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Abstract

Purpose—Early detection of prostate cancer (PC) using prostate-specific antigen (PSA) in blood 

reduces PC-death among unscreened men. However, due to modest specificity of PSA at 

commonly used cut-offs, there are urgent needs for additional biomarkers contributing enhanced 

risk classification among men with modestly elevated PSA.

Experimental design—Recombinant antibody microarrays were applied for protein expression 

profiling of 80 plasma samples from routine PSA-measurements, a priori divided into four risk 

groups, based on levels of total and %free PSA.

Results—The results demonstrated that plasma protein profiles could be identified that 

pinpointed PC (a malignant biomarker signature) and most importantly that showed moderate to 

high correlation with biochemically defined PC risk groups. Notably, the data also implied that the 

risk group with mid-range PSA and low %free PSA, a priori known to be heterogeneous, could be 

further stratified into two subgroups, more resembling the lowest and highest risk groups, 

respectively.

Conclusions and clinical relevance—In this pilot study, we have shown that plasma protein 

biomarker signatures, associated with risk groups of PC, could be identified from crude plasma 

samples using affinity proteomics. This approach could in the longer perspective provide novel 

opportunities for improved risk classification of PC patients.
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Introduction

Prostate cancer (PC) is the second leading cause of cancer related deaths in western 

countries [1] and in order to improve the prognosis of PC patients, early and specific 

diagnosis is crucial. The blood-based biomarker prostate specific antigen (PSA) was 

introduced in the clinics in the late 1980’s and is today used as an indicator of risk for PC 

and as one parameter for further testing of patient biopsies [2, 3]. The introduction of PSA 

has resulted in an increased number of early diagnosed PC cases, but the moderate 

specificity of PSA for malignant disease has raised key concerns regarding the cost and 

potential side-effects of unnecessary biopsies as well as the risk of over-diagnosis and over-

treatment [2–4]. In fact, 65–75 % of the men selected for biopsy based on total serum PSA 

levels (tPSA) (≥ 4 ng/ml), do not have PC (www.cancer.org). Hence, in order to improve the 

risk classification enabling clinicians to select adequate patients for biopsy testing, 

additional and/or more specific biomarkers needs to be defined.

In order to improve the specificity when testing for PC, several attempts have been made to 

combine the tPSA value with other parameters, such as PSA change over time (PSA 

velocity), PSA in relation to prostate volume (PSA density), or age specific ranges of PSA 

[2, 3]. However, no or only modest improvements of the diagnostic power of the tPSA assay 

have so far been observed [2]. In contrast, differentiating between tPSA and free (unbound) 

PSA has proven to enhance the assay performance, especially for men with mid-range (4–10 

ng/ml) levels of tPSA. In fact, men having a ratio of free PSA to tPSA (%fPSA) below 18–

25% have shown to be associated with a significantly higher risk of having PC [5–7]. Still, 

25–50% of this particular patient group does not have PC, but they are all selected for 

biopsy testing [7, 8]. Recently, a panel of four kallikrein markers has been indicated as 

potential predictors of biopsy outcome [9, 10], and that the combination of tPSA, free PSA, 

with the free PSA sub-fraction called 2proPSA might also improve diagnostic accuracy [11]. 

Still, there is a significant unmet clinical need for additional, more specific biomarkers that 

could be used to stratify this particular risk group prior to biopsy testing and subsequent 

potential therapy intervention.

Major efforts have also been pursued in order to define additional, novel serum biomarkers 

associated with PC, initially using various classical biochemical technologies. To date, 

human kallikrein 2 [12, 13], urokinase-type plasminogen activator [14], [11] transforming 

growth factor β1 (TGF-β1) [3, 15, 16], and interleukin-6 (IL-6) [16–18] have in particular 

been indicated as potential serum markers. Albeit promising, further validation studies will 

be required to explore and confirm the prognostic capabilities of these markers. [2–4]. 

Moreover, additional potential PC markers have also been indicated using traditional 

proteomic techniques [19, 20], but these observations remains to be validated using 

independent patient cohorts [21]. In addition, serious technical issues have also been raised 

regarding the assay sensitivity, dynamic range, and/or throughput [22]. To this end, affinity 
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proteomics have been established as a high-throughput alternative capable of targeting non-

fractionated proteomes, e.g. plasma and serum, in a multiple, sensitive, and rapid manner 

[23, 24].

In this context, we have previously designed a recombinant single chain Fragment variable 

(scFv) antibody microarray platform for multiplex protein expression profiling of complex 

proteomes in a high-throughput manner [23, 25, 26]. Using this affinity proteomic 

technology platform, we have been able to profile a wide range of crude, directly labeled 

proteomes, including serum, plasma, urine, intact cells, cell lysates, and tissue extracts in a 

rapid, sensitive and reproducible manner [23]. We have demonstrated that the platform 

could be used to identify candidate biomarker signatures for e.g. diagnosis, prognosis, 

classification, and for evidence-based therapy selection [27–30].

In this pilot study, we have investigated whether affinity proteomics could be used to 

validate and even further refine risk group classification targeting plasma samples from 

routine PSA measurements with the patient samples being stratified into four biochemically 

defined risk groups according to one current established clinical practice [31–34]. The data 

showed that we could identify candidate plasma protein signatures that were able to pin-

point PC (“a malignant biomarker signature”) and to stratify patients into current as well as 

new subgroups related to PC risk, which in the long-term has the potential to contribute to 

more individualized treatment of PC.

Material and Methods

Clinical samples

We used de-identified EDTA anti-coagulated blood samples from 80 men aged 50–70 years 

referred for routinely performed PSA testing at the Dept. of Clinical Chemistry, Skåne 

University Hospital, Malmö, Sweden. No clinical information or patient identifiers were 

retained for these samples, and samples were stored at −80°C until use (Table 1). The levels 

of free and tPSA were determined using the routine clinical dual-label DELFIA Prostatus© 

total/free PSA-assay (Perkin-Elmer, Turku, Finland, which is calibrated against the WHO 

96/670 (PSA-WHO) and WHO 68/668 (free PSA-WHO) calibrators. Detectable ranges were 

from 0.10 to 250 ng/ml for tPSA and from 0.04 to 250 ng/ml free PSA. Coefficients of 

variation (CV) was ≤10.6% for tPSA, and ≤7.3% for free PSA. The samples were strictly 

divided into four groups based on the levels of %free and total PSA: A (n=20) had tPSA 

≤0.70 ng/ml; B (n=20) had tPSA of 2.1–8.0 ng/ml with %fPSA ≥27.9%; C (n=20) had tPSA 

of 5.0–10.3 ng/ml with %fPSA ≤12.6%; and D (n=20) had tPSA of 24.6–724 ng/ml. The 

information about %free and tPSA per individual sample was not available after sample 

division. These four groups of de-identified samples reflect highly different categories of 

risk of PC diagnosis or outcome according to current established clinical practice [31–34]. 

In more detail, group A have very low long-term risk of significant PC, group B have 

modestly increased risk of prostate disease but low likelihood of clinically significant PC, 

group C with importantly increased risk of PC, and group D having very high risk of 

clinically significant or advanced stages of PC [31–34]. The procedures followed were in 

accordance with the Helsinki Declaration of 1975.
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Labeling of plasma samples

EDTA anti-coagulated plasma samples were labeled according to a previously optimized 

protocol [25, 26] for serum proteomes with one minor adjustment. In order to prevent the 

plasma samples from coagulating, EDTA was added to a final concentration of 4 mM to the 

PBS buffers used throughout the protocol. Briefly, the samples were centrifuged at 16 000 x 

g for 20 minutes at 4°C, and 5 μl of the samples were then diluted 45 times in 4 mM EDTA 

PBS. Diluted samples were incubated with 0.6 mM EZ-Link Sulfo-NHS-LC-Biotin (Pierce, 

Rockford, IL, USA) for 2 hours on ice, after which unreacted biotin was removed by 

dialysis against 4 mM EDTA-PBS for 72 h at 4°C. Finally, samples were aliquoted and 

stored at −20°C prior to use in microarray experiments.

Production and purification of scFv

One hundred sixty-two human recombinant scFv antibody fragments directed against 62 

different analytes, mainly involved in immunoregulation, were selected from the n-CoDeR 

library [35], and kindly provided by Bioinvent International AB (157 scFv clones; Lund, 

Sweden) and Prof. M. Ohlin (5 Mucine-1 specific clones; Dept. of Immunotechnology, 

Lund University, Lund, Sweden) (Supporting Information Table 1). The specificity, affinity 

(in the 1–10 nM range), and on-chip functionality of these phage-display derived scFv 

antibodies was ensured by using i) stringent phage-display selection protocols [35], ii) 

multiple clones (≤4) per target analyte (directed against different epitopes) and iii) a 

molecular design adapted for microarray applications [23, 24]. In addition, the specificity/

reactivity pattern of several of the antibodies have previously been validated using well-

characterized serum samples, and orthogonal methods, such as ELISA, Meso Scale 

Discovery (MSD), cytometric bead array (CBA) and mass-spectrometry (MS), as well as 

using spiking and blocking experiments (Supporting Information Table 1) [36] and 

references therein. The biotinylation of the sample might result in impaired (masked) 

epitopes, why some of the antibodies might lose their reactivity. By including several 

antibodies directed against the same protein but against different epitopes, this issue can be 

minimized. All scFvs were produced in 100 ml E. coli cultures and purified from expression 

supernatants using affinity chromatography on Ni2+-NTA Agarose (Qiagen, Hilden, 

Germany). Bound molecules were eluted with 250mM Imidazole (Saveen Werner, Malmö, 

Sweden), dialysed against PBS, and then stored at 4°C prior to use in microarray 

experiments. The integrity and purity of the scFvs were evaluated by 10% SDS-PAGE 

(Invitrogen, Carlsbad, CA, USA). The protein concentration was determined by measuring 

the absorbance at 280 nm.

Production and processing of antibody microarrays

Briefly, scFv microarrays were produced using a non-contact dispenser (SciFlexarrayer S11, 

Scienion, Berlin, Germany) and processed according to a set-up previously optimized [25, 

26]. In total, 180 scFvs and controls were arrayed in 8 replicates onto Blank Polymer 

Maxisorp slides (NUNC A/S, Roskilde, Denmark), with one drop (300 pL) in each position, 

at a scFv concentration of 0.05–0.4 mg/ml. The 180 probes were arrayed into three columns, 

each comprising of 60 rows (Fig. 1A). AlexaFlour-647 labeled streptavidin (10 ug/ml) was 

printed as a position control, and printing buffer (PBS) was included as a negative control. 
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After printing, the slides were allowed to dry and blocked in 5% (w/v) fat-free milk (Semper 

AB, Sundbyberg, Sweden) in PBS o/n. The slides were then placed in a Protein Array 

Workstation (Perkin Elmer Life & Analytical Sciences, Wellesley, MA, USA), and all 

incubation steps were performed at 20°C. The slides were first washed for four minutes with 

0.5% (w/v) Tween-20 in PBS (PBS-T). Next, 70 μl of the labeled samples, diluted 1:2 in 1% 

(w/v) fat-free milk powder and 1% (v/v) Tween-20 in PBS (PBS-MT), were injected and 

incubated with agitation for 60 minutes. After a second wash, the arrays where incubated for 

60 minutes with 350 μl of 1 μg/ml Alexa-647 conjugated streptavidin in PBS-MT. After 

washing, the arrays were dried under a stream of nitrogen gas and scanned with a confocal 

microarray scanner (ScanArray Express, Perkin Elmer Life & Analytical Sciences) at 5 μm 

resolution, using five different scanner settings (50% PMT gain and 70% laser power 

(50/70), 70/70, 80/80, 80/90, and 90/90). Signal intensities were quantified using the 

ScanArray Express software version 4.0 (Perkin Elmer Life & Analytical Sciences). The 

local background was subtracted, and to compensate for any possible local defects, the two 

highest and lowest replicates were automatically excluded. Presented signal intensities 

represent the mean value for the remaining four replicate spots. Only unsaturated spots were 

considered for analysis.

Microarray data normalization

Chip-to-chip normalization of the data sets was performed, using a semi-global 

normalization approach [27, 37], similar to the normalization developed for DNA 

microarrays. The coefficient of variation (CV) was first calculated for each analyte and 

ranked. The fifteen percent of the analytes that displayed the lowest CV-values over all 

samples were identified, corresponding to 24 analytes, and used to calculate a chip-to-chip 

normalization factor for each sample. The normalization factor Ni was calculated by the 

formula Ni = Si/μ, where Si is the sum of the signal intensities for the 24 analytes for each 

sample and μ is the sum of the signal intensities for the 24 analytes averaged over all 

samples. Each data set generated from one sample was divided with the normalization factor 

Ni. Log2 values of signal intensities were used for further analyses.

Data analysis

The 80 patient samples were divided into four groups (n = 20) based on values of tPSA and 

%fPSA (Table 1). For the initial classification analysis, each of the four risk groups was 

divided into a training set (n=15) and a test set (n=5). In order to classify the samples, we 

used the support vector machine (SVM), a supervised learning method in R [38]. The 

supervised classification was performed using a linear kernel, and the cost of constraints was 

set to 1, which is the default value in the R function SVM, and no attempt was performed to 

tune it in order to avoid overfitting. The SVM model was trained using the training set (75% 

of the samples) and then frozen, and applied to the test set (25% of the samples). The 

training and test sets were randomly selected. No filtration of the data was performed before 

training the SVM, i.e. data from all antibodies on the array were included in the analysis in 

order to avoid overfitting. Further, a receiver operating characteristics (ROC) curve, was 

constructed using the SVM decision values, and the area under the curve (AUC) was 

calculated. Using unsupervised hierarchical clustering in Cluster and Treeview [39], the C 

group could be divided into two subgroups denoted C1 (n = 10) and C2 (n=10). Due to the 
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smaller sample number, a division into training and test sets was in this case not possible, 

and the SVM was therefore trained using a leave-one-out cross-validation procedure. 

Significantly up- or down-regulated plasma proteins (p < 0.05) were defined based on the 

relative protein levels and identified using Wilcoxon’s signed-rank test. The samples were 

visualized using a principle component analysis (PCA) software program (Qlucore Omics 

Explorer, Lund, Sweden) and/or Cluster and Treeview. PCA involves a mathematical 

procedure that transforms the number of correlated variables (the microarray data based on 

162 antibodies) into 3 uncorrelated variables, so called principle components, enabling the 

data to be visualized in a plot of 3 dimensions. In all heat-maps, the list of differentially 

expressed analytes were made non-redundant, i.e. only one antibody per analyte was 

included. The antibody with the best p-value was included as representative data point. 

Notably, all differentially expressed sets of antibodies (≥ 2 clones) directed against the same 

antigen, showed similar pattern of deregulation, except for only three antibody pairs in one 

comparison (LDL, TNF-β, and MCP-4) (Fig. 2A). In the latter case, the discrepancy is 

indicated by retaining both antibody clones in the heat map. The discrepancy might be 

explained by reasoning that these antibodies, directed against the same protein but different 

epitopes, might recognize different forms of the same protein, i.e. intact protein vs. partly 

degraded protein vs. free protein vs. complexed protein etc.

Validation experiments

In an attempt to validate the antibody microarray results, a human Th1/Th2 10-plex MSD 

(Meso Scale Discovery, Gaithersburg, MD, USA) assay was run on all 80 EDTA-plasma 

samples. Each well of the MSD 96-plate had been pre-functionalized with antibodies against 

IFN-γ, IL-1β, IL-2, IL-4, IL-5, IL-8, IL-10, IL-12p70, IL-13 and TNF-α in spatially distinct 

electrode spots. The assay was run according to the protocol provided by the manufacturer 

and the electrochemiluminiscence-based readout was performed in an MSD SECTOR® 

instrument. The limit of detection was defined as a signal 2.5 times the standard deviation 

over the zero point in the standard curve. It should be noted that only IL-8 and TNF-α were 

above the limit of detection of the MSD assay in a majority of all samples, why only these 

proteins could be used for validation.

Results

In this pilot study, we have performed protein expression profiling of non-fractionated, 

biotinylated EDTA-plasma samples from 80 patients with various risk of having PC, using 

our in-house developed recombinant antibody microarrays. The samples had been a priori 

divided into four risk groups based on tPSA and %fPSA reflecting different categories of 

risk of PC diagnosis or outcome (Table 1).

Evaluation of scFv microarray

A representative microarray image is shown in Figure 1A, demonstrating that homogenous 

spot morphologies, high signal-to-noise ratios, and dynamic signal intensities were obtained. 

All 80 samples were successfully profiled; hence, array data from all 80 samples could be 

used for the subsequent statistical analysis. The intra-assay reproducibility was assessed by 

analyzing the spot-to-spot variation, resulting in an average coefficient of determination (R2) 
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of 0.95 (Fig. 1B). The inter-assay reproducibility, i.e. array-to-array variation, was evaluated 

by analyzing a single sample on independent arrays, resulting in an R2–value of 0.96 (Fig. 

1C).

Classification of risk groups

First, we determined a focused (62 analyte) plasma proteome profile of the four prostate 

cancer risk groups, denoted A – D (Table 1), with group A displaying the lowest risk and 

group D the highest risk. Using Wilcoxon’s signed-rank test, 3 to 44 differentially expressed 

(p < 0.05) plasma analytes were identified, which are shown as a heat map in Figure 2A. 

The data showed that only 3 analytes were differently expressed between the two lowest risk 

groups, A and B. Hence, as could be expected from a clinical point of view, the data implied 

only small differences between the two lowest risk groups. In contrast, 37, 44, and 30 

deregulated analytes were observed for groups A, B, or C versus the highest risk group D, 

indicating on large(r) differences. In more detail, several complement proteins (e.g. C3, C4, 

C1q, Factor B and Properdine) were found to be down-regulated in the high risk group D, 

while the up-regulated analytes displayed a complex pattern of both TH1 (e.g. IL-2, IL-3 

and INF-γ) and TH2 (e.g. IL-4, IL-10) cytokines. It should be noted that we could not 

differentiate whether the observed up- and down-regulated levels of an analyte was because 

of an increased or decreased consumption or an increased or decreased production. Most 

importantly, the biomarker signature differentiating group A (very low PC-risk) versus 

group D (very high risk of clinically significant or advanced stages of PC) could be viewed 

as a malignant biomarker signature pin-pointing PC.

Next, we evaluated the ability of the array platform to classify the four risk groups (A to D), 

based on the observed protein expression profiles. To this end, each patient group was 

divided into a training set (75% of the samples, n=30) and a test set (25% of the samples, 

n=10) (Fig. 2B). Hence, the SVM model was trained on the training set and then applied on 

the independent test set. The results showed that the risk groups could be distinguished with 

different accuracy, with groups B and D displaying an AUC of 0.68, groups A and B an 

AUC of 0.84 (only three analytes were differentially expressed), and groups A and D an 

AUC of 0.72 (Fig. 2C and Supplementary Fig. 1). Thus, the data showed that malignant 

signature could be used to well discriminate group A (very low risk) versus group D (very 

high risk of clinically significant or advanced stages of PC) (cfs. Figs. 2A and 2C). In 

contrast, the C group could not be differentiated from any of the three other risk groups (A, 

B, and D), as illustrated by ROC AUCs of 0.5 in all cases. In this context, it should be noted 

that the C group represents a heterogeneous patient group (mid-range tPSA, low %fPSA) of 

which only 25–50% actually have PC, although all patients are selected for biopsy testing. 

Hence, the known heterogeneity of group C could be argued to represent one plausible 

explanation to why group C could not be differentiated from groups A, B, or D. Further 

stratification of this heterogeneous patient group could thus potentially be a key instrument 

for identifying patients at higher (i.e. more resembling group D) or lower (i.e. more 

resembling groups A and B) risk of developing PC.
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Stratification of risk group C

In order to investigate whether the C risk group could be further stratified, we performed an 

unsupervised hierarchical clustering based on unfiltered data, i.e. using data from all 

antibodies included on the array. The result showed that the C risk group could indeed be 

stratified into two distinct subgroups, denoted C1 (n=10) and C2 (n=10) (Fig. 3A), with a 

ROC AUC value of 0.99 (Supplementary Fig. 2). Similarly, a clear subdivision of the C 

cohort was also observed, using principle component analysis (PCA) (Fig. 3B). Moreover, 

49 significantly differentially (p<0.05) expressed plasma analytes were observed for C1 

versus C2 (Fig. 3C). In more detail, three complement proteins were up-regulated in C1 

(C1q, Factor B and C4), while the remaining differentially expressed proteins were down-

regulated in C1. The latter group of analytes included a number of cytokines (e.g. IL-6 and 

IL-4), complement proteins (e.g. C1-INH and C1s), as well as cell surface proteins (e.g. 

ICAM, HLA-DR, Mucine-1 and CD-40). Taken together, the data showed that the 

heterogeneous risk group C could be stratified into two distinct subgroups, C1 and C2, with 

a large number of deregulated analytes. The known heterogeneity of risk group C (only 25–

50% that actually have PC) could thus be argued to represent one plausible explanation to 

the observed sub-classification.

In an attempt to validate the array data, an independent 10-plex cytokine sandwich antibody 

microarray (MSD) was applied (Figs. 3D and 3E). However, in a majority of all samples, 

only IL-8 and TNF-α of the 10 targeted plasma molecules were above the limit of detection 

of the MSD assay. Still, the observed down-regulation of TNF-α (Fig. 3D) and IL-8 (IL-8) 

(Fig. 3E) in C1 versus C2 could be validated by the MSD data.

Risk classification of subgroups C1 and C2

In order to assess the biological impact of the stratified subdivision of risk group C, the 

protein expression profiles of subgroups C1 (n=10) and C2 (n=10) were compared to those 

of the other three original risk groups, A, B and D (n=20 in each group). In case of C1, the 

results showed that C1 could be well differentiated from risk group D (AUC = 0.82), but not 

from risk groups A and B (AUC = 0.5 in both cases) (Fig. 4A and Supplementary Fig. 3A). 

Furthermore, 47 differentially expressed analytes were observed for C1 versus D, but only 

16 and 15 for C1 versus A and B, respectively (Fig. 4B). In the former case, a pattern of up-

regulated complement proteins (e.g. C1q, C3, and Factor B) and down regulated cytokines 

(e.g. TGF- β1, IL-1ra, IL-6 and MCP-1) and cell surface markers (e.g. ICAM, CD40 and 

LewisX) were observed in C1 versus D.

In contrast, the results showed that C2 could be reasonably well differentiated from both risk 

group A (AUC=0.72) and B (AUC=0.75), but not from risk group D (AUC=0.57) (Fig. 4C 

and Supplementary Figs. 3B to 3D). In this case, 22 and 28 de-regulated analytes were 

observed for C2 versus A and B, respectively, but only 5 for C2 versus D (Fig. 4D). While 

only two down-regulated analytes (C1q and IL-4) were observed in C2 versus A, a pattern 

of numerous up-regulated cytokines (e.g. IL-1ra, MCP-1, and IL-6) and cell surface markers 

(e.g. CD40, LewisX and Sialyl LewisX) were observed in C2 versus both A and B. Taken 

together, the results showed that C1 was more similar to the lowest risk groups A and B, 

while C2 displayed a higher similarity to the highest risk group D. Considering the known 
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heterogeneity of risk group C, it might be argued that the C1 group represented more low 

risk patients and the C2 group higher risk patients.

Finally, to further highlight the biological relevance, we compared the overlap of the 

malignant signature (33 biomarkers) discriminating risk group A (very low risk) versus risk 

group D (very high risk of clinically significant or advanced stages of PC) (Fig. 2A) with the 

expression levels of the corresponding markers of the above signatures (Fig. 4E). The data 

showed that a significant part of the malignant biomarker signature was also differentially 

expressed in the case of C1 (indicated as low risk group) versus C2 (indicated as high risk 

group) (27 of 33 biomarkers) and C1 versus D (high risk) (29 of 33 biomarkers). In contrast, 

the overlap was significant smaller with the signatures differentiating A (low risk) versus C2 

and B (low risk) versus C2. Hence, the data further indicated the biological relevance of the 

malignant biomarker signature pin-pointing PC.

Discussion

Blood plasma is a minimally invasive and clinically well-established sample format that 

would be the ideal source of biomarkers for early detection and risk classification of PC. 

Consequently, it has also been assessed for this purpose in numerous large-scale proteomic 

efforts [19, 20]. However, due to the inherent complexity of plasma samples, with respect to 

number of proteins and dynamic range, it has been argued that classical proteomic analysis 

of non-fractionated samples would be unlikely to be useful for classifying PC [21]. 

Although pre-fractionation reduces the sample complexity, it has in turn been associated 

with serious issues regarding skewed protein yield/recovery, as well as reproducibility and 

sensitivity [22]. In this context, we have recently shown that affinity proteomics, represented 

by recombinant antibody microarrays, could be used to profile high- as well as low-

abundant analytes in crude proteomes [23, 24]. Previously, a single serum marker 

thrombospondin-1 (TSP-1), was shown to be able to differentiate between benign and 

malignant prostatic disease using antibody microarrays [40]. In this pilot study, we have 

used affinity proteomics targeting crude plasma samples in order to decipher the first 

multiplexed candidate plasma protein biomarker signatures associated with risk groups for 

PC. Hence, recombinant antibody microarray-based analysis of PC demonstrated a potential 

route toward defining the next generation of PC-associated biomarkers.

The blood plasma proteome consists of both classical plasma proteins, as well as tissue 

leakage proteins. The intrinsic ability of the human immune system to sense even subtle 

changes in the body’s homeostasis, ranging from a bacterial infection to a growing tumor, 

provides a unique opportunity of using the immune system as a remote and early sensor of 

disease [41, 42]. In fact, immunosignaturing has gained significant interest [43], in particular 

due to recent studies showing immunosurveillance as an important factor in tumor 

development [44]. To this end, we have designed and applied a recombinant antibody 

microarray targeting mainly immunoregulatory analytes [23, 24]. Previously we have 

demonstrated the potential of our array design for cancer diagnosis [27], evidence-based 

therapy selection [28], as well as predicting the risk for breast cancer recurrence [30]. In this 

discovery study, we have extended the range of applications, and indicated its potential use 
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for risk group stratification in PC, clearly differentiating the two lowest versus the highest 

risk groups.

Risk classification of potential PC patients can currently be performed in the clinic, using 

serum PSA assays (tPSA and %fPSA) [45], one of a few models for risk classification [3, 

46, 47]. Although this approach enables detection of many tumors, the low specificity for 

malignant disease results in several patients being subjected to unnecessary biopsy testing 

[3]. This number could be significantly decreased if the clinicians had access to more 

adequate tools for risk classification. In particular, the patient group with mid-range tPSA 

(4–10ng/ml) and low %fPSA is known to be heterogeneous, including a mix of PC and 

benign prostatic hyperplasia [7, 45]. In our attempt to classify the four pre-determined risk 

groups, the results showed in fact that the patient groups with mid-range tPSA and low 

%fPSA (risk group C) could not be differentiated from any of the other three risk groups 

(AUC of 0.5). Hence, our data further supported the current notion of group C being a very 

heterogeneous patient group.

However, our data rather implied that the C group could be divided into two distinct 

subgroups, C1 and C2, which, as anticipated from the current literature [2, 3, 5, 45], more 

resembled the two lowest and the highest original risk groups, respectively. Of note, it has 

so far not been possible to further refine group C based solely on PSA values. When aiming 

for personalized treatment of cancer patients, the ability to stratify heterogeneous patient 

groups into more accurate subgroups of higher and lower risk of having (developing) a 

certain cancer will be instrumental. In the long run, this could provide novel opportunities 

for managing PC cancer patients. However, this discovery study was in part limited by the 

fact that full clinical documentation of the patients included was not at hand. Hence, the 

observed candidate biomarker signatures will be properly validated in follow-up studies, 

targeting larger, independent cohorts of well-characterized patient samples. Notably, the two 

cytokines, IL-8 and TNF-α, that could be detected with the orthogonal method (MSD) used 

for initial validation, supported our discrimination of C1 versus C2.

When examining the candidate biomarker signatures in more detail, novel as well as a 

number of biologically relevant analytes already known to reflect high and low risk of PC 

were observed. Briefly, TGF-β1 has been shown to be associated with PC, e.g. promoting 

cell progression in PC models, higher tumor grade, and metastasis, and has subsequently 

been proposed as a tentative biomarker [3, 4, 48]. Accordingly, we found TGF-β1 to be 

down-regulated in the two lowest risk groups, A and B, versus the highest risk group, D. In 

addition, it was also down-regulated in A and B versus C2 (high risk), C1 (low risk) versus 

D, as well as in C1 versus C2. In the case of IL-6, this cytokine has also been suggested as a 

potential biomarker for PC [3, 4]. Our microarray data showed that IL-6 was down-regulated 

in the various comparisons of the low risk groups (A, B, or C1) versus the high risk groups 

(D or C2), respectively. Furthermore, other cytokines known to be down-regulated in the 

low risk groups, such as IL-1ra and MCP-1 [49, 50], was also found to be down regulated in 

the different comparisons of the low risk groups (A, B or C1) versus the high risk groups (D 

or C2), further supporting our reported observations. In addition, the observation that 

LewisX was down-regulated in the low risk groups was in accordance with previous results, 

indicating LewisX as a prognostic parameter in prostate cancer [51]. It should be noted that 
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these observations also supported the candidate malignant biomarker signature observed to 

pinpoint PC. To date, complement proteins have not been significantly reported in the 

context of PC. Our data showed that different combinations of several complement proteins, 

such as C1q, C3, C4, properdin, and/or C1-INH, were up-regulated in the various low risk 

groups versus the high risk groups, respectively. Although previously not reported in clinical 

studies, C1q has been shown to display a protective role in prostate cancer cell lines [52].

Taken together, we have delineated candidate plasma biomarker signatures associated with 

PC risk groups using affinity proteomics. Although the data will be validated in larger 

prospective studies, targeting independent well-characterized patient cohorts, the results 

indicated that the conventional risk groups, a priori defined based on clinical parameters 

could be stratified, and even further sub-stratified, potentially outlining novel, refined PC 

risk groups. In a longer perspective, this might provide novel opportunities for improved risk 

classification of PC based on a minimally invasive plasma sample (and thus a reduced 

number of biopsies required) and subsequently a more personalized management and 

therapy tailored to reflect the need of each individual PC patient.

Supplementary Material
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tPSA total serum PSA
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Statement of clinical relevance

Prostate cancer (PC) is the most common malignancy and the second leading cause of 

cancer related deaths among men in western countries. Early PC detection using prostate 

specific antigen (PSA) measurements in blood reduces PC-death among unscreened men. 

However, due to modest specificity of PSA at commonly used cut-offs, there are urgent 

needs for additional biomarkers contributing enhanced risk classification among men 

with modestly elevated PSA. In this pilot study, we have identified candidate plasma 

biomarker signatures associated with distinct risk groups of PC patients using affinity 

proteomics. Of note, the data also implied that the risk group with modestly elevated total 

PSA and %free PSA, a priori known to be heterogeneous, could be further stratified into 

two subgroups, each resembling the lowest and highest risk groups, respectively. 

Furthermore, an additional malignant biomarker signature pin-pointing PC was also 

indicated. Once replicated in carefully ascertained clinical cohorts, these results might 

provide novel opportunities for improved risk classification of PC patients based on 

plasma signatures that subsequently contribute personalized management and therapy 

tailored to reflect the need of each individual PC patient.
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Figure 1. 
Evaluation of recombinant scFv antibody microarray. A) Scanned image of a representative 

microarray containing 1440 data points (180 probes including controls x 8 replicates). The 

image was scanned at 80% laser power and 80% PMT-gain. B) Intra-assay reproducibility, 

i.e. spot-to-spot variations. Data based on 162 different antibodies and 8 spot replicates (the 

8 replicates were set into 4 random pairs, i.e. each analyte has 4 corresponding dots in the 

plot). C) Inter-assay reproducibility, i.e. array-to-array variations. Data based on one sample 

analyzed on two independent arrays, each including 162 different antibodies.
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Figure 2. 
Protein expression profiling of patient groups with increased risk of having PC. Four risk 

groups, denoted A (lowest risk) to D (highest risk), were a priori defined based on tPSA and 

%f PSA. A) Significantly differentially expressed analytes (p<0.05) were identified using 

Wilcoxon’s signed-rank test and presented in heat maps; green – down-regulated, red – up-

regulated, and black – equal levels (i.e.. for A vs B, green means down-regulated in A etc). 

B) Each patient cohort was divided into a training set (75% of the samples) and a test set 

(25% of the samples). C) Classification of the patient cohorts A to D using an SVM based 

approach using all 162 antibodies, i.e. unfiltered data. The SVM model was trained on the 

training set and tested on the independent test set, and expressed in terms of ROC AUC 

values.
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Figure 3. 
Stratification of risk group C (mid-range tPSA and low % free PSA). A) Unsupervised 

hierarchical clustering based on all 162 antibodies, i.e. using unfiltered data, resulted in a 

division into two subgroups, denoted C1 (yellow) and C2 (Blue). B) Principle component 

analysis (PCA) based on unfiltered data, confirmed the stratification into subgroups C1 

(yellow) and C2 (blue). C) Significantly differentially expressed analytes (p<0.05) were 

identified using Wilcoxon’s signed-rank test and presented in heat maps; green – down-

regulated in C1, red – up-regulated in C1 and black – equal levels. D–E) Validation of the 

antibody microarray data of selected molecules using a 10-plex cytokine sandwich antibody 

assay (MSD). Data is only shown for those two analytes TNF-α (D) and IL-8 (E), for which 

a majority of the observed signals were above the lower limit of detection for the MSD 

assay. The MSD data is compared with the corresponding microarray data in those cases (C1 

versus C2) where these two analytes were indicated to be differentially expressed.
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Figure 4. 
Protein expression profiling of subgroups C1 and C2 versus the original risk groups A, B, 

and D. The samples were classified using a SVM-LOO cross-validation and ROC AUC-

values were determined. Significantly differentially expressed biomarkers (p<0.05) were 

identified using Wilcoxon’s signed-rank test, and presented in heat maps; red – up-

regulated, green – down-regulated and black – equal levels (i.e. for C1 vs A, green means 

down-regulated in C1 etc). A) SVM-LOO cross-validation of C1 vs. A, B and D, 

respectively. B) Heat map displaying significantly differentially expressed analytes (p<0.05) 

for C1 versus A, B, and D, respectively. C) SVM-LOO cross-validation of C2 vs. A, B, and 

D, respectively. D) Heat map displaying significantly differently expressed analytes (p< 

0.05) for C2 versus A, B, and D respectively. E) Comparison of the malignant signature 

discriminating A versus D with the expression levels of the corresponding markers for C1 

vs. C2, C1 vs. D, A vs. C2, and B vs. C2.

Nordström et al. Page 19

Proteomics Clin Appl. Author manuscript; available in PMC 2015 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

19



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Nordström et al. Page 20

Table 1

Clinical laboratory parameters of patient samples included in the study.

Group Number of samples tPSA (ng/ml) %f PSA (free/total)

A 20 < 0.70 n/aa

B 20 2.1 – 8.0 ≥ 27.9 %

C 20 5 – 10.3 ≥ 12.6 %

D 20 24.6 – 724 n/aa

a
n/a = not applicable
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