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Introduction
My aim in this chapter is to summarize some of the
basic informatics and computational tools and tricks
used to manage large and small data sets. This is very
practical ‘bioinformatics.” The scale of this work can
range from a modest stereological analysis of cell
populations in a few dozen cases, to large microarray
databases, through to huge image data sets (see the
chapters by P. Thompson and M. Martone). Most of
us now use spreadsheets such as Excel in some capac-
ity to manage lab data. I hope to show you a few use-
ful tricks for managing large Excel spreadsheets. But
I mainly hope to convince/encourage you that it is
easy and worthwhile to extend beyond disjointed
sets of Excel spreadsheets and to become comfort-
able, even proficient, using a simple relational data-
base such as FileMaker or Microsoft Access. Over
the past few years our group has become completely
dependent on relational databases. Databases have
replaced notebooks and spreadsheets for most lab
work and even for some primary data analysis. The
improvement in lab data handling has been amazing
and initially unrelated files and data set can often be
easily merged. Best of all, our lab data are now acces-
sible using an Internet connection from any comput-
er in the lab or across the world. Internet databases
are obviously far easier to replicate, archive, and dis-
tribute than raw data stuck in a notebook.

Excel and Relational Databases
Bioinformatics is closely associated with genomics
and the analysis of sequence data and maps (see
Chapter 1), but as I mentioned we need to broaden
that definition to include handling information that
is typically generated and processed in laboratories
every day. In the biotech and pharmaceutical indus-
try work of this type is handled by a LIM system (a
laboratory information management system). This
type of everyday “bioinformatics” often starts with
simple decisions about unique case Ids and identifiers
to be used in experiments, extends through to the
organization, use, and security of lab notebooks, and
often ends with the extraction, analysis and archiv-
ing of data and experiments with spreadsheets and sta-
tistical programs. Most of this type of information
handling is taken for granted and many of us (and
especially our mentors) assume that there is not much
room for modification or improvement in the daily
cycle of data generation, analysis, and publication. 

In fact, the efficiency and sophistication of the day-
to-day aspects of data acquisition and handling can
be substantially improved. It is becoming more
important to have a lab database and a web site for
more that just a curriculum vitae and a set of pdf

files. Lab web sites are becoming one of the most
effective ways to communicate results. www.ner-
venet.org provides a good example of how our lab
publishes data on-line. 

In this abbreviated chapter I will make some sugges-
tions about how to move in the direction of using
relational databases to improve lab informatics. The
expense of entering this new sphere is modest and the
gain in scientific efficiency can be substantial. Best of
all, these new tools make collaborative research
across cities and continents much more practical.

Excel: Uses and Abuses
Exposure to practical lab bioinformatics often starts
with Excel. Excel has become a pervasive (almost
obligatory) vehicle for data email exchange. It is also
a very powerful tool for analysis. Not many of us have
read or reread the Excel manual: we usually learn on
the fly. Let me summarize some of the key features:

1. File size
Excel has a limit of 65,536 rows and 256 columns.
That is usually not a problem. Our lab still uses Excel
for some aspects of microarray analysis. You can easily
pack 12,500 rows and 240 columns worth of data into
an Excel file and you can have multiple spreadsheets
in a single file. We have several Excel files that are
about 120 MB in size, and the program runs reliably if
given 300 MB of memory. However, for all but the
smallest projects, it is not a good idea to store data files
long term in Excel. You will hear more about this in
the next section. In brief, Excel is for analysis—not for
archiving and databasing. Running up against the
table size limits of Excel is not hard these days. If you
begin to work with even a single Affymetrix
GeneChip at the cell level (about 500,000 cells/chip)
then you will have to use another software tool (SAS,
Systat, SPSS, S-Plus, Matlab, DataDesk, FileMaker,
MySQL, PosgreSQL, etc). More on this later in the
section on Relational Databases.

2. Transposing Data
It is easy to transpose a data set in Excel (that is,
switch rows to columns and columns to rows). Select
the region of interest and copy it. Then select the
upper left cell of the destination for the transposed
data and use the Paste Special command. There is a
check box labeled “transpose.” Paste Special is a very
useful feature that we use extensively to convert
equations to values. This can reduce RAM require-
ments and speed execution. Keep equations if you
need them permanently for updating. But if you just
want the values, convert equations to values using
Paste Special. You can also transpose values and leave
formats alone.
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3. Merging Complex Tables that Share a
Unique Field is Easy to do in Excel
Let’s say you have an Excel table consisting of 6,000
gene transcripts expressed in the caudate nucleus.
You have another list of 12,000 gene transcripts with
data on neocortex expression sent to you by a col-
league. You want to extract the neocortical values
and align them with the set of 6000 caudate tran-
script values. The problem is that the tables do not
overlap perfectly. The solution is simple. If the two
tables share a common field type, for example an
Affymetrix ID number or a GenBank accession
number, you are in business. Just use the vertical
lookup command as shown in Fig. 1. Excel will help
explain the use, but here is my version of help: open
both files, then add a new column in the Caudate
Table labeled Neocortex. Type in a variant of the
equation that is listed toward the top of the next fig-
ure. These equations have the form: 

=VLOOKUP(CellID, LookupTable, Offset, FALSE)

The CellID (A2 in the example below) is the spread-
sheet cell that contains the unique ID that both
tables share (the Probe set ID 92996_at in this
example). The Neocortex table is just a region that
will be interrogated by Excel to find the single
matching row in the Neocortex table (row 2773 in
the figure); the Offset is an integer that instructs
Excel to copy data from the Nth column to the right
of the ID column. In this case, the offset is 3. FALSE
is a flag that instructs Excel to use only perfect
matches. Make sure that this equation works for the
first few cells in your new column and then copy the
formula down the whole column. You may need to
put dollar signs in front of some cell references to lock
the reference in place so that the definition of the
table does not change as you copy down the column.

4. Excel as a Statistical Analysis Program
Simple statistics (mean, median, average, errors) can
be computed quickly for thousands of rows or
columns of data in Excel. This is an ideal use of
Excel. It is also possible to perform tens of thousands
of t tests in Excel in less than a minute. If you have

NOTES

Fig. 1 Using lookup functions in Excel to exchange selected data from between files. Details of this method are described in
the text. Note the equation at the top of this figure. This equation places new data from the Neocortex database (left side)
into the Neocortex column of the Caudate database (right side).
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ten arrays worth of data (5 wildtype and 5 knockout
array data sets), then you can perform a quick t test
for every transcript using the formula:

=TTEST(WT1:WT5; KO1:KO5, 2, 3)

WT1:WT5 is the range of the wildtype data in a sin-
gle row (five columns worth of values. KO1:KO5 is
the same thing for knockout samples. The parameter
2 instructs Excel to compute the 2-tailed probability.
The final parameter 3 instructs Excel to assume that
the variance of the two groups is not equal. Excel will
return the probability of the t test rather than the t
value. If you have done any array work you will
already be familiar with the multiple tests problem
(see the chapter in this Short Course by Dan
Geschwind and colleagues). An array consisting of
10,000 transcripts should generate about 500 false
positive results with alpha probabilities of less than
0.05; 100 with P <.01; and 10 with a P <.001, etc. If
you plot the P values against their rank order (rank on
the x axis from lowest to highest P values, and the
actual P value or log of the P value on the Y axis),
then you will end up with an interesting plot that can
be helpful to estimate how many false discoveries you
are making at any given P value. (For more on the
Benjamini and Hochberg method of false discovery
rates see www.math.tau.ac.il/~roee/ index.htm).

It is not a good idea to use Excel in place of sophisti-
cated statistics programs. If you are gearing up for
regression analysis, ANOVA, non-parametric statis-
tics, factor analysis, principal component analysis,
then buy one of the many good statistics packages.
SAS, SPSS, StatView, Matlab, and DataDesk are
powerful tools. DataDesk in particular is an amazing
program that makes working with very large data sets
more like a game than a chore. We routinely review
all of our array data with DataDesk and use this pro-
gram to generate draft figures for papers. If you buy
this inexpensive program be sure to work through
the excellent manual. Ample rewards.

5. Excel to Normalize Array Data Sets
This is a good use for Excel. Excel can compute rank
orders: =RANK(TEST_CELL, ALL_CELLS); com-
pute the logarithm base 2: =LOG(VALUE, 2); and
compute the Z-score for a cell: =STANDARIZE
(VALUE, AVERAGE, STDEV). In many of these
formulas you will need to lock one cell reference so
that values do not change when you copy or fill. Use
the dollar sign to lock a reference in a formula, for
example if the cell that contains the average is
C12450, then enter it as C$12450. If you copy down
the column then the reference to the average will
not change. If you copy to the right however, then

the reference may change to D$12450, since the col-
umn letter was not locked. To lock both use the for-
mat $C$12450.

6. Using Excel as a Database Program
Don’t bother. Excel is great, but it is definitely not a
database program. If you have played with the data-
base functions that are built into Excel then you
have all of the experience and motivation that you
need to graduate to one of several much better, more
powerful, and easier to use database programs.
FileMaker Pro and Access are programs with which
you can get comfortable in a few days. Read the next
section for details on the migration to relational
databases.

Moving beyond Excel: Relational
Databases
A Bioinformatic Imbalance
We often do a great job handling the hard problems in
neuroscience and bioinformatics but often neglect to
take care of the simple housekeeping. This imbalance
can lead to serious problems. Imagine a sophisticated
research lab performing hundreds of microarray exper-
iments and generating and processing megabytes of
data every day. Such a lab will almost invariably have
expensive bioinformatics tools (GeneSpring,
SpotFire, etc.) and computer systems for handling
array data. But the same lab may not have a simple
database to track the large number of tissue and RNA
samples that are stored in several freezers. In order to
confirm the sex and age of all of the cases in the array
data base they may have to rummage through a set of
lab note books and Excel spreadsheets. To determine

NOTES

Fig. 2 Internet access to over 50 laboratory databases hosted
on an inexpensive but robust lab computer: a Macintosh G4
running OS X and FileMaker server. The top panel is a partial
listing of some of the related databases, including CageDB
(animal colony), CelloidinDB (histology), EyeDB (eye pheno-
types), DNADB (sample preparation), F2DB (genotypes), etc.
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the size of the litter to which a particular animal
belonged may involve the laborious analysis of animal
cage cards kept in a shoebox in the animal colony. It
may not be practical to determine even after an inter-
val of a few months which of several investigators, stu-
dents, or technicians extracted the RNA; did they use
Trizol or RNAStat? 

These examples highlight a problem in the typical
application of bioinformatics. We tend to think of
bioinformatics as high level analysis that is applied
at the final stages of preparing papers for publication.
The bioinformatic tools enter ex machina to the res-
cue. Most of us run microarrays and then learn how
to apply sophisticated statistical methods to parse
and interpret patterns of gene expression change.
Bioinformatics should actually be built into a labora-
tory from the ground up. Data should ideally flow
from one stage and level to the next without the
need to transcribe or reformat. Below is one example
that describes how to accomplish this transformation
in your laboratory information management.

The Limits of Spreadsheets
In 1994 we began a series of experiments with the
aim of estimating the population of retinal ganglion
cell axons in the optic nerves of several hundred
(now over a thousand) mice. For each optic nerve
we typically counted 25 electron micrographs and
entered the counts per micrographs and per case in a
single row of an Excel spreadsheet. We calculated
means and standard errors for each nerve and row of
data. There seems to be no significant downside to
this simple system. 

There were a few minor problems that in aggregate
became serious and that illustrated the inadequacy of
using Excel as a research database. How does one
handle right and left optic nerves when both sides
are counted? That seems simple; just enter the two
sides in separate rows. The consequence is that some
animals were represented on two rows, whereas the
majority are represented on one row.

A second problem was that every time we added data
for a particular strain we had to rewrite some of the
Excel formulas used to compute strain averages. It
became awkward to maintain both individual data
and strain averages in a single spreadsheet.

A third problem was keeping track of the latest ver-
sion of the spreadsheet. As many as three investiga-
tors were working on the spreadsheet each day, and
it was difficult to track versions and to make sure
that information was accumulated and collated cor-
rectly. This was a pain to do especially after the
Excel file grew to a large size.

A fourth problem involved the integration of other
data types into the spreadsheet. When we were writ-
ing up our results it became obvious that we would
need to consider variables such as brain weight, age,
sex, body weight, and litter size as potential modula-
tors of retinal ganglion cell axon number.

NOTES
Box 1: Good reading  and 
reference
Biological sequence analysis: probabilistic models of
proteins and nucleic acids (1998) by R Durbin, SR Eddy,
A Krogh, G. Mitchison. $35. The standard text on
sequence analysis; the core topic of bioinformatics. You
can take a tour of the first 23 pages of this book at
Amazon.com.

Bioinformatics, a practical guide to the analysis of
genes and proteins 2nd ed. (2001) edited by AD
Baxevanis, BF Francis Ouellette. $70. Provides an overview
of common resources and an introduction to Perl. The
main drawback is that practical web-based bioinformatics
is moving so quickly that revisions are needed quarterly. A
careful reading of NCBI on-line documentation will cover
much of the same ground. But if you need hardcopy for
bedtime reading...

Bioinformatics, the machine learning approach 2nd
ed. (2001) by P Baldi, S Brunak. $50. A more conceptual
companion to the Practical Guide. Most of the
Amazon.com reviews are favorable, but I have to agree
that the coverage of topics I know best (array analysis) is
of uneven quality. Chapter 13 includes an armada of web
resources for molecular bioinformatics that is still useful.

Biometry, 3rd ed. (2001) by RR Sokal, FJ Rohlf. $96. This
is one of the best first courses you can take in statistics.
Full of fine examples. Were you aware that the standard
deviation is a biased estimate and is usually too low (p.
53)? This book does not have statistical tables.

Data reduction and error analysis for the physical sci-
ences. 2nd ed. (1992) by PR Bevington, DK Robinson.
$50. Predates bioinformatics but if you want an absolute-
ly lucid presentation of the foundations of data analysis
with lots of practical advice and code snippets this is the
right Short Course. Includes some of the statistical tables
missing from Biometry.

Applied Multivariate Statistical Analysis, 5th ed
(1998) RA Johnson, DW Wichern. $105. This volume is a
classic but rigorous coverage (“more equation than
words”) that covers the mind-bending world of multivari-
ate analysis. SK Kachigan wrote a much more accessible
and shorter text: ($30, Multivariate Statistical
Analysis: A Conceptual Introduction). LG Grimm and R
Yarnold assembled a collection of solid and accessible
chapters in Reading and Understanding Multivariate
Statistics ($21) that gets strong reviews on Amazon.

Fundamentals of database systems 3rd ed (200) by R
Elmasri, SB Navathe. $70. A thorough textbook that will
introduce you to the theory and practice of implementing
database systems.
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Unfortunately, these data types were scattered in
several other databases. We diligently transcribed
data from cage cards and other small Excel databases
and lab notebooks into our optic nerve spreadsheet.
This transcription was associated with the introduc-
tion of many transcription errors and every new case
that we added required us to transcribe data from 2–4
other notebooks. 

The Solution
The solution was obvious but seemed both risky and
impractical: convert our entire laboratory to a rela-
tional database management system and begin to
enter and reenter all data into a set of interconnect-
ed database files or tables. The idea was to eliminate
laboratory notebooks and spreadsheets as much as
possible. The process began in the animal colony and
extended through to post publication databases that
are now on-line. 

What is a Relation? 
The key feature of a relational database is that it con-
sists of an often large number of small tables of data
that are linked using key ID fields (for example the
Probe_set_ID field in the previous example). 

Instead of trying to cram all data types into a single
unwieldy table (the Excel model), the idea is to parse
data into more manageable and logical pieces. The
structure or scheme of a whole lab database system is
then defined in large part by how information flows
between and among the various tables. In the context
of an animal colony, rather than having a single com-
plex ColonyDB table, it is related tables: CageDB, a
RackDB, an AnimalDB, more effective to break up the
data types into four smaller LitterDB. These four tables
would all be linked by relations and key fields. For
example, each cage in the CageDB has a Rack_ID.
The relation provides a conduit for information flow

NOTES

Fig. 3 Example of a one-to-many relation being used to track and analyze microarray data. The primary database table con-
tains 12,422 records, each of which corresponds to a unique Probe Set ID (94733_at in this case). Each probe set, in turn,
relates to 16 perfect matches held as individual records in a second lower-level database table-- the Probe Sequences that are
shown in the lower panel. Selecting the Link to Ensembl button (right side) opens a window on the www.Ensembl.org mouse
sequence web site. Apparently complex databases of this type are simple to make using FileMaker.
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and display. A very important idea in relational data-
bases design is to minimize redundant data among the
related tables. Ideally, all data only are entered into the
single most appropriate table. You do not want to have
to enter the sex and age of an animal more than once.
A perhaps counterintuitive example: birth data would
typically be entered into the LitterDB, not the
AnimalDB. The AnimalDB would inherit the date of
birth data by following the relational trail between a
specific animal and the litter to which it belongs.
Minimizing data redundancy actually improves the
data integrity of the system. You won’t end up with
animals that have two or more different dates of birth. 

The organization of your database and how you view
and work with the data are two separate issues. Don’t
confuse the underlying database structure with the
database interface. For example, the form illustrated
in Fig 3, actually displays data from four different
tables and makes use of relations that rely on the
Probe Set ID, the Gene Symbol, the Locus Link ID,
and the GenBank accession number. The layout of
the form can be changed in a matter of seconds to
simplify data entry or viewing. Once the right rela-
tions have been made it is also simple to compute
new values and new field types based on data in a
multitude of different tables. You can export and
print data from any and all of the tables, and you can
compute new data types across the tables. 

Choosing a database is a important issue since you will
probably have to live with, manage, and pay for
occasional upgrades of software for a long time. The
choice is not irrevocable, but migrating from one
database to another can take months. Even a “sim-
ple” upgrade can take weeks.

We considered and experimented with a few alterna-
tive relational database programs, including
Microsoft’s Access, FileMaker Pro, Helix, Acius’s
4D, and Panorama. FileMaker was our final choice
because of the ease of implementing complex and
visually self-explanatory tables and relations. It lacks
many sophisticated features expected on enterprise
products like Oracle 9, but that is not what we need-
ed. FileMaker now has strong support for Macintosh,
Windows, and Linux platforms. Upgrades have kept
pace with technology without sacrificing ease of
implementation. The interface with Excel is also
smooth, making FileMaker an easy upgrade to a rela-
tional database system. 

FileMaker vs. MySQL
We have compared the efficiency of implementing
database systems in FileMaker and a free and power-
ful relational database called MySQL (Fig. 4). The
Mouse Brain Library (www.mbl.org) was originally
implemented as a FileMaker database in just under
two weeks by a high school senior with strong pro-

NOTES

Fig. 4 Internet implementations of the Mouse Brain Library
(www.mbl.org) using FileMaker or MySQL The MBL in con-
cert with the iScope, and a collection of C++ and CGI-like
web interface programs deliver images that range in resolu-
tion from whole slides (top), down to ~0.2 microns per pixel
per slide. The iScope is an Internet-driven microscope that
can deliver Z-axis image stacks in color and at sizes up to
1280x960 pixels. These stacks are suitable for high-resolution
on-line high-resolution stereology.
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gramming skills. This web-accessible database has
performed admirably for several years with almost no
unintentional downtime and now accommodates a
wide variety of images for approximately 3000 histo-
logical slides and over 200 strains of mice. The
Internet interface was not difficult to implement in
FileMaker and allows rapid searches by genotype for
acquisition of images. 

Once we had built and full tested the FileMaker ver-
sion we then decided to replicate the entire system
using a free and powerful relational database called
MySQL on a Linux platform. This free implementa-
tion took a skilled database programmer just over 3
months. That is not atypical for MySQL. However,
replicating the MySQL implementation from one
site to another site took less than a week. The moral
is that if you want to maximize efficiency of time and
ease of implementation then use a database system
that has a strong and logical interface and high-level
graphical interface tools. In contrast, if you want to
provide a free system for use by a broader community
then either convert to MySQL or PostgreSQL (both
open source databases that run on most major operat-
ing systems: see www.mysql.com and www.us.post-
gresql.org). If speed is a major consideration (lots of
array files), then MySQL is now a faster database
management system than PostgreSQL or FileMaker.
For a cogent comparison of these DBMS see
www.webtechniques.com/archives/2001/09/jepson/.

A Precaution
There is a certain macho urge to use the most robust
heavy-iron commercial program you can get your
hands on as part of a laboratory database system.
Oracle, Sybase, and similar high-end systems are
intended primarily for mission-critical 24:7 activity
(student records, payroll, etc.). Experts on databases
generally know these systems well, and they gen-
uinely think they are being helpful by recommend-
ing Oracle with its sophisticated transactional pro-
cessing. But Oracle and Sybase are a mismatch for a
typical laboratory. Research and lab databases need
to change on a weekly basis. The layout of fields for
data entry may change on a daily basis. Local con-
trol, speed, and mobility are far more important than
processing speed or high-level feature sets. Don’t go
hunting with a tank. You need to know how to make
changes to the structure of your tables, in the layout
of your entry forms, and how to efficiently export
data for downstream statistical analysis. A strong
point in favor of Excel is its transparency, and you
don’t want to lose that advantage when moving to a
relational database. You need to retain full control of
your own data. 

Security
Backing up and making weekly permanent archives
are both critical. The difference between a backup
and an archive is that the backup is volatile on a
daily, weekly, or monthly basis and will be overwrit-
ten at some point. In contrast, archives are intended
to be as permanent as possible. Even the simple sys-
tems such as FileMaker Server Edition will backup

NOTES

Fig. 5.Gene to protein synopsis taken from the Google image archive (source: Rockefeller Univ.)
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on any schedule you would like. Archiving to CD or
DVD at the end of the week is a new obligation that
needs to be taken seriously, but that would be true no
matter what system you use. 

Acknowledgments
This work was supported in part by grants from the
Human Brain Project (MH 62009). I thank my col-
leagues Drs. Lu Lu, David Airey, Glenn Rosen, Mel
Park, Elissa Chesler, Ken Manly, and Jonathan
Nissanov. Special thanks to an extraordinary group
of programmers: Tony Capra, Michael Connolly,
Alex Williams, Nathan Laporte, Arthur Centeno,
and Yanhua Qu. 

Please cite as:
Williams RW (2003) Managing your lab data flux: getting
beyond Excel. In: The Bioinformatics of Brains: From
Genes and Proteins to Behaviors. (Williams RW, ed) pp.
83–92. Washington: Society for Neuroscience.

NOTES


