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39 patients with PanNET, 135 with SI-NET (World Health Organization Grade 1-2) and
144 controls. Exclusion criteria were other malignant diseases, chronic inflammatory dis-
eases, reduced kidney or liver function. Prosed Oncology-Il (i.e., OLink) was used to
measure 92 cancer related plasma proteins. Chromogranin A was analyzed separately.
Median age in all groups was 65-67 years and with a similar sex distribution (females:
PanNET, 51%; SI-NET, 42%; controls, 42%). Tumor grade (G1/G2): PanNET, 39/61%;
SI-NET, 46/54%. Patients with liver metastases: PanNET, 78%; SI-NET, 63%. The classi-

fication model of PanNET versus controls provided a sensitivity (SEN) of 0.84, specificity
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1 | INTRODUCTION

Pancreatic neuroendocrine tumors (PanNET) are rare with an inci-
dence of 0.25-0.8 cases per 100,000 inhabitants, and the incidence is
rising.> A minority of these tumors produce hormones such as insulin,
glucagon and gastrin that give rise to specific clinical symptoms and
are classified as functional tumors. Patients often have incurable met-
astatic disease at diagnosis.?

Commonly used blood-based biomarkers for NET are chromogra-
nin A (CgA) and 5-hydroxyindolicacetic acid (5-HIAA). According to
recent studies, CgA has a limited role as a diagnostic biomarker for
well-differentiated PanNET.3™> An analysis from the CLARINET study
demonstrated that, at the time of diagnosis, only 49% and 26% of
patients with PanNET had a higher than upper limit of normal (ULN)
levels of CgA and 5-HIAA, respectively.® In the CLARINET FORTE
study, only 22.7% of the PanNET patients had a CgA level > ULN.”
For non-functional PanNET pancreatic polypeptide (PP) could be used
to assist in the diagnosis of the disease.®"° The sensitivity for PP in
metastatic disease is in the range 50-80%.1%11 Analyzing levels of
multiple mRNA from blood showed to be superior to CgA in the
detection of PanNET.*?*2 There is clearly an unmet need to identify
new biomarkers that could more precisely detect PanNET at an early
curable stage, as well as recurrent disease after surgery.

Supervised machine learning (SML) has been used in research for
the detection, classification and prognostication of cancer diseases for
more than two decades.’**® We have previously shown that this
method improves the diagnostic accuracy of patients with small intes-
tinal neuroendocrine tumors (SI-NET) at the time of diagnosis, espe-
cially in patients with normal CgA levels.'? These techniques can
uncover and recognize patterns and correlations in complex collec-
tions of data from biomarkers. The aim of this analysis from the
EXPLAIN-study was to investigate, in a real-life clinical setting,
whether a plasma protein multi-biomarker strategy, measuring the rel-
ative concentrations of 92 cancer-related plasma proteins at time of
the diagnosis, could improve diagnostic accuracy of PanNET and dif-
ferentiate them from SI-NET.

2 | MATERIALS AND METHODS

This is an exploratory analysis from the ongoing Nordic EXPLAIN study
(Exploratory, non-interventional study for evaluating the diagnostic,

(SPE) 0.98, positive predictive value (PPV) of 0.92 and negative predictive value (NPV)
of 0.95, and area under the receiver operating characteristic curve (AUROC) of 0.99;
the model for the discrimination of PanNET versus SI-NET providing a SEN 0.61, SPE
0.96, PPV 0.83, NPV 0.90 and AUROC 0.98. These results suggest that a multi-plasma
protein strategy can significantly improve diagnostic accuracy of PanNET and SI-NET.

biomarker, diagnosis, machine learning, NET, Plasma proteins

prognostic, and response-predictive value of a multi-biomarker
approach in metastatic GEP NETSs [ClinicalTrials.gov: NCT02630654]).

21 | Patients

In total, 135 patients with SI-NETs and 39 with PanNET were
included in the present study. These patients were referred to the
hospitals attending the study because of an already diagnosed NET,
or suspicion of having NET based on symptoms and/or radiological
findings. All patients went through standard work-up with computed
tomography (CT)/magnetic resonance imaging (MRI)/somatostatin
receptor imaging and eventually tissue sampling for final diagnose and
grading according to the European neuroendocrine Tumor Society
(ENETS) guidelines. Inclusion criteria were provision of written
informed consent, metastatic non-resectable SI-NET or metastatic
non-resectable PanNET (World Health Organization Grade 1 or 2, up
to 20% Ki-67), aged 18 years or older. Exclusion criteria were previ-
ously treated with anti-proliferative treatments for NET disease
(including somatostatin analogues), peptide receptor radionuclide
therapy, other malignant diseases, chronic inflammatory diseases, or
severe renal or liver dysfunction. Patients who had surgery of the pri-
mary tumor, but with residual metastatic disease, were included.

Clinical data were collected at each regular follow up and entered
into an electronic case report form (VieDoc, Pharma Consulting
Group, Uppsala Sweden). The use of proton pump inhibitors (PPI) was
registered. Patients using PPl were not excluded, nor was the PPI
treatment stopped before blood sample collection. Radiologic evalua-
tion of metastatic disease at the different centers included contrast
enhanced CT, contrast enhanced MRI and somatostatin receptor posi-
tron emission tomography/CT imaging.

A control group (n = 144), age and sex matched with the patient
population, were included for biomarker blood sampling. Exclusion cri-
teria for the controls were malignant disease, chronic inflammatory dis-
ease, severe renal or hepatic dysfunction. The controls were recruited

from the Karolinska University Hospital Clinical Pharmacology Trial Unit.

2.2 | Sample collection and biomarker analysis

A study blood sample (4 mL) was collected starting at the first visit
before any NET specific treatment was initiated. Thereafter, blood
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samples were collected at regular follow-up visits. Samples were col-
lected in tubes containing ethylenediaminetetraacetic acid and
placed on ice immediately after sampling. The samples were centri-
fuged at 2500 x g for 10 min at 4°C. Thereafter plasma was aspi-
rated, aliquoted to new tubes (4 x 0.5 mL) and immediately stored
at —80°C. Blood samples for the exploratory plasma protein bio-
markers were transported on dry ice to ScilifeLab (Uppsala, Sweden)
and analyzed using multiplex proximity extension assay (PEA) by a
real-time polymerase chain reaction (PCR) using the Fluidigm Bio-
Mark HD real-time PCR platform, with the Olink Proseek Oncology
Il panel (Olink Proteomics; http://www.olink.com) as described pre-
viously.2%2! The multiplex PEA was developed from the proximity
ligation assay technique reported previously.2® One pair of anti-
bodies was used to target each specific protein. The antibodies were
coupled to complementary oligonucleotides enabling DNA polymer-
ase to amplify the double-stranded DNA, generating a PCR-reporter
sequence by the proximity-dependent DNA polymerization event.
The panel of proteins was selected by experts at Olink Proteomics
after fulfilling several technical as well as biological criteria. The
panel was selected on the basis that these proteins previously have
been shown to be associated with mechanisms in neoplastic disease
and classified according to Uniprot, Human Protein Atlas, Gene
Ontology and DisGeNET.?22%

CgA was analyzed centrally at Akademiska Laboratoriet (Uppsala,
Sweden) with the NEOLISA CgA assay (Euro Diagnostica). Urine/
serum 5-HIAA was analyzed at each individual hospital using methods
according to clinical routine and presented as percentage of upper
limit of normal (%ULN). Serum 5-HIAA was measured at three clinics
in Finland, morning urine 5-HIAA was used in one clinic in Norway

and 13 clinics used 24-h urine samples.

2.3 | Statistical analysis

SML techniques: Boosted Tree (BT) (classifier 1), linear discriminant
analysis (LDA) (classifier 2) and support vector machine (SVM) (classi-
fier 3) were used to discriminate between PanNET and controls and
PanNET and SI-NET.

Two models were applied using the three classifiers: Model
1 included PanNETSs and controls and Model 2 included PanNETs and
SI-NETs. Models 1A and 2A included both the 92 plasma protein bio-
markers as well as CgA. In Models 1B and 2B, CgA was excluded from
the analysis.

Furthermore, a group of plasma proteins were identified and
named “top biomarkers.” Thus, biomarkers with the highest contribu-
tion to the fit (i.e., likelihood ratio chi-square proportion > 0) from
each of the three-fold cross-validations including all the biomarkers
(i.e., 92 plasma proteins including or not CgA) were selected. Then,
only the biomarkers identified in two out of the three-fold cross-
validations were kept. The number of biomarkers included in the “top
biomarker” models could vary and are presented in the tables of
results. Additional BT models including top biomarkers (including or

excluding CgA) were as well performed.

D Wi LEy-L e

To validate the algorithms, a three-fold stratified cross-validation
was performed for all the models. Thus, the complete dataset was par-
titioned into equally (or near equally) sized folds or segments. This
gave an approximate split between training and validation sets of 80%
and 20%, respectively. The three-fold cross-validation strategy was
chosen to avoid having small groups of patients in the validation sets.
This cross-validation strategy was applied to all the models and
classifiers.

The BT classifier constructs a predictive model by adding a
sequence of decision trees where each of the trees fit on the residuals
of the previous tree. A maximum of 50 layers and three splits per tree
was allowed. SVM is a supervised learning algorithm that is used to
classify binary and categorical response data. SVM models classify
data by optimizing a hyperplane (linear or not) that separates the clas-
ses. This can also be viewed as finding the hyperplane that maximizes
the margin between the classes. A linear kernel function with cost
parameter = 1 was assumed. Discriminant analysis predicts member-
ship in a group or category based on observed values of several con-
tinuous variables. Specifically, discriminant analysis predicts a
classification (X) variable (categorical) based on known continuous
responses (Y). A linear fitting was assumed. All analyses were per-
formed with JMP PRO, version 15.0 (SAS Institute Inc.).

Performance of the different models and classifiers was evaluated
by comparing the following metrics: negative predictive value (NPV),
positive predictive value (PPV), sensitivity (SEN), specificity (SPE),
misclassification rate (MR) and accuracy (ACC). These metrics were
calculated from the Confusion Matrix generated at each fold of the
three-fold cross-validation. Descriptive statistics (i.e., mean, SD,
minimum and maximum values) were calculated for each of the
performance metrics. The misclassification rate, comprising the rate
for which the response with the highest fitted probability is not
the observed category, is also provided. All area under the receiver
operating characteristic curve (AUROC) values were calculated with

Python, version 3.7.0 (Package sklearn).

24 | Approval

The study was approved by the regional ethical committee in each
participating country (Denmark, Estonia, Finland, Latvia, Lithuania,
Norway, and Sweden) and the study complied with the Declaration of
Helsinki and Good Clinical Practice guidelines. All patients and the
controls provided their written informed consent after receiving a full

explanation of the purpose and nature of all of the procedures used.

3 | RESULTS

Baseline characteristics of the three study groups are given in Table 1.
Baseline chromogranin A (nmol L™2) values as mean (SD) and median
(range) were: for controls, 4.4 (4.8) and 3.3 (2-43); for SI-NET, 46.7
(85.5) and 12.0 (2-620); and, for PanNET, 55.8 (145.4) and 8.8
(2-785).
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TABLE 1

Characteristic

Age (years), median (range) 65 (39-82)
Sex, n (%) female 20 (51%)

Distant metastasis, n (%)

No 5(13%)

Yes 32(78%)

Liver metastases 32 (78%)

Missing data 2 (9%)
Lymph node metastasis, n (%)

No 16 (41%)

Yes 21 (54%)

Missing data 2 (5%)
Ki-67 (%), median (range) 7.0 (1.0-10)
NET Grade, n (%)

G1 14 (36%)

G2 22 (56%)

Missing data 3 (8%)
Urine/serum 5-HIAA (% ULN), median (range) 62 (44-100)°

PanNETs (n = 39)

Clinical characteristics for PanNET, SI-NET and controls at the time of diagnosis

SI-NETs (n = 135) Controls (n = 144)

66 (38-89) 67 (36-84)
57 (42%) 61 (42%)
31 (23%) NA
91 (67%)

85 (63%)
13 (10%)
5(3.7%) NA

120 (88.9%)

10 (7.4%)
3.0(0.3-19.2) NA
61 (45.2%) NA
69 (51.1%)
5 (3.7%)
168 (16-5953)° NA

Abbreviations: 5-HIAA, 5-hydroxyindolicacetic acid; NA, not applicable; NET, neuroendocrine tumor; Pan, pancreatic; Sl, small intestinal.

n=6.
bn = 83.
TABLE 2 Performance metrics from Model 1A and 1B (PanNET vs. controls)
Model 1A Model 1B
92 plasma biomarkers and CgA X 92 plasma biomarkers X o
Top biomarkers?® Top biomarkers
Metrics Mean (SD) BT SVM LDA BT BT SVM LDA BT
PPV 0.86(0.15) 0.90(0.09)  0.59(0.20) 0.91(0.16) 0.86(0.15) 0.90(0.09) 0.58(0.18) 0.92(0.07)
NPV 0.93(0.03) 0.95(0.03) 0.92(0.04) 0.93 (0.06) 0.92(0.02) 0.95(0.03) 0.92(0.04) 0.95 (0.05)
SEN 0.71(0.08) 0.80(0.09) 0.72(0.08) 0.74 (0.16) 0.68 (0.04) 0.82(0.09) 0.72(0.08) 0.84 (0.15)
SPE 0.97(0.03) 0.98(0.02) 0.86(0.10) 0.98 (0.04) 0.97 (0.03) 0.98(0.02) 0.85(0.09) 0.98 (0.02)
ACC 0.91(0.04) 0.94(0.01) 0.82(0.06) 0.92 (0.05) 0.91(0.03) 0.94(0.01) 0.82(0.06) 0.94 (0.06)
AUC 0.99 (0.01) 0.99(0.01) 0.96(0.01) 0.99 (0.01) 0.99 (0.01) 0.99(0.01) 0.96(0.01) 0.99 (0.01)
MR 0.08 (0.03) 0.06 (0.01) 0.18(0.06) 0.08 (0.05) 0.09 (0.03) 0.06(0.01) 0.17(0.07) 0.06 (0.06)

Abbreviations: ACC, accuracy; AUC, area under the curve; BT, boosted tree; CgA, chromogranin A; LDA, linear discriminant analysis; MR, misclassification
rate; NPV, negative predictive value; PPV, positive predictive value; SEN, sensitivity; SPE, specificity; SVM, supported vector machine.

3CgA.log, chromogranin A log; MAD.homolog.5, mothers against decapentaplegic homolog 5; MetAP.2, methionine aminopeptidase 2; CDKN1A, cyclin-
dependent kinase inhibitor 1; CPE, carboxypeptidase E; HK8, kallikrein-8; VIM, vimentin; LYN, tyrosine-protein kinase Lyn.

PMAD.homolog.5, mothers against decapentaplegic homolog 5; CDKN1A, cyclin-dependent kinase inhibitor 1; CPE, carboxypeptidase E; HK8, kallikrein-8;
ITGBS5, integrin beta-5; ESM.1, GDSL esterase/lipase ESM1; CEACAMDS, carcinoembryonic antigen-related cell adhesion molecule 5; LYN, tyrosine-protein

kinase Lyn; VIM, vimentin; TRAIL, TNF-related apoptosis-inducing ligand.

Altogether, 33 (24%) patients with SI-NET and 5 (13%) patients
with PanNET had primary tumour surgery prior to study inclusion. At
the time of diagnosis (baseline visit), 78% of the SI-NET and 57% of
the PanNET cohort had CgA levels > ULN. Eighteen (46%) patients
with PanNET had less than three liver metastases and nine (23%)
patients had no liver metastases. In this non-functional PanNET
patient cohort, only a minority (15%) of patients had any type of daily
symptoms that could be related to the NET. In the SI-NET cohort,

48% of the patients had at least one daily symptom that could be
tumour related, such as flushing, diarrhoea or abdominal pain

3.1 | Biomarker analysis

Results from Model 1 (PanNET vs. controls) performance metrics are

presented in Table 2. BT and SVM vyielded very similar results in terms
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TABLE 3 Performance metrics from Model 2A and 2B (PanNET vs. SI-NET)
Model 2A Model 2B
92 plasma biomarkers and CgA X 92 plasma biomarkers X B
Top biomarkers® Top biomarkers

Metrics Mean (SD) BT SVM LDA BT BT SVM LDA BT
PPV 0.76(0.13) 0.88(0.14) 0.63(0.13) 0.83(0.11) 0.72(0.12) 0.97(0.05) 0.67(0.17) 0.86(0.17)
NPV 0.86 (0.04) 0.92(0.08) 0.89 (0.08) 0.90 (0.02) 0.85(0.04) 0.93(0.07) 0.89(0.07) 0.89 (0.01)
SEN 0.43(0.11) 0.71(0.27) 0.63 (0.26) 0.61 (0.03) 0.43(0.11) 0.73(0.24) 0.63(0.25) 0.55 (0.05)
SPE 0.96 (0.04) 0.97(0.03) 0.89(0.07) 0.96 (0.02) 0.95(0.03) 0.99(0.01) 0.69(0.43) 0.97 (0.03)
ACC 0.84(0.03) 0.91(0.07) 0.83(0.05) 0.88 (0.01) 0.83(0.02) 0.93(0.05) 0.83(0.04) 0.88 (0.02)
AUC 0.96 (0.03) 0.99(0.01) 0.95(0.02) 0.98 (0.02) 0.97 (0.02) 0.98(0.01) 0.94(0.04) 0.97 (0.01)
MR 0.16 (0.03) 0.09 (0.07) 0.17(0.05) 0.12 (0.01) 0.17(0.01) 0.07(0.05) 0.17(0.04) 0.12 (0.02)

Abbreviations: ACC, accuracy; AUC, area under the curve; BT, boosted tree; CgA, chromogranin A; CgA.log, chromogranin A log; GPC1, glypican-1; GZMB,
granzyme B; GZMH, granzyme H; LDA, linear discriminant analysis; MR, misclassification rate; NPV, negative predictive value; PPV, positive predictive
value; S100A4, protein S100-A4; SEN, sensitivity; SPARC, SPARC; SPE, specificity; SVM, supported vector machine.

2CPE, carboxypeptidase E; MAD.homolog.5, mothers against decapentaplegic homolog 5; GPNMB, transmembrane glycoprotein NMB; LYN, tyrosine-

protein kinase Lyn;

PGPNMB, transmembrane glycoprotein NMB; MAD.homolog.5, mothers against decapentaplegic homolog 5; CPE, carboxypeptidase E; LYN, tyrosine-
protein kinase Lyn; IL6, interleukin-6; SPARC, SPARC; GPC1, glypican-1; S100A4, protein S100-A4; GZMH.

FIGURE 1 Box-plots for the best Performance
boosted tree model discriminating 120
pancreatic neuroendocrine tumors from !
controls. ACC, accuracy; NPV, negative 110
predictive value; PPV, positive predictive ’
value; SEN, sensitivity; SPE, specificity 1.00
0,90
0,80
0,70
0,60
0,50

of accuracy (ACC) performance for both models including the
92 plasma proteins and CgA [ACC Model 1A (mean [SD]), BT = 0.91
(0.04); SVM = 0.94 (0.01)] or after excluding CgA (ACC Model 1B,
BT = 0.91 [0.03]; SVM = 0.94 [0.01]). LDA showed lower predictive
performance (ACC = 0.82 [0.06]) for both Model 1A and 1B. Mean
misclassification rate of the classifiers ranged from 6% to 18%.

The best accuracy performance to classify between PanNET ver-
sus SI-NET (Model 2) (Table 3) was achieved with SVM; thus for both
models including the 92 plasma proteins and CgA (Model 2A,
ACC = 0.91 [0.07]) or excluding CgA (Model 2B, ACC = 0.93 [0.05]).
Similar accuracy was yielded for both BT and LDA models including
the 92 plasma proteins and CgA (ACC Model 2A, BT = 0.84 [0.03];
LDA = 0.83 [0.05]) or excluding CgA (ACC Model 2B, BT = 0.83
[0.02]; LDA = 0.83 [0.04]). Mean misclassification rate of the classi-
fiers ranged from 7% to 17%.

The best BT model for classifying PanNET versus controls was

obtained when CgA was excluded from the model and only the top

M rev W Npy W SEN [ spE [ ACC

biomarkers (Table 2) were used: SEN = 0.84 (0.15), SPE = 0.98 (0.15),
PPV = 0.92 (0.07) and NPV = 0.95 (0.05) (Table 2). Figure 1 shows
performance metrics box-plots for BT Model 1B (best model) includ-
ing top biomarkers (plasma proteins without CgA).

Receiver operating characteristic curve and corresponding area
under curve values (AUROC) generated for the detection of PanNET
versus controls using the BT Model (1B) was 0.99 (0.01) (Figure 2).

When discriminating between PanNET and SI-NET populations
(Model 2), more variable results and somewhat lower performance
metrics were observed compared to detecting PanNET versus con-
trols (Table 3 and Figure 3). This was found both when all 92 plasma
proteins were included in the models with CgA (Model 2A) or when
CgA was excluded (Model 2B). A better predictive performance was
obtained when only the top biomarkers (Table 3) were included in the
BT Model, SEN = 0.61 (0.03), SPE = 0.96 (0.02), PPV = 0.83 (0.11)
and NPV = 0.90 (0.02) (Table 3). Figure 2 shows performance metrics
box-plots for BT Model 2A (best model) including top biomarkers
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Receiver operating characteristic

FIGURE 2 Receiver operating

characteristic (ROC) curves and the
10 corresponding area under the curve (AUC)
values generated from the best boosted
tree model including the control group
and patients with pancreatic
neuroendocrine tumors with the top
08 ranked identified plasma protein
biomarkers
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120 boosted tree model discriminating
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ACC, accuracy; NPV, negative predictive
1,00 —— value; PPV, positive predictive value; SEN,
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(plasma proteins with CgA). CgA was more important for detecting
SI-NET than PanNET (both for the present study and the previous by
Kjellman et al'®). Receiver operating characteristic curve and the
corresponding area under curve values (i.e., AUROC) generated from
the BT model analysis of detecting PanNET versus SI-NET was 0.98
(0.02) and 0.97 (0.01) for top biomarker models.

Several plasma proteins were identified to be important for the
detection of PanNET and discrimination versus SI-NET: such as car-
boxypeptidase E (CPE), mothers against decapentaplegic homolog
5 (MAD homolog 5), transmembrane glycoprotein NMB (GPNMB) and

tyrosine-protein kinase Lyn (LYN). The plasma proteins with highest

contributions to the BT models (Model 1A and Model 2A) are pre-
sented in Tables 2 and 3.

CgA used alone for detecting PanNET had a sensitivity of 41%, a
specificity of 94%, a PPV of 64% and a NPV of 84%.

4 | DISCUSSION

In the present study, we used a proximity extension assay to investi-
gate 92 plasma proteins known to be associated with malignancy in

general. After analyzing plasma, collected prior to any NET specific
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treatment being initiated, SML methods were able, with high sensitiv-
ity and specificity, to discriminate patients with PanNET from controls
based on the presence of specific proteins. We were also able to dif-
ferentiate patients with PanNET from patients with SI-NET. Our data
support data from a previous study, conducted using the same meth-
odology, where the top 12 of the 92 proteins, also used in the present
study, differentiated SI-NET from controls.®” This indicates that the
findings from this multi-biomarker strategy could be applied also on
patients with neuroendocrine tumors from other primaries.

All three different SML algorithms generated comparable results.
Both BT and SVM provided robust performance in terms of AUROC
and accuracy. This strengthens the validity of our multi-biomarker
strategy approach. Although SVM had, in some cases, better perfor-
mance than BT, BT was chosen to identify biomarkers with the high-
est contribution to the classification model. One of the drawbacks of
SVM is that it does not provide an explanation or a compressible justi-
fication for the knowledge it learns, and this limits the practical
application.?*

Our model performs clearly better than previously published ana-
lyses of single biomarkers such as plasma 5-HIAA, PP and CgA in
patients with NET.2> Our results confirm other studies showing rela-
tively low sensitivity and specificity of CgA for the detection of Pan-
NET.>* CgA as a single biomarker has a medium high sensitivity and
specificity for the detection of SI-NET in the range 0.7-0.8.2>2¢ Only
57% of the PanNET patients in the present study had CgA levels
> ULN, and CgA did not classify as one of the top 10 biomarkers for
the detection of PanNET. In addition, it was only the seventh most
important biomarker for discriminating between PanNET and SI-NET
in the best models. We found that other proteins, such as CPE and
MAD homolog 5, strongly contributed both to the detection of Pan-
NET and in discriminating PanNET from SI-NET. Carboxypeptidase E
is a metallo-carboxypeptidase involved in the biosynthesis of peptide
hormones. MAD homolog 5 is a transcription regulatory protein
involved in the signaling pathway by which transforming growth
factor-beta inhibits proliferation. An additional protein of interest is
LYN, which contributed to improve diagnostic accuracy for PanNET.
Additionally, LYN was also highly important in detecting SI-NET.%?
Tyrosine-protein kinase Lyn belongs to a group of proteins often tar-
geted in cancer treatment. Dasatinib, nintedanib and bosutinib are
tyrosine kinase inhibitors with an inhibitory effect on LYN and are
approved for the treatment of different cancers (DrugBank.com).
These findings imply that other not yet fully characterized proteins
have the potential for becoming important biomarkers for neuroendo-
crine tumors.

In the present study, despite the rather small sample size of Pan-
NETSs, mainly as a result of its rarity, we were able to generate predic-
tive models with good classification performances and to identify
novels proteins associated with both NET subgroups. A more bal-
anced situation regarding groups size would have been desirable and
probably could have provided even more robust predictions.

The NETest is a validated and commercially available test that has
shown high diagnostic accuracy for neuroendocrine tumors based on

measurement of neuroendocrine tumor gene expression in blood.'?

I WiLEy-L

Whether the plasma protein measurement approach presented in the
present study will be developed into a diagnostic test, and how it
potentially will compare with the NETest, is not possible to assess at
present.

The “real-life clinical design”, the large number of patients with
NET, centralized analysis of CgA and biomarkers, as well as controls
with similar age and sex profile, are the main strengths of the present
study. A model using multiple plasma proteins and machine learning
has not been tested to discriminate between patients with NET and
other benign conditions that could display similar symptoms. Likewise,
the plasma proteins used in our study could also be elevated in other
malignant diseases than neuroendocrine tumors. We have, however,
shown in the present study that the EXPLAIN strategy can differenti-
ate between two closely related NET types. Further studies are
needed to explore whether this strategy can discriminate PanNET
from other malignancies and benign diseases as diseases of the
pancreas.

The EXPLAIN study, of which these results are a part, comprises
an exploratory study. The 92 plasma proteins analyzed were selected
because of their known association with malignant tumors. Their pos-
sible association with neuroendocrine tumors was not known at the
beginning of the study. As shown in our results, the different proteins
had variable strength in detecting PanNET and discriminating PanNET
from SI-NET. Discovering new plasma proteins more strongly associ-
ated with neuroendocrine tumors, as well as subtypes of neuroendo-
crine tumors, could further strengthen our model and increase the
diagnostic accuracy and specificity towards other diseases.

In the PanNET cohort, most patients had a significant tumor bur-
den easily detected on imaging. We do not know how this multi-
protein approach would perform in patients with only a small primary
or only modest affection of regional lymph nodes. Likewise, we do
not know how this test would perform when applied after presumed
curative surgery to detect recurrence. Currently, this model is not
developed for clinical routine and further work is needed to enable
the entry of this new biomarker test.

Nevertheless, this multi-biomarker strategy is valuable in research
and produces a vast number of biomarker data providing opportuni-
ties for identifying novel biomarker plasma proteins. The plasma pro-
tein assay technique used has high sensitivity and specificity based on
two specific antibodies and the PCR, and only a drop of dried blood
on a paper is needed to perform the analysis.?” This enables cheap
and easy collection and transport of samples. The applicability and
utility in clinical routine should be validated in larger populations in
the future. Ongoing analysis will evaluate the possible value of these
biomarkers with respect to predicting treatment response and risk of
progression.

In conclusion, the present study demonstrates that a multi-
biomarker plasma protein strategy and SML significantly improves
detection of PanNET and discriminates PanNET from controls, as well
as SI-NET, at the time of diagnosis in a real-world setting. This
approach can provide a new tool in the work up of a patient with
known, or suspected, neuroendocrine tumors and has the potential to

be used in the follow-up of patients after radical resection of
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neuroendocrine tumors. The assay would have to be validated in addi-

tional prospective studies.
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