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INTRODUCTION

The diagnosis and prognostication for Prostate cancer (PCa) remains challenging in this relatively common cancer. Diagnosis can involve a number of clinicopathological indicators, including Gleason score and prostate-specific antigen (PSA) for example. PSA which is the most common
of the few blood-based protein biomarkers currently available in clinical practice, however, PSA by itself is not accurate especially since there is no reliable PSA range that explicitly signifies the presence of PCa. Studies on potential biomarkers and measurable signatures for the disease
thus remain a key area of translational research. Appropriate assay accuracy, precision and sensitivity still need to be attained. Combining multiple levels of molecular information has the potential to improve biomarker panels and help gain a better understanding into the biology
underpinning the disease. Within this study, we used a combination of lipid and protein measurements to identify biomarkers that are more beneficial in detecting the disease status of men who are most likely to develop PCa. Data from newly diagnosed PCa patients at various stages of
the disease, as well as age-matched controls, were used to generate proteomic and lipidomic profiles. Serum samples were collected from newly diagnosed prostate cancer patients and their age matched healthy individuals. Healthy control (n=126) samples satisfied both a normal digital
rectal examination (DRE) and prostate-specific antigen (PSA) levels below 1 ng/mL (<1ng/mL). The inclusion criteria for newly diagnosed prostate cancer patients (n=205) were an abnormal prostate on DRE, symptomatic presentation with high PSA levels and abnormal biopsy; or
alternatively, a diagnosis made solely on a steep rise in PSA associated with urinary symptoms. We identified signatures for mild and advanced staged PCa, providing AUC values of 0.955 and 0.966, respectively. Combining lipidomic and proteomic data, provided a striking separation
between cancer and non-cancer samples. Importantly, we found that based on the top five biomarkers (i.e., combination of lipids and proteins) provided cumulative AUCs of 0.940 and 0.955 for mild and advanced staged PCa, respectively, suggesting a clear path for translation into

clinically meaningful tools.

HIGHLIGHTS

« Combined proteomic and lipidomic biomarker signatures to potential improve the accuracy of differentiating
between healthy controls and mild/advanced stages of prostate cancer (PCa). AUCs of 0.955 and 0.966 were
determined for mild and advanced PCa respectively.

o Pathway analysis highlighted a number of pathways exclusively associated with mild/advanced PCa. Acute
phase response signalling is one example pathway which was identified for both stages of PCa investigated.

« The LipidQuan™ platform and label-free (UDMSF)' proteomic workflows generated a comprehensive list of
candidate biomarkers that not only allowed PCa stages to be differentiated but also provided deep biological
insight of the mechanisms which underpin PCa.

RESULTS & CONCLUSIONS

Following data processing and z-score transofrmation on the combined proteomic and lipidomic datasets, Random Forest/Boruta were performed prior to training and cross validation of the model. A total of 1115 features (combination of proteins & lipids) were used for the random forest classification. The
output of the machine learning models applied to these data are summarised below for mild PCa vs. healthy controls (Figure 3) and advanced PCa vs. healthy controls (Figure 4). In both cases, a variety of proteins and lipids were identified as being discriminating features for categorising patients with
either mild or advanced PCa. Enirchment and network analysis was also conducted on the features identified via Boruta/Random Forest for both PCa groups (Figure 5). In order to minismise errors in the models constructed, cross testing was performed. The percentage distribution of missingness across
all samples in the lipidomic and proteomic data, indicated very low levels of missigness (Figure 6). Finally, Receiver operating characterising (ROC) curves were generated to highlight the discriminating power based on the significant features identified in both the mild and advanced PCa groups (Figure 7).
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