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Objective: This study developed and tested a computer method to
automatically assign subjects to aggregate work groups based on their
free text work descriptions. Methods: The Double Root Extended
Automated Matcher (DREAM) algorithm classifies individuals based
on pairs of subjects’ free text word roots in common with those of
standard classification systems and several explicitly defined linkages
between term roots and aggregates. Results: DREAM effectively analyzed
free text from 5887 participants in a multisite chronic obstructive
pulmonary disease prevention study (Lung Health Study). For a test set
of 533 cases, DREAMs classifications compared favorably with those of
a four-human panel. The humans rated the accuracy of DREAM as
good or better in 80% of the test cases. Conclusions: Automated text
interpretation is a promising tool for analyzing large data sets for
applications in data mining, research, and surveillance. Work descrip-
tive information is most useful when it can link an individual to
aggregate entities that have occupational health relevance. Determining
the appropriate group requires considerable expertise. This article
describes a new method for making such assignments using a computer
algorithm to reduce dependence on the limited number of occupational
health experts. In addition, computer algorithms foster consistency of
assignments. (J Occup Environ Med. 2007;49:41–49)

T raditional approaches using narrowly
focused questionnaires are difficult
to apply in community-based studies
because work is commonly very di-
verse and because of frequent job
changes. Often, a three-stage process
is used: 1) a database is created with
information about exposures typical
of broad aggregate groups; 2) an
individual is assigned to a work
group; and 3) exposures typical of
the work group are linked to the
individual. For example, personnel
records may be used to determine
that an individual is a welder; then, a
job exposure matrix that contains
exposures typical of welders assigns
exposures to the individual. The al-
ternative approach of using subjects’
free text work descriptions allows
diverse input but usually requires
complex job exposure matrices and
expensive classification by profes-
sional experts.1

This article describes the develop-
ment and initial evaluation of a com-
puter-based algorithm—Double Root
Extended Automated Matcher
(DREAM)—for automatically inter-
preting free text to classify individuals
into work groups to accomplish the
second step. This approach is funda-
mentally different from methods used
in other computer systems.

Materials and Methods
Data were derived from partici-

pants in the Lung Health Study, a
multisite smoking cessation and bron-
chodilator administration trial for per-
sons with early chronic obstructive
pulmonary disease (COPD).2,3 The
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subject group was comprised of 5887
subjects who participated in 10 clin-
ical centers in North America (nine
in the United States, one in Canada).

The participants answered several
occupational questions at baseline;
these included three questions that
allowed free text responses: job, in-
dustry or field, and title. These were
asked for both “current/most recent”
and “usual” occupation. Data de-
scribed in this article are from the
“current/most recent occupation”
responses.

The responses to the three specific
questions were concatenated (joined)
for analysis purposes. A detailed de-
scription of the lexical analysis
methodology can be found in another
paper.4 The lexical analyzer reduced
words to their roots (morphemes)
(eg, “nursing” 3 “nurs”) and then
created a list of roots and pairs of
roots for each subject. A method to
assign individual subjects to mean-
ingful work aggregate groups was
developed as follows.

Terms and numeric codes used in
the North American Industrial Classi-
fication System (NAICS)5 and Stan-
dard Occupational Codes (SOC)6

systems were examined to develop ad
hoc groupings based on continuous
numeric codes. Using an iterative
manual process, groups were modified
and combined to create 61 work
groups (WGs). The selection process
was based on the investigators’ knowl-
edge of exposures suspected of associ-
ation with lung disease. In addition,
group selection was facilitated by anal-
ysis of terms in common in NAICS
and SOC descriptions. The selection of
the 61 groups was affected by the
investigators’ intention to use the
method for an epidemiologic study of
COPD. In addition, they considered
statistical issues to guide the degree of
“granularity” (ie, number of classifica-
tion groups). Different aggregate
groups might be selected by investiga-
tors evaluating musculoskeletal inju-
ries with a much larger population
size. The number of groupings is
comparable to group numbers used
in a study conducted by others.7 By

intent, these included both job title
and industry content.4

Once these WGs were defined, an
algorithm using four techniques for
linking individuals to these groups
was implemented:

1. Single root matches (1R): when
the DREAM program noted that
an input phrase has a single root
in common with the SOC or NA-
ICS descriptive text for the range
of codes included in the WG, a
link was created.

2. Double root matches (2R): when
an input phrase has a pair of roots
in common with the aggregate
WG text, a link to the WG was
created. The root pair was re-
stricted to a lexical distance of �3
words apart in the subject’s re-
sponses (ie, the two terms must be
separated by �2 words).
Use of only these two techniques
was inadequate. Using the single
root criterion, virtually all sub-
jects (97%) linked to at least one
WG, but many were nonspecific
or inaccurate (eg, “treat” may be
related to either Health Care or
Metal Production). With double
root matching, a large propor-
tion of subjects (61%) did not
match to any aggregates. Be-
cause of the nonspecificity of
single root matches, these were
not subsequently used. There-
fore, these two techniques were
extended:

3. Forced single root matches (F1R):
common single roots of individu-
als without any 2R matches were
examined to determine those that
could be matched unambiguously
based only on a single root (eg,
an individual who used the term
“baker” could be reasonably mat-
ched to the “food processing”
WG on the basis of only a single
root).

4. Forced double root matches (F2R):
a similar approach to that of forced
single root matches was used to
create the forced double root
matches based on the presence of
a pair of roots in the subjects’ text

string. For example, the concom-
itant use of “president” � “vice”
or “officer” � “correctional” al-
lows mapping to a specific WG
(management and law enforce-
ment, respectively).

The overall method is termed
DREAM; it incorporates 2R, F1R,
and F2R-based linkages

By the DREAM technique, many
subjects had links to several WGs.
Therefore, assignment to WGs is ex-
pressed as two sets: “all links” (all
possible WGs for which the subject
matches) and “best link” (the single
WG for the subject that has the
greatest strength based on numbers
of mappings or hierarchic value of
match type: forced double root �
forced single root � double root
empiric). (In the event of a tie, selec-
tion of best is random). This ap-
proach is consistent with “fuzzy set
theory”8 because it assigns member-
ship strength and supports multiple
memberships.

Evaluation
The primary goal of this work was

to develop a new method (ie, “proof
of concept”). Thorough evaluation of
the concept should be done in the
future after optimization of the com-
puter algorithms and using an inde-
pendent data set. Nevertheless, we
did perform limited assessments. The
primary evaluation was assessment
of ability to assign participants to
WGs.

Two secondary evaluation meth-
ods were used: face validity and
human panel. Face validity was as-
sessed by reviewing the proportion
of subjects in each WG who self-
reported dust exposure, fume expo-
sure, or use of a mask at work (using
the best group). The degree to which
this appeared to be generally known
work characteristics provided a qual-
itative assessment (eg, dust exposure
is a priori expected to be more com-
mon in construction than in educa-
tion WGs).

The panel methods were based on
the opinions of four humans. Two of
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the humans were investigators (P.H.,
L.C.) who had familiarity with the
computer principles used in the
study; the other two were two gen-
eral occupational health staff mem-
bers without any prior knowledge of
the DREAM system. Two subsets of
data were randomly selected for
evaluation. The first included only
the best WGs selected by the
DREAM system (533 randomly se-
lected participants). The second was
based on the all links selected by
DREAM for 509 randomly selected
participants; only one of the “all
links,” but not the “best,” was ran-
domly selected for each of the 509
evaluation cases. First, the humans
rated the accuracy: Each was shown
the WG assigned by DREAM and

the subject’s textual information.
The humans rated the appropriate-
ness of the WG assignment using a
5-point scale (see Table 1) The re-
sults from the four raters were aver-
aged. This was done separately for
“all” links and the single “best” group.
Second, the humans were provided
the participants’ textual informa-
tion and asked to select the most
appropriate WGs. The WGs se-
lected by the humans were then
compared with those selected by
the computer system. Concordance
of humans and computer was deter-
mined in a pairwise fashion (ie, for
four humans and one computer,
there were 10 comparisons). In ad-
dition, human–DREAM agreement
was compared with agreement of a

25% random sample of humans’ as-
signments with the other 75% of
human assignments.

Results
Table 2 summarizes the efficacy

of linking subjects to WGs. Subjects’
descriptions commonly (97%) had at
least one root in common with WG
terms derived from the standard clas-
sification schemes (NAICS and
SOC). However, the word in com-
mon was frequently nonspecific and
led to many obviously spurious
matches. Only 40% of subjects had
at least two word roots in common
with the standard classifiers (2R), but
the linkages appeared to be valid.
The “forced root mappings,” which
depend on a limited number of des-

TABLE 1A
Human Validation of Computer-Assigned Work Groups

Best All (not Best)

Range Score n Percent n Percent

Very good 4.5–5.0 265 49.7 126 24.8
Good 3.5–4.49 154 28.9 120 23.6
Close 2.5–3.49 73 13.7 139 27.3
Possibly wrong 1.5–2.49 33 6.2 97 19.1
Bad �1.5 8 1.5 27 5.3

Mean 4.06 3.19

The table shows the distribution of ratings of the accuracy of work group assignment by DREAM. Ratings are based on the average of the
four raters for each case. �2 with test for trend showed that best and all differed with P � 0.0001.

TABLE 1B
Evaluation: Dream’s Selection of Humans’ Choice

N
A: Human Best �

DREAM Best

B: Human Best
Included in

DREAM’s All
C: Not Linked

by DREAM

Chosen as BEST by 4 humans 233 187 11 35
Chosen as BEST by 3 humans 162 108 8 46
Chosen as BEST by 2 humans 156 88 12 56
Chosen as BEST by 1 human 402 180 20 202

Four humans independently selected the optimal work group (WG) for the test cases. The table summarizes how frequently DREAM included
the humans’ choices: A, human and DREAM selected same WG; B, DREAM assigned the humans’ choice, but not as DREAM’s “best”; C,
DREAM did not select the humans’ choice.

TABLE 1C
Evaluation: Concordances of Assignments

Rater 2 3 4 DREAM

1 66.2% 60.2% 62.7% 58.3%
2 64.2% 68.3% 55.7%
3 61.2% 53.1%
4 53.5%

Percentage agreements of best work group assignments between pairs of human raters and DREAM and each rater are shown.
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ignated mappings, matched 92% of
subjects by F1R and 12% by the
presence of two common roots
(F2R). Overall, the DREAM system
found at least one match for �94%
of subjects. Most subjects were
matched to a small number of WGs;
the median number of assignments
per subject was 3.

Table 3 shows the frequency of
assignments to the most common

WGs. Results are shown for the sin-
gle best group separately by gender
and for all groups combining men
and women. As shown by the best
group data in Table 3, “white collar”
work was most common, ie, office,
finance, and sales were most com-
mon. The pattern of WG ranks by
gender suggests that assignments
were accurate. Construction (rank 2
in men vs 18 in women), auto me-

chanic (6 vs 19), and truck transpor-
tation (8 vs 26) were much more
common in men than women, whereas
education, health care, and nursing
were much more common in women.
Similar patterns were seen when
considering “all links”; for example,
construction (7 vs 20) and auto me-
chanic (8 vs 23) were common in
men, whereas work in health care (22
vs 5) and nursing (55 vs 11) were

TABLE 2
Efficacy of Matching Algorithms: Number of Links per Subject

Method

Subjects With >1
Match Number of Links/Case (for those with >1)

n Percent Average Standard Deviation Maximum Q1 Median Q3

Single root (1R) 5691 97% 12.3 7.24 42 7 11 17
Double root (2R) 2293 39% 1.8 1.2 10 1 1 2
F1R 5417 92% 2.4 1.3 9 1 2 3
F2R 706 12% 1.1 0.2 3 1 1 1
DREAM 5537 94% 3.2 2 15 2 3 4

Method refers to algorithm for creating links: F1R, forced 1 root; F2R, forced double root (see “Methods” section); DREAM includes 2R, F1R,
F2R; Q1, Q3, first and third quartiles.

TABLE 3
Frequency of Assignment to Work Groups

Best Group All Groups

Men Women Men and Women Combined

Group n Rank Group n Rank Group n

Sales 293 1 Office 310 1 Office 1691
Construction 263 2 Finance 254 2 Professional 1620
Finance 240 3 Health care 220 3 Sales 1262
Professional 220 4 Home work 203 4 Finance 801
Repair and maintenance 199 5 Education 167 5 Management 749
Auto mechanic 175 6 Sales 158 6 Maintenance and cleaning 711
Education 134 7 Food service 94 7 Repair and maintenance 649
Transportation—truck 117 8 Professional 94 7 Construction 537
Office 108 9 Community services 44 9 Health care 436
Computer 104 10 Computer 40 10 Auto mechanic 429
Metal production 101 11 Legal 39 11 Education 417
Law enforcement 90 12 Maintenance and cleaning 36 12 Motor vehicle driver 367
Engineer architect 86 13 Management 31 13 Home work 332
Maintenance and cleaning 83 14 Personal appearance workers 27 14 Engineer architect 319
Postal services 77 15 Postal services 26 15 Metal products 297
Health care 74 16 Nursing 23 16 Food service 287
Management 71 17 Printing 23 16 Manufacturing 275
Food service 66 18 Construction 19 18 Computer 239
Metal products 64 19 Auto mechanic 18 19 Law enforcement 236
Agriculture 62 20 Entertainment and sports 18 19 Machinery 212
Legal 62 20 Food processing 17 21 Metal production 206
Transportation–not otherwise

specified
61 22 Law enforcement 17 21 Transportation–not otherwise

specified
203

Machinery 57 23 Repair and maintenance 17 23 Food processing 196
Firefighter 50 24 Machinery 15 24 Transportation—truck 186
Printing 46 25 Manufacturing 15 24 Community services 172
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much more common in women. Less
common WGs not shown in the table
are appliance manufacturing, artist,
chemical production, computer and
electronics manufacturing, furniture,
hotel, laundry, military, mining, motor
vehicle driver, motor vehicle sales,
paper, personal service, petroleum,
plastics, scientist, textile, tourism,
transportation–air, transportation–rail,
warehouse, wholesale trade, wood, and
not working.

Evaluation
Face validity was assessed by ex-

amining the relationship of WG as-
signment to self-reported exposures
for groups commonly considered to
have high or low exposures. The
proportion of members of the com-
mon WGs who reported dust expo-
sure, fume exposure, or mask use is
shown in Table 4. Groups with par-
ticularly frequent self-reported dust
exposure include: agriculture (46%),
construction (47%), metal products
(59%), and metal production (50%).
Self-reported dust exposure was in-
frequent in professionals (7%), sales

(8%), and computer workers (2%).
Mask use was particularly common
in firefighters, 39% of whom re-
ported using masks.

Table 1 summarizes the evaluation
of the computer-based matches using
a random validation subsample. Rat-
ing of the accuracy of matches is
shown in Table 1A. Overall, 95% of
the best and 76% of the all matches
were in an acceptable range as deter-
mined by the human raters, and only
1.5% of the best matches were con-
sidered definitely wrong.

Humans identified their choices
for the best WG based on review of
the free text responses of the test set
cases. Table 1B describes how fre-
quently the humans’ best WG assign-
ments were included among those
selected by the computer. For 233
of the 533 test cases, all four humans
selected the same WG for the “Best”
assignment. The computer agreed
about the best assignment in 187 of
these 233 instances. For 11 of the
remaining 46, the computer included
the humans’ selection in its “all”

matches if not selected as the single
best. Thus, the computer failed to
include an assignment unanimously
selected by humans in only 35 of 233
instances.

Figure 1 illustrates the types of
DREAM links (ie, DREAM best,
DREAM all, not linked) according to
the number of humans selecting a
WG assignment.

If DREAM performed comparably
to humans, one would expect that
DREAM would be more likely to
select a WG if all humans selected it
than if only one human chose the
WG. The data confirm this gradient,
noting the degree of human–com-
puter concordance (% DREAM
Best) is related to the degree of
human– human concordance. (For
example, DREAM agreed with the
humans in 80% of instances when all
4 humans agreed about the best
choice, but when only two humans
agreed, DREAM made the same
choice in only 56% of instances.)

The degree of agreement between
humans and DREAM was compara-
ble to the agreement among humans
(Table 1). The four humans agreed
on the best assignment in only 44%
of the test cases (233 of 533). Table
1C shows the concordance between
pairs of humans and human–com-
puter pairs. Pairs of humans agreed
between 60% and 68% of cases, and
agreement between computer and
human pairs was from 53% to 58%.
In general, the humans used a more
narrow range of WGs than did the
computer.

An additional evaluation was con-
ducted limited to those study partic-
ipants for whom the humans raters
were reasonably consistent (ie, either
three or four of the humans con-
curred about the best choice of WG).
For this group, an evaluation set of
raters’ assignments was created by
randomly selecting 25% of the hu-
mans’ assignments (random rater
evaluation set). Then, the agreement
of DREAM with this random set of
humans’ assignments was deter-
mined; similarly, the agreement of
the random evaluation set with the

TABLE 4
Frequency of Self-Stated Exposures by Best Work Group

Work Group N Dust (%) Fume (%) Mask (%)

Agriculture 74 46 38 12
Auto mechanic 193 40 43 11
Community services 71 11 6 0
Computer 144 2 2 1
Construction 282 47 26 12
Education 301 12 5 2
Entertainment and sports 63 8 6 0
Finance 494 5 3 1
Firefighter 54 44 44 39
Food service 160 6 13 1
Health care 294 7 9 4
Home work 225 8 6 1
Legal 101 4 2 2
Management 102 7 6 0
Metal production 111 50 44 13
Metal products 68 59 60 21
Office 418 8 4 0
Postal services 103 36 5 0
Printing 69 28 41 0
Professional 314 7 7 2
Sales 451 8 6 1
Personal appearance workers 38 11 61 3

Numbers in dust, fume, and mask columns refer to the percentage of persons in each work
group who reported dust exposure, fume exposure, or mask use, respectively. Work groups
shown are the most common.
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other humans was determined.
Where DREAM was compared with
the random evaluation set, there was
66% concurrence (based on a sample
of 402). There was 79% agreement
between the random evaluation set
and the other humans.

Then, a set of “outlier human as-
signments” was created; for those
study participants for whom three of
the raters concurred, the outlier hu-
man assignments were those selected
by only one rater. DREAM agreed
with the outlier human rater in only
17% of the 174 instances.

Discussion
Occupational health practice and

research often require classifying
workers into broad aggregate WGs,
generally reflecting similarities of
exposure. This article describes a
new approach based on computer
analysis of free text work descrip-
tions provided by subjects.

Several methods have been used
for assigning individuals to aggre-
gate occupational groups. In some,
questionnaires have explicit links to
exposure relevant aggregate group-
ings (eg, “Have you been exposed to
asbestos? Are you a welder?”). Pro-
viding lists from which to choose is
less feasible in community-based
studies because of the wide range of

agents, occupations, and industries.
Increasingly, subjects provide free
text descriptions of their work that
are used to classify them into broader
aggregate WGs. Grouping is often
based on standard numeric codes (eg,
SOC)6 or based on sets of job/
industry terms. Then, a mapping ag-
gregation scheme is superimposed
on the numeric codes. In some stud-
ies, subjects’ text descriptions are
linked to groups by “expert opinion”
by one or more “domain experts”
(such as an industrial hygienist or an
occupational physician) who also ex-
press a semiquantitative opinion
about the extent of exposure to a
particular agent or to classify the
subject into one of several large
aggregate groups. These techniques
depend on the availability of well
training occupational health profes-
sionals. In the future, computer meth-
ods may overcome this limitation.

Siemiatycki et al assessed methods
of classifying subjects by human ex-
perts according to exposures.1 Al-
though effective, this approach is
expensive and may be difficult to
generalize. They included only 160
discrete exposures, but general pop-
ulation-based studies are likely to
require many more. Stewart re-
viewed several additional effective
expert based approaches.9 Man-

netje’s review explicitly considers
utilization of computer-assisted clas-
sification methods.10

The DREAM method has several
differences from these approaches.
Once implemented, the DREAM
technique does not require high-level
human expertise. DREAM is there-
fore more economic and may be
scaled up more readily than tradi-
tional classifications by human ex-
perts.1,9 Furthermore, the method
may be easily applied to develop
new population specific job-expo-
sure matrices, which generally per-
form better than general purpose
classification schemes.10–12 A com-
puter-based system consistently ap-
plies the programmed algorithm,
whereas individual human raters
have inherent variability. For exam-
ple, all four humans concurred about
the “best” WG in less than half of the
evaluation test cases. The computer
algorithm is fully explicit, whereas
human experts make assignments by
an implicit subjective process (“ex-
pert judgment”).

Computer classification based on
free text permits flexibility of use of
data. Data collected for one purpose
can be used for other purposes in the
future. For example, in the study
illustrated here, data were collected
for a smoking cessation trial but used
for occupational health studies.13,14

The DREAM system integrates
classification by job, industry, agent,
and task. In the traditional approach,
these are considered to be largely
independent domains.15 In a study
assessing a worker lexicon, we found
considerable overlap in the actual
information domain content of terms
used by workers. The parallel coding
schemes were not developed for health
purposes but rather for economic clas-
sification. Several investigators have
also noted that simultaneously using
information from several domains
could improve precision9,16

Natural Language Processing
Natural language processing

(NLP) techniques are computer sys-
tems for interpreting language. Nat-

Fig. 1. DREAM linkages according to consistency of humans’ work group assignments. Work
group assignments are classed by consistency of humans (number of human raters selecting the
work group). The figure shows the consistency of DREAM links within each class. DREAM and
humans showed most consistency when the humans themselves were consistent.
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ural language is extremely complex,
including hundreds of thousands of
words and highly variable construc-
tions. Systems focused within a
specific domain (eg, pathology clas-
sification17,18) are typically more suc-
cessful than those attempting to handle
all language.19–23 An extremely large
vocabulary is necessary to encompass
all medicine,24 but occupational health
is a more restricted domain and fewer
terms are necessary. (For example, 589
single roots accounted for 80% of ac-
tual terms used by the subjects.) The
occupational health context helps re-
duce ambiguity, because the meaning
of a particular term often depends on
the context.

Evaluation
The effectiveness of the automated

system (DREAM) was measured in
several ways: Efficacy: 94% of sub-
jects could be matched to one or
more categories. This contrasts to the
more limited success in finding a
link with systems that use question-
naire modules for occupational expo-
sure classification. For example,
Stewart et al used approximately 38
modules to obtain approximately
40% classification coverage.25,26

A sample of participants’ data was
used for a secondary evaluation; re-
sults are summarized in Table 1.
Accuracy of DREAM’s assignments
was by considered acceptable by hu-
man evaluators in most instances
(Table 1A). WG assignments made
by humans were compared with
those made by the computer in two
ways. Overall, DREAM selected the
same best WG in 80% of the cases in
which all four humans concurred.
This compares favorably to human
performance; all humans concurred
in only 44% of the cases. In the
random rater evaluation subset,
DREAM human agreement was then
compared with agreement between
the randomly selected subset of hu-
mans and others (limited to study
participants for whom at least three
humans concurred). Although hu-
mans were generally more consistent
with other humans (79% agreement)

than DREAM with humans (66%
agreement), the magnitude of differ-
ence was relatively small. Where hu-
mans themselves disagreed, DREAM
generally agreed with the majority hu-
man opinion rather than with the out-
lier human; DREAM agreed with the
humans’ majority in 83% of the in-
stances in which one human was an
outlier. Face validity was suggested by
the frequency with which subjects in
each WG reported dust exposure, fume
exposure, or mask use. Groups report-
ing frequent dust exposure (eg, con-
struction, agriculture, metal products)
and those reporting infrequent dust
exposures (eg, computer group, pro-
fessional, sales) are consistent with a
priori expectations.

Limitations
The computer algorithm used here

is relatively simple in comparison to
methods used in other settings. Be-
cause the DREAM algorithms are
less sophisticated than techniques
used in many medical NLP applica-
tions, there is considerable opportu-
nity for improvement in the future.
DREAM is, however, an advance
over simple lists of synonyms used
in the past.25

WG assignment by computerized
free text analysis will never be per-
fect. Occasional misunderstandings
are due to inherent ambiguities in
language. For example, “nursery” is
inherently nonspecific; it might rep-
resent where plants are cultivated or
part of the pediatric unit of a hospital.
Indeed, such “double meanings” form
the basis of much humor. In the future,
context-dependent interpretation
would improve performance. Further-
more, although DREAM was applied
here in an “offline” (batch processing)
mode, similar methods may be used
iteratively in which subjects are asked
to clarify any ambiguities.

Although the DREAM method is
effective for assigning individuals to
broad WGs, it does not in itself link
exposures to individuals. Existing
methods such as job exposure matri-
ces must be used to summarize ex-
posures typical of WGs. Thus,

DREAM cannot completely replace
existing methods, but rather, com-
puter text analysis can improve one
of the time-demanding steps in the
overall process.

The evaluation sample was ran-
domly chosen to avoid biases. How-
ever, the sample cases were selected
from the same population used to op-
timize the coding and assignment
methods. This might potentially favor-
ably bias the evaluation. For example,
if another population frequently used a
term that was rarely mentioned by our
study population, it would not have
been selected for a forced match (F1R,
F2R). Nevertheless, our study popu-
lation was large and obtained from
10 geographically distinct regions.
Furthermore, the methodology for
implementing DREAM would also
be applicable to the other population
(ie, the same developmental tech-
nique could be applied to an entirely
new population).

Future
The study shows that automated text

coding for assigning to aggregate WGs
may be a promising technology. More
complex systems and further refine-
ment will improve the performance in
the future. In the future, automated
coding methods may allow access to
very large existing databases (eg, elec-
tronic medical records) and facilitate
crossnational studies.27,28 Currently,
discovery of new exposure–health
outcome relationships is often ad hoc
and serendipitous; computerized meth-
ods may facilitate systematic “data
mining.”29,30

In addition to applications for re-
search purposes, an automated clas-
sifier has direct applications in both
public health and clinical practice set-
tings. Identifying the broad WG is the
first step in providing advice about
medical assessment procedures, spe-
cific preventive interventions, and so
on. There is a dearth of available
public health expertise in most pri-
mary care and specialty settings, al-
though a large number of the at-risk
individuals are seen in these loca-
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tions.31,32 Computer-assisted knowl-
edge delivery may help fill this gap.
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