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Cervical cancer is the fourth most common cancer in women worldwide. Recently it 

has been shown that microbiota play a role in some types of cancer. Therefore, to 

understand whether microbes contribute in any way to the development and progress 

of cervical cancer, we investigated the cervical microbiome via analysis of 16S rRNA 

sequencing data. Using qPCR we detected bacterial DNA in 121 out of 123 samples 

of cervical carcinoma. However, 16S library preparation and sequencing was possible 

for only the 58 samples with higher amounts of bacterial DNA. After matching our 

results with the Human Microbiome Project, principle coordinate analysis showed 

that the closest neighbors to cancer samples were healthy vaginal samples, 

representing compositional similarity.  Overall, the alpha diversity of cervical cancer 

communities was quite high (Shannon index 3.88) compared to the healthy 

microbiome of other body sites. Furthermore, the most abundant genera in these 

samples were Prevotella (17.0%), Fusobacterium (9.4%), and Porphyromonas 

(7.4%), all Gram-negative, anaerobic bacteria known to be associated with bacterial 

vaginosis. To explore host-microbe interactions, we reconstructed a transkingdom 



 

 

network between tumor gene expression and microbial relative abundances.  

Prevotella spp. was revealed as a key node with high bipartite betweenness centrality, 

and was found to induce the expression of key cancer driver genes in vitro. This study 

represents the first comprehensive integrative analysis of the microbiome and 

transcriptome in cervical cancer, showing the potential role of key bacteria in driving 

carcinogenesis. 
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Introduction 

Cervical cancer and human papillomavirus 

Cervical cancer is the fourth most common cancer in women worldwide 1, with an 

estimated 454,000 diagnoses and 200,000 deaths every year 2. This cancer was 

formerly the leading cause of cancer death for women in the United States, however, 

the number of cervical cancer cases and deaths have decreased significantly over the 

past 40 years 3. This decrease is largely attributed to preventatives such as Pap tests, 

which screen for pre-cancerous/HPV-infected cells, and vaccines against high-risk 

HPV types. Even though the prevalence of cervical cancer is decreasing in the United 

States and other developed countries, this disease still largely affects the people in 

developing nations, who do not have access to regular healthcare and preventative 

options 4. Furthermore, the high mortality rate of cervical cancer patients (incidence 

ratio 52% 5) is attributed to the ineffectiveness of conventional therapeutics. 

Human papillomavirus (HPV) infection is necessary but not sufficient in the 

development of invasive cervical cancer. Genital human papillomavirus (HPV) is the 

most common sexually transmitted infection in the United States, with an estimated 

6.2 million persons becoming newly infected every year 6. Although HPV infection is 

common, most healthy immune systems will be able to clear infection on their own. 

In a minority of cases, HPV infection will lead to the development of cervical pre-

cancerous lesions (10-15%), also known as cervical intraepithelial lesions (CIN), and 

possibly invasive cervical carcinoma (0.3-1.2%) 7.  



 

 3   

 

In papillomavirus infection, the virus first infects the basal layer of the stratified 

squamous epithelium, where viral DNA is injected into the nucleus as 

extrachromosomal episomes. These episomes contain the genetic material of the 

virus, coding for all eight viral genes (E1, E2, E4-E7, L1, L2) responsible for a variety 

of functions including modifications of host cell processes and regulation of the viral 

genome. In this early stage of HPV infection, replication of the viral genome 

increases and production/release of viral particles promotes more infectivity. This 

type of infection follows the normal viral life cycle, is often characterized as low-

grade cervical intraepithelial neoplasia (CIN1), and is likely cleared by the immune 

system 8.  

If the immune system is not capable of clearing the infection, possibly due to viral 

mechanisms evading and inhibiting host responses, a persistent HPV infection occurs. 

In such cases, virion production halts and infected cells remain proliferative without 

undergoing apoptosis. The expression of viral oncogenes E6 and E7 increases at this 

stage, which inhibits negative regulators of cell cycle through degrading the well-

known retinoblastoma (Rb) and tumor protein p53 (TP53), commonly found to be 

dysregulated in cancers 9. This stage of infection displays as moderate to severe 

epithelial dysplasia or high-grade cervical intraepithelial neoplasia (CIN2/3) 8. 

A defining factor of neoplastic progression is the integration of HPV DNA into the 

host genome 10. The integration process usually disrupts the E2 open reading frame, 

causing the loss of its expression. E2, present in episomal forms of the virus and not 

integrated, is known to control the expression of E6/E7. Without E2, overexpression 

of E6 and E7 leads to uncontrolled cell growth and the development of tumors 11,12. 
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Furthermore, the integration of viral sequences causes elevated levels of 

chromosomal instability, contributing to cancer development 13. 

Although much is known about the role HPV has in carcinogenesis, the factors 

driving certain cases to invasive cervical cancer are unknown. How much does 

genetics or environmental stimuli impact disease progression? Why are some women 

able to clear HPV infections and some are not? A deeper understanding of these 

questions and the mechanisms behind the development of cervical cancer is needed to 

make the treatment and diagnosis of this disease feasible for all women. 

Key human gene drivers of cervical carcinogenesis 

A meta-analysis integrating gene expression and chromosomal aberration data from 

tumor and normal clinical patients found 1268 differentially expressed genes (DEGs), 

often located in areas of chromosomal gains and losses 14. This analysis employed the 

use of a gene regulatory meta-network to infer causal relationships between DEGs in 

the development of cancer. Genes were clustered into three subnetworks, representing 

key pathways related to cell cycle, antiviral response, and epithelial cell 

differentiation. Cell cycle and antiviral response subnetworks consisted mostly of 

genes that had higher expression in cancer than normal (up-regulated), while genes 

related to epithelial cell differentiation had lower expression (down-regulated). 

Increase in cell proliferation and transition to a less differentiated state is a 

commonality of most cancers 15. However, the increase in genes related to antiviral 

and immune response suggests a mechanism unique to cervical cancer and HPV 

infection. The transition from episomal to integrated virus is known to be key in the 
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dysregulation of cell cycle pathways. A model was proposed in which selected 

chromosomal gains drive the activation of antiviral genes contributing to episomal 

virus elimination and driving cells in to a cancerous state 14.  

The human microbiome and cancers 

Knowledge about the role of the human microbiome, the collection of 

microorganisms and their genes that resides on and in humans, in disease has 

increased in recent years. In particular, the role of bacteria in cancer development and 

progression is of great interest 16-18. A classic case of an oncogenic bacterium is 

Helicobacter pylori, which in 1983 was discovered to cause stomach ulcers and 

chronic inflammation, leading to gastric cancer 19. In addition to pathogens, there has 

been a rise in the number of studies looking at commensals as a mixture of good and 

potentially bad bacteria, such as opportunistic pathogens or pathobionts that are found 

in the “healthy” microbiome, but contribute to disease when dysbiosis occurs under 

certain conditions.  

Although there have been numerous studies discussing the role of human 

papillomavirus (HPV) in cervical cancer, the involvement of bacteria is not 

understood. However, bacterial vaginosis, characterized by the dysbiosis of the 

vaginal microbiota such as an overgrowth of the anaerobic bacteria Gardnerella 

vaginalis, has been associated with CIN development and progression 20,21.  In 

contrast, Lactobacillus gasseri-dominated vaginal bacterial communities are 

associated with faster clearance of HPV infection 22. Furthermore, one study 

specifically explored the microbial and cytokine profiles of patients with invasive 
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cervical cancer 23. These explorative studies offer support for the continued study of 

bacteria in relation to the development of cervical cancer, with the goal of identifying 

specific taxa in driving disease progression. 

Omics data and network analysis approach 

The implementation and decreasing cost of next-generation sequencing has enabled 

high-throughput examination of omics approaches such genomes and transcriptomes. 

In addition, omics extends to proteins and metabolites as well, termed proteomics and 

metabolomics, respectively. The collection of these relatively new techniques forms 

the foundation for the approach described in this study. By looking at global changes 

in a cell or system instead of traditional targeted approaches such as PCR or bacterial 

isolation via cultures, we are able to elucidate key players and mechanisms for 

disease. 

With the use of these omics techniques, computational tools have grown in 

abundance to take these large sets of data and turn them into meaningful models of, or 

hypotheses about, the system in question. One such approach uses network theory to 

plot interactions between different subjects (e.g. people, genes, bacteria) to infer true 

causal relationships 24. Taking this further, transkingdom network analyses 

integrating data from host and microbiota have been shown to elucidate key bacteria 

involved in the production of specific disease phenotypes 25,26.  

This study employs the use of transcriptome and microbiome data in conjunction with 

transkingdom network analysis to determine the interactions between bacteria and 

tumor gene expression in a cohort of invasive cervical cancer patients. We 
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hypothesize that certain bacterial species associated with cervical cancer may be 

involved in driving antiviral/immune gene expression, thus leading to integrated 

forms of HPV and further induction of the cancer phenotype. 

Understanding the interactions of microbes and host in cervical cancer can lead to a 

greater understanding of host-microbe relations as a whole and in other disease states. 

Our study represents the first comprehensive survey and analysis of the microbiome 

in cervical cancer tumors and correlations with the specific transcriptome present as 

well. Using a previously established transkingdom network analysis technique 27 we 

give insight into the mechanisms of this disease and possible regulatory factors and 

test them in vitro.  
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Results 

Description of cervical cancer microbiome 

To explore the microbiome of cervical cancer, we first assessed the amount of 

bacterial DNA present in each patient sample. Using qPCR, we detected varying 

amounts of bacterial DNA in 121 out of 123 samples of cervical carcinoma. 

However, 16S rRNA library preparation and sequencing was possible for only 58 

samples with higher amounts. Bacterial DNA abundances were significantly greater 

in FIGO (International Federation of Gynecology and Obstetrics) stage IV tumors (P 

< 0.05) (Fig. 1a) and the proportion of samples that could be sequenced increased 

with later stages of invasive cervical carcinoma (P < 0.05, Cochran-Armitage test for 

trend) (Fig. 1b). This suggests an association between bacterial abundance and a  

 

Figure 1. Bacterial DNA amounts increases with cancer stage 
Cervical cancer samples grouped by FIGO stage (I, n = 8; II, n = 76; III, n = 
30; IV, n = 7). (a) Tukey boxplot showing distribution of bacterial DNA 
amounts in pg per 10 ng of total DNA. ANOVA and Tukey showed 
differences between stage IV and others (*P < 0.05). (b) Proportion of samples 
in which the 16S rRNA genes could be sequenced. P < 0.05, Cochran-
Armitage test for trend (modified Pearson chi-squared test, considers ordinal 
variables). 

a b 
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worsened cervical disease state. However, whether bacteria are contributing to 

disease development, or the disease is affecting the microbiome, is not known. 

Sequencing of the 16S rRNA gene in bacteria allows for the determination of relative 

abundances of bacterial species in each sample, which can be explored in conjunction 

with various cervical cancer phenotypes (e.g. gene expression, FIGO stage). After 

sequencing and quality filtering, 3,975,755 reads were spread across 58 samples with 

a median of 87,320 reads/sample. Alpha diversity rarefaction curves (Fig. 2) were 

used to determine a threshold for sufficient read depth 10,000 reads/sample in this 

particular cohort. Reads were binned into operational taxonomic units (OTUs), each 

assumed to represent a microbial species, although taxonomy is often only assigned 

to the genus level or higher. 17,555 OTUs were present after those only observed in 

one sample were filtered from the table. Many OTUs with low abundance were 

distributed across samples, while in some samples, a few OTUs were at high 

abundance (Fig. 3). 

  

Figure 2. Alpha diversity Shannon index rarefaction plot 
Rarefaction plot for each cervical cancer sample (n = 58) calculated using 
Shannon index. 
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The most abundant taxa in these samples were of phyla Bacteroidetes (39%), 

Firmicutes (25%), Fusobacteria (14%), and Proteobacteria (9%). The genera present 

across FIGO stage showed some fluctuations in relative abundance. Stage I, which 

was only represented by one sample, appeared different from other stages (Fig. 4). 

The predominant genera among all cervical cancer samples were Prevotella (17.0%), 

Figure 3. OTU frequency heatmap across cervical cancer samples 
Samples (columns) randomly ordered and OTUs (rows) clustered by UPGMA 
hierarchical clustering. Top 222 OTUs based on minimum fraction of total 
read count of 0.01%. 
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Fusobacterium (9.4%), and Porphyromonas (7.4%), all Gram-negative, anaerobic 

bacteria known to be associated with bacterial vaginosis and peridontal disease 28-30. 

Prevotella relative abundance appeared to gradually increase between stage II and IV, 

suggesting its role in later stage disease development. 

 

 

In order to explore community level interactions between microbiota in cervical 

cancer samples, a co-variation network was created using Spearman correlations 

between the top 300 abundant OTUs. After filtering for |ρ| > 0.4 and P < 0.01, 253 

OTUs (nodes) and 1166 correlations (edges) were left in the core network (Fig. 5). 
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Figure 4. Community composition across FIGO stage 
Bar chart of mean relative abundance of genera in cervical cancer samples 
grouped by FIGO stage (I, n = 1; II, n = 36; III, n = 16; IV, n = 5). Top 9 
genera by mean relative abundance are shown. All other genera found in these 
samples were grouped into “other”. 
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The final microbial network had a diameter of 13, average degree of 9.22, average 

path length of 4.37, and a clustering coefficient of 0.308. Among the OTUs with 

highest degree, indicating high connectivity, were Corynebacterium sp. (degree 50, 

0.68% mean relative abundance) and Anoxybacillus sp. (degree 45, 0.69% mean 

relative abundance), whose family assignments Corynebacteriaceae and Bacillaceae, 

respectively, were found in top abundant bacteria of the dense cluster of the microbial 

network. Additionally, Corynebacterium vaginale and Anoxybacillus pushchinoensis 

have been found associated with bacterial vaginosis 31, indicating the potential role of 

these bacteria in cervicovaginal disease progression. 

 

 

  

Figure 5. Microbial correlation network 
OTU-OTU Spearman correlation network (|ρ| > 0.4, P < 0.01) consisting of 
253 nodes and 1166 edges (red, negative correlation; blue, positive 
correlation). Edge-weighted Spring Embedded layout based on correlation 
coefficient (ρ), performed in Cytoscape. Family level taxa summary of 
highlighted dense cluster shown.   



 

 13   

 

Comparison with the Human Microbiome Project 

Because the study did not contain healthy cervical tissue to compare against tumor 

samples, a comparison was made with the Human Microbiome Project 32,33, which 

has publicly available microbiome data for healthy individuals across a wide array of 

body sites, including the vaginal canal. Healthy stool (n = 135), skin (n = 351), and 

vaginal (n = 390) samples from females were chosen for this analysis. Comparisons 

were made at the genus level due to large variations in OTU observations across 

sample sites and sequencing run. The relative abundances of taxa in cervical cancer 

samples differ slightly from earlier reports due to OTU matching between the two 

sets of data (detailed in methods). 

The similarity between samples of each body site was estimated using beta diversity 

principal coordinates analysis (PCoA), which looks at inter-sample variations in 

community diversity. The PCoA plot showed clear separation between the different 

body sites (Fig. 6). The three principal coordinates were plotted in 2D for pairwise 

comparisons; PC1 accounted for 14.03% of the variation between samples, PC2 for 

8.73%, and PC3 for 5.37%. Cervical cancer samples were most similar to sites in the 

vaginal canal, overlapping in all three principal coordinates. Individual sampling sites 

within the larger body site were randomly distributed within their respective clusters 

and did not show patterns of separation.  
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The intra-sample community diversity was assessed using the Shannon diversity 

index (H), which accounts for both abundance and evenness of the genera present in 

each sample (Fig. 7). Cervical cancer samples had a significantly higher H than 

healthy body sites (P < 0.0001, Student’s t-test). The increased diversity of cervical 

Figure 6. Beta diversity of microbial communities across body sites 
Principle coordinate analysis (PCoA) profile comparing microbial composition 
similarities between healthy body subsites and cervical cancer using binary 
Pearson distance, calculated based on genus level. Each plot contains the same 
samples colored by body site: vagina (green, n = 390), stool (orange, n = 135), 
skin (blue, n = 351), and cervical cancer (red, n = 58).  
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cancer samples in comparison to healthy or less diseased (i.e. cervical intraepithelial 

neoplasia) sites was also observed previously 23. There were no significant differences 

between healthy body sites. 

 

To determine which taxa were driving the community based differences between 

body sites, bar charts plotting relative abundances of the top genera were created (Fig. 

8). Cervical cancer samples are dominated by genera of anaerobic bacteria such as 

Prevotella (19.2%), Fusbacterium (13.0%), Porphyromonas (8.9%), Bacteroides 

(8.3%), Peptoniphilus (5.3%), and Anaerococcus (2.8%). In contrast, healthy vaginal 

samples are comprised largely of Lactobacillus (83.0%) with a small percentage of 

Prevotella (2.1%), Peptoniphilus (0.2%), and other bacteria. Some of the top genera 

in stool samples consisted of Bacteroides (49.3%), Alistipes (6.6%), 

Figure 7. Comparison of Shannon diversity index across body sites 
Tukey boxplot showing the distribution of Shannon index (H), 
representative of beta diversity at the genus level, across samples in each 
body site. ****P < 0.0001 (Student’s t-test). 
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Faecalibacterium (5.4%), and Prevotella (1.1%). The most common genera found on 

the skin were Propionibacterium (55.9%), Staphylococcus (22.6%), Corynebacterium 

(4.4%), and Anaerococcus (2.3%). 
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Figure 8. Community composition according to body site group  
Bar chart of relative abundance of genera per group. Top 14 genera by 
mean relative abundance across body sites are shown. All other genera 
found in these samples were grouped into “other” found at the top of the 
bar. 
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Network reconstruction and integration of gene expression data 

Transkingdom networks integrating host gene expression and microbial abundances 

have been used to infer causal relationships and elucidate key players in host-microbe 

interactions of various disease states 25,26. To determine the role of microbiota in 

cervical carcinogenesis, OTU relative abundances were correlated with global gene 

expression measurements from DNA microarrays to create a transkingdom network. 

Previously, a meta-analysis of cervical cancer studies found 1268 differentially 

expressed genes in tumor samples 14, of which 738 present in the gene regulatory 

network were used to calculate Spearman correlations with OTUs with mean 

abundances >0.01%. The collapsed OTU table described in the HMP comparison was 

further collapsed based on clusters of Spearman correlation coefficients (ρ > 0.9) and 

used for this analysis. The regulation of OTUs was determined based on mean 

relative abundance in comparison to healthy HMP vaginal samples (UP, NORMAL, 

or DOWN). This regulation status was used as the basis for proportion of unexpected 

correlations (PUC) analysis 27 to remove false positive edges from the transkingdom 

network. In brief, interest was focused on abundance-expression interactions that 

directly related to the disease state. For example, a positive correlation between an 

UP OTU and an UP DEG was kept in the network while a negative correlation 

between them was not. This technique allowed for a focused approach in establishing 

microbes that may be driving cancer gene expression. 

The transkingdom network was created based on Spearman p-values less than 0.001 

for both OTU-OTU and OTU-DEG edges. A total of 997 nodes (738, DEGs; 259, 

OTUs) and 4262 edges were present in the final network after filtering and error 
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corrections (Fig. 9). Genes associated with the three major cervical cancer 

subnetworks were highlighted, as previously reported 14. The network had a diameter 

of 12, average degree of 8.8, average path length of 4.6, and a clustering coefficient 

of 0.203.  

 

 

Figure 9. Transkingdom microbe-gene regulatory network  
Transkingdom Spearman correlation network between microbial operational 
taxonomic units (OTUs, 259) and tumor differentially expressed genes (DEGs, 738). 
Edge-weighted Spring Embedded layout based on correlation coefficient (ρ), 
performed in Cytoscape. Yellow nodes are bacteria, green are antiviral genes, purple 
are epithelial cell differentiation genes, blue are cell cycle genes, and gray are genes 
not assigned to specific subnetwork or function; lines indicate presence of 
correlation between nodes (red, negative; blue, positive).  
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Bipartite betweenness centrality (biBC) is defined as the number of shortest paths 

between all nodes of one subnetwork to all nodes of another subnetwork that pass 

through that node 27. This analysis was an adaptation of betweenness centrality 

designed specifically to detect network bottlenecks between subnetworks. biBC was 

calculated between the microbial subnetwork and all DEGs as well as each defined 

gene subnetwork. biBC for 36 previously found master gene regulators for cell cycle 

and antiviral response is reported (Appendix A, Table 1). Genes with high 

betweenness centrality can be used as reporters for in vitro experiments as potentially 

being regulated by bacterial candidates in cancer. 

Prevotella sp. (OTU_97.1949) was the highest ranked OTU in bipartite betweenness 

centrality calculated between microbial subnetwork and all DEGs (Fig. 10), third 

between antiviral genes, eight between cell cycle genes, and second between 

epithelial cell differentiation genes.  

 

Figure 10. Prevotella sp. OTU has highest bipartite betweenness centrality 
OTU ranked by bipartite betweenness centrality calculated between bacteria 
and all differentially expressed genes in transkingdom network. Top ranked 
OTU highlighted out of 259. 
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Due to 16S rRNA amplicon size and sequencing depth, default QIIME parameters 

were unable to assign this OTU to the species level. As an alternative approach, 

representative sequences from all OTUs that were collapsed into OTU_97.1949 were 

aligned to the SILVA 16S rRNA database for Prevotella sequences (Fig. 11a). 

Number of hits per species varied greatly with mismatch threshold due lack of 

sequence depth. P. oris had the highest number of hits when the mismatch threshold 

was set to 30 but was second to P. bivia when a slightly less stringent mismatch 

threshold of 40 was used.  
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Additionally, a literature search was performed on Prevotella species to determine 

any previously known connection to cervical cancer, the vaginal microbiome, or other 

related diseases. Each species of Prevotella had at least one hit in a PubMed search 

(Fig. 11b) as well as a mentioned in association with bacterial vaginosis. Based on 

Figure 11. Prevotella spp. OTU Sequence Alignment and PubMed Search  
(a) Top Prevotella species in SILVA 16S rRNA database matched to 
representative sequences assigned to OTU_97.1949. Match length >200 bp, 
mismatch shown at ≤ 30 or 40 bp.  (b) Number of hits (articles) for PubMed 
search of each P. spp. that were matches in alignment with SILVA database. 
Search as of May 2017. 

a b 
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sequence alignment, literature research, and accessibility, the following bacterial 

candidates were chosen to test for their induction of cancer gene expression in vitro: 

P. bivia, P. buccalis, P. oris, P. oulorum, and P. disiens. 

In vitro testing of bacterial candidates reveal drivers of cancer gene expression 

In order to test the transkingdom network and ability of bacterial candidates to drive 

cancer gene expression, in vitro testing incubating bacterial cells with cervical cancer 

cell lines (HeLa) were performed. Lactobacillus crispatus was chosen as a control 

bacterium due to its low abundance in cervical cancer, high abundance in healthy 

vaginal microbiota, sparse associations with cancer gene expression, and lack of 

induced inflammatory responses when co-cultured in vitro 34. 

Preliminary experiments with bacterial supernatants were not sufficient in inducing 

the gene expression of key drivers (data not shown). Prevotella spp. are anaerobic 

bacteria, while L. crispatus is a facultative anaerobe. Therefore, co-incubation 

experiments were performed in anaerobic conditions. HeLa cells were tested prior to 

experiments for their ability to survive in anaerobic conditions. Experiments placing 

bacteria directly with human cells proceeded at a multiplicity of infection of 1 and 10, 

and were incubated for 6 and 24 hours in anaerobic conditions. P. bivia and P. disiens 

treatments at MOI 10 and 24 hours incubation were chosen as the optimal conditions 

to produce cancer gene expression phenotypes. Several key gene drivers of cervical 

cancer (Appendix A, Table 1) with high betweenness centrality to the bacterial 

subnetwork were tested for their response to bacterial treatments using RT-qPCR 

(Fig. 12).   
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For the two antiviral differentially expressed genes tested, LAMP3 mRNA was the 

only to have a significant increase in gene expression when treated with P. bivia (P < 

0.05). Other treatments did not change LAMP3 expression and no treatment produced 

consistent changes in IFI44L. Among cell cycle genes, CEP70 and S100PBP had 

significant increases in expression when treated with P. disiens (P < 0.05). 

Furthermore, NEK2 and RFC4 showed slight trends of increased gene expression 

with P. bivia treatment (P < 0.1). In all genes explored, L. crispatus did not induce 

any significant changes in gene expression. 
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Figure 12. Prevotella spp. induction of cancer gene expression 
RT-qPCR for cervical cancer differentially expressed genes normalized to 
18S rRNA in bacteria treated HeLa cells compared to negative treatment 
(PBS). *P < 0.05, one-sided paired t-test. 
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Discussion 

Through 16S rRNA sequencing, we have been able to describe the bacterial 

community present in 58 invasive cervical tumor samples. This community was 

dominated by a diverse set of anaerobic bacteria often associated with bacterial 

vaginosis, most notably including Gardnerella vaginalis, Prevotella spp., 

Fusobacterium spp., and Porphyromonas spp. This transition from a Lactobacillus 

dominated healthy vaginal microbiome to a community similar to bacterial vaginosis 

offers great insight into the potential link between the two. Indeed, some studies have 

suggested this link 20,21.  

Furthermore, bacterial DNA content was greater with higher FIGO stages of cervical 

cancer. Because the community was dominated by anaerobic bacteria, we suggest that 

the higher stage of cancer, displaying more hypoxia, creates a particular environment 

for these organisms to thrive. Additionally, a compromised immune state due to late 

stage cancer may allow for greater outgrowths of opportunistic bacteria. 

Integrating gene expression and bacterial abundances, we were able to reconstruct a 

transkingdom network model and infer causal relationships between Prevotella spp. 

and key drivers of cervical carcinogenesis. We tested these hypotheses in vitro 

through co-cultures of P. bivia and P. disiens with HeLa cells. We observed an 

induction of LAMP3 expression with treatment of P. bivia. Previously, LAMP3 was 

found to be a master regulator of antiviral genes in cervical cancer and is known to be 

regulated by interferons 14. Moreover, interferon (IFN) stimulation in vitro was found 

to reduce HPV 16 episomes and increase the presence of integrants 35. Therefore, we 
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suggest that P. bivia is able to contribute to the induction of genes in the IFN-

pathway, possibly causing integration of HPV and driving the up-regulation of 

oncogenes. In contrast, P. disiens induced the expression of cell cycle genes CEP70 

and S100PBP, suggesting that this particular species of Prevotella may be involved 

with cervical carcinogenesis through a different mechanism than P. bivia. Instead of 

affecting immune genes, the induction of cell cycle genes suggests an involvement in 

proliferation and tumor growth. Consequently, we plan to assess cell proliferation in 

vitro with treatment of this bacteria. 

Study limitations 

This study was only successful in sequencing 58/121 (48%) cervical cancer samples 

with detectable bacterial DNA, thus creating biases towards samples with higher 

abundances. Although this issue was not addressed in this present study, efforts will 

be made to compare gene expression between these two groups (sequenced vs. not 

sequenced) to see whether the ability to sequence, a factor of bacterial content, can be 

explained by differences host gene expression.  

Additionally, we were unable to determine the species of Prevotella in our analysis 

that was most connected to cancer gene expression. This could be for several reasons 

including: low sequencing depth and specificity; or particular species has not yet been 

described or is uncultivable. P. disiens and P. bivia were chosen to test in vitro even 

though we cannot say with confidence that these two bacteria were indeed the ones 

indicated in the analysis. 
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Potential use as biomarker in early diagnosis of disease  

Through characterizing the microbiome of cervical cancer, specific bacteria that are 

often found in invasive cancers but not healthy samples can be used as biomarkers of 

the disease. This could potentially be developed into an easy test to supplement the 

standard Pap test. In addition to microbial biomarkers, gene biomarkers can be further 

identified through differential expression analysis. These newly discovered 

biomarkers can be added to the existing studies 36-38 to establish a more 

comprehensive view of cervical cancer. 

New therapeutic approaches to cervical cancer treatment 

The discovery of bacteria involved in the development of cervical cancer would be a 

major breakthrough in progress of therapeutic advances in cervical cancer treatment. 

In addition to having gene targets that can be remedied through gene therapy, specific 

bacteria associated with the disease could be targeted to reinstate the healthy cervical 

microbiome. Researchers are currently developing species-specific antibiotics 39 able 

to kill a desired bacterium without disrupting the fragile microbial environment. 

Combining this emerging technique with a bacterial target could potentially become a 

method for the treatment of cervical cancer. 

Next steps for cervical cancer 

Co-culture experiments are currently being prepared for RNA sequencing to 

determine global changes in gene expression. This information will be used to revise 

the network model based on patient data, to infer both the extent of bacterial 
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influence and identify regulatory genes in the induction of the bacteria-induced 

cancer phenotypes observed in this study. Additionally, host genes will be targeted 

using siRNA knockdown in vitro concurrently with bacterial co-culture to determine 

key mediator genes.  

This study has provided an initial picture of host-microbe interactions in cervical 

cancer. In addition to describing the bacterial taxa present, we created and validated a 

cancer bacteria-gene transkingdom network, showing that Prevotella spp. are capable 

of inducing key gene drivers of cervical cancer. Although these are just the first steps 

in teasing out specific mechanisms and functions of bacterial influence on cervical 

cancer, we are hopeful that the cancer microbiome will have a large role in future 

treatments of cervical cancer.  
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Methodology 

Patients 

Tumor specimens were retrieved from 270 patients with locally advanced squamous 

cell carcinoma (SCC) of the uterine cervix. A subset of 123 patients was used for this 

study. One to 4 biopsies were taken at different locations of the tumor at the time of 

diagnosis, immediately frozen in liquid nitrogen, and stored at −80°C. DNA and RNA 

from different biopsies of the same tumor were pooled. The clinical protocol was 

approved by the Regional Committee for Medical Research Ethics in southern 

Norway (REK no. S-01129). Written informed consent was obtained from all 

patients. DNA was isolated according to a standard protocol with proteinase K, 

phenol, chloroform, and isoamylalcohol 40. Purified DNA quality and concentration 

were assessed using the Quant-iT™PicoGreen® dsDNA Assay Kit (Life 

Technologies, Carlsbad, CA, USA). 

Gene expression 

Gene expression profiling of 123 tumors used in this study was performed using the 

Illumina HumanWG-6 v3 Expression BeadArrays with approximately 48,000 

transcripts (Illumina Inc., San Diego, CA). All samples had more than 50% tumor 

cells in hematoxylin and eosin stained sections. This selection may have led to some 

bias in the results, but was chosen to reduce the influence of different normal cell 

proportion across the samples. Total RNA was isolated by the use of Trizol reagent 

(Life Technologies) followed by LiCl precipitation. Hybridization, scanning, signal 
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extraction and normalization were performed as described 41. The array data are 

available in GEO (GSE68339). 

Bacterial DNA quantification 

Bacterial content was quantified using QuantiFast SYBR Green mix (Qiagen, 

Germantown, MD) and universal bacterial primers, UniF340 (5’-

ACTCCTACGGGAGGCAGCAGT) and UniR514 (5’-

ATTACCGCGGCTGCTGGC). Standards were created from serial dilutions of 

extracted DNA from bacteria grown from mouse cecum contents. 

16S rRNA library preparation and sequencing  

For MiSeq Illumina sequencing, total genomic DNA was subjected to PCR 

amplification targeting the 16S rRNA variable region 4 (V4) using the bacterial 

primers 515F/806R (http://www.earthmicrobiome.org/emp-standard-protocols/16s/). 

Test reactions were performed with samples with varying amounts of bacterial DNA 

to determine the threshold for successful library preparation, defined as a positive 

band on an agarose gel. 40-250 ng of total template DNA were used for each PCR 

reaction, performed in triplicates per sample. Each set of triplicate PCR reactions was 

pooled and purified using the MinElute PCR Purification Kit (Qiagen). The pools 

were checked for proper band size of 382 bp by gel electrophoresis using 2% agarose 

pre-cast E-gels (Life Technologies). Negative controls consisted of samples without 

template for DNA extraction and PCR amplification. The pools were then quantified 

using the Qubit dsDNA BR Assay Kit (Life Technologies). Barcoded amplicons were 

pooled at equal volumes and concentrations (2 uL of 5 ng/uL DNA). The total pool 
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was sequenced using the Illumina MiSeq 2000 sequencing platform at the Center for 

Genome Research and Biocomputing at Oregon State University (OSU) to generate 

pair-ended 250 nt reads. 

Processing of raw 16S rRNA reads 

Raw forward-end fastq reads from the Illumina sequencing output were quality-

filtered, demultiplexed, and analyzed using quantitative insights into microbial 

ecology (QIIME) 42. Reads were quality filtered using default QIIME parameters; 

reads with a Phred quality score of <20, ambiguous base calls, and fewer than 187 nt 

(75% of 250 nt) of consecutive high-quality base calls were discarded. Additionally, 

truncation occurred on reads with three consecutive low-quality bases. The samples 

were demultiplexed using 12 bp barcodes, allowing for a maximum of 1.5 errors in 

the barcode. Reads were clustered using UCLUST 43 at 97% similarity into 

operational taxonomic units (OTUs) at QIIME default parameters. A representative 

set of sequences from each OTU were selected for taxonomic identification by 

selecting the cluster seeds (first read assigned to that OTU). Representative sequences 

for each OTU were aligned using BLAST (e-value < 0.001) to Greengenes (version 

13.8) OTU reference sequences (97% similarity) to obtain taxonomy assignments. 

OTUs were filtered for singletons (only found in one sample) and relative abundance 

was quantified by dividing raw read counts by total number of reads for each sample. 

Alpha diversity rarefaction curves using the Shannon index and a heatmap of OTU 

frequencies were obtained from QIIME scripts using default parameters. 
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Microbial correlation network 

Pairwise Spearman correlations were calculated between OTUs with greater than 

0.01% mean abundance across 58 cervical cancer samples. Correlation table was 

filtered by correlation coefficient (|ρ| > 0.4) and p-value (P < 0.01). Network 

visualization and assessment was performed using Cytoscape. 

Comparison to Human Microbiome Project 

OTU representative sequences, OTU table, and mapping file for 16S rRNA V3-V5 

sequencing were downloaded from the Human Microbiome Project (HMP) QIIME 

Community Profiling datasets publicly available (http://hmpdacc.org/HMQCP/) 32,33. 

Individual sample sites were grouped and only those from female skin, stool, and 

vagina were kept for analysis. Representative sequences from cervical cancer de novo 

picked OTUs were aligned to HMP representative sequences using USEARCH. 

Sequences with identity matches greater than 0.97 were collapsed together, keeping 

HMP OTU identification, taxonomy, and representative sequences as appropriate; if 

multiple cervical cancer OTUs matched, their read counts were summed for each 

sample. Due to the large variation in OTU counts across body sites, observation data 

were further collapsed into genus summaries using QIIME. Principal coordinates 

analysis (PCoA) was performed on genus summarized tables using the binary Pearson 

distance metric in QIIME. Alpha diversity calculations for Shannon index and 

abundance bar charts were also performed using QIIME. 
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Transkingdom network reconstruction 

Cervical cancer de novo picked OTUs were combined with HMP OTUs using a 

representative sequence identity match of 0.97 as described previously. Pairwise 

Spearman correlations were calculated for each OTU with mean relative 

abundance >0.01%. OTUs with ρ > 0.9, P < 0.001, and sequence identity >0.9 were 

collapsed together. Relative abundances were log-transformed and gene expression 

was quantile normalized as well as log-transformed. Spearman correlations were 

calculated between top OTUs and 738 differentially expressed genes found in 

previous cancer gene regulatory network 14. Correlations with P < 0.001 were 

imported into igraph R package for network reconstruction. Gene-OTU correlations 

were integrated with OTU-OTU correlations along with the previously published 

gene-gene network. Multiple edges and self-loops were removed.  

The regulation of OTUs was determined based on mean relative abundance in 

comparison to healthy HMP vaginal samples (UP, NORMAL, or DOWN). This 

regulation status was used as the basis for proportion of unexpected correlations 

(PUC) analysis, described previously 27, to remove false positive edges from the 

transkingdom network.  

Prevotella OTU alignment 

Representative sequences were extracted for all original cancer de novo OTUs that 

were collapsed into OTU_97.1949. These sequences were aligned to SILVA 16S 

rRNA sequences for Prevotella using USEARCH. Matches with length >200 bp and 

mismatch ≤ 30 or 40 bp were kept for quantifications. For each species, the number 
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of hits for each representative sequence were summed after normalization to the total 

number of hits for that representative sequence. This method was used due to multiple 

database matches for each given representative sequence due to high similarity and 

low specificity of the query sequence. 

 

Human cell culture 

HeLa cervical cancer cell lines were maintained in Modifed Eagle’s Medium 

(EMEM) with Earle's Balanced Salt Solution, L-Glutamine, and Non-Essential 

Amino Acids, without Calcium. EMEM was supplemented with 5% Heat-Inactivated 

Fetal Bovine Serum (FBS) and 1% Penicillin Streptomycin solution (PEST). Frozen 

cells stored in 10% DMSO in liquid nitrogen were thawed in a 37°C water bath until 

thawed (approx. 3 min), added to 4 mL of fresh media, and centrifuged for 3 minutes 

at 2500 rpm to pellet cells. The media solution was aspirated, and cells were 

resuspended in 15 mL of fresh media. Cells were grown in 5% CO2 at 37°C in 75 cm2 

treated, vented cap flat bottom culture flasks. Cells were passaged at approximately 

80% confluency using 3 mL of 0.25% Trypsin supplemented with 2.21 mM EDTA 

without sodium bicarbonate to detach adherent cells.  

Bacteria cell culture 

The following bacteria were used in this study: Prevotella bivia (ATCC 29303), 

Prevotella buccalis (ATCC 35310), Prevotella oris (ATCC 33573), Prevotella 

oulorum (ATCC 51260), Prevotella disiens (ATCC 29426), and Lactobacillus 

crispatus (ATCC 33197). All bacteria were grown on Brucella blood agar plates 
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supplemented with hemin and vitamin K (Hardy Diagnostics) at 37°C in anaerobic 

conditions using the GasPak™ EZ Container System (BD Diagnostics). Cultures 

were stored in 25% glycerol at -80°C. Bacterial plates were restreaked once every 2-3 

days as needed for experiments. 

Human-bacteria co-culture 

Bacterial cultures were taken from frozen stocks, plated on Brucella blood agar 

plates, and restreaked after 3 days. After incubation for 2 days, bacteria were 

suspended in 3 mL of PBS and quantified by optical density at OD600 nm; 

correlations between OD600 and Colony Forming Units (CFU) were made prior to 

the experiments. HeLa cells were resuspended in EMEM media without PEST, 

counted using a hemocytometer, seeded at 75,000 cells/well in 24-well flat bottom 

culture plates, and incubated at 37°C in 5% CO2 24 hours prior to bacterial treatment. 

Bacteria were adjusted appropriate concentration for 40 uL treatments at a 

multiplicity of infection (MOI) of 1 or 10 in replicates of 3 or more, sterile PBS used 

at negative control. Bacteria-treated HeLa cells were incubated at 37°C in anaerobic 

conditions using GasPak™ EZ Anaerobe Container System Sachets for either 6 or 24 

hours, followed by on-plate lysis using RLT Lysis Buffer (Qiagen) and lysate storage 

at -80°C.  

RT-qPCR for co-culture experiment 

RNA was extracted from cell lysate using the RNeasy Mini Kit (Qiagen) with on-

column DNase digestion. RNA was quantified using Qubit RNA BR Assay Kit (Life 

Technologies) and reverse transcribed using qScript cDNA Synthesis Kit (Quantabio, 
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Beverly, MA). qPCR was performed using PerfeCTA SYBR Green FastMix 

(Quantabio) and human gene primers (Appendix A, Table 2). Fold change and dCT 

was calculated by normalizing to 18S rRNA housekeeping gene and negative control 

treatment (PBS). 
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Appendix A 

name subnetwork degree all degs antiviral cell cycle 
epithelial cell 

differentiation 

IFI44 antiviral 38 294 26 331 405 

IFI44L antiviral 36 358 38 380 188 

ISG15 antiviral 23 443 73 447 481 

LAMP3 antiviral 20 69 10 67 95 

ADAR antiviral 13 244 65 446 480 

RFX5 antiviral 13 34 5 124 105 

TYROBP antiviral 13 374 118 452 119 

AIM2 antiviral 12 572 572 572 572 

MMP9 antiviral 10 489 170 457 484 

CDCA8 cell cycle 51 73 165 30 262 

NAT13 cell cycle 40 39 114 42 126 

TPX2 cell cycle 35 72 169 41 270 

CKS1B cell cycle 32 119 186 51 123 

NEK2 cell cycle 31 237 280 189 325 

RFC4 cell cycle 30 277 378 196 254 

CDC20 cell cycle 27 79 204 39 291 

DEPDC1 cell cycle 25 149 137 131 177 

GMPS cell cycle 23 59 150 49 214 

CEP70 cell cycle 22 13 108 15 189 

TOPBP1 cell cycle 22 204 188 146 174 

MCM2 cell cycle 20 220 362 215 276 

MTFR1 cell cycle 20 136 210 70 248 

KPNA2 cell cycle 18 201 358 261 362 

NUP155 cell cycle 18 249 267 151 191 

BIRC5 cell cycle 17 177 227 178 318 

HMGN2 cell cycle 17 175 31 94 175 

LAPTM4B cell cycle 17 191 291 101 156 

RPA2 cell cycle 17 44 135 27 86 

S100PBP cell cycle 17 18 88 22 94 

RAD21 cell cycle 16 284 381 212 334 

DTL cell cycle 15 285 258 192 326 

RAD54B cell cycle 15 492 310 259 360 

EXO1 cell cycle 14 389 329 274 217 

ITGB3BP cell cycle 13 280 228 174 124 

DUSP12 cell cycle 8 326 401 420 459 

PSMB4 cell cycle 8 464 487 329 404 
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Table 1. Bipartite betweenness centrality for key gene drivers 
List of bipartite betweenness centrality ranks (out of 738 genes) and degrees 
(calculated for DEG connections only) for previously established key gene 
drivers of cervical cancer (36). Bipartite betweenness centrality for between 
bacteria and four groups: All DEGs, Antiviral, Cell Cycle, and Epithelial 
Cell Differentiation genes. All genes were found to be up-regulated in 
cancer compared to healthy.  
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Gene Primer Name Sequence (5'-3') 

18S rRNA 
18S rRNA-F GTAACCCGTTGAACCCCATT 

18S rRNA-R CCATCCAATCGGTAGTAGCG 

CEP70 
CEP70_2_F GGAGCAGAAAACTTTACAGGTGA 

CEP70_2_R AGTGACAATGCGATCTTCTTCC 

IFI44L 
IFI44L-F_qPCR AGCCGTCAGGGATGTACTATAAC 

IFI44L-R_qPCR AGGGAATCATTTGGCTCTGTAGA 

LAMP3 
LAMP3-F-SYBR GCGTCCCTGGCCGTAATTT 

LAMP3-R-SYBR TGCTTGCTTAGCTGGTTGCT 

NEK2 
2_NEK2-F_qPCR GATGACTCAGTTGACTCTGGC 

2_NEK2-R_qPCR TCCCGATGCAATACGGGATGA 

RFX5 
2_RFX5-F_qPCR TACACTGAGCAATGAGGAGTACA 

2_RFX5-R_qPCR CTTCGAGCTTTGATGTCAGGG 

RFC4 
RFC4-F-SYBR TTGGGCGCTAACTTTTCCGAT 

RFC4-R-SYBR AGCGACTTCCTGACACAGTTA 

S100PBP 
S100PBP_3_F CCTGACAGTGAGAACCCTACG 

S100PBP_3_R ACAACTTGACTTGTGTGAACCAC 

 

 

 

Table 2. RT-qPCR cervical cancer primers 
SYBR Green primers used for in vitro bacterial co-culture experiments.  



 

    

 

 

 


