
An Empirical Investigation 
Nonexpert peer-based knowledge refinement, 
it turns out, is just as helpful as expert-centric
knowledge refinement for improving the quality 
of results. 

COMMUNICATIONS OF THE ACM March  2008/Vol. 51, No. 3 83

Knowledge management (KM)
repository-based systems (such as
those involving “best practices”
and “lessons learned” applica-
tions) are generally costly to oper-
ate since they require expert
judgment to determine which
knowledge submissions are to be
included in the system and
refined to make them as effica-
cious as possible. 

Empirical evidence in cognitive
psychology suggests that experts
may not be needed for such refine-
ment when the knowledge con-
sumers are nonexperts. The
knowledge “distance” between
experts and nonexperts may

indeed weaken expert-centric
knowledge refinement. In addi-
tion, peer judgments delivered to
nonexpert end users may substi-
tute well for expert judgments.
Multiple peer judgments, espe-
cially when provided through
computer-supported knowledge-
refinement systems, may be much
less costly and just as good or per-
haps even better than expert judg-
ments, since peers are likely to
think more like nonexpert users. 

A computer-support system is
helpful for facilitating peer-based
knowledge refinement, since more
peers than experts are probably
required for peer-based refinement
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to be effective. Here, we present the results of an
experimental study we conducted and a corporate
application that confirm our hypothesized equality or
superiority of peer-based knowledge refinement com-
pared to expert-centric knowledge refinement. We
make no attempt to compare the actual costs of using
individual experts vs. multiple peers; we address only
the issue of comparing the quality of the results of the
two options. 

Knowledge repositories are KM systems that play a
crucial role in extending organizational memory, pre-
venting organizational forgetfulness, and leveraging
competitive advantage. When an organization solicits
knowledge from its employees, it must evaluate the
submitted knowledge and refine it into a form that is
most useful for system users. A traditional assumption
in the knowledge-refinement process suggests that
experts “provide a framework for evaluation and
incorporating new experiences and information” [5]. 

However, when the users of a repository-based KM
system are nonexperts, the knowledge selected and
refined by experts may not necessarily be most rele-
vant or useful to those users. For example, technical-
support staff members usually access
knowledge-repository systems for topics that are unfa-
miliar to them. And scientists and engineers working
on radical innovations often search beyond their own
domain expertise for reusable ideas. They may be
experts in their own domains but are nonexperts
when searching for and evaluating knowledge created
in other domains. 

Research in cognitive psychology suggests that
experts and nonexperts are fundamentally different in
the way they represent knowledge and solve problems
[3]. Experts have plentiful domain-specific knowl-
edge that is highly organized, while nonexperts have
loosely organized knowledge. Compared to nonex-
perts, experts are quicker at detecting problems; they
need fewer cues, access their memory rather than
focus on the task at hand, use heuristics rather than
exhaustive search, recognize data patterns, and use

compiled rules and response plans. 
Paradoxically, experts may also have “spectacularly

narrow” views on knowledge (from the nonexpert
user’s point of view). For instance, a study [1] showed
that in reading and evaluating requirements docu-
ments, better results are achieved when software
developers are able to first explore and absorb the per-
spectives of others (such as testers and users), in addi-
tion to their own. 

One well-known expert behavior is the way experts
tend to underestimate the difficulty of tasks to be per-
formed by nonexperts. Laboratory experiments have
shown that people who know a solution to a problem
tend to underestimate the difficulty others face in
solving it. Similarly, researchers have found that read-
ers with extensive topic knowledge have trouble esti-
mating how well readers with limited topic
knowledge will understand the same topic. 

Experts also tend to overestimate the potential per-
formance of nonexperts, probably because they detect
and diagnose problems on the basis of knowledge
readily available in their memories. Experts were
shown in [8] to overestimate nonexperts’ performance
by underestimating the time the nonexperts needed
for task completion. 

PEER-BASED KNOWLEDGE EVALUATION

When nonexperts code their knowledge into a form
that is later refined by an expert, their knowledge
differences may prevent them from comprehending
the results, even when the refinement is of high
quality. Since experts often anchor the knowledge-
refinement process to knowledge that nonexperts
may not be able to access, such feedback often leads
to misunderstanding by nonexpert users. Moreover,
explanations that are helpful to experts may not nec-
essarily be helpful to nonexperts. 

Contrary to intuition, similarities among peers can
actually facilitate knowledge refinement. When the
intended audience consists of nonexperts, a group of
peers is often better than experts in providing evalua-

THE PROBABILITY OF A SERIOUS PROBLEM 
BEING DETECTED INCREASES AS THE NUMBER OF 
PEER REVIEWERS GROWS. 



tions and feedback on peer-developed materials. Peers
are more likely to share knowledgebases, experience,
and problems; such socially shared cognition enables
them to establish common ground that stimulates
development of mutual knowledge, along with an
error-correction mechanism. Because peers are closer
to one another cognitively and behaviorally, they bet-
ter understand what they need in a codified piece of
knowledge than do experts. 

The apparent superiority of peers is presumably
due to nonexperts being better at detecting or diag-
nosing problems that are relevant to their peers. They
are more accurate than experts at understanding other
nonexperts’ problems because they use more cues and
more exhaustive search strategies and do not restrict
themselves exclusively to private knowledge. These
qualities are likely to make nonexperts more adept at
coaching their peers in problem solving. 

Peer benefits are augmented through the interac-
tion of multiple peers. The value of multiple peers was
recognized in [10], observing that large groups of
average people can make better decisions than those
made by a single expert when they contribute diverse
unbiased opinions. When multiple peers participate
in knowledge refinement, the aggregated benefits can
be significant. One possible reason is that multiple
peers create a larger search space for potential prob-
lems in the target knowledge; more reviewers find
more problems. Also, multiple peers can make a seri-
ous problem in the material more salient for the con-
tributor. The probability of a serious problem being
detected increases with the number of peer reviewers.
When more than one reviewer points out the same
problem, the contributor has more reason to take the
comment seriously. Moreover, multiple peers counter-
balance idiosyncratic biases from individual reviewers,
making the refinement process even more reliable. 

PEER-BASED REFINEMENT SYSTEM

Here, we describe peer-based knowledge refinement
supported by a system described in [4]. Because
knowledge is usually submitted in the form of a doc-
ument, the system facilitates the processing of docu-
ments (such as those submitted to best-practice
repositories). First, knowledge needs are solicited
and potential contributors asked to submit knowl-
edge in, say, the form of proposed “best practices”
they have developed for a particular procedure,
method, or problem. The first drafts authors submit
to the system serve as raw material for the refinement
process; the system identifies a diverse set of nonex-
pert peers to serve as reviewers for each submitted
draft. The contributors’ identities need not be
revealed. 

Peer reviewers make qualitative, then quantitative
assessments of each submission on the basis of multi-
ple criteria; for this study, the reviewers used flow,
logic, and insight as the criteria. They submitted writ-
ten comments on each of the dimensions. They also
rated the quality of each draft on a seven-point scale,
with 0 the lowest and seven the highest. After the sys-
tem collected all evaluations from the reviewers, the
system integrated them and computed quality mea-
sures for each knowledge submission, as well as the
reliability of the individual reviewer evaluations based
on built-in reliability-estimation algorithms. At this
point, drafts were “stamped” with these initial quality
measures based on aggregated ratings (weighted by
the computed reliability). The system provided
authors with reviewer comments, as well as quantita-
tive quality measures, based on which submitters
revised and resubmitted the knowledge document.
Each contributor was also able to evaluate the help-
fulness of each reviewer’s feedback in terms of refining
the document. 

During the final stage, reviewers from the first-
round review process read the revised drafts and gen-
erated another round of written comments and
ratings the system again used to compute quality mea-
sures for the final drafts and reviews. In addition to
evaluating the documents, the reviewers determined
whether they qualified for inclusion in the repository.
Again, contributors assessed the usefulness of these
second-round reviews. Synthesizing reviewer recom-
mendations, two rounds of reviews, and contributor
evaluation of review quality, the system selected the
most valuable documents to be stored in the reposi-
tory in which contributors and reviewer identities are
revealed, recognizing their contribution. 

EXPERIMENTAL STUDY

Our empirical study, conducted at the University of
Pittsburgh, simulated the knowledge-refinement
process in an experiment that allowed us to observe
the relative impact of experts vs. peers on the quality
of codified knowledge intended for use by nonex-
perts. We compared quality improvement in techni-
cal reports refined by feedback from a subject-matter
expert, a nonexpert peer, or multiple nonexpert
peers. The subject-matter expert was an academic
scholar with a Ph.D. and social-science expertise.
The nonexpert participants were 28 undergraduate
students with an average of 3.4 college years enrolled
in a social science course not taught by the expert
but covering a portion of the expert’s domain knowl-
edge. 

Individual participants wrote and revised drafts
that partially fulfilled the requirements of the course.
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The same participants, serving as reviewers and refin-
ers, evaluated six peers’ first and revised drafts. Prior
to the experiment, participants were tested on basic
document-generation skills. Based on the scores, they
were matched into blocks, then randomly assigned to
one of three feedback source conditions: single expert
(SE), single peer (SP), and multiple peers (MP). In
the SE condition, the author received only the
expert’s review. In the SP
condition, the best review
of the six nonexpert
reviews was selected and
made available to the
author. And in the MP
condition, participants
received all six peer reviews
but not the expert review.
To minimize bias, the par-
ticipants were blind to
reviewer identities and sta-
tus, whether their docu-
ments were evaluated by
nonexpert peers or by an expert, contributor identity,
and who could receive reviewer feedback. The partic-
ipants were all told that the anonymous reviewers
alone would determine the quality of their submitted
documents. 

About three months after the experiment, the
expert reevaluated 30% of
the same documents (ran-
domly selected). There
was significant agreement
between the expert’s first
and second evaluations,
showing strong test-retest
reliability. A second expert
then independently evalu-
ated the expert and nonex-
pert evaluations while
being blind to the source
of evaluations and showed
a statistically significant
correlation with the
expert. 

After being assigned to
experimental “treatments,” the course instructors
introduced the participants to the system. All remain-
ing procedures were managed online by the system.
On the system’s prompt, all participants submitted
their first drafts online by the same date. Each partic-
ipant then received six drafts (randomly selected by
the system). At the same time, the expert reviewed all
the drafts. The expert and nonexpert reviewers
assessed the drafts on the three evaluation dimen-

sions: flow (document readability, emphasizing orga-
nization and overall composition); logic (the degree to
which the arguments presented in the document were
supported by evidence); and insight (whether the
document provided innovative ideas that indicate cre-
ativity). 

Even though each document received one expert
and six peer reviews, only some of the reviews were

made available to each of
t h e c o n t r i b u t o r s ,
depending on the experi-
mental condition. After
receiving feedback, each
participant submitted
revised drafts, evaluated
the helpfulness of the
feedback, then received
the second reviews on the
revised drafts. Contribu-

tor evaluations of these reviews were not available to
the reviewers. 

RESULTS OF THE EXPERIMENT

We assessed the differences in the impact of expert-
based vs. peer-based knowledge refinement through
a two-way mixed ANOVA on quality improvement
from first to second drafts as measured by expert
evaluations. Simple main-effect analyses revealed

that flow in MP was sig-
nificantly better than in
SE and SP, that logic was
the same across all condi-
tions, and that insight in
MP was significantly bet-
ter than in SE (see Figure
1). Documents reviewed
by multiple peers
undergo significant qual-
ity improvement in both
flow and insight. This
result supports our

hypothesis that knowledge distance between experts
and nonexperts may hinder knowledge refinement
and our hypothesis that knowledge refinement ben-
efits from multiple peer feedback. The effect was
particularly strong on the insight criterion, suggest-
ing that multiple peer reviews are likely to stimulate
creative ideas. In addition, peers judged expert and
peer feedback as equally helpful, while experts
judged expert feedback as more helpful than peer
feedback, suggesting that when the target audience
consists of nonexpert users, nonexpert refiners are
just as helpful as expert evaluators (see Figure 2). 
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Figure 1. Quality improvement with standard error bars.
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Figure 2. Expert and Novice Perception on
Expert and Novice Feedback.
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REAL-WORLD APPLICATION

We verified these experi-
mental findings with data
we collected from an IT
consulting firm in Korea
that had implemented a
procedure enabling peer-
expert comparisons in its
customer service process.
It asked customers to eval-
uate answers (“thumbs
up/satisfactory” or “thumbs
down/unsatisfactory”) pro-
vided by customer service
representatives. Answers to
customer questions in an
existing database were provided by either expert
designers or programmers. Out of 245 answers, 134
(55%) were refined by peers, and 111 (45%) were
refined by experts before customers received responses.
Among the 162 (66%) rated by customers, 116 (71%)
were voted satisfactory and 28 (46%) unsatisfactory.
Meanwhile, 79% of the peer-refined responses were
satisfactory, and only 62% of the expert-refined
responses were satisfactory (see Figure 3). In contrast,
21% of the peer-refined responses were unsatisfactory,
whereas 38% of the expert-refined responses were
unsatisfactory. These differences are statistically signif-
icant, giving further credibility to the generalizability
of the results of our experiment. 

RESULTS

Our study represents one of the first attempts to
empirically investigate properties of the knowledge-
refinement process. The results show that, as we
hypothesized, the knowledge “distance” between
experts and nonexperts impaired expert-based
knowledge-refinement, while the close knowledge
distance among peers facilitated knowledge refine-
ment. 

Considering that the work of experts is rarely done
without time constraints, expert-based knowledge
refinement may be worse. Experts under time pressure

often default to such typ-
ical expert behaviors as
using fewer cues than
nonexperts to build task
representations. They
exhibit these behaviors by
activating existing task
schemata in memory. By
relying more on their
expert instincts under
time pressure, experts
may be less likely to take

the time to consider the nonexpert’s perspective. 
Computer-supported peer review systems offer

what may be a more financially affordable option.
Contributors and reviewers alike may be rewarded for
their service by publishing their names when their
knowledge is selected for inclusion in a repository.
Thus, contributors and reviewers alike enjoy substan-
tial social rewards (such as citation credit and peer
approval). This was observed in an informal knowl-
edge repository in a software development firm [6]
and is a well-known characteristic of the Linux virtual
development team [9]. Over time, such repositories
enable development of reputation systems, helping
users assess likely knowledge relevance and quality. A
similar reputation system at the group level has
directed user attention to high-quality content in an
electronic document database [7]. 

A peer-based knowledge-refinement process
designed to help users assess content quality should
gradually build trust as a result of the creation of a vir-
tual community. When a large number of documents
is available in such a repository, the system becomes a
knowledge market that competes for the reader’s lim-
ited attention [7]. Systems allowing users to inspect
feedback from other users may help maintain trust in
the repository in a way that’s similar to the way online
merchants (such as Amazon.com and eBay.com)
establish consumer trust through a peer-feedback
mechanism. 

Peer-based knowledge refinement makes it possible
for organizations to establish reward systems for both
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Figure 3. Customers satisfaction ratings of answers
refined by experts and by peers .
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WHEN THE TARGET AUDIENCE CONSISTS OF 
NONEXPERT USERS, NONEXPERT REFINERS ARE JUST 
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knowledge codification and refinement. Such systems
may use extrinsic incentives, as well as social reputa-
tion rewards, to motivate employees to participate in
knowledge refinement. Employees rewarded through
this process may be more likely to use knowledge
from the repository system for their own tasks. These
benefits may explain the success of peer reviews (such
as software pattern writers relying on peer discussions
when writing up patterns).
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