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Profiling of 179 miRNA Expression 
in Blood Plasma of Lung Cancer 
Patients and Cancer-Free 
Individuals
Ivan A. Zaporozhchenko  1,2, Evgeny S. Morozkin1,2, Anastasia A. Ponomaryova3,4, Elena Y. 
Rykova1,5, Nadezhda V. Cherdyntseva3,6, Aleksandr A. Zheravin2, Oksana A. Pashkovskaya2, 
Evgeny A. Pokushalov2, Valentin V. Vlassov1 & Pavel P. Laktionov1,2

Lung cancer is one of major cancers, and survival of lung cancer patients is dictated by the timely 
detection and diagnosis. Cell-free circulating miRNAs were proposed as candidate biomarkers for 
lung cancer. These RNAs are frequently deregulated in lung cancer and can persist in bodily fluids for 
extended periods of time, shielded from degradation by membrane vesicles and biopolymer complexes. 
To date, several groups reported the presence of lung tumour-specific subsets of miRNAs in blood. 
Here we describe the profiling of blood plasma miRNAs in lung cancer patients, healthy individuals and 
endobronchitis patients using miRCURY LNA miRNA qPCR Serum/Plasma Panel (Exiqon). From 241 
ratios differently expressed between cancer patients and healthy individuals 19 miRNAs were selected 
for verification using the same platform. LASSO-penalized logistic regression model, including 10 
miRNA ratios comprised of 14 individual miRNAs discriminated lung cancer patients from both control 
groups with AUC of 0.979.

Lung cancer (LC) is causing more than 1.3 million deaths worldwide annually1. Early detection of lung cancer is 
critical for survival, as indicated by the more than tenfold (4 vs 54%) difference in the 5-year survival rate between 
early stage LC and progressed disease2. Screening and diagnosis of lung cancer is generally based on chest radi-
ography, computed tomography, and magnetic resonance imaging, aided by histopathological examination of 
resected tumour tissue and material from bronchoscopy biopsies, fine needle aspirations or sputum in order to 
confirm the diagnosis and determine the tumour subtype. Unfortunately, current methods fail to reliably detect 
localized early stages and most patients are diagnosed with advanced disease that cannot be effectively treated 
locally3,4. Despite recent advancements in screening applications of low dose computed tomography (LDCT), an 
emerging contender for LC screening technique, the number of incidentally found benign lung nodules exceeds 
cancer diagnoses by a factor of 405. The situation is further complicated by the high intratumour heterogeneity 
and general histological diversity of lung malignancies3.

Study of tumour genetics and molecular mechanisms of cancer have opened the door to the molecular cancer 
diagnostics6. So far, the results are promising, but most developed tests are based on invasive sample acquisition 
techniques (e.g. Epi proLung by Epigenomics AG that uses bronchial lavage), creating a barrier for their routine 
use in LC diagnosis and prohibiting their application for LC screening. On the other hand, circulating blood 
is firmly established as a lucrative source of lung cancer biomarkers, due to the high blood perfusion of the 
tumours7. Previously, tumour-derived nucleic acids were found circulating in the bloodstream of cancer patients8. 
Of particular interest are the cell-free miRNAs – small non-coding RNAs that regulate expression of a significant 
part of the genome, including genes involved in malignant transformation9. Several properties of miRNAs suggest 
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them as possible candidate biomarkers for LC. To date, a plethora of studies showed that miRNAs are frequently 
(and often drastically) deregulated in most human cancers, including lung cancer, and shifts in miRNA expres-
sion are considered one of the characteristic features of malignant transformation9. It is also known that miRNAs 
can travel in bodily fluids for extended periods of time, shielded from degradation by membrane vesicles and 
biopolymer complexes10–13. This layer of protection plays a critical role in defining their stability and accessi-
bility as disease biomarkers. So far, a number of groups have reported specific subsets of circulating miRNAs in 
blood that were linked to tumour location, clinical properties, and genetic phenotypes, including certain EGFR 
mutations and ALK fusion positivity10,14–16. Even more importantly, miRNAs have been proposed as indicators of 
disease progression, metastasis, patient prognosis and survival17–19. However, in spite of numerous reports show-
ing the potential of circulating miRNAs in the diagnosis of LC, to our knowledge only two blood-based miRNA 
panels have successfully progressed to clinical testing as complementary tests for LDCT20,21. However, in view of 
these success stories there are still many gaps in our knowledge regarding both the features of miRNA biology in 
cancer and the key technical aspects of their use as biomarkers.

Previously we have developed a method for isolation of circulating miRNA from blood and validated it using 
a panel of candidate biomarker miRNAs22,23. In the present study we investigated the expression of 179 cell-free 
miRNAs in blood plasma of non-small cell lung cancer patients and healthy individuals in order to identify 
potential markers for lung cancer diagnostics.

Results
Study design. In this study, we have attempted to investigate the pool of miRNAs, circulating in blood 
plasma of lung cancer patients, in search of biomarkers for detection of lung cancer (Fig. 1). Non-small cell lung 
cancer patients diagnosed with squamous cell carcinoma (SCC) and adenocarcinoma (AD) were enrolled in 
the study, and were analysed either individually or as a combined lung cancer (LC) group. In addition to cancer 
patients, study population also included a non-cancerous lung disease control group comprised of individuals 
diagnosed with hyper- or metaplastic endobronchitis (EB) and cancer-free group of healthy volunteers (HD). 
To isolate plasma miRNA we employed an original phenol-free extraction technique used in our groups’ previ-
ous reports. For profiling of miRNA the miRCURY LNA qPCR platform was chosen as it previously compared 
favourably to other options of measuring miRNA expression in samples with low RNA content, such as blood 
plasma and serum24. At the first phase of the study, the data of miRNA expression in SCC, AD and HD groups 
was obtained and a subset of 19 miRNAs was selected for further study. Next, additional information about the 
expression of these miRNAs was obtained using an independent sample of LC patients, HD and EB samples. 
Finally, LASSO penalized regression model based on miRNA ratios was fitted using the data from both data sets.

Profiling in discovery set. Small RNAs were isolated from blood plasma of 20 LC patients (14 SCC and 
6 AD) and 10 healthy individuals (HD). Profiles of miRNA expression were obtained using miRCURY LNA 
miRNA qPCR Serum/Plasma panel (Exiqon) incorporating assays for 179 miRNAs most commonly found in 
peripheral blood. The presence of miRNA in all samples was assessed by qRT-PCR for miR-16 and -126 before 
shipping and upon arrival at Exiqon by the internal quality control. All samples passed internal QC checks for 
reverse transcription and qPCR efficiency, although several samples had elevated haemolysis scores, and one 
sample (H02) had a particularly high score (Supplementary Fig. S1). The data obtained after profiling of these 
samples were the discovery dataset.

Exploratory analysis of the discovery set identified significant differences in the expression of subsets of miR-
NAs (Fig. 2). Although principal component analysis did not identify any meaningful clustering of samples by 
group, unsupervised clustering showed that most samples were gravitating towards one of two groups - cancer 
and non-cancer, without any regard for cancer subtype. An exception to this rule was a group of five samples 
on the left side of the plot, consisting of samples from all three groups, which shared some similarity to the 
non-cancer group. Pairwise comparisons between all three groups showed that 18 miRNAs were significantly 
different between SCC patients and healthy individuals according to pairwise comparisons of miRNA expression 

Figure 1. Overview of the Study Design. LC – lung cancer patients, HD- healthy individuals, EB – patients with 
endobronchitis.
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(T-test, p < 0.05, Benjamini-Hochberg correction) (Table 1). At the same time, no differences in miRNA expres-
sion between the AD and either SCC or HD groups passed the significance threshold. Based on the lack of 
observed differences in either analysis, SCC and AD patients were merged into a combined LC group for all 
further analyses.

Comparison of the results to The Cancer Genome Atlas project data. In order to test, whether the 
results comply with any known patterns of miRNA expression in lung cancer tissues we have looked into the 
publicly available data. The miRNA-Seq data from tumour tissues and adjacent normal lung tissues of 45 SCC 
patients enrolled in the TCGA-LUSC project was retrieved and the expression of deregulated miRNAs, identified 
at the previous step, was compared between the two sets.

Using paired comparison statistics, we found that some of miRNAs in Table 1 that were deregulated in plasma 
of SCC patients were also deregulated in the lung tumours of patients enrolled in the TCGA-LUSC project, which 
suggests that tumours may be the primary source of variation for the levels of these miRNAs in the bloodstream 
(Fig. 3). For miR-210 and -130b significant upregulation of expression in tumour tissue was discovered at both 
pre-miRNA and mature miRNA levels, while for miR-19a, -19b, 15b and miR-324 only the changes in hairpin 
expression were found. Similarly, miR-144, -150, -29b, -29c, -486, -22 were downregulated at both levels, while 
only mature miR-30e and -425 were downregulated.

Ratio-based statistical analyses of miRNA expression. Following the exploratory analyses, we have 
looked at how discovery set data can be verified. Reproducing panel expression data can be problematic due to the 
lack of stable normalizers to properly relate the expression for circulating miRNAs and act as a substitute for the 
stable global mean normalization. To circumvent this issue ratio based normalization was applied to all miRNAs 
with call rates higher than 80% resulting in a total of 9729 miRNA ratios. One sample with low miRNA counts 
and/or potential haemolysis was eliminated from further analysis (H02). Statistical comparison using two-way 

Figure 2. Profiling of plasma miRNA expression in discovery set. (A) Heatmap and unsupervised clustering of 
miRNAs with most variable expression in all samples; (B) Volcano plot of top miRNAs differentiating SCC and 
HD; (C) Box plots of differently expressed miRNAs. Global mean normalized miRNA expression.
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ANOVA identified 241 ratios (98 individual miRNAs) with significantly different expression between HD and the 
combined LC group (p < 0.05, Benjamini-Hochberg correction) (Fig. 4A,B).

Unsurprisingly, many of the miRNAs found in Table 3, such as miR-19a, -19b, -144, 150, 22-3p and -16 were 
highly represented in the ratios with significantly different expression, as indicated by Fig. 4B. However, few miRNA, 
not previously in the analysis were also common, including miR-133b, let-7b and let-7i, which may indicate their 
role as relatively stable miRNAs not concerned with lung tumorigenesis. Notably, miR-324 was also often found in 
differently expressed ratios, despite the low significance level of its expression in respect to global mean.

One disadvantage of using ratio-based normalization on large sets of miRNAs is that the number of significant 
predictors can be artificially inflated by the presence of multiple ratios with high collinearity. To reduce the complex-
ity of the data we used a combination of different tools. Firstly, we used LASSO-penalized regression to identify min-
imal subsets of miRNA ratios that discriminate between cancer and non-cancer groups with absolute specificity and 
sensitivity. Secondly, we looked at several recent reports of haemolysis-related miRNAs25,26 and performed manual 
filtering of miRNAs tentatively associated with haemolysis in stringent and semi-stringent modes (Supplementary 
Table S1). After reviewing the composition of models resulting from filtered and non-filtered ratio sets, also taking 
into account the magnitude of observed differences (no less than 1 Cq mean difference between two ratios), seven 
miRNA ratios were identified as best predictors of cancer (Supplementary Fig. S2).

Figure 3. Volcano plots of pre-miRNA and mature miRNA expression in matched tumour and adjacent normal 
tissue of squamous cell carcinoma patients. TCGA-LUSC project miRNA-Seq data, RPM normalized. Median 
log2 difference in expression between matched tumour and normal tissue samples.

miRNA

Mean dCq SD Fold 
change P-value

Adjusted 
P-valueSCC HD SCC HD

hsa-miR-19a-3p 2.6 0.24 1.1 0.56 5.1 0.0000012 0.00020

hsa-miR-19b-3p 3.9 1.4 1.2 0.30 5.3 0.0000034 0.00029

hsa-miR-130b-3p −6.0 −6.8 0.43 0.30 1.7 0.000082 0.0046

hsa-miR-30e-5p −1.5 −3.5 1.5 0.46 4.0 0.00017 0.0072

hsa-miR-486-5p 0.85 1.8 0.62 0.43 −1.9 0.00023 0.0074

hsa-miR-22-3p −0.93 −3.2 1.7 0.79 4.8 0.00026 0.0074

hsa-miR-16-5p 7.1 5.4 1.2 0.89 3.4 0.00037 0.0088

hsa-miR-15b-3p −2.3 −3.1 0.52 0.45 1.7 0.0010 0.021

hsa-miR-29c-3p −0.96 −2.3 1.1 0.66 2.5 0.0011 0.021

hsa-miR-140-3p −0.19 −1.5 1.2 0.41 2.4 0.0013 0.021

hsa-miR-29b-3p −2.1 −2.9 0.69 0.47 1.8 0.0015 0.023

hsa-miR-210 −3.8 −6.3 1.6 1.3 5.8 0.0018 0.025

hsa-miR-24-3p 0.26 −0.41 0.57 0.39 1.6 0.0026 0.033

hsa-miR-144-5p −3.2 −1.9 0.89 0.94 −2.5 0.0029 0.034

hsa-miR-20a-5p 2.6 3.2 0.59 0.30 −1.5 0.0037 0.040

hsa-miR-222-3p −0.72 −1.6 0.64 0.57 1.8 0.0038 0.040

hsa-miR-150-5p −1.5 −0.38 0.88 0.74 −2.1 0.0041 0.040

hsa-miR-425-5p −1.2 −2.4 0.95 0.87 2.4 0.0046 0.043

hsa-miR-324-5p −5.5 −7.1 0.84 0.94 3.1 0.0061 0.053

hsa-miR-133a −8.2 −5.8 1.3 2.0 −5.1 0.0063 0.053

Table 1. List of miRNAs significantly differently expressed between patients with squamous cell carcinoma 
(SCC) and healthy individuals (HD).
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Based on the accumulated data we have selected 19-miRNAs for verification, including miRNAs from ratios 
comprising best performing regression models while also keeping the number of significant miRNA connections 
maximized. Additionally, several individual miRNA markers identified in the exploratory phase and a set of sta-
bly expressed miRNAs were included in the panel to serve as a measure of quality control (Fig. 4B).

Verification of miRNA expression. Expression of the 19 selected miRNAs was measured in an inde-
pendent sample of LC patients, healthy individuals (HD) and patients diagnosed with hyper- and metaplastic 
endobronchitis (EB) using custom miRCURY LNA miRNA qPCR Pick & Mix panel. Samples were tested for 
haemolysis and presence of miRNA prior to shipping by performing qRT-PCR for miR-23a and miR-451a. Only 
samples with miR-23a/miR-451a ratio of dCq < 7.5 were analysed. These data comprised the verification dataset 
(Supplementary Dataset 1).

Figure 4. Analysis of miRNA expression after ratio-based normalization. (A) Volcano plot of significant 
miRNA ratios. Red – significant at 0.05 after Benjamini-Hochberg correction, orange – median fold change 
between cancer and healthy groups >1 (dCt difference >2), green – both. Names are provided for ratios at 
p < 0.001; (B) Network graph of miRNAs in differently expressed ratios (Kamada-Kawai); (C) Boxplots of ratios 
with significantly different expression in discovery set comprised of 19 selected miRNAs.
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Ratio-based normalization was applied to the data and expression of miRNA ratios was compared between 
the groups. At large, the differences between the groups were less pronounced than in the original experiment. 
Nevertheless, pairwise comparisons showed that 26 ratios were different between LC and HD, 29 were different 
between EB and HD and 56 were different between LC and EB patients (ANOVA, p < 0.05, Benjamini-Hochberg 
correction), thus indicating that all three groups were characterized by distinct profiles of plasma miRNA 
expression (Fig. 5A,B, Supplementary Dataset 2). Set of 20 ratios in Table 2 had significantly different expression 
between LC and both EB and HD control groups (ANOVA, p < 0.05, Benjamini-Hochberg correction).

We also looked at the consistency of changes in miRNA expression across the two experiments by comparing 
the sets of significantly deregulated miRNA ratios. Several miRNAs, notably the miR-19a and -19b, and several 
low abundance miRNAs, exhibited inconsistent expression, which affected the performance of ratios including 
these miRNAs. Overall, 35 ratios consistently deregulated in both sets were selected for further analysis (Fig. 5). 
Under the assumption that there were no significant differences in the experimental conditions the data from 
both experiments were pooled together. This step was additionally justified by the Kolmogorov-Smirnov tests 
indicating no difference in distribution of miRNA expression between the two datasets in either HD or LC 
groups. Figure 5C displays the expression of selected miRNA ratios in the combined dataset.

Performance of selected miRNA ratios was measured as the ability of miRNA ratios to correctly classify sam-
ples from the combined dataset into cancer (SCC and AD) or non-cancer (HD and EB) groups. ROC curves for 
ratios with area under curve (AUC) over 0.7 are shown in Fig. 6. Only two ratios had AUC of 0.8 or higher – miR-
484/miR-222-3p and miR-484/miR-324-5p. Interestingly, the performance of ratios was largely unaffected by the 
presence of samples from patients with endobronchitis, as indicated by lack of differences between dotted and 
solid lines. This may suggest that expression profile of endobronchitis may be within the bounds of physiologi-
cally normal concentrations at least as the majority of miRNAs retained at this stage of the analysis are concerned.

Bootstrap-enhanced LASSO-penalized logistic regression on combined data set was performed for miRNA 
ratios with AUC >0.7 (Fig. 7). The AUC of regression models in bootstrap samples had a mean of 0.9312 (95% 
CI 0.9305-0.9320) with 1st and 3rd quantiles of 0.9215 and 0.9429, respectively. Variable importance in most boot-
strap samples was dominated by 10 miRNA ratios containing 14 miRNAs (miR-22-3p/miR-210, miR-107/miR-
222-3p, miR-19b-3p/miR-484, miR-150-5p/miR-144-5p, miR-484/miR-374a-5p, miR-484/miR-338-3p, miR-484/
miR-324-5p, let-7i-5p/miR-222-3p, miR-22-5p/miR-324-5p, miR-374a-5p/miR-133b). Lambda corresponding to 
minimum Brier score was used to fit the final regression model. In the absence of independent validation data, 
the model was used to predict the classes of the entirety of combined dataset as cancer or non-cancer, yielding an 
AUC of 0.979.

Discussion
In this study, we investigated the expression of miRNA in blood plasma of LC patients and cancer-free individuals 
using miRCURY LNA miRNA qPCR, a platform previously reported to have sensitivity and robustness superior 
to other widely available platforms, especially in the lower concentration range, which is critical for study of 
cell-free miRNAs24. The results obtained after two-step investigation of miRNA expression further promote the 
notion of miRNA potential as blood-borne cancer biomarkers. However, out of the enormous amount of miRNA 
biomarker studies produced to date, only two miRNA panels for diagnosis of lung cancer have successfully pro-
ceeded into clinical trials20,21. The development of molecular diagnostics involves understanding the biology of 

Ratio P P adjusted Fold change

miR-150-5p/let-7i-5p 2.27E-05 0.003888 −1.02401

miR-150-5p/miR-144-5p 0.000218 0.009329 −0.87207

miR-484/miR-222-3p 0.000111 0.009329 1.094977

miR-484/miR-324-5p 0.00019 0.009329 1.079881

miR-22-3p/miR-222-3p 0.000531 0.009413 1.254322

miR-30e-5p/miR-222-3p 0.000373 0.009413 0.728391

miR-363-3p/miR-150-5p 0.000309 0.009413 1.142667

miR-25-3p/miR-150-5p 0.000588 0.009413 1.176

miR-25-3p/miR-215 0.000606 0.009413 0.801954

miR-484/miR-374a-5p 0.000518 0.009413 1.189276

miR-374a-5p/miR-133b 0.00057 0.009413 −1.3027

miR-22-3p/miR-324-5p 0.000844 0.012032 1.233095

miR-484/miR-338-3p 0.001091 0.014354 1.051429

miR-363-3p/miR-215 0.001563 0.019091 0.788609

miR-150-5p/miR-484 0.002034 0.023183 −1.42567

miR-30e-5p/miR-324-5p 0.002371 0.025336 0.768519

miR-22-3p/miR-338-3p 0.00282 0.028369 1.146786

miR-22-3p/miR-374a-5p 0.004404 0.041843 1.305524

miR-484/miR-22-5p 0.004784 0.043059 0.582635

miR-363-3p/miR-222-3p 0.005289 0.045222 0.821805

Table 2. Ratios with significant difference between LC and non-cancer groups in verification set.
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the biomarker, including its quantitative and qualitative properties and their dynamics, and developing the ana-
lytical techniques tailored to detect the changes of said properties. To date a plethora of issues rooted in both of 
these areas, including the problems with design, technical reproducibility and credibility of RNA biomarker stud-
ies have been identified and discussed, several of which are directly applicable to the current study27–29. Our cur-
rent findings and previous experience suggest a few discussion points, which can be added to this conversation.

Initial premise of the study was to explore the profiles of miRNA expression in SCC and AD, and patients 
with both diagnoses were included in the discovery profiling. Later all samples of cancer patients were consoli-
dated into a single group. In the course of the study we discovered, that recruiting a matching sample of adeno-
carcinoma patients has proved harder than expected, because of the high prevalence of smoking-related SCC 
incidence in local population. Small sample size may explain the observed lack of differences between AD and 
other groups. Combining the lung cancer subtypes allowed us to expand the sample size and approximate the 

Figure 5. Boxplots of miRNAs deregulated in both sets. (A) Volcano plots of miRNA expression for ratios 
significantly deregulated in both discovery and verification sets and pooled data; (B) Expression of miRNA 
ratios in discovery set and verification sets; (C) Expression of miRNA ratios in pooled data.
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experimental conditions to the features of the general population. The merging of healthy volunteers and endo-
bronchitis patients into non-cancer group in some analyses also served a similar purpose. Heterogeneity of the 
screened population should be factored in at some point in the development of diagnostic biomarkers. It can be 
achieved by narrowing the scope via stratification by a set of clinical or demographic parameters, or by including 
a wider range of associated conditions, such as inflammatory and non-cancerous diseases, to the study as control 
groups. To date very few groups have attempted the latter, and most miRNA biomarker studies have chosen the 
stratification route.

Normalization of expression is another common problem of miRNA studies in biological fluids. So far, no 
suitably stable “house-keeping” miRNAs have been discovered in blood30. Here, to normalize miRNA expression 
we used ratio-based strategy proposed previously31. This approach is helpful, considering the nature of circu-
lating miRNA, but it also creates difficulties for analysis and interpretation of the data. The number of miRNA 
ratios generated by this approach is high, and thus additional selection steps are required, with the added risk of 
overfitting and losing valuable data. Interpretation of the relations between the miRNAs in the ratios can also be 
a complex task. Here we attempted to resolve it by mapping the connections between the selected miRNAs, with 
the assumption that largest nodes will present the most de-regulated and thus diagnostically significant miRNA 
markers. However, in some case it may be argued that miRNAs with many connections can also be those with 
stable expression, while biomarker miRNAs may be outliers.

One major issue we have faced was high variability of miRNA expression both within and between the exper-
iments, which complicates the comparison between cancer and disease-free groups. The extent of variability of 
known circulating miRNAs and the factors dictating the changes in their expression are still unknown, because 
the understanding of the mechanisms regulating the entry and clearance of miRNAs in circulation is still vague. 
Thus, we cannot strictly differentiate between miRNA molecules appearing in the circulation in response to spe-
cific events in the tumour and the ones that are associated with physiological shifts and cyclical events during nor-
mal functioning of the human body. Unclear is also the effect of each of these factors on the overall concentration 
of specific miRNA in blood. The procedures used for sampling and processing of plasma, and miRNA extraction 
can also be a factor, as illustrated by the effects of haemolysis32. The reported difference in expression between 
condition and control groups is often comparable with the combined error of the detection assay (0.5–1.5 Cq), 
at which point performance of miRNAs as biomarkers is certainly affected. Development of strict inclusion cri-
teria for miRNA samples, based on current analytical techniques and the properties of cell-free miRNA, may be 
required to tackle this issue. More than anything we feel that our study shows that close attention should be paid 
to these issues before miRNAs can be adopted as disease markers.

Consistent with other reports, our data has revealed many differences in miRNA expression between the can-
cer and cancer-free groups. No apparent switch expression of any miRNAs was discovered, as was expected since 
the expression of only few miRNAs is truly tissue- or organ-specific, while miRNAs found in plasma originate 
from a variety of locations in the body. However, substantial quantitative differences have been discovered and 
many of the deregulated miRNAs shown in Table 1 are known to be associated with malignant processes in the 
lung, acting oncogenes or tumour suppressors.

The miR-19a/b come from a well-known family of oncogenic miRNAs – miR-17-92 cluster, known also as 
oncomir-1. It was reported to be involved in development of lung cancer by inhibiting apoptosis through target-
ing PTEN and TP5333–35. MiR-19b has been linked to NSCLC and, specifically, squamous cell carcinoma con-
sistent with our current and previous findings. In Boeri et al. ratios based on the upregulation of miR-19b were 
included in the signatures of risk and diagnosis31. Both our data and previous research demonstrate that high 
expression of miR-19b is a characteristic of disease23,31,36–38. Another miRNA - miR-324 - has tumour suppressive 

Characteristic

Discovery set Verification set

Lung cancer 
patients

Healthy 
individuals

Lung cancer 
patients

Healthy 
individuals

Endobronchitis 
patients

n = 20 n = 10 n = 30 n = 20 n = 10

Age

Mean ± SD 65.0 ± 7.8 51.8 ± 10.0 62.2 ± 5.5 54.3 ± 8.6 61.0 ± 5.4

Range (41–79) (31–66) (55–78) (42–67) (57–71)

Gender

Male 20 10 28 18 10

Female — — 2 2 —

Non-smokers 3 2 2 3 —

Tumour stage

I 1 — 2 — —

II (A, B) 10 — 14 — —

III (A, B) 9 — 14 — —

IV — — — —

Tumour subtype

Squamous cell carcinoma (SCC) 14 — 28 — —

Adenocarcinoma (AD) 6 — 2 — —

Table 3. Overview of the study population.
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effects in breast and colon cancers and hepatocellular carcinoma39,40. However, it has also been shown to be over-
expressed in tumour tissue and plasma of patients with NSCLC, which may indicate its oncogenic role in lung 
cancer31,41. Upregulation of miR-210 in NSCLC tissues was demonstrated in a recent integrative study based on 
32 previous profiling studies42. It was also repeatedly shown to be upregulated in plasma and serum of lung cancer 
patients31,43,44. The role of miR-222-3p in lung cancer is also unclear. Some reports describe it as an oncogenic 
miRNA45, while others have demonstrated its ability to inhibit growth of lung cancer cells46. Its expression in 
blood has been previously associated with advanced stage of NSCLC and suggested as a marker of lung adenocar-
cinoma47,48. Expression of miR-150 is often deregulated in lung cancer, and it was shown to promote metastasis 
and proliferation of cancer cells by targeting FOXO4 and SRC kinase signalling inhibitor 149–51. Upregulation of 
miR-150 expression was associated with poor survival of lung cancer patients and its expression in plasma corre-
lated with the effect of radiation treatment52,53. Invasion and proliferation of lung cancer cells is also regulated by 
miR-15b targeting of TIMP254. It was previously shown to be deregulated in lung tumour tissue in an integrative 
analysis and suggested as NSCLC marker in serum and plasma31,55,56. MiR-140 is a tumour-suppressor57–59, previ-
ously included in diagnosis signature of lung cancer31,60. In contrast to previous reports, our data showed its over-
expression in plasma of lung cancer patients. Another tumour suppressor is miR-144, which inhibits proliferation 
and apoptosis, and regulates glucose metabolism of cancer cells61–63. This miRNA is not currently considered as a 

Figure 6. ROC curves of most deregulated miRNAs. Solid curves- LC vs both control groups, dotted curves– 
LC vs HD.
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prospective lung cancer biomarker, but its expression was significantly downregulated in lung cancer patients in 
our data. Two arms of miR-22 might have opposite roles in lung cancer. The dominant or guide arm - miR-22-3p 
- acts as tumour suppressor and inhibits growth and metastasis64,65. While its passenger strand - miR-22-5p was 
shown to be elevated in serum of NSCLC, suggesting its possible oncogenic role66. In contrast to these reports, 
miR-22-3p was highly upregulated in lung cancer patients in our study. Lastly, expression of miR-30e was down-
regulated in lung tumour tissue, and suggested as serum based marker of NSCLC55,56,67. Here our data comes into 
another contradiction to some of the previous reports. A possible explanation for the discrepancies between our 
data and previous reports may be the different methodologies used to extract and measure miRNA in blood, once 
gain highlighting the need for unified guidelines for cell-free miRNA analysis. Use of different fractions of blood 
– plasma or serum, which may carry different pools of circulating miRNAs, such as protein- or vesicle-bound 
miRNAs, may also contribute to the problem. Finally, another factor can be the general inconsistency of miRNA 
expression in biological fluids that we have touched upon previously.

Several prominent miRNAs that were deregulated in the discovery set were not included in the further study. 
For example, miR-486 has previously been shown to be involved in a regulatory pathway along with p53 and 
another notable miRNA – miR-66068. Unfortunately, its plasma levels have also been shown to be susceptible to 
haemolysis and its downregulation in the lung is unlikely to be detected in blood, as it is easily masked by miR-
NAs derived from sources other than lung. For instance, it is reportedly expressed in the erythroid progenitor 
cells and regulates their differentiation69. Masking effect can be present for other miRNAs as well, and in this 
study, we exerted special care when dealing with downregulated miRNAs and mostly concentrated on those that 
were upregulated. In order to include a downregulated miRNA in a diagnostic panel, it is highly suggested to have 
comprehensive evidence of its primary tissues of origin in circulation.

Overall, our results are in good correspondence with previous findings and observed plasma miRNA profiles give 
a good representation of miRNA expression in lung tumours. Based on data from both analysed datasets we propose a 
14-miRNA signature with consistently altered expression in plasma for a future validation in extended cohorts of lung 
cancer patients, patients with non-cancerous lung diseases and control group of cancer- and disease-free individuals.

Materials and Methods
Recruitment of patients and study population. Blood samples of 30 healthy individuals were obtained 
from Center of New Medical Technologies of ICBFM SB RAS (Novosibirsk, Russia) and E.N. Meshalkin Siberian 
Federal Biomedical Research Center (Novosibirsk, Russia). Samples of 50 non-small cell lung cancer patients with 
no previous history of cancer were obtained from E.N. Meshalkin Siberian Federal Biomedical Research Center 
(Novosibirsk, Russia) and Cancer Research Institute of RAMS (Tomsk, Russia). Lung biopsy specimens and imag-
ing techniques were applied to confirm histopathological features and tumour stages of lung cancer patients. 
None of the patients have undergone surgical treatment or received chemotherapy prior or at the time of blood 
sampling. Blood samples of 10 patients diagnosed with hyper- or metaplastic endobronchitis were obtained from 
Cancer Research Institute of RAMS (Tomsk, Russia). Blood samples included in the discovery set were collected 
between January 2013 and March 2014. Blood samples in verification set were collected between December 2015 
and September 2016. Overview of the study population can be found in Table 3.

All procedures were performed in accordance with the ethical standards of the institutional research commit-
tees and with the 1964 Helsinki declaration and its later amendments or comparable ethical standards. Study was 
approved by ethical committees of ICBFM SB RAS and E.N. Meshalkin Siberian Federal Biomedical Research 
Center. Full written informed consent was provided by all participants.

Figure 7. Lasso-penalized bootstrap-enhanced regression of miRNA plasma expression. (A) Box plots showing 
the distribution of regression coefficients for predictors in bootstrap samples; (B) Variable importance plot; 
(C) ROC curves for classification of combined dataset using bootstrap-enhanced model (solid), naive non-
optimized model (dashed).
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Blood plasma collection and miRNA isolation. Peripheral venous blood was collected in EDTA 
spray-coated vacutainers (BD, Cat. No. 368589) and processed within 4 hours after blood sampling. To obtain 
plasma blood was centrifuged at 400 × g for 20 min, supernatant was transferred into a new tube and centrifuged 
at 800 × g for 20 min. Plasma was collected and stored frozen in aliquots at −80 °C. Only samples without visible 
signs of haemolysis at all stages of plasma preparation were considered for the study.

To isolate RNA frozen plasma samples were thawed and centrifuged for 5 min at 3,000 × g to rid of the cryo-
precipitate. RNA was isolated from the supernatant using single-phase extraction protocol described previously70. 
Briefly, plasma (600 μl) was incubated with single-phase extraction solution, and total miRNA was purified on 
silica-based spin columns (BioSilica Ltd, Novosibirsk, Russia), divided into two portions corresponding to 
480 μl and 120 μl starting plasma volume, and co-precipitated with glycogen. The lesser portion was dissolved 
in RNase-free water for quality control, while the rest was immediately shipped on dry ice for miRNA profiling.

Reverse transcription and quantitative TaqMan PCR. Primers and probes for reverse transcrip-
tion and TaqMan qPCR (Supplementary Table S3) were synthesized in the Laboratory of Medicinal Chemistry 
(ICBFM SB RAS, Novosibirsk).

Reverse transcription (RT) of miRNA templates was performed as described previously71. Each RT reaction 
was performed in a total volume of 10 μl and contained 3 μl RNA, 50 nM each miRNA-specific primer, 1 unit 
RiboLock RNAse inhibitor (Thermo Scientific, Lithuania), 100 units MMLV reverse transcriptase (Thermo 
Scientific, Lithuania), 2 μl 5 × MMLV buffer (250 mM Tris-HCl (pH 8.3 at 25 °C), 250 mM KCl, 20 mM MgCl2, 
50 mM DTT) (Thermo Scientific, Lithuania), and 250 μM each dNTP. The reaction conditions were as follows: 
16 °C–30 min, 42 °C–30 min, 70 °C–10 min. Samples without RNA template and preparations of genomic DNA 
were used as negative controls.

Each qPCR reaction contained 2.5 μl RT product, 1.25 unit Taq DNA polymerase (BiolabMix, Russia), 3 μl 
10 × PCR buffer (750 mM Tris-HCl (pH 8.8 at 25 °C), 200 mM (NH4)2SO4, 0.1% (v/v) Tween 20), 4 mM MgCl2, 
250 μM each dNTP, 600 nM forward primer, 800 nM universal reverse primer, and 300 nM miRNA-specific 
TaqMan probe in a total volume of 30 μl. All reactions were performed in duplicates. Real-time PCR amplifica-
tion was performed with iCycler iQ5 Real-Time PCR Detection System (Bio-Rad, USA).After initial denaturation 
at 95 °C for 3 min, the reactions were run for 50 cycles at 95 °C for 15 s and 60 °C for 45 s.

Profiling of miRNA. Profiles of plasma miRNA were obtained using miRCURY LNA miRNA qPCR Panels 
(Exiqon A/S, Denmark). For profiling in the discovery set an existing Serum/Plasma Panel containing assays 
for 179 target miRNAs and appropriate quality and technical controls was used to profile 20 LC patients and 10 
healthy individuals. For verification set a custom miRNA panel, containing 19 miRNAs selected from the analysis 
of the discovery data set, was used on 30 LC patients, 20 healthy individuals and 10 patients with endobronchitis. 
The list of miRNA assays for both data sets can be found in the Supplementary Information (Supplementary 
Tables S3 and S4).

Acquisition of TCGA data. Data of miRNA expression in matched tumour tissue and adjacent normal 
lung tissue samples of lung squamous cell carcinoma patients were retrieved from the publicly accessible data 
repository at Genomic Data Commons Data Portal (https://portal.gdc.cancer.gov/) using TCGABiolinks R pack-
age72. The Cancer Genome Atlas Lung Squamous Cell Carcinoma (TCGA-LUSC) project entries of 44 patients 
containing RPM (reads per million mapped miRNA reads) normalized miRNA-Seq data for 1881 hairpin miRNA 
precursors (pre-miRNA) and 2027 mature miRNA species (miRNA isoforms quantification data aggregated to 
mature strands) annotated to miRBase v21 and UCSC were used in the study73.

Statistics and data analysis. For exploratory analyses, miRNAs were normalized to mean Cq of all assays 
in the sample (global mean). Additionally ratio-based normalization was applied to identify most differently 
expressed miRNA pairs by subtracting the Cq values of one miRNA from the values of all other miRNAs in that 
sample without repetitions. Assays detectable in less than 80% of the samples were excluded from the analysis.

Statistical analyses were performed with R (v3.2.3-3.4.2). All tests were considered statistically significant at 
p < 0.05 unless specified otherwise. Pairwise comparisons were made using T-test (Student or Welch) or one-way 
ANOVA. Comparison of miRNA expression in matched samples was done using the paired Wilcoxon test. 
Benjamini-Hochberg FDR correction for multiple testing was applied to all tests.

For bootstrap resampling (2000 iterations) the data set was split 2:1 into training and testing subsets. For 
fitting of logistic regression models LASSO penalization lambda optimization by 5-fold cross-validation was 
applied to the training set. The model was then used to predict the values from the respective testing set. Brier 
score and area under ROC curve were used as measures of model performance.

Data availability. The dataset generated and analysed in the current study is available in the ArrayExpress 
repository (accession E-MTAB-6304). Additional data are available in the supplementary files accompanying 
the manuscript. The data generated in the interim of the study are available from the corresponding author upon 
reasonable request.

References
 1. Ferlay, J. et al. Cancer incidence and mortality worldwide: Sources, methods and major patterns in GLOBOCAN 2012. Int. J. Cancer 

136, E359–E386 (2015).
 2. National Cancer Institute Data, available at http://seer.cancer.gov/statfacts/html/lungb.html accessed on May, 19, 2015.
 3. Thomas, A., Liu, S. V., Subramaniam, D. S. & Giaccone, G. Refining the treatment of NSCLC according to histological and molecular 

subtypes. Nat. Rev. Clin. Oncol. 12, 511–526 (2015).

https://portal.gdc.cancer.gov/


www.nature.com/scientificreports/

1 2SCIeNTIFIC RepoRts |  (2018) 8:6348  | DOI:10.1038/s41598-018-24769-2

 4. Eberhardt, W. E. E. et al. 2nd ESMO Consensus Conference in Lung Cancer: locally advanced stage III non-small-cell lung cancer. 
Ann. Oncol. 26, 1573–1588 (2015).

 5. Kinsinger, L. S. et al. Implementation of Lung Cancer Screening in the Veterans Health Administration. JAMA Intern. Med. 177, 399 
(2017).

 6. Li, C. M. et al. Current and future molecular diagnostics in non-small-cell lung cancer. Expert Rev. Mol. Diagn. 15, 1061–1074 
(2015).

 7. Holdenrieder, S., Pagliaro, L., Morgenstern, D. & Dayyani, F. Clinically meaningful use of blood tumor markers in oncology. Biomed 
Res. Int. 2016, (2016).

 8. Rykova, E. Y. et al. Cell-free and cell-bound circulating nucleic acid complexes: mechanisms of generation, concentration and 
content. Expert Opin. Biol. Ther. 12, S141–S153 (2012).

 9. Iorio, M. & Croce, C. MicroRNA dysregulation in cancer: diagnostics, monitoring and therapeutics. A comprehensive review. 
EMBO Mol Med 4, (2012).

 10. Cortez, M. A. et al. MicroRNAs in body fluids–the mix of hormones and biomarkers. Nature reviews. Clinical oncology 8, 467–77 
(2011).

 11. Gallo, A., Tandon, M., Alevizos, I. & Illei, G. G. The majority of microRNAs detectable in serum and saliva is concentrated in 
exosomes. PLoS One 7, e30679 (2012).

 12. Wagner, J. et al. Characterization of levels and cellular transfer of circulating lipoprotein-bound microRNAs. Arterioscler. Thromb. 
Vasc. Biol. 33, 1392–1400 (2013).

 13. Arroyo, J. D. et al. Argonaute2 complexes carry a population of circulating microRNAs independent of vesicles in human plasma. 
Proc. Natl. Acad. Sci. USA 108, 5003–8 (2011).

 14. Qu, L. et al. Circulating plasma microRNAs as potential markers to identify EGFR mutation status and to monitor epidermal growth 
factor receptor-tyrosine kinase inhibitor treatment in patients with advanced non-small cell lung cancer. Oncotarget 8, 45807–45824 
(2017).

 15. Ma, Y. et al. Plasma MiRNA alterations between NSCLC patients harboring Del19 and L858R EGFR mutations. Oncotarget 7, 
54965–54972 (2016).

 16. Li, L.-L. et al. Circulating microRNAs as novel biomarkers of ALK-positive nonsmall cell lung cancer and predictors of response to 
crizotinib therapy. Oncotarget, https://doi.org/10.18632/oncotarget.17535 (2017).

 17. Liu, Q. et al. Circulating exosomal microRNAs as prognostic biomarkers for non-small-cell lung cancer. Oncotarget 8, 13048–13058 
(2017).

 18. Dejima, H., Iinuma, H., Kanaoka, R., Matsutani, N. & Kawamura, M. Exosomal microRNA in plasma as a non-invasive biomarker 
for the recurrence of non-small cell lung cancer. Oncol. Lett. 13, 1256–1263 (2017).

 19. Chen, X. et al. Plasma miRNAs in predicting radiosensitivity in non-small cell lung cancer. Tumor Biol. 37, 11927–11936 (2016).
 20. Montani, F. et al. miR-Test: A Blood Test for Lung Cancer Early Detection. J. Natl. Cancer Inst. 107, djv063- (2015).
 21. Sozzi, G. et al. Clinical Utility of a Plasma-Based miRNA Signature Classifier Within Computed Tomography Lung Cancer 

Screening: A Correlative MILD Trial Study. J. Clin. Oncol. 32, 768–773 (2014).
 22. Zaporozhchenko, I. A. et al. A phenol-free method for isolation of microRNA from biological fluids. Anal. Biochem. 479, 43–47 

(2015).
 23. Zaporozhchenko, I. A. et al. Plasma miR-19b and miR-183 as Potential Biomarkers of Lung Cancer. PLoS One 11, e0165261 (2016).
 24. Mestdagh, P. et al. Evaluation of quantitative miRNA expression platforms in the microRNA quality control (miRQC) study. https://

doi.org/10.1038/nmeth.3014 (2014).
 25. Landoni, E. et al. Proposal of supervised data analysis strategy of plasma miRNAs from hybridisation array data with an application 

to assess hemolysis-related deregulation. BMC Bioinformatics 16, 388 (2015).
 26. Pritchard, C. C. et al. Blood Cell Origin of Circulating MicroRNAs: A Cautionary Note for Cancer BiomarkerStudies. Cancer Prev. 

Res. 5, 492–497 (2012).
 27. Sozzi, G. & Boeri, M. Potential biomarkers for lung cancer screening. Transl. lung cancer Res. 3, 139–48 (2014).
 28. Rapisuwon, S., Vietsch, E. E. & Wellstein, A. Circulating biomarkers to monitor cancer progression and treatment. Comput. Struct. 

Biotechnol. J. 14, 211–222 (2016).
 29. Byron, S. A., Van Keuren-Jensen, K. R., Engelthaler, D. M., Carpten, J. D. & Craig, D. W. Translating RNA sequencing into clinical 

diagnostics: opportunities and challenges. Nat. Rev. Genet. 17, 257–271 (2016).
 30. Schwarzenbach, H., Machado, A., Calin, G. & Pantel, K. Reviews Data Normalization Strategies for MicroRNA Quantification 

CONTENT 0, (2015).
 31. Boeri, M. et al. MicroRNA signatures in tissues and plasma predict development and prognosis of computed tomography detected 

lung cancer. Proc. Natl. Acad. Sci. 108, 3713–3718 (2011).
 32. Pritchard, C. C. et al. Blood cell origin of circulating microRNAs: a cautionary note for cancer biomarker studies. Cancer Prev. Res. 

(Phila). 5, 492–7 (2012).
 33. Fan, Y. et al. miR-19b promotes tumor growth and metastasis via targeting TP53. Rna 20, 765–72 (2014).
 34. Olive, V. et al. miR-19 is a key oncogenic component of mir-17-92. Genes Dev 23, 2839–2849 (2009).
 35. Mogilyansky, E. & Rigoutsos, I. The miR-17/92 cluster: a comprehensive update on its genomics, genetics, functions and increasingly 

important and numerous roles in health and disease. Cell Death Differ. 20, 1603–14 (2013).
 36. Aushev, V. N. et al. Comparisons of microRNA Patterns in Plasma before and after Tumor Removal Reveal New Biomarkers of Lung 

Squamous Cell Carcinoma. PLoS One 8, 1–10 (2013).
 37. Wu, C. et al. Serum levels of miR-19b and miR-146a as prognostic biomarkers for non-small cell lung cancer. Tohoku J. Exp. Med. 

232, 85–95 (2014).
 38. Zhou, X. et al. A six-microRNA panel in plasma was identified as a potential biomarker for lung adenocarcinoma diagnosis. 

Oncotarget 8, 6513–6525 (2016).
 39. Kuo, W.-T. et al. MicroRNA-324 in Human Cancer: miR-324-5p and miR-324-3p Have Distinct Biological Functions in Human 

Cancer. Anticancer Res. 36, 5189–5196 (2016).
 40. Cao, L. et al. MIR-324-5p suppresses hepatocellular carcinoma cell invasion by counteracting ECM degradation through post-

transcriptionally downregulating ETS1 and SP1. PLoS One 10, e0133074 (2015).
 41. Crawford, M. et al. microRNA 133B targets prosurvival molecules MCL-1 and BCL2L2 in lung cancer. Biochem Biophys Res 

Commun. Biochem Biophys Res Commun. Oct. 23, 483–489 (2009).
 42. Li, C. et al. Non-small cell lung cancer associated microRNA expression signature: integrated bioinformatics analysis, validation and 

clinical significance. Oncotarget 8, 24564–24578 (2017).
 43. Zhu, W. Y. et al. Diagnostic Value of Serum miR-182, miR-183, miR-210, and miR-126 levels in patients with early-stage non-small 

cell lung cancer. PLoS One 11, e0153046 (2016).
 44. Li, Z.-H. et al. Prognostic significance of serum microRNA-210 levels in nonsmall-cell lung cancer. J Int Med Res. 41, 1437–44 

(2013).
 45. Zhang, Y. et al. High-mobility group A1 proteins enhance the expression of the oncogenic miR-222 in lung cancer cells. Mol. Cell. 

Biochem. 357, 363–371 (2011).
 46. Yamashita, R. et al. Growth inhibitory effects of miR-221 and miR-222 in non-small cell lung cancer cells. Cancer Med. 4, 551–564 

(2015).

http://dx.doi.org/10.18632/oncotarget.17535
http://dx.doi.org/10.1038/nmeth.3014
http://dx.doi.org/10.1038/nmeth.3014


www.nature.com/scientificreports/

13SCIeNTIFIC RepoRts |  (2018) 8:6348  | DOI:10.1038/s41598-018-24769-2

 47. Lin, Q. et al. A cluster of specified microRNAs in peripheral blood as biomarkers for metastatic non-small-cell lung cancer by stem-
loop RT-PCR. J. Cancer Res. Clin. Oncol. 138, 85–93 (2012).

 48. Lv, S. et al. Identification of a panel of serum microRNAs as biomarkers for early detection of lung adenocarcinoma. J. Cancer 8, 
48–56 (2017).

 49. Yin, Q.-W. et al. Increased expression of microRNA-150 is associated with poor prognosis in non-small cell lung cancer. Int. J. Clin. 
Exp. Pathol. 8, 842–846 (2015).

 50. Li, H. et al. MiR-150 promotes cellular metastasis in non-small cell lung cancer by targeting FOXO4. Sci. Rep. 6, 39001 (2016).
 51. Cao, M. et al. MiR-150 promotes the proliferation and migration of lung cancer cells by targeting SRC kinase signalling inhibitor 1. 

Eur. J. Cancer 50, 1013–1024 (2014).
 52. Bi, N. et al. A MicroRNA signature predicts survival in early stage small-cell lung cancer treated with surgery and adjuvant 

chemotherapy. PLoS One 9, e91388 (2014).
 53. Dinh, T.-K. T. et al. Circulating miR-29a and miR-150 correlate with delivered dose during thoracic radiation therapy for non-small 

cell lung cancer. Radiat. Oncol. 11, 61 (2016).
 54. Wang, H., Zhan, Y., Jin, J., Zhang, C. & Li, W. MicroRNA-15b promotes proliferation and invasion of non-small cell lung carcinoma 

cells by directly targeting TIMP2. Oncol. Rep. 37, 3305–3312 (2017).
 55. Cinegaglia, N. C. et al. Integrative transcriptome analysis identifies deregulated microRNA-transcription factor networks in lung 

adenocarcinoma. Oncotarget 7, 28920–34 (2016).
 56. Hennessey, P. T. et al. Serum microRNA biomarkers for detection of non-small cell lung cancer. PLoS One 7, e32307 (2012).
 57. Dong, W. et al. MiR-140-3p suppressed cell growth and invasion by downregulating the expression of ATP8A1 in non-small cell 

lung cancer. Tumor Biol. 37, 2973–2985 (2016).
 58. Kong, X.-M. et al. MicroRNA-140-3p inhibits proliferation, migration and invasion of lung cancer cells by targeting ATP6AP2. Int 

J Clin Exp Pathol 8, 12845–12852 (2015).
 59. Yuan, Y., Shen, Y., Xue, L. & Fan, H. miR-140 Suppresses Tumor Growth and Metastasis of Non-Small Cell Lung Cancer by Targeting 

Insulin-Like Growth Factor 1 Receptor. PLoS One 8, e73604 (2013).
 60. Tan, X. et al. A 5-MicroRNA Signature for Lung Squamous Cell Carcinoma Diagnosis and hsa-miR-31 for Prognosis. Clin. Cancer 

Res. 17, 6802–6811 (2011).
 61. Liu, M., Gao, J., Huang, Q., Jin, Y. & Wei, Z. Downregulating microRNA-144 mediates a metabolic shift in lung cancer cells by 

regulating GLUT1 expression. Oncol. Lett. 11, 3772–3776 (2016).
 62. Pan, H. L. et al. Down-regulation of microRNA-144 in air pollution-related lung cancer. Sci. Rep. 5 (2015).
 63. Zhang, G., An, H. & Fang, X. MicroRNA-144 regulates proliferation, invasion, and apoptosis of cells in malignant solitary 

pulmonary nodule via zinc finger E-box-binding homeobox 1. Int. J. Clin. Exp. Pathol. 8, 5960–5967 (2015).
 64. Ling, B., Wang, G.-X., Long, G., Qiu, J.-H. & Hu, Z.-L. Tumor suppressor miR-22 suppresses lung cancer cell progression through 

post-transcriptional regulation of ErbB3. J. Cancer Res. Clin. Oncol. 138, 1355–1361 (2012).
 65. Xin, M. et al. miR-22 inhibits tumor growth and metastasis by targeting ATP citrate lyase: evidence in osteosarcoma, prostate cancer, 

cervical cancer and lung cancer. Oncotarget 7, 44252–44265 (2014).
 66. Shang, A. Q. et al. Predicative values of serum microRNA-22 and microRNA-126 levels for non-small cell lung cancer development 

and metastasis: a case-control study. Neoplasma 64, 453–459 (2017).
 67. Crawford, M. et al. MicroRNA 133B targets pro-survival molecules MCL-1 and BCL2L2 in lung cancer. Biochem. Biophys. Res. 

Commun. 388, 483–489 (2009).
 68. Borzi, C. et al. mir-660-p53-mir-486 network: A new key regulatory pathway in lung tumorigenesis. Int. J. Mol. Sci. 18, 222 (2017).
 69. Wang, L.-S. et al. MicroRNA-486 regulates normal erythropoiesis and enhances growth and modulates drug response in CML 

progenitors. Blood 125, 1302–13 (2015).
 70. Zaporozhchenko, I. a. et al. A Phenol-Free Method for Isolation of miRNA from Biological Fluids. Anal. Biochem. 479, 43–47 

(2015).
 71. Chen, C. et al. Real-time quantification of microRNAs by stem-loop RT-PCR. Nucleic Acids Res. 33, e179 (2005).
 72. Colaprico, A. et al. TCGAbiolinks: an R/Bioconductor package for integrative analysis of TCGA data. Nucleic Acids Res. 44 (2016).
 73. Chu, A. et al. Large-scale profiling of microRNAs for The Cancer Genome Atlas. Nucleic Acids Res. 44, e3–e3 (2016).

Acknowledgements
The study was partially supported under Russian State funded budget project (VI.62.1.3, 0309-2016-0005).

Author Contributions
I.A.Z. and M.E.S. handled blood samples and prepared RNA samples for discovery set, I.A.Z. and A.A.P. prepared 
RNA samples for verification set. A.A.P., A.A.Z., O.A.P., and E.A.P. enrolled subjects in the study and obtained 
blood samples. I.A.Z., M.E.S., E.Y.R., and P.P.L., planned the experiments. P.P.L., V.V.V., E.A.P., N.V.C. supervised 
and facilitated the study. I.A.Z. analysed the data, I.A.Z., M.E.S., P.P.L., and E.Y.R. reviewed and interpreted the 
results. I.A.Z. and P.P.L. prepared and all authors reviewed the manuscript.

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-018-24769-2.
Competing Interests: The authors declare no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, 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 Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted 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 license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2018

http://dx.doi.org/10.1038/s41598-018-24769-2
http://creativecommons.org/licenses/by/4.0/

	Profiling of 179 miRNA Expression in Blood Plasma of Lung Cancer Patients and Cancer-Free Individuals
	Results
	Study design. 
	Profiling in discovery set. 
	Comparison of the results to The Cancer Genome Atlas project data. 
	Ratio-based statistical analyses of miRNA expression. 
	Verification of miRNA expression. 

	Discussion
	Materials and Methods
	Recruitment of patients and study population. 
	Blood plasma collection and miRNA isolation. 
	Reverse transcription and quantitative TaqMan PCR. 
	Profiling of miRNA. 
	Acquisition of TCGA data. 
	Statistics and data analysis. 
	Data availability. 

	Acknowledgements
	Figure 1 Overview of the Study Design.
	Figure 2 Profiling of plasma miRNA expression in discovery set.
	Figure 3 Volcano plots of pre-miRNA and mature miRNA expression in matched tumour and adjacent normal tissue of squamous cell carcinoma patients.
	Figure 4 Analysis of miRNA expression after ratio-based normalization.
	Figure 5 Boxplots of miRNAs deregulated in both sets.
	Figure 6 ROC curves of most deregulated miRNAs.
	Figure 7 Lasso-penalized bootstrap-enhanced regression of miRNA plasma expression.
	Table 1 List of miRNAs significantly differently expressed between patients with squamous cell carcinoma (SCC) and healthy individuals (HD).
	Table 2 Ratios with significant difference between LC and non-cancer groups in verification set.
	Table 3 Overview of the study population.




