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Abstract

Background: There is an urgent clinical need for evidence-based risk stratification modalities because of the increased prevalence 
of haematuria in the aging population. Currently, urothelial cancer (UC) classifiers have insufficient diagnostic accuracy to inform 
clinical decisions. Therefore, there is an urgent need for new tests which can at least stratify and if possible, be diagnostic.

Methods: To study patient characteristics associated with misclassification by UC diagnostic classifiers we analysed data collected 
from 156 patients recruited to a case control study between November 2006 and October 2008. First, we undertook a random for-
est classification based on measurements of 29 protein biomarkers measured in urine, serum and plasma and urinary creatinine, 
osmolality and protein. Second, we used random subsampling to generate 1000 training and test patient datasets and then estimated 
probabilities of correct, incorrect and inconsistent classification for each patient as either control or UC based on their hypergeomet-
ric distribution. Third, we identified clinical variables associated with incorrect classification using Fisher’s exact test. 

Results: One hundred patients were classifiable, 46 non-classifiable and 10 inconsistently classifiable. Common confounders in-
cluded smoking, age, grade, stage, AH medication, dipstick analyses, history of BPE, cytology diagnosis and presence/absence of 
inflammatory cells in cytology. Five patients with newly diagnosed prostate or kidney cancer and seven with “no diagnosis” were 
misclassified as UC. Sixteen ≥ pT2 and 24/47 pTa stage tumours were classifiable; 21 pTa tumours were non-classifiable and two 
were inconsistently classified. 

Conclusion: Patients classified as UC require urgent referral; patients classified as controls > 65 years or smokers should also be re-
ferred because of their risk of early stage UC. Patients classified as controls who were non-smokers and ≤ 65 years were low risk. Our 
novel classification approach could increase understanding about the application of diagnostic classifiers in many complex diseases.
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Introduction
Diagnosis of the underlying cause of haematuria is a significant 

healthcare challenge. Haematuria can indicate the presence of uro-
thelial cancer (UC), but haematuria is also a symptom of a wide 
range of other pathologies including urolithiasis, benign prostate 
enlargement (BPE), renal disease, stone disease and other cancers 
[1,2]. 

Bladder cancer is 3-times more common in males than females. 
However, studies have shown that females are more likely to pres-
ent with more advanced tumours and have a worse prognosis than 
males. Bladder cancer is detected in approximately 10% of patients 
with visible haematuria and 3-5% of those with non-visible haema-
turia who are aged over 40 years [3,4]. Cystoscopy is currently the 
gold standard diagnostic test for patients who present with haema-
turia. Cystoscopy is expensive, invasive, embarrassing and painful 
for patients and must be combined with upper tract radiological 
imaging. Furthermore, cystoscopy is not without risks, namely, in-
fection, bleeding from biopsy area, rupturing of the bladder wall, 
hyponatremia, difficulty urinating, and discomfort. In addition, 
these investigations do not identify the underlying cause of haema-
turia for a significant proportion of patients.

Too many patients are referred to secondary care for cystoscopy 
and many low risk patients could be managed in primary care. A 
reliable high-throughput diagnostic test could reduce healthcare 
costs, improve quality of life for patients and inform clinical deci-
sions. Once validated, the ultimate objective would be that a urine-
based test could replace cystoscopy for low-risk patients. 

Many commercial biomarker tests have been developed for the 
diagnosis of UC including ImmunoCyt [5], BTA TRAK [6], Blad-
derCheck [7], Bladder Tumour Antigen (BTA) Stat [8], Fibrinogen 
Degradation Product (FDP) [9], and Nuclear Matrix Protein 22 
(NMP22) [10]. Recently, a variety of systems approaches have been 
used to screen databases for potential UC biomarkers. Analyses 
following genome-wide screening using large-scale gene expres-
sion [11], sequencing [12], proteomics [13], and metabolomics [14] 
have been reported. However, despite these efforts, no diagnostic 
test has yet achieved the accuracy required for routine application 
in clinical practice. 

Smoking and occupational carcinogen exposure account for ap-
proximately 60% of UC. Other known risk factors include increased 
age, male gender, frequent urinary infections and bladder stones 
[15]. However, the factors which confound diagnostic classifiers for 
UC and the characteristics of the consistently incorrectly classified 

patients have not been systematically investigated. It is important 
that we identify patient characteristics associated with misclassi-
fication because this information could allow meaningful applica-
tion of diagnostic classifiers for risk stratification. 

We describe how we applied our novel supervised patient clas-
sification analysis to distinguish patients who were consistently 
classified correctly as controls or UC from those patients who were 
consistently misclassified. This knowledge enabled us to define/
triage the subpopulation of patients who were at low risk of blad-
der cancer who could potentially be monitored/managed in a 
primary care setting. Biomarker profiles may fail to differentiate 
between all possible causes of haematuria however, it would be a 
huge advancement if benign and malignant causes were differenti-
ated. 

In this case-control study, we investigated urine, plasma and 
serum biomarkers known to be involved in the pathobiology un-
derlying bladder carcinogenesis to identify biomarker combina-
tions that could be used to triage patients into low and high-risk 
categories. Low-risk patients would be managed in primary care 
whereas, high risk patients would be ‘red-flagged’ for further in-
vestigations. 

Methods
Patient data

One hundred and eighty-one patients were recruited to a case-
control study between November 2006 and October 2008 [2]. After 
written informed consent, we collected urine (50 ml), plasma (2 
ml) and serum (2 ml) samples from each patient. The study had 
ethical approval from the Office for Research Ethics Committees 
Northern Ireland (ORECNI 80/04) and hospital review boards and 
was conducted according to STARD guidelines [2]. All studies were 
conducted in accordance with principles defined in the Declaration 
of Helsinki. Study participants gave consent to publish. We adopted 
a case control study design which recruited sufficient numbers of 
urothelial cancers to ensure that the classifier did not generate 
many false positives; and similarly, we recruited sufficient numbers 
of control patients to ensure that the classifier had high sensitivity. 
At the time of recruitment, demographic details including age, gen-
der, smoking and alcohol habits, past exposure to chemicals, medi-
cations and occupations were recorded from each patient [2]. We 
classified each patient’s occupational risk score as low, moderate 
or high [2]. Final diagnosis for each patient was determined ap-
proximately six months after recruitment following review of each 
patient’s notes. For our statistical analyses we excluded 19 patients 
with a history of UC who were disease-free at the time of recruit-
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ment, one with adenocarcinoma, one with squamous cell carcino-
ma, three aged > 85 years, and one with insufficient samples for 
analyses. Sixty-five of the 80 (81%) patients with pathologically 
proven UC and 48/76 (61%) of the controls had visible haematu-
ria. Cytology reports were available for 64 controls and 75 UCs. 

Biomarkers and analyses

Twenty-six protein biomarkers were measured in triplicate in 
urine (u) (n = 21), serum (s) (n = 20) and plasma (p) (n = 19) for 

Biomarker Sensitivity Missing Data References
Bladder Tumor Antigen (BTA) 0·65 U/ml u (0) [1]
Carcinoembryonic Antigen (CEA) 0·29 ng/mL s (0) [2]
Cleaved CK18 M30 (CK18) 0·12 ng/mL u (2) [3]
C-Reactive Protein (CRP) 0·67 ng/mL u (0), s (25), p (21) [4]
d-Dimer 2·10 ng/mL u (0), s (21), p (0) [5]
Epidermal Growth Factor (EGF) 2·90 ng/mL u (2), s (28), p (0) [6]
FAS 5.00 ng/mL u (2) [7]
Hyaluronidase (HA) 25.00 ng/mL u (2) [8]
IL-1α 0·80 pg/mL u (1), s (8), p (0) [9]
IL-1β 1·60 pg/mL u (1), s (8), p (0) [10]
IL-2 4·80 pg/mL u (1), s (8), p (0) [11]
IL-4 6·60 pg/mL u (0), s (30), p (42) [12]
IL-6 1·20 pg/mL u (0), s (8), p (0) [13]
IL-8 7·90 pg/mL u (1), s (47), p (0) [13]
IL-10 1.10 pg/ml s (8), p (0) [13]
Interferon-γ (INFγ) 0.44 pg/ml s (8), p (0) [14]
Monocyte Chemoattractant Protein 1 (MCP-1) 13·20 pg/mL u (1), s (8), p (0) [15]
Matrix Metalloproteinase 9 (MMP-9) 3·03 ng/mL u (1) [16]
MMP-9/NGAL complex N/A u (5), s (2), p (3) [17]
Neutrophil Gelatinase-Associated Lipocalin (NGAL) 17·80 ng/mL u (0), s (21), p (0) [18]
Neuron Specific Enolase (NSE), γ-enolase 0·26 ng/mL u (0), s (21), p (0) [19]
Prostate Specific Antigen (PSA) (free) 0.02 ng/ml s (0) [20]
Prostate Specific Antigen (PSA) (total) 0.45 ng/ml s (0) [20]
Thrombomodulin (TM) 0·50 ng/mL u (0), s (21), p (0) [21,22]
Tumor Necrosis Factor α (TNFα) 4·40 pg/mL u (1), s (8), p (0) [13]
sTNFR1 0.24 ng/ml u (0), s (21), p (0) [23]
sTNFR2 0.20 ng/ml u (1) [23]
Vascular Endothelial Growth Factor (VEGF) 14·60 pg/mL u (1), s (8), p (0) [24]
von Willebrand Factor (vWF) N/A u (8) [25]
Protein N/A u (0) [25]
Creatinine N/A u (0) [25]
Osmolality N/A u (0) [25]

each patient; three additional biomarkers were measured in urine 
as single measures. Creatinine, total protein and osmolality were 
also measured in triplicate in urine from each patient. Scientists 
(MWR and CNR) at Randox Laboratories Ltd, blinded to all patient 
information, analysed the anonymized samples, using biochip ar-
ray technology [16] or ELISAs as previously described [2]. Miss-
ing values were imputed using the median value from the available 
measurements for each individual biomarker (Table 1).
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Table 1: Overview of protein biomarkers and sensitivities: The protein biomarkers were measured in urine (u) (n = 24), plasma (p) (n = 
19) and serum (s) (n = 22). Urinary protein, creatinine and osmolality were also measured. All measurements were in triplicate except 
for urine measurements of FAS, hyaluronidase and von Wille band factor, which were single measures. The missing data column shows 

the number of patients with missing values for u, s and p in parenthesis for each biomarker. Missing values were imputed as the median 
value of the available measurements for each biomarker.



Statistical analyses
Stratified subpopulation classifiers

We hypothesized that a stratified subpopulation with low inter-
patient heterogeneity, concomitant with a low level of confounding 
variables could achieve a UC diagnostic classifier with higher ac-
curacy than a subpopulation with high inter-patient heterogeneity. 

We stratified the 156 patients into subpopulations using vari-
ables which when split into two subpopulations each contained 
> 50 patients. Patients were thus stratified according to each pa-
tient's status with respect to medication for hypertension (AH no/
yes) or cholesterol (AC no/yes), smoking status (non-smoker/
smoker), inflammatory cells in urine cytology (CI) (no/yes), age (≤ 
65/> 65 years), alcohol (no/yes), occupational risk/chemical ex-
posure (no/yes) and protein dipstick (absent/present). For each 
of these 16 subpopulations we conducted an exhaustive search of 
sets of four biomarkers, using a logistic regression classification to 
define diagnostic classifiers [17]. These exhaustive searches meant 
that every possible combination of four biomarkers was assessed. 
We also defined a diagnostic classifier for the 156 patients based 
on sets of seven biomarkers measured in urine, serum or plasma 
using logistic regression. The performance of each classifier was 
assessed using the average AUC measure [18] and standard devia-
tion from the repeated random subsampling analyses. 

Supervised patient classification analysis

For the patient dataset P = P1, ..., Pk with “k” patients and “m” bio-
marker measurements we used a repeated random subsampling 
for the generation of n = 1000 pairs of training and test datasets. 
For each randomly selected training dataset, which comprised 
70% of the 156 patients, a random forest UC diagnostic classifier 
was generated using all the biomarker measurements (Table 1). 
This classifier was subsequently validated using the corresponding 
test dataset (30% of the 156 patients) (Figure 1). The random for-
est classification was performed using the R package random forest 
[19].

For each patient pi we determined the count frequencies that 
they were correctly, incorrectly or inconsistently classified across 
all the test datasets. For each patient we tested two null-hypothe-
ses: (1) that they were not more often correctly classified than ex-
pected by random chance (

� 

H0
1 ); and (2) not more often incorrectly 

classified than expected by random chance (

� 

H0
2). The probability 

to reject the null hypothesis was estimated by the hypergeometric 
distribution:

� 

P(x = a) =

k
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For the n = 1000 random subsampled test datasets each consist-
ing of 30% of the patients (47 patients), a total of N = 47,000 pre-
dictions was performed. For testing

� 

H0
1 , “a” denotes the frequency 

that a patient pi was classified correctly, “k” the total number of cor-
rect classifications for all patients, “m” the frequency a patient pi 
was sampled in “n” test datasets and b = m - a. For testing

� 

H0
2, “a” 

denotes the frequency how often a patient pi was classified falsely, 
“k” the total number of false classifications for all patients. For both 
tests we used a significance level α = 0.05 and applied multiple hy-
pothesis testing adjustments using the false discovery rate (FDR) 
[20]. We designated the subpopulation that rejected 

� 

H0
1  as classi-

fiable, the subpopulation that rejected 

� 

H0
2 as non-classifiable, and 

a subpopulation that rejected neither

� 

H0
2 and 

� 

H0
2 as inconsistent.

We then performed exhaustive searches of sets of five categori-
cal variables to determine UC diagnostic classifiers for classifiable 
and non-classifiable subpopulations as described for the stratified 
subpopulation diagnostic classifiers in section. 
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Figure 1: Implementation of the supervised patient  
classification analysis. 

For each training data set a random forest UC classifier was 
generated using all biomarker measurements (Table 1) and 

subsequently validated using the corresponding test dataset. 
Hypergeometric testing was then used to determine the  

probabilities that each patient was correctly, incorrectly or 
inconsistently classified.



Identification of top ranked biomarkers/variables in diagnos-
tic classifiers 

Because we performed exhaustive searches, we identified mul-
tiple classifiers with a similar accuracy. To identify the top-ranked 
biomarkers or categorical variables following each classification 
analysis, we used an enrichment analysis of the top-ranked diag-
nostic classifiers calculated by the hypergeometric distribution 
(Equation 1).

Confounders of UC diagnostic classifiers

We performed a Fisher's exact test to identify demographic and 
clinicopathological variables with significant heterogeneity across 
the following subpopulations: (A) classifiable and non-classifiable 
control patients; (B) classifiable and non-classifiable UC patients; 

(C) classifiable controls and non-classifiable UC patients and (D) 
classifiable UC and non-classifiable control patients, applying mul-
tiple hypotheses testing adjustments using the FDR as appropriate 
[20]. Variables with significant heterogeneity were designated as 
confounders of the classifiers.

Results
UC diagnostic classifiers for stratified patient subpopulations

The classifier for the non-smoker subpopulation significantly 
outperformed the classification performance of all other subpopu-
lations achieving AUC > 0.95 (SD = 0.10). Other stratified subpop-
ulations that achieved AUC > 0.86 were occupational risk +/- ex-
posure to chemicals, age ≤ 65 years and no occupational risk or 
chemical exposure subpopulations (Table 2). 

Population Set Biomarker TP FP FN TN AUC

Non-smoker 1 s-CEA, u-EGF, p-IL-8, u-CK18 1·84 
(0·37)

0·08 
(0·28)

0·16 
(0·37)

2·92 
(0·28)

0·95 
(0·10)

Non-smoker 2 s-CEA, p-IL-8, s-NGAL, s-TM 1·76 
(0·44)

0·04 
(0·20)

0·24 
(0·44)

2·96 
(0·20)

0·93 
(0·11)

Non-smoker 3 s-CEA, p-IL-8, s-NGAL, p-NSE 1·84 
(0·37)

0·20 
(0·41)

0·16 
(0·37)

2·80 
(0·41)

0·93 
(0·12)

AC yes 1 s-MCP-1, p-MCP-1, s-NGAL, p-NGAL 2·56 
(0·65)

0·12 
(0·33)

0·44 
(0·65)

1·88 
(0·33)

0·90 
(0·14)

AC yes 2 u-CRP, s-IL-2, s-NGAL, p-NGAL 2·64 
(0·49)

0·20 
(0·50)

0·36 
(0·49)

1·80 
(0·50)

0·89 
(0·16)

AC yes 3 u-Creat, s-NGAL, p-NGAL, p-VEGF 2·80 
(0·41)

0·36 
(0·57)

0·20 
(0·41)

1·64 
(0·57)

0·88 
(0·16)

OCC yes 1 u-protein, p-IL-1α, s-IL-8, p-TM, u-vWF 3·48 
(0·59)

0·24 
(0·44)

0·52 
(0·59)

2·76 
(0·44)

0·90 
(0·11)

OCC yes 2 u-BTA, s-d-Dimer, u-IL-4, s-IL-8, u-VEGF 3·60 
(0·65)

0·36 
(0·49)

0·40 
(0·65)

2·64 
(0·49)

0·89 
(0·09)

OCC yes 3 u-IL-1α, u-IL-4, s-IL-8, s-TNFa, u-vWF 3·44 
(0·71)

0·24 
(0·44)

0·56 
(0·71)

2·76 
(0·44)

0·89 
(0·10)

age<=65 1 s-CEA, u-EGF, s-IL-1α, u-VEGF 2·48 
(0·65)

0·28 
(0·46)

0·52 
(0·65)

4·72 
(0·46)

0·89 
(0·12)

age<=65 2 s-CEA, u-CRP, s-IL-1α, u-VEGF 2·40 
(0·87)

0·28 
(0·46)

0·60 
(0·87)

4·72 
(0·46)

0·87 
(0·14)

age<=65 3 s-CEA, s-IL-1α, p-IFNγ, u-VEGF 2·32 
(0·85)

0·16 
(0·37)

0·68 
(0·85)

4·84 
(0·37)

0·87 
(0·14)

CI no 1 s-CEA, p-IL-8, s-TNFα, u-FAS 1·68 
(0·56)

0·44 
(0·65)

0·32 
(0·56)

3·56 
(0·65)

0·86 
(0·17)

CI no 2 u-EGF, s-EGF, s-FPSA, s-IL-4
1·68 

(0·63)
0·56 

(0·82)
0·32 

(0·63)
3·44 

(0·82)
0·85 

(0·15)

CI no 3 u-EGF, u-CRP, u-IL-4, u-NSE
1·52 

(0·65)
0·24 

(0·52)
0·48 

(0·65)
3·76 

(0·52)
0·85 

(0·18)

OCC no 1 u-BTA, s-CEA, s-CRP, p-CRP, u-CK18 3·28 
(0·79)

0·40 
(0·65)

0·72 
(0·79)

3·60 
(0·65)

0·86 
(0·14)
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OCC no 2 s-d-Dimer, p-IL-4, p-IL-10, s-MMP-9/NGAL, 
u-sTNFR1

3·60 
(0·50)

0·72 
(0·74)

0·40 
(0·50)

3·28 
(0·74)

0·86 
(0·12)

OCC no 3 u-BTA, s-CEA, s-d-Dimer, s-IFNγ, s-TM 3·24 
(0·66)

0·40 
(0·65)

0·76 
(0·66)

3·60 
(0·65)

0·86 
(0·10)

AC no 1 s-CEA, u-EGF, u-HA, u-CK18 4·28 
(0·74)

0·84 
(0·94)

0·72 
(0·74)

5·16 
(0·94)

0·86 
(0·12)

AC no 2 s-CEA, u-EGF, u-IL-8, u-CK18 4·20 
(0·76)

0·80 
(0·87)

0·80 
(0·76)

5·20 
(0·87)

0·85 
(0·11)

AC no 3 s-CEA, u-EGF, p-IL-6, u-MMP-9/NGAL 4·04 
(0·89)

0·68 
(0·90)

0·96 
(0·89)

5·32 
(0·90)

0·85 
(0·11)

AH no 1 s-CEA, u-CRP, u-NSE, s-TNFα 2·32 
(0·69)

0·32 
(0·56)

0·68 
(0·69)

4·68 
(0·56)

0·85 
(0·13)

AH no 2 s-CEA, u-CRP, s-IL-4, u-sTNFR1 2·32 
(0·69)

0·64 
(0·70)

0·68 
(0·69)

4·36 
(0·70)

0·82 
(0·12)

AH no 3 u-Creat, s-IL-6, p-MMP-9/NGAL, u-VEGF 2.00 
(0·87)

0·12 
(0·33)

1.00 
(0·87)

4·88 
(0·33)

0·82 
(0·14)

Protein yes 1 s-CEA, p-CRP, u-IL-8, p-TNFα 4·80 
(0·41)

0·56 
(0·58)

0·20 
(0·41)

1·44 
(0·58)

0·84 
(0·15)

Protein yes 2 u-EGF, u-IL-1β, s-IL-6, u-vWF 4·44 
(0·71)

0·44 
(0·51)

0·56 
(0·71)

1·56 
(0·51)

0·83 
(0·14)

Protein yes 3 s-CEA, p-IL-1α, u-NSE, s-NSE 4·68 
(0·56)

0·56 
(0·51)

0·32 
(0·56)

1·44 
(0·51)

0·83 
(0·13)

Alcohol no 1 s-MMP-9, s-sTNFR1, s-TNFα, u-VEGF 3·44 
(0·71)

0·56 
(0·58)

0·56 
(0·71)

2·44 
(0·58)

0·84 
(0·13)

Alcohol no 2 s-CEA, u-EGF, s-IL-10, s-NGAL 3·36 
(0·64)

0·52 
(0·59)

0·64 
(0·64)

2·48 
(0·59)

0·83 
(0·15)

Alcohol no 3 u-IL-6, p-MMP-9/NGAL, u-VEGF, u-CK18 3·52 
(0·51)

0·64 
(0·76)

0·48 
(0·51)

2·36 
(0·76)

0·83 
(0·14)

Alcohol yes 1 u-EGF, u-IL-1β, p-MMP-9/NGAL, u-vWF 3·48 
(0·82)

1·08 
(0·95)

0·52 
(0·82)

3·92 
(0·95)

0·83 
(0·11)

Alcohol yes 2 s-CEA, u-EGF, u-vWF, u-CK18 3·16 
(1·03)

0·72 
(0·61)

0·84 
(1·03)

4·28 
(0·61)

0·82 
(0·13)

Alcohol yes 3 s-CEA, u-EGF, p-NSE, u-vWF 3·28 
(0·74)

0·92 
(0·95)

0·72 
(0·74)

4·08 
(0·95)

0·82 
(0·13)

Protein no 1 u-BTA, u-NGAL, s-NGAL, u-TNFα 2·12 
(0·67)

0·32 
(0·56)

0·88 
(0·67)

4·68 
(0·56)

0·82 
(0·11)

Protein no 2 u-d-Dimer, u-CRP, u-NGAL, s-TNFα
2·24 

(0·78)
0·60 

(0·87)
0·76 

(0·78)
4·40 

(0·87)
0·81 

(0·14)

Protein no 3 s-CEA, u-CRP, p-MMP-9/NGAL, u-NGAL 2·28 
(0·74)

0·76 
(0·72)

0·72 
(0·74)

4·24 
(0·72)

0·80 
(0·14)

Age>65 1 s-IL-2, s-MMP-9/NGAL, s-NGAL, p-sTNFR1 4·40 
(0·87)

0·72 
(0·68)

0·60 
(0·87)

2·28 
(0·68)

0·82 
(0·16)

Age>65 2 u-MMP-9/NGAL, s-NGAL, p-NGAL, u-vWF 4·32 
(0·75)

0·72 
(0·79)

0·68 
(0·75)

2·28 
(0·79)

0·81 
(0·15)

Age>65 3 s-CEA, s-d-Dimer, p-d-Dimer, s-IFNγ 4·40 
(0·82)

0·80 
(0·76)

0·60 
(0·82)

2·20 
(0·76)

0·81 
(0·15)

AH yes 1 u-EGF, u-IL-1α, s-IL-10, u-vWF 4·88 
(0·33)

0·68 
(0·63)

0·12 
(0·33)

1·32 
(0·63)

0·82 
(0·16)
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AH yes 2 u-EGF, p-IL-10, u-VEGF, u-vWF 4·84 
(0·37)

0·68 
(0·69)

0·16 
(0·37)

1·32 
(0·69)

0·81 
(0·17)

AH yes 3 s-sTNFR1, p-sTNFR1, s-TNFα, u-vWF 4·40 
(0·65)

0·52 
(0·65)

0·60 
(0·65)

1·48 
(0·65)

0·81 
(0·19)

CI yes 1 u-BTA, s-CEA, p-IL-10, u-CK18 4·72 
(0·46)

1.00 
(0·76)

0·28 
(0·46)

2.00 
(0·76)

0·81 
(0·13)

CI yes 2 u-BTA, p-IL-6, s-NSE, p-NSE 4·72 
(0·46)

1·04 
(0·84)

0·28 
(0·46)

1·96 
(0·84)

0·80 
(0·15)

CI yes 3 u-protein, u-BTA, p-IL-6, s-NGAL 4·44 
(0·82)

0·92 
(0·57)

0·56 
(0·82)

2·08 
(0·57)

0·79 
(0·13)

Smoker 1 u-EGF, u-IL-6, u-VEGF, u-CK18 5·52 
(0·65)

1·32 
(0·75)

0·48 
(0·65)

2·68 
(0·75)

0·80 
(0·10)

Smoker 2 u-EGF, s-IL-8, u-vWF, u-FAS 5·40 
(0·76)

1·28 
(0·98)

0·60 
(0·76)

2·72 
(0·98)

0·79 
(0·13)

Smoker 3 u-EGF, u-IL-1α, p-MMP-9/NGAL, u-vWF 5·44 
(0·65)

1·44 
(0·92)

0·56 
(0·65)

2·56 
(0·92)

0·77 
(0·13)

Table 2: UC diagnostic classifiers for stratified subpopulations: Patients were stratified into stratified subpopulations when variables 
contained > 50 patients in each subpopulation. Patients were split according to smoking, anti-cholesterol (AC) medication, occupational 

risk or chemical exposure (OCC), age, cytology with inflammatory cells (CI), anti-hypertensive (AH) medication, dip stick protein and 
alcohol. The diagnostic classifiers with the three highest AUCs are shown.

CEA acted as a “hub” protein biomarker with 11 links to strati-
fied subpopulations. The five subpopulations not linked with CEA 
were smoking, occupational risk, AH medication (yes), AC medica-
tion (yes) and protein (no) (Figure 2).

Supervised classification analyses 

One hundred of the 156 (64%) patients were consistently cor-
rectly classified (controls (n = 46), UC (n = 54)); 46/156 (30%) 
were consistently non-classifiable (controls (n = 23), UC (n = 23)); 
and 10/156 (6%) were inconsistently classified (controls (n = 7), 
UC (n = 3)). 

Figure 2: UC diagnostic classifiers for stratified patient  
subpopulations.

We performed an exhaustive search to identify sets of four 
biomarkers that accurately classified stratified patient subpopu-

lations. A) Boxplots illustrating the medians and interquartile 
range of the 10 top-ranked UC diagnostic classifiers for each 

stratified patient subpopulation. B) The number of UCs and con-
trol patients in each patient subpopulation. C) A map illustrating 

the links between the enriched biomarkers and the stratified 
patient subpopulations. Yellow circles (urine biomarkers); pink 
(serum biomarkers); green (plasma biomarkers). AC, anti-cho-

lesterol; CI, cytology inflammation; AH, anti-hypertensives.
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Confounders of UC diagnostic classifiers

The confounders of UC diagnostic classifiers were smoking; age; 
low grade/stage UC; AH medication; dipstick analyses for white 
blood cells, protein and blood; history of BPE; cytology reports (no 
evidence of malignancy, atypia, suspicious or malignant cells) and 
inflammatory cells in cytology preparations (absent or present) 
(Figure 3). Non-classifiable control patients were more likely to be 
dipstick positive for white blood cells, to have inflammatory cells 
in their urine, to have abnormal cytology and to be dip-stick posi-

tive for blood when compared to the classifiable control patients 
(Figure 3A). Non-classifiable UC patients were more likely to be 
dipstick negative or “+” dipstick blood, to be negative for dipstick 
protein and to have low stage UC when compared to the classifiable 
UC patients (Figure 3B). Non-classifiable UC patients were more 
likely to be smokers, > 65 years and to be taking anti-hypertensives 
(AH) when compared to classifiable controls (Figure 3C). There 
was no significant heterogeneity when the classifiable UC and non-
classifiable control patients were compared. 

Figure 3: Confounding factors for UC diagnostic classifiers.
We performed Fisher's exact test to identify confounding variables, i.e., variables with significant heterogeneity across classifiable 
and non-classifiable patient groupings. In this figure the inconsistently classified patients (n = 10) are included with the non-clas-

sifiable patients (n = 46). Significant heterogeneity is illustrated using the pie charts which demonstrate the numbers of patients in 
each category within each relevant subpopulation. Control patients misclassified as UC more frequently were dipstick positive for 

white blood cells (wbc) (p = 0.002), had cytology inflammation (CI) (p = 0.017), abnormal cytology (p = 0.019); visible haematuria (p 
= 0.019), proteinuria (p = 0.019), were > 65 years old (p = 0.028), with high risk final diagnoses (p = 0.028) and frequently a history 
of benign prostate enlargement (bpehx) (p = 0.036) than classifiable controls (A). Conversely, UC patients misclassified as controls 

tended to have less severe haematuria (p < 0.001), to have proteinuria (p = 0.002), non-muscle invasive tumours (p = 0.004), pTa UC 
(p = 0.005), to have no evidence of malignancy in cytology preparations (p = 0.009), to be lower grade UC (p = 0.017), and to have an 
absence of inflammatory cells in cytology preparations (CI) (p = 0.017) than classifiable controls (B). When classifiable controls were 
compared with non-classifiable UC patients, non-classifiable UC patients had greater proportions of patients who had smoked for > 
10 years (p = 0.001); greater proportions of patients taking AH medication (p = 0.001); greater proportions of patients taking beta 

blockers (p = 0.004) and greater proportions of patients who were smokers (p = 0.019) (C). Variables in A, B and C are illustrated in 
decreasing order of significance from left to right. P-values were adjusted by false discovery rate (FDR); α < 0.05. wbc dipstick white 
blood cells; CI cytology inflammation; bpehx history of benign prostate enlargement; AH anti-hypertensive medication; betabl beta 

blocker medication.
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Diagnostic classifiers

The diagnostic classifier which achieved the highest AUC in-
cluded s-CEA, u-Epidermal growth factor (EGF), s-IL-1α, u-matrix 
metallo-proteinase-9, and u-vascular endothelial growth factor 
(VEGF) (AUC = 0.83; SD =0.09). The enriched biomarkers were s-
CEA, u-EGF, u-IL-8, u-VEGF, u-von Willebrand factor, u-cytokeratin 
18 and u-bladder tumour antigen. 

Interestingly, age, smoking and anti-hypertensive medication 
were the top-ranked contributors to the most accurate diagnos-
tic classifiers for the subpopulation of patients classified as con-
trols (Table 3A and 3B). We extrapolated that the latter variables 
therefore significantly contributed to the discrimination of the 
misclassified UC from the classifiable controls. Twenty-two of the 
23 non-classifiable UC patients were either smokers or > 65 years 
(Figure 3). The remaining non-classifiable patient with pTa disease 
also had stone disease which may have further confounded their 
classification. Of the 46 patients correctly classified as controls, 5 
were >65 years and smokers, 17 were smokers < 65 years, 11 were 
non-smokers aged > 65 years and 18 were non-smokers aged < 65 
years. The remaining 18 patients who were classified as controls 
that did not smoke and were aged ≤ 65 years. These patients had 
low risk diagnoses; no diagnosis (n = 12), renal trauma (n = 1), 
stones (n = 3), urinary tract infection (n = 1), BPE and stone (n = 

1). In contrast, history of BPE and age frequently contributed to the 
diagnostic classifier for the subpopulation classified as UC (Table 
3A and 3B). The latter variables discriminated the misclassified 
controls from the classifiable UCs.

Discussion and Conclusion
Based on our findings using our biomarker set, patients classi-

fied as UC will be predominately high grade/stage UCs or controls 
(CTL), a proportion of whom may have serious diagnoses. For ex-
ample, five newly diagnosed cancers other than UC were classified 
as UC (Figure 3). Therefore, all patients classified as UC should be 
“red flagged” for urgent referral to urology. Patients classified as 
controls included 21 with pTa tumours, one with a pT1 tumour 
and one who had carcinoma in situ. Based on our finding that age 
and smoking were the top ranked variables which contributed to 
the UC diagnostic classifiers for patients classified as controls, we 
extrapolated that patients who smoked and were aged > 65 years 
should be referred to urology. Twenty-two of the 23 patients with 
transitional cell carcinoma of the bladder (TCCB) who were clas-
sified as controls, were either smokers or aged > 65 years. The 18 
patients classified as controls who did not smoke and were aged 
≤ 65 years were low risk and could be monitored in primary care.

A) Variable TP FP FN TN AUC

1 Age, smokeyear, stonehx, alphabl, 
betabl 2·52 (0·59) 0·52 (0·71) 0·48 (0·59) 4·48 (0·71) 0·87 (0·15)

2 Age, smoking, alphabl, antichol, 
antidepr 2·52 (0·59) 0·72 (0·89) 0·48 (0·59) 4·28 (0·89) 0·85 (0·13)

3 Age, smoking, alphabl, antidepr, 
stixprot 2·32 (0·8) 0·4 (0·58) 0·68 (0·8) 4·6 (0·58) 0·85 (0·14)

4 Alcunit, cachanbl, antihypeb, 
prostred, stixnit 2·44 (0·77) 0·6 (0·87) 0·56 (0·77) 4·4 (0·87) 0·85 (0·15)

5 Age, smoking, cachanbl, antihype, 
antidepr 2·4 (0·87) 0·56 (0·71) 0·6 (0·87) 4·44 (0·71) 0·84 (0·12)

B) Variable Count p-value (Bonferroni)
Age 56 9·16e-18
Smoking 55 3·92e-17
Antihypeb 35 3·62e-6
Alphabl 27 0·006623
Antidepr 27 0·006623
Alcunit 25 0·03201

Table 3: UC diagnostic classifiers based on categorical variables for the control classified patients.
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A) Biomarker TP FP FN TN AUC

1 Age, smokeday, bpehx, diuretic, 
antihype 4·56 (0·58) 0·96 (0·89) 0·44 (0·58) 2·04 (0·89) 0·80 (0·14)

2 Age, smokeday, bpehx, malignhx, 
antihypeb 4·60 (0·58) 1·04 (0·68) 0·4 (0·58) 1·96 (0·68) 0·79 (0·10)

3 Age, smokeday, bpehx, diuretic, 
antiinfla 4·60 (0·50) 1·04 (0·98) 0·4 (0·50) 1·96 (0·98) 0·79 (0·18)

4 Age, occurisk, bpehx, prostred, 
anxilyti 4·60 (0·76) 1·04 (0·79) 0·4 (0·76) 1·96 (0·79) 0·79 (0·13)

5 Age, bpehx, alphabl, antihypeb, 
stixblood 4·60 (0·58) 1·04 (0·79) 0·4 (0·58) 1·96 (0·79) 0·79 (0·16)

B) Variable Count p-value (Bonferroni)
Bpehx 93 1.26e-47
Age 91 6.21e-46
Diuretic 51 5.35e-16
Antihypeb 24 0.02351

Table 4: UC diagnostic classifiers based on categorical variables for the UC classified patients.

Figure 4: Haematuria patient risk stratification schema. 
Patients with haematuria could be classified into urothelial cancers (UC) or controls (CTL) using a biochip formatted with the 

antibodies against the proteins of a UC diagnostic classifier for all patients. Based on our findings, patients classified as UC will be 
predominately high grade/stage UCs or controls (CTL), a proportion of whom may have serious diagnoses. Therefore, all patients 

classified as UC should be “red flagged” for urgent referral to urology. Patients classified as controls included 21 with pTa tumours, 
one with a pT1 tumour and one who had carcinoma in situ. Twenty-two of these 23 patients with transitional cell carcinoma of the 

bladder (TCCB) were either smokers or aged > 65 years. In this scenario, if the control classified patients who smoked and were aged 
> 65 years were referred to urology, all but one UC patient would have been referred to urology. This decision is supported by our 

finding that age and smoking were the top ranked variables which contributed to the UC diagnostic classifiers for patients classified 
as controls. The 18 patients classified as controls who did not smoke and were aged ≤ 65 years were low risk and could be monitored 

in primary care.



The poor classification performances of the smoking and >65 
years subpopulations (Table 2) together with our finding that 
patients with haematuria who smoke or are older than 65 years 
can be misclassified as controls strongly suggest smoking and 
increased age confound UC diagnostic classifiers. Application of 
these findings could significantly enhance stratification of patients 
presenting with haematuria (Figure 4).

We have described the impact of heterogeneity on the accuracy 
of diagnostic classifiers for UC. Although the biomarkers and pa-
tients are specific to our study, our novel approach and analyses 
could be applied to identify confounding factors for diagnostic clas-
sifiers in other complex diseases. 

In this study, contrary to commonly applied heuristic approach-
es, we applied an exhaustive search of all biomarker measurements 
(Table 1), meaning that every possible combination of biomarkers 
was assessed, in comparison to a feature selection method that 
searches only a subspace thereof. The diagnostic UC classifier is not 
a unique entity, as demonstrated by the biomarker exchanges ob-
served across multiple biomarker sets with similar accuracy (Table 
2-4).

Urine biomarkers were omnipresent in the best performing 
diagnostic classifiers suggesting that tumour or urothelial cell se-
cretions into urine [21] reflect the status of the urothelium, both 
in the absence and/or presence of UC, in a way that captures the 
complexities of the disease status of individual patients. 

The best classification performances across stratified sub-
populations were achieved for the subpopulation composed of 
non-smokers. The smoking subpopulation achieved the lowest 
classification performance (Figure 2). These findings suggest that 
non-smokers were the most homogeneous subpopulation and 
again corroborate that smoking is a significant confounder of UC 
diagnostic classifiers for haematuria patients based on protein bio-
markers. 

s-CEA acts as a biomarker for both smoking [22] and cancer 
[23]. Historically, studies investigating UC diagnostic classifiers 
have not reported CEA as a useful biomarker [24] Our contradic-
tory findings could be explained by the increased sensitivity for 
CEA (0.29 µg/L), achieved using biochip array technology [16]. A 
major strength of our study is the accuracy of the biomarker mea-
surements which were carried out by Randox personnel in Randox 
Laboratories Ltd. in adherence with quality control procedures. 

We were able to identify the confounders associated with the 
failure of UC diagnostic classifiers in haematuria patients (Figure 

3) based on the extensive linked dataset, which is not always avail-
able in diagnostic classifier studies. We hypothesize that there is 
a proportion of irreconcilable non-classifiable patients who are 
probably associated with diverse minority subpopulations. In a 
larger study this could be clarified. Some misclassified “control” 
patients may have had unidentified UC. Seven of the 36 patients 
with a final diagnosis “no diagnosis” were non-classifiable or in-
consistently classified (Figure 4). Undetected UC is now an accept-
ed challenge [25], but because we do not yet know the proportion 
of anticipatory controls, it is not possible to introduce methodolo-
gies to adjust for their existence when we are measuring the ac-
curacy of diagnostic classifiers [26]. This highlights an important 
limitation to defining accurate diagnostic classifiers; their depen-
dency on the accuracy of clinical final diagnoses which may only be 
accurate after several years follow-up.

We have conducted the first systematic investigation of the 
pathologies and patient characteristics underlying the failure of 
diagnostic classifiers for patients with haematuria. Our novel ap-
proach could be applied in future studies to identify and character-
ise patients who are misclassified by classifiers. This will not only 
increase our understanding of the underlying reasons why classi-
fiers fail but will also highlight patient groups who are not suitable 
for stratification using classifiers. 

Supplementary Data
We implemented a supervised patient classification analysis. 

This approach allowed us to estimate the probability for each of the 
156 patients to be classified correctly, incorrectly or inconsistently 
as UC. The method was based on a repeated random sub-sampling, 
within which we generated 1000 pairs of datasets each consisting 
of 70% patients (n = 109) for the training dataset and 30% of pa-
tients (n = 47) for the test dataset. In the first step of each itera-
tion a UC diagnostic classifier, considering all biomarker measure-
ments (Table 2), was generated from the training dataset using the 
random forest implementation that is available from the random 
forest R package. In the second step the patients in the correspond-
ing test dataset (n = 47) were classified using their complimentary 
random forest UC diagnostic classifier.

Heat map of biomarker levels measured in urine, serum and 
plasma. Classifiable bladder cancers (red) e.g. protein in urine, BTA 
in urine, VEGF in urine, NGAL serum, CEA serum, and CRP serum.
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