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popular exercise in many cor-

porate training courses goes

something like this: The class

members are asked to imagine

that in one of the company of-
fices is a fine antique French desk, re-
cently purchased for $20,000. On top of
the desk sits a brand-new laptop com-
puter, complete with all the bells and
whistles, that cost $3,000, along with a
diskette that cost $1. The diskette con-
tains the only known list of the
names and purchases of the or-
ganization’s fifty largest cus-
tomers. Now, each trainee is
told, a fire has started and the
trainee can save the desk, the
computer, or the diskette—but
only one of the three. Which
should be saved?

Naturally, almost everyone
in the class chooses to save the
diskette. They all immediately
recognize that it is not the
diskette that is worth saving
but rather the data that it con-
tains. Almost everyone intu-
itively concurs that the data are
worth more than $20,000. The
exercise illustrates a point that
most people understand but
don’t think about too often:
that data are an extremely im-
portant asset. When people do think
about this, everyone realizes that the or-
ganization with the best data wins wars,
crafts the best strategies, makes the best
decisions, knows the most about cus-
tomers, and keeps costs down.

Despite this realization, the quality of
most data is extremely low. Poor-quality
data come in many forms—missing, late,
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and incorrect data are obviously of poor
quality. So are poorly defined data, data
thatare difficult to interpret, and data that
are “not quite relevant” to the task at
hand. The list can go on and on. Con-
versely, the goal is to have the right (and
correct) data in the right place at the right
time so that people can complete opera-
tions, make decisions, and plan.
Poor-quality data are the bane of busi-
ness and government. Do bad data plague

academia as well? A quick search of the
“bad data quality makes the news” file
turned up numerous examples:

m Incorrect test scores and the resulting
impact on students

m Misclassifications of students in ways
that lead to the misinterpretation of
statistical results

m Incorrect and missing data, causing
the misallocation of funds

m Miscommunication of acceptance
decisions

m Concerns about grade inflation and
the interpretation of an “A”

Of course, examples from outside aca-
demia have made even bigger headlines.
Indeed, poor-quality data lie at the root of
issues that have captured international
attention and will not let go.
Two examples suffice. First, as
this is written, a U.S. congres-
sional commission is investi-
gating the 9/11 disaster. Some
speculate that had the FBI and
the CIA shared data, they
could have pieced together the
clues and prevented the Sep-
tember 11 attacks. In the sec-
ond example, a simple data
error resulted in a mismatched
heart and lungs being mis-
takenly transplanted into
seventeen-year-old Jésica San-
tilldn, eventually killing her.
Unnamed others who might
have received the organs given
Jésica, but who did not, may
have died as well.

Fortunately, most data-
quality issues don’t make the
front page. But virtually every organiza-
tion is bedeviled by bad data—increasing
costs, angering customers, compromising
decisions, and making it more difficult
for the organization to align departments.
One study estimates the costs to U.S. busi-
ness at over $600 billion per year for cus-
tomer data alone.!

These examples are particularly
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timely in light of Nicholas Carr’s Does IT
Matter? The book follows up on his con-
troversial essay “IT Doesn't Matter,” pub-
lished in the May 2003 issue of Harvard
Business Review.> Whether or not one
agrees with Carr about the future of in-
formation technology, one must agree
that data quality demands greater atten-
tion. But what should college and univer-
sity IT leaders—already beset by the nu-
merous and conflicting demands of
researchers, educators, administrators,
and students—do about data quality? In-
deed, why should they care? Aren't data
the purview of others?

There are no easy answers to these
questions. Many factors influence the
course of action that any organization
should take. However, three simple steps
can help lay the framework for an overall
data-quality strategy.

The first step is to ask some rather
basic questions:

m How much data does the organization
have, how fast is it creating new data,
and how many redundant copies are
there?

m Which data are most important?

m Are there policies that define who is
(or which departments are) account-
able for these most important data?
Are these policies adhered to? (Note:
most people assume that the answer to
the first question is “the CIO?)

m Are the data of high quality?

m Are sufficient precautions in place to
ensure that data are kept secure, held
private, and cannot be manipulated?

If the answer to all these questions is
“Yes," there is probably no need to take
the next step. But if the answer to any
question is “No," the second stepisto geta
feel for data quality. It is usually best to do
a “deep dive” into a couple of problems.
One area that often proves fruitful is
billing data. Incredibly, many organiza-
tions don't bill for all they are owed. The
reasons are numerous (too many cus-
tomers to bill, too many departments
contributing charges, too many systems
that don't talk to each other), intertwined
(poorly defined processes and unclear ac-
countabilities), and apparently paradoxi-
cal (after all, we are talking about money!).
Discovering and sorting the reasons will

offer a window into the joys and perils of
data-quality management.

One of the more fascinating perils is
confusing “data” and “IT” Versions of the
following occur with stunning frequency:
“The BS [billing system] has screwed up
financial aid once again. We'll have to get
that new ES [enterprise system]” But the
system is not the root cause of poor finan-
cial-aid data, and a million-dollar “solu-
tion” misses the point. A recent case study
involving Stanford University illustrates
how a misalignment between “systems”
and “process” can prove costly:?

The third step is to conduct an im-
provement exercise. Many colleges and
universities offer courses on quality im-
provement, Six Sigma, or manufacturing
excellence. The techniques taught in
these courses are directly applicable to
data. It is important to pick an area that is
big enough to matter but not so large as to
be intractable. The aforementioned area
of billing data is often a good choice. In-
terestingly, those who are billed are adept
at finding instances of overbilling and at
demanding corrections, but almost no
one notices (or points out) underbilling.

So, improving billing data often has the
direct result of reducing underbilling.
Best of all, the improvements go right to
the bottom line.

These three steps will not solve the
data-quality problem. But they will help
give colleges and universities enough
background to craft a strategy for doing
so. After all, it is the $1 diskette that needs
to be saved from the fire.
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