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Abstract

Phylogenetic microarrays present an attractive strategy to high-throughput inter-

rogation of complex microbial communities. In this work, we present several

approaches to optimize the analysis of intestinal microbiota with the recently

developed Microbiota Array. First, we determined how 16S rDNA-specific PCR

amplification influenced bacterial detection and the consistency of measured

abundance values. Bacterial detection improved with an increase in the number

of PCR amplification cycles, but 25 cycles were sufficient to achieve the maximum

possible detection. A PCR-caused deviation in the measured abundance values was

also observed. We also developed two mathematical algorithms that aimed to

account for a predicted cross-hybridization of 16S rDNA fragments among

different species, and to adjust the measured hybridization signal based on the

number of 16S rRNA gene copies per species genome. The 16S rRNA gene copy

adjustment indicated that the presence of members of the class Clostridia might be

overestimated in some 16S rDNA-based studies. Finally, we show that the

examination of total community RNA with phylogenetic microarray can provide

estimates of the relative metabolic activity of individual community members.

Complementary profiling of genomic DNA and total RNA isolated from the same

sample presents an opportunity to assess population structure and activity in the

same microbial community.

Introduction

Many bacteria and other microorganisms coexist in nature

as complex microbial communities. Such communities are

found in soil, water, inside sewage pipes, on the bark and

leaves of trees, and on the skin and other epithelial surfaces

of animals (Kent & Triplett, 2002; Gao et al., 2007; McLellan

et al., 2009). Among these, human-associated microbiota is

of particular interest because of its connection to human

health and disease. Indeed, many studies have been pub-

lished recently that aimed to catalog the diversity of human-

associated bacteria and the role that these microorganisms

might play in human well-being (Eckburg et al., 2005; Gill

et al., 2006; Palmer et al., 2007). Among such communities,

intestinal bacteria have received special attention due to

their hypothesized role in several gastrointestinal disorders

such as inflammatory bowel disease, obesity, and colon

cancer (van Nuenen et al., 2004; Turnbaugh et al., 2006;

Scanlan et al., 2008).

The scarcity of previous research into the microbial

community structure and function is explained by the

difficulty of using standard microbiological techniques to

interrogate community members. In many cases, complex

nutritional relationships exist among the members of the

community, and hence it is difficult to cultivate individual

members (Belenguer et al., 2006). In the case of human

intestinal microbiota, the community is dominated by

obligate anaerobic species, which presents additional pro-

blems for the isolation and culturing of these bacteria

(Thompson-Chagoyan et al., 2007). To circumvent the need

to culture community members, new molecular tools have

been developed utilizing the knowledge and interrogation

of genomic DNA (gDNA) sequences derived from the

microbial communities. Gene sequences encoding small
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ribosomal subunit 16S rRNA have been used extensively for

this purpose owing to the ubiquitous nature of this molecule

and to our ability to selectively isolate and amplify the gene

with phylogenetically conserved primers (Cannone et al.,

2002). A variety of methods have been used for 16S rDNA

interrogation including restriction polymorphism analysis,

different types of denaturing gel electrophoresis, FISH,

quantitative PCR, high-throughput DNA sequencing, and

microarrays. Among these methodologies, microarrays

proved to present a good compromise between high sensi-

tivity of detection of individual species, high-throughput

simultaneous interrogation of all community members, and

most importantly, an ability to quantitatively compare

community structure among different samples (Carey

et al., 2007).

Unfortunately, the use of any technology based on the

interrogation of DNA sequences presents a number of

challenges. Most of these stem from the fact that DNA-

manipulating reactions such as isolation, amplification,

fragmentation, and annealing can proceed stochastically

and dissimilarly for different DNA sequences and samples

(Sachse, 2004). Differences among bacteria in the thermo-

dynamic properties of gDNA, due to, for example, varia-

tions in the genome GC content, as well as vast

dissimilarities among bacterial species in the number of

16S rRNA gene copies per genome [can vary between 1 and

15 (Lee et al., 2009)] also create a challenge to link the

measured DNA amount to population structure and func-

tion. Many strides have been made to reduce some of these

problems (Polz & Cavanaugh, 1998; Kurata et al., 2004);

however, the optimal use of the technology remains a

difficult task.

We have recently designed a phylogenetic Microbiota

Array able to quantitatively measure the relative abundance

of 775 different bacterial species found in the human

intestine (Paliy et al., 2009). The microarray has been

extensively validated on pure bacterial cultures and was later

used to profile intestinal microbiota of children and adults.

This article describes a number of approaches that we

developed in our laboratory to optimize the use of oligo

microarrays for the analysis of microbial community com-

position and activity. We also show that by interrogating

total community RNA, the phylogenetic microarray can

provide estimates of metabolic activities of each community

member.

Materials and methods

Fecal sample collection and processing

Fresh fecal samples were obtained from two healthy adults as

approved by Wright State University IRB committee. Sam-

ples were cooled (4 1C) and homogenized immediately after

collection. An aliquot of each sample was placed into 10 mL

of 20 mM sodium phosphate buffer containing 10% etha-

nol, 1% acidic phenol (pH 4.5), and 1% b-mercaptoethanol

for future RNA extraction. All samples were frozen within

30 min of collection on dry ice and kept at � 80 1C.

Isolation of gDNA and total RNA

Total gDNA was isolated from fecal samples using the ZR

Fecal DNA Isolation kit (Zymo Research Corporation)

according to the manufacturer’s protocol.

For RNA isolation, an aliquot of stool/preservative mix-

ture was thawed, centrifuged for 5 min, and the supernatant

was removed. A total of 150 mg of stool pellet was used for

RNA extraction. Stool pellets were resuspended in cold RNA

Protect Bacterial Reagent (Qiagen Inc.) and allowed to

incubate for 10 min on ice. After removing the RNA Protect

reagent, stool samples were resuspended in 1.5 mL of cold

Stool Resuspension Buffer (20 mM sodium phosphate buf-

fer, pH 6.0, 50 mM NaCl, 20 mM EDTA, 0.5% sodium

dodecyl sulfate, 10% buffered phenol, 1% b-mercaptoetha-

nol). Tubes were vortexed for 5 min at maximum speed, and

then kept in a 95 1C sandbath for 1 min. The bacteria were

broken with ZR Bashing Beads (Zymo Research Corpora-

tion) by vortexing for 2 min at maximum speed. After

centrifugation, the supernatant was collected, and nucleic

acid extraction was carried out by the phenol–chloroform

method (Gyaneshwar et al., 2005). Extracted nucleic acids

were passed through ZR-HRC-IV columns (Zymo Research

Corporation) to remove enzyme inhibitors often present in

fecal matter. DNA was removed by incubating samples with

10 U of DNase I for 40 min at 37 1C. RNA was purified with

an RNeasy RNA purification kit (Qiagen Inc.). RNA quality

was assessed by agarose gel electrophoresis.

Microarray experiments and data analysis

Taq 2� Master Mix (New England Biolabs) was used to

amplify total gDNA with 16S rDNA-specific conserved

primers Bact-27F (50-AGRGTTYGATYMTGGCTCAG-30)

and Univ-1492R (50-GGYTACCTTGTTACGACTT-30). A

total of 250 ng of starting material was used in each

individual PCR reaction; the number of PCR amplification

cycles varied as described in Results. At least four separate

PCR reactions were run for each set of conditions; the

reactions were pooled, and then purified with a QIAquick

PCR purification kit (Qiagen Inc.). To obtain sufficient

quantities of amplified DNA, a higher number of individual

PCR reactions sometimes had to be carried out for experi-

ments utilizing only 15 and 20 cycles of PCR amplification.

A custom-developed Microbiota Array based on the AFFYME-

TRIX GENECHIP platform (Paliy et al., 2009) was utilized for all

microarray experiments. Microarray sample preparation

and microarray hybridization experiments were carried out
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as described (Paliy et al., 2009). A total of 1500 ng of

amplified and fragmented gDNA were loaded onto each

microarray.

For RNA analysis, RNA was first reverse transcribed into

cDNA essentially as described (Gunasekera et al., 2008) with

the following modifications: 2 mL of Superscript III reverse

transcriptase (Invitrogen Corporation) was used; the ampli-

fication cycle consisted of 25 1C for 10 min, 37 1C for 30 min,

42 1C for 30 min, 50 1C for 1 h, and 70 1C for 15 min. The

typical cDNA yield was about 10% of the starting RNA

amount on average. cDNA was further processed and

hybridized to microarrays as described (Gunasekera et al.,

2008). A total of 1500 ng of fragmented cDNA were loaded

onto each microarray. Two replicate arrays were run for each

test sample utilizing cDNA prepared in independent PCR

reactions.

Comprehensive step-by-step microarray analysis proce-

dure is shown in Fig. 1. Raw microarray data were analyzed

in GCOS with a standard MAS5 detection algorithm (Affyme-

trix, Inc.) to obtain species detection calls (parameters used

were a1 = 0.03, a2 = 0.05, and t= 0.015; this corresponds to

97% confidence in the positive detection call for each

individual species) (Paliy et al., 2009). When multiple

replicate experiments were run for the same sample, a

particular probeset had to be called present in each replicate

in order to be classified as detected. To obtain hybridization

signal estimates for each probeset, raw data files were

imported into CARMAWEB, and MAS5-VSN-MAS5-Med-

ianPolish procedure was utilized to normalize the data

within and across experiments (Rainer et al., 2006). A

detailed description of this normalization procedure is

available elsewhere (Choe et al., 2005; Paliy et al., 2009).

Further data analysis was performed in MICROSOFT EXCEL.

The normalized signal values were adjusted by cross-

hybridization and by 16S rRNA gene copy numbers as

described below. If a particular phylo-species was repre-

sented by multiple probesets on the Microbiota Array, the

consensus signal was obtained as described (Paliy et al.,

2009). Cumulative signal for higher level phylogenetic

groups was calculated as a sum of adjusted signals of all

detected species within that phylogenetic group. The esti-

mated abundance of each phylogenetic group in the sample

was expressed relative to the total adjusted signal for all

detected phylo-species; signal from species called absent by

GCOS detection algorithm was never used.

Signal adjustments

Cross-hybridization (CH) adjustment for each probeset was

modeled as Total.Signal = True.Signal1SCH.Signal, where

Total.Signal is a measured signal intensity for a particular

probeset, True.Signal is the true hybridization signal due to

correct binding of species-specific 16S rDNA fragment(s),

and CH.Signal is cross-hybridization signal due to incorrect

binding of 16S rDNA sequences corresponding to the other

detected species. The CH.Signal contribution to Total.Signal

by any given cross-hybridized 16S rDNA fragment is a

product of the True.Signal intensity for this cross-hybridized

segment and an adjustment factor reflecting the extent to

which cross-hybridization occurs. Thus, to expand the

above equation to a full dataset, it was written as a system

of linear algebraic equations, b = Ax, where b is the vector of

Total.Signals, x is the vector of True.Signals, and A is a

square matrix (775� 775) representing the contribution

that True.Signal of each species makes to Total.Signal of all

species, and thus includes the cross-hybridization effects.

Solving for the vector of True.Signals is then carried out by

x = A�1b (an additional explanation of the principle behind

cross-hybridization adjustment is provided in the Support-

ing Information). An average cross-hybridization effect was

calculated from the results of previously published valida-

tion experiments of the Microbiota Array by dividing the

sum of measured signals for all cross-hybridizing probesets

in each experiment by the total number of such probesets on

the microarray (Paliy et al., 2009). To avoid magnifying the

ratio of signals among samples and probesets through

division by a very small denominator, a small constant equal

to the average noise level in microarray experiments (1.0)

was added to each calculated True.Signal. Occasionally,

cross-hybridization adjustment produced a probeset True.-

Signal value below 0; in these cases, that signal was set to 1. A

custom MICROSOFT EXCEL template file was used to automati-

cally compute the cross-hybridization-adjusted values on

the imported normalized microarray data. The linear
Fig. 1. Step-by-step procedure used for the analysis of microarray data

obtained on Microbiota Array. CH, cross-hybridization.
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algebraic manipulations were also executed in MATLAB (ver-

sion 7.3, The Mathworks Inc.) to verify that the matrix

inversion process was not close to singular.

To carry out 16S rRNA gene copy adjustment procedure,

average and median 16S rRNA gene copy numbers were

estimated for each genus based on the 16S rRNA gene

numbers reported in rRNDB and NCBI microbial genomes

databases (Lee et al., 2009). When no species were listed for

a particular genus, average 16S rRNA gene copy for a

corresponding family or order was used as an estimate. The

cross-hybridization-adjusted signal values for each probeset

were divided by an average number of 16S rRNA gene copies

for the corresponding genus.

Quantitative real-time PCR (qPCR)

qPCR was carried out on an ABI Prism 7000 Sequence

Detection System using Platinum SYBR Green qPCR super-

mix (Invitrogen Corporation) essentially as described (Paliy

et al., 2009), including mathematical calculations taking

into account unequal amplification efficiency for different

primer pairs. Group-specific primers used to amplify se-

lected 16S rDNA sequences are listed in the Supporting

Information.

Statistical procedures

All statistical tests were carried out in SPSS v16 (SPSS Inc.).

Nonparametric Spearman rank test was used for all correla-

tion analyses because the datasets were not found to be

normally distributed. Principle components analysis was

performed in MATLAB.

Results

Detection of bacterial presence in human fecal
samples as a function of the number of cycles of
16S rDNA-specific PCR amplification

Fecal gDNA isolated from two healthy adult volunteers was

used to assess how the ability of Microbiota Array to detect

bacterial presence depends on the number of 16S rDNA-

specific PCR amplification cycles performed on fecal DNA.

PCR amplification was carried out for 15, 20, 25, and 30

cycles, respectively, and the amplified DNA was loaded onto

individual microarrays. The measurements obtained were

normalized as described in Materials and methods and the

data were compared among different amplifications. The

level of species detection was similar between 25 and 30

cycles of PCR amplification (Table 1); however, a reduction

in the number of species detected was observed for samples

that were subjected to 20 and 15 cycles of PCR amplifica-

tion. This finding is likely explained by the fact that each

hybridization sample consisted of the original total gDNA

and amplified 16S rDNA pool, and because we loaded the

same amount of fragmented DNA onto each array, the

relative fraction of the amplified pool in the sample becomes

higher with an increasing number of 16S rDNA-specific

amplification cycles. Interestingly, a few previous studies

have reported that an increase in the number of amplifica-

tion cycles used to construct rRNA clone libraries led to

either reduced estimates of community diversity (Bonnet

et al., 2002) or no change in diversity estimates (Acinas et al.,

2005). The discrepancy between these findings and our

results is likely (1) due to the different technologies utilized

in the analyses (microarrays with defined set of probes vs.

16S rRNA gene sequencing) and the specifics of our

hybridization approach, (2) because our comparisons were

made among samples subjected to low number of PCR

amplification cycles, or (3) they can be potentially explained

by the generally low PCR bias experienced in our amplifica-

tion experiments.

Influence of PCR amplification bias on the
measured relative abundance of bacterial
species

Because of the differences among bacterial species in gen-

ome GC content, varied relative abundance of different

bacteria in the sample, and variation in annealing affinity

of ‘universal’ amplification primers to individual 16S rDNA

sequences, multiple cycles of PCR amplification can intro-

duce a noticeable bias into the measured ratios among

bacteria (Polz & Cavanaugh, 1998; Kurata et al., 2004;

Sachse, 2004). To test whether such potential PCR bias was

evident in our experiments, we compared relative abun-

dances of each bacterial species, genus, and class among

experiments that interrogated gDNA subjected to 15, 20, 25,

and 30 cycles of PCR amplification.

Considering the measured signal across different bacterial

species, good correlation was observed among different

amplification cycle experiments of each sample (average

Spearman rank correlation RS = 0.86, Po 0.01). Compar-

isons of bacterial abundances among different amplification

conditions at the class level indicated that in general the

Microbiota Array produced stable estimates of the relative

bacterial amounts (see Supporting Information, Table S1).

The differences that were observed included a modest

Table 1. Detection of bacteria by phylogenetic microarray as a function

of 16S rDNA-specific PCR amplification of fecal genomic DNA

No. of PCR cycles Species detected�

30 392� 3

25 389� 1

20 354� 29

15 322� 7

�Data are shown as arithmetic mean� SEM.
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decrease of Actinobacteria abundance and a modest increase

in Bacteroidetes and Mollicutes abundances as the number of

PCR amplification cycles increased. Principle components

analysis revealed that experiments carried out on each

sample clustered together and separately from the experi-

ments performed on the other sample (see Fig. S1), indicat-

ing that sample-specific variation in bacterial abundance

rather than the number of PCR amplification cycles

contributed most to the differences observed among

experiments.

To quantitatively assess any detected PCR bias, bacterial

abundance at the genus level was evaluated: species-specific

abundance tended to be less stable, whereas class and order-

level signal often masked important differences in the

abundance values evident at lower phylogenetic levels. A

complete list of relative abundances of all genera among 15,

20, 25, and 30 PCR cycle experiments is available as Table S2.

Among 115 different genera that can be interrogated by

Microbiota Array, examination of genus abundances pro-

vided evidence of PCR bias for 23 of them. Seventeen genera

had a tendency to increase in relative abundance when the

number of amplification cycles was increased (positive bias),

whereas six genera decreased their relative abundance with

an increase in the number of PCR amplification steps

(negative bias). Most of the genera with positive bias were

present at a relatively low abundance level (average relative

abundance across different experiments 0.83%), whereas

genera with negative bias were well-represented in each

sample (6.29% on average). Indeed, as can be seen from

Table 2, genera that each were present at o 1% relative

abundance on average showed a general boost in the

measured abundance with an increase in the number of 16S

rDNA-specific PCR amplification cycles. The opposite was

observed for the genera present at 4 5% relative abundance

level. Interestingly, even though both genera Bacteroides

(class Bacteroidetes) and Papillibacter (class Clostridia) were

expressed at 4–5% abundance level, they displayed a con-

sistent positive bias (3.6/4.0% relative abundance after 15

cycles, 5.2/5.8% after 30 cycles of PCR amplification,

respectively). Apart from these two exceptions, no consis-

tent bias was evident for genera with intermediate represen-

tation between 1% and 5%. The calculated bias did not

reveal any relationship to the genome GC content: average

GC content was 48.9% for genera with a positive bias, 45.5%

for genera with no bias detected, and 47.5% for genera with

a negative bias. Because positive PCR bias was associated

with genera of low abundance, and because distribution of

genus abundances in each sample displays hyperbolic shape

with many low-abundance members (Paliy et al., 2009), this

can explain why we detected a significantly higher number

of genera with positive bias. The noted distribution of the

PCR biases is consistent with previous observations of low-

abundance members becoming gradually over-represented

in the mixture during PCR amplification due to preferential

reannealing of highly abundant template species during the

annealing step of PCR reaction effectively lowering their

amplification rate (Kurata et al., 2004; Acinas et al., 2005).

We calculated an average PCR bias per amplification cycle

by comparing relative abundances of each genus at 20, 25,

and 30 cycles (15 cycles were not used because fewer

microbiota species were detected with those conditions). In

these calculations, the bias was defined as a deviation of

specific amplification efficiency from the average amplifica-

tion efficiency of PCR reaction for that sample divided by

this average amplification efficiency. The distribution of bias

could be modeled by a hyperbolic function, where the

majority of the genera had low PCR bias (see Fig. S2). A

median bias per PCR amplification cycle was 1.59% among

the genera that were detected in all samples. This bias

amount is relatively small: it will lead to a 1.43-fold devia-

tion of the relative amount of bacterial 16S rDNA after 25

cycles of PCR amplification.

Adjusting measured signal to account for DNA
cross-hybridization

Because phylogenetic microarrays study microbial popula-

tion composition based on the sequence variability of a

single gene encoding 16S rRNA, there is a substantial

potential for cross-hybridization of DNA fragments in the

interrogated mixture to incorrect probes. To investigate the

level of such cross-hybridization evident in the use of

Microbiota Array, we evaluated experiments where pure

bacterial gDNA isolated from 15 different bacterial species

was hybridized to separate arrays (Paliy et al., 2009). The

microarray correctly identified the presence of each species

in the corresponding sample, and the corresponding probe-

set had the highest measured signal. However, a number of

additional probesets had a signal above the noise. Although

we showed that such a cross-hybridization signal does not

Table 2. Bias in measured relative abundance of bacterial genera as a function of the number of 16S rDNA-specific PCR amplification cycles

Genus abundance 30 cycles 25 cycles 20 cycles 15 cycles

o 1% (n = 66) 0.24�0.01% 0.21� 0.01% 0.19� 0.01% 0.16� 0.01%

1–5% (n = 14) 2.78�0.09% 2.78� 0.09% 2.75� 0.08% 2.70� 0.08%

45% (n = 6) 9.04�1.32% 9.41� 1.23% 9.85� 1.36% 10.33� 1.61%

Data are shown as arithmetic mean� SEM.
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influence the estimates of species presence when multiple

replicate arrays are run for the same sample (Paliy et al.,

2009), the measured signals might be overestimated when

many species are found in a fecal sample. We now carried

out calculations of the measured signal for cross-hybridiz-

ing probesets in those microarray analyses of samples of

defined composition. On average, cross-hybridization sig-

nal for probesets representing species within the same

genus as the correctly identified species constituted 1.58%

of that species signal (SD 3.22%); for probesets outside that

genus, the average cross-hybridization signal was only

0.19% (SD 0.36%). Because it is not feasible to measure

cross-hybridization pattern for each of the 775 bacterial

phylo-species that can be interrogated by the Microbiota

Array, we modeled the total measured signal of every

probeset as a combination of true hybridization signal due

to correct complementary binding of that species 16S

rDNA fragments and a sum of cross-hybridization signals

due to incorrectly bound rDNA. As described in Materials

and methods, the problem of finding true signals for each

probeset when we can only measure the total signals was

solved through an inverse matrix calculation. To simplify

the calculation process, cross-hybridization signal from

DNA of species outside the same genus was considered to

be insignificant and this cross-hybridization adjustment

was set to zero.

Table 3 presents relative abundances of bacterial classes

after cross-hybridization adjustment of the signal. Because

of limiting the cross-hybridization to the species within the

same genus, the adjustment results in a relative decrease in

the overall signal of genera with many members (Rumino-

coccus, Papillibacter, Roseburia, Bacteroides) at the same time

increasing the relative representation of genera with few

members. For example, relative contribution of Ruminococ-

cus (the genus with the highest number of species members)

went down from 28% of the nonadjusted signal to 22% after

cross-hybridization adjustment. Because several of the gen-

era with a large number of members belong to class

Clostridia, this results in a relative decrease in the abundance

of this class.

Adjusting measured signal to account for
multiple genomic 16S rRNA gene copies

Different species of bacteria are known to possess a wide

range of rRNA-encoding gene copies per genome, with

current estimates of between 1 and 15 genes (Lee et al.,

2009). The different copies of 16S rRNA genes can differ in

their nucleotide sequence; however, such sequence diver-

gence is rarely 4 1–2% nucleotide dissimilarity (Acinas

et al., 2004). As a result, most phylogenetic microarrays

define all 16S rRNA sequences within 2% of sequence

identity of each other as representing the same species. With

all other variables being equal, a particular probeset inter-

rogating 16S rDNA from a bacterial species with 10 16S

rRNA gene copies in its genome would produce five times

the signal measured by a probeset interrogating the genome

of a species with only two 16S rRNA genes. This presents

problems for translating the signal measured by a phyloge-

netic microarray into an estimate of species abundance.

We developed an adjustment algorithm for the measured

probeset signal that takes into account an average 16S rRNA

Table 3. Influence of signal adjustments on relative abundance of bacterial classes

Sample 1: signal adjustment Sample 2: signal adjustment

Class None (%)� CH (%)w CH116S copy (%)z None (%)� CH (%)w CH116S copy (%)z

Alphaproteobacteria – – – o 0.1 o 0.1 o 0.1

Betaproteobacteria 1.1 1.3 3.1 1.2 1.4 3.5

Gammaproteobacteria 0.8 1.0 1.1 0.5 0.6 0.8

Deltaproteobacteria 0.5 0.6 0.9 0.5 0.6 1.0

Epsilonproteobacteria – – – – – –

Clostridia 79.8 77.1 64.4 80.9 78.4 67.7

Mollicutes 0.2 0.2 1.0 0.4 0.5 2.2

Bacilli 2.0 2.3 2.8 5.1 6.1 8.2

Actinobacteria 5.9 6.7 13.3 0.7 0.9 2.2

Spirochaetes o 0.1 o 0.1 0.1 o 0.1 o 0.1 0.1

Bacteroidetes 9.0 9.8 11.6 10.3 11.1 13.7

Verrucomicrobiae 0.6 0.7 1.3 0.3 0.4 0.7

Lentisphaerae 0.1 0.1 0.5 o 0.1 o 0.1 o 0.1

Comparisons were carried out for samples subjected to 25 cycles of PCR amplification.
�No adjustment was applied to normalized signal values.
wSignal was adjusted by the cross-hybridization algorithm.
zSignal was first adjusted by the cross-hybridization algorithm, and then by the average number of 16S rRNA gene copies per bacterial genome.

–, none detected.
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gene copy number per bacterial genome. rRNDB and NCBI

microbial genome databases were searched for the number

of 16S rRNA gene copies among species of each genus; if the

data from multiple species of the same genus were available,

an average gene copy number was calculated. The genus-

level 16S rRNA gene copy table is available as Table S3. The

average genus 16S rRNA gene copy number ranged from 1

for Brachyspira to 9.4 for Clostridium. Members of Clostridia

had relatively high number of 16S rRNA gene copies (range

2–15, average between 8 and 9), whereas other prominent

classes of intestinal bacteria had fewer 16S rRNA genes on

average (Bacteroidetes, about 6; Actinobacteria, 3–4; different

classes of Proteobacteria, between 3 and 7). The normalized

signal for each probeset, first adjusted by the cross-hybridi-

zation algorithm as described above, was then divided by the

average number of 16S rRNA gene copies calculated for the

corresponding genus. As can be seen from Table 3, the

adjustment led to a noticeable change in relative abundance

values. Clostridia representation decreased by 1/5th–1/6th,

whereas relative abundances of most other classes increased.

Comparing our microarray results before and after 16S

rRNA copy adjustment with several recent analyses of

microbiota composition of healthy adults performed by

counting bacterial cells visualized by FISH (Rigottier-Gois

et al., 2003; Lay et al., 2005; Sokol et al., 2006), we observe

that our 16S gene copy and cross-hybridization-algorithm

adjusted numbers are in better agreement with the FISH

data. The ratio among three major intestinal bacterial

classes Clostridia, Actinobacteria, and Bacteroidetes was

74%–11%–15% when bacteria were visualized with fluor-

escent probes (average among three studies, see Table S4

for all the relevant data); this is closer to our gene copy

adjusted averages of 76%–9%–15% compared with the

85%–4%–11% relative signal distribution for these classes

when no 16S rRNA gene copy and no cross-hybridization

adjustments were applied.

Measuring fecal RNA to assess microbiota
metabolic activity

The use of selective 16S rDNA-specific PCR amplification

combined with the relative ease of obtaining total gDNA

from community samples has led to a substantial number of

publications elucidating the population structure of com-

plex microbial communities (Eckburg et al., 2005; Brodie

et al., 2007; Gao et al., 2007; Palmer et al., 2007). The relative

metabolic activities of individual community members, on

the other hand, have received little attention. Indeed,

whereas profiling gDNA can help us understand which

bacteria are present in the community, this approach cannot

be used to differentiate between metabolically active and

metabolically inert (or even dead) members. However,

because the metabolic activity of the species is generally

linked to that species’ growth rate in the environment,

which in turn in most cases is proportional to the number

of ribosomes and thus to the amount of rRNA produced by

each cell (Bremer & Dennis, 1996; Stevenson & Schmidt,

2004; Zaslaver et al., 2009; also see Binder & Liu, 1998;

Klappenbach et al., 2000; Schmid et al., 2001 for exceptions

to this general correlation), interrogation of 16S rRNA can

allow us to obtain such estimates. With this in mind, the

original design of Microbiota Array was carried out to allow

the microarray to be used for interrogation of either DNA or

RNA (Paliy et al., 2009), and we have now explored the use

of this microarray to measure the relative metabolic activity

of individual members of intestinal microbiota.

Total fecal RNA was isolated from two adult stool

samples, processed, and subsequently hybridized to the

microbiota array. Because gDNA was already profiled from

the same samples, we could compare bacterial detection

between gDNA and RNA samples. Comparable numbers of

bacteria from the same sample were detected between RNA

and gDNA sources even though no amplification of 16S

rRNA was carried out (sample 1: 355� 29 detected species

from gDNA, 336� 21 from RNA; sample 2: 374� 21 species

from gDNA, 427� 8 from RNA). As expected, calculations

of the Spearman rank correlations among experiments

showed that bacterial RNA abundances matched strongly

the distribution of bacterial DNA abundances from the same

fecal sample (Fig. 2).

Comparing metabolic activities of different bacterial

classes (Table 4), known starch and fiber degraders (Clos-

tridia and Bacteroidetes) were relatively active in both

samples, whereas Mollicutes, Bacilli, Actinobacteria, and

Spirochaetes had lower rRNA counts, which could signify

their relative metabolic quiescence (inactivity). Figure 3

shows a scatter plot comparing relative RNA and DNA

abundances at the genus level. Most genera clustered around

Fig. 2. Correlation among measured microarray signals obtained in the

interrogation of total RNA and gDNA. gDNA signals for each sample

were calculated as an average from experiments using gDNA subjected

to 15, 20, 25, and 30 cycles of PCR amplification. Normalized DNA

signals were cross-hybridization- and 16S copy-adjusted (see footnote to

Table 3); normalized RNA signals were cross-hybridization-adjusted.

Values shown are Spearman rank correlation coefficients for each pair-

wise comparison; the width of the box is proportional to the correlation

coefficient.
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the diagonal line indicating that their total metabolic

activity corresponded to their relative cell count as estimated

by genomic rDNA amount. However, several genera had

significantly larger RNA fraction than their DNA abundance

would suggest. These included Papillibacter (10.7% relative

RNA abundance vs. 5.2% DNA abundance), Sporobacter

(0.8% RNA and 0.1% DNA), Acidaminobacter (all in class

Clostridia, 0.3% RNA, and 0.1% DNA), and Alistipes (class

Bacteroidetes, 1.5% RNA and 0.8% DNA). On the other

hand, genera Bifidobacterium (2.2% RNA and 6.7% DNA),

Collinsella (both Actinobacteria, 0.4% RNA and 1.4% DNA),

Streptococcus (Bacilli, 2.3% RNA and 3.8% DNA), Brachy-

spira (Spirochaetes, o 0.1% RNA and 0.4% DNA), and

Holdemania (Mollicutes, 0.4% RNA and 0.8% DNA) dis-

played decreased RNA abundance.

To obtain a relative activity index of each bacterial genus

in fecal samples examined, we divided the relative abun-

dance of RNA (expressed as percent of total measured

signal) by the relative abundance of DNA for each genus.

Because we used two separate samples in these experiments,

we could ask whether relative metabolic activity of different

genera is sample/person specific by comparing the activity

indexes of each genus between samples. Although the

majority of genera clustered around 1 : 1 ratio (indicating

‘average’ metabolic index in both samples), we found several

interesting examples (see Fig. 3 and Fig. S3). Two genera of

Actinobacteria – Bifidobacterium and Collinsella – had low

metabolic activity in both samples (defined as activity index

of 0.5 or lower in each sample); at the same time, genera

Papillibacter, Sporobacter, and Alistipes were highly metabo-

lically active in both samples (activity index Z2). Compar-

ison of samples also revealed four genera that differed in

their metabolic activity between these two samples: Turici-

bacter (class Bacilli), Parasporobacterium, Coprobacillus

(both Clostridia), and Eggerthella (class Actinobacteria). A

simultaneous analysis of RNA and DNA also identified two

bacterial genera – Limnobacter (class Betaproteobacteria) and

Bryantella (class Clostridia) – which despite being present

at the same cell abundance level in both samples had

different metabolic activity between two samples. Note that

because we only profiled two different samples in these

analyses, any drawn conclusions were not tested for statis-

tical significance.

We have used qPCR to validate these findings revealed by

the Microbiota Array. As can be assessed in Table 5, qPCR

results matched microarray data well, with only slight

deviation observed for Faecalibacterium genus abundance

estimates.

A recent study examined the metatranscriptome of in-

testinal microbiota in healthy adults utilizing the deep

sequencing approach (Turnbaugh et al., 2010). Similar to

our findings, overall gene expression was found to be low for

members of genera Collinsella and Bifidobacterium, whereas

an abundant expression of genes was found for members of

Alistipes. Many genera of class Clostridia had an ‘average’

gene expression proportionate to the numbers of these

Table 4. Relative measured amounts of genomic DNA and total RNA for

different bacterial classes

Class

Sample 1 Sample 2

RNA (%)� DNA (%)w RNA (%)� DNA (%)w

Alphaproteobacteria – – – o 0.1

Betaproteobacteria 1.8 3.0 1.8 2.9

Gammaproteobacteria 1.2 0.7 0.9 0.7

Deltaproteobacteria 1.0 0.7 1.3 0.7

Epsilonproteobacteria – – – –

Clostridia 75.5 65.9 75.5 70.6

Mollicutes 0.3 0.6 0.7 1.3

Bacilli 1.3 1.9 5.7 9.8

Actinobacteria 5.0 15.5 1.0 1.4

Spirochaetes – 0.4 o 0.1 0.4

Bacteroidetes 12.5 9.6 12.4 11.6

Verrucomicrobiae 1.3 1.5 0.9 0.6

Lentisphaerae 0.1 0.3 – o 0.1

�Measured signal was adjusted with cross-hybridization algorithm.
wMeasured signal was adjusted with cross-hybridization and 16S gene

copy algorithms. Values shown are averages of the experiments with 15,

20, 25, and 30 cycles of PCR amplification.

–, none detected.

Fig. 3. Comparison of relative gDNA and rRNA sample compositions

across bacterial genera. X axis displays gDNA abundance of each genus

relative to the total signal (average from experiments using gDNA

subjected to 15, 20, 25, and 30 cycles of PCR amplification); Y axis

shows relative rRNA abundance. Each diamond represents an average

abundance of a particular genus between two samples. Error bars show

SEM. Genus Ruminococcus (21.6% gDNA abundance, 22.1% rRNA

abundance) is not shown. Examples of genera with disproportional

metabolic activity are shown with unfilled diamonds.
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bacteria in the samples – this also matches well with our

results of the RNA vs. gDNA comparisons. On the other

hand, genus Bacteroides was highly active in the samples

analyzed by Turnbaugh and colleagues, whereas we found

only a slight increase in their metabolic activity over average

in our samples.

Discussion

Phylogenetic microarrays are an attractive tool to obtain

high-throughput quantitative measurements of microbial

abundance in complex communities. However, in order to

use any DNA interrogating technique to estimate commu-

nity structure, one has to be certain of a good concordance

between measured values and the true species distribution.

The analyses described in this article were intended to

improve the robustness of the measured estimates of micro-

bial abundance as well as to provide a new approach to

community interrogation.

By evaluating microarray hybridization signal in samples

subjected to 15, 20, 25, or 30 cycles of 16S rDNA-specific

PCR amplification, we observed a modest amount of

measured signal bias as a function of the number of

amplification cycles. Because of this PCR bias, several highly

abundant genera decreased their representation as the

number of amplification cycles increased, while the opposite

was evident for some but not all low-abundance members.

The protocol for PCR amplification that we used already

incorporated features aimed to decrease the amplification

bias [low annealing temperature (Sipos et al., 2007), fast

ramp down between denaturing and annealing steps (Kurata

et al., 2004), pooling together multiple PCR reactions (Polz

& Cavanaugh, 1998; Acinas et al., 2005), and low number of

amplification cycles (Polz & Cavanaugh, 1998)]; this can

explain why the amplification bias measured in our experi-

ments was lower than that reported previously (Polz &

Cavanaugh, 1998; Kurata et al., 2004).

We developed two adjustment algorithms intended to

improve the concordance between initial bacterial numbers

in the community and the distribution of measured DNA

hybridization signals. Both algorithms have been incorpo-

rated into our analysis workflow as shown in Fig. 1. Whereas

cross-hybridization adjustment had an influence mostly on

bacterial groups with large numbers of species, profound

changes were observed after adjusting measured signals by

the number of 16S rRNA gene copies per bacterial genome.

Comparison of average 16S rRNA gene copies for different

genera and classes indicated that the numbers of Clostridia

might be overestimated in many studies of intestinal micro-

biota using DNA sequence interrogation techniques. Indeed,

we found that there is a significant positive correlation

between the average number of 16S rRNA gene copies per

genome of a species in a particular genus, and the number of

corresponding 16S rRNA sequences of human intestinal

bacteria deposited into the NCBI database (Spearman rank

correlation RS = 0.39, Po 0.01; see Fig. S4).

The limitation in the use of both adjustment algorithms

is their generalized estimation of adjustment factors for

different species within the same genus. Although species

of the same genus can have different numbers of rRNA

operon copies in their genomes, and cross-hybridization by

DNA fragments from a particular species is often limited to

just a few other species within the same genus (Paliy et al.,

2009), the lack of species-specific data for the vast majority

of intestinal bacteria prevented us from specifying adjust-

ment factors uniquely for each species. Nevertheless, as

shown in Results, both algorithms are likely to provide an

improvement to the estimated association between mea-

sured microarray signals and actual community composi-

tion. Current large-scale sequencing efforts such as the one

initiated by the Human Microbiome Project (Turnbaugh

et al., 2007) are expected to provide genome information

necessary to eventually extend both algorithms to a species-

level precision.

Finally, we also established a protocol to utilize the

Microbiota Array for the interrogation of relative metabolic

activities of community members. Whereas analysis of

gDNA can provide us information on the number of

bacterial cells present in a particular community, the mea-

surements of the 16S rRNA content of the community can

give us estimates of the relative metabolic activity of

different community members (see Results for explanation

of association and its limitations). 16S rRNA profiling can

also reveal changes in the metabolic activity of individual

microbial species over time even when the counts of bacteria

do not change. A number of previous reports revealed that

RNA profiles did not match DNA profiles in the same

microbial community (Tannock et al., 2004; Licht et al.,

2006); however, prior studies could not obtain relative DNA

and RNA signal distributions for individual community

Table 5. Validation of microarray results of RNA vs gDNA comparison

with quantitative PCR

RNA/gDNA signal ratiow

Bacterial group� Arrayz qPCR‰

Faecalibacterium 0.84 1.39� 0.70

Papillibacter 1.83 1.82� 0.91

Bifidobacterium 0.61 0.56� 0.27

Collinsella 0.69 0.80� 0.36

�Primers were developed to cover most of the 16S rDNA sequences in

the RDP database belonging to each group.
wNumbers represent ratios of total unadjusted signal between RNA and

gDNA preparations of sample 1.
zDNA signal was calculated as an average of the experiments with 15,

20, 25, and 30 cycles of PCR amplification.
‰Data are shown as arithmetic mean� SEM.
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members. Complementary analysis of RNA and DNA

abundances in our pilot experiments exposed a number of

cases where a significant discrepancy between RNA and

DNA amounts was detected. Apart from being an indica-

tion of bacterial metabolic activity, several other factors

can cause the observed differences between RNA and DNA

abundances. Because no amplification of RNA was neces-

sary in our experiments due to inherently large numbers of

16S rRNA molecules per cell (Bremer & Dennis, 1996), the

observed discrepancies can potentially be a function of the

16S rDNA amplification bias. However, the observed

differences between RNA and DNA abundances were

specific to particular genera rather than widespread, and

those differences uncovered were significantly higher than

an estimated average PCR bias can account for (up to

eightfold RNA-vs.-DNA ratios calculated; median PCR

bias produces 1.43-fold deviation after 25 amplification

cycles). Alternatively, because gDNA is much more stable

than RNA, low RNA abundance might potentially be

attributed to the dead cells that lost viability either due to

exposure to air, or because of the long transit time in

human large intestine and the corresponding lack of

nutrients in fecal matter. However, this is not sufficient to

explain a specific high RNA abundance of members of

Papillibacter, obligate anaerobic bacteria, in both of our

samples. Further studies will be needed to evaluate poten-

tial influence of these mitigating factors on the RNA-vs.-

DNA abundance relationships.

If we can assume that measured rRNA abundance is

proportional to the bacterial metabolic activity, members

of the genus Papillibacter were very metabolically active in

the examined samples and might therefore play a more

prominent than previously recognized role in defining the

overall metabolism of intestinal microbiota. At the same

time, genera Limnobacter and Bryantella had different

metabolic activities in two interrogated samples, although

their cell numbers were estimated to be the same. Because

only few samples were used for these pilot analyses, at the

moment we are unable to generalize our findings, because

the observed differential metabolic activities might be

sample-specific [note, however, that our data match well

with another recent study (Turnbaugh et al., 2010) profiling

bacterial activity and gene expression in the gut]. Never-

theless, such examples demonstrate the power of simulta-

neous profiling of gDNA and RNA isolated from the same

sample to assess not only community structure but also

relative metabolic activity. Several intestinal diseases are

believed to be associated with a misbalanced metabolic state

of intestinal microbiota (van Nuenen et al., 2004; Turn-

baugh et al., 2006); therefore, examination of community

RNA might reveal putative associations between bacterial

activity and disease status that might be missed when only

gDNA is profiled to reveal bacterial abundance.
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