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1. Introduction 

1.1. Nucleotide markers in an evolving molecular pathology 

Molecular markers, used for both diagnosing and monitoring diseases, are driving 

innovations across all medical fields. The discipline of pathology applies such 

markers for biological characterization of cancers. In this way, they facilitated a more 

personalized treatment of cancer, helping to improve prognosis in developed 

countries (Tsongalis and Silverman, 2006; Allemani et al., 2018). This study intends 

to identify molecular markers for the differentiation of lung cancer subtypes. 

An important criterion is stability of the marker of interest. This means, first, that the 

marker can be measured within a small range of statistical deviation in the 

diagnostic material. It also refers to biochemical stability, which allows reliable 

sampling and laboratory procession. Furthermore, technical measurement needs to 

be replicable (Chau et al., 2010). As almost all detectable molecules in human 

materials are not universally specific, markers should only be used for narrowly 

defined questions (Holland, 2016).  

Most molecular markers in routine use are proteins, examined through immuno-

histochemistry. The reason for the preference of proteins is their relatively good 

conservation in formalin-fixed, paraffin-embedded (FFPE) samples, the main 

working material in pathology (True, 2014). While immunohistochemistry is a highly 

popular technique, it is only semi-quantitative, being affected by observer-

dependence, compartmentalized expression and non-specificity of antigens 

(Walker, 2006). 

Nucleotides, especially RNA, have a closer functional link to cancer biology than 

proteins, but their role in diagnostics is relatively small. In recent years, it has 

become possible to extract RNA from FFPE material (Patel et al., 2017), where it 

may degrade after long time of storage. A molecular subgroup of RNA, the non-

coding microRNA (miRNA) remain relatively stable even after multiple years of 

storage (Hall et al., 2012). miRNA regulate gene expression, define cellular 

differentiation and their expression has a high tissue-specificity (Lu et al., 2005), a 

useful characteristic for differential diagnosis of cancer subtypes. 
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1.2. Clinical importance and challenges of NSCLC subtyping 

Lung cancer is the third most common cancer in Western Europe, where an 

individual has a cumulative life risk of 3.04% to die of this disease (Bray et al., 2018). 

Almost all cases develop from epithelial lung cells and are divided into 40 

histological subtypes (Travis et al., 2015). 

These subtypes are classified into small cell lung cancer (SCLC) and non-small cell 

lung cancer (NSCLC) with respective ratios among all lung cancer cases of 13.3% 

and 83.3%, the remainder being sarcomas or non-specified tumors (Noone et al., 

2018). This classification is based on histology, as the highly aggressive SCLC show 

a very characteristic picture: Small, spindle-like cells with scant cytoplasm and 

granular chromatin in the nuclei (Nicholson et al., 2002). Treatment is also different: 

SCLC require chemotherapy early, while the standard combination has basically 

consisted of cisplatin and etoposide for four decades, and overall prognosis is still 

poor and worse than in NSCLC (Pietanza et al., 2015). Multiple chemotherapeutic 

regimens have been applied since the 1990s for NSCLC, mainly combining platins 

with paclitaxel, pemetrexed, targeted therapies and immune checkpoint inhibitors 

(Ettinger et al., 2019). Several therapeutic approaches for NSCLC are subtype-

specific and thus require an accurate differential diagnosis before the beginning of 

treatment. 

The two most common NSCLC subtypes are adenocarcinoma (here termed 

“Adeno”, comprising 51.9% of NSCLCs) and squamous-cell carcinoma (SqCC) with 

27.1% of NSCLCs. Another distinct group develops from neuroendocrine epithelium 

of the lung and accounts for ~7,5% of NSCLC, comprising large-cell neuroendocrine 

cancer (LCNEC) and pulmonary carcinoids. The remaining cases are mainly non-

specified or poorly differentiated  (Travis, 2010; Noone et al., 2018).  

Adeno and SqCC: 

Multiple new chemotherapeutics have been identified for NSCLC in the past decade, 

mainly affecting Adeno (Neal, 2010; Zappa and Mousa, 2016). Pemetrexed and 

bevacizumab are not admitted for SqCC and thus are mainly used against Adeno  

(Johnson et al., 2004; Scagliotti et al., 2008). Tyrosine kinase inhibitors often 

depend on specific mutations, which are mainly present in Adeno (Thomas et al., 
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2012). Due to these innovations, the prognosis of Adeno has improved most 

distinctively among all NSCLC subtypes (Neal, 2010).  

Growing demands for precise subtyping have caused an increasing use of 

immunohistochemistry: The antigens TTF-1 and Napsin A are diagnostic for Adeno, 

p63, p40, CK5 and CK6 are diagnostic for SqCC (Travis et al., 2011; Inamura, 

2018). But these antigens have a limited specificity: TTF-1 is expressed in 3% of 

SqCCs and p63 in 32% of Adeno (Bishop et al., 2011). Alien cells within tumor tissue 

may also express diagnostic antigens: TTF-1 and Napsin A are found on 

pneumocytes and Napsin A on infiltrating monocytes (Inamura, 2018). In 

conclusion, diagnostic accuracy in differentiating Adeno/SqCC is still not sufficient 

to give reliable guidance in clinical decision-making. 

Neuroendocrine NSCLC subtypes: 

The treatment of neuroendocrine NSCLC varies greatly with respect to the specific 

subtype: An early systemic treatment is recommended for LCNEC, the most 

aggressive subtype (Fernandez and Battafarrano, 2006). Pulmonary carcinoids are 

categorized into the relatively benign typical carcinoids (TC) and the more 

aggressive atypical carcinoids (AC) with a ratio of one to ten (Travis, 2010).  

The two carcinoid subtypes are relatively rare. Their histomorphology is highly 

similar, but their distinction is nonetheless necessary for the choice of treatment: 

The standard treatment for TC is limited surgery, but AC require a more aggressive 

approach, often complemented with chemotherapy (Pusceddu et al., 2016). The 

carcinoids can be distinguished relatively easy from the highly malignant LCNEC 

and SCLC due to their distinct histomorphology (Fisseler-Eckhoff and Demes, 

2012). Two diagnostic criteria are available for differentiating TC and AC: TC have 

a mitosis count below 2 per 2mm2  high-power field, AC exhibit a count of 2-10 and 

AC show necrosis while TC do not (Travis, 2010).   

Despite these criteria, diagnostic reproducibility is poor among experienced 

pathologists: One publication reported that 10% of TC were misdiagnosed as AC 

and that 15% of AC were misdiagnosed as TC (Travis et al., 1998). This may be 

based on observer variances assessing the mitotic counts (Barry et al., 2001) and 

because necrosis in AC is discrete and similar to artefacts (Rekhtman, 2010). 

Prognostic data indicate the potential fatality of false diagnoses: The survival rate 
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over five years is estimated as 87% for TC but only 56% for AC (Travis et al., 1998). 

In order to enhance diagnostic accuracy in differentiating TC/AC, the marker KI-67, 

which is related to cell proliferation, has been proposed. However, the diagnostic 

accuracy of KI-67 is often confounded by an heterogeneous expression within tumor 

tissue (Pelosi et al., 2017). 

 

1.3. Diagnostic challenges through small biopsies and cytology 

The previous section outlined needs and limitations of histological subtyping but 

referred to samples from surgical resections only. As such samples are relatively 

large, their morphological picture is mostly intact. However, surgery is today barely 

the primary source of diagnostic material. Instead, small biopsies (from 

bronchoscopy and CT-navigated puncture) and cytology (from pleural effusions and 

bronchioalveolar lavage) are becoming the main source of material for pathological 

investigations. The reasons for these changes are both technical availability and 

patient characteristics: Diagnosis is increasingly performed on patients with 

advanced age and multiple comorbidities, who are still offered individualized 

treatment which, in turn, requires a more precise characterization of disease (Yancik 

and Ries, 2004; Arruebo et al., 2011).  

Due to small size and the frequent loss of histological structures, diagnostic 

accuracy decreases with these samples (Travis et al., 2015): Up to 30% of NSCLC 

in small biopsies and cytology cannot be differentiated (Travis et al., 2010). The 

recommended approach to solve this problem is a routine use of 

immunohistochemistry (Travis et al., 2015).  

However, the accuracy of immunohistochemistry has the above-mentioned 

limitations with these materials: The differentiation of Adeno and SqCC is more 

difficult if a diagnostic sample shows a non-characteristic expression of antigens or 

is infiltrated by alien cells. In such a case, an interpretation cannot be obtained 

without a larger histomorphological picture (Gurda et al., 2015). This issue is even 

more problematic in TC and AC, as no established profile of antigens is available 

for their differentiation. TC are also well vasculated and the likelihood of bleeding 

artefacts through puncture of vessels is high (Pusceddu et al., 2016). 
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1.4. Relation of histological subtyping and survival 

Facing diagnostic limitations, pathological registries report percentages of 

unspecified NSCLCs. Their diagnostic term is “not otherwise specified NSCLC” 

(NOS-NSCLC), which is a diagnosis of exclusion (Travis et al., 2015).  

The incidence of NOS-NSCLC depends on examiners and technical capabilities, 

which is the most likely reason for its regional variation: It ranges from 12.9% in 

Great Britain, where it decreases (McLean et al., 2011), to 22.9% in California, 

where it increases (Ou and Zell, 2009). Regardless of incidence, all available data 

associate NOS-NSCLC with poor prognosis: The 5 year-survival rate lies between 

5.8% in California (Ou and Zell, 2009) and 7.5% in Norway (Sagerup et al., 2012). 

If compared to SCLC, which has a 5 year-survival rate of 6.5% (National Cancer 

Institute, SEER group, 2017), NOS-NSCLC has a very poor prognosis comparable 

to the most aggressive kind of lung cancer (SCLC). 

Two aspects need to be explained in this context: First, the less differentiated a 

NSCLC is, the more likely is a non-specific diagnosis. Second, NOS-NSCLC is more 

common if diagnosis is based on cytology (Sagerup et al., 2012). Systematic 

immunohistochemistry can reduce its incidence (McLean et al., 2011), leaving a 

margin of cases where current diagnostic tools are insufficient. 

 

1.5. Differentiating solid cancers through miRNA expression 

miRNA define the characteristics of cells by regulating gene expression. In 

malignant transformation, their expression changes (Kong et al., 2012). Most solid 

cancers show characteristic expression profiles, and one publication has 

demonstrated that miRNA profiles can distinguish 22 cancers of different primary 

sites (Rosenfeld et al., 2008). Lung cancers develop from the same organ, but their 

biological heterogeneity may result in distinct expression profiles. 

The miRNA mechanism of gene regulation is relatively predictable: Targeting the 

3’UTR of messenger RNA (mRNA) in a sequence-specific manner, miRNA mark 

their targets for enzymatic degradation (Bartel, 2009). They may also interact with 

their targets in other ways, but this classical mechanism is the most important and 

allows for the prediction of targets within the transcriptome. Differences in a single 
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miRNA’s expression can thus reveal a larger biological context (Riffo-Campos et al., 

2016).  

In order to produce meaningful results, testing assays on miRNA expression need 

to minimize background noise. Most miRNA in scientific databases have not been 

experimentally validated. The registry “miRBase”, for example, shows 1,917 entries 

(date: May 22th, 2020) which mainly represent miRNA-typical sequences, detected 

in large-scale sequencing data (Kozomara and Griffiths-Jones, 2014). It can be 

assumed that only a fraction of these entries has a stable expression in samples 

(Landgraf et al., 2009; Gustafson et al., 2016).  

 

1.6. Clinical and statistical aspects within the study design 

This study aims to identify differential miRNA markers for two comparisons: Adeno 

vs SqCC (Adeno/SqCC) and TC vs AC (TC/AC). There are other scenarios where 

NSCLC subtyping may be challenging as well, but these two comparisons were 

selected for clinical reasons: First, Adeno and SqCC are treated with distinct 

chemotherapeutical regimens and substances. Due to sampling techniques, the 

histological differentiation is often inaccurate. Immunohistochemistry helps to 

increase diagnostic accuracy but remains insufficient due to the mentioned reasons. 

Second, AC require a more aggressive treatment than TC, but the two subtypes 

have similar histomorphologies. Regarding TC and AC, immunohistochemistry does 

still not offer established tests for differentiating these two subtypes.  

Adeno/SqCC and TC/AC represent, strictly speaking, two separate investigations, 

but this study combines them for two reasons:  

- Logistics: The experimental process is identical for both. 

- Statistical error reduction: Testing multiple variables (800 miRNA) in parallel 

induces a rate of false discoveries. The error rate will be minimal, if the analysis 

first examines all variables for differences between all subtypes, and then 

examines only the resulting significances in the comparisons of interest.  

This study places high emphasis on the distinct distribution of each variable and 

error control, as expression count data often show high statistical dispersion. The 

optimal solution would be a larger number of samples, but this was impractical due 
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to logistical limitations. This study thus seeks to minimize these limitations through 

a relatively elaborate statistical approach. 

It is common in biomedical research to apply statistical tests on data sets which do 

not meet their requirements, which results in high type I and type II error rates 

(Ghosh and Poisson, 2009). In this study, distributional characteristics determine for 

each specific miRNA which statistical test is performed. The implementation of error 

control consisted of hit selection as a method of quality control, and adjustment of 

the false discovery rate. 

 

2. Material & Methods 

2.1. Experimental process 

2.1.1. Sample collection 

For this study, tumor samples from the Institute of Pathology at the University 

Hospital Essen, University Duisburg-Essen were used. The samples were collected 

between 2006-2014 from patients who underwent surgery or diagnostic biopsies in 

the Ruhrlandklinik Essen, West German Lung Centre, University Hospital Essen, 

University Duisburg-Essen. All the experimental work was performed by Mr Robert 

Werner of the same institute. The use of these samples was approved by the Ethics 

Committee of the University Duisburg-Essen (ID: 17-7595-BO). A total of ten Adeno, 

seven SqCC, eight TC and eight AC were included in the analysis.  

2.1.2. Sample deparaffinization and miRNA isolation 

The samples were stored at ambient temperature as FFPE tissue. For 

deparaffinization, sections with a thickness of 5-10µm and a total weight of up to 

10mg were washed with xylol and ethanol. The final miRNA isolation was performed 

using the miRNeasy FFPE Kit from Qiagen company (Hilden, Germany) following 

the manufacturer’s instruction.  

2.1.3. Digital expression analysis 

The digital expression analysis of miRNA using the nCounter technique from 

NanoString (Seattle, United States of America) was carried out using the nCounter 

Human v2.1 miRNA Expression Assay from the same company. The testing panel 

investigated 800 miRNA per sample. Sample preparation and hybridization were 

performed using the automated nCounter Prep Station. Then, the cartridges 



12 
 

containing the miRNA hybrids were quantified using the Digital Analyzer 

(NanoString) measuring at 555 fields of view per sample. 

 

2.2. Data preparation  

2.2.1. Quality control through nCounter assay components 

Potential sources of false measurement included sample preparation, binding 

density, digital imaging, and background noise.  

Six positive controls formed a quality control (qc) value for each sample as depicted 

in the following formula: 

Equation 1: Sample-specific quality control value 

qc =
mean of positive controls

mean of positive controls  
 

Following this equation, a qcsample < 0.33 means a fold change > 3 for the respective 

sample relative to the others, and such a deviation would necessitate sample 

removal. The main reason for such deviations are irregularities in the preparation 

process. Also, the positive controls had to be correlated with factor ≥ 0.95 to 

expected concentrations, as provided by the supplier. 

Six negative controls aimed to remove artefacts. Their mean value had to be below 

the lowest count value of any positive control, and the absolute difference had to be 

greater than two standard deviations of the negative controls. In order to reduce 

background noise, the mean value plus two standard deviations of the negative 

controls were subtracted from each raw count. To avoid negative values, the 

minimum count was set as 0.  

All samples passed the quality control and were subjected to further analyses. 

 

2.2.2. Reduction of miRNA testing panel and data normalization 

After quality control, additional techniques were necessary to limit cofounding 

effects related to the samples and inaccuracy of the quantification.  

Due to experience from previous experiments, several miRNA with no expression 

in any histological sample or only artefact counts were expected. To exclude these 

non-expressed miRNA, a minimum mean of 30 counts across all samples was 
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defined as a biological cut-off. All miRNA below this cut-off were deleted from further 

statistical analysis. This reduced the testing set from 800 to 543. 

The data had to be normalized to minimize confounding effects from concentration 

differences in the experimental materials. First, the data were normalized through 

the technique „trimmed mean of M-values (TMM)”. This technique not only 

minimizes confounding effects but also provides a uniform distribution of the 

expression counts in all miRNA across all samples. This is suitable for exploring the 

global expression of each subtype. It is, however, not appropriate for the 

identification of markers. For identifying the best miRNA markers, it was necessary 

to rule out confounding effects from the experiment but to retain the original 

distribution. 

Trimmed mean of M-values (TMM): 

This method, as designed by Robinson and Oshlack (2010), compared each 

individual count to a reference sample, calculating distance (termed “weight”) and 

fold changes (termed “M”). The miRNA with the 30% highest M values represented 

outliers and were removed from the data set. Then, the individual count values were 

normalized through a statistic that comprised “weight” and “M” values of all miRNA. 

A normalized miRNA expression count was thus connected to the expression of all 

other miRNA, which transformed the individual distribution within each sample into 

a uniform distribution through:  

Equation 2: Normalization of miRNA expression counts through TMM 

miRNAcount  
miRNAcount

log ∑
weight + M

weight 

 

Normalization through NormFinder algorithm: 

The algorithm NormFinder (Andersen et al., 2004) assigned a stability value to each 

miRNA based on their expression across all 33 samples, identifying miR.140.5p, 

miR.28.5p and miR.361.3p as the three most stable miRNA. Their sample-specific 

geometric mean and the highest geometric mean among the 33 samples formed a 

normalization factor as shown in the following equation: 
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Equation 3: Normalization of miRNA expression counts through NormFinder algorithm 

miRNAcount = ∗ geoMean   

 

2.3. Data exploration 

Cluster analysis provided a way to detect similarities in global miRNA expression 

between individual samples. The Euclidean distances between all the TMM-

normalized counts in the 33 samples formed the basis of this analysis: The smallest 

distance formed the first cluster, connected two samples, and the other samples 

were sorted accordingly.  

Each sample’s global expression was graphically depicted in a heatmap, where a 

specific color represented the intensity of each expression count. The TMM-

normalized counts were log2-scaled and transformed through: 

Equation 4: Expression count transformation for cluster analysis 

value =  
count − mean count

standard deviation
 

 

2.4. miRNA marker discovery process 

2.4.1. Hit selection by strictly standardized mean differences 

As the first step of statistical analysis, the strictly standardized mean difference 

(SSMD) was calculated for each miRNA in both Adeno/SqCC and TC/AC. This 

measure refers to the ratio of the difference of the two group means divided through 

the square root of the sum of the two squared standard deviations. The SSMD is an 

effect size. While not appropriate for hypothesis testing, it is useful for error control 

of the subsequent analysis (Zhang et al., 2007).  

The set of selected hits was defined as the 5% of miRNA with the highest absolute 

SSMD values, containing 27 miRNA for each comparison with respect to 

Adeno/SqCC and TC/AC. 
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2.4.2. Sorting according to distributional characteristics 

Two distributional criteria determined the appropriate statistical test for each miRNA: 

Normal vs non-normal distribution and equal vs unequal variances within the 

respective subtypes (homoscedasticity vs heteroscedasticity).  

The Shapiro-Wilk test examined for normal distribution. It ranks all values of a group 

in ascending order and assigns a tabular value, thus generating a normal term 

Wcritical, corresponding to α=0.05. miRNA with W˃ Wcritical were considered to have a 

normal distribution. Otherwise, the distribution was considered non-normal. 

Levene’s test examined the expression counts for homoscedasticity. If Levene’s 

statistic was L≤ F, where F is the critical upper quantile and corresponds to α= 0.05, 

then the respective miRNA’s distribution was homoscedastic. If L˃ F, the distribution 

was considered heteroscedastic. 

 

2.4.3. Distribution-adaptive hypothesis testing 

Hypothesis testing for differential miRNA expression was performed in two steps: 

The first step examined for differential expression between all four subtypes. 

Significances from the first step (α= 0.05) were processed to the second step, which 

tested these miRNA for differences in Adeno/SqCC and TC/AC (α= 0.05). The first 

step intended to reduce the number of false discoveries in the later analysis, the 

second to finally identify the best miRNA markers. 

Statistical tests for all four subtypes: 

According to their distributional characteristics, the miRNA were assigned to 

statistical tests according to:  

Normal+ homoscedastic  One-way analysis of variance 
(ANOVA) 

Normal+ heteroscedastic  Welch’s ANOVA 

Non-normal+ homoscedastic  Kruskal-Wallis test 

Non-normal+ heteroscedastic  Welch’s ANOVA on ranks 

 

Non-normal+heteroscedastic miRNA with a total 0 expression in at least one group 

were mathematically not compatible for Welch’s ANOVA on ranks due to a group-

specific variance= 0. Their variance was manually set as = 1. 
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Statistical tests for Adeno/SQCC and TC/AC: 

A miRNA’s distributional characteristics could change between the two steps: For 

example, a non-normal miRNA with a normal distribution in three subtypes and a 

non-normal distribution in one subtype was categorized as non-normal in the first 

step. If significant, it was processed to the second step, where its distribution 

became normal in one comparison and non-normal in another. Therefore, Shapiro-

Wilk test and Levene’s test examined the data before both the first and the second 

testing. Then, the miRNA were assigned according to:  

 

Normal+ homoscedastic  Student’s t-test 

Normal+ heteroscedastic  Welch’s t-test 

Non-normal+ homoscedastic  Wilcoxon rank-sum test  

Non-normal+ heteroscedastic  Welch’s t-test on ranks 

 

 

2.4.4. False discovery rate adjustment 

As the analysis was performed on 543 miRNA in parallel, the high number of 

variables induced the “multiple comparisons problem”. It means that a percentage 

of results will be significant by chance. For example, if all 543 miRNA (n= 543) had 

in fact the same expression in all subtypes and were tested with α= 0.05, this would 

result in 27 false discoveries as shown in  

Equation 5: Expected false discoveries depending on the level of significance 

number of false discoveries = α × n 

The percentage of false positive results is termed “false discovery rate (FDR)”. It is 

defined as the number of false discoveries divided by the number of all discoveries 

Several approaches are available for adjustment of the FDR. Unfortunately, the 

most popular approaches rely on a subjective estimation of the FDR.  

In this study, the statistic “q-value” estimated the FDR through a calculation based 

on all p-values (Storey and Tibshirani, 2003). The more common technique of 

Hochberg & Benjamini (1995) then adjusted the p-values according to this 

estimation. This statistic also provided a graphical depiction of all results for the 

detection of systemic errors.  
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2.4.5. Calculating the markers’ testing accuracy 

Using “receiver operating curve (ROC)” statistics, the margin expression count was 

calculated for each identified miRNA marker. The margin expression count, also 

called “cut-off value”, is the count value which differentiates the two subtypes of 

interest with the best sensitivity and specificity. These margin expression counts and 

their respective values of sensitivity and specificity were calculated with a previously 

determined confidence interval (CI) of 95%. 

As multiple markers were identified for both Adeno/SqCC and TC/AC, a combined 

testing accuracy was calculated for the combination of these markers. In examining 

a sample, its histological subtype was determined if most of the markers were 

indicative of this subtype. 

 

2.5. Computational methods 

The program “R” (R development core team, 2008) was the primary environment 

for statistical calculations. Graphical images were produced by using the R-based 

program “plotly” (Plotly technologies Inc, Montréal, Canada). The “Shiny”-

application DEBrowser provided the platform for data exploration through TMM-

normalization and heatmapping (Kucukural et. al, 2018). The statistic “qvalue”, also 

based on R, estimated the FDR via a web-based application, as provided by the 

University of Princeton (http://qvalue. princeton.edu/, accessed January 6th, 2019). 

The proper FDR adjustment was performed by using an Excel spreadsheet 

(Microsoft corporation, Seattle, USA), provided from biostatshandbook.com (Sparky 

House publishing, Baltimore, USA, downloaded July 25th, 2017). The program for 

ROC statistics was the “Shiny” application “plotROC” (by M.C. Sachs:  

https://sachsmc.shinyapps. io/plotROC/, accessed November 1st, 2019). 
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Figure 1: Workflow of the statistical analysis 

 The red field depicts the exploration and preparation of the data. Cluster analysis 

(section 2.3.) provided an overview of the data set. Hit selection by SSMD values 

(section 2.4.1.) provided a mechanism of quality control for the later analysis  

 In the blue field, the miRNA are tested for differences in all four subtypes 

according to their respective distributional characteristics (sections 2.4.2./ 2.4.3).  

 In the orange field, the miRNA with significant differences between all four 

subtypes were again examined for their distributional characteristics and tested for 

differences in Adeno/SqCC and TC/AC, respectively (section 2.4.3). The 

procedures of FDR adjustment and quality control through SSMD are included.  

 The yellow field depicts the results of the data exploration and the finally identified 

miRNA markers. 
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3. Results 

3.1. Global miRNA expression profiles unable to distinguish Adeno/SqCC or 

TC/AC  

Cluster analysis provided a global miRNA expression profile for all subtypes. These 

expression profiles clustered the 33 samples into two groups, the carcinoid samples, 

and the other samples (Figure 2). Only one TC could not be separated from Adeno 

and SqCC. For the following identification of miRNA markers, these clusters 

emphasized a challenge. By means of the global miRNA expression, neither Adeno 

could be distinguished from SqCC nor TC from AC. 

 

Figure 2: Cluster analysis of all four subtypes using a heatmap 

The x-axis shows the 33 samples. The y axis represents the miRNA tested. Their singular 

annotations are omitted as they would be indistinguishable due to their large number. The 

colour bar to the right shows the technique of graphical depiction for the transformed count 

values, ranging from red for low values to blue for high values. The dendrogram at the top 

reflects the new arrangement of the 33 samples, the dendrogram to the right reflects the 
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clustering according to miRNA expression. Each dendrogram is depicted in two colors, 

which reflect the two principal clusters. The samples are clustered into two groups: The left 

cluster (coloured in red) contains SqCC and Adeno samples and one TC outlier (TC5). The 

right cluster (coloured in green) contains the remaining carcinoid samples. One Adeno 

sample (Adeno09) is within the right cluster but apart from the carcinoids. 

 

3.2. Selected hits for both Adeno/SqCC and TC/AC 

Hit selection provided an instrument to control the results of the following marker 

identification. According to SSMD values, 27 miRNAs with the strongest expression 

differences were calculated for Adeno/SqCC (figure 3, table 1) and TC/AC (figure 

4, table 2). In Adeno/SqCC, the selected hits were relatively balanced between the 

two subtypes, with 13 overexpressed in SqCC and 14 in Adeno. In TC/AC, all but 

one of the selected hits were overexpressed in AC.  

 

In the following text and tables, the depicted miRNA are named according to 

miRBase database. Technical annotations from the nCounter software are omitted, 

which accounts for decimal numbers after the second separator. 
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Figure 3: Selected hits for Adeno/SqCC 

The x-axis depicts the SSMD values with SSMD= 0 in the center. The y-axis depicts the 

names of the selected 27 miRNA. SSMD stands for the difference of the mean expression 

counts in Adeno and SqCC, respectively, divided through the square root of the sum of the 

squared standard deviations in each subtype. The 27 miRNA with the highest absolute 

SSMD values thus represent the 5% of miRNA with the highest difference in expression 

between these subtypes. Positive SSMD values stand for a higher expression of miRNA in 

Adeno, negative values for a higher expression in SqCC.  
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Table 1: Selected hits for Adeno/SqCC in tabular presentation 

The left column shows the miRNA, the two middle columns the respective mean 

expression counts of Adeno and SqCC and the right column depicts the SSMD values 

in ascending order. 

miRNA mean Adeno mean SqCC SSMD value 

miR.185.5p 335.43 548.73 -1.3 

miR.205.5p 1472.19 72817.34 -1.21 

miR.1283 266.71 490.33 -1.12 

miR.378a.3p 260.95 500.25 -1.07 

miR.944 12.56 95.17 -1.03 

miR.1246 549.15 9805.48 -0.96 

miR.320e 396.79 758.61 -0.83 

miR.342.3p 5121.21 8674.74 -0.73 

miR.140.3p 57.31 123.73 -0.73 

miR.152 344.17 611.54 -0.7 

miR.363.3p 321.57 524.6 -0.69 

miR.144.3p 1004.47 1697.79 -0.68 

miR.579 161.02 221.65 -0.68 

miR.514a.3p 99.8 12.24 0.68 

miR.192.5p 366.2 164.27 0.69 

miR.29c.3p 2634.02 1317.79 0.71 

miR.410 101.48 14.93 0.72 

miR.548b.3p 74.16 0 0.72 

miR.100.5p 3739.94 2045.36 0.73 

miR.135b.5p 4808.77 2153.92 0.74 

miR.181a.5p 5219.22 2975.46 0.78 

miR.375 1689.8 215.43 0.85 

miR.151a.5p 328.56 183.11 0.97 

miR.30d.5p 2965.72 1355.78 1 

miR.200a.3p 4958.7 2105.11 1.04 

miR.29b.3p 42696.07 19958.39 1.12 

miR.218.5p 593.18 287.87 1.38 
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Figure 4: Selected hits for TC/AC 

The x-axis depicts the SSMD values with SSMD= 0 in the center. The y-axis depicts the 

names of the selected 27 miRNA. SSMD stands for the difference of the mean expression 

counts in TC and AC, respectively, divided through the square root of the sum of the squared 

standard deviations in each subtype. The 27 miRNA with the highest absolute SSMD values 

thus represent the 5% of miRNA with the highest expression difference in these two 

subtypes. Positive SSMD values stand for a higher expression of miRNA in TC, negative 

values for a higher expression in AC.   
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Table 2: Selected hits for TC/AC in tabular presentation 

The left column shows the miRNA, the two middle columns the respective mean 

expression counts of TC and AC, and the right column depicts the SSMD values in 

ascending order. 

miRNA mean TC mean AC SSMD value 

miR.542.3p 10.73 132.65 -1.60 

miR.141.3p 5597.85 12400.33 -1.55 

miR.938 7.57 83.60 -1.49 

miR.302f 28.37 140.53 -1.49 

miR.549 0.00 126.55 -1.49 

miR.101.3p 49.40 165.02 -1.48 

miR.1202 6.94 103.39 -1.48 

miR.137 3363.76 7321.56 -1.45 

miR.504 9.47 172.09 -1.42 

miR.186.5p 309.92 756.21 -1.36 

miR.30e.5p 1789.57 4094.67 -1.35 

miR.196a.5p 26.15 141.68 -1.30 

miR.2116.5p 48.79 182.12 -1.29 

miR.378f 6.94 92.39 -1.28 

miR.874 6.94 125.82 -1.24 

miR.1301 7.57 95.73 -1.22 

miR.1973 31.06 144.70 -1.21 

miR.1285.3p 7.57 89.34 -1.17 

miR.512.3p 0.00 87.47 -1.17 

miR.525.3p 32.71 105.11 -1.16 

miR.520b 7.57 109.24 -1.15 

miR.3676.3p 24.65 115.67 -1.14 

miR.516b.5p 6.94 122.59 -1.11 

miR.1253 165.02 438.48 -1.11 

miR.4451 0.00 55.08 -1.09 

miR.128 174.54 509.28 -1.08 

miR.23a.3p 16655.40 9529.30 1.25 
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3.3. Differential expression with respect to all four subtypes 

According to their distributional characteristics, the 543 miRNA were tested for 

differential expression in all four subtypes. At α= 0.05, a considerable number of 111 

miRNA were tested as significant.  

 

3.4. miRNA markers for Adeno/SqCC 

Statistical testing in Adeno/SqCC reported three miRNA (miR.1246, miR.218.5p and 

miR.375) with significant p-values after FDR adjustment (α= 0.05, FDR= 0.12) and 

quality control. miR.1246 had a higher expression in SqCC, while miR.218.5p and 

miR.375 had a higher expression in Adeno (Table 3, Figure 5). For subtype 

differentiation with adequate measures of sensitivity and specificity, expression 

count cut-off values with CI= 95% were calculated (Table 4). In combination, these 

markers achieved high testing accuracy: If at least two of these markers were 

indicative for a specific subtype, all samples were identified correctly (table 5).  

 

Table 3: Identified miRNA markers for Adeno/SqCC 

The three markers are sorted according to their p-values, from lowest to highest in 

descending order. Due to the non-normal distribution of these markers, they are depicted 

through their median values, as appropriate for variables with these distributional 

characteristics. miR.1246 has a higher expression in SqCC while miR.218.5p and 

miR.375 have a higher expression in Adeno.  

miRNA p-value median Adeno median SqCC 

miR.1246 <0.0001 371 4826 

miR.218.5p 0.0001 559 244 

miR.375 0.0006 724 198 
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Table 4: Calculated cut-off values discriminating Adeno/SqCC at CI= 95% 

Through ROC statistics, appropriate cutt-off expression counts were calculated at CI= 95% 

for the differentiation of Adeno/SqCC. Each cut-off value infers distinct likelihoods to assign 

a given sample correctly to its subtype (sensitivity) and to rule out the other subtype 

(specificity).  

miRNA 
Cut-off with 

CI= 95% 
sensitivity specificity 

miR.1246 1204 85% 100% 

miR.218.5p 394 90% 100% 

miR.375 496 90% 100% 

 

Table 5: Combined testing accuracy of the three miRNA markers for Adeno/SqCC 

This table shows the capacity of the three markers miR.1246, miR.218.5p and miR.375 to 

differentiate the Adeno and SqCC subtypes. If at least two markers were indicative of either 

Adeno or SqCC, according to the previously calculated cut-off values (table 4), the 

respective sample was identified accordingly. Through this approach, all 17 samples 

(Adeno+ SqCC) were identified correctly, resulting in a discriminative accuracy of 100%. 

 Adeno SqCC Total 

≥2/3 markers indicative 

of Adeno 

10 0 10 

≥2/3 markers indicative 

of SqCC 

0 7 7 

Total 10 7 17 
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Figure 5:  miRNA markers for Adeno/SqCC subtyping 

These boxplots represent the three identified miRNA markers for Adeno/SqCC subtyping. 

Due to the large range of expression counts, they are shown on the y-axis in logarithmic 

scale (log10-scaled). The red boxes represent Adeno, the orange boxes depict SqCC. The 

thick or bold lines in each box represent the median values, the dashed lines depict the 

mean values. The plots contain the values between the first and third quartile (termed 

“interquartile range” or “ICR”). The upper whiskers contain the first quartile minus 1.5× ICR, 

the lower whiskers the third quartile minus 1.5× ICR. 
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3.5. miRNA markers for TC/AC 

The analysis of TC/AC resulted in six miRNA markers after application of 

appropriate statistics and error control. 110 miRNA were tested, 16 were significant 

at α= 0.05 and the FDR was estimated as FDR= 0.2497. Six miRNA remained after 

application of the above-mentioned statistical analysis and quality control (Table 6). 

All markers had a higher expression in AC compared to TC (figures 6,7). Using 

ROC statistics, expression count margins with appropriate sensitivity and specificity 

were calculated at CI=95% (Table 7). These six markers achieved a discriminative 

accuracy of 100% with a threshold of ≥ 4 markers being indicative of one subtype 

(table 8).  

 

 

 

 

 

 

 

 

 

Table 6: Identified miRNA markers for TC/AC 

The three markers are sorted according to their p-values, from lowest to highest value 

in descending order. The first two markers had a non-normal distribution, which resulted 

in the depiction of all six markers through their median values.  

miRNA p-value median TC median AC 

miR.1202 0.0007 0 99 

miR.549a 0.0007 0 115 

miR.141.3p 0.0020 5544 14296 

miR.137 0.0031 3563 8223 

miR.1253 0.0073 153 405 

miR.128 0.0117 177 527 
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Table 7: Calculated cut-off values discriminating TC/AC at CI= 95% 

Through ROC statistics, appropriate cut-off expressions counts were calculated for the 

differentiation of TC/AC at CI= 95%. Each cut-off value infers a distinct likelihoods to assign 

a given sample correctly to its subtype (sensitivity) and to rule out the other subtype 

(specificity).   

miRNA 
Cut-off with 

CI= 95% 
Sensitivity specificity 

miR.1202 60 87% 100% 

miR.549a 80 87% 100% 

miR.141.3p 7005 85% 87% 

miR.137 4095 75% 87% 

miR.1253 247 85% 87% 

miR.128 377 75% 87% 

 

Table 8: Combined testing accuracy of the three miRNA markers for TC/AC 

The six miRNA markers miR.1202, miR.549a, miR.141.3p, miR.137, miR.1253 and 

miR.128 differentiated the TC and AC subtypes. If ≥ 4 markers were indicative of either 

TC or AC, the respective sample was determined as TC or AC. All samples were 

correctly identified, showing a discriminating accuracy of 100%.  

 TC AC Total 

≥2/3 markers indicative of TC 8 0 8 

≥2/3 markers indicative of AC 0 8 8 

Total 8 8 16 
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Figure 6: miRNA markers miR.141.3p and miR.137 for TC/AC subtyping 

These boxplots represent two out of six identified miRNA markers for TC/SAC 

subtyping. The expression counts are shown on the y-axis. The blue boxes represent 

Adeno, the green boxes depict AC. The thick or bold lines in each box represent the 

median values, the dashed lines depict the mean values. The plots contain the values 

between the first and third quartile (termed “interquartile range” or “ICR”). The upper 

whiskers contain the first quartile minus 1.5× ICR, the lower whiskers the third quartile 

minus 1.5× ICR.  
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Figure 7: miRNA markers miR.1202, miR.549a, miR.1253 and miR.128 for TC/AC 

subtyping 

These boxplots represent four out of six identified miRNA markers for TC/AC subtyping. 

The expression counts are shown on the y-axis. The blue boxes represent TC, the 

green boxes depict AC. The thick or bold lines in each box represent the median values, 

the dashed lines depict the mean values. The plots contain the values between the first 

and third quartile (termed “interquartile range” or “ICR”). The upper whiskers contain 

the first quartile minus 1.5× ICR, the lower whiskers the third quartile minus 1.5× ICR. 
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4. Discussion 

4.1. Identified markers and global expression profiles 

This study identified three miRNA markers for subtyping Adeno/SqCC (miR.1246, 

miR.218.5p, miR.375) and six markers for TC/AC (miR.1202, miR.549, miR.141.3p, 

miR.137, miR.1253, miR.128). With respect to Adeno/SqCC, miR.1246 had a higher 

expression in SqCC, and miR.218.5p and miR.375 a higher expression in Adeno. 

All six markers for TC/AC had a higher expression in AC.  

The global miRNA expression profiles of all four subtypes could neither distinguish 

the more malign AC from the more benign TC nor Adeno from SqCC. It was 

unsurprising that the carcinoid subtypes and the non-carcinoid subtypes formed two 

separate groups, given their largely distinct biology. But, as Adeno and SqCC 

develop through distinct pathogenic patterns (Campbell et al., 2016), the lack of 

separate clustering was contrary to expectations. Also, separate clustering of the 

more malignant AC and the more benign TC had been expected, as aggressive 

neoplasms often show a deranged expression (Lin and Gregory, 2015).  

 

4.2. Remarks on the statistical analysis 

This study combined several statistical methods in an effort to maximize testing 

accuracy. While this combination is relatively unconventional in this field of 

biomedical research, it addressed common issues: The number of variables in this 

data set vastly exceeded the number of samples, limiting testing power. In almost 

any measurement of biological expression values, data present strong statistical 

dispersion with non-normal and unequal distributions (Barton et al., 2013). Instead 

of accounting for the distributional characteristics of each individual variable, it is 

common to apply indiscriminate statistical tests (Malo et al., 2006). Several popular 

tests like student’s t-test, Wilcoxon rank-sum test, one-way ANOVA and Kruskal-

Wallis-test also require statistical homoscedasticity, but this requirement is 

frequently not taken into account (Barton et al., 2013).  Instead of choosing statistical 

tests according to characteristics of the data, researchers often transform them 

through, for example, log-scaling. But transformation effectively moves the data 

away from their native state and may render results non-reproducible (O’Hara and 

Kotze, 2010).  
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In this study’s discovery process, a distribution-adaptive approach was performed 

instead of an indiscriminate statistic for all miRNA. A not very common feature is the 

qvalue statistic for error adjustment, which balances type I and type II errors better 

than a subjective estimation of the false discovery rate. 

 

4.3. Markers for Adeno/SqCC subtyping 

4.3.1. Roles in subtype-specific carcinogenesis 

Experimental findings can be validated through their biological context. Indeed, the 

three miRNA markers for Adeno/SqCC showed links to key oncogenic mechanisms 

specific for both NSCLC subtypes (Figure 8). 

A higher percentage of SqCC (59%) than Adeno (12%) contain activating mutations 

of the PI3K/AKT/mTOR pathway. Likewise, an inactivation of the tumor suppressive 

factor TP53 is found mainly in SqCC (80%), less in Adeno (50%). Inversely, 

activating mutations of tyrosine receptor kinases (TRKs) are more frequent in Adeno 

(50%) than in SqCC (27%) (Shtivelman et al., 2014). Adeno also has high 

expressions of the molecule CADM1 relative to SqCC (Kitamura et al., 2009). 

CADM1 is tumor suppressive in both subtypes, but apparently through different 

mechanisms (Vallath et al., 2016). 

The marker miR.1246, which is overexpressed in SqCC, targets CADM1 (Sun et al., 

2014). As CADM1 has a low expression in SqCC, their relation shows a subtype-

specific oncogenic role of miR.1246. The remaining markers miR.218 and miR.375 

have a higher expression in Adeno. In SqCC, they appear to suppress cancer 

growth: According to Kumamoto et al. (2016), artificial induction of miR.218 in SqCC 

effectively stalls proliferation of the tumor cells. miR.218 is encoded in a region of 

genomic losses typical for SqCC, resulting in depletion of this miRNA (Davidson et 

al., 2010). It does apparently not affect the proliferation of Adeno, which can thus 

tolerate a stronger concentration of this marker. The second diagnostic marker for 

Adeno, miR.375, suppresses the PI3K/AKT/mTOR pathway (Yan et al, 2014), which 

is more active in SqCC than in Adeno, making the downregulation of miR.375 

necessary for SqCC growth. No similar role is known in Adeno, which implies that 

this subtype can also tolerate a higher expression of miR.375.  
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4.3.2. Comparison to previous research 

Due to the clinical importance of Adeno/SqCC subtyping, previous researchers have 

already investigated for differential miRNA marker expression. Two publications 

stand out through considerable resources, and this section discusses their findings: 

Lebanony et al., (2009) reported miR.205 as diagnostic for SqCC and, like this 

study, miR.375 as diagnostic for Adeno. They quantified 141 miRNA through a 

microarray applied on 62 cases of Adeno and 60 cases of SqCC, and afterwards, 

they validated their findings through real-time PCR with 20 NSCLC samples. For 

statistical analysis, they used student’s t-test and applied error control through 

Bonferroni’s correction (lowering the level of significance from p<0.05 to 

p<0.00035). 

Hamamoto et al., (2013) reported miR.205 and miR.196b as markers for SqCC and 

miR.375 as marker for Adeno. Their sample set contained 54 cases of Adeno and 

25 cases of SqCC, and the expression of 377 miRNA in these samples was 

quantified through a microarray. Then, they validated their findings through real-time 

PCR with 44 samples each of Adeno and SqCC, performing statistical analysis 

through student’s t-test without error control, combining it with a specific fold change 

for significance. 

Both these publications reported miR.205 as diagnostic for SqCC and miR.375 as 

diagnostic for Adeno. This study also identified miR.375 but not miR.205, which also 

fits into the biological context through targeting PTEN, an inhibitor of the 

PI3K/AKT/mTor pathway in SqCC (Cai et al., 2013). From a technical perspective, 

these previous publications had stronger sample sizes. From a statistical 

perspective, their use of student’s t-test was less than optimal for expression data. 

miR.205 was non-significant in this study, possibly due to an aberrant expression in 

the smaller number of samples. Neither Lebanony et al. nor Hamamoto et al. 

reported miR.1246 or miR.218, perhaps missing them through inadequate statistics. 

Figure 8 on the following page shows the markers miR.1246, miR.375, miR.218 

and also miR.205 within the context of SqCC carcinogenesis. 
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Figure 8:  miRNA markers for Adeno/SqCC in relation to SqCC carcinogenesis 

All three discovered miRNA markers for Adeno/SqCC (miR.1246, miR.375 and miR.218) 

have either direct or indirect relationships to molecular pathways driving cancer proliferation 

in SqCC. These relationships help to explain their relative expressions in these two 

subtypes. 

In brackets, miR.205 is likewise depicted. This miRNA war tested as non-differential in this 

analysis, but featured prominently in the works of Lebanony et al. (2009) and Hamamoto et 

al.(2013). miR.1246 and, according to the mentioned previous reports, miR.205 are 

overexpressed in SqCC. They target tumor suppressive factors, thus contributing to 

proliferation of SqCC: miR.1246 targets CADM1 (Sun et al., 2014), which would otherwise 

suppress the JAK/STAT pathway (Vallath et al., 2016). miR.205 targets PTEN (Cai et al., 

2013), which would otherwise suppress the PI3K/AKT/mTor signaling pathway. miR.375 

and miR.218 are downregulated in SqCC. They would otherwise downregulate the 

PI3K/AKT/mTor pathway (Yan et al., 2014; Kumamoto et al., 2016). 

 

4.4. Markers for TC/AC subtyping 

4.4.1. The identified markers as oncogenic factors 

The global expression profiles depicted TC and AC as two closely related entities. 

The main biological difference is the more aggressive behavior of AC. A histological 

characteristic of AC is necrosis, which occurs in hypoxic tissue during malignant 

proliferation (Proskuryakov and Gabai, 2010). All identified markers had a higher 
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expression in AC, and they can at best be interpreted in the context of oncogenic 

dedifferentiation. 

The markers miR.141.3p and miR.137 are both associated with lung cancer: Blood 

of NSCLC patients has a higher concentration of miR.141.3p compared to smokers 

without cancer (Nadal et al., 2015). Both markers predict relapse and poor prognosis 

for NSCLC patients (Yu et al., 2008; Zhang et al., 2015). Considered alone, 

miR.141.3p has an ambiguous role in general carcinogenesis: It belongs to the 

tumor suppressive miR.200 molecular family (Gregory et al., 2008) but also has an 

oncogenic role, targeting the tumor suppressor YAP1 (Imanaka et al., 2011) which 

is depleted in high-grade neuroendocrine lung cancers (Ito et al., 2016). Like 

miR.141.3p, the marker miR.137 was in several instances described as tumor 

suppressor, but it is also responsive to hypoxia and prevents autophagy in fast-

proliferating tumors (Li et al., 2014), thereby facilitating necrosis (Su et al., 2015), a 

characteristic feature of AC. 

Out of the remaining four markers, miR.1202 and miR.128 are in instances 

oncogenic: miR.1202 inhibits apoptosis in endometrial cancer (Chen et al., 2017) 

and is elevated in both MALT lymphoma (Thorns et al., 2012) and colon cancer 

(Hamfjord et al., 2012). Similarly, miR.128 is also an inhibitor of apoptosis in T-cell 

leukemia (Yamada et al., 2014). For the remaining two markers, miR.549 and 

miR.1253, the scientific reports are insufficient for interpretation. 

 

4.4.2. Carcinoids in the context of neuroendocrine lung cancers 

To the author’s knowledge, this is currently the only study on differences in miRNA 

expression between the two carcinoid subtypes outside of the context of other 

neuroendocrine lung cancers. This is apparently due to the carcinoids’ low 

incidence.  

In the only available previous publication on miRNA expression differences between 

TC and AC, Rapa et al. (2015) quantified 752 miRNA in 6 samples of TC and 6 

samples of AC. By using student’s t-test and Wilcoxon rank-sum test, they reported 

four miRNA with a higher expression in AC and 20 miRNA with a higher expression 

in TC. These results were then transferred onto the highly aggressive LCNEC and 

SCLC by quantification of these miRNAs’ expressions in a second sample set, 
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containing TC, AC, LCNEC and SCLC. There, the selected miRNA had distinct 

expression levels in the high-grade cancers but were statistically indistinguishable 

between the two carcinoid subtypes. In conclusion, it appears that this work was 

performed on two vastly different groups of neuroendocrine subtypes. The 

pathogenesis of the pulmonary carcinoids appears to have little in common with 

LCNEC and SCLC, with little association to smoking history in the carcinoids 

(Swarts et al., 2012) and  distinct patterns of genetic mutations (Armengol and Kaur, 

2015). Further research into neuroendocrine lung cancers should thus treat the 

carcinoids separately. Otherwise, the highly aggressive biology of SCLC and 

LCNEC may overshadow the discrete differences between AC and TC. 

 

4.5. Limitations and perspectives 

4.5.1. Experimental validation 

The reliability of experimental discoveries depends on study design, experimental 

techniques, and statistical methods. As the two previous publications concerning 

miRNA markers for Adeno/SqCC (Lebanony et al., 2009; Hamamoto et al., 2013) 

demonstrated, this study’s sample sizes were below those of comparable 

experiments but also had different methodological features: Lebanony et al. used a 

microarray based on the MicroGrid II assay (Genomic Solutions Inc., Ann-Arbor, 

USA), Hamamoto et al. used the TaqMan human microRNA microarray V2.0 

(Applied Biosystems Inc., Foster City, USA). This study quantified miRNA 

expression through NanoString technology. Different experimental techniques can 

cause different results: In a comparative analysis, the measurements of NanoString 

and TaqMan showed varying measurements, ranging from -0.75 and to +0.75 in 

log2-scale (Malkov et al., 2009). Different normalization methods can also impair the 

comparison of studies, as Lebanony et al. normalized through median values, 

Hamamoto et al. through the z-score and this study through the three most stable 

miRNA.   

Given the methodological differences, it will be necessary to validate the findings on 

Adeno/SqCC and TC/AC through a larger sample set and different experimental 

techniques. This study’s data-adaptive statistical analysis should be retained, as it 

took several recommendations from theoretical biostatistics into account.  
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4.5.2. Practical issues for diagnostic application 

Clinical use of miRNA panels already takes place in diagnosing thyroid cancer 

(Nishino and Nikiforova, 2018). Most diagnostic material for thyroid cancer is derived 

from fine needle biopsies, where histomorphological structures are mainly not intact. 

Currently, no routine miRNA expression application exists for the differentiation of 

different types of cancer from the same organ. While the case of thyroid cancer has 

proven that a diagnostic application is technically possible, the miRNA markers for 

Adeno/SqCC and TC/AC still face several practical issues: 

1) Differential diagnosis of LCNEC in poorly differentiated NOS-NSCLC:  

Minimizing the rate of NOS-NSCLC is a primary intention of this study. Given the 

high percentages of Adeno and SqCC among all NSCLC, they are the two most 

likely differential diagnosis for NOS-NSCLC. But poorly differentiated NOS-

NSCLC, which are especially difficult for subtyping, often exhibit large cells 

resembling LCNEC (Fasano et al., 2015). It will thus be necessary to exclude 

LCNEC as a differential diagnosis either through immunohistochemistry or an 

additional miRNA marker panel. 

2) Different benign pulmonary cells as confounders:  

Most diagnostic samples contain varying amounts of non-cancer cells that 

express their own distinct miRNA profiles. At best, miRNA content within a 

sample should be extracted from the cancer components only. This is relatively 

easy in surgical samples, but difficult in small biopsy-samples and cytological 

material. Only if the expressions of the diagnostic markers in healthy tissue are 

available, it will be possible to minimize confounding effects from benign cells. 

It can be assumed that each type of pulmonary tissue has to some degree a 

specific miRNA profile: Squamous epithelium in the upper airways may express 

the diagnostic markers for SqCC, and glandular cells the diagnostic markers for 

Adeno. To this day, the available expression data only refer to lung tissue in 

general (Ludwig et al., 2016), but for diagnostic application of the markers in 

cytological material and small biopsy samples, these tissue-specific expressions 

are needed.  
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3) Effects from bleeding artefacts:  

Bleeding artefacts frequently occur in well-vasculated tumors during biopsy, 

which mainly concerns TC (Fisseler-Eckhoff and Demes, 2012). Blood 

components, especially white blood cells, may alter a sample’s miRNA 

expression and confound the concentrations of diagnostic markers (Pritchard et 

al., 2011). Such confounding effects from bleeding artefacts are difficult to 

determine, as the markers’ concentrations within these artefacts depend on its 

cellular composition. Thus, Samples with large bleeding artefacts do not qualify 

for diagnostic use of the miRNA markers. 

4) Reference values for cytological material:  

The samples in this study came from surgical resections and biopsies, but the 

greatest need for molecular markers lies in cytological fluids from broncho-

alveolar lavages or pleural effusions. Such material will present different ranges 

of marker concentration (da Cunha Santos et al., 2018). Thus, different reference 

values, taking total miRNA content into account, need to be established for each 

diagnostic material.  

5) Different miRNA expression in never-smokers:  

Nicotine consumption alters miRNA expression in lung tissue (Momi et al., 2014), 

and NSCLC of never-smokers may exhibit different expressions of diagnostic 

markers. This issue concerns the miRNA marker panel for Adeno/SqCC, as 

nicotine consumption only has a small effect on the carcinoids. While the 

incidences of Adeno and SqCC are low in never-smokers, it will be difficult to 

quantify the marker expression in these patient groups. As long as these 

expressions are not available, samples from never-smokers should be treated 

with adequate caution. 

 

4.5.3. Diagnostic application in other sample materials 

Sputum is another type of cytological material, which can be obtained without 

invasive techniques. miRNA markers can be applied on this material and thereby 

help to diagnose patients which are not eligible for other sampling-techniques. Xing 

et al., (2015) have already demonstrated the technical possibility to diagnose lung 

cancer from sputum but did not differentiate between histological subtypes.  
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Blood components are also a promising diagnostic material and can be gained with 

a minimum of invasiveness. The current interest in blood as diagnostic material is 

expressed in the term “liquid biopsy”, which mainly addresses the potential of 

circulating nucleotides, both RNA and DNA, for diagnosing and monitoring cancer  

(Perakis and Speicher, 2017). Circulating miRNA in blood are biochemically more 

stable than messenger RNA or DNA (Gustafson et al., 2016). Cancer cells actively 

secrete miRNA in exosomes, perhaps creating a more proliferation-friendly 

environment in this way. Thus, Circulating miRNA in exosomes are not merely the 

product of dying cancer cells (Rabinowits et al., 2009), but may reflect a tumor’s 

dynamic behavior and hence help to differentiate and monitor neoplastic diseases 

(Kosaka et al., 2010).  

 

4.6. Conclusion 

This study profiled the miRNA expression of four NSCLC subtypes, Adeno, SqCC, 

TC and AC, to discover markers differentiating Adeno from SqCC and TC from AC. 

The global expression profiles were considerably similar between Adeno and SqCC 

and also between TC and AC. Neither did the distinct histological background of 

Adeno and SqCC lead to subtype-specific expression clusters nor did the 

differences in aggressiveness between TC and AC. 

The analysis discovered three markers for Adeno/SqCC. All three fit into the specific 

oncogenic mechanisms in these NSCLC subtypes, but only one corresponds to 

previous publications on the same issue. A direct comparison of this study’s findings 

to these reports is not possible due to different experimental and statistical 

techniques. Six markers were discovered for TC/AC subtyping, all with a higher 

expression in AC. An oncogenic role of these markers is possible, but as the 

knowledge of the carcinoids’ biology is relatively small, their functional connections 

to specific oncogenic pathways remain unclear. To the author’s knowledge, this is 

the first study to investigate for differential miRNA expression in the carcinoids 

outside of the context of other neuroendocrine lung cancers. 

To transfer the markers into diagnostic application, it will be necessary to validate 

their expression values and to examine technical confounders in diagnostic 

materials. These practical issues do not require additional research into the 
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fundamental biology of lung cancer and can be undertaken through conventional 

methods. Failure to differentiate NSCLC subtypes is likely to lead to inadequate 

treatment, causing poor prognosis. These two miRNA marker panels may  provide 

clinical benefit by supporting therapeutic decisions based on reliable NSCLC 

subtype identification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



42 
 

5. Summary 

Background: Within the group of non-small cell lung cancers (NSCLC), the number 

of clinically relevant subtypes is increasing. At the same time, diagnostic tissue is 

more often sampled through minimally invasive procedures, making accurate 

subtyping difficult. microRNA (miRNA) molecules may be able to satisfy the need 

for molecular markers in NSCLC subtyping. 

Rationale: This study aims to identify miRNA markers for NSCLC subtyping. It is 

necessary to differentiate adenocarcinoma (Adeno) and squamous cell carcinoma 

(SqCC) because several therapeutics agents are only admitted for Adeno, not for 

SqCC. For his purpose, miRNA markers may provide diagnostic support. miRNA 

markers may also help to distinguish typical carcinoid (TC) and atypical carcinoid 

(AC), as the therapeutic approach is more aggressive for AC than for TC.  

Methods: In 33 NSCLC samples (ten Adeno, seven SqCC, eight TC, eight AC), the 

expression of 800 miRNA was quantified through the nCounter technology from 

NanoString. The data were quality-controlled, normalized and the removal of 

artefacts reduced the panel size to 543 miRNA. Through cluster calculations, the 

data were explored. The subsequent analysis was designed as a data-adaptive 

approach: Each miRNA was examined for its distributional properties through the 

Shapiro-Wilk test (for normality) and Levene’s test (for equal distribution) and 

accordingly categorized. Statistical testing for differences between all four groups 

was performed through one-way analysis of variance (ANOVA), Welch’s ANOVA, 

the Kruskal-Wallis test, and Welch’s ANOVA on ranks (all at α= 0.05). The 

significances were examined for differences in the two comparisons of interest 

through student’s t-test, Welch’s t-test, the Wilcoxon rank-sum test, and Welch’s t-

test on ranks (all at α= 0.05). The false discovery rate was controlled, and the results 

had to pass a final quality control. 

Results and conclusion: Three miRNA markers were identified for Adeno/SqCC: 

miR.1246, miR.218.5p and miR.375, which fit into current knowledge of their 

biological role in lung cancers. For TC/AC subtyping, six markers were identified: 

miR.1202, miR.549a, miR.141.3p, miR.137, miR.1253 and miR.128. They are the 

first miRNA markers investigated specifically for differentiating the pulmonary 

carcinoids. 
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7. Appendix 

7.1. List of abbreviations 
 

Abbreviation  Full term  
AC ………………………………………. Atypical carcinoid of the lung 
Adeno …………………………………... Adenocarcinoma of the lung 
AKT = PKB ……………………………. Protein kinase B 
ANOVA …………………………………. Analysis of variance 
CADM1 …………………………………. Cell adhesion molecule 1 
CI ………………………………………. Confidence interval 
CT ………………………………………. Computer tomography 
FDR ……………………………………. False discovery rate 
FFPE …………………………………… Formalin-fixed, paraffin-embedded 
JAK ……………………………………… Janus kinase 

LCNEC …………………………………. 
Large-cell neuroendocrine cancer of the 
lung 

MALT …………………………………… Mucosa- associated lymphoid tissue 
miRNA …………………………………. microRNA 
mTOR …………………………………... Mammalian target of rapamycin 
NOS-NSCLC …………………………... Not otherwise specified NSCLC 
NSCLC …………………………………. Non-small-cell lung cancer 
PI3K ……………………………………. Phosphatidylinositol 3-kinase 
PTEN …………………………………… Phosphatase and tensin homolog 

qcsample …………………………………. Quality control value of a specific sample 

ROC ……………………………………. Receiver operating curve 
SCLC  …………………………………... Small cell lung cancer 

SEER …………………………………… 
Surveillance, Epidemiology, and End 
Results 

SqCC …………………………………… Squamous-cell carcinoma of the lung 
SSMD …………………………………... Strictly standardized mean difference 

STAT ……………………………………. 
Signal transducer and activator of 
transcription 

TC ………………………………………. Typical carcinoid of the lung 
TMM ……………………………………. Trimmed mean of M-values 
TP53 ……………………………………. Tumor protein 53 
TTF-1 …………………………………… Thyroid transcription factor 1 
YAP1 ……………………………………. Yes-associated protein 1 

3’UTR …………………………………… 
Three prime untranslated region (of 
messangerRNA) 
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