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ABSTRACT

Microsoft® Windows®-based computers
have evolved to the point that they provide
sufficient computational and visualization
power for robust analysis of DNA array
data. In fact, smaller laboratories might
prefer to carry out some or all of their
analyses and visualization in a Windows en-
vironment, rather than alternative plat-
forms such as UNIX. We have developed a
series of manually executed macros written
in Visual Basic for Microsoft Excel®

spreadsheets, that allows for rapid and
comprehensive gene expression data analy-
sis. The first macro assigns gene names to
spots on the DNA array and normalizes in-
dividual hybridizations by expressing the
signal intensity for each gene as a percent-
age of the sum of all gene intensities. The
second macro streamlines statistical con-
sideration of the confidence in individual
gene measurements for sets of experimental
replicates by calculating probability values
with the Student’s t test. The third macro in-
troduces a threshold value, calculates ex-
pression ratios between experimental con-
ditions, and calculates the standard
deviation of the mean of the log ratio val-
ues. Selected columns of data are copied by
a fourth macro to create a processed data
set suitable for entry into a Microsoft Ac-
cess® database. An Access database struc-
ture is described that allows simple queries
across multiple experiments and export of
data into third-party data visualization soft-

ware packages. These analysis tools can be
used in their present form by others working
with commercial E. coli membrane arrays,
or they may be adapted for use with other
systems. The Excel spreadsheets with em-
bedded Visual Basic macros and detailed
instructions for their use are available at
http://www.ou.edu/microarray.

INTRODUCTION

With the publication of the first
genome-wide expression data six years
ago (13), the power of the DNA array
was immediately evident. Since then,
reviewers have predicted a revolution in
the way biologists conduct their re-
search (3–5,12). Today the trend toward
widespread use of DNA arrays contin-
ues. Vast amounts of DNA array data
are accumulating, and the need for stan-
dardized array annotation and data rep-
resentation is being addressed (http:
//www.ebi.ac.uk/microarray/MGED/).
Relational databases are being devel-
oped to handle microarray data storage
in a format that facilitates data process-
ing and visualization, allowing re-
searchers to analyze and interpret their
experiments and disseminate the data
(16). Generally, the database manage-
ment software used is Oracle, Web in-
terfaces are written in JAVA or XML,
and scripts used for data processing, re-
trieval, etc. are written in Perl, C, or oth-
er programming languages. However,
for the common microarray user, the
implementation of such a system may
be beyond their budget or exceed their
actual needs. For these users, a central
archive is an attractive alternative for
data storage. An example of this, the
EcoReg Consortium (http://gobi.lbl.

gov/~ecoreg/index.html), is being es-
tablished as a public database for stor-
age and manipulation of E. coli mi-
croarray and proteome data. Still, it will
be necessary for individual users of con-
sortium databases to process, analyze,
and format the data for submission.

DNA arrays have been used to ex-
amine the genetics and physiology of
the comprehensive biological model, E.
coli. Some research groups have used
commercial membrane-based DNA ar-
rays (2,17,18), while others have em-
ployed DNA microarrays (6,11,19,20)
or oligonucleotide arrays (15). Several
practical issues regarding the use of
whole-genome arrays have been ad-
dressed, and the power of this technol-
ogy as a means for deducing the physi-
ological state of the bacterial cell is
now well established.

In our laboratory, we routinely use
membrane-based DNA arrays for E. coli
gene expression profiling. Multiple
replicates of each experimental condi-
tion are processed and analyzed with
manually executed macros written in Vi-
sual Basic and run in Microsoft® Excel®
spreadsheets on Microsoft Windows®-
based computers. These macros, statisti-
cal analysis, and data processing proto-
cols are described here and are freely
available to the scientific community
(http://www.ou.edu/microarray).

MATERIALS AND METHODS

Software and System Requirements

The analysis tools described here
are written for Microsoft Excel and Mi-
crosoft Access®: Microsoft Office® 97
or higher is required. Optimal system
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requirements include a Windows-com-
patible computer with a PII processor
and 128 Mb RAM or higher. Macin-
tosh® computers running Microsoft Of-
fice 98 for Macintosh can also be used
to run the macros in Excel.

Example E. coli Data Set

In this study, we compare a sample
data set of E. coli MG1655 grown at
pH 7.4 and pH 5.5 under otherwise
identical conditions. Cultures were
grown aerobically in 50 mL MOPS (pH
7.4) or MES (pH 5.5) minimal glucose
(0.2%) medium (8) in 250-mL fleakers
(Corning, Acton, MA, USA) at 37°C
with 300 rpm agitation and harvested in
mid-logarithmic growth phase. RNA
isolation, radioactive labeling during
cDNA synthesis, and hybridization to
DNA array membranes were described
previously (17).

Description of Raw Data

We routinely use Panorama E. coli
Gene Arrays (Sigma-Genosys, The
Woodlands, TX, USA) for gene expres-
sion profiling. Phosphorimaging of a
hybridized membrane array produces a
TIFF image file that must be further
processed for data analysis. The image
analysis software (ArrayVision ver-
sion 5.1; Imaging Research, St.
Catharines, Ontario, Canada) makes
use of a customized template to accom-
modate three grid layers (3 × 1; 16 ×
24; 4 × 4) according to the design of the
Panorama E. coli gene arrays. The spot
labeling protocol was edited such that
each spot is named by its unique array
coordinate, allowing the spot intensity
measurements to be easily associated
with the correct gene identifiers in sub-
sequent processing steps. The cus-
tomized ArrayVision template file for
analysis of Panorama E. coli gene ar-
rays, and detailed instructions for its
use, are available at http://www.ou.
edu/microarray. The spot intensities are
represented in a row-column format
and are exported into Excel spread-
sheets for further analysis.

Data Processing

The macros and sample analyses can
be downloaded from http://www.ou.

edu/microarray. Follow the links to
“Macroarray”, “Data Analysis”, and
then “Spot-Finding and Image Quanti-
tation” or “E. coli Data Analysis (soft-
ware downloads)”; alternatively, the
macroarray section of the site can be ac-
cessed directly at http://www.ou.edu/
microarray/macroarray.htm. Raw DNA
array data, exported from ArrayVision,
are processed in a series of three Excel
workbooks that are used to manually
execute four macros written in Visual
Basic (Table 1). These macros are de-
signed to filter the data and calculate
statistics to allow for further data analy-
sis and interpretation. Detailed, step-by-
step instructions for use of these analy-
sis tools are provided on our Web site.

RESULTS AND DISCUSSION

The workbooks, macros, and sub-
routines used for DNA array data analy-
sis are outlined in Table 1. The subrou-
tines can be run in order individually, or
the macro containing all relevant sub-
routines can be run once to execute all
subroutines. In the following section,we
provide an overview of important statis-
tical considerations, the specific pro-
cessing steps, and outcomes.

Statistical Sgnificance

Various approaches for attaching
significance to DNA array data have
been published, including a simple
“rule-of-thumb” criterion for the value
of the expression ratio (2,20). Some re-
searchers have used the standard devia-
tion from the mean of the expression
ratios as an indicator of confidence
(6,17). Arfin et al. (1) applied the Stu-
dent’s t test to experimental replicates
and considered the P value to be the
most important indicator of signifi-
cance. Richmond et al. (11) combined a
confidence interval obtained with the
Student’s t test and a rule-of-thumb cri-
terion for the expression ratio. Others
prefer to consider the significance of a
single experimental condition based on
the coefficient of variation (18). A
precedent for statistical analysis of ar-
ray data has yet to be firmly estab-
lished, and a standard is clearly needed.
Whatever statistical approach is adopt-
ed, it is essential that DNA array exper-

iments are properly replicated and the
uncertainty that lies behind individual
gene measurements be considered to
attach significance to data sets.

We advocate the use of at least two
replicates of each experimental condi-
tion. Membrane arrays typically have
duplicate spots for each gene, and each
spot is considered to be a separate deter-
mination, providing a total of four deter-
minations for the two replicates. Be-
cause membrane arrays are hybridized
with a single labeled target mRNA and
normalized independently (in effect a
one-color experiment), the variation in
the measurement is at the level of the
raw data, not the measurement of the ra-
tio (unlike the statistical approach that is
popular with two-color microarrays and
involves internal normalization of the
measurements). The uncertainty that
lies behind individual gene measure-
ments can be variously calculated as the
standard deviation of the determinations
or the coefficient of variation. Since we
are usually interested in the statistical
significance of differences between an
experimental condition and a control,
we prefer the Student’s t test as a means
for calculating this probability, based on
the uncertainty of the replicate measure-
ments in both conditions. The Student’s
t test is best applied to natural log-trans-
formed normalized data sets (7). Gener-
ally, a P value of less than 0.05 is chosen
to indicate a 95% probability that the
difference in gene expression between
conditions is significant. However, it has
been pointed out that with very large
data sets (e.g., a bacterium with 5000
genes) choosing a value of P < 0.05
means that there could be up to 250 false
positives in the data set (1). Thus, the re-
searcher is left with two choices: to low-
er the P value to a level where no false
positives are expected (P < 0.0002) or to
consider a second statistical metric that,
when combined with a reasonable P val-
ue (P < 0.05), is an excellent indicator of
significance of a ratio value.

We use the standard deviation of the
mean of the log ratios—within the con-
text of the P value—to indicate signifi-
cant up- or down-regulation of gene ex-
pression. This approach is meaningful
where the expression level of the major-
ity of genes does not change significant-
ly between conditions and where the re-
searcher is interested in genes that show
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substantially different expression. The
standard deviation for the log ratios is
calculated, and only those genes that
differ by more than three standard devi-
ations (99.9% confidence in each tail)
from the mean of the log ratio (usually
zero, or no change) are considered. In
practice, emphasis is placed on those
genes that have expression ratios greater
than three standard deviations from the
mean and have a reasonable probability
of being significantly different between
the conditions, based on a P value of
less than 0.05. Where there are four or

more determinations for each gene, the
P value can be lowered to less than
0.005 with little change seen in the
number of genes that are considered to
vary significantly between conditions.

There may also be situations when
the researcher is interested in changes
in gene expression that are not a full
three standard deviations from the
mean but are still significant (i.e.,
where the differences in gene expres-
sion between conditions are subtle yet
meaningful). In this case the Student’s t
test can be used as the sole measure of

significance, but the P value must be
adjusted to ensure that false positives
are avoided. One approach for this is to
apply the Bonferroni correction that de-
scribes a P value for significance in a
large data set (7). Various strategies for
implementing this correction factor
have been described, and its proper use
is somewhat controversial (14). The
Bonferroni correction effectively low-
ers the P value to a point where false
positives are avoided and consideration
is given only to those genes for which
there is a high degree of confidence in
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Workbook Macro Subroutine Purpose

Image Data Cruncher
AllDataCrunched6

ArvAllSort1 associates array coordinate with spot number
Nameall2 associates spot number with unique identifier for gene
CalcPercentage3 normalizes data by expressing each spot as percentage 

of sum of all spot intensities
Cleanup4 reorganizes data and calculates average values for 

duplicate spots
Statistics5 calculates averages of genomic DNA controls and blank 

spots
2-Replicate-Stats

AllAnalysis8
OrganizebySpotNo1 sorts each of the four data sets individually by spot number
CalculateAverages2 calculates averages of volumes and percentage values for 

the control and test replicates
copyvaluesintoPRaw3 copies and pastes percentage values into a separate 

spreadsheet for calculation of P values
CalculateLn4 copies percentage values into a separate spreadsheet 

and natural log transforms data
CalculatePRaw5 calculates the P value for the raw data by application of 

the Student’s t test
CalculatePLn6 calculates the P value for the log transformed data by 

application of the Student’s t test
CopyAllValues7 copies and pastes data used for ratio calculations into 

separate spreadsheet
Data Analysis

AllAnalysis6
SpotSort1 sorts control and test data sets by spot number
DataSort2 copies data set into spreadsheet used for ratio 

calculations, sorts by total percentage value
ThresholdRatios3 calculates ratio of Test/Control using threshold of tot 

percentage value for 500th lowest gene
Cleanup4 reorganizes data and calculates log (10) of ratio
Stats5 calculates standard deviation of log ratio values and 

correlation between Test and Control
(Manual Step) copy and paste special values Praw and PLn values 

from 2-Replicate-Stats to Data Analysis
MakeDBsheet reorganizes data and copies into separate spreadsheet 

for entry into Access database

Table 1. Useful Purpose of Workbooks, Visual Basic Macros, and Subroutines Used in This Study



the ratio value. In this light, the Bonfer-
roni correction seems to be a reason-
able statistical tool but may be too
stringent for some considerations.

“Image Data Cruncher” Workbook

To begin the data analysis process,
the raw data from an experimental
replicate is copied and pasted into a
blank spreadsheet named “arvdata” in
an Excel workbook named “Image
Data Cruncher” containing the macro
named “AllDataCrunched6” (Figure 1).
The first subroutine in the macro, “Ar-
vAllSort1”, copies and pastes subsets
from the “arvdata” spreadsheet into a
second spreadsheet named “allfields”
that contains information provided by
the membrane manufacturer for associ-
ating the array location with a spot
number that is unique to each target on
the array. The second subroutine,
“Nameall2”, copies and pastes the data
in the “allfields” spreadsheet into a
third spreadsheet that associates the
spot number with a unique identifier
and associated genome annotation in-
formation for each gene.

Differences in spot intensities be-
tween replicate experiments arise from
normal experimental variation, such as
differences in growth conditions, ra-

dioactive nucleotide incorporation effi-
ciency, hybridization conditions, or
image acquisition. To compare experi-
mental replicates (separate cultures) or
technical replicates (same culture and
same RNA sample), the data from each
array must be normalized. The third
subroutine, “CalcPercentage3”, nor-
malizes arrays; if the data are not nor-
malized, then the values for replicate
experiments, when plotted, will not
pass through zero or be directly propor-
tional (Figure 2). Array experiments
can be normalized by expressing each
gene-specific spot relative to an internal
control, if a suitable set of control spots
is present on the arrays. Unfortunately,
the intensities of the genomic DNA
control spots on the Panorama E. coli
membranes vary significantly (data not
shown) and are not reliable for normal-
ization. In the absence of an internal
standard, the preferred approach for
normalization is to express each gene-
specific spot as a fraction of the sum of
all gene spots (n = 4290), a strategy that
at once considers all variables that lie
behind the array image (17,18). The
“CalcPercentage3” subroutine normal-
izes the entire data set, expressing each
spot as a percentage of the sum of all
spots on the array.

The fourth subroutine, “Cleanup4”,

reorganizes the data to facilitate subse-
quent data processing steps. The fifth
subroutine, “Statistics5”, calculates the
averages and statistics for the blank
spots (empty spots between genomic
DNA control spots) and null spots
(empty spots within array). However,
we have not found these values to offer
a reliable means for establishing back-
ground on the array or for empirical de-
termination of a threshold value and
therefore do not use them. The “All-
DataCrunched6” macro in “Image Data
Cruncher” runs all five subroutines at
once and results in a file that contains
the raw data, normalized data, and as-
sociated genome annotation informa-
tion for each gene on the array.

“2-Replicate-Stats” Workbook

The second workbook, “2-Replicate-
Stats”, contains a macro named “All-
Analysis8” that is used to calculate the
probability that the average of the exper-
imental (test) replicates is significantly
different from the average of the control
replicates (Figure 3). The four replicate
data sets are sequentially copied from
the crunched data files, beginning with
the first and then the second replicate of
the control, followed by the first and
then the second replicate of the experi-
mental, and pasted into the “Enter Data
(2 Replicates)” worksheet. The first sub-
routine, “OrganizebySpotNo1”, sorts
the four data sets by spot number, which
aligns the gene-specific data in rows.
The second subroutine, “CalculateAver-
ages2”, calculates the mean of the nor-
malized (percentage) values for the four
spot intensities from each experimental
condition (two spots for each gene per
membrane). The subroutine, “copyval-
uesintoPRaw3”, copies the percentage
values into a separate spreadsheet, and
the “CalculateLn4” subroutine trans-
forms the raw percentage values by the
natural log while copying them to an ad-
ditional spreadsheet.

The subroutines “CalculatePRaw5”
and “CalculatePLn6” are used to calcu-
late the P values for the raw and log
transformed data, respectively, by ap-
plication of the Student’s t test to the
four determinations for each of the con-
trol and experimental conditions. The
last subroutine, “CopyAllValues7”, re-
organizes the data by pasting the data
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Figure 1. “Image Data Cruncher” workbook used to process raw gene expression profile data by
normalizing expression values and assigning gene names to array spot coordinates.



columns to be used in subsequent steps
into a separate spreadsheet named “All
Values”. Once the “AllAnalysis8”
macro is executed, the “2-Replicate-
Stats” workbook serves as an archive
for the raw and normalized data from
the replicates being compared and con-
tains the P values that are associated
with the ratio calculations in the “Data
Analysis” workbook.

“Data Analysis” Workbook

The third workbook, “Data Analy-
sis”, contains two macros. The first
macro, “AllAnalysis6”, is used to cal-
culate the log ratio of the expression
levels in the experimental versus the
control condition (Figure 4). The aver-
age normalized data from the “All Val-
ues” spreadsheet in the “2-Replicate-
Stats” workbook are pasted into the
“crunched data” spreadsheet in the
“Data Analysis” workbook. The first
subroutine, “SpotSort1”, sorts the data
by spot number such that the gene spe-
cific data are aligned in rows. The sec-
ond subroutine, “DataSort2”, copies
the data and pastes them into the “Data-
Analysis” spreadsheet to be used for ra-
tio calculations.

The third subroutine, “ThresholdRa-
tios3”, is used to determine a threshold
value for ratio calculation and calcu-
lates the absolute value of the ratio of
the Test/Control such that genes that
are more highly expressed in the test
condition are given a positive value and
genes that are more highly expressed in
the control are given a negative value.
The threshold value is chosen to repre-
sent the limit of detection of an ex-
pressed gene (i.e., the signal intensity at
which spots are considered to be signif-
icantly higher than the array back-
ground). Any spot intensity that falls
below the threshold value is raised to
that value to obtain a reasonable ratio in
cases where a gene is expressed below
the threshold value in at least one of the
two experimental conditions. Ideally,
the threshold would be determined in-
dependently for each gene, based on
the local spot background and the
known cross-hybridization to other ex-
pressed genes in the sample, but this is
not possible because of the dense pack-
ing of some membrane arrays and the
lack of prior knowledge as to the num-

ber and extent of gene expression in a
given growth condition. These factors
make determination of the threshold
value difficult. We have chosen a con-
servative approximation of the thresh-
old value corresponding to the 500th
lowest expressed gene based on the av-
erage of the normalized expression lev-
els in the two conditions. This thresh-
old value is similar to that obtained by
visual inspection of array images to de-
termine the faintest of gene-specific
spots and is reasonable in light of the
predicted number of expressed genes
based on the number of mRNA species
in the E. coli cell and the arrangement
of genes in operons (1380 mRNAs ×
average 2.5 genes per operon = 3450
expressed genes) (9). Others have cal-
culated threshold values as three stan-
dard deviations above the mean of
“blank” spots (10), which corresponds
to approximately 214 in the example
data set used in this study. If desired,
researchers can write alternative ap-
proaches for threshold determination

into the “ThresholdRatios3” subrou-
tine, or the threshold level can be edit-
ed as described on the Web site.

The fourth subroutine, “Cleanup4”,
reorganizes the data and calculates the
log (base 10) of the expression ratio.
The fifth subroutine, “Stats5”, calcu-
lates the standard deviation of the mean
of the log ratios. The “AllAnalysis6”
subroutine executes all five subroutines
and results in a “DataAnalysis” spread-
sheet that contains the averaged raw and
normalized data, corresponding genome
annotation information for each gene on
the array, and the ratios. The “AllAnaly-
sis6” macro concludes with creation of
two empty columns that are used for
manual pasting of the P value associat-
ed with each ratio calculation from the
“2-Replicate-Stats” workbook. Finally,
the “MakeDB” macro in the “Data
Analysis” workbook can be executed to
reorganize and paste key data columns
into a separate spreadsheet that can be
used for data entry into a suitable data-
base (Figure 5).
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Figure 2. Scatter plot view of normalized (top) and raw (bottom) data showing linearity of experi-
mental replicates for normalized data.



Database Considerations

It is useful to build a database when
multiple time points or multiple condi-
tions are being compared. A sample
Access database called “sampleDB”
can be downloaded from our Web site.

There are two tables in the sample data-
base, one populated with annotation in-
formation such as b# (unique identifi-
er), array coordinate, gene, gene
product, functional groupings, and ac-
cession numbers, and the other table
populated with data generated by the

“MakeDB” macro in the “Data Analy-
sis” workbook. Additional tables can
be created and populated by copying
the table (structure only), editing the
design as necessary, and pasting the ap-
propriate data from the spreadsheets
created by “MakeDB”. Queries are de-
signed by linking tables by b# and can
be run by manipulation of the parame-
ters in query design. The query data can
be copied or exported from Access into
third-party presentation software pack-
ages. There are limitations on the total
number of tables and data elements
supported by Access that make it im-
possible to query more than 20 experi-
ments. The macros and Excel work-
books described here are also suitable
for processing data for entry into more
robust database programs such as
MYSQL or Oracle.

Modification and Adaptation of
Visual Basic Macros

If desired, the macros described
above can be modified in any number of
ways to streamline the process or to
tweak the statistical parameters. This is
most easily accomplished using the Mi-
crosoft Visual Basic Editor within the
Excel workbook environment. For ex-
ample, the threshold value can be adjust-
ed by simply changing the “cell” loca-
tion that is used for the ratio calculation,
or the four macros described here could
be combined in a single workbook con-
taining several spreadsheets. (We have
chosen not to do so because this would
create a very large, complicated work-
book.) More importantly, these macros
can be adapted for use with membrane
systems other than the one described
here. An example of this is the creation
of an analogous set of macros for pro-
cessing of data from Atlas Mouse 1.2
arrays (BD Biosciences Clontech, Palo
Alto, CA, USA). These macros and as-
sociated Excel workbooks are also pub-
licly available on our Web site.

Web Site and Public Access to
Analysis Tools

A Web site has been created for users
to download these analysis tools and pro-
tocols: http://www.ou.edu/microarray.
The protocols on the site describe, in a
simplistic way, the step-by-step imple-
mentation of the analysis tools.
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Figure 3. “2-Replicate-Stats” workbook used to calculate probability by application of the Stu-
dent’s t test, based on uncertainty of measurements determined from replicate experiments, that
gene expression is significantly different between the conditions analyzed.

Figure 4. “Data Analysis” workbook used to calculate gene expression ratios between conditions.



Benefits of Semi-Automated Data
Processing

Our earliest protocol for membrane
array data acquisition and analysis re-
quired more than 10 man-hours for
each experimental replicate (17). Thus,
it was important to automate the data
analysis process to the greatest extent
possible. By taking advantage of im-
provements in commercially available
software and by writing a series of
macros in Visual Basic for semi-auto-
mated data processing in Microsoft Ex-
cel, the time was shortened to 5 min per
experimental replicate. In addition, it is
critical that the possibility of human er-
ror be eliminated when carrying out a
large number of manipulations of mas-
sive data sets such as those involved in
gene expression profiling. The macros
described here effectively minimize the
level of manual data processing by au-
tomating much of the process. The inte-
gration of four macros in three work-
books provides for a significant level of
human supervision of an otherwise er-
ror-free, automated process.
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Figure 5. “MakeDB” worksheet containing selected data columns ready for entry into gene ex-
pression experiments database.


