomarkers from naturally
voided urine. The relation of a clinical outcome with a set of
sensing signals from four different PCa biomarkers was
analyzed by two different machine learning (ML) algorithms.
Throughout the study, our multimarker sensing platform
demonstrated that precision screening for PCa using a drop of
urine is feasible.

RESULTS AND DISCUSSION
Urine was selected as the specimen for screening patients who
may require a biopsy. Urine is of particular interest for PCa
screening because the urethra is surrounded by prostate tissue,
which allows for the passive diffusion of biomarkers from the
PCa cells into the urine.26 Obtaining a urine specimen is also

noninvasive, and hence it leads to increased patient
compliance. However, the low concentration of biomarkers
creates a challenge when using urine for translational
research.14,27 We used a highly sensitive dual-gate field-effect
transistor (DGFET) as a urinary multimarker sensor to deal
with this challenge. This DGFET is composed of a disposable
four-channel extended gate (EG), which is separated from its
transducer to improve sensing performance and reliability. In
our previous studies,28−30 the DGFET biosensor enabled the
detection of a trace number of protein-based biomarkers from
patients and animal specimens in 20 min. To extract clinically
significant information from complicated multimarker-sensing
signals, we introduced two ML algorithms (random forest
(RF) and neural network (NN)). Specifically, RF and NN
were compared to find the best algorithm and combination of
biomarkers that provided the highest accuracy in PCa
screening.
The general research outline is shown in Figure 1. Multiple

biomarkers from PCa cells diffuse passively into the urethra
and are transported during urination. The naturally voided
urine was collected from potential patients with PCa. The
specimens were applied to the DGFET biosensor to obtain
electrical signals from the different biomarkers. In this study,
four biomarker signals were obtained: annexin A3 (ANXA3),
prostate-specific membrane antigen (PSMA), erythroblast
transformation-specific related gene protein (ERG), and
endoglin (ENG). Obtained data from 76 urine specimens
were partitioned randomly into a training data set (70% of
total) and a test data set (30% of total). After the training
phase, ML screened the patients with PCa in the test set. The
PCa screening performance improved monotonically as more

Figure 1. Overview of a ML-assisted multimarker biosensing system for PCa screening using a drop of urine and its clinical performance. (a)
Biomarkers diffused passively from prostate tissue to the urethra and were collected from naturally voided urine. Urine was collected in a
sterilized specimen cup containing 10 vol % RNA stabilizer and 1 vol % antibiotics and stored in a refrigerator for less than a week before
shipping the sample to the laboratory. To measure the electrical signals from the four different biomarkers in the urine, the four sensing
channels in the EG of an FET biosensor were conjugated to antibodies, thus capturing different biomarkers. Without any pretreatment, urine
was added directly to the four different sensing channels. After 20 min of reaction time in the four channels, the bottom gate voltage shifts
were measured at the reference current (1 nA). Therefore, each urine sample generated four independent sensing signals from the
corresponding biomarkers, as shown in the schematics. (b) The set of sensing signals collected for each patient were then analyzed using ML
to screen the patient for PCa. Seventy-six urine samples were measured three times, thereby generating 912 biomarker signals or 228 sets of
sensing signals. We used RF and NN algorithms to analyze the multimarker signals. Both algorithms provided an increased accuracy, and the
AUROC increased in size as the number of biomarkers was increased.
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biomarkers were combined. The results suggest that PCa
screening using a drop of urine is almost 100% accurate.
Choice of Biomarkers. Our primary focus in relation to

biomarker selection was on their clinical relation with PCa. We
specifically selected the following four pathophysiologically
uncorrelated biomarkers that are upregulated in patients with
PCa: ANXA3, PSMA, ERG, and ENG. ANXA3 is found in
urine with high specificity to PCa,31 and ANXA3 expression
has been observed in prostatic intraepithelial neoplasia, a
precursor to PCa.32 PSMA is a membrane protein expressed
on the apical surface of endothelial cells. PSMA overexpression
is associated with a higher PCa grade and androgen
deprivation, suggesting that PSMA plays a functional role in
PCa progression.33 In the case of ERG, its expression is
associated strongly with an increased level of TMPRSS2/ERG
fusion genes, by which tumor progression and invasion are
promoted.34 Lastly, increased ENG expression is found in
prostate endothelial cells during tumor angiogenesis and
inflammation. ENG is also expressed in prostatic intraepithelial
neoplasia, suggesting its potential as a prognostic marker.35

Considering the working principle of a field-effect transistor
(FET), it is necessary to test whether or not chosen

biomarkers can induce enough charge polarization and
subsequent threshold voltage change in the DGFET system.
The detailed sensing characteristics of the four biomarker
candidates were evaluated, and these are represented in Figure
S1. All proposed biomarkers show a linear relationship
between voltage shift and concentration level. The details of
the sensing characteristics of these biomarkers in the literature
are shown in Supplementary Table 1.
In this study, untreated urine was added directly to each

sensing channel of the EG. The principle of urine measure-
ment is shown in Figure 2a. The binding of an antigen with an
antibody resulted in a change in the surface potential. This
change was monitored by the shift of the bottom gate voltage
at the reference current (1 nA). The voltage shifts for all
biomarkers were recorded and used for further analysis. In our
previous work,30 we successfully measured blood-based
samples containing a significantly higher amount of protein
than urine. Unlike the constant pH of blood (pH 7.35−
7.45),36 however, the pH of urine varies significantly from
person to person (pH 4.5−8.0),37 which may affect the sensing
characteristics. To eliminate this issue, the pH stability of the
DGFET was tested using five consecutive cycles of pH 4, 6

Figure 2. The working principle of urine measurements and the pH stability of the biosensor sensing performance. (a) Principle of urine
measurement. Urine was first added to the sensing channels and then the biomarkers in the urine bound with the surface-conjugated
antibodies, which resulted in a potential change to the surface. Before and after the binding event, the bottom gate voltage was swept, and
the source−drain current was recorded. As the biomarker binding events modulated the surface potential, the threshold voltage shifted. The
bottom gate voltage at the reference current (1 nA) was specifically used to calculate the voltage shift. The voltage shifts for all urine
biomarkers were recorded and used for further analyses. (b) Three buffer solutions, at pH 4, 6 (normal pooled urine), and 10, were added to
the same sensing channel sequentially, and the corresponding bottom gate voltage at the reference current (1 nA) was measured. After five
cycles of the solution exchange process, small voltage shifts (0.13, 0.095, and 0.029 V for pH 4, 6, and 10, respectively) were observed,
suggesting a robust sensing performance in the urine environment. (c) The shift in the bottom gate voltage was measured over 24 min in the
same buffer solutions as in b. The voltage shifts were small (0.002, 0.021, and 0.007 V for pH 4, 6, and 10, respectively), further confirming
the device’s stability in the urine environment.
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(normal pooled urine), and 10. Figure 2b shows the bottom
gate voltages at the reference current during the five cycles of
pH change in the same channel of EG. After five cycles, the
voltage shift showed small hysteresis (changes of 0.13, 0.095,
and 0.029 V for pH 4, 6, and 10, respectively), proving that the
sensor performance was stable in the required sample reaction
environment. Figure 2c shows the small voltage shift for the
different pH solutions (0.002, 0.021, and 0.007 V for pH 4, 6,
and 10, respectively) over 24 min, further confirming the
stability of the device performance.
Patient Choice. We divided urine samples into three

groups: normal, PCa with pre-DRE, and PCa with post-DRE.
Benign prostatic hyperplasia (BPH) is similar to PCa in that it
causes the prostate gland to become enlarged. Considering that
BPH is a common disease in men over the age of 40, having
BPH in the normal group is ideal; however, it is challenging
because the levels of certain biomarkers are affected.38 In this
study, we included urine specimens from patients with BPH in
the normal group so that we could screen for PCa accurately.
The naturally voided urine specimens were collected from the

normal group during a regular health checkup. In the case of
patients with PCa, urine was collected twice, before and after
the DRE procedure. The sample population of the Gleason
score is shown in Figure S2. Supplementary Table 2 shows a
summary of the information for the 51 patients studied. The
differences in age and serum PSA levels between the normal
and PCa groups were statistically significant. On the other
hand, the difference in prostate volume was not significant. For
unbiased prediction, none of these factors are accounted for in
the ML algorithm.

Single-Biomarker Analysis. The raw sensing data and
single-biomarker analysis from 76 naturally voided urine
samples are shown in Figure 3. Figure 3a shows the
experimental scheme. Each urine sample was added to the
four sensing channels, which were conjugated with four
different antibodies. After 20 min, the biosensor measured the
gate voltage shift at the reference current (1 nA). Therefore,
each specimen provided four sensing data points, an analysis of
which resulted in accurate PCa screening. The sensing data
from all urine specimens are shown as box plots in Figure 3b−

Figure 3. Raw sensing data from 76 naturally voided urine specimens and single-marker analyses. (a) Experimental workflow of 76 urine
measurements. (b−e) Each urine specimen was measured from three independent panels with four biomarker channels. A cutoff signal was
chosen from the voltage shift induced by normal pooled urine (0.19 V). Box plots are shown for (b) PSMA, (c) ENG, (d) ERG, and (e)
ANXA3 biomarkers. Statistical significance was determined by unpaired Student’s t tests (***p < 0.001 ****p < 0.0001). (f) Sensing
performance of the single biomarkers. For the PSMA, ENG, and ERG biomarkers, the sensitivity, specificity, and accuracy were similar.
ANXA3 had a much lower specificity (77%) than the other biomarkers due to the high number of false positives, which suggests that it had
the lowest sensing performance of the four. (g) Correlation matrix of biomarker pairs. From the graph, the ERG + ENG pairing was found to
have the highest correlation (κ = 0.27), while the ANXA3 + PSMA pairing had the lowest (κ = 0.04).
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e (averaged biological replications are shown in Figure S3).
Each specimen was measured three times to count any sensing
signal variations. A cutoff voltage value was chosen from the
shift induced by the normal pooled urine (0.19 V). In Figure
3b, signals from the PSMA biomarker are shown. Signals from
pre- and post-DRE urine specimens are similar and distinct
from the normal group, which barely passed the cutoff value. In
the case of the normal group, only one (0.19 V) of the 78 data
points reached the cutoff voltage shift, while the cancer (pre-
and post-DRE) groups had 30 and 38 of the 75 total data
points exceed the threshold, respectively. The p-values between
normal and either pre- or post-DRE were less than 0.0001,
suggesting that the signals are distinguishable. However, the p-
value from the pre- and post-DRE groups was calculated as
0.083, indicating that the two data sets are not statistically

significant. Therefore, the PSMA sensing results suggest that
our direct urine sensing can screen patients with PCa at a
similar level of accuracy, regardless of the DRE procedure.
Similar results were obtained from the ENG and ERG
biomarkers (Figures 3c−d and S3). In contrast, the ANXA3
biomarker showed a different result (Figure 3e). ANXA3 had
the lowest sensing performance among the four biomarkers. A
significantly large proportion of the data points in the normal
group (18 out 78) had a larger voltage shift than the cutoff
value. In contrast, the numbers of data points that exceeded
0.19 V in the pre- and post-DRE groups were similar to those
for the other biomarkers (34 and 35 for the pre- and post-DRE
groups, respectively). Importantly, the interquartile spacing of
the box plots overlapped considerably between the normal and
cancer groups, indicating that the ANXA3 biomarker shows

Figure 4. ML analysis of the multimarker system. (a) RF and NN algorithms used in this study. A total of 76 clinical samples were separated
randomly into a training set (70%) and a test set (30%). After the learning process with a training set, the performance of each algorithm was
evaluated by the test set using 23 specimens. (b) Sensing characteristics of each biomarker provided by the RF method. Interestingly,
although the PSMA, ERG, and ENG biomarkers had a similar sensing performance, they showed a notably different importance in their
decision processes. ANXA3 showed the least importance (7.9%), which was consistent with our previous analysis. (c) Average accuracy
predicted by both algorithms with different numbers of biomarkers. NN had a higher accuracy when two or three biomarkers were
combined. For both algorithms, an increased number of biomarkers in the panel increased the accuracy monotonically, which confirms that
the multimarker approach assisted by ML provides superior screening results than the single-biomarker system, which missed more than half
of the patients with PCa at high specificity. (d) The predictor value of each biomarker panel was provided by both algorithms. For the
normal group (panel numbers 1−27), RF and NN had one and three biomarker panels, respectively, which exceeded a threshold of 0.5. In
the cancer groups, both algorithms predicted one panel with a predictor value of less than 0.5. It should be noted that three consecutive
panels used the same urine. The gray box represents the region where more than two consecutive panels showed a false signal. (e) Predictor
value based on individuals. Patient number 2 showed a false signal from NN, resulting in 95.7% accuracy. RF provided 100% accuracy at the
patient level. Error bars represent s.d.
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the least sensing performance as a single biomarker in our
DGFET biosensor.
The sensitivity, specificity, and accuracy of the four

biomarkers used in this study are shown in Figure 3f. The
sensitivity (the ability to correctly identify patients with the
disease) was similar for all biomarkers, in the range of 43.3−
52.0%, where the minimum sensitivity was achieved by the
ANXA3 biomarker. PSMA, ERG, and ENG had more than
94.9% specificity, whereas ANXA3 had only 76.9%. The low
sensing performance of ANXA3 was consistent with the box
plot in Figure 3, where the sensing signals from all three groups
largely overlapped. Lastly, three of the biomarkers, PSMA,
ERG, and ENG, achieved a similar accuracy (63.6−66.7%),
while ANXA3 achieved only 54.8% accuracy. Overall, the test
outcomes indicate that the screening performance of the
PSMA, ERG, and ENG biomarkers was similar, while the

performance of the ANXA3 biomarker lagged behind the
others. Considering the main purpose of the study, reducing
the rate of false positive results is of primary interest because
that would lead to a reduction in the number of unnecessary
biopsies. In this regard, all four biomarkers already outperform
the PSA test. However, higher specificity always compromises
sensitivity. In our test, we missed approximately half of the
patients with PCa at this high level of specificity. In other
words, the current single biomarker tests can minimize
unnecessary biopsies; however, they can miss a significant
portion of patients with PCa because of a high rate of false
negatives. Therefore, it is necessary to formulate a strategy to
increase specificity without compromising sensitivity.
To achieve this challenging goal with a multimarker

approach, it is necessary to choose uncorrelated biomarkers.
A lower correlation between biomarkers will increase the

Figure 5. Sensing performance of ML algorithms for PCa screening with different biomarker combinations. (a−h) ROC curves of the
multimarker sensing systems with different biomarker combinations at the biomarker panel level. The ROC curves from the RF analysis,
with 1 (a), 2 (b), 3 (c), and 4 (d) biomarkers, and those from the NN analysis, with 1 (e), 2 (f), 3 (g), and 4 (h) biomarkers, indicate that a
better sensing performance (points closer to each axis) can be achieved with an increased number of combined biomarkers. (i) The AUROC,
which represents the sensing performance, is the single most important parameter. For single-biomarker systems, the areas under the ROC
curves for ANXA3, PSMA, ERG, and ENG were in the range of 0.58−0.86 and 0.64−0.92 for RF and NN, respectively. When these
biomarkers were combined, the areas under the ROC curves could reach 0.99 for both algorithms with the best combination of biomarkers.
This suggests that it is critical to ascertain the optimal biomarker combination. (j) Average AUROC with different numbers of biomarkers.
Again, the increasing trend was observed, confirming the importance of a multimarker approach. Error bars represent s.d.
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information content.39 Figure 3g shows the Pearson
correlation coefficient matrix of biomarker pairs. ERG and
ENG were found to be the most correlated (κ = 0.27), while
the ANXA3−PSMA pair showed the least correlation (κ =
0.04). In fact, the average correlation factors of the individual
biomarkers were 0.13, 0.15, 0.22, and 0.22 for ANXA3, PSMA,
ERG, and ENG, respectively. The low κ values for all pairs of
biomarkers suggest that they are not correlated and have
distinct sensing outcomes.40 In other words, the lists of
individuals requiring biopsies, which are decided by each
biomarker, do not overlap significantly. Therefore, the data
with a low κ value suggest that there is an opportunity to
enhance the sensing performance if the sensing signals from
each biomarker are blended properly.
Multimarker Analysis by ML. We applied two common

ML algorithms (RF41 and NN42) to illustrate the importance
of multimarker approach (Figure 4a). Both algorithms were
trained by 70% of the total data set under supervised learning
and validated its performance by screening PCa from a blinded
test set (30% of the total data set). The reference voltage shifts
from each biomarker were input into both algorithms, giving
two different types of output: normal and PCa. It should be
noted here that the cutoff value (0.19 V) was not considered in
the algorithm. This means that both algorithms learn the raw
data of the DGFET to consider even minor characteristics
caused by urine that otherwise would be ignored.
RF is useful in terms of understanding variables. For

example, RF can provide useful information, such as the
importance of each biomarker in its decision process. In Figure
4b the relative importance of each biomarker in the four-
biomarker combination system is provided by RF. Interest-
ingly, the PSMA, ERG, and ENG biomarkers that showed a
similar sensing performance had a notably different importance
in the RF algorithm. PSMA and ERG showed similar
importance (0.23 for both biomarkers), but the accuracy
obtained from RF was higher in ERG, indicating that the
importance does not necessarily follow each biomarker’s
accuracy. As expected, from the calculations in Figure 3f
ANXA3 showed the least importance (only 7%), which
suggests that some biomarkers barely contribute to diagnostic
performance.43

Figure 4c shows the average accuracy of PCa screening by
RF and NN using different numbers of biomarkers at the
biomarker panel level. For both algorithms, on average, the
accuracy increased monotonically as the number of biomarkers
in the panel increased. On average, the accuracy of the RF and
NN algorithms with a single biomarker was 73.2% and 66.3%,
respectively. As the number of biomarkers increased, the
average accuracy improved dramatically, to 97.1% and 94.2%
for RF and NN, respectively. The improving average accuracy
following an increase in the number of biomarkers in two
different ML algorithms shows clearly that the multimarker
approach provides a far more accurate clinical output, whereas
the single-biomarker analysis missed about half of the PCa
patients at this high specificity. This result supports the idea
that pathologically independent biomarker combination broad-
ens the disease-specific information.
In general, ML decisions are based on the predictor value.

The closer the predictor value is to either 0 or 1, the greater
the certainty of the algorithm’s prediction. The predictor
values of each biomarker panel at four-biomarker combinations
are shown in Figure 4d. In terms of biomarker panels, the RF
predictions were all correct, except for one in each of the

normal and cancer biomarker panels. The NN algorithm
missed three biomarker panels from the normal group and one
from the cancer group. As each urine sample was measured
three times, the three consecutive panel numbers corre-
sponded to each specimen. For NN, one specimen had two
consecutive incorrect panels (panel numbers 4 and 5), which is
highlighted in gray. The average predictor value of the
individual is shown in Figure 4e. The accuracy of the RF
algorithm was 100%, meaning that there were zero false results
in the PCa screening. With the NN algorithm, one false
positive specimen was located in the gray box. It should be
noted that even though RF prediction was perfect in this data
set, there were samples with predictor values close to 0.5,
suggesting that the prediction certainty was less than 100%.
Therefore, it is important to set an uncertainty window in the
diagram, with patients who fall within this window taking
additional tests. To validate our analysis in this limited number
of data sets, four more predictions with different validation sets
were performed and showed less than 5% accuracy variations
(Figure S10).
The receiver operating characteristic (ROC) curve repre-

sents the performance of our ML models.44 Figure 5a−d shows
the ROC curves of the biomarker panels predicted by the RF
algorithms with different numbers and combinations of
biomarkers. As the number of biomarkers in the system
increases, the ROC curves get closer to each axis, meaning that
there is an increase in accuracy. In addition, the increased
number of biomarkers in the system leads to decreased
variations in the ROC curves. The same trend was observed
with the NN algorithm (Figure 5e−h).
The single parameter representing the model’s sensing

performance is area under ROC curve (AUROC). The
AUROCs for the systems in Figure 5a−h are shown in Figure
5i, which confirms that an increased number of biomarkers
leads to a greater AUROC. For single-biomarker systems, the
AUROC is the largest with ENG, followed by ERG, PSMA,
and ANXA3. When these biomarkers were combined, AUROC
varied significantly depending on the biomarker combination.
This variation is significant, as it is often greater than the effect
of the number of biomarkers. For example, ENG + ERG has a
higher sensing performance than PSMA + ERG + ANXA3. RF
and NN are complicated algorithms with nonlinear functions.
This means that increasing the number of markers does not
necessarily guarantee a monotonic increase in screening
accuracy.43 In fact, the inclusion of ANXA3 in our multimarker
system often resulted in a lower sensing performance for both
the RF and NN algorithms. This indicates that there are
optimal biomarker combinations. For example, the best
sensing output in terms of AUROC was achieved from ENG
+ ERG + PSMA and ENG + ERG for RF and NN,
respectively. In general, the AUROC is slightly larger for NN
than for RF, but the trend was the same. The average AUROC
versus the number of biomarkers is shown in Figure 5j. As
demonstrated in this figure, the areas under the ROC curves
increase monotonically as the number of biomarkers is
increased. NN shows a better model performance than RF in
terms of the ROC curves on average, but this is not statistically
significant. The same trend was observed from the ROC curves
based on individuals (Figure S5).

Clinical Analysis of False Signals. Studying patients with
false signals can provide an insight into the relationship
between the ML prediction and the disease status of a patient,
which can be used to improve the ML algorithm. The
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information can also be used to construct a feedback loop for
the patients, whereby individuals showing high false rates can
take additional tests to ensure that they do not have PCa.
Figure 6a, b, c, and d show the RF-predicted average false rate
of each biomarker panel in the test set with different numbers
of biomarkers. The scatter plots show clearly that an increased
number of biomarkers reduces the overall false rate. The four-
biomarker combination results in Figure 6d identify only two
false panels. Interestingly, these two panels always have a
nonzero false rate, regardless of the number of biomarkers.
Figure 6g shows the number of panels with a false rate higher
than 0.5 at different numbers of biomarkers. As the number of
biomarkers is increased, the number of false panels decreases
(21, 17, 6, and 2 panels for one-, two-, three-, and four-
biomarker combinations).
Figure 6e shows the false positive rates of the normal and

BPH groups with different numbers of biomarkers, which
indicates that our sensing data do not highlight any statistically
meaningful differences between BPH and normal individuals,

except when two biomarkers are combined (p = 0.03). The
false negative rates of the pre- and post-DRE cancer groups are
represented (Figure 6f); these rates were higher in the pre-
DRE group than in the post-DRE group, indicating that the
post-DRE urine specimens in our study had better specificity.
However, both groups had more than 95.2% sensitivity in four-
biomarker combinations.
To study the factors affecting the false signals in our ML

algorithms, clinical analyses of the confusion matrix are shown
in Figure 6h−j. It is noteworthy that no clinical parameters
were considered in ML algorithms, eliminating concerns
regarding bias induced by clinical parameters. In the normal
group, elderly people were found to have a higher chance of
being incorrectly screened for PCa than younger individuals;
however, there was no statistical significance in the cancer
groups. In contrast, the serum PSA level differences were
significant; those with higher serum PSA levels had a higher
chance of testing positive in both normal and cancer groups.
Lastly, people with a lower prostate volume had a higher

Figure 6. Clinical analysis of false signals predicted by RF. (a, b, d, e) Scatter plots of false rates with different numbers of biomarker
combinations in the test set (total of 69 panels in test set). When four biomarkers were combined, only two panels gave a false signal (d). (e)
False positive rate of biomarker panels for normal individuals and patients with BPH. RF had a better screening performance in patients with
BPH than in normal individuals without BPH. (f) False negative rate of biomarker panels for pre- and post-DRE groups. The RF predictions
in the post-DRE group were more accurate than those in the pre-DRE group for all biomarker combinations. However, the pre-DRE group
had 95.2% sensitivity with the combination of four biomarkers. (g) Total number of biomarker panels with a false rate higher than 0.5. As
the number of biomarkers in the panel was increased, the number of false panels decreased from 21 to 2. (h−j) Clinical analysis of outcomes
from all biomarker combinations. (h) The age difference between true negative and false positive is statistically significant, indicating that
elderly people have a higher chance of testing positive for PCa than younger people in the normal group. (i) PSA had a much higher
correlation in both the normal and cancer groups. In each group, individuals testing positive have a higher PSA than those testing negative.
(j) The prostate volume showed the same trend for both normal and cancer groups. Patients with a small prostate volume had a higher
chance of receiving a false screening. Statistical significance was determined by unpaired Student’s t tests (***p < 0.001, ****p < 0.0001).
Error bars represent s.d.
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chance of receiving a false screening result for both the normal
and cancer groups.

CONCLUSIONS
In this study, we developed urinary multimarker sensors and AI
analysis for precision screening for PCa, using a drop of
naturally voided urine. Specifically, four pathophysiologically
uncorrelated biomarkers, PSMA, ENG, ERG, and ANXA3,
were used. A total of 76 naturally voided urine specimens from
healthy and PCa-diagnosed individuals were measured directly
using a DGFET biosensor, comprising four biomarker
channels conjugated to antibodies capturing each biomarker.
A single-biomarker analysis provided the average accuracy of
only 62.9%, and it missed approximately half of the patients
with PCa.
In our ML-assisted multimarker sensing approach, the two

different ML algorithms (RF and NN) were applied. The
average accuracy of both algorithms was monotonically
increased as more biomarkers were included in the ML
algorithms. However, having more biomarkers did not
necessarily guarantee an improved sensing performance. For
example, the inclusion of ANXA3 actually decreased the
accuracy in most cases. In addition, constructing the biomarker
panel using the minimum number of biomarkers is necessary
owing to the limited resources available; therefore, it is
important to choose synergistic biomarkers. One of the key
factors to consider when designing a biomarker panel is the
importance of each biomarker provided by RF. In this regard,
RF is a better algorithm than NN because it provides
parameters that allow an understanding of the variables.45 At
the best biomarker combinations, RF showed 100% accuracy
in 23 individuals, or 97.1% accuracy in terms of panels, in a
blinded test set regardless of the DRE procedure.
When individuals showing false signals were analyzed, a

strong correlation between RF prediction and the clinical data
was observed. As only biomarker signals were considered in the
RF algorithm, the correlation provides additional insight on
understanding predictor value. Importantly, RF prediction
follows the prevalent view of the community studying prostate
cancer. In the normal group, elderly people have a higher
chance of being diagnosed with PCa. In the case of serum PSA
level, individuals with a higher serum PSA level are prone to
testing positive for PCa in both normal and cancer groups.
Lastly, those with a small prostate volume had a higher chance
of receiving a false screening in each group, presumably due to
the low biomarker concentration, whereby the corresponding
signal confuses the RF decision process. This correlation
further supports the reliability of the sensing platform.
Our PCa screening platform showed exceptional prostate

cancer screening performance using 76 urine specimens.
However, our study is limited to randomly participating
Korean males. This leaves the opportunity for additional
experiments with different races. Another useful study to
validate our approach is measuring a large number of samples
with controlled age, PSA level, and prostate volume. An effort
to look for more efficient biomarkers and their combinations is
also necessary.
With increased patient numbers, the accumulation of data

will drive an evolution of our ML algorithm in the multimarker
sensing platform. Therefore, after validation with a large
amount of data, our multimarker sensing platform has the
potential to shift the current PCa screening paradigm. On-site
and accurate PCa screening in 40 min with a drop of naturally

voided urine will directly impact the human healthcare system
in the foreseeable future.

EXPERIMENTAL METHODS
Materials. Human PSMA protein (orb245517) and anti-PSMA

antibodies (orb25921) were purchased from Biorbyt. ENG protein
(H00002022-P01), anti-ENG antibodies (H00002022-M01), ANXA3
protein (H00000306-P01), and anti-ANXA3 antibodies (H00000306-
M12) were purchased from Abnova. ERG protein (ab185597) and
anti-ERG antibodies (ab133264) were purchased from Abcam.
Glutaraldehyde and 3-aminopropyltriethoxysilane (APTES) were
purchased from Sigma-Aldrich. Bovine serum albumin (BSA, 97061-
416) was obtained from VWR International. Normal urine (991-03-P-
1) was acquired from Lee Biosolutions. All chemicals and proteins
were used without further purification steps.

Urine Specimen Collection. The research protocol was
approved by the Institutional Review Board of the Asan Medical
Center (Seoul, Republic of Korea), and informed consent was
obtained from all subjects (protocol no. 2014-0959). All clinical
results and urine samples were obtained from patients after informed
consent had been given, in accordance with the Asan Medical Center
guidelines. The protocols for the human urine assay were approved by
the Ethics Committee of the Asan Medical Center, and the human
urine assays were performed in accordance with the approved
guidelines.

Fabrication of a DGFET Sensor. The DGFET used in this study
consisted of a FET and an EG. The manufacture of the DGFET
device was described in our previous paper.30 In brief, a six-inch p-
type (100) silicon wafer with a 750 nm buried oxide layer and a 100
nm top silicon layer was used. Inductively coupled plasma reactive-ion
etching (ICP-RIE) and photolithography were applied to define the
active region. A-10 nm-thick oxide layer on the top gate was deposited
using a dry oxidation process. On this layer, a Ti/TiN/Al/TiN
multilayer was grown via a sputtering system, following ICP-RIE, to
form the gate electrode. The arsenic ion implantation formed the
drain and source parts.

An EG with four polydimethylsiloxane (PDMS) channels was
fabricated on a glass substrate46 with an indium tin oxide (ITO, 300
nm) film on top. The four PDMS channels, with a surface area of 0.5
cm2, were prepared using a hole punch (0.8 cm in diameter). These
four channels were attached to the ITO substrate through plasma
bonding after O2 plasma treatment (70 W, 30 sccm of O2 gas flow for
1 min, Plasma System Cute, Femto Science). Once attached, an
annealing process was performed at 60 °C for 10 min.

Surface Modification of the Extended Gate. At the surface of
the EG, the hydroxyl groups were introduced by O2 plasma treatment
at 70 W for 1 min. Then, amine groups were introduced by dipping
the surface in fresh 5 vol % APTES (ethanol) for 1 h at room
temperature.47 The APTES-treated surface was then washed with
ethanol three times followed by sonication with ethanol for 1 min to
remove unreacted APTES. Afterward, the APTES layers were cured at
120 °C for 30 min using a hot plate. To conjugate the APTES layer
with antibodies or proteins through an amide bond, it was treated
with a 2.5 wt % glutaraldehyde solution (20 mM HEPES buffer (pH
7.5), 1 h at room temperature). At the same time, the biomarker
conjugation solutions of 5 μg/mL are prepared in 1× phosphate-
buffered saline (PBS; pH 7.4). Subsequently, 100 μL of the four
biomarkers (PSMA, ANXA3, ENG, and ERG) solutions were added
into each channel and reacted for 1 h at room temperature. After
washing with 1× PBS (pH 7.4) three times, 0.2 M ethanolamine was
added for 1 h to inactivate the unreacted aldehyde groups. Then, the
EG was incubated with 3 wt % BSA solution in 1× PBS (pH 7.4) for 1
h at room temperature to block nonspecific binding. After the BSA
incubation, EG was washed with fresh 1× PBS (pH 7.4) three times.

Measurement Setup of the DGFET Biosensor. A dual-channel
parameter analyzer (4200A-SCS, Keithley) was used to obtain an ID−
VG curve on the DGFET. For the ID−VG curve, the sweeping voltage
of the bottom gate was −10 to 10 V and the drain voltage was 3 V. To
obtain the standard curve, the voltage shift at various concentrations
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of PSMA, ANXA3, ENG, and ERG (0.1 fg/mL to 10 ng/mL) in
normal urine was measured. The initial voltage signal was obtained
from the ID−VBG curves in a 1× PBS solution. The solution was then
removed, and the urine specimens were injected directly into the
modified EG and allowed to react for 20 min. After washing with a 1×
PBS solution three times, the washed solution was removed from the
channels. Finally, a clean 1× PBS solution was added and the final
voltage signal was measured. The detection voltage (voltage shift) was
obtained by subtracting the final (t = 20 min) and the initial (t = 0
min) voltage signals at the reference current (1 nA).
For multimarker sensing, the same procedure was used, except that

the four channels in the EG were conjugated with different antibodies.
The initial voltage signal was recorded in a 1× PBS solution, followed
by simultaneous urine incubation at each channel for 20 min, and
then washed three times using a 1× PBS solution. Finally, a clean 1×
PBS solution was added and the final voltage signal was measured.
Statistical Analysis for Multimarker Biosensors. To generate

predictor values for each biomarker panel, custom-built ML software
was developed by Python 3.6.1, with multiple open libraries, including
Scikit Learn, Panda, Numpy, and Matplotlib. RF decision trees and
feedforward neural networks for NN algorithms were used in this
study. RF comprises 80 random decision trees with binary
classifications for cancer and normal cases, with a majority-voted
outcome being collected for all biomarker panels. For NN, a
feedforward neural network with three hidden layers of three nodes
was used. The NN model was implemented using Keras with a
TensorFlow framework. To prevent an overfitting issue, we used the
early stop regularization technique by optimizing hyperparameters.
For both algorithms, a supervised learning method was used, and they
were iteratively trained by randomly assigning 70% of the total data
set. The rest of the blinded test set (30% of total) was then used to
validate the screening performance of the algorithms. The voltage
shifts from the four biomarker sensing channels were input into both
RF and NN algorithms, to evaluate the signal combinations and
generate the predictor value. The predictor value of 0.5 was used as a
threshold (≥0.5 for cancer; <0.5 for normal) for the biomarker panels
in calculating the accuracy. As each urine sample was measured three
times, an average of the predictor values was used to make a final
decision on the PCa screening (averaged standard deviation is less
than 0.042 and 0.066 for RF and NN, respectively). As more
biosensing data are accumulated, the performance of the algorithm
will become even more enhanced, thus further validating its
effectiveness.
Statistical Analysis. Each clinical specimen was tested three

independent times, and the data were expressed as the mean ±
standard deviation, unless otherwise indicated. Statistical comparisons
between two groups were based on unpaired Student’s t tests.
Differences were considered significant at p < 0.05.
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