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Early stage of cytomegalovirus infection suppresses host microRNA expression
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ABSTRACT
Responses to human cytomegalovirus (HCMV) infection are largely individual and cell type specific. We
investigated molecular profiles in 2 primary cell cultures of human fibroblasts, which are highly or
marginally sensitive to HCMV infection, respectively. We screened expression of genes and microRNAs
(miRs) at the early (3 hours) stage of infection. To assess molecular pathway activation profiles, we applied
bioinformatic algorithms OncoFinder and MiRImpact. In both cell types, pathway regulation properties at
mRNA and miR levels were markedly different. Surprisingly, in the infected highly sensitive cells, we
observed a “freeze” of miR expression profiles compared to uninfected controls. Our results evidence that
in the sensitive cells, HCMV blocks intracellular regulation of microRNA expression already at the earliest
stage of infection. These data suggest somewhat new functions for HCMV products and demonstrate
dependence of miR expression arrest on the host-encoded factors.
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Introduction

The infections by human cytomegalovirus (HCMV; also known
as CMV and HHV-5) can be symptomless and latent through-
out life for the majority of the affected immunocompetent indi-
viduals. However, first contact with the infection, reinfection,
or reactivation of HCMV in persons with underdeveloped or
compromised immune system, can lead to a severe, sometimes
fatal disease.1-2 For example, HCMV is the leading viral cause
of congenital birth defects.3 In addition, HCMV infection may
act as an oncogenic transformation cofactor in various cell
types.4 HCMV infection starts when viral proteins bind to the
cell surface, and the virus enters the cell and causes reprogram-
ming of the intracellular processes.5 Immediate early genes
(0–4 hours after infection) participate in the regulation of
transcription, followed by early genes (4–48 hours after infec-
tion) which are involved in viral DNA replication and further
transcriptional regulation.6 Late genes are expressed during the
remainder of infection up to viral egress and typically code for
structural proteins.

Early stages determine the fate of the infection process, for
example, whether it will be lytic or latent.5 At the early time of
HCMV infection, 2 layers of viral gene regulation are thought

critical according to classical model: i) IE (immediate early)
gene regulation through the interaction of cellular factors with
the major IE promoter and enhancer, and ii) activation of early
genes by IE proteins.5 A plethora of data is available today on
the involvement of certain viral and host cellular genes in the
course of infection.7 However, a comprehensive understanding
of infection processes at the early stages, including changes in
transcriptomes and microRNA profiles and interactions
between them, is still missing.

MicroRNAs (miRs) are 19 to 24 nucleotides long non-
coding RNAs that regulate the expression of target mRNA mol-
ecules, both at the transcriptional and translational levels.8-9

They influence all major physiological processes, such as
development, growth, differentiation, immune reaction, and
adaptation to stress.10-11 Specific miR programs are activated in
normal physiological or pathological processes, including
infections.12-13

In this study, we used a combination of experimental and
bioinformatic approaches to elucidate response of human cells
to HCMV at the early stage of infection (3 hours after inocula-
tion). We profiled the expression of miRs and of protein coding
genes for the 2 untransformed normal human fibroblast cell
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lines HELF-977 and HAF-1608, which were obtained from
embryonic and adult tissues, accordingly, and had markedly
different sensitivity to HCMV.

In this study, we generated a list of differentially expressed
genes and miRs in response to HCMV infection for these 2 cell
cultures. To further analyze the expression data, we applied a
bioinformatic algorithm termed OncoFinder for the characteri-
zation of molecular pathway activation. OncoFinder allows ana-
lyzing quantitatively and qualitatively the activity of intracellular
molecular pathways based on high throughput gene expression
profiles. For each investigated sample, it performs a case-control
pairwise comparison and calculates Pathway Activation Strength
(PAS), a value that serves as a qualitative measure of a pathway
activation. Negative and positive PAS values correspond, respec-
tively, to inhibited or activated states of the corresponding
molecular pathways.14 This method was reported to provide
output data with significantly reduced level of noise introduced
by the experimental platforms.15 The version of the OncoFinder
database used in this study features 2 725 gene products and
271 signaling pathways. To date, OncoFinder algorithm has
been applied for various objects, including induced stem cells,16

asthma,17 leukemia,18 and solid tumors,19-20 Hutchinson-Gilford
and age-related macular degeneration diseases.21-22

On the other hand, to assess the overall effects of miR
expression profiles during HCMV infection, we applied
another recent method, termed MiRImpact,23 which utilizes
OncoFinder rationale for pathway activity calculations, but
with the distinctions that (i) it processes concentrations of
miRs that are known regulators of genes participating in molec-
ular pathways, and (ii) miRs are considered as negative regula-
tors of their target molecules. MiRImpact operates with 2 types
of databases: for molecular targets of miRs and for gene prod-
ucts participating in molecular pathways. Here, we used the
MiRImpact method to monitor PAS regulation at miR level
(miPAS) in the infected cells.

We observed that in both cell lines, pathway regulation
properties at mRNA and miR levels were markedly different.
Initial pathway regulation at the miR level was orthogonal to
that based on mRNA concentrations. We found that in highly
sensitive cells, infection dramatically altered both mRNA and
miR expression already 3 hours after infection. This was not
the case for marginally sensitive cells, which displayed expres-
sion patterns similar to uninfected control population. Surpris-
ingly, in the infected highly sensitive cells, we observed a
“freeze” of miR expression patterns compared to uninfected
controls. Our results suggest that HCMV infection can block
intracellular regulation of miR expression already at the earliest
stage of infection. These data suggest somewhat new functions
for the HCMV/host cells molecular interplay.

Materials and methods

Cell culture

We examined 2 human fibroblasts cell lines: normal embryonic
lung fibroblasts (line HELF- 977) and normal fibroblasts from
the skin of an adult donor (line HAF-1608, on the 15th passage
after establishment of the cell line). Both cell lines were
obtained from the collection of cell cultures at the N.F.

Gamaleya Federal Research Centre for Epidemiology and
Microbiology (Moscow, Russia). The cells were grown in
Dulbecco’s modified Eagle’s medium, DMEM, (Gibco, USA)
supplemented with 10% fetal bovine serum, FBS, (HyClone,
USA), 2 mM L-glutamine and 50 ug/ml gentamicin at 37�C in
5% CO2. The cells were grown by regular passaging until co`n-
fluence was reached. To obtain cells in the G0 phase of the cell
cycle, the cells were held in DMEM with 0.2% FBS for 48 hours.

HCMV infection

The human cytomegalovirus (HCMV) strain AD-169 was
obtained from the State Collection of Viruses at the N.F.
Gamaleya Federal Research Centre for Epidemiology and
Microbiology (Moscow, Russia). Cells HELF- 977 and HAF-
1608 synchronized in the G0 phase were infected with HCMV at
a multiplicity of infection of 3, or mock infected. Viral inoculum
was added to the cells and allowed to adsorb for 60 min at 37�C
in 5% CO2. Next, the viral inoculum was replaced with fresh
medium. Three hours after infection, the cells were collected and
aliquots were frozen in liquid nitrogen. For each cell line, we
examined 3 samples: (i) the pre-analysis norm representing cells
before infection, (ii) infected cells 3 hours after medium replace-
ment (3H AI), and (iii) mock-infected cells 3 hours after
medium replacement (3H WI). For the analysis of CMV AD-
169 growth characteristics in HELF- 977 and HAF-1608 cells,
the virus-containing medium was collected when cytopathic
effects were >90%. Supernatants were clarified of cell debris by
centrifugation at 1500g for 10 min at 4�C and were stored at
¡70�C until use. Virus titers were determined at 1, 2, 3 and
4 days after infection by plaque-forming unit (PFU) titration in
human fibroblasts according to standard procedures.

Immunocytochemical analysis

Cells grown on coverslips were fixed for 20 min at ¡20 C0 in
cold methanol. For staining cells were incubated at 37 C0 for
60 min with 50 ml of anti-CMV antibodies to IE1/2 (Abcam,
UK, ab 53495), to pp65 (Abcam, ab 53489) and to gB (Abcam,
ab 54023) diluted 1:250 in PBS containing 1% BSA. After three
washes with PBS cells were incubated with 50 ml of peroxidase-
labeled rabbit anti-mouse immunoglobulin G (Dako, Denmark,
P0260) diluted 1:100 in PBS containing 1% BSA and after
washing in PBS were incubated with 50 ml of substrate consist-
ing of 0,5 mg/ml of diaminobenzidine and 0,5% H2O2 in 1M
Tris (pH8) for 15 min at RT. After washing in PBS cells were
analyzed under a microscope Zeiss AXIO Scope.

Microarray profiling of gene expression

Total RNA was extracted from the HELF- 977 and HAF-1608
cells using TRIzol (Life Technologies, USA) and then reverse-
transcribed to cDNA and cRNA using the Ambion TotalPrep
cRNA Amplification Kit (Invitrogen, USA). Also, cRNA was
quantified using a NanoDrop ND-1000 Spectrophotometer
(NanoDrop Technologies, USA) and adjusted to a concentration
of 150 ng/mL. Then, 750 ng of each library was hybridized onto
the bead arrays using Illumina HumanHT-12v4 Expression Bead-
Chip (Illumina, USA). It has > 25,000 annotated human genes
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and > 48,000 probes derived from the NCBI RefSeq (Build 36.2,
Rel 22) and UniGene (Build 199) databases. The microarray
hybridization experiments were done at Genoanalytica (Moscow,
Russia) using the Illumina HumanHT-12v4 Expression BeadChip
(Illumina, USA). Gene expression data were deposited in the
Gene Expression Omnibus database (http://www.ncbi.nlm.nih.
gov/geo/) under accession number GSE75366.

Sequencing of short RNA fraction

Short RNA fractions from total RNA extracts were cloned as
previously described.24-25 Non-coding RNAs within a 19–33 nt
window were isolated from 12% polyacrylamide gels. Addition-
ally, 30- and 50-linkers were ligated, and products were reverse-
transcribed using Superscript III (Invitrogen). Following PCR
amplification, the libraries were sequenced using the Illumina
GAIIx platform in accordance with Illumina protocols (Illu-
mina, USA). Primary RNA sequencing data were deposited in
the Gene Expression Omnibus database (http://www.ncbi.nlm.
nih.gov/geo/) and the Sequence Read Archive database (https://
www.ncbi.nlm.nih.gov/Traces/sra/) and are available under
accession numbers GSE75305.

Primary analysis of small RNA reads

After FASTQ to FASTA conversion, the adapter sequence
(50-TGGAATTCTCGGGTGCCAAGG¡30) was clipped from
the 30-end of raw reads, and reads shorter than 16 nt were
discarded. The remaining sequences were mapped to the
miRBase reference using the short-read aligner Bowtie,26 and
up to 2 mismatches were allowed. The sequences that failed to
map to the genome were mapped against the artificially
introduced sequences. The multiplicity count of mapped
sequences was normalized to the total number of reads that
mapped to the genome. Aligned reads were attributed to known
microRNAs using processing with SAMTools.27

Molecular pathways

The signaling pathways knowledge base (developed by SABio-
sciences) (http://www.sabiosciences.com/pathwaycentral.php)
was used to determine the structures of intracellular pathways,
which were used for OncoFinder, as described previously.15,18

Functional annotation of gene expression data

For the functional annotation of gene expression data at the
molecular pathway level, we applied the OncoFinder
algorithm, recently published by Buzdin et al.15 It operates
with a calculation of PAS, a value which serves as a qualita-
tive measure of a molecular pathway activation. The formula
for PAS calculation accounts for gene expression data and for
information on the protein interactions in a pathway, namely,
the individual protein activator or repressor roles in a
pathway.

For pathway p, PASp D P

n
ARRnp�log CNRnð Þ, where n is an

individual gene product belonging to pathway p. The relative role
of a gene product in signal transduction is reflected by a discrete

flag activator/repressor role (ARR), which equals 1 for an activator
gene product, and¡1 for a repressor and shows intermediate val-
ues of ¡0,5, 0,5, and 0 for the gene products that have repressor,
activator, or unknown roles, respectively. The CNRn value (case-
to-normal ratio) is the ratio of the expression level of a gene n in
the sample under investigation to the average expression level in
the reference sampling. The positive value of PAS indicates
abnormal activation of a signaling pathway, and the negative
value indicates its repression. Here, the case-to-normal ratio,
CNRn, is the ratio of expression levels for a gene n in the sample
under investigation to the same average value for the control
group of samples. In addition, for each CNRn value, we applied
multiplication to a Boolean flag of BTIF (beyond tolerance inter-
val flag), which equals 1 when the CNRn value passed, and to 0
when the CNRn value did not pass both or either one of the 2 cri-
teria of significantly differential expression: first, the expression
level for the sample must fit outside of the tolerance interval for
norms, with p < 0.05, and second, the value of CNRn must differ
from 1 by at least 1.5-fold.

MiRImpact algorithm

The MiRImpact algorithm utilizes next-generation sequencing
data on non-coding RNAs, mapped to a specific miR target
database, and calculates miR pathway activation strength
(miPAS). The formula for miPAS calculation includes miR
expression data and the information on the mRNA targets for
each particular miR. For a certain pathway p,

miPASp D
P
n

¡ARRnp
� ��

P
k

log miCNRnkð Þ:

Summation is done for all the gene products participating in a
pathway p. The role of a gene product in a pathway p is
reflected by a discrete flag activator/repressor role (ARRnp),
which equals 1 for an activator gene product, ¡1 for a repres-
sor, and intermediate values ¡0.5, 0.5, and 0 for the gene prod-
ucts that have repressor, activator, or unknown roles,
respectively. Inner summation is done over all the miRs affect-
ing pathway p. The miCNRk value (microRNA case-to-normal
ratio) is the ratio of the expression level of microRNA k in the
sample under investigation to the average expression level in
the group of normal samples. The positive value of miPASp
indicates abnormal activation of a signaling pathway by micro-
RNA profiles, and the negative value indicates its repression.

MiR target databases

We collected, analyzed, and preprocessed data from experi-
mentally validated microRNA target databases miRTarBase28

and Diana TarBase29 to include the data in the MiRImpact
database.

OncoFinder and MiRImpact settings

To analyze the patterns of differential pathway activation, we used
2 methods: OncoFinder15 and MiRImpact23 and the correspond-
ing software. Prior to analysis, quantile normalization was applied
to microarray gene expression data. AI and WI samples were
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treated as the “case” samples. Pre-experimental normal samples
were used as the “norm” samples. The analysis was done sepa-
rately for HCMV infection in HS and LS cell cultures.

Differential analysis of gene expression data

Upregulated and Downregulated Pathways. We used 3 parame-
ters to select upregulated and downregulated pathways for both
cultures for PAS and miPAS values. First, difference is the
absolute value of a difference between PAS or miPAS values for
AI and WI biosamples (|AI - WI|). Second, positive is the logi-
cal value that shows if the sign of a difference (AI - WI) is posi-
tive (TRUE for upregulated and FALSE for downregulated
pathways). This denotes what PAS or miPAS value increased
or decreased in the infected compared to the control sample.
Third, to identify differential pathways, we used a difference
cut-off of 2 (roughly corresponding to the apparently observed
10% of the smallest difference between maximum and
minimum PAS value in a sample). The molecular pathways for
which the difference was lower than the cut-off value were
referred to as unchanged.

Heat maps. To generate heat maps, we used the function
heatmaps.2 (R package gplots) for both types of comparison:
HS versus LS cell cultures and normal vs. infected samples. The
color palette was symmetrical relatively to zero. Dependencies
PAS versus miPAS were calculated using validated miR target
databases, the miRTarBase28 and Diana TarBase,29 and plotted
using function R plot.

Results

Biosamples and HCMV infection

We examined 2 untransformed normal human fibroblast cell
lines, HELF-977 and HAF-1608. Both were taken on the 15th
passage after establishing the respective cell lines. The prolifer-
ative activities of HELF- 977 and HAF-1608 cells differed sub-
stantially: the rate of [3H] thymidine incorporation in the
nuclear DNA reflecting activity of DNA synthesis and the
growth rate were significantly greater in fetal line HELF- 977
than in the HAF-1608 cells isolated from the skin of an adult
donor. The time of full monolayer formation was 2 to 3 days
for HS HELF-977 cells and 6 to 7 days for LS HAF-1608 cells at
the same initial concentrations.

In order to minimize the effects of the different stages of the
cell cycle on the infection efficiencies, the cells were synchro-
nized in the G0 phase of the cell cycle and then infected with
the human cytomegalovirus (HCMV) strain AD-169 at a multi-
plicity of infection of 3. In parallel, a fraction of each cell cul-
ture was mock infected with the same buffer solution. Viral
inoculum was added to the cells and allowed to adsorb for
1 hour and then removed and replaced with fresh medium. Up
to 72 hours after infection, the HELF-977 cells expressed imme-
diately early IE72 and early pp65 HCMV proteins at signifi-
cantly higher levels than in the HAF-1608 cells (Figs. 1A, 2A,
B). Furthermore, a late gB HCMV protein was detected in
HELF-977 cells as early as 24 hours after infection, but in
HAF-1608 fibroblasts – only 48 hours after infection (Figs. 1B,

Figure 1. Detection of HCMV proteins in infected human fibroblasts. Infected cells grown on coverslips were fixed and stained with the antibodies against early pp65
HCMV protein (A) and late gB HCMV protein (B). Abscissa – time after infection, hours; ordinate – proportion of stained cells, %.
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2C). HCMV-specific changes in the size and shape of cells were
seen in HELF-977 within 3 days after infection (Fig. 2C) and in
HAF-1608 - within 7 days after infection. Infectious activity of
HCMV produced was detected by titration and was »12 times
bigger in HELF-977 than in HAF-1608 (Fig 3). These data
allowed to characterize HELF-977 cells as highly sensitive (HS)
and HAF-1608 – as low sensitive (LS) to HCMV infection.

Three hours after infection, the cells were collected and
aliquots were taken for RNA isolation and expression profiling.
For each cell line, we examined 3 samples: (i) the pre-analysis
norm representing cells before infection, (ii) infected cells
3 hours after infection (3H AI), and (iii) mock-infected
cells 3 hours after mock infection (3H WI). For the analysis, we
chose the early stage of HCMV infection because the first few
hours after infection play a key role in reshaping the intracellu-
lar molecular landscape, which determines the fate of an
infected cell.30

Profiling of RNA expression and activation of
molecular pathways

We used deep sequencing to establish microRNA expression
profiles and microarray hybridization to interrogate transcrip-
tion of protein coding genes. The data on mRNA and miR
expression were deposited at the Gene Expression Omnibus
database, with the accession numbers GSE75366 and
GSE75305, respectively.

RNA expression data were further processed to establish the
activation features of intracellular molecular pathways. We

analyzed gene expression (the mRNA level) using the Onco-
Finder algorithm and the corresponding software.15 A total of
271 intracellular signaling pathways were assayed (Supplemen-
tary dataset 1). To assess pathway regulation at the microRNA
(miR) level, we used the MiRImpact method recently developed
in our consortium.23 The algorithm MiRImpact was built to
characterize the effects, provoked by the changes in overall miR

Figure 2. Immunocytochemical detection of HCMV proteins in HELF-977 cells 72 hours after infection. Panels represent staining with the antibodies against immediately
early IEp72 protein (A), early pp65 protein (B); late gB protein (C). Noninfected (control) cells stained with the antibodies against immediately early IEp72 protein are
shown on panel D.

Figure 3. Curve of HCMV titers produced in HELF-977 and HAF-1608 fibroblasts.
Virus titers were determined at 1, 2, 3 and 4 days after infection by plaque-forming
unit (PFU) titration and presented as PFUx103.
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concentrations. It quantifies their impact on the activity of
intracellular molecular pathways. MiRImpact was developed
on the basis of a rationale previously published for the
OncoFinder algorithm.15 Similarly to the approach used in
OncoFinder, the approach used in the MiRImpact takes into
consideration a differential expression for each miR calculated
relative to control biosamples. To calculate the miR-based
pathway activation strength (miPAS) value, all miRs targeting
gene products participating in a pathway are considered, with
the assumption that they specifically inhibit their targets. In
agreement with OncoFinder, a positive value of miPAS
indicates activation of a pathway and vice versa. Zero value
indicates that pathway is similarly activated to the normaliza-
tion control transcriptome or group of transcriptomes. In our
study, we took the normalization controls representing cells
before infection for both cell lines.

To perform miR analysis, we used 2 alternative knowledge
bases of miRs and their experimentally validated targets: the
miRTarBase28 and Diana TarBase29 (Supplementary data set
2). Target specificities of the enclosing miRs cover, respectively,
72% and 18% of the gene products listed in the OncoFinder
database (Table 1). Both databases include information on
more than 50,000 molecular interactions of miRs with target
mRNA molecules. This information is manually curated by the
publishers based on the available literature.28,31 For all calcula-
tions, AI and WI expression profiles were normalized on the
data obtained for the initial pre-infection cells. For all the sam-
ples, we observed statistically significant correlations between
the miPAS scores, which were calculated using both miRTar-
Base and Diana TarBase databases (Fig. S1). Specifically, sam-
ples without infection (WI), especially for the HS culture,
demonstrate linear relationship. Samples after infection (AI)
generally support this trend, but lower miPAS value ranges
lead to higher levels of noise Fig. S1). This suggests that both
databases provide an adequate basement for the pathway regu-
lation analysis. However, the miRTarBase is far more complete
in terms of the greater number of miR targets included, and in
this study, we focused on the results obtained with the miRTar-
Base data.

HCMV infection-linked changes in gene and molecular
pathway activity

We obtained overall pathway activation profiles, using Onco-
Finder for mRNA regulation levels (Supplementary dataset 1)
and MiRImpact for miR regulation levels (Supplementary data
set 2). Heat maps were built to visualize differences in pathway
activation between the samples (Supplementary dataset 3). We
established large-scale profiles of intracellular signaling path-
way activation associated with the HCMV infection. These

profiles were markedly different for the fibroblasts with high
and low sensitivity to infection at both levels of RNA regula-
tion. Similarly to the previously published data for bladder can-
cer,23 we observed that the intracellular pathway regulation at
the miR level differs greatly from that at the mRNA level, thus
showing orthogonal dependencies for the extent of pathway
activation (Fig. 4). In general, we observed that in the HS cells,
the proportion of upregulated pathways at the PAS level was
significantly higher compared to the LS fibroblasts for both
infected and non-infected conditions (Fig. 5; Supplementary
data set 4): 39% vs. 20% of upregulated pathways in HS and LS
cells, respectively. Similarly, the proportion of downregulated
pathways in HS cells also increased compared to the LS cells:
30% versus 10% of downregulated pathways in HS and LS cells,
respectively. Consistently, the number of unaffected pathways
was much higher in the LS culture: 57% vs. 29% in the HS cells.

When looking at the non-infected cells, at the miPAS level
the number of upregulated pathways was even bigger than at
the PAS level: 65% versus 39% for the HS cells and 38% vs.
20% for the LS cells for the miPAS and PAS scoring, respec-
tively (Fig. 5, Supplementary dataset 4). For the LS cells, we
observed the highest proportion of unchanged (intact)
pathways linked with the HCMV infection. In particular, the
intact group at both mRNA and miR levels formed 26.5% of
the pathways, and the group with intact regulation at the
mRNA level and upregulation at the miR level formed 25.2% of
the pathways (Table 2).

In contrast, for the HS cells, the biggest groups were path-
ways upregulated at both the mRNA and miR levels (29.3% of
the pathways) and pathways downregulated at the mRNA level
and upregulated at the miR level (21.7% of the pathways).
Notably, upregulation at both mRNA and miR levels appeared
to be sixfold higher in the HS as compared to LS cells. The LS
cells, in turn, had a sevenfold greater proportion of the intact
pathways than the HS cells (Table 2, Supplementary data set 4).

At the mRNA level, 19 molecular pathways were upregu-
lated and 12 were downregulated in both the HS and the LS
cells during HCMV infection. Similarly, at the level of miR reg-
ulation in the HS and the LS cells, 57 molecular pathways were
upregulated and 9 were downregulated, respectively, during
HCMV infection (Supplementary data set 4). Finally, 8 path-
ways showed identical trends in both the HS and the LS cells, at
both the PAS and miPAS levels of regulation. Of these, the
EGFR1 and ErbB family pathways were upregulated, while
others were downregulated (Supplementary data set 4).

HCMV infection-specific suppression of miR regulation

We also detected several trends characterizing large-scale
behaviors of the infected vs non-infected HS and LS cells at the
molecular level. First, for the time-control (WI) HS cells, over-
all sets of RNA regulation features showed significantly greater
levels of variation compared to the LS cells: at the mRNA level
(Fig. 6A, B), at the miR level (Fig. 6C, D) and at the signaling
pathway regulation levels (PAS and miPAS; Fig. 4A, B). Since
case-to-normal ratio (CNR), PAS and miPAS values were
obtained when comparing gene expression with the pre-
infection controls, this suggests that the HS cells are prone to
change their molecular landscapes more rapidly than the LS cells

Table 1. Statistics of the validated miR target databases, based on the data
collected from miRTarBase, Diana TarBase and OncoFinder pathway databases.

Characteristics miRTarBase Diana TarBase

Number of microRNAs 596 183
Number of target genes 12103 3006
Number of target genes overlapping

with OncoFinder pathway database
1968 497
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even in the non-infected conditions. The same was also true for
the infected HS cells, but only for the regulation at the mRNA
and PAS levels (Figs. 4A, 6A).

Second, for the infected HS cells, we observed a dramatically
lower impact of miR regulation of the molecular pathways, as
reflected by close-to-zero clouds of CNR (Fig. 6C) and miPAS
(Fig. 4B) values compared to the mock-infected controls. It
means that the infected HS cells demonstrate little difference
from the pre-infection controls in their miR expression profile.
This is evidenced by the respective distribution curves with
approximately 3-fold lower dispersion for the AI cells com-
pared to WI cells for the miR CNRs (Fig. 7), and about 5-fold

lower – for the miPAS values (Supplementary dataset 5). Nota-
bly, no significant bias in distribution trends could be seen for
the LS cells, and, at the levels of mRNA and PAS – in both cell
types (Supplementary data set 5). Such an effect shows conser-
vation of miR expression landscape in the highly sensitive
fibroblasts at the moment of HCMV invasion and further, at
least up to 3 hours after infection. We propose that this may be
due to a previously unknown property of HCMV proteins to
suppress intracellular defensive mechanisms related to miR
expression. This finding evidences that at the early stage of
HCMV infection, the miR regulation in the host cells is signifi-
cantly suppressed. Interestingly, this suppression was not seen

Figure 4. Dependencies between Pathway Activation Strength (PAS) and microRNA Pathway Activation Strength (miPAS). MiPAS data were calculated using miRTarBase
database. Each dot represents one molecular pathway, for which PAS and miPAS values were calculated. Blue dots are given for the samples without HCMV infection, red
dots – for the samples after infection. All PAS and miPAS values were calculated against pre-infection controls. A, comparison for the HS cells; B, comparison fo the
LS cells.
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for the LS cells (Figs. 6 and 7), which may suggest its
importance for the progression of the HCMV infection.

Discussion

Information about the cellular mechanisms involved in the
early regulation of HCMV infection on the microRNA and
mRNA level is not sufficient. The data available usually refer to
the later stages of infection (24–72 h), corresponding to the
synthesis of viral DNA and HCMV structural proteins. Thus,
Browne et al. have shown that during a 48-hour time course

after the infection of human diploid fibroblasts, 1,425 cellular
mRNAs can be upregulated or downregulated by threefold or
greater.32 Analysis of primary pathways allowed to identify
HCMV products interacting with the cellular machinery. Roy
and Arav-Boger,33 in a review of the interaction of certain
HCMV proteins, indicated 5 primary pathways: IE72, IE86,
and UL38 regulating mTOR; gB regulating P13K; gB/gH,
UL76, UL144, and UL86 NF-kB; IE86 and IE72 RAS/RAF/
MEK1/2; and US2, US11, pp71, and UL38 UPR/proteasome
degradation. In this study, we report massive profiling at the
molecular pathway level of over 2,000 gene products and 600

Figure 5. Statistics of the affected molecular pathways in infected fibroblasts. “Up” and “down” groups for each type cells include pathways showing difference between
PAS or miPAS values bigger than predefined threshold value. MiPAS data were calculated using miRTarBase database. All PAS and miPAS values were calculated against
pre-infection controls. A, mRNA-based PAS data calculated for the HS cells. B, mRNA-based PAS data calculated for the LS cells. C, miR-based miPAS data calculated for
the HS cells. D, miR-based miPAS data calculated for the LS cells.
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different miR molecules at the early stage of HCMV infection.
Even 3 hours after infection, when viral miR molecules show
little activity and viral DNA is not replicated,34 we detect
reshaping of expression for hundreds of cellular genes and
numerous molecular pathways (Supplementary data set 4).
These pathways may correspond to downstream effects of
developing pathology and may contribute to a better under-
standing of molecular grounds of differences in sensitivity to
the HCMV infection between the HS and LS cells. The HS cells
showed markedly greater numbers of altered molecular path-
ways than the LS cells at both the PAS and the miPAS levels. It
should be noted that in the earliest stages (3 hours after infec-
tion), the proportion of upregulated mRNAs was higher than
of downregulated mRNAs, but according to Browne et al.,32 at
the later infection stage (at 8 h after infection), the number of
upregulated mRNAs, in turn, was significantly smaller than the
number of downregulated mRNAs.

At least partly, the observed differences between the infected
and non-infected cells may be linked with the activity of about
20 miRs encoded in the HCMV genome.35-36 However, previ-
ous findings indicate that the expression of viral miRs is hardly
detectable during the first few hours of infection. For example,
in lytic infection, the activity of viral miRs increases only after
24 hours and reaches maximum levels of expression after
72 hours.34 To date, little is known about the interplay of cellu-
lar miRs in the early stages of HCMV infection. According to
the previously published data, for the 318 miRs selected by the
authors, significant changes in lytic infection occurred only
24–72 hours after exposure to HCMV. A cluster of 3 cellular
microRNAs (miR-182/-96/-183) with elevated expression in
HCMV-infected cells was also observed in actively proliferating
tumor cells.37 Here, these miR molecules weren’t present in any
significant amounts and have not shown significant change in
expression (Supplementary data set 6). In turn, the previously

Figure 6. Dependencies between case-to-normal ratios (CNR) calculated for highly sensitive (HS) and low sensitive (LS) cells for the 3 hours after infection (AI) and 3 hours
without infection (WI) conditions. Each CNR value reflects fold-change expression of a gene or an individual microRNA. Logarithms of CNR values are compared for mRNA
(panels A, B) and microRNA (panels C, D) expression levels, for the AI and WI conditions. A, mRNA-based CNR data calculated for the HS cells. B, mRNA-based CNR data cal-
culated for the LS cells. C, miR-based CNR data calculated for the HS cells. D, miR-based CNR data calculated for the LS cells.

Table 2. Changes in induction of the signaling pathways associated with the early stage of HCMV infection for HS and LS cells. Pathway activation strengths were calcu-
lated based on mRNA and miR expression data. “C” / ”-“ / ”un” means upregulated/downregulated/unchanged state of a pathway, accordingly. Numbers indicate number
of respectively regulated pathways, percentage over total pool of pathways is given in parentheses.

CMV status mRNACmiRC mRNAC miR¡ mRNAC miRun mRNA¡miRC mRNA¡miR¡ mRNA¡miRun mRNAun miRC mRNAun miR¡ mRNAun miRun

HS 73(29,3) 26(10,4) 4(1,6) 54(21,7) 14(5,6) 7(2,8) 32(12,8) 30(12) 9(3,6)
LS 12(5,2) 33(14,3) 13(5,6) 10(2,3) 7(3) 7(3) 58(25,2) 29(12,6) 61(26,5)
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published analysis of latently infected cells identified a family of
cellular miRs (miR-200 family) regulating the expression of
super-early, or immediately early, viral protein IE 2 and causing
its repression while hindering the development of infection.38

In this study, in the LS culture, there was no significant differ-
ence for these miR expression, but in the HS culture, miR-200a,
miR-200b, and miR-200c were strongly downregulated in
infected cells compared to mock-treated cells (Supplementary
data set 6).

Here, we showed that the HCMV-infected human fibro-
blasts tend to form much tighter profiles of signaling pathway
activation at the microRNA level, narrowly clustering around
zero compared to the time-control non-infected cells (Figs. 4, 6
and 7). Overall, we observed greater levels of perturbation in
the pathway activity for the HS cells as compared to the LS cells
at the levels of both mRNA and miR regulation. This may be
due to overall greater cell growth and cell division rates seen
for the HS cells. The three - hour changes for them might be,
therefore, more intense at the levels of both RNA expression
and cell physiology. Three hours after infection, we detected in
the HS cells almost complete suppression of internal regulation
of the host-encoded miRs (Figs. 6, 7). This may be due to the
HCMV repression of the early cellular antiviral protective
mechanisms, where miR regulation (such as expression of
miR-200a, miR-200b, and miR-200c) plays the principal role.
Since the host miR regulation appeared to be repressed in faster

than 3 hours, we presume that this might be accomplished
immediately upon the infection, most probably directly by the
viral proteins that penetrated the target cells. In the future,
understanding of this viral miR repression machinery may help
to establish new artificial systems of epigenetic reprogramming
of living cells.

In this study, we identified many deregulated molecular
pathways associated with the early stages of HCMV infection,
at both the mRNA and miR levels. The “in-depth” analysis of
these features will be published elsewhere, along with the
re-analyzed results of the other high-throughput studies cover-
ing early post-infectious events, such as those published by
Stern-Ginossar et al.39 (includes human mRNA and ribosome
profiling data, but no miR data), Tirosh et al.40 (human mRNA
and ribosome profiling data, no miR data), Marcinowski et al.41

(mouse mRNA data, no miR data), Stark et al.42 (human
mRNA and miR data, but no controls for the cells at the
moment of HCMV infection).

Interestingly, it is known that in the HCMV-infected cells,
polyribosome formation is stimulated and host mRNA translation
proceeds uninterrupted and even at somewhat higher levels.43 We
speculate that the inhibition of miR metabolism discovered in this
study may contribute to this paradoxical stimulation of the host
mRNA translation linked with HCMV infection.

The HS cells are involved in embryonic development and
the formation of the fetus, and we hope that our findings may

Figure 7. Distribution features of microRNA expression reflected by case-to-normal ratio (CNR), in the HS and the LS cells. The expression profiles were measured for the
HCMV-infected (AI) and mock-infected (WI) cells. Abscise axis denotes logarithms of the case-to-normal ratio (CNR) values, “Density” axis – densities of the distribution. N
indicates the number of individual microRNAs measured. N is different in the HS and the LS cells because of various numbers of microRNAs with zero expression levels in
the respective norms. Bandwidth indicates dispersion.
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be used to create diagnostic tools with the potential of detecting
HCMV infection at the earliest stages, even before replication
of the viral genome and the manifestation of any pathological
symptoms. Moreover, the application of this approach may
help giving a prognosis of the severity of infection due to
markedly different trends apparently seen in the HS and LS
cells. Finally, the analysis of particular differential pathways
identified in this study may help to elucidate molecular events
guiding HCMV infection and, hopefully, to find new antiviral
agents in the future.
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