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This report presents an overview of methodological issues in estimat-
ing the indirect workplace costs of illness from data obtained in employee
surveys using the World Health Organization Health and Work
Performance Questionnaire (HPQ). The HPQ is a brief self-report
questionnaire that obtains three types of information: screening infor-
mation about the prevalence and treatment of commonly occurring
health problems; information about three types of workplace conse-
quences (sickness absence, presenteeism, and critical incidents); and
basic demographic information. The report considers two sets of meth-
odological issues. The first set deals with measurement. The rationale for
the HPQ approach to measurement is described in this section. In
addition, data are presented regarding the accuracy of HPQ measures,
documenting that the HPQ has excellent reliability, validity, and
sensitivity to change. The second set of methodological issues deals with
data analysis. A number of analysis problems are reviewed that arise in
using self-report nonexperimental survey data to estimate the workplace
costs of illness and the cost-effectiveness of treatment. Innovative data
analysis strategies are described to address these problems. (J Occup
Environ Med. 2004;46:S23–S37)

D ouble-digit inflation in health care
costs has led many employers to
consider such health care cost con-
trol strategies as defined contribu-
tions, medical savings accounts, in-
creased employee contributions for
health insurance, and reductions in
benefits.1,2 It is clear that such ap-
proaches could create short-term
savings in the direct costs of health
care, but their effects on indirect
workplace costs are less clear. Case
studies document that the direct cost
savings of some workplace health
care interventions can be swamped
by increases in indirect costs associ-
ated with offset, sickness absence,
and disability,3 whereas other inter-
ventions realize genuine savings.4 A
clear understanding of the indirect
workplace costs of illness as well as
the costs of changes in health care
benefits is consequently needed to
make rational decisions about
changes in benefit structure. Yet, few
employers have access to the data
required to obtain such an under-
standing, making it impossible for
them to optimize their health care-
purchasing decisions.

Three types of data gaps can be
distinguished. First, few employers
have access to good data on un-
treated health problems of their em-
ployees unless they conduct annual
physical examinations with all work-
ers in the workplace. Second, few
employers have access to good data
that can be used to assess either the
magnitude of the impact of illness,
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especially untreated illness, on work-
place functioning or the effects of
changes in health care interventions
on changes in workplace function-
ing. Third, even when such data are
available, employers typically lack
accurate evidence-based transforma-
tion rules that can be used to estimate
the effects of changes in workplace
functioning on the corporate bottom
line. Researchers are working on all
three of these gaps. A number of
self-report questionnaires have been
developed to measure the indirect
costs of illness and treatment on
work performance in an effort to
make up for the absence of archival
data. Lynch and Reidel5 and Loep-
pke et al6 published recent reviews
that discuss the pros and cons of
available measures. In addition, em-
pirical studies are currently under-
way to develop industry-specific
transformation rules that can be used
to convert information about em-
ployee-level effects of illness and
treatment on workplace functioning
into aggregate estimates of effects on
the corporate bottom line.7

The current report focuses on the
first two of these three data gaps by
presenting new methodological data
concerning the World Health Orga-
nization (WHO) Health and Work
Performance Questionnaire (HPQ),
the most widely used of the self-
report instruments developed to as-
sess the indirect workplace costs of
illness.8 The HPQ is a short instru-
ment (10 minute average administra-
tion time) that screens for the pres-
ence of commonly occurring health
problems and their treatment, as-
sesses the three main domains of
workplace performance that are tra-
ditionally assessed by organizational
and industrial psychologists (absen-
teeism, presenteeism, and critical in-
cidents),9,10 and obtains basic demo-
graphic and occupation information.
The HPQ can be self-administered
using paper and pencil, interactive
voice response, or internet modes of
data collection either in a cross-
section survey or in before-after test
market studies or workplace experi-

ments. A clinical trials version of the
HPQ is also available.

WHO developed the HPQ as part
of their Global Burden of Disease
Initiative, a program of research
aimed at documenting the human
capital costs of illness and the cost-
effectiveness of diverse health care
interventions.11 The HPQ is one
component in the WHO Disability
Assessment Schedule (WHO-
DAS),12 a multifaceted self-report
scale of role functioning created by
WHO to assess the global burden
of disease in each of the core do-
mains of the newly revised Interna-
tional Classification of Function-
ing, Disability and Health.13 For
example, the WHO-DAS is a pri-
mary outcome in a series of WHO-
coordinated nationally representa-
tive general population health
surveys in 28 countries around the
world with a combined sample size
of over 200,000 respondents.14 A
US sample of nearly 10,000 re-
spondents is included in this larger
data set. In addition to the nation-
ally representative HPQ data em-
bedded in these surveys, an elec-
tronic version of the HPQ is being
administered to hundreds of thou-
sands of employees of large US
corporations in conjunction with
the HPQ Data Consortium
(www.hpq.org). The unprecedented
size and diversity of the master
HPQ benchmark data set available
to this consortium makes the HPQ
all the more attractive for use in
future workplace health and pro-
ductivity surveys.

Data on the validity of the HPQ
absenteeism and presenteeism mea-
sures have been presented previously
in this journal,8 as have data on the
effects of various health problems on
HPQ outcome scores in a number of
employee health surveys.15,16 How-
ever, these previous reports omitted
information about two important sets
of methodological issues that are the
focus of the current report. The first
concerns two measurement issues:
the sensitivity of the HPQ work per-
formance measures to change and

the accuracy of the HPQ assessments
of chronic and acute conditions. Both
of these issues are discussed in the
first section of the article. We also
present new data in this section on
the validity of the HPQ presenteeism
scale that adds to the validity data
that we reported previously in this
journal.8

The second set of issues concerns
problems in data analysis that arise
in using self-report nonexperimental
survey data to estimate the work-
place costs of illness and the cost-
effectiveness of treatment. Four such
problems and proposed solutions are
discussed in the second section of the
article. These problems include the
confounding effects of common
causes, the role of risk adjustment in
evaluating differences between
health plans, the evaluation of treat-
ment effects on work performance
using nonexperimental data, and the
implications of comorbidity for eval-
uating the effects of individual con-
ditions on work performance.

Measurement

Absenteeism
Most health surveys assess absen-

teeism with a single question about
the number of days in the past month
(or other recall period) the respon-
dent missed a day of work because of
illness. Methodological studies led to
four refinements of this basic assess-
ment approach in the HPQ. First, the
HPQ not only asks about days, but
also about hours of work. This was
done based on the fact that a “day of
work” means something quite differ-
ent to a person who works a regular
9-to-5 5-day-a-week schedule versus
the increasingly large number of
people who work 4-day weeks, half-
days on Fridays, split shifts, rotating
shifts, and the like. Second, in addi-
tion to asking about expected hours
of work and hours missed on sick-
ness absence days, the HPQ asks
about hours missed on workdays (ie,
coming in late or going home early)
because of the fact that a substantial
proportion of missed work time oc-
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curs on days when people come to
work. Third, the HPQ asks about
extra hours of work (ie, coming in
early, going home late, working on
days off) because of the fact that
many workers put in extra hours to
make up for sickness absence.
Fourth, rather than focus on sickness
absence, the HPQ considers total
hours absent for any reason (eg, hol-
idays and personal days in addition
to sick days) because more and more
employers are using integrated ben-
efit schemes that combine vacation
and personal days and sickness ab-
sence days, making the distinction
among these categories artificial.

Methodological studies reported
previously in this Journal8 show that
these four refinements resulted in the
HPQ assessment of absenteeism hav-
ing good validity. These studies
compared HPQ self-reports with em-
ployer payroll records in multiple
occupations. Good concordance was
found, with Pearson correlations of
0.61 to 0.81 for 7-day recall and 0.66
to 0.71 for 4-week (28-day) recall of
hours worked, days worked, hours
missed, and days missed. Despite the
good concordance between self-
reports and payroll records, a consis-
tent tendency was found in these
methodological studies for HPQ self-
reports to be biased in the direction
of suggesting that workers spent
somewhat more hours and days at
work than recorded in payroll
records. Fortunately, however, it was
found that this bias can be corrected
with a simple regression-based reca-
libration of self-reports. This correc-
tion is built into HPQ calculations of
absenteeism.

Before leaving the discussion of
absenteeism, it should be noted that
focusing on hours rather than days
worked may be a point of concern
because we would expect the latter to
be remembered more accurately than
the former. This is a legitimate con-
cern, although, as noted above, an-
other problem exists when we focus
on days from the perspective of mon-
etizing results because the term “day
of work” is ambiguous for workers

with complex work schedules. For-
tunately, the HPQ asks a series of
questions about days of work (days
absent because of health problems,
days absent for any other reason,
days with reduced hours because of
health problems, days with reduced
hours for other reasons) as a memory
priming aid before asking about
hours of work. Therefore, it is possi-
ble to repeat analyses of HPQ data
twice, once using days and the sec-
ond time using hours as the unit of
analysis, and compare results for
consistency.

It is also noteworthy that concerns
can be raised about the decision to
focus on overall absenteeism rather
than on sickness absence. Indeed, a
reviewer of this article raised exactly
this concern, suggesting that we
might be biasing the analysis against
finding an adverse effect of illness or
an ameliorative effect of treatment
by including vacations and other
sorts of absenteeism in the outcome
measure. This concern reflects a mis-
understanding about the logic of
comparison. To appreciate this logic,
imagine the situation in which we
have two kinds of absenteeism, sick-
ness absence and vacation absence,
each of which we measure sepa-
rately, and that we are interested in
the effects of a given health problem
on these two outcomes. If the health
problem is associated with, say, 6.5
sickness absence hours per month
but has no effect on vacation ab-
sence, then a statistical analysis of
the effect of the condition on a mea-
sure of overall absenteeism will yield
an estimate of 6.5 hours. There will
be no bias caused by adding vacation
absence to sickness absence, as the
mean for this type of absence will be
the same for respondents with and
without the health problem. The
standard error (a measure of the pre-
cision of the estimate) of the estimate
will be larger when we use overall
absenteeism rather than sickness ab-
senteeism as the outcome measure.
With the large sample sizes we typ-
ically use in HPQ surveys, though,

the increase in standard error is of no
real importance.

It is also informative to consider
an alternative scenario to the one in
the last paragraph. Imagine that the
health problem led to an increase in
2.5 vacation hours per month. This is
not implausible because many sala-
ried workers fail to take all their
vacation time each year, and illness
might influence the decision to take
vacation time. If this is the case, then
exclusive focus on sickness absence
would lead to under-estimating the
true effect of the health problem (ie,
6.5 � 2.5 � 9.0 hours) on overall
absenteeism, whereas an analysis
that treated overall absenteeism as
the outcome would yield an accurate
estimate. The same is true if workers
with the health problem under inves-
tigation forego some vacation to
make up for sickness absence, in
which case an analysis that focused
exclusively on sickness absence as
the outcome would overestimate the
impact of the health problem on
work absenteeism. Our decision to
examine the effects of health prob-
lems on total absenteeism rather than
only on sickness absence is based on
these considerations.

A related issue is our decision to
ask about overall absenteeism rather
than about absenteeism because of a
particular health problem. The sec-
ond of these questions commonly is
used in studies that focus on partic-
ular health problems. This can lead
to bias, however, because respon-
dents are often inaccurate reporters
about reasons for their work absence.
This is especially true in the com-
monly occurring situation where the
worker suffers from comorbid disor-
ders (eg, allergies and arthritis). If a
bad night’s sleep is associated with
both joint pain and allergy symp-
toms, leading the worker to stay
home from work the next day, it is
likely that the worker would answer
“yes” either to the question “Did
your allergies keep you from work
today?” or to the question “Did your
arthritis keep you from work today?”
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Because of this bias, questions of
the sort “Did your allergies keep you
from work today?” generally overes-
timate the effects of individual con-
ditions. More accurate estimates can
be obtained by using statistical anal-
ysis to tease out the relative effects
of comorbid conditions. In the exam-
ple given in the last paragraph, for
example, this could be done in the
aggregate by comparing workers
with allergies-only, arthritis-only,
and both conditions. Our decision to
use statistical analysis to estimate
aggregate effects of conditions rather
than to ask respondents, in effect, to
do this statistical analysis in their
heads in answering questions about
the effects of individual conditions is
based on this reasoning.

Presenteeism
Inadequate work performance, of-

ten referred to as “presenteeism,”
obviously is more difficult to assess
than absenteeism. Indeed, the deci-
sion to develop the HPQ was based
largely on a failure to find an exist-
ing self-report measure of work per-
formance that met the needs of
WHO. Objective performance-based
assessments or self-report measures
of work performance that include
questions tailored to the unique de-
mands of a single occupation17,18 are
ideal in this regard for a single occu-
pation. However, such measures can-
not be used for broad-based studies
across diverse occupations.

Another possibility is to develop
self-report measures that include
questions about difficulties in many
different concrete aspects of perfor-
mance in an effort to cover the job
demands of all existing occupations.
Such an approach could try to be
comprehensive, as in the Department
of Labor’s Occupational Information
Network (O*NET) system of job
classification,19 which contains over
50 dimensions of job performance,
or it could either sample or aggregate
these dimensions.20,21 Among the
self-report work performance mea-
sures that are based on this approach
are the Endicott Work Productivity

Scale,22 the Stanford Presenteeism
Scale,23 and the Work Limitations
Questionnaire.24

Although measures like these are
useful for documenting the ways
specific health problems affect work
performance (eg, by decreasing the
abilities to lift, read, concentrate
etc.), none of them either covers all
the dimensions of job performance
included in the O*NET system or
samples these dimensions in a repre-
sentative way that guarantees unbi-
ased coverage across occupations.
Furthermore, even if the dimensions
were representative, it would be ex-
tremely difficult to calculate the
overall indirect costs of illness to the
employer from scale results because
no rules exist to combine dimen-
sional scores into an overall measure
of work performance that is valid
across all occupations. Such combi-
nation rules would, at a minimum,
require different weights to be ap-
plied across dimensions to different
occupations. Health-related difficul-
ties in the domain of unskilled man-
ual labor (eg, digging, lifting, carry-
ing), for example, are presumably
much more impairing to a manual
laborer than to a lawyer. Many dif-
ferences such as these would have to
be taken into account in combining
domain performance scores into an
overall work performance score that
applies equally well to workers in all
the thousands of occupations in the
labor force.

Given the current intractability of
the problem described in the last
paragraph, researchers who are more
interested in arriving at an overall
evaluation of the effects of health
problems on work performance than
in documenting effects on separate
dimensions have gone to the other
extreme of asking workers to provide
a single global rating of their overall
work performance rather than to re-
port difficulties in a number of sep-
arate domains of work functioning.
This is often done using a 0-to-10
global rating scale of overall work
performance, as in the widely used
Work Productivity and Activity Im-

pairment Questionnaire.25 The un-
derlying assumption in using this
approach is that workers can do a
better job than researchers of implic-
itly reviewing the various dimen-
sions of work functioning to arrive at
a summary rating of their overall job
performance.

The HPQ uses the global rating
approach described in the last para-
graph to assess work performance.
Respondents are asked to rate their
overall work performance during the
past four weeks on a 0-to-10 scale
where 0 means the “worst possible
work performance” a person could
have on this job and 10 means “top
work performance” on this job. Our
reasoning in selecting this simple
aggregate approach was the one
mentioned in the last paragraph: that
workers are in a better position than
researchers to recognize the work
performance domains that are most
relevant to their particular occupa-
tions, to evaluate their recent perfor-
mance in these domains, and to ar-
rive at a rating of their overall work
performance based on this evalua-
tion.

In administering this global rating
question in the HPQ, more concrete
memory priming and decomposition
questions are asked first. These ques-
tions are explicitly designed to be
sufficiently general that they apply to
all occupations, but sufficiently fo-
cused that they facilitate relevant
memory search and review. The goal
is to force respondents to review
critical aspects of their work perfor-
mance before assigning themselves a
rating on the global scale. Method-
ological research has shown that
forced reviews of this sort increase
the accuracy of responses to global
ratings questions.26–28 In addition,
internal anchoring questions are used
in the HPQ to facilitate interpretation
of responses to the global questions
by asking each respondent to give
separate global ratings for the aver-
age worker on their job and for their
own usual performance before rating
their recent performance. Responses
to these questions allow scores of
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recent performance to be calculated
in comparison to (ie, divided by) the
performance of other workers as a
way of adjusting for possible be-
tween-worker differences in calibra-
tion on the 0-to-10 self-anchoring
scale.

It is noteworthy that the HPQ
component questions can be modi-
fied to blend the best features of
self-report measures with measures
that, like the HPQ, use global ratings
to assess overall work performance.
For example, the short version of the
Work Limitations Questionnaire
(WLQ), which assesses difficulties
in a small number of work perfor-
mance domains that are highly re-
lated to ratings in the larger set of
WLQ domains, could be included
among the HPQ component ques-
tions. Data of this sort could be
analyzed using a statistical method
known as path analysis29 to study the
extent to which proximate effects of
health problems on these concrete
aspects of work performance medi-
ate the more distal effects of these
same health problems on global rat-
ings of overall work performance.

Validity
Methodological studies that were

described previously in this journal8

show that the HPQ is a valid assess-

ment of presenteeism. These studies
compared HPQ self-reported presen-
teeism with independent employer
records of job performance and
found statistically significant mono-
tonic associations across a range of
occupations (airline reservation
agents, customer service representa-
tives, automobile company execu-
tives, railroad engineers) and a vari-
ety of outcomes (work audits,
supervisor ratings, peer ratings). One
additional study of the HPQ presen-
teeism scale was performed subse-
quently and is reported here for the
first time. This involved 551 call-
center workers who completed the
HPQ in an internet survey and were
independently rated by their supervi-
sors on a 1–3 scale of being inade-
quate, adequate, or superior on six
different dimensions of work perfor-
mance. These ratings were then av-
eraged across the six dimensions to
arrive at a summary rating of overall
work performance. As with all inter-
net HPQ surveys, respondents were
informed that their participation was
completely voluntary, that they were
free to skip any question they did not
want to answer, and that their re-
sponses would be de-identified after
matching with their archival supervi-
sor ratings data and prior to data
analysis. These consent procedures

were approved by the Human Sub-
jects Committee of Harvard Medical
School.

As is often the case with supervi-
sor ratings, the summary call-center
worker ratings were strongly skewed
to the upper end of the distribution,
with only 7% of workers classified
as inadequate and the vast majority
classified as superior. To deal with
this skewed distribution, two dichot-
omous versions of the summary su-
pervisor ratings were created. The
first distinguished workers in the top
20% of the distribution (high per-
formers) from all other workers. The
second distinguished workers in the
bottom 20% of the distribution (low
performers) from all other workers.
The HPQ presenteeism scale was
used to predict these two supervisor
rating dichotomies in separate logis-
tic regression equations. Results are
presented in Table 1.

Part I of Table 1 shows that a
trichotomized version of the HPQ
presenteeism scale significantly pre-
dicts supervisor ratings of high per-
formance, which we have defined
inversely in the table as the absence
of a high rating for ease of compar-
ison with the results in Part II of the
table. Part II shows a similar pattern
in predicting supervisor ratings of
low performance. The odds ratios

TABLE 1
HPQ Presenteeism Scores as Predictors of Supervisor Rating Among Call Center Workers (n � 551)†

% of Sample
Supervisor

Ratings Odds Ratio

% (se) % (se) OR (95% CI)

I. Supervisor rated not high performance
Low Performer 4.2 (0.9) 91.3 (6.0) 5.0* (1.1–22.1)
Medium Performer 72.1 (1.9) 82.6 (1.9) 2.2* (1.4–3.5)
High Performer 23.8 (1.8) 67.9 (4.1) 1.0 —

�2 � 14.4, p � 0.001
II. Supervisor rated low performance

Low Performer 9.6 (1.3) 30.2 (6.4) 3.9* (1.6–9.6)
Medium Performer 74.0 (1.9) 18.9 (1.9) 2.1* (1.0–4.4)
High Performer 16.3 (1.6) 10.0 (3.2) 1.0 —

�2 � 8.7, p � 0.013

* Significant at the .05 level, two-sided test.
† In Part I, HPQ low performance was defined as an absolute score on the 0-to-10 scale �7. High performance was defined as a ratio score

�1.4. Medium performance was defined residually as all other respondents. In Part II, HPQ low performance was defined as an absolute score
�6 or a relative score �.75. High performance was defined as an absolute score of 10 or a relative score �1.8. Medium performance was
defined residually as all other respondents.
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(ORs) across the HPQ categories of
low, medium, and high self-reported
performance are monotonic in each
equation. Compared with workers
with HPQ scores in the high-
performance category, who were de-
fined as the contract category with an
OR of 1.0, workers with HPQ me-
dium and low scores had ORs of 2.2
and 5.0, respectively, in predicting
not having supervisor ratings of high
performance. The comparable ORs
in predicting supervisor ratings of
low performance were 1.0, 2.1, and
3.9, respectively, for HPQ high, me-
dium, and low performers. These
associations are similar in magnitude
to those found in the previously re-
ported calibrations of the HPQ pre-
senteeism scale against independent
archival measures of job perfor-
mance.8

Sensitivity to Change
Although the results described in

the last paragraph document that the
HPQ presenteeism scale is valid, a
separate issue is whether it is sensi-
tive to change. As noted above, the
HPQ asks respondents to rate their
typical work performance and then
separately to rate their performance
over the past 30 days. It is important
that the latter report is distinct from
the former report to the extent that
performance does, in fact, vary
across time. If this is not the case,
then longitudinal tracking studies
that use the HPQ as an outcome will
not be sensitive to true change in
performance. We know from empir-
ical analyses of many HPQ surveys
that the two scales are distinct in the
sense that their correlation is less
than perfect. Pearson correlations be-
tween the two scales are in the range
0.5 to 0.7 across all HPQ surveys.
However, with data collected only at
one point in time, we have no way of
knowing whether the lack of a per-
fect association between the two
scales is due to unreliability or to the
recent performance scale truly being
sensitive to change.

This issue can be resolved by con-
ducting a prospective study in which

the HPQ scale of recent performance
is assessed on two separate occa-
sions. Even here, though, it is impos-
sible to separate true change from
lack of reliability by considering the
HPQ presenteeism scale alone be-
cause change and unreliability are
confounded when only a single mea-
sure is assessed at two points in
time.30 This problem can be resolved
when two indicator variables are
measured at two points in time and a
linear structural equation model is
specified in which true work perfor-
mance at time t (WPt) is assumed to
cause the two indicators (I1t, I2t) and
the observed correlations among the
indicators are assumed to be induced
by WPt. An illustration of such a
model, in the form of a path dia-
gram,31 is presented in Fig. 1.

The problem with a single-indica-
tor model can easily be seen in Fig.
1, as the Pearson correlation between
either of the single indicators mea-
sured at two points in time is the
product of three path coefficients
(eg, I11I12 � acd). It is impossible to
identify any of these three unknowns
from a single observed correlation.
This is true even if we assume, as is
conventional, that the reliability of
the indicators is constant over time
(eg, a � d). With two indicators at
two points in time, this under-
identification can be resolved by vir-
tue of there being six correlations
among the four observed measures

and only five unknown parameters to
estimate. In particular, the stability
parameter, c, can be estimated as
follows:

c � [I11I12 � I21I12/

�I11I21 � I12I22)]1/2 (1)

Once the stability parameter is es-
timated, the reliability parameters
can be identified simply by assuming
temporal constancy and factoring out
the effect of instability on the test-
retest correlations. For example, the
reliability of I1t can be estimated as

a � d � {I11I12/[(I11I22 � I21I12)/

�I11I21 � I12I22)]}1/2 (2)

� ��acd/c]1/2 � (ad)1/2

� �a2)1/2 � (d2)1/2 (2a)

Note that reliability is identified
even if the second indicator, I2, is
actually not a single indicator mea-
sured at two points in time but two
different indicators measured at dif-
ferent points in time. Note, too, that
in the case of the assumption of
temporal constancy, the model is
overidentified with three degrees of
freedom, in which case a �2

3 test can
be used to evaluate model fit. Sub-
stantive interpretation of the param-
eter estimates depends on good
model fit.

Fig. 1. A two-indicator two-time model of the stability of true presenteeism (WPt) and the
reliability of measured presenteeism indicators (Int). As in more conventional exploratory factor
analysis models, measurement errors (e1–4) are assumed to be independent of true presenteeism
and of each other.
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A data array that allows the test-
retest reliability of the HPQ presen-
teeism scale to be estimated using
this model was obtained as part of a
calibration survey carried out in a
sample of 105 airline reservation
agents. A baseline HPQ was admin-
istered to this sample and these data
were compared to independent su-
pervisor ratings of work performance
during the same month. The respon-
dents then participated in a 1-week
follow-up Experience Sample
Method (ESM) evaluation32 of mo-
ment-to-moment work experience
two months after the baseline HPQ
as well as in a repeat of the HPQ in
a debriefing telephone interview the
day after the end of the diary week. If
we use the supervisor rating as a
second indicator of presenteeism at
Time 1 and the summary ESM pre-
senteeism score as a second indicator
of presenteeism at Time 2, we can
estimate the parameters in the model
specified in Fig. 1 and Equations
1–2a.

This model was estimated using
the LISREL 8.30 software pack-
age,33 fitting the covariance matrix
among the four observed variables
and constraining the unstandardized
slopes of the HPQ scale at time t

(HPQt) to be constant across t � 1,2.
The overall model fit was excellent
(�2

2 � 1.1, P � 0.30), indicating that
the six observed covariances among
the four measured variables can be
accurately reproduced by the four
model parameter estimates (the slope
of HPQt on WPt constrained to be
constant for t � 1,2; the slope of
WP2 on WP1, the slope of the super-
visor rating on WP1, and the slope of
the ESM scale on WP2). Standard-
ized parameter estimates are pre-
sented in Fig. 2, where we see that
the estimated stability of true presen-
teeism over two months is 0.59 and
the estimated reliability of the HPQ
presenteeism scale is 0.89 (0.96 �
0.93). It is noteworthy that the ob-
served correlation between HPQ1

and HPQ2, which is 0.521 in this
sample, is very close to the estimated
product of stability multiplied by re-
liability (ie, 0.59 � 0.89), further
confirming the excellent fit of the
model to the observed data.

The most important result in Fig. 2
for purposes of evaluating the sensi-
tivity to change of the HPQ is that
the reliability of HPQt is consider-
ably higher than the estimated stabil-
ity of true presenteeism even over
the short time interval considered

here. This result implies that the
HPQ presenteeism scale is sensitive
to change. A formal analysis of this
issue requires computing the reliabil-
ity of the change score (HPQ2 �
HPQ1). The latter is defined as (RH

� ST)/(1 � ST), where RH is the
reliability of HPQt (0.89) and ST is
the stability of WP.34 Note that this
formula implies that the reliability of
the change score increases as the
time interval increases. This is be-
cause reliability is of true score vari-
ance to total variance (ie, true score
variance plus variance due to unreli-
ability in the HPQ). True score vari-
ance (ie, inter-temporal change) will
increase as the time interval in-
creases, but the variance due to un-
reliability in the HPQ will remain
constant, leading to an increase in the
ratio of true:total variance. With ST

equal to 0.59 over the time interval
considered here, the reliability of the
HPQ change score is 0.73. Over a
longer time interval, such as 6
months or a year, which would be the
typical range of the time intervals
considered in the evaluation of work-
place health care interventions, the
stability of WP would decrease and
the reliability of the HPQ change
score would increase proportionally.

It is important to note that the data
presented in Fig. 2 are not optimal
because one might expect higher sta-
bility of a single scale (ie, the HPQ)
than of different scales over the same
interval of time (ie, SR1 and ESM2)
due to correlated method variance
(ie, a correlation between e1 and e2).
A model that includes a term for
correlated method variance cannot
be identified, making it impossible to
evaluate this possibility with only
two times and two indicators. As a
result, future work is needed that
includes other indicators measured at
multiple points in time. Despite this
limitation, though, the results in Fig.
2 are consistent with the HPQ pre-
senteeism scale being sensitive to
change in true presenteeism over rea-
sonable time intervals.

Fig. 2. Parameter estimates of the two-indicator two-time model of the stability of true
presenteeism (WPt) and the reliability of the HPQ presenteeism scale (HPQt). True presenteeism
is included by the HPQ at both times by supervisor ratings at time 1 (SR1), and by an aggregate
performance measure based on moment-in-time sampling of work performance using the
experience sampling method at time 2 (ESM2). As in more conventional exploratory factor
analysis models, measurement errors (e1–4) are assumed to be independent of true work
performance and of each other.
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Critical Incidents
As noted above, job-related acci-

dents are the third domain of work
performance typically assessed by
organizational and occupational psy-
chologists. Even though they are un-
common, accidents are important be-
cause of their potential high cost.
However, the same could be said of a
number of other rare but important
events in the workplace. Therefore,
we decided to expand the assessment
of accidents to include the broader
domain of what we call “critical
incidents,” including big successes,
big failures, and accidents. We ex-
plored a number of options for ask-
ing fully structured questions about
these incidents. In the end, though,
their rarity and great variety led us to
include three separate open-ended
question about successes, failures,
and accidents-injuries-near-misses in
the final HPQ. The textual responses
to these questions are converted into
general anonymous vignettes and
presented to supervisors for scoring
in terms of their monetary cost to the
company.

Conditions
Although the HPQ absenteeism,

presenteeism, and critical incidents
measures can be used on their own,
the standard WHO HPQ instrument
also includes separate series of ques-
tions about chronic conditions and
the symptoms of acute conditions.
For each reported condition, respon-
dents are asked if they are currently
in treatment and, if not, whether they
were ever in treatment for this prob-
lem. The questions about conditions
are included in the HPQ to obtain
information about the prevalence of
diverse health problems in the work-
place as well as to study differences
in the strength of association be-
tween individual conditions and the
HPQ outcome measures. In consid-
ering either of these uses, though, the
question arises as to the accuracy of
the conditions measures.

The HPQ assesses chronic condi-
tions using checklists modified from

the US Health Interview Survey.35 A
number of methodological studies
have found the self-reports obtained
in these checklists to be valid for
disorders brought to medical atten-
tion or that significantly limit activi-
ties when compared to independent
medical records.36–41 For example,
moderate-to-high agreement (Co-
hen’s 	)42 has been found between
self-reports and medical records re-
garding arthritis (	 � 0.41), asthma
(	 � 0.55), diabetes (	 � 0.82), and
high blood pressure (	 � 0.73).36

These are lower bound estimates be-
cause the medical record is not a
“gold standard,” especially for
chronic conditions that might not be
brought to medical attention (eg, ar-
thritis), for poorly defined conditions
(eg, back pain), and for symptom-
based conditions in which the medi-
cal record merely reproduces symp-
toms that are based on self-report
(eg, chronic headaches).

In the case of symptom-based con-
ditions, a number of more extensive
scales exist that could have been
used instead of the single yes-no
question in the HPQ. For example, a
brief and valid screener has been
developed to assess migraine based
on self-report.43 A decision was
made not to include symptom scales
of this type in the basic version of the
HPQ based on concerns about inter-
view length and the realization that
the HPQ checklist does a good job
assessing most important chronic
conditions. However, expanded ver-
sions of the HPQ are often used in
workplace surveys that include a
more in-depth assessment of a small
number of conditions in conjunction
with the standard HPQ checklist
questions. This kind of tailored ex-
pansion can be guided by prior
knowledge about conditions that are
likely to have special importance in
the workplace under study (such as
musculoskeletal conditions in a blue-
collar work setting in which heavy
lifting is an important aspect of work
performance).

The HPQ assessment of acute con-
ditions, in comparison, uses two

standard symptom checklists, one for
mental disorders and the other for
physical disorders. Mental disorders
are assessed with the K6 symptom
checklist of nonspecific psychologi-
cal distress.44 The K6 is a six-
question Likert scale that assesses
symptom frequency over the past 30
days for common symptoms of anx-
iety and mood disorders. The K6 has
excellent concordance with blind
clinical evaluations of mental disor-
ders.45 Acute physical conditions are
assessed with items selected from the
Patient Health Questionnaire 15
(PHQ-15), a 15-question scale of
acute somatic symptom severity.46

The PHQ-15 captures over 90% of
the presenting complaints for acute
physical health problems seen in pri-
mary care settings and has strong
monotonic relationships with inde-
pendent measures of global per-
ceived health and functioning.47

Analysis
Once the measures of conditions

and outcomes are available, conven-
tional regression analysis can be
used to estimate associations be-
tween conditions and outcomes.
However, a number of important
methodological issues arise here that
warrant discussion. Four of these
will be considered in this section of
the article: the confounding effects
of common causes; the role of risk
adjustment in evaluating differences
between health plans; the use of in-
novative strategies to evaluate the
effects of treatment on work perfor-
mance using non-experimental data;
and the implications of comorbidity
for evaluating the effects of individ-
ual conditions on work performance.

Common Causes
In estimating the effects of condi-

tions on work performance, it is im-
portant to recognize that morbidity is
not randomly assigned. This means
that the regression coefficients link-
ing conditions to performance cannot
unequivocally be interpreted in
causal terms. If unmeasured vari-
ables cause both increased risk of
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illness and work performance, failure
to control for the effects of these
variables will lead to bias in the
estimated effects of conditions. Per-
haps the most obvious example of
this problem involves the effects of
age. Age is strongly related to in-
creased risk of many kinds of
chronic conditions (eg, cardiovascu-
lar disorders, musculoskeletal disor-
ders). To the extent that age is also
significantly related to changes in
work performance independent of
illness, failure to control statistically
for age in multiple regression analy-
sis will lead to biased estimates of
the effects of illness on work perfor-
mance. However, age is not the only
potentially important confounding
variable. Others include gender, mar-
ital status, number and ages of chil-
dren, and education. It is important
to include controls for all of these
variables in multiple regression esti-
mates that estimate the effects of
conditions on work performance.

The major advantage of experi-
mental manipulation over analysis of
naturalistic variation is that the ef-
fects of unmeasured causes can be
assumed independent of the effects
of the focal predictor variables, mak-
ing it unnecessary to recognize, mea-
sure, and control for the effects of all
possible confounding variables in or-
der to obtain unbiased estimates of
the effects of the focal predictor vari-
ables. It is sometimes possible to
gain part of this advantage of exper-
iments in naturalistic analysis by
working with prospective individual-
level data and assuming consistent
effects of the unmeasured unchang-
ing causes.48 To see how this can
occur, consider an unstandardized re-
gression equation for the effects at
time t of a given condition (Ct),
time-varying causes such as age (Vt),
and time-invariant (unchanging)
causes such as sex (Ut) on work
performance (HPQt):

HPQt � b0t � b1Ct

� b2Vt � b3Ut (3)

If this survey was repeated in a
given workplace over two years and
individual-level responses were
linked, first differences could be
taken between the equations at times
1 and 2. Assuming consistent slopes
over time, the resulting difference
score equation would be:

HPQ2 � HPQ1 � (b02 � b01) �

b1(C2 � C1) � b2(V2 � V1) �

b3(U2 � U1 � 0) (4)

Note that the effects of Ut cancel
out, which means that any bias intro-
duced by failing to control for Ut in
Equation 3 disappears in Equation 4.
In addition, a comparison of the es-
timates of b1 in Equations 3 and 4
can be used to evaluate the effects of
unmeasured common causes on bias
in estimating the effects of condi-
tions. This kind of comparison can
be made in any workplace that re-
peats HPQ surveys on an annual
basis.

The data analysis strategy de-
scribed in the last paragraph applies
only to unmeasured causes that are
time-invariant. It is not possible to
correct for the bias introduced by
unmeasured time-varying causes.
These time-varying causes have to
be measured and introduced as ex-
plicit controls to adjust for their ef-
fects. We noted in the last section
that age is the most obvious example,
but it is not the only important time-
varying common cause of conditions
and work performance. A second
that is also very important for some
conditions is seasonality. A number
of conditions vary in prevalence by
season of the year. Seasonal allergies
and flu are the two most obvious
examples, but less extreme seasonal
variation is also found for other acute
conditions (eg, strains-sprains), for
exacerbations of some persistent
chronic conditions (eg, arthritis), and
for episodes of some chronic-
recurrent conditions (eg, depression).

To the extent that seasonal varia-
tion also exists in work performance,
failure to control for the effects of

seasonality introduces bias into esti-
mates of condition effects. To con-
trol for seasonality, it is necessary to
carry out HPQ surveys across all
seasons of the year, ideally using
randomization to assign respondents
to a data of survey administration. A
convenient approach of this sort is to
key administration to the worker’s
birth date. Most workplace health
and productivity surveys do not ran-
domize season. As a result, great
care is needed in interpreting the
estimated effects of conditions that
vary seasonally. For example, the
estimated effects of self-reported
seasonal allergies on work perfor-
mance in HPQ surveys conducted
either in the winter or summer are
dramatically lower than the esti-
mated effects in surveys conducted
in the spring or fall.

Risk Adjustment
In addition to estimating the ef-

fects of specific health conditions on
work performance, another common
research question is whether health
plans differ in the extent to which
they reduce the work impairments
associated with particular conditions.
This question can be addressed by
estimating statistical interactions in
multiple regression analyses between
conditions and plan membership in
predicting work performance. The
estimated effects of conditions on
decrements in performance would be
expected to be lower in plans that do
a better job of treating these condi-
tions. However, this kind of analysis
is subject to a special case of the
problem discussed in the previous
section on unmeasured common
causes: that unmeasured individual-
level determinants of selecting dif-
ferent health plans among workers
whose employers offer choice
among plans might introduce bias
into estimates of health plan effects.

For example, workers who take
least care of their health might be
expected to select the health plan
with the lowest employee contribu-
tion among those offered by their
employer, leading to an induced as-
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sociation between membership in
this plan and subsequent health-
related decrements in work perfor-
mance even if this plan is as effective
as other plans in ameliorating the
effects of health problems on work
performance. Or workers with the
most severe cases of a particular
health problem might select the
health plan with the best disease
management program for that prob-
lem, leading to upward bias in esti-
mating the impact of that health
problem on decrements in work per-
formance among enrollees of that
particular health plan.

These kinds of bias in health plan
selection have been the subject of
considerable interest among health
services researchers.49–51 The same
general types of strategies as those
described in the previous section on
common causes are used to address
these biases: to measure and control
for the biases in the estimation of
regression equations; and to modify
research designs to remove the bi-
ases. In general, if potential sources
of bias are measured (eg, individual
level health consciousness and health
locus of control), risk adjustment for
between-plan differences in these
variables can be achieved by intro-
ducing these measures as additive
control variables in multiple logistic
regression equations that also in-
clude main effects for conditions and
plans as well as interactions between
conditions and plans. The notion
here is that these biasing variables
are expected to have the same effects
across plans, but to differ in their
distributions across plans, allowing
these effects to be controlled with
additive compositional adjustments.

A design-based approach to esti-
mating the magnitude of selection
bias can be taken by pooling survey
results across samples collected
across a number of different work-
places in a single health care market.
Market-wide HPQ surveys of this
sort are carried out by a number of
local business coalitions. In cases of
this sort, the participating businesses
usually differ in the number of health

plan options they offer their employ-
ees, from one extreme of businesses
that have an exclusive contract with
a single health plan to the other
extreme of businesses that offer em-
ployees a choice among all health
plans in the market. Individual-level
selection bias will necessarily in-
crease in businesses that offer em-
ployee choice versus no choice and
might also increase as the number of
choices increases from only two to
many. This variation can be used in
the analysis of market-wide HPQ
surveys by comparing the estimated
risk-adjusted within-plan effects of
specific health conditions on work
performance in sub-samples that dif-
fer in amount of employee choice
among plans.

The Nonexperimental Analysis
of Treatment Effects

A related kind of selection bias
involves estimating the effects of
treatment. The HPQ collects data on
whether respondents who report spe-
cific health problems are or are not in
treatment for these problems. This
makes it possible to estimate multi-
ple regression equations that include
separate predictions for untreated
conditions and treated conditions. A
fairly consistent pattern found across
a number of HPQ surveys is that the
significant effects of certain condi-
tions on decrements in work perfor-
mance are confined to workers who
are not in treatment for these prob-
lems (eg, seasonal allergies), while
for other conditions these effects are
confined to workers who are in treat-
ment (eg, arthritis) and for still others
the effects are unrelated to treatment
(eg, depression). The question obvi-
ously arises whether such results tell
us anything about the effects of treat-
ment.

The main difficulty with making
inferences about treatment effects
from such nonexperimental data (ie,
data in which the researcher does not
use some type of probability mecha-
nism to manipulate exposure, inten-
sity, or quality of treatment) is selec-

tion bias: that the severity and
impairment caused by an illness
strongly predict whether or not a
person with that illness will seek
treatment. This selection bias leads
to a conservative bias in estimating
treatment effects from non-experi-
mental data. Indeed, this bias often
swamps treatment effects, leading to
a pattern in which workers with a
particular illness have lower work
performance if they are in treatment
than if they are not in treatment. This
does not mean that treatment hurts
work performance (although there
are certainly instances in which that
may be the case).

Two important conclusions can
sometimes be drawn from nonex-
perimental HPQ survey data on treat-
ment despite the existence of selec-
tion bias. First, in instances where
the aggregate work impairment of
untreated cases is no greater than that
of people without the condition, the
most plausible interpretation is that
selection processes keep mild cases
out of treatment. This means that
additional outreach efforts to in-
crease the proportion of workers
with the condition who obtain treat-
ment would not be cost-effective
from the employer perspective.
Downstream cost savings (eg, early
intervention to prevent future costs)
are another matter and cannot be
evaluated in cross-section HPQ sur-
veys. The same is true for the extent
to which increases in barriers to care
might reduce the number of other
mild cases who are currently in treat-
ment without affecting work perfor-
mance. Both of these issues can be
examined by using longitudinal HPQ
surveys to evaluate the effects of
workplace health care interventions,
but not in non-experimental cross-
sectional analyses.

Second, in instances where the
significant effects of the condition on
decrements in work performance are
greater among workers who are not
in treatment than those in treatment,
one can reasonably conclude that
treatment is effective. This interpre-
tation is based on the assumption that
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selection bias works in the opposite
direction from the observed data pat-
tern (ie, more serious cases seek
treatment). The magnitude of the
treatment effect cannot be estimated
by comparing the slopes of treated
and untreated cases because of the
selection bias. However, in the ab-
sence of other information, it is plau-
sible to assume that the treatment
effect is at least as large as the
difference between the slopes of
treated and untreated cases. It is also
reasonable in such cases to consider
the possibility that outreach to in-
crease the treatment rate among
workers with this condition might be
cost-effective from the employer
perspective.

It is difficult to draw firm conclu-
sions about treatment effects in the
more typical instance where the sig-
nificant effects of the condition on
decrements in work performance are
greater among workers who are in
treatment than those not in treatment.
In such instances, it might be that the
performance of workers in treatment,
albeit lower than the performance of
untreated workers with the same
condition, might have been even
lower in the absence of treatment.
Similarly, the performance of work-
ers not in treatment, even though it is
better than that of treated workers,
might nonetheless improve signifi-
cantly with treatment. Yet we have
no way to know if either of these
possibilities is the case in the ab-
sence of other data.

The obvious way to resolve these
uncertainties is to implement a con-
trolled treatment intervention in
which probability or quasi-probabil-
ity mechanisms are used to assign
some, but not all, individuals or units
of individuals (eg, some, but not
other, branches of a bank; some, but
not other, departments in a large
corporation; some, but not other,
businesses in a local business coali-
tion) to greater access, intensity, or
quality of treatment than others.
Comparisons between respondents in
the different treatment arms can be
used to make inferences about treat-

ment effects that are much less sub-
ject to selection bias than the com-
parisons based on non-experimental
data. Weaker, but nonetheless useful,
inferences about treatment effects
can be made from before-after com-
parisons in a single business setting.3

Is there any way short of such an
intervention to make useful, although
necessarily incomplete, inferences
about likely treatment effects from
non-experimental data? This is pos-
sible in some instances, but access to
additional information is required
that can be used to introduce the
equivalent of quasi-randomization
into the analysis. A good example is
the work of Weiss et al,52 who esti-
mated the cost-effectiveness of im-
plantable cardioverter defibrillators
in patients with ventricular arrhyth-
mias by making use of the two ob-
servations that (1) the proportion of
patients who receive this procedure
varies enormously across hospitals
and (2) that the vast majority of
patients who seek treatment for this
condition do so by going to the
hospital that is closest to their home.
Weiss and colleagues used these ob-
servations to create a score for the
predicted probability of receiving
this procedure for each patient eligi-
ble for the procedure across a large
sample of hospitals based on the
track record of the hospitals for per-
forming the procedure in the past.
The amount of variance in actual use
of the procedure that was predicted
by this score, which was assumed to
be independent of any individual se-
lection bias, was used to implement
an econometric estimation procedure
that allows treatment effect to be
estimated with only minimum bias.
Although we are aware of no com-
parable within-market studies, one
could easily imagine similar analyses
being carried out to evaluate the
effects of disease management pro-
grams that are unique to individual
health plans in a single market by
pooling data across members of a
business coalition in the market that
differ in the access they give their

workers to participation in that
health plan.

Comorbidity
The discussion of data analysis

issues has so far focused on the
effects of individual conditions and
their treatment. However, the major-
ity of working people with chronic
disorders suffer from more than one
chronic condition. This is illustrated
in Table 2, which shows the distri-
bution of the number of chronic con-
ditions reported by respondents in a
series of HPQ surveys carried out in
the summer of 2003. Only 13.2% of
respondents reported that they had
none of the 27 chronic conditions in
the HPQ checklist, while an addi-
tional 15.9% reported having only
one of these conditions and the re-
maining 70.9% reported having two
or more conditions. Among workers
who reported having at least one
chronic condition, the median num-
ber of conditions was four.

Previous research has shown con-
sistently that comorbid disorders are,
in general, more impairing than pure
disorders in both clinical samples53

and community samples.15 These
same studies have also shown that
the incremental effects of additional
disorders on diverse measures of
functioning generally decrease as the
number of comorbid conditions in-
creases. This is illustrated in Table 3,

TABLE 2
The Distribution of Number of Chronic
Conditions in Recent HPQ Surveys
(n � 10,050)

Number of
Conditions % Cumulative %

0 13.2 13.2
1 15.9 29.1
2 15.6 44.7
3 13.0 57.7
4 10.8 68.5
5 8.3 76.8
6 6.7 83.4
7 4.8 88.3
8 3.5 91.8
9 2.8 94.6

10 2.0 96.5
11� 3.5 100.0
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which presents data on chronic pain
from the same HPQ surveys as in
Table 2. The first column shows that
14.5% of respondents reported
chronic pain and that the vast major-
ity of these workers also reported a
number of other comorbid chronic
conditions. The median number of
conditions reported by workers with
chronic pain was five. The second
column of Table 3 presents the esti-
mated annualized effects of chronic
pain based on a series of multiple
regression equations that included
separate dummy variables for each
of the 27 chronic conditions in the
HPQ checklist plus controls for sev-
eral sociodemographic variables
(age, sex, occupation).

The equations used to estimate the
results in the second column of Table
3 differed only in the sub-samples of
respondents that they included. The
equation used to estimate the effect
in the first row (7.2 days/year) was
based on the 85.5% of respondents
who did not report chronic pain plus
the 2.1% who reported that chronic
pain was their only chronic condi-
tion. The equations used to estimate
the effects in the next four rows (5.5,
2.5, 0.2, and 0.2 days/year) were
based on the 85.5% of respondents
who did not report chronic pain plus
those who reported chronic pain in
addition to either a low (1 to 3),
medium (4 to 6) high (7 to 9), or very
high (10 or more) number of other
comorbid conditions. The equation

used to estimate the effect in the last
row (3.0 days/year) was based on the
entire sample. The results are very
clear in showing that the estimated
effect of chronic pain decreases
monotonically as the number of co-
morbid conditions increases.

Two conclusions can be drawn
from this pattern of results. The first
is that the estimated effect of chronic
pain in the total sample, 3.0 days/
year, is not a very adequate descrip-
tor of the actual impact of this con-
dition because of the interaction
between chronic pain and number of
comorbid conditions in predicting
absenteeism. A disaggregated analy-
sis of the sort shown in Table 3
provides a much more accurate de-
scription. The second conclusion is
that the number of conditions is
sometimes more important than the
nature of conditions among workers
with high comorbidity. This is borne
out in more extensive analyses of the
same data set (results not presented
in the table), which show that very
few individual conditions are signif-
icant predictors of absenteeism
among workers with high comorbid-
ity even though workers with high
comorbidity have an extremely high
rate of absenteeism.

An important methodological im-
plication of these two conclusions is
that the best way to estimate a single
multiple regression equation for the
joint effects of many different

chronic conditions on absenteeism, if
a single equation is desired, is to
define separate dummy variables for
each of the conditions under consid-
eration among workers who do not
have high comorbidity in addition to
one or more separate dummy vari-
ables for workers with high comor-
bidity that ignore the nature of their
conditions. An even more useful ap-
proach is to abandon the use of a
single equation and to examine the
joint effects of number of conditions
and, among people with a given
number of conditions, types of con-
ditions, in predicting absenteeism.
This kind of joint investigation of
number and nature is a standard fea-
ture of the analysis of HPQ survey
data.

A final consideration in the analy-
sis of comorbidity is that certain
types of comorbidity might have es-
pecially powerful synergistic effects
on workplace functioning. One class
of comorbidities that has become the
subject of special interest in this
regard involves comorbidities of
mental disorders with chronic physi-
cal disorders. Strong patterns of
mental-physical comorbidity have
been found for a number of com-
monly occurring physical disorders
both in general population samples54

and in primary care samples.55 In
addition, clinical studies have found
substantial impairment associated
with co-occurring mental disorders
among people with chronic physical
conditions.56 Furthermore, recent
analysis of HPQ data has shown that
the effects of several common
chronic physical conditions on ab-
senteeism increase dramatically
when these conditions are comorbid
with anxiety disorders or clinical de-
pression.15 These results raise the
intriguing possibility that expanded
outreach and treatment of workplace
mental disorders might be cost-
effective by virtue of the indirect
effects on reductions in the work
impairments associated with comor-
bid physical disorders.

TABLE 3
The Estimated Effects of Chronic Pain Disorder on Annualized Absenteeism
Days in Recent HPQ Surveys Among Respondents Who Differ in Number of
Comorbid Conditions (n � 10,050)†

Prevalence
(%)

Annualized Effect
(days/year)

Pure 2.1 7.2
Low comorbidity (1–3) 23.9 5.5
Medium comorbidity (4–6) 32.6 2.5
High comorbidity (7–9) 25.3 0.2
Very high comorbidity (10�) 16.1 0.2
Total 14.5 3.0

† Effect size estimates are based on linear regression equations that control for age, sex
and occupation in predicting 30-day absenteeism. Annualized estimates are projected by
simple linear extrapolation from 30-day estimates.
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Discussion
The results presented in the first

section of the article demonstrated
that the HPQ work performance
measures are reliable, valid, and sen-
sitive to change. Data also were re-
viewed that demonstrate the reliabil-
ity and validity of the HPQ measures
of chronic and acute conditions.
Taken together, these results support
the use of the HPQ as an efficient
and accurate method to obtain infor-
mation on workplace health and pro-
ductivity. However, we also noted
that the HPQ is designed to estimate
overall indirect costs of individual
health problems rather than to collect
data on the ways in which individual
health problems influence overall
work performance (eg, by decreasing
the abilities to lift, read, concentrate
etc.). It is important for users to be
clear about which type of data they
need for their research purposes. In
cases where both types of data are of
interest, domain-specific questions
(eg, the short version of the WLQ)
can be added to the HPQ.

Endemic data analysis problems
that confront health and productivity
researchers irrespective of the mea-
surement tools they use were dis-
cussed in the second section of the
article. We also discussed ways these
problems are addressed in current
HPQ studies using innovative ap-
proaches to research design and data
analysis. All of these approaches fo-
cused on making causal inferences
about the effects of health care inter-
ventions. Such inferences are re-
quired for the employer to calculate a
return on investment in health care.
The ideal way of doing this, of
course, is to carry out an experiment
(eg, randomly assigning workers or
business units to the intervention).
We are involved in several such ex-
periments using the HPQ as one of
the primary outcomes. When this is
not possible, though, quasi-experi-
mental test market studies and natu-
ralistic studies are required. The
HPQ can be used in all these types of
studies.

As cross-section surveys are the
beginning step for more complex
designs, electronic HPQ report-
generating software has been devel-
oped to produce easy-to-interpret re-
ports from cross-sectional HPQ
surveys. These reports allow em-
ployers to answer a number of basic,
but important, questions that must be
addressed in order to have rational
health care decision-making: (1)
Which conditions are most common
in my workforce? (2) Which condi-
tions are associated with the greatest
lost productivity in my workforce?
(3) Are the presumed effects of the
latter conditions confined to workers
who are in treatment for these con-
ditions, to workers who are not re-
ceiving treatment, or both? (4) What
is the monetary value of the lost
performance associated with these
conditions? (5) Are the presumed
effects of these conditions the same
or different across health plans?

Answers to these questions can
help employers choose health plans
that adequately treat costly condi-
tions. Of course, HPQ data will only
be one of several important inputs to
this strategic planning. Nonetheless,
the part of the relevant data provided
by the HPQ is currently absent from
the decision-making information
available to most employers. The
answer to question (5) in the last
paragraph is of special importance.
As noted earlier in the paper, a num-
ber of sophisticated statistical meth-
ods have been developed for the
valid non-experimental comparison
of outcomes across health plans.49–51

In the ideal case, such analyses
would be carried out at a market
level in collaboration with an em-
ployer coalition that is able to gener-
ate a database far larger and more
varied than the one that could be
generated by focusing on the em-
ployees of a single company. Based
on this realization, we are currently
working with the Midwest Business
Group on Health in collaboration
with the National Business Coalition
on Health to develop a model health
and productivity evaluation and

quality assurance system that uses
the HPQ to assess indirect costs of
illness.

It is important to realize that so-
phisticated comparisons of health
plans using thoughtful case-mix risk
adjustment methods have been car-
ried out in the past. However, these
evaluations have focused almost en-
tirely on health care outcomes rather
than on workplace outcomes.57,58

There has been a particular focus on
process measures (ie, various clinical
quality measures) rather than on out-
come measures (ie, morbidity, mor-
tality, speed of recovery), with some
notable exceptions.59,60 There are
two reasons why workplace out-
comes (ie, presenteeism, absentee-
ism, duration of work disability)
have not been included in these stud-
ies. First, research in this area has
been under the direction of health
care professionals whose main inter-
est is in health care outcomes rather
than workplace outcomes. Second,
health care outcomes measures are
much more readily available than
workplace outcomes measures.

To obtain more and better data on
between-plan differences in work-
place outcomes, employers need to
make it clear to their health plans
that workplace outcomes are of cen-
tral importance to their contracting
decisions. In addition, they have to
facilitate access to workplace out-
comes data. Both of these things can
be done most effectively when em-
ployer coalitions work with their lo-
cal health plans to develop a coordi-
nated approach to collecting
workplace outcomes data in parallel
across a number of different work-
places. This is the approach we are
taking in our work with the Midwest
Business Group on Health.

In addition, it is important to rec-
ognize that one-time evaluation of
health plan performance has to be
followed with ongoing quality assur-
ance monitoring. The HPQ can be
extremely useful in the latter regard,
as annual HPQ tracking surveys can
be used to monitor trends in rates of
treatment among workers with costly
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conditions as well as trends in both
within-plan effects of specific condi-
tions on work performance and be-
tween-plan differences in these ef-
fects. In cases where trends of this
sort are monitored carefully across a
number of collaborating corporations
in a market-wide employer health
care coalition, it is feasible to envi-
sion the development of health plan
incentives based on these trends to
increase productivity rather than
merely to decrease direct costs. The
field of health and productivity man-
agement is too new for good models
of this sort to exist, but this is clearly
a feasible goal for the future as im-
plementation of health and produc-
tivity surveys become a routine on-
going part of employer data
gathering in the service of maximiz-
ing returns on health care invest-
ments.
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