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ABSTRACT Exposure of small animals to cigarette smoke is widely used as a model to study the
pathogenesis of chronic obstructive pulmonary disease. However, protocols and exposure systems utilised
vary substantially and it is unclear how these different systems compare.

We analysed the gene expression profile of six publically available murine datasets from different
cigarette smoke-exposure systems and related the gene signatures to three clinical cohorts.

234 genes significantly regulated by cigarette smoke in at least one model were used to construct a 55-
gene network containing 17 clusters. Increasing numbers of differentially regulated clusters were associated
with higher total particulate matter concentrations in the different datasets. Low total particulate matter-
induced genes mainly related to xenobiotic/detoxification responses, while higher total particulate matter
activated immune/inflammatory processes in addition to xenobiotic/detoxification responses. To translate
these observations to the clinic, we analysed the regulation of the revealed network in three human
cohorts. Similar to mice, we observed marked differences in the number of regulated clusters between the
cohorts. These differences were not determined by pack-year.

Although none of the experimental models exhibited a complete alignment with any of the human
cohorts, some exposure systems showed higher resemblance. Thus, depending on the cohort, clinically
observed changes in gene expression may be mirrored more closely by specific cigarette smoke exposure
systems. This study emphasises the need for careful validation of animal models.
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Introduction
The devastating health impact of cigarette smoking is well known [1]. Despite this, over 1 billion people
continue to smoke worldwide [2]. Smoking is the main risk factor of chronic obstructive pulmonary
disease (COPD), an inflammatory disorder characterised by a progressive and largely irreversible airway
obstruction. While emphasis should be placed on smoking prevention and cessation, a greater
understanding of cellular and molecular mechanisms that contribute to the pathogenesis of COPD are
equally important given the highly addictive nature and chronic persistence of cigarette smoking [1], the
burden this disease places on society [3], and the fact that current pharmacologic interventions show
limited effects [4].

Although animal models do not fully capture the complexity of COPD, they are valuable tools to
investigate biological mechanisms that contribute to the pathogenesis and progression of COPD, and to
screen novel intervention strategies. Exposure of animals to cigarette smoke is viewed as one of the most
relevant experimental models for COPD, as they include the main aetiological factor associated with
COPD. However, smoke exposure systems and protocols vary substantially between laboratories, which
may explain the divergent and sometimes contradictory nature of results reported in the literature [5].
These discrepancies are often attributed to differences between exposure systems and experimental
protocols, although our understanding of differences between models remains limited.

The purpose of this study was to compare and contrast gene expression profiles between different murine
models of cigarette smoke exposure and relate the gene signatures to clinical cohorts. The analysis
included six publically available mouse datasets representing different experimental systems. We found 234
genes that were significantly regulated by cigarette smoke in at least one of the experimental systems.
Based on this, a functional network with 17 clusters was constructed to investigate the biological
significance of differential gene expression. Experimental models with high total particulate matter (TPM)
exhibited regulated genes in a higher number of clusters than models with low TPM. While low TPM
mainly induced genes involved in detoxification, higher TPM concentrations activated genes involved in
inflammatory processes in addition to the detoxification response. Similar to the experimental models,
biological response patterns in human cohorts showed marked differences. However, unlike animal models
where the response to cigarette smoke was dependent of the TPM concentrations, differences in the
human cohorts were not determined by pack-year and need further investigation.

Materials and methods
Animal datasets
Lung gene expression profiles of seven publically available datasets were obtained, but only six were used
in the current study. These profiles were deposited in the Gene Expression Omnibus (GEO) (accession
numbers GSE55127, GSE33512, GSE18344, GSE8790, GSE17737, GSE52509 and GSE33561) [6–11] and
comprised a total of 54 samples. GSE33512, GSE55127, GSE33561 and GSE52509 datasets were
pre-processed as described in the corresponding source publications. GSE18344, GSE17737 and GSE8790
datasets contained samples profiled on Affymetrix Mouse Genome 430 2.0 arrays. These arrays were
normalised with frozen Robust Multi-array Analysis, a procedure that allows microarrays to be
pre-processed individually or in small batches and allows data to be combined into a single dataset for
further analyses [12]. Since different profiling platforms contain different numbers of genes, we included
10634 genes in the analysis that were shared among all platforms. The Distance-Weighted Discrimination
(DWD) method [13] was used to remove technical variation from the datasets that were to be combined
for further analyses. For a more detailed description of the analyses refer to the supplementary material.

Human dataset
Human subjects and the lung specimen collection have been described previously [14]. Non-tumour lung
specimens were collected from patients undergoing lung surgery at three different sites: Institut
Universitaire de Cardiologie et de Pneumologie de Québec (IUCPQ), Laval University (Quebec, Canada),
University of British Columbia (Vancouver, Canada) and University of Groningen (Groningen, the
Netherlands), henceforth referred to Laval, UBC and Groningen. Non-neoplastic pulmonary parenchyma
was harvested and stored at −80°C. Gene expression profiling was carried out using Affymetrix arrays at
the same facility using the same methods for the all the datasets, data was deposited as GSE23546.

Differential gene expression analysis
We used the “limma” package [15] to compare smoke-exposed mice from each model to control mice
pooled across all models. T-statistics were followed by Benjamini–Hochberg adjustment for multiple
testing [16].
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Network analysis
Networks were constructed based on 234 ⩾2-fold differentially expressed genes using Reactome FI plugin
(Ontario Institute for Cancer Research, Toronto, ON, Canada) in Cytoscape software (Cytoscape
Consortium, www.cytoscapeconsortium.org) [17, 18]. This relatively stringent ⩾2-fold threshold was
chosen in accordance with previous publications [19, 20]. The networks were then analysed for the
presence of significant gene clusters (also termed “clusters” or “modules”) [21] and these clusters were
further examined with pathway enrichment and gene ontology tools in Cytoscape. Further details of the
analyses are provided in the supplementary material.

Gene set enrichment analysis
We used gene set enrichment analysis (GSEA) [22] to examine the enrichment of 17 genes previously
reported to be induced by cigarette smoke in the human and mouse lung (MMP12, AHRR, SPP1,
ALDH3A1, CYP1B1, GDF15, GSTA2, NQO1, PLA2G7, TREM2, CLEC5A, ACP5, ATP6V0D2, BHLHE41,
NEK6, DCSTAMP and LCN2 [6]). Two out of 17 genes (DCSTAMP and BHLHE41) were unavailable on
the gene expression profiling platforms; therefore, GSEA was performed using the remaining 15 genes.
Analysis was performed separately for each of the models, and p-values were pooled and corrected for
multiple testing using Benjamini–Hochberg multiple testing correction [16]. In the course of GSEA it is
usually revealed that not all of the genes belonging to the gene set of interest exhibit modified levels of
expression in the profiled sample. Therefore, it is suggested to extract the core members of high scoring
gene sets that contribute to the enrichment. Such groups of core members is termed a “Leading Edge”
subset and it can be interpreted as the core of a gene set that accounts for the enrichment signal.

Multivariate regression analysis
Multivariate analysis was carried out by using lm function from the R stats package (www.r-project.org).
We analysed the following factors: 1) TPM, 2) sex and 3) exposure duration. In a separate analysis, we
assessed absolute dose (TPM × average exposure time) and sex. For GSE33512 the TPM was provided as a
range between 100 and 120 µg·L−1; for the purpose of our analysis we used the average of 110 µg·L−1.
Similarly, exposure duration provided for GSE33561 was 6–7 weeks, thus we used the average of 6.5 weeks.

Results
Processing and combining independent datasets according to their exposure groups
To compare gene expression profiles in the lungs of mice exposed to cigarette smoke we acquired seven
publically available, independent datasets from the GEO. We included in the analysis datasets from mice
that were exposed to cigarette smoke for 6–16 weeks, regardless of strain, sex, array platform and smoke
exposure system (table 1). Strong batch effects led to clustering of samples based on study, array platform
and exposure (figure 1a). We next employed the DWD method for removing batch effects (see Materials
and methods) resulting in sample clustering largely according to exposure (figure 1b), suggesting that most
study and array platform effects were successfully removed, while the factor of interest remained. Of note,
five samples from room air-exposed mice clustered within cigarette smoke-exposed samples: three samples
from GSE8790, one sample from GSE55127 and one sample from GSE33561. Based on the assumption
that room air samples from all studies should cluster together, we removed these five samples from the
analysis. Since all room air-exposed control samples from GSE8790 were removed, we excluded this study
from the analysis. Batch effect removal and filtering based on the assumption that room air-exposed
samples should cluster together resulted in a collection of 46 samples. These samples formed two

TABLE 1 Mouse datasets downloaded from Gene Expression Omnibus (GEO)

GEO accession
[ref.]

Exposure
duration weeks

Strain Sex Age
weeks

Samples TPM
µg·L−1

Cigarette

GSE8790 [9] 6 A/J Male 8 3 RA/3 CS 90 2R4F
GSE33561 [11] 6–7 AKR/J Male 6–8 3 RA/3 CS 90 2R4F
GSE33512 [7] 16 C57BL/6 Male 12 4 RA/4 CS 100–120 1R3F
GSE52509 [10] 16 C57BL/6 Female 8–10 3 RA/3 CS 500 3R4F
GSE17737 12 C57BL/6 Female NA 5 FA/5 CS NA NA
GSE55127 [6] 8 BALB/C Female 6–8 5 RA/5 CS >600 3R4F#

GSE18344 [8] 8 CD-1 Female 13 4 RA/4 CS 750 2R4F

TPM: total particulate matter; RA: room air; FA: forced air; CS: cigarette smoke; NA: not applicable.
#: filters removed.
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well-defined clusters, based on room air and cigarette smoke exposure (figure 1c). Similar results were
observed in a parallel examination using principal component analysis (figure S1).

Differential gene expression analysis: 20 genes differentially expressed between cigarette
smoke-exposed mice and control samples in all studies
We next performed a pair-wise differential gene expression analyses between cigarette smoke-exposed mice
and the pooled control samples to examine biological processes that were significantly activated or
suppressed by cigarette smoke exposure. Transcriptional changes varied markedly between studies, ranging
from 62 upregulated and 124 down-regulated genes in study GSE33561 and 833 upregulated and 626
down-regulated genes in study GSE55127 (figure 2). In addition, the numbers of differentially expressed
genes found in samples from GSE18344, GSE55127 and GSE17737 was significantly higher than the
numbers of such genes found in the remaining three datasets (p=0.0005, Welch two sample t-test).

To examine similarities between the six studies we focused on gene transcripts with ⩾2-fold change
between the pooled control samples and cigarette smoke-exposed mice. A full list of 234 genes that
changed ⩾2-fold in at least one of the studies is shown in table S1. The majority of these genes were
upregulated in the smoke-exposed mice (figure S2). Of the 234 genes, 20 were differentially expressed
between the cigarette smoke-exposed mice and the controls in all six studies (figure 2). This included a
number of genes that have previously been implicated in cigarette smoke-induced inflammatory processes,
as well as xenobiotic and anti-oxidant responses. The remaining 214 genes were differentially expressed
between the cigarette smoke-exposed mice and the controls in decreasing number of studies with
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GSE18344, GSE55127 and GSE17737 showing greater overall change in gene expression compared to the
other three studies. These findings suggest that despite similarities, there are marked differences in
transcriptional changes between studies.

Analysis of pathways and clusters: 17 clusters regulated by cigarette smoke in mouse lung
in all studies
Next, we built a functional interaction network based on the 234 genes differentially expressed between
cigarette smoke-exposed mice and controls. Of the 234 genes, 55 constructed a complex network
containing 17 clusters (figure 3a). Each cluster was then analysed to discover pathways and gene ontology
processes represented by genes belonging to the cluster. Table 2 presents the genes involved in the clusters
and their descriptions based on the results of this analysis (table S2).

To examine the differences in the regulation of clusters between the models, we defined the direction of
regulation of each of the clusters (see Materials and methods), and highlighted the clusters accordingly
(figure 3b). A clustergram showed marked differences in how clusters were regulated between studies
(figure 4a). GSE33561 and GSE33512 showed relatively few clusters that were regulated by smoke
exposure. Studies GSE52509, GSE17737 and GSE55127 showed regulation of the majority of clusters, while
all clusters were regulated in GSE18344. Cluster 1 was upregulated in all studies, while clusters 7 and 11
were upregulated in five out of six studies. These clusters related to chemokine signalling and activity, and
NOD-like receptor signalling.

The number of regulated clusters correlates with total particulate matter
Next, we examined factors that correlate with regulated clusters across the six studies. We examined TPM,
sex and duration of the exposure. Study GSE17737 was omitted from the analysis, as TPM concentration
was not publically available. TPM was the only factor that correlated with the number of affected clusters
(p=0.0368), while neither sex nor exposure duration reached statistical significance. Based on this, we
plotted the number of regulated clusters as a function of total particulate matter across the five datasets,
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for which TPM information was available (figure 4b). Fitted linear regression analysis revealed a
significant correlation between total particulate matter and the number of regulated clusters (p=0.0072,
r2=0.9348). Additionally, we performed multivariate regression analysis to examine the correlation between
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regulated clusters, the absolute dose (TPM × average exposure time) and sex; however, the results did not
reach statistical significance (p=0.2389).

Enrichment for genes regulated by cigarette smoke in mice and humans lungs
Previous reports revealed 17 genes that are significantly regulated by cigarette smoke in both mice and
humans [6]. Based on these findings, we examined whether the samples obtained from cigarette
smoke-exposed mice in the 6 studies are enriched in these 17 genes using GSEA [22]. All models showed
that 15 out of 17 genes (MMP12, AHRR, SPP1, ALDH3A1, CYP1B1, GDF15, GSTA2, NQO1, PLA2G7,
TREM2, CLEC5A, ACP5, ATP6V0D2, NEK6 and LCN2) were significantly induced, as shown by the
significant enrichment in the list of these genes (p<0.05) (see Materials and methods). Figure S3 shows
the enrichment of the signature in each of the studies. Based on the enrichment plots, the majority of the
examined genes contributed to these results. This observation is supported by the findings that the majority
of the genes belong to the Leading Edge (table S3). These genes are of interest, as they are shared among
models and probably point towards fundamental mechanisms involved in the response to cigarette smoke.

Mapping results obtained from mouse gene clusters on human data
As we observed marked differences in numbers of clusters regulated between cigarette smoke-exposure
studies, we next sought to investigate whether similar differences exist in the regulation of these clusters
between human cohorts. We used three human cohorts obtained from three different centres. Both current
smokers and never-smokers were represented in each cohort (table 3). We analysed the expression of the
55 genes used to construct the network in the mouse studies. As described in the Materials and methods
section, genes showing a significant differential expression were used to establish the regulation of the
clusters. Similar to mice, we observed differences between the different cohorts (figure 5a). While relatively
few clusters were regulated in the UBC cohort, the Groningen and LAVAL cohorts showed regulation in
most clusters. Clusters 5 and 9 (reflecting Osteoclast differentiation and without functional annotation,
respectively) were consistently upregulated across all cohorts, but no consistent pattern emerged with any
of the other clusters. For example, clusters 1, 7 and 11 (reflecting chemokine clusters (signalling, activity
and NOD-like receptor signalling)) were found to be either upregulated or not regulated, while cluster 10
(reflecting Toll-like receptor signalling) exhibited all possible modes of regulation: up-, down- and
bi-direction regulation. The clustergram of the Laval and Groningen cohorts was more similar to the
mouse GSE52509 and GSE55127 datasets, while the UBC cohort displayed greater similarities to
GSE33561 and GSE33512 (figure 5b). Figure 5c shows a plot depicting the number of regulated clusters in
mouse models as a function of TPM (same as in figure 4b) with the number of regulated clusters in

TABLE 2 Functional annotation of the gene clusters

Cluster Genes in cluster Function derived from Pathway Enrichment
and Gene Ontology analyses

Gene list

0 6 TLR signalling: unfolded protein response DNAJB1, DNAJC5B, HSPA1A, HSPB1,
SAA1, TLR2

10 2 TLR signalling CD86, CXCL9
1 6 Chemokines: signalling CCL17, CCL22, CCL4, CCR1, CXCL13, CXCL5
7 3 Chemokines: activity CCL2, CCL3, CCL7
11 2 Chemokines: NOD-like receptor signalling CXCL1, CXCL2
2 5 Muscle contraction ACTN2, MYH6, MYL1, TCAP, TNNI3
3 5 Integrins CD14, ITGAM, ITGAX, ITGB2, SPON2
4 4 Circadian clock ARNTL, DBP, NR1D1, PER1
5 3 Osteoclast differentiation CLEC5A, TREM2, TYROBP
6 3 Interleukins: FC-epsilon receptor I signalling FCER1G, FCGR2B, IL12B
14 2 Interleukins IL1R2, IL1RN
8 3 p53 pathway IGF1, IGFBP3, IGFBP6
9 3 – AHRR, ARNT2, MAFB
12 2 Class I MHC mediated antigen processing and presentation CYBA, NCF4
13 2 Immune response (complement pathway) C1QA, C1QB
15 2 Glutathione metabolism GCLC, GCLM
16 2 Heterotrimeric G-protein signalling pathway-Gq alpha and

Go alpha mediated pathway
RGS1, RGS16

There were no pathways or processes significantly represented by cluster 9. TLR: Toll-like receptor; NOD: nucleotide-binding oligomerisation
domain; MHC: major histocompatibility complex.
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human cohorts superimposed as horizontal lines. Similar to mice, there are marked differences in the
number of regulated clusters among cohorts and, none of the experimental models exhibit a complete
alignment with any of the human cohorts.

Discussion
Animal models are widely used to study the pathogenesis of smoking-related diseases such as COPD.
There are, however, marked differences between cigarette smoke exposure systems and protocols used by
different laboratories. Consequently, data generated are often difficult to compare and may even appear
conflicting. In the present study, we compared gene expression profiles from different smoke exposure
systems to assess similarities and differences between systems/protocols and to determine what approach
most accurately reflects observations in clinical cohorts.

To address this we analysed seven publically available datasets in which mice were exposed to cigarette
smoke for 6–16 weeks regardless of strain and sex. We purposely used broad inclusion criteria to increase
the number of datasets included in the analysis. In contrast to previous studies that used specific exposure
protocols to identify genes that contribute to cigarette smoke-induced pathology, the analytical approach
in this study aimed at establishing similarities and differences in the gene expression profile between
different experimental models of cigarette smoke exposure. We used batch effect removal procedures and
quality assurance filtering procedures with the assumption that datasets from room air-exposed mice
should cluster together, with the effects of smoke being stronger than the effects of the strain or the sex.
No assumptions were made regarding the clustering of datasets from cigarette smoke-exposed mice as it is
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conceivable that, in some of the studies, the effects of cigarette smoke are subtle, leading to clustering of
these samples within control groups rather than samples from smoke-exposed mice.

We previously identified 17 smoking-induced genes conserved between a large-scale transcriptomic human
dataset and one of the mouse datasets used in the current study [6]. Of note, this gene list was enriched in
all murine datasets, indicating that all models mimic the molecular behaviour of these conserved genes.

In our study, 234 genes were differentially expressed by ⩾2-fold in at least one of the datasets. Of these,
only 20 genes were significantly regulated in all datasets, highlighting the marked difference between
models. Most of the upregulated genes were related to immune inflammatory processes (CCL6 [23], CD84,
CXCL5 [24], GPNMB [25], LGALS3 [26], MMP12 [27], MS4A7, PTGIR and TREM2 [28]) or
detoxification responses (AKR1B8 [29], CD68 [30], CYP1B1 [31], PLA2G7 and SLC7A11). Of note, CTSK
[32], CXCL5 [33], CYP1B1, LGALS3 [34], MMP12 [35], PLA2G7, PTGIR [36], SLC7A11 [37] and
TREM2 [38] have been described previously, while the remaining genes (AKR1B8, CCL6, CD68, CD84,
GPNMB, IGFBP6, LHFPL2, MS4A7, MYO5A, SLC39A4 and ZRANB3), to the best of our knowledge,
have not been reported previously in association with smoking-related diseases. A description of the full
gene names and a summary of their known functions are provided in table S4. Despite marked differences
between models, these latter genes are of particular interest to further study as they are shared among all
animal models and human cohorts and probably point towards fundamental mechanisms involved in the
response to cigarette smoke. However, not all smokers develop COPD and as many as one out of four
Americans with COPD have never smoked cigarettes [39]; thus, while these genes are shared and
conserved among mice and humans, they may not be related to the development of COPD. In addition,
many processes exist between transcription and translation, and observed gene regulation does not
necessarily imply protein-related changed. Hence, further analyses should validate these differentially
expressed genes at the protein level.

Of the 234 genes with >2-fold regulation, 55 genes formed a network organised into 17 clusters. Most clusters
were associated with functions within inflammatory and immune responses (Toll-like receptor signalling,
chemokines, integrins, interleukins, class 1 major histocompatibility complex-mediated antigen processing
and presentation, immune response and G-protein signalling). Additional clusters related to muscle
contraction, circadian clock, the p53 signalling pathway and osteoclast differentiation. Finally, we observed a
cluster related to glutathione metabolism. Glutathione is an important reducing agent and has been shown to
render protection against reactive oxygen species, as well as regulation of intracellular redox status.

The regulation of the clusters varied markedly among smoke exposure systems. In some of the datasets, we
observed predominant activation of genes involved in detoxification, with little or no regulation of genes
associated with immune inflammatory clusters. In contrast, other systems showed regulation of almost all
clusters. Analysis of the influence of sex, strain, duration of the exposure and TPM concentration revealed
that only TPM showed a significant correlation with the number of affected clusters. While the samples do
show a tendency to cluster based on sex, the effect of sex is not strong enough to reach significance.
The lack of sex effect is consistent with the controversial information reported for COPD patients [40, 41].
However, we are not excluding the possibility of sex-related differences in our groups. Similarly, due to the
limitation in number of mouse models available for different strains, we were unable to examine the effect
of the strain and are, therefore, not excluding a possibility of strain differences.

Based on our data, we suggest that two main processes are involved in the response to cigarette smoke. At
low TPM concentration, cigarette smoke exposure triggers a xenobiotic and detoxification response. Of

TABLE 3 Clinical characteristics of subjects

Variables Groningen LAVAL UBC

Never-smokers Current smokers Never-smokers Current smokers Never-smokers Current smokers

Subjects 12 45 27 82 17 88
Male/female 5 (42%)/7 23 (51%)/22 6 (22%)/21 37 (45%)/45 8 (47%)/9 54 (61%)/34
Age years 48.3±15.4 57.5±8.7 55.8±11.6 63±9.2 59.6±14.6 62±9.4
Smoking pack-years 0 37.9±17.4 0 53±21.8 0 53.7±27.1
FEV1 % pred 98.6±9.38 (7) 73.3±19.8 (17) 94.1±13.2 (4) 75.1±14.4 (1) 105.4±33.1 (7) 76.4±18.2 (7)
FVC % pred 98.8±7.3 (7) 87.1±16.3 (18) 96.5±12.5 (6) 87. 1±13.5 (5) 99.1±31.2 (6) 86.7±15.7 (7)

Data are presented as mean±SD, unless otherwise stated. The number of missing values is shown in parentheses. LAVAL: Laval University;
UBC: University of British Columbia; FEV1: forced expiratory volume in 1 s; FVC: forced vital capacity.
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note, the activation of detoxification genes was conserved among all datasets regardless of TPM
concentration. At higher TPM concentrations, however, we also observed effects on clusters associated with
immune inflammatory processes. Our data are in agreement with reports by MARCH et al. [42] and
HODGE-BELL et al. [43], documenting that cigarette smoke-induced inflammation is a function of TPM.
However, the association between TPM levels and changes in gene expression patterns has not been
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reported previously. It is plausible that: 1) these immune inflammatory processes render protection if
the xenobiotic and detoxification responses are overwhelmed; or 2) that the damage associated with
higher TPM concentrations drives immune inflammatory processes. Ultimately, our data suggest that
TPM concentration acts as a rheostat regulating the intensity and nature of the response to cigarette smoke.

To evaluate the relevance of these observations in humans, we compared all the mouse models to three
distinct human cohorts. The goal of this comparison was to determine if functional interacting networks
derived from mice exposed to cigarette smoke were also regulated in humans and, ultimately, find the smoke
exposure system that most accurately reflects what is observed clinically. Similar to mice, we observed
marked differences in the regulation of clusters between the clinical cohorts. Four clusters were regulated in
the UBC cohort, whereas Groningen and Laval cohorts showed regulation of almost all clusters. The UBC
cohort clustered with the mice exposed to the lowest TPM, while Laval and Groningen cohorts clustered
with mice exposed to higher levels of TPM. No significant correlation was found between number of
regulated clusters and pack-years. Factors that contribute to the marked differences between clinical cohorts
are currently not well understood and may include factors such as socioeconomic status, environmental
exposure, age, sex and body mass index to mention a few. What these findings ultimately show is that there
is no ideal experimental smoke exposure protocol and that different models may relate more closely to
certain cohorts. Clearly, further research is required to validate animal models against the clinical conditions.

There are limitations to the present study that should be noted. The relatively low number of available
models can limit our ability to detect true associations that have small effect sizes. For example, C57BL/6 was
the only strain that was used in multiple datasets (n=3). Unfortunately, one of these datasets did not provide
information about TPM and was excluded from the full analysis. In future, it will be important to
incorporate more models with repeated characteristics such as strain and sex. The comparison with human
data was restricted to clusters derived from mice data containing 55 genes. The differences observed in the
regulation of clusters across cohorts do not reflect global gene expression changes induced by smoking in the
human lung. Our previous gene expression study revealed 599 transcripts consistently altered by smoking in
these three human cohorts [14]. Functional interaction network analysis based on smoking-induced genes in
humans is warranted.

In the present study, we found that higher TPM concentrations skewed the gene expression response
towards an inflammatory phenotype and positively affected the intensity of the response in mice. Our data
further suggest that mouse models mimic the molecular behaviour of conserved genes affected by cigarette
smoking in human tissues. However, there are marked differences between gene expression profiles among
animal models and human cohorts. Hence, animal models may be used to study biological mechanisms
that contribute to cigarette smoke-induced inflammation and damage/repair responses, but the translation
of these findings to human disease requires validation that these pathways are activated in the
corresponding patient cohort.
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