Journal of Cancer Research and Clinical Oncology (2024) 150:355
https://doi.org/10.1007/500432-024-05882-4

RESEARCH q

Check for
updates

Promising microRNAs in pre-diagnostic serum associated with lung
cancer up to eight years before diagnosis: a HUNT study

loannis Fotopoulos' - Olav Toai Duc Nguyen?3 . Therese Haugdahl Ngst** - Maria Markaki® - Vincenzo Lagani’®? -
Robin Mjelle>>'°. Torkjel Manning Sandanger” - Pal Seetrom?>'%! . Joannis Tsamardinos'®2.
Oluf Dimitri Rge®*'314

Received: 25 May 2024 / Accepted: 4 July 2024 / Published online: 20 July 2024
© The Author(s) 2024

Abstract

Introduction Blood biomarkers for early detection of lung cancer (LC) are in demand. There are few studies of the full
microRNome in serum of asymptomatic subjects that later develop LC. Here we searched for novel microRNA biomarkers
in blood from non-cancer, ever-smokers populations up to eight years before diagnosis.

Methods Serum samples from 98,737 subjects from two prospective population studies, HUNT2 and HUNT3, were con-
sidered initially. Inclusion criteria for cases were: ever-smokers; no known cancer at study entrance; 0-8 years from blood
sampling to LC diagnosis. Each future LC case had one control matched to sex, age at study entrance, pack-years, smoking
cessation time, and similar HUNT Lung Cancer Model risk score. A total of 240 and 72 serum samples were included in
the discovery (HUNT?2) and validation (HUNT?3) datasets, respectively, and analysed by next-generation sequencing. The
validated serum microRNAs were also tested in two pre-diagnostic plasma datasets from the prospective population studies
NOWAC (n=266) and NSHDS (n=258). A new model adding clinical variables was also developed and validated.
Results Fifteen unique microRNAs were discovered and validated in the pre-diagnostic serum datasets when all cases were
contrasted against all controls, all with AUC > 0.60. In combination as a 15-microRNAs signature, the AUC reached 0.708
(discovery) and 0.703 (validation). A non-small cell lung cancer signature of six microRNAs showed AUC 0.777 (discovery)
and 0.806 (validation). Combined with clinical variables of the HUNT Lung Cancer Model (age, gender, pack-years, daily
cough parts of the year, hours of indoor smoke exposure, quit time in years, number of cigarettes daily, body mass index
(BMI)) the AUC reached 0.790 (discovery) and 0.833 (validation). These results could not be validated in the plasma samples.
Conclusion There were a few significantly differential expressed microRNAs in serum up to eight years before diagnosis.
These promising microRNAs alone, in concert, or combined with clinical variables have the potential to serve as early
diagnostic LC biomarkers. Plasma is not suitable for this analysis. Further validation in larger prospective serum datasets
is needed.

Keywords Serum early detection - Risk model for lung cancer - MicroRNA sequencing

Introduction

Early diagnosis is a prerequisite for curative treatment of
lung cancer. However, whilst Stage I five-year survival is
more than 80%, the overall survival of lung cancer is as low
as 20%, indicating that the majority are detected too late
(National Cancer Institute 2022).

Ioannis Fotopoulos and Olav Toai Duc Nguyen have contributed
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Extended author information available on the last page of the article

MicroRNAs are small non-coding RNAs with multiple
and important functions in the body, including cancer devel-
opment (Peng and Croce 2016). They are also differentially
expressed in lung cancer tumors versus normal tissues and
several studies have found circulating microRNA candidates
for various types of cancer (Condrat et al. 2020; Kim and
Croce 2023). MicroRNAs in serum tend to be stable over
time when frozen and therefore can be useful as circulat-
ing biomarkers (Matias-Garcia et al. 2020). Currently, only
a few types of tests have been validated in pre-diagnostic
blood samples for lung cancer risk evaluation or diagnosis,
but none are widely used in the clinic (Montani et al. 2015;
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Seijo et al. 2019; Sozzi et al. 2014). There are several rea-
sons why this may have been a problem, including lack of
pre-diagnostic samples, different analytical techniques, qual-
ity of the samples and quality of the clinical data. Moreover,
lung cancer is a very heterogeneous disease, where more
and more molecular subtypes are discovered. There are also
issues regarding confounding microRNA signatures due to
different smoking profiles between cases and controls, con-
trols may be never-smokers, that may affect those profiles
profoundly. Moreover, there is also a lack of subtype-specific
profiling in circulating microRNAs in future lung cancer
patients. Currently there are several microRNA candidates
from various groups that are non-overlapping and not val-
idated (Bottani et al. 2019; Sozzi et al. 2014; Ying et al.
2020).

Here we present a prospective, matched case—control
study on adenocarcinoma (AD), squamous cell carcinoma
(SQ) and small-cell lung cancer (SCLC) genome-wide
microRNA sequencing of pre-diagnostic serum samples up
to 8 years before diagnosis. MicroRNAs of interest were
validated in three independent datasets, one dataset with pre-
diagnostic serum samples up to 3.8 before diagnosis and
two datasets from other population-based studies with pre-
diagnostic plasma samples up to 5 years before diagnosis.
Furthermore, we evaluated the lung cancer predictiveness
of these validated microRNAs by combining them with or
without the original eight clinical variables of the HUNT
Lung Cancer Model (sex, age, body-mass index (BMI),
pack-years, number of cigarettes per day, quit time in years,
hours of daily indoors smoke exposure and history of daily
cough in periods through the year) (Markaki et al. 2018).

Methods

Two independent serum sample sets were selected from
the HUNT?2 (discovery) and HUNT3 (validation) popula-
tion studies, respectively, and stored at — 80 “C. The selec-
tion, RNA-extraction, preparation of the samples and the
next generation sequencing were performed as two separate
experiments at two different time points using next-genera-
tion sequencing technology. A validation analysis was also
performed in two pre-diagnostic plasma sample sets from
the prospective population studies NOWAC and NSHDS.

Discovery dataset in pre-diagnostic serum

The discovery dataset was extracted from the HUNT2
study, a prospective, well curated population study in
Norway, including data from questionnaires, interviews,
clinical measurements and a serum biobank of all these
individuals. The HUNT?2 enrolled and examined 65,237
people aged > 20 years in 1995-1997 and followed up until
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31.12.2011 (Krokstad et al. 2013). This biobank was linked
to the National Cancer Registry by the unique personal iden-
tification number. After a median follow-up of 15.2 years,
583 lung cancer cases had been diagnosed in this popula-
tion, and 552 (94.7%) of these were current or former smok-
ers (ever-smokers). Inclusion criteria were the following:
no active cancer at inclusion, former or current smokers,
diagnosed with lung cancer less than eight years after serum
sampling; available clinical variables as age, sex, pack-years,
smoking quit time and body-mass index (BMI). The histo-
logical subtype should be specified, and the groups should
have an equal number of cases and matched controls. In the
discovery dataset in total 240 individuals were selected, all
120 cases histology verified: 40 AD, 40 SQ and 40 SCLC
(ICD7 code 1621). Consequently, the non-small cell lung
cancer (NSCLC) cases consisted of the combination of the
AD plus SQ, 80 cases and 80 matched controls. The matched
controls were individuals that did not develop lung cancer or
any other cancer in the follow-up period, matched on age at
participation in the HUNT?2 study + 2 years, pack years +2,
quit time + 2 years, sex and HUNT Lung Cancer Model risk
score (Markaki et al. 2018). The R package Hmisc (https://
cran.r-project.org/web/packages/Hmisc/index.html) was
used to identify the controls.

Due to lack of standard staging information, the infor-
mation provided from the Norwegian Cancer Registry was
used (Supplementary Table 1). The Code 0—1 was used as a
surrogate marker for Stage I-IIB (termed “non-metastatic’)
and Code 2—4 as Stage III-IV (“metastatic”’) (Supplemen-
tary Table 1). Some cases did not have staging information.
Clinically relevant contrasts such as cases versus controls or
histological or stage subgroups (metastatic and non-meta-
static) versus controls were analysed. The groups were con-
trasted to their respective matched controls but also to larger
groups of controls, including all controls (e.g., AD versus
AD controls, AD versus all controls, ADnon-metastatic vs
ADnon-metastatic controls, ADnon-metastatic vs AD con-
trols, ADnon-metastatic vs all controls) (Supplementary File
1 and 2). Univariate analysis was also performed in males
versus females and current versus former smokers for both
cases and control groups, respectively (Supplementary File
2).

Validation in pre-diagnostic serum samples

There were no overlapping subjects in the HUNT discov-
ery and validation datasets. Validation serum dataset was
extracted from the prospective HUNT3 study, where the total
county population age > 20 years was invited to participate.
Clinical data and serum were collected 2005-2008 from
33,500 unique participants and followed up until 31.12.2011
(Krokstad et al. 2013; Technology NUoSa 2020). Due to the
data cutoff time we had only cases with less than six years to
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diagnosis. Among these participants, we identified 12 with
AD, 12 SQ and 12 SCLC. For each subject a non-cancer
control that did not develop any type of cancer within six
years was identified, matched for age, sex, smoking (pack-
years) quit time and HUNT Lung Cancer Model risk score
(Markaki et al. 2018).

Validation in pre-diagnostic plasma samples

The candidate serum microRNAs were also tested in two
pre-diagnostic plasma datasets collected from participants
in the prospective population studies NOWAC, Norway
(n=266, all women), and NSHDS, Visterbotten County,
Sweden (n=258, both men and women). In both stud-
ies, plasma samples were collected from participants in
2003-2006 in NOWAC and 1988-2016 in NSHDS. Lung
cancer cases were identified using linkages to national can-
cer registries and one matched control was identified for each
case within the respective study. The interval from blood
sampling to time to diagnosis was less than five years for
both studies and all histological subtypes were represented
in the sample. Smoking status was not matched for and there
were 11% and 43% never smokers among cases and controls,
respectively, in NOWAC and the corresponding numbers
in NSHDS were 11% and 37%. The never smokers were
excluded in this validation, only the results for the 28% and
26% former smokers among cases and controls and 62% and
31% current smokers among cases and controls in NOWAC,
and the 34% and 38% former smokers and 54% and 25%
current smokers correspondingly in NSHDS, were included
in these analyses. For further details, see Ngst et al (2023).

microRNA analysis

Isolation of RNA from 200 pl serum and next genera-
tion sequencing was performed according to Mjelle et al.
(2017). Small RNA sequencing data were processed accord-
ing to Mjelle et al. (2017). to generate expression matri-
ces for mature microRNAs. The microRNA analyses in the
NOWAC and NSHDS followed the same protocols, and the
sequencing experiments were performed in the same labora-
tory as those for the HUNT samples. For further details, see
Ngst et al (2023).

Statistical analysis

The association of each microRNA with each clinical out-
come was assessed using the moderated t-statistics imple-
mented in the R package limma (Ritchie et al. 2015). A
variance-stabilization transformation was applied on the
microRNA expression values by modelling the mean—vari-
ance relationship of the log-counts (Law et al. 2014; Liu
et al. 2015) (see Supplementary). The microRNAs analysed

were filtered with reads >0 and > 1 in the minimum sample
size of the lung cancer subtype groups as described here
(Law et al. 2018), and all p values were adjusted for multiple
testing with the Benjamini—-Hochberg method (Benjamini
and Hochberg 1995).

All univariate analyses were further adjusted for smok-
ing status (current versus former), sex, age at blood sam-
pling, and RNA library size (see Supplementary). To be
considered as validated, findings needed to be identi-
fied as statistically significant in both the exploration and
validation dataset. Association with false discovery rate
(FDR) <0.25 was deemed statistically significant (see Sup-
plementary). The significant validated microRNAs with
mean raw microRNA count> 0 and area under the ROC
curve (AUC) > 0.60 within each contrast in the discovery
dataset, were included as candidate biomarkers. The same
analysis was applied in the validation cohort, and micro-
RNA expressed in the same direction as in the discovery
dataset were selected. Kaplan—Meier curves were assessed
with the log-rank test (Mantel 1966). For the validation in
the plasma samples the following model was estimated:
miRexp ~ groups + AgeScaled + Sex + L1 + SmokingSta-
tus + scale(log2(1ibSize)). Here, the groups variable repre-
sents case/control status; AgeScaled, the age at diagnosis
normalized by the R-function scale; Sex, the participant's
sex; L1 the study (NOWAC or NSHDS); SmokingStatus as
binary smoking status (either current or former); and libSize
is the total miRNA count per sample. P value <0.05 was
considered statistically significant. The R Statistical Soft-
ware version 4.2.1 (2022-06-23) was used for all analyses
(Team 2018).

The shrinkage coefficient method applied to logistic
regression as described previously (Markaki et al. 2018),
was used to develop multivariable predictive models of the
validated differentially expressed microRNA alone or in
combination of the original eight clinical variables in the
HUNT Lung Cancer Model (Markaki et al. 2018). An evalu-
ation of the lung cancer predictive performance of the mul-
tivariable models was performed on the complete discovery
and validation datasets.

Results

The two serum datasets were well balanced with no sig-
nificant differences regarding age at entrance into the study,
smoking behaviour, indoor smoke exposure, cough history,
body mass index (BMI) and HUNT Lung Cancer risk score
between cases and controls (Table 1).

One AD sample in the discovery dataset was not success-
fully processed and removed from further analysis with its
matched control. There were 119 and 36 matched pairs in
each dataset, respectively (Table 1).
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Table 1 Clinical and demographic characteristics of cases and controls in the discovery and validation serum dataset

Discovery dataset

Validation dataset

Controls Cases p value Controls Cases p value
n=119 n=119 n=36 n=36
Gender 1* 1*
Male 77 77 20 20
Female 42 42 16 16
Median age, year (range) 63.9 (34.6-86.2) 63.9 (34.6-87.6) 0.99%*  68.3(53.9-82.3) 67.7(53.6-81.5)  0.99%*

Pack-years 33.8 (0.9-107.6) 25.0 (0.5-84.0) 0.986** 27.95 (7.94-75.6) 25.85(10.36-75.0) 0.884**
Smoking history 1* 1*
Current smoker 88 87 25 24
Former smoker 31 32 11 12
Smoking cessation, year (range) 0.0 (0.0-40.0) 0.0 (0.0-40.0) 0.99** 0.0 (0.0-44.5) 0.0 (0.0-30.2) 0.98%**
Cough daily 0.244%* NA
Yes 28 36 NA NA
No 90 82 NA NA
Body mass index (range) 25.7 (18.4-37.7) 25.5(18.5-41.3) 0.887** 25.95(15.3-35.7) 25.40 (19.4-36.4) 0.982%**
HUNT risk calculator score 0.0125 (0.0003-0.105) 0.0160 (0.00025-0.127) 0.795** NA NA NA
(range)
Lung cancer subtypes
Adenocarcinoma (AD) NA 39 NA NA 12 NA
Squamous cell carcinoma (SQ) NA 40 NA 12
Small cell lung cancer (SCLC) NA 40 NA 12

The variables in the table except the subtypes are included in the HUNT Lung Cancer Model risk score. The percent lung cancer risk in 6 years
is the HUNT risk calculator score X 100 (e.g. risk score 0.0125=1.25% risk)

NA not applicable due to lack of variables
*Chi square statistical test

#*KS statistical test

The stage distribution among the three subtypes in the
discovery dataset was > 50% metastatic in the AD and SCLC
and only 28% in the SQ. The validation dataset showed less
metastatic AD, 33% versus 59% and more metastatic SQ
42% versus 28% (Supplementary Table 3).

Time to diagnosis from serum sampling in cases varied
between subtypes and datasets, where the median time to
diagnosis was 5.12 years (mean=4.56, range 0.08-8.19)
in the discovery dataset and 1.70 years (mean=1.58, range
0.13-3.76) in the validation dataset (Supplementary Fig. 2).

RNA expression

The ranking of the 100 highest expressed microRNAs in
the discovery dataset showed a similar downward trend as
the validation serum dataset (Supplementary Fig. 3). The
ranking of expression levels of the top five microRNAs was
identical between the two datasets, except one (Supplemen-
tary Fig. 4). The number of expressed microRNAs that were
kept for the analysis according to the filtering criteria were
1200 out of 1615 and 462 out of 566, for the discovery and
validation datasets, respectively.

@ Springer

Discovery dataset univariate analysis

The univariate analysis in the 37 lung cancer related con-
trasts showed 480 statistically significant differentially
expressed (SDE) microRNAs found in 37 different lung
cancer associated contrasts at 0.25 FDR level (Supplemen-
tary Excel file 2).

Pre-diagnostic serum validation dataset in HUNT3

The multivariate and cross validation analysis of SDE
microRNAs in the discovery and validation pre-diagnostic
serum datasets, yielded 15 microRNAs in 12 unique con-
trasts (Fig. 1 and Table 2) encompassing all the main his-
tological lung cancer subtypes. All microRNA in both dis-
covery and validation datasets had AUC > 0.6, except one
(Table 2). Four microRNAs were upregulated and 11 were
downregulated.

Four microRNAs were associated with AD, but mir-
191-3p was also associated with NSCLC metastatic. Seven
were associated with NSCLC, where five were unique
for contrasts with NSCLC (mir-103a-3p, mir-191-5p,
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Fig.1 Common SDE microRNAs in the discovery and validation dataset with AUC> 0.6 in both

mir-185-5p, mir-20a-5p and miR-144-5p). Three were
associated with SCLC, where one, miR-487a-3p was down-
regulated in SCLC versus all controls (Table 2). This miR
was downregulated with zero expression in 95% and 92%
SCLC cases and 74.8% and 61.5% controls in the discovery
and validation serum datasets, respectively (Supplementary
Excel file 3 and 4).

Combining biomarkers alone and with clinical
variables

An evaluation of the lung cancer predictive performance
of the 15 SDE microRNAs combined (Table 2) was per-
formed on the complete discovery and validation datasets,
and AUC of 0.708 (95% C1 0.643-0.773) and 0.703 (95% CI
0.582-0.821) were achieved, respectively (Table 3). When
these 15 microRNAs were combined with the original eight
clinical variables of the HUNT Lung Cancer Model (sex,
age, body-mass index (BMI), pack-years, number of cig-
arettes per day, quit time in years, hours of daily indoors
smoke exposure and history of daily cough in periods
through the year), (Markaki et al. 2018) the AUC increased
to 0.722 (95% CI 0.656-0.785) in the discovery dataset, but
decreased in the validation serum dataset with an AUC of

0.697 (95% CI1 0.573-0.812) compared to the 15-microRNA
signatures (Table 3).

The contrast “NSCLC metastatic versus all controls”
had a total of six SDE microRNAs, the miR-103a-3p, miR-
1306-5p, miR-185-5p, miR-191-3p, miR-191-5p and miR-
20a-5p which independently showed an AUC > 0.6 in both
the discovery and in the validation serum datasets (Fig. 2).

Combined, the 6-microRNA signature yielded an
AUC of 0.777 (95% CI 0.675-0.868) and 0.806 (95% CI
0.654-0.932) (Table 4) in the discovery and validation
serum datasets, respectively. Furthermore, when these six
microRNAs were combined with the original eight clinical
variables of the HUNT Lung Cancer Model (Markaki et al.
2018), the AUC increased to 0.79 (95% CI 0.694—0.876) and
0.833 (95% CI1 0.698-0.948) in the discovery and validation
serum datasets, respectively (Table 4).

Pre-diagnostic plasma validation datasets
in NOWAC and NSHDS

The analysis in pre-diagnostic plasma datasets did not vali-
date the serum analyses. The microRNAs were tested in the
two plasma sample sets one by one, and none reached sig-
nificance. Moreover, most had fold-change in the opposite
direction from the serum samples but retained the direction

@ Springer
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Fig.2 Significantly differentially expressed (SDE) microRNAs in the
contrast NSCLCMetastatic vs all controls in the discovery and the
validation serum datasets. A1-12: AUC values. B1-12: Kaplan Meier

between the two plasma sample sets (Supplementary File 5
and 6). We concluded that there are probably biological dif-
ferences between plasma and serum samples, and therefore
they cannot be used for validating the serum results.

Discussion

Lung cancer should be diagnosed early to increase chances
of survival. Here we present a group of fifteen newly dis-
covered microRNAs in pre-diagnostic serum of current and
former smokers in HUNT, that were validated in a separate
cohort. This may be developed to facilitate early diagnosis
of lung cancer. Plasma is not suitable as these candidate
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curves indicating the proportionality of diagnosis among individuals
grouped by their raw expression in log2 scale in three quantiles; low,
medium and high

miRNAs were not validated in pre-diagnostic plasma speci-
mens from the NOWAC and NSHDS studies.

The design of the study included selection of cases and
controls among ever-smokers only, because they comprise
more than 90% of lung cancer cases in Norway, according
to large population-based studies (Markaki et al. 2018). All
cases and controls were ever-smokers with an estimated high
risk for lung cancer and matched for several variables. By
using our HUNT Lung Cancer Model risk calculator, the
median risk for developing lung cancer in cases and controls
was not significantly different, 1.6% and 1.25% in six years,
respectively (p=0.795, Table 1). Therefore, the challenge
to find relevant biomarkers in this study may be harder than
using e.g. never-smokers in the control group. However, the
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60) serum datasets by the combination of the six significantly dif-

ferentially expressed (SDE) microRNAs in the contrast “NSCLCMetastatic vs all controls” and the original eight clinical variables in the HUNT Lung Cancer Model (sex, age, body-mass index

(BMI), pack-years, number of cigarettes per day, quit time in years, hours of daily indoors smoke exposure and history of daily cough in periods through the year)

Table 4 Metastatic non-small cell lung cancer risk prediction performance in the discovery (N=198) and the validation (N

Combined microRNAs +

clinical variables

SDE miRNA Clinical variables Combined microRNA

Contrast

Validation serum dataset

Discovery serum dataset

N

Validation serum dataset

Discovery serum dataset

N=60
Cases N

=198

N=60
Cases N

N=198
Cases N

24

Controls N

=79

Cases N

24

Controls N

79

Controls N=119

36

AUC (CI 95%)

Controls N=119

36

AUC (CI95%)

AUC (CI 95%)

AUC (CI195%)

0.833 (0.698-0.948)

0.790 (0.694-0.876)

0.806 (0.654-0.932)

0.777 (0.675-0.868)

NSCLCMetastatic vs all controls miR-103a-3p Age, gender, pack-years, daily

cough parts of the year, hours
of indoor smoke exposure,

miR-1306-5p
miR-185-5p
miR-191-3p

quit time in years, number of

cigarettes daily, body mass index

(BMI)

miR-191-5p

miR-20a-5p

The receiver operating characteristics (ROC) area under the curve (AUC) are reported for each evaluation

chance to find true biomarkers, not confounded by smoking
or other clinical factors is then also higher.

By means of miRseq of pre-diagnostic serum, we identi-
fied a multitude of SDE microRNAs in non-symptomatic,
apparent healthy persons 08 years before diagnosis. Fifteen
microRNAs with AUC > 0.60 were validated in an independ-
ent, similar serum dataset with shorter time to diagnosis,
0-3.8 years. We found that the average AUC values among
common SDE microRNAs in the same direction in the vari-
ous contrasts was higher in the validation serum dataset with
shorter time to diagnosis compared to in the discovery data-
set. This could indicate that the biomarker’s predictive value
increases as one approaches the clinical diagnosis.

Significant differentially expressed (SDE) microRNAs
and histological subtypes

The selected case control groups were balanced, and repre-
sented the largest histological subtypes, AD, SQ and SCLC,
as we hypothesised that each subtype would have a differ-
ent serum profile. Each case had a matched control, so that
even small case—control groups would be informative. These
requirements were followed in both study serum datasets.
There were significant microRNAs in contrast involving all
subtypes (Supplementary File 3). The analysis against all
controls is the most similar to a real-life biomarker situation
and therefore we chose to focus on the microRNAs that were
significant against all controls. Among these, most SDE vali-
dated microRNAs were found among the AD, NSCLC and
SCLC subtypes, and only one single was found in the SQ
subtype. Interestingly, most validated SDE were downregu-
lated in the subject with pre-lung cancer condition (Table 2),
which fits with the notion that microRNAs are predomi-
nantly downregulated in tumors (Williams et al. 2017).
One SDE validated microRNAs, miR-4485-3p, was found
among the SQ cases. Interestingly the SQ cases were pre-
dominantly diagnosed at an early stage (60% vs 28%, Sup-
plementary Table 3), proposing that miR-4485-3p may serve
as a diagnostic biomarker of early stage SQ. However, to
our best knowledge, this association has not been reported
before, and therefore needs further validation. The AD has
a more heterogeneous biology, often more aggressive and
grows more peripheral, with less symptoms in early stages.
Here, most cancers were diagnosed later (26% early vs 59%
late). There were six SDE in NSCLC metastatic and one in
all cases metastatic, which may indicate that the late stage
disease, independently of tumor subtype, introduces dif-
ferential expression of microRNAs. Finally, SCLC has two
upregulated microRNAs in the non-metastatic stage and one
in the total SCLC group. In SCLC there were also more late-
stage tumors diagnosed (25% early vs 53% late). SCLC is
the most aggressive type, often growing within weeks or a
few months to advanced disease, and in yearly CT screening
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programs this is the typical interval cancer (Aberle et al.
2011; de Koning et al. 2020; Silva et al. 2016). Regard-
ing time to diagnosis, the goal was to discover biomarkers
that could diagnose, predict or prognose lung cancer of any
major subtype some years prior to the clinical diagnosis.
This poses a challenge as a small, asymptomatic tumor may
not induce significant changes in microRNA profile in the
serum as an advanced metastatic tumor.

MicroRNA signatures as potential biomarkers

Several groups have reported different microRNA signatures
as potential biomarkers for early diagnosis of lung cancer
(Halvorsen et al. 2016; Pan et al. 2018) where these pan-
els achieved higher sensitivity and specificity compared to
single microRNAs (Han and Li 2018). This is consistent
with our findings, where a signature of 15 and six micro-
RNAs increased the predictive performance of lung cancer
and metastatic NSCLC, respectively, compared to the single
microRNAs except one. Furthermore, by combining both the
15- and 6-microRNA signatures with the original eight clini-
cal variables of the lung risk prediction model, HUNT Lung
Cancer Model, the lung cancer predictive performance fur-
ther increased to AUC > (.70, suggesting that microRNAs in
combination with clinical variables potentially can improve
lung cancer risk prediction. This is supported by the recent
results from Yu et al. (2022) which showed that microRNAs
can have an independent risk stratification beyond clinical
information such as age, smoking history, family history
of lung cancer and other variables used in lung cancer risk
prediction models. They reported that a signature of three
microRNAs (miR-142-3p, miR-148a-3p and miR-451a)
could substantially improve lung cancer risk prediction of
eight different lung cancer risk prediction models (LLPi,
Pittsburg Predictor, Bach, PLCOm2012, LLP, Hoggart,
Spitz, LCRAT), with an AUC improvement between 0.041
to 0.096 where the highest optimism corrected AUC was of
0.762 for the combination miR-score + LPP, Pittsburg Pre-
dictor or LCRAT (Yu et al. 2022). However, further studies
are needed to verify whether the microRNA signatures in
the present study can improve the lung cancer predictive
performance of the HUNT Lung Cancer Model.

Differences in microRNA expression and levels
between serum and plasma samples

A recent study by Wakabayashi et al. analysing total
microRNAs showed significant differences in serum
and plasma levels for around one third of the microR-
NAs tested (Wakabayashi et al. 2024). Furthermore, they
observed significant time-dependent changes of micro-
RNA levels in plasma and not in serum; about 20% of the
microRNAs tested tended to decrease in plasma with time
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during the 3 h period after blood collection (Wakabayashi
et al. 2024). These differences in serum and plasma levels
of microRNAs might be due to inherent biological differ-
ences as well as in differences in sample processing and
analysis. This may explain why we could not validate our
findings in plasma samples from the NOWAC and NSHDS
studies. However, we cannot rule out the possibility that
other studies may have different findings.

Comparison with published signatures

Up to date several studies have found diagnostic micro-
RNAs for NSCLC, AD and SQ, using serum or plasma
at diagnosis (Bottani et al. 2019; Zhong et al. 2021).
However, there are few overlapping findings between
these studies (Bottani et al. 2019; Zhong et al. 2021). A
recent large study of a 5-microRNA signature that was
validated in a Chinese and Caucasian population did not
overlap with other similar studies, and not with our study
(Ying et al. 2020). A validated 24-microRNA miR-Test,
designed to discern between benign and pathological
nodules detected by lung cancer screening (Sozzi et al.
2014b), had no overlap with the 15 microRNAs we found.
This may be due to different microRNA expression years
before clinical cancer rather than at diagnosis. It is known
that pre-diagnostic microRNAs are highly dynamic in lung
cancer patients and can be histology and stage dependent
(Umu et al. 2020). There might also be due to the already
mentioned difference of microRNA levels between serum
and plasma samples, as well as issues regarding the time
period and platform used for sequencing between stud-
ies as we know that the technology has evolved rapidly.
Batch effects are common in microRNA sequencing that
may alter outcomes between studies (Johnson et al. 2006).

MicroRNA in current versus former smokers, males
versus females and age differences.

Smoking can affect the microRNA expression (Wu et al.
2019). Several studies have reported very good results on
discerning between cases and controls, but many of them
have not taken into account the important confounding
effect of smoking status (Wozniak et al. 2015; Ying et al.
2020). Thus, some of the published signatures may reflect
smoking status rather than cancer. In our study we cor-
rected for current versus former smoking to avoid poten-
tially false discoveries. Studies have also shown strong
correlation of some microRNAs with both gender and age
(Rounge et al. 2018), therefore we corrected for those two
factors as well.
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Impact of sample processing and storage

The serum samples used in our study have been stored
in liquid nitrogen or — 80 °C freezers 20-22 years before
analysis with two freeze and thaw cycles. A study on micro-
RNAs in serum stored in ultra-low temperatures for up to
17 years showed no statistically significant changes of most
microRNAs (Matias-Garcia et al. 2020). Moreover they
found that miR-451a levels were altered due to contamina-
tion during sampling and that freeze-thawing of one to four
cycles showed an effect only on miR-30c-5p. None of these
microRNAs were significant in our study. Also, there are
no large differences in storage time between samples. Thus,
storage does not seem to introduce any significant bias in our
study. Hemolysis is regarded as a source of bias in serum
microRNA analysis as some microRNAs are abundant in
red blood cells (Kirschner et al. 2013; Pizzamiglio et al.
2017), these include mir-16, miR-21, mir-17, mir-92a, mir-
106a, mir-320, mir-324-3p, mir-451 and mir-486 (Kirschner
et al. 2013; Pizzamiglio et al. 2017). The miR-320 has also
been found overexpressed in serum of smokers versus never
smokers (Suzuki et al. 2016). None of the significant micro-
RNAs were found among these.

Strengths

There are several published papers on using circulating
microRNAs for early diagnosis of lung cancer (Bianchi et al.
2011; Seijo et al. 2019; Wang et al. 2015). However, lack of
follow-up studies and validations have hampered their clini-
cal implementation. Moreover, true pre-diagnostic samples
collected under standard conditions and comprehensive clin-
ical variables are scarce. Here, we have the advantage of the
population-based prospective HUNT study that included the
majority of the adult population in one Norwegian county in
several waves with ten-year intervals and a follow-up time of
up to 16 years. Importantly, the serum collected was accom-
panied by vital data and almost 200 questions on health and
lifestyle were answered by each participant. In the HUNT2
wave (1995-1997) and HUNT3 wave (2005-2008), more
than 65,000 and 33,000 unique participants were included,
respectively.

In a screening program, one of the worries is that one
discovers indolent lung cancers that may not be lethal. In
this study all cases had been diagnosed by clinical presen-
tation as there is no screening program in Norway. There-
fore, the microRNAs discovered here are linked to lethal
cancers (Supplementary Fig. 2). Importantly, we also had
detailed smoking history on all participants and therefore
could correct for smoking status, which is important for
serum microRNA expression (Wu et al. 2019). Likewise,
age and sex-specific microRNAs have been shown (Rounge
et al. 2018), and therefore it was very important to correct

for this. We also combined multiple SDE microRNA and
clinical variables that are included in a validated lung can-
cer risk prediction model, the HUNT Lung Cancer Model
(Markaki et al. 2018).

It is also important to point out that the material in our
study consist of serum samples from both individuals that
subsequently were diagnosed with metastatic as well as non-
metastatic lung cancer. This reflects the real world setting
where we have lung cancer cases with different biology and
natural courses, including cases with rapid development as
well as cases with longer interval from debut/localized to
metastatic disease.

Limitations

The main limitation of this study is the relative low number
of participants in the validation set. This may be the reason
for not finding more overlapping significant microRNAs in
this dataset. The scarcity of pre-diagnostic samples a short
time before diagnosis is the main reason for the small num-
ber of participants. However, contrary to several other stud-
ies that use few samples for high-throughput discovery, we
had a quite large and well-defined population for discovery,
thus lowering the risk for false positives and false negative
findings, being able to validate 15 microRNAs in the valida-
tion dataset. The purpose of early diagnosis of lung cancer is
to detect tumors before they metastasize. It would therefore
be of great interest to test the performance of the microRNA
signatures between controls and future non-metastatic (stage
I and II) cases. Subdividing the validation serum dataset
samples according to stage would lead to quite small sub-
cohorts (Supplementary Table 3), making it very challenging
to draw statistically valid conclusions. Thus, the limited size
of the validation serum dataset left this untested. However,
the samples used in the study are all pre-diagnostic samples
collected up to several years before clinical diagnosis. In the
discovery serum dataset, the expected time to diagnosis was
4.87,5.69, and 4.095 years for AD, SCLC, and SQ cases,
respectively (see Supplementary), therefore the microRNA
identified in the pre-diagnostic serum samples are most
likely present before metastatic disease. Consequently, the
microRNA candidates could represent biomarkers for early
stage diagnosis as well. A limitation regarding the micro-
RNA expression is that some significant miRNAs had very
low counts. However, the results should be robust, as all
validated microRNAs retained their significance after cor-
rection for library size. The FDR significance threshold was
set to 0.25 in this study. While a 0.25 threshold represents a
broad, liberal search that may include many false positives,
requiring that findings must be confirmed in the validation
datasets with the same deregulation direction should largely
discard many false positives.
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In conclusion

This study revealed novel serum biomarkers for AD, SQ,
SCLC and NSCLC which were validated in pre-diagnostic
serum samples up to 3.8 years before clinical diagnosis of
lung cancer in HUNT. They were not validated in plasma
in other pre-diagnostic samples and thus plasma is not suit-
able for this analysis. The lung cancer predictiveness of the
microRNAs increased by combining multiple microRNAs
to a signature and combining with the original eight clini-
cal variables from the HUNT Lung Cancer Model. To be
able to go forward with some of these biomarkers for early
clinical diagnosis, they need to be further validated in larger
pre-diagnostic serum datasets before clinical implementation
can be considered.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00432-024-05882-4.

Acknowledgements We are grateful to all participants in the HUNT,
NSHDS and NOWAC studies. We are thankful for the funding and sup-
port of the Liaison Committee between the Central Norway Regional
Health Authority and the Norwegian University of Science and Tech-
nology. The analyses of miRNA in NOWAC and NSHDS were sup-
ported by a grant from the Norwegian Research Council (FRIPRO
262111) and the Norwegian Cancer Society. Data from the Cancer
Registry of Norway (CRN) has been used in this publication. The
interpretation and reporting of these data are the sole responsibility
of the authors, and no endorsement by CRN is intended nor should be
inferred. The funding sources had no role in study conception; design;
in the collection, analyses and interpretation of the data; writing of the
manuscript; or decision to submit the paper for publication.

Author contributions All authors had full access to all the data in the
study and had final responsibility for the decision to submit for publi-
cation. Ioannis Fotopoulos: formal analysis, validation, data curation,
writing—original draft, investigation, writing—review and editing,
visualization. Olav Toai Duc Nguyen: conceptualisation, investigation,
writing—original draft, writing—review and editing, visualization.
Therese Haugdahl Ngst: formal analysis, validation, writing—review
and editing. Maria Markaki: writing—review and editing. Vincenzo
Lagani: methodology, writing—review and editing. Robin Mjelle: for-
mal analysis, validation, writing—review and editing. Torkjel Manning
Sandanger: methodology, writing—review and editing. Pal Setrom:
methodology, writing—review and editing loannis Tsamardinos: meth-
odology, writing—review and editing. Oluf Dimitri Rge: conceptuali-
sation, methodology, investigation, writing—original draft, writing—
review and editing, visualization, supervision, project administration.

Funding Open access funding provided by NTNU Norwegian Univer-
sity of Science and Technology (incl St. Olavs Hospital - Trondheim
University Hospital). This work was supported by Liaison Committee
between the Central Norway Regional Health Authority and the Nor-
wegian University of Science and Technology (NTNU). The analyses
of miRNA in NOWAC and NSHDS were supported by a grant from the
Norwegian Research Council (FRIPRO 262111) and the Norwegian
Cancer Society.

Data availability In agreement with the license agreements applicable
to this study, only the named authors were given full access to the data
during the study. This is to ensure that all personal and health informa-
tion of the participants in the HUNT2, HUNT3, NOWAK and NSHDS

@ Springer

is kept confidential. The raw data from the HUNT2, HUNT3, NOWAK
and NSHDS cohorts could be accessed upon reasonable request to the
originating cohorts. Access will be subject to compliance with local
ethical and security policies.

Declarations

Conflict of interest The authors have declared that no competing in-
terests exist.

Ethics approval The respective Regional Committees for Medical and
Health Research Ethics in Norway and Sweden approved each indi-
vidual study.

Consent to participate Participants included in the HUNT2, HUNTS3,
NOWAK and NSHDS cohorts all gave their written informed consent.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Aberle DR, Adams AM, Berg CD, Black WC, Clapp JD, Fagerstrom
RM et al (2011) Reduced lung-cancer mortality with low-dose
computed tomographic screening. N Engl J Med 365:395-409.
https://doi.org/10.1056/NEJMoal102873

Benjamini Y, Hochberg Y (1995) Controlling the false discovery rate:
a practical and powerful approach to multiple testing. J R Stat Soc
Ser B (methodological). 57:289-300. https://doi.org/10.1111/j.
2517-6161.1995.tb02031.x

Bianchi F, Nicassio F, Marzi M, Belloni E, Dall’olio V, Bernard L et al
(2011) A serum circulating miRNA diagnostic test to identify
asymptomatic high-risk individuals with early stage lung can-
cer. EMBO Mol Med 3:495-503. https://doi.org/10.1002/emmm.
201100154

Bottani M, Banfi G, Lombardi G (2019) Circulating miRNAs as diag-
nostic and prognostic biomarkers in common solid tumors: focus on
lung, breast, prostate cancers, and osteosarcoma. J Clin Med 8:1661

Condrat CE, Thompson DC, Barbu MG, Bugnar OL, Boboc A, Cretoiu
D et al (2020) miRNAs as biomarkers in disease: latest findings
regarding their role in diagnosis and prognosis. Cells. https://doi.
org/10.3390/cells9020276

de Koning HJ, van der Aalst CM, de Jong PA, Scholten ET, Nackaerts
K, Heuvelmans MA et al (2020) Reduced lung-cancer mortality
with volume CT screening in a randomized trial. N Engl J] Med
382:503-513. https://doi.org/10.1056/NEJMoal911793

Halvorsen AR, Bjaanaes M, LeBlanc M, Holm AM, Bolstad N, Rubio
L et al (2016) A unique set of 6 circulating microRNAs for early
detection of non-small cell lung cancer. Oncotarget 7:37250-
37259. https://doi.org/10.18632/oncotarget.9363

Han Y, Li H (2018) miRNAs as biomarkers and for the early detection
of non-small cell lung cancer (NSCLC). J Thorac Dis 10:3119-
3131. https://doi.org/10.21037/jtd.2018.05.32


https://doi.org/10.1007/s00432-024-05882-4
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1056/NEJMoa1102873
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1002/emmm.201100154
https://doi.org/10.1002/emmm.201100154
https://doi.org/10.3390/cells9020276
https://doi.org/10.3390/cells9020276
https://doi.org/10.1056/NEJMoa1911793
https://doi.org/10.18632/oncotarget.9363
https://doi.org/10.21037/jtd.2018.05.32

Journal of Cancer Research and Clinical Oncology (2024) 150:355

Page 130f 14 355

Johnson WE, Li C, Rabinovic A (2006) Adjusting batch effects in
microarray expression data using empirical Bayes methods. Bio-
statistics 8:118-127. https://doi.org/10.1093/biostatistics/kxj037

Kim T, Croce CM (2023) MicroRNA: trends in clinical trials of cancer
diagnosis and therapy strategies. Exp Mol Med 55:1314-1321.
https://doi.org/10.1038/s12276-023-01050-9

Kirschner MB, Edelman JJ, Kao SC, Vallely MP, van Zandwijk N,
Reid G (2013) The impact of hemolysis on cell-free microRNA
biomarkers. Front Genet 4:94. https://doi.org/10.3389/fgene.2013.
00094

Krokstad S, Langhammer A, Hveem K, Holmen TL, Midthjell K, Stene
TR et al (2013) Cohort profile: the HUNT Study, Norway. Int J
Epidemiol 42:968-977. https://doi.org/10.1093/ije/dys095

Law CW, Chen Y, Shi W, Smyth GK (2014) voom: Precision weights
unlock linear model analysis tools for RNA-seq read counts.
Genome Biol 15:R29. https://doi.org/10.1186/gb-2014-15-2-r29

Law CAM, Su S, Dong X, Tian L, Smyth GK, Ritchie ME (2018)
RNA-seq analysis is easy as 1-2-3 with limma Glimma and
edgeR [version 3; peer review: 3 approved]. F1000Research
5:1408

Liu R, Holik AZ, Su S, Jansz N, Chen K, Leong HS et al (2015) Why
weight? Modelling sample and observational level variability
improves power in RNA-seq analyses. Nucleic Acids Res 43:¢97.
https://doi.org/10.1093/nar/gkv412

Mantel N (1966) Evaluation of survival data and two new rank order
statistics arising in its consideration. Cancer Chemother Rep
50:163-170

Markaki M, Tsamardinos I, Langhammer A, Lagani V, Hveem K, Rge
OD (2018) A validated clinical risk prediction model for lung
cancer in smokers of all ages and exposure types: a HUNT study.
EBioMedicine 31:36—46. https://doi.org/10.1016/j.ebiom.2018.
03.027

Matias-Garcia PR, Wilson R, Mussack V, Reischl E, Waldenberger
M, Gieger C et al (2020) Impact of long-term storage and freeze-
thawing on eight circulating microRNAs in plasma samples. PLoS
ONE 15:€0227648. https://doi.org/10.1371/journal.pone.0227648

Mjelle R, Selleg K, Setrom P, Thommesen L, Sjursen W, Hofsli E
(2017) Identification of metastasis-associated microRNAs in
serum from rectal cancer patients. Oncotarget 8:90077-90089.
https://doi.org/10.18632/oncotarget.21412

Montani F, Marzi MJ, Dezi F, Dama E, Carletti RM, Bonizzi G et al
(2015) miR-Test: a blood test for lung cancer early detection. J
Natl Cancer Inst 107:djv063. https://doi.org/10.1093/jnci/djv063

National Cancer Institute (2022) Cancer Stat Facts: lung and bronchus
cancer. [Internet]. [cited February 19, 2022]. https://seer.cancer.
gov/statfacts/html/lungb.html

Ngst TH, Skogholt AH, Urbarova I, Mjelle R, Paulsen EE, Dgnnem
T et al (2023) Increased levels of microRNA-320 in blood serum
and plasma is associated with imminent and advanced lung cancer.
Mol Oncol 17:312-327. https://doi.org/10.1002/1878-0261.13336

Pan J, Zhou C, Zhao X, He J, Tian H, Shen W et al (2018) A two-
miRNA signature (miR-33a-5p and miR-128-3p) in whole blood
as potential biomarker for early diagnosis of lung cancer. Sci Rep
8:16699. https://doi.org/10.1038/s41598-018-35139-3

Peng Y, Croce CM (2016) The role of microRNAs in human cancer.
Signal Transduct Target Ther 1:15004. https://doi.org/10.1038/
sigtrans.2015.4

Pizzamiglio S, Zanutto S, Ciniselli CM, Belfiore A, Bottelli S, Gari-
boldi M et al (2017) A methodological procedure for evaluating
the impact of hemolysis on circulating microRNAs. Oncol Lett
13:315-320. https://doi.org/10.3892/01.2016.5452

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W et al (2015)
limma powers differential expression analyses for RNA-sequenc-
ing and microarray studies. Nucleic Acids Res 43:e47. https://doi.
org/10.1093/nar/gkv007

Rounge TB, Umu SU, Keller A, Meese E, Ursin G, Tretli S et al
(2018) Circulating small non-coding RNAs associated with age,
sex, smoking, body mass and physical activity. Sci Rep 8:17650.
https://doi.org/10.1038/s41598-018-35974-4

Seijo LM, Peled N, Ajona D, Boeri M, Field JK, Sozzi G et al (2019)
Biomarkers in lung cancer screening: achievements, promises,
and challenges. J Thorac Oncol 14:343-357. https://doi.org/10.
1016/j.jtho.2018.11.023

Silva M, Galeone C, Sverzellati N, Marchiano A, Calareso G, Sestini S
et al (2016) Screening with low-dose computed tomography does
not improve survival of small cell lung cancer. J Thorac Oncol
11:187-193. https://doi.org/10.1016/j.jtho.2015.10.014

Sozzi G, Boeri M, Rossi M, Verri C, Suatoni P, Bravi F et al (2014)
Clinical utility of a plasma-based miRNA signature classifier
within computed tomography lung cancer screening: a correla-
tive MILD trial study. J Clin Oncol 32:768-773. https://doi.org/
10.1200/jc0.2013.50.4357

Suzuki K, Yamada H, Nagura A, Ohashi K, Ishikawa H, Yamazaki M
et al (2016) Association of cigarette smoking with serum micro-
RNA expression among middle-aged Japanese adults. Fujita Med
J 2:1-5. https://doi.org/10.20407/fmj.2.1_1

Team RC (2018) R: a language and environment for statistical com-
puting. R Foundation for Statistical Computing, Vienna. https://
WWW.I-project.org.

Technology NUoSa (2020) Participation numbers. Norwegian Univer-
sity of Science and Technology. https://www.ntnu.edu/hunt/parti
cipation. Accessed 31 Oct 2020

Umu SU, Langseth H, Keller A, Meese E, Helland A, Lyle R et al
(2020) A 10-year prediagnostic follow-up study shows that serum
RNA signals are highly dynamic in lung carcinogenesis. Mol
Oncol 14:235-247. https://doi.org/10.1002/1878-0261.12620

Wakabayashi I, Marumo M, Ekawa K, Daimon T (2024) Differences
in serum and plasma levels of microRNAs and their time-course
changes after blood collection. Pract Lab Med 39:¢00376. https://
doi.org/10.1016/j.plabm.2024.e00376

Wang C, Ding M, Xia M, Chen S, Van Le A, Soto-Gil R et al (2015)
A five-miRNA panel identified from a multicentric case-control
study serves as a novel diagnostic tool for ethnically diverse non-
small-cell lung cancer patients. EBioMedicine 2:1377-1385.
https://doi.org/10.1016/j.ebiom.2015.07.034

Williams M, Cheng Y'Y, Blenkiron C, Reid G (2017) Exploring mecha-
nisms of microRNA downregulation in cancer. Microrna 6:2—16.
https://doi.org/10.2174/2211536605666161208154633

Wozniak MB, Scelo G, Muller DC, Mukeria A, Zaridze D, Brennan
P (2015) Circulating microRNAs as non-invasive biomarkers
for early detection of non-small-cell lung cancer. PLoS ONE
10:e0125026. https://doi.org/10.1371/journal.pone.0125026

Wu KL, Tsai YM, Lien CT, Kuo PL, Hung AJ (2019) The roles of
MicroRNA in lung cancer. Int J Mol Sci. https://doi.org/10.3390/
ijms20071611

Ying L, Du L, Zou R, Shi L, Zhang N, Jin J et al (2020) Development
of a serum miRNA panel for detection of early stage non-small
cell lung cancer. Proc Natl Acad Sci USA 117:25036-25042.
https://doi.org/10.1073/pnas.2006212117

Yu H, Raut JR, Bhardwaj M, Zhang Y, Sandner E, Schottker B et al
(2022) A serum microRNA signature for enhanced selection
of people for lung cancer screening. Cancer Commun (lond)
42:1222-1225. https://doi.org/10.1002/cac2.12346

Zhong S, Golpon H, Zardo P, Borlak J (2021) miRNAs in lung cancer.
A systematic review identifies predictive and prognostic miRNA
candidates for precision medicine in lung cancer. Transl Res
230:164-196. https://doi.org/10.1016/j.trs1.2020.11.012

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1093/biostatistics/kxj037
https://doi.org/10.1038/s12276-023-01050-9
https://doi.org/10.3389/fgene.2013.00094
https://doi.org/10.3389/fgene.2013.00094
https://doi.org/10.1093/ije/dys095
https://doi.org/10.1186/gb-2014-15-2-r29
https://doi.org/10.1093/nar/gkv412
https://doi.org/10.1016/j.ebiom.2018.03.027
https://doi.org/10.1016/j.ebiom.2018.03.027
https://doi.org/10.1371/journal.pone.0227648
https://doi.org/10.18632/oncotarget.21412
https://doi.org/10.1093/jnci/djv063
https://seer.cancer.gov/statfacts/html/lungb.html
https://seer.cancer.gov/statfacts/html/lungb.html
https://doi.org/10.1002/1878-0261.13336
https://doi.org/10.1038/s41598-018-35139-3
https://doi.org/10.1038/sigtrans.2015.4
https://doi.org/10.1038/sigtrans.2015.4
https://doi.org/10.3892/ol.2016.5452
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1038/s41598-018-35974-4
https://doi.org/10.1016/j.jtho.2018.11.023
https://doi.org/10.1016/j.jtho.2018.11.023
https://doi.org/10.1016/j.jtho.2015.10.014
https://doi.org/10.1200/jco.2013.50.4357
https://doi.org/10.1200/jco.2013.50.4357
https://doi.org/10.20407/fmj.2.1_1
https://www.r-project.org
https://www.r-project.org
https://www.ntnu.edu/hunt/participation
https://www.ntnu.edu/hunt/participation
https://doi.org/10.1002/1878-0261.12620
https://doi.org/10.1016/j.plabm.2024.e00376
https://doi.org/10.1016/j.plabm.2024.e00376
https://doi.org/10.1016/j.ebiom.2015.07.034
https://doi.org/10.2174/2211536605666161208154633
https://doi.org/10.1371/journal.pone.0125026
https://doi.org/10.3390/ijms20071611
https://doi.org/10.3390/ijms20071611
https://doi.org/10.1073/pnas.2006212117
https://doi.org/10.1002/cac2.12346
https://doi.org/10.1016/j.trsl.2020.11.012

355 Page140f14

Journal of Cancer Research and Clinical Oncology (2024) 150:355

Authors and Affiliations

loannis Fotopoulos’ - Olav Toai Duc Nguyen?? . Therese Haugdahl Ngst*® - Maria Markaki® - Vincenzo Lagani’3? .
Robin Mjelle>>'° . Torkjel Manning Sandanger® - Pal Seetrom

Oluf Dimitri Rge231314

<4 Oluf Dimitri Rge
oluf.roe @ntnu.no

Department of Computer Science, University of Crete,
700 13 Heraklion, Crete, Greece

Department of Clinical and Molecular Medicine,
NTNU-Norwegian University of Science and Technology,
Prinsesse Kristinas Gate 1, 7030 Trondheim, Norway

Cancer Clinic, Levanger Hospital, Nord-Trgndelag Health
Trust, Kirkegata 2, 7600 Levanger, Norway

Department of Community Medicine, Faculty of Health
Sciences, UiT The Arctic University of Norway,
P.O. Box 6050 Langnes, 9037 Tromsg, Norway

K.G. Jebsen Center for Genetic Epidemiology, Department
of Public Health and Nursing, NTNU-Norwegian University
of Science and Technology, Postboks 8905, 7491 Trondheim,
Norway

Institute of Applied and Computational Mathematics,
FORTH, 700 13 Heraklion, Crete, Greece

@ Springer

2,5,10,11

9

- loannis Tsamardinos'®'2.

Institute of Chemical Biology, Ilia State University, 3/5,
Kakuca Cholokashvili Ave, Tbilisi, Georgia

Biological and Environmental Sciences and Engineering
Division (BESE), King Abdullah University of Science
and Technology KAUST, Thuwal, Saudi Arabia

SDAIA-KAUST Center of Excellence in Data Science
and Artificial Intelligence, 23952 Thuwal, Saudi Arabia

Bioinformatics Core Facility, NTNU-Norwegian University
of Science and Technology, 7491 Trondheim, Norway

Department of Computer Science, Norwegian University
of Science and Technology, 7491 Trondheim, Norway

JADBio Gnosis DA S.A., STEP-C, N. Plastira 100,
700-13 Heraklion, Greece

Department of Oncology and Clinical Cancer Research
Center, Aalborg University Hospital, 9000 Aalborg, Denmark

Department of Clinical Medicine, Aalborg University
Hospital, 9000 Aalborg, Denmark



	Promising microRNAs in pre-diagnostic serum associated with lung cancer up to eight years before diagnosis: a HUNT study
	Abstract
	Introduction 
	Methods 
	Results 
	Conclusion 

	Introduction
	Methods
	Discovery dataset in pre-diagnostic serum
	Validation in pre-diagnostic serum samples
	Validation in pre-diagnostic plasma samples
	microRNA analysis
	Statistical analysis

	Results
	RNA expression
	Discovery dataset univariate analysis
	Pre-diagnostic serum validation dataset in HUNT3
	Combining biomarkers alone and with clinical variables
	Pre-diagnostic plasma validation datasets in NOWAC and NSHDS

	Discussion
	Significant differentially expressed (SDE) microRNAs and histological subtypes
	MicroRNA signatures as potential biomarkers
	Differences in microRNA expression and levels between serum and plasma samples
	Comparison with published signatures
	MicroRNA in current versus former smokers, males versus females and age differences.
	Impact of sample processing and storage
	Strengths
	Limitations
	In conclusion

	Acknowledgements 
	References




