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Objective. Due to a shared environment and similarities among workers within a worksite, the
strongest analytical design to evaluate the efficacy of an intervention to reduce occupational
health or safety hazards is to randomly assign worksites, not workers, to the intervention and
comparison conditions. Statistical methods are well described for estimating the sample size
when the unit of assignment is a group but these methods have not been applied in the evalu-
ation of occupational health and safety interventions. We review and apply the statistical
methods for group-randomized trials in planning a study to evaluate the effectiveness of tech-
nical/behavioral interventions to reduce wood dust levels among small woodworking busi-
nesses.

Methods. We conducted a pilot study in five small woodworking businesses to estimate
variance components between and within worksites and between and within workers. In each
worksite, 8 h time-weighted dust concentrations were obtained for each production employee
on between two and five occasions. With these data, we estimated the parameters necessary to
calculate the percent change in dust concentrations that we could detect £ 0.05, power =
80%) for a range of worksites per condition, workers per worksite and repeat measurements
per worker.

Results. The mean wood dust concentration across woodworking businesses was 4.53 fag/m
The measure of similarity among workers within a woodworking business was large (intraclass
correlation = 0.5086). Repeated measurements within a worker were weakly correlated=
0.1927) while repeated measurements within a worksite were strongly correlated< 0.8925).
The dominant factor in the sample size calculation was the number of worksites per condition,
with the number of workers per worksite playing a lesser role. We also observed that increasing
the number of repeat measurements per person had little benefit given the low within-worker
correlation in our data. We found that 30 worksites per condition and 10 workers per worksite
would give us 80% power to detect a reduction diB0% in wood dust levels @ = 0.05).

Conclusions. Our results demonstrate the application of the group-randomized trials
methodology to evaluate interventions to reduce occupational hazards. The methodology is
widely applicable and not limited to the context of wood dust reduction.
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INTRODUCTION assessment of interventions to reduce job-related
. . ealth risks in the occupational setting (Goldenhar

Lack of rigorous study design has hampered thlg . .
9 y g P and Schulte, 1994). Studies have typically lacked
randomization to intervention and comparison condi-
*Author to whom correspondence should be addressed.  tions and have relied on small numbers of study
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participants, usually selected from a single worksitenot variation in the exposure, but rather variation in
Due to the shared environment, any study thahe outcome.
attempts to evaluate an intervention by assigning Wood dust is a known carcinogen for cancer of
workers within a worksite to intervention andthe nasal cavity (IARC, 1995) and is also strongly
comparison conditions may be compromised bgssociated with other respiratory illnesses (e.qg.
contamination resulting from interaction betweerasthma). It is estimated that more than 1200000
workers assigned to different conditions. Makingvorkers are employed in the logging, woodworking
matters worse, workers within a worksite often sharand carpentry trades; 64% of these are employed in
common selection factors or exposures, so th#ve manufacture of wood products (National Institute
observations taken on workers from the same workker Occupational Safety and Health, 1988). With this
site are likely to be correlated (Kish, 1995). Any suctihealth concern in mind, we designed a group-
correlation will violate the independence of errorgandomized trial to evaluate the efficacy of technical
assumption that underlies the familiar analyticabssistance and worker education to reduce wood dust
methods based on the General Linear Model (Searleyvels among small businesses (5-25 employees) that
1977). The solution to these problems is to employ @anufacture wood products in Minnesota. Because
group-randomized trial design and analyticalve were interested in changing not only worker
methods appropriate to the correlation expected ipehavior to lower dust, but also the work environ-
the data (Murray, 1998). Although such methodgnent, thereby exposing all workers within a worksite
have been used widely in other areas of public healtt®) the intervention, we anticipated the need for a
including school-, worksite- and community-basedyroup-randomized trial. To determine the number of
health promotion projects, these studies have primatoodworking businesses that would be needed for
ily sought to change individual lifestyle behaviors statistical power to detect a specified reduction in
like smoking or diet (Lasatet al, 1997; Ockenet wood dust between the intervention and comparison
al., 1997; Resnicow and Robinson, 1997), rather thagPnditions, we needed estimates of the variance for
work conditions that adversely affect health or safetyvorker exposure to inhalable dust from day to day,
The purpose of this paper is to introduce group@Mong workers within a woodworking business
randomized trial methods to researchers working idnd between workers in different woodworking
the fields of environmental and occupational healtusinesses. To obtain those estimates, we carried
This task is made easier by the parallels between tRgt @ pilot study in five woodworking businesses
analytical methods often used in group-randomizefProsseatet al, 2001). In this paper we summarize
trials and those used recently to study exposut8€ design and statistical considerations involved in a
variability in cohort studies (Kromhoet al, 1993, 9roup-randomized trial and show how we used the
1994, 1995, 1996: Kromhout and Heederik, 1995data from the pilot study to estimate the sample size
Rappaportet al, 1995, 1999; Tornero-Velezt al, for the efficacy trial.
1997a,b). These studies employed mixed model
regression to examine between- and within-worker MATERIALS AND METHODS
variability as they affect the precision of the exposure
measures or as they affect the contrast in exposubescription of pilot study

between groups. These studies defined groups inA detailed description of the pilot study is provided
different ways, but usually as a function of job title ofe|sewhere (Brosseat al, 2001); we briefly review
type of work. One of the goals in these studies hafe methods here. We invited a convenience sample
been to identify groupings that maximize the differof five small woodworking businesses in the metro-
ences in exposure, while maintaining high precisiorpolitan Twin Cities area to participate in our pilot
so as to optimize the power to study dose-responsgidy. These businesses were engaged in the manu-
relationships. facture of wood fixtures, cabinets or millwork and
While we also use mixed model regression methodeey employed on average eight workers (range 5-
in group-randomized trials, the goals and study1). After receiving permission from the owner, we
designs are quite different from those used in suaiet with the workers to explain the purpose of the
cohort studies. In a group-randomized trial, wholgilot study and the procedures for collecting dust
worksites are randomized to intervention andneasurements. Overall, 90% of the workers consented
comparison conditions and workers within thoseo participate in data collection.
worksites are measured to assess the impact of thédust sampling was carried out with personal inhal-
intervention. The group is the worksite, rather than able dust samplers (IOM sampling, SKC Inc., Eighty-
subset of the workers defined by job title or similaFour PA), loaded with fm PVC filters and personal
scheme. The goal is to minimize differences amongampling pumps (SKC Aircheck, SKC Inc), operated
groups within each study condition so as to optimizat 2 I/min. To the extent possible, we conducted our
power to study intervention effects between condimeasurements in each worksite over 2 weeks, includ-
tions. Thus, the focus in a group-randomized trial i;ng each day of the week (e.g. Monday, Wednesday
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and Friday in the first week and Tuesday and Thur&his analysis is based on the General Linear Mixed
day in the second week), for a total of 5 days pevlodel (Harville, 1977; Laird and Ware, 1982; Laird
worksite. On average, each worker within a woodet al, 1987; Donner, 1984, 1985; Stiratedit al.,
working business was sampled four times (rang&984; Ware, 1985), which extends the General Linear
2-5) over the course of 2 weeks. Model to allow multiple sources of random variation.
At the conclusion of each day of sampling, filtersThe mixed model ANOVA and ANCOVA have been
and cassettes were desiccated and then weighed. Inglilely recommended for this design because they
vidual dust concentrations were measured for thearry the nominal Type | and Il error rates across a
total work time (usually 8 h) and concentrationsyariety of conditions common to group-randomized
(mg/m?) were determined by dividing total cassettarials (Zucker, 1990; Koepsedtt al, 1991; Feldman
weight gain (mg), adjusted by averaged field weighind McKinlay, 1994; Murray and Wolfinger, 1994;
gains (using blanks filters), by the total volume of\iyrray et al, 1996; Hannan and Murray, 1996).
sampled air (9) as: More generally, mixed models are appropriate when-
ever the data includes multiple sources of random
concentration (mg/M = [((W, —~Wy) - B, ~B)l  variation. Such studies are sometimes described as
V% 1000 having nested, hierarchical or multi-level structures.
Designs that have multiple sources of random vari-
whereW, is the initial weight of filter and cassette ation include designs that have repeat measurements
before sampling (mg)W, is the post-sampling o the same participants, designs that employ cluster

weight of filter and cassette (M@, is the mean tare sampling and group-randomized trials.
weight of blank filters and cassettes (mB),is the

mean post-sampling weight of blank filters andstatistical notation

cassettes (mg) ar\tlis the volume of e}ir sa}mpled 0 We follow the notational scheme of Murray (1998)
[averfggel flow in l/mirx tlmg sa;nple: in mlrll].' to facilitate cross-references to that standard text for
A final dust concentration for the worksite WaSye gesign and analysis of group-randomized trials.
cal(_:ulated by taking the mean O_f the vv_orker conceys ek symbols are used when their meaning is well
trations across all days of sampling. I_Drlor to analys'@stablished, such as the mep)) {ntervention effect
we applied a log transform on worksite dust concert-A) variance ¢2) and residual erroe}, and for alge-
tration values to correct for a strong positive skew. bra:ic functions. such as summati(ﬂ)' (The expres-
siono? is used to refer to the residual error variance.

Statistical overview - ) -
A ted in the introducii b i tak Similarly, the expressionz is used to refer to the
S noted In the introduction, observations taken Of), i, e of the intervention effect.

workers in the same worksite tend to be positively Fixed and random effects are represented by an

correlated, due to common job selection, expenencuepper case first letter of the variable name while the

and mutual interaction. This positive intraclass umber of levels of each effect is represented by a
correlation (ICC) is common to observations taker P y

on the members of any identifiable group (KishIOWer case ﬁ.rSt letter Of. the _v_ariable hame. As such,
1995). In this case, it reflects an extra source of randoMe_mber,Mi (i =1.m), |dent|f_|es th? unit of opser-
variation due to the worksite, above and beyon§2tion- Group.Gy (k = 1..g), identifies the unit of
random variation due to the workers and othefSSignment. Time,Tj = 1..1), identifies the survey
sources. Because woodworking businesses are nest8d- Pre-test, post-test). Repegj,(R=1..r) refers
within study conditions in a group-randomized trial[° the repeat measurements taken on a member in any
the intervention effect must be assessed against €N survey. Condition, @ = 1..c), identifies the
variation between worksites, rather than the variatioptudy conditions. Effects are fixed when all levels of
within worksites (Cornfield, 1978). Unfortunately, Interest are included in the study and inferences are
the precision available to estimate the variatiofimited to those levels (e.g. time, condition); effects
between worksites is expected to be less than for t@ée random when the levels included represent some
variation within worksites, given the limited numberlarger population of levels and inferences are to be
of woodworking businesses relative to the number ghade on that larger population (e.g. group, member).
workers. Without proper planning, these factors can All random effects are in bold type, while fixed
combine to make it almost impossible to detect intereffects are in plain type. Because fixed and random
vention effects in an otherwise well-designed aneéffects are distinguished in this manner, all expected
properly executed study (Murray, 1998). mean squares are presented in terms of variance
The most common analysis for a nested crossomponents. For example, the variation among the
sectional design with two time intervals (pre-test antevels of condition is defined @8 instead of
post-test) is a tim& condition mixed model analysis c
of variance (ANOVA) or covariance (ANCOVA). z Ciz/ (c-1)

i=1
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Table 1. Expected mean squares for the adjusted analysis of data from a nested cross-sectional pre-test—post-test capparison gr
design

Source df E(MS) MS

Condition c-1 02 + r0%.44,c + tMro2,. + gtmro? MS,

Group: C cg-1) 0% + 0% + tMIOG, MSq:c

Time t—1 02 + 10344, + MIOZ, + cgmio? MS,

TC (t-1)c-1) 02 + [034q,c + MIOZ + gMIO% MS,

TG:C (t-1x(@-1) 02 + 1024, + MIO%y, MSig.c

Member: TG:C tgg(m-—1) 02 + r024g:c MSp.19:c

Repeat: M:TG:C tgem(r — 1) 02 MS,

Equations The expected mean squares for this analysis are

Given a nested cross-sectional pre-test-post-te¥town in Table 1. The null hypothesis of no interven-
design with multiple observations on each workeHOn effect is assessed as MBS .
measured in each survey, the model for the time The variance of this intervention effect is:

condition ANCOVA is: 2 MSiq.47
X Oa —ZXZngrD 3)
Ypi:jk:l = H+CI +Tj +TCjI + z Bo(xoip:jk:l_xo ----- ) (1) = 2x erg + I’O'%n:tq:c + mI’O%g:cﬂ
0=1 ] gmr 0
+Gp TG + Mo + €. , .
kel et 7 kel ] There are X 2 timex group means that define the

] intervention effecty repeat measurements on each of
Here the colons denote nesting. The observed valyemempers in each timegroup survey ang groups
(Ypija) for the pth repeat measurement on tite  jn each condition.
member nested within theh group andth condition  Here, 2 is the within-member component of vari-

and observed at thth time is expressed as a functiongnce aneb?n:tg;c is the between-member component
of the grand mearny, the effect of théth condition, of variance; together, these two components
C,, the effect of thgth time, T;, the joint effect of the comprise the total variation in the dependent variable
Ith condition and thth time, TG, the realized value Y thatis attributable to members}, =02 + 03,

of thekth group,G,, ON(0,02,.), the realized value [N the same WaWtzg:c_iS the within-group component
of the combination of théth group andth time, ~Of variance ands%,. is the between-group compon-
TG ON(0OZ,), and the realized value of it ent of variance; together, these two components

memberM DN(OIO-%n:tg:C)' For each covariate, the COMPprise the total variation in the dependent variable

>¢ e Jepe )
portion of Y, that is explained by the difference Y that is attributable to groupsyy = 0. + Ofye.

fAnd because the variation attributable to members
between the observed value and sample mean on the . .
and groups together comprise the total random vari-

. e O . . tion in the dependent variabfeit follows thatay =
covariate. Any difference between this predicted., +02 +02. +02
g:c

. e m:tg:c tg:c*
value and the observed value is allocated to the-l-he between member component of variance as a

residual errorgy; N(0,0), including any vari-  fraction of the total variation attributable to members
ation among the repeat measurements on each pergifines the within-member correlation over repeat
in a single pre-test or post-test survey. (In papepservationst

. : . . byy(m):
published previously on the variability of exposure in
cohort studies, what we terog,.,.. has often been , _ oﬁmg:c @)
labeled the between-subject variance and what we yy(m) 2 402
term o2 has often been labeled the within-person o
variance.) It follows thato?,.,.c = 02 (Fyym) and 02 =0%,(1 -

The intervention effect for this analysis is thefyym)- Similarly, the between group component of
adjusted net difference between the pre-test and po¥gfiance as a fraction of the total variation attribut-
test means in dust concentration in the interventiof/€ © grciupl;s, deflr;_es the within-group correlation
(I) and comparisor@) conditions: over repeat observationgyg).

2
— — — — 0’ .
A= (Y-2-I_Y-l-|)_(Y-Z-C_Y-l-d (2) —Jgc (5)

Tywo) = 2
Og:c + Otgc

- z Bol (Xo-.2.— Xo..1.0 = (Xo..2.c— Xo..1.9]
o=1
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It follows thato., = 03 (ryyg) andof,. =0%(1 — analytical plan. They can also be adapted to reflect
Moy modifications in that plan; for example, if no repeat
Finally, note that the total variation in themeasurements are planneg,, is set to 0 and is
dependent variablé that is attributable to groups, asfixed at 1. Murray (1998) presents expressions corres-
a fraction of the total variation itY, defines the ponding to equations (3) and (8) for a wide variety
classic intraclass correlation in a group-randomizedf other designs and analytical plans commonly
trial that indexes the correlation among membersmployed in group-randomized trials; equation (9) is
nested within groups, which are in turn nested withi@pplicable to any design and analytical plan having a

conditions: 1 df contrast as an intervention effect.
2 Analysis
ICCpygre = —2— 6) Y . .
d an + g2 We analyzed the data from the pilot study using
g a time x condition mixed model ANOVA with
It follows that o2, = oZ(1 - ICG,.5.0) ando% = SAS PROC MIXED v.6.12 (SAS Institute, 1997),
0% (ICCppg.0- allowing for repeat observations on members. We did
As a result: not make any regression adjustment for covariates in
our analyses, so that the variance component esti-
0% = 0%, (1 =ryymy) =051 = 1CGCp.g:0(1 —Tyymy) mates do not reflect any inc_rease or decrease that
might result from such an adjustment. We checked
O%ntge = Ot (yym) = 05 (1 = 1CG4.9(Fyymy) the residual error distribution and confirmed that it
was normal.
0%c = 03 (Tyyg) = 03(ICCr:d(Fyy) We report here the mean dust concentrations and

variances associated within and between worksites
0%yc = 05(1 =T yyq) =0%(1CC. (1 —ryyq) (7) thatwe observed from these pilot data. As an illustra-
tion of these statistical methods, we used these esti-

Simple substitutions allow us to rewrite the variancéhates to also calculate a range of smallest detectable
of the intervention effect as a function @¢2y, differences, expressed as a percent reduction in dust,

ICCig:0 Tyymy ANy to assess the interplay between the number of work-
- sites (), the number of workersn) and the number
2 Dcyzy(l— ICCh.q:0 (1= yym)) of repeat measurements on each workeartd their
o2 =2x2 g Yyl (8) : . - .
O gmr effect on sample size in group-randomized trials
17 (1= 1CCpq0 (Fyytm) conducted in an occupational setting. Finally, we
+—t A express the detectable differences in standard devi-
gmr . , .
mrozy(ICCm.g.c)(l—ryy(m))D ation units which can be used to adapt the results to
+ = other dependent variables.
gmr o
Equation (3) or (8) can be used to plan a study that RESULTS

is large enough to allow for the extra variation and

limited precision that is common to the nested cross- Table 2 presents the mean wood dust concentration
sectional design. To use equation (3), investigatoescross worksites as 4.53 mg/om the original scale
need good estimates 0f, 0%,5.c andozy.. Touse and 1.05 In(mg/d on the log scale. Table 2 also
equation (8), investigators need good estimates pfesents the estimates for the four components of
0%, ICC.g:0 fyym) @ndryq). These parameters arevariance identified in equation (1), which ranged
best estimated from data gathered on workers filom 0.0585 to 0.4859. Using these estimates and
worksites like those that will participate in the effi-equations (4) and (5), the over-time correlations for
cacy trial; that is the reason we conducted the pilatorksites and workers were estimated as 0.8925 and
study. Once investigators have an estimatedfr  0.1927, respectively. Table 2 also presents the intra-
they can then use equation (9) (below) to estimate tlass correlation of workers within worksites, esti-
detectable difference as a function of the number ghated as 0.5086; the estimate is interpretable as an
workers (n) per worksite, the number of worksitesaverage correlation among workers in the same
(9) per condition and the desired Type | and Il erroworksite. It is quite large, but that is often the case for

rates Griicararz * toriticarp): ICCpy.q.c in studies involving repeat observations on
A > the same members (Murray, 1998). Fortunately, the
2 . . L . .
A= A/crA (teriticat:as2 * teriticar:p) (9) over-time correlation within worksites was also quite

large, at 0.8925, so that the impact of this large

More generally, equation (3) or (8) in combinationlCCy,.... was substantially reduced. The over-time

with equation (9) can be used to plan any groupzorrelation within workers was more modest, but also
randomized trial that employs the same design arftelped to reduce the impact of the large |GG The
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Table 2. Results from the analysis of dust measurements from five pilot woodworking businesses for calculation of sample size
estimates needed in a group-randomized trial to assess the efficacy of an intervention to reduce dust levels

Raw scale
Mean dust concentration mg/m? 4.53
Log scale
Mean dust concentration mg/m? 1.05
Workers per worksite m 7
Variance due to worksites &5 = &é;c + &%g:c 0.5444
Between worksite variance &é;c 0.4859
Within worksite variance g 0.0585
Correlation within worksites over time Fyy(g) = 829;0 /(&é;c + 8’%g:c) 0.8925
Variation due to workers cAr?n = cAri + Erzrn;tg:c 0.5259
Between worker variance &m:tg:c 0.1014
Within worker variance c}i 0.4246
Correlation within workers over time Fyy(m) = &?T\:tg:c /(Eri + E)'zm:tg:c) 0.1927
Total variance E)_y 1.0703
ICC, workers within worksites ICCmige = 03 /(G +05) 0.5086

over-time correlations reduce the effect of |GG  minimal impact on the detectable difference except
by reducing the variance of the intervention effect, ashere there were few workers and few worksites.
shown in equation (8). Table 3C and D expresses the detectable differ-
In Table 3 we present detectable differences fagnces in standard deviation units. These results may
wood dust, expressed both as percent reduction in |6§ used to estimate the detectable difference for any
dust and as standard deviation units. These estimagfer dependent variable, given the same design and
are presented as a function of the number of workef§alytical plan and faith that the intraclass and over-
per worksite and the number of worksites per condfime correlations are the same as for wood dust.
tion, with the Type | error rate fixed at 5% (two- 1N0Se are not assumptions that should be made for a

tailed), the power fixed at 80% and either 2 or 1dinal sample size calculation, but these data can

repeat observations per worker. As expected, as t éowde an initial indication of what the detectable

number of worksites and/or workers increases, th jiference could be for other dependent variables.

size of the detectable difference decreased. And, as inSl'nce we vyere mtgrested n tesuzgdthe elfflcalcy gf
all group-randomized trials, with other factors hel n :Jntervennon to ecrease woo ust levels by
constant, the improvement in power was greater b 0%, we used the data in Table 3 to set a target of 60

) . . .. _\Wworksites to be randomized, 30 to the intervention
increasing the number of worksites per condition o . o )
condition (technical training/worker education) and

thtam I?y mcreas:ng_th_? rE)Lljmal):):r oftr\:vi)(r)kers ||<Detr Workéo to a comparison condition (written recommenda-
Site. For examp'e, In fable SA, wi WOrksies IOe{ions). We planned to take 10 dust measurements at
condition, the detectable difference decreases frogLcqline and again 1 yr later. Given the low correl-

62 to 48% as the number of workers increases froMgion, from repeated measures within workers and the
to 25. On the other hand, if the number of workers ifyot that worksites could have as few as five
each worksite is held constant at 10, the detectabé@npmyee& we treated workers measured more than
difference in dust levels ranges from 54% with juspnce in a worksite as independent observations. The
10 worksites to 23% with 50 worksites in each conditotal number of measurements (or workers) is exactly
tion. Table 3B presents detectable differences undg@hat the data in Table 3 would indicate was neces-
the same conditions, except that the number of repesidry to have the power to detect a 30% reduction in
measurements per worker was increased from 2 twood dust, avoiding the need to sample on additional
10. The increase in measurements per worker haays in the small worksites we were recruiting.
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DISCUSSION time correlation, the ICC that is operative in this

. . ) design and analytical plan is better reflected as:
In 1998 the National Institute for Occupational

Safety and Health (NIOSH) published the National oé (r )

: _ yy(g)
Occupational Research Agenda (Rosenstichl, ICChigec = > (10)
1998). The priorities that form the agenda were om + 0g(ryyqg)

arrived at through consensus building among NIOSH

Using the estimates from Table 2, ICC is estimated
staff, researchers, stakeholders and health prof ng !

. . . S 0.1001. Though considerably smaller, that estimate
sionals and included the prevention of selectefl g4 mch higher than has typically been observed

diseases and injuries, identification of issueﬁ1 worksite health promotion studies (Featal
pertaining to work environment and workforce (e.gq 99; Martinsoret al, 1999). It is not too surprising

energy technologies, special populations at risk) angla+ worksites would exhibit a greater within-work-

the need for application of research tools andje correlation in occupational exposures than has
approaches to occupational health and safety. Tz gpserved for individual behaviors, due to the
latter category included priorities ranging fromi,qence of a variety of environmental factors, such
surve!llance and risk assessment to interventiogg type of manufacturing processes, methods of expo-
effectiveness research. The Minnesota Wood Dugfre comparison, size of the facility and number of
Study addresses several of the subheadings withjikers, to name a few. If we had ignored this correl-
the_se broad_natlonal pnorltles, in particular, the neegkion in the design or analysis of the efficacy trial, we
for intervention effectiveness research. would have greatly underestimated the variance,
Despite the importance assigned by NIOSH tgnereby considerably increasing the risk of falsely

evaluation of interventions to reduce health risks igoncluding that our intervention was effective (Type
the work place, few studies, as described in severpgrror).

recent reviews (Goldenhar and Schulte, 1994; |, 4qdition to number of worksites and the intra-

Johnstonet al, 1994; Karas and Conrad, 1996;¢|ass correlation, there are other factors we did not
Zwerling et al, 1997), have been conducted thaake into account which may affect our ability to
adhere to accepted study design principles angbtect a statistically significant reduction in dust
provide an acceptable test of the efficacy of the integytributed to the intervention. First, matching groups
vention under evaluation. We identified only siXon characteristics likely to be associated with the
studies in the occupational health and safety literatugg tcome prior to randomization has been recom-
of 1999 in which groups of workers were randomize¢hended as a strategy for limiting potential selection
to an intervention or comparison condition (Marcug,jgg (Murray, 1998). Since we planned to employ a
et al, 1986; Martynyet al, 1988; Parkinsoet al,  sequential recruitment strategy, it would not be
1989; Hillyer et al, 1990; Gjerdeet al, 1991; possible to know in advance about worksite charac-
Sorensenet al, 1998); all but one of these wasteristics on which to match. Another potential
conducted in the 1980s. Only the most recent stughtoblem is that we based our estimate of the correl-
(Sorensen, 1998) reported results that were analyzgflon between dust concentrations over time within a
according to the methods presented here. While thgyodworking business on measurements taken over
intervention in that study had an occupationah short period of time. If the correlation between dust
component to it, the primary outcome was a chang@easurements between baseline and follow-up 1 yr
in individual smoking and dietary behavior. later is not that high, then we will have underesti-
Two of the more significant challenges ofmated the number of worksites needed to have the
conducting group-randomized trials involve the totapower to detect the specified reduction in dust levels.
number of groups required and the effect of the intraFhis could occur if woodworking businesses are
class correlation among participants within a grougngaged in a different aspect of the production
on the sample size. As seen in our study, we gaingglocess when follow-up measurements are taken a
more power to detect differences between groups gear later. However, we plan to collect data on the
we increased the number of woodworking businessegrk tasks being performed at baseline and follow-
than if we increased the number of workers within ap, so that we can adjust for these differences in
worksite. However, increasing the number of groupthe analysis, recognizing that such adjustment may
randomized can be quite costly and may be limited biyirther reduce the precision of our estimates. Other
the total number of groups available. The problemroblems we may encounter, e.g. attrition over time
with the intraclass correlation is well illustrated byor a smaller than anticipated reduction in wood dust,
the value of 0.5086 that we observed among worket®uld also effect the precision of our estimate. Each
within worksites. That value is inflated in partof these limitations could be addressed by repeating
because it does not reflect the substantial over-tintee calculations summarized in Table 3 after varying
correlation observed in our data. Recognizing that ththe magnitude of the correlations, the size of the ICC,
group component of variance is reduced by that ovethe number of worksites per condition, etc., so as to
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Table 3. The smallest detectable difference as a function of thean be used to plan any group-randomized trial that

number of workers measured per worksite and the number ofemploys the same design. And while it is beyond the

worksites per condition for a 5% two-tailed Type | error rate scope of this paper to review the many alternative
9 - . .

and 80% power designs that are applicable to group-randomized

No. kof No. kof_ trials, we can refer interested readers to two recent
workers - worksites textbooks that cover this material (Murray, 1998;
10 20 30 40 50 Donner and Klar, 2000).

(A) Expressed as a percent reduction in log dust for two repeat
measurements per worker

5 62.1 42.6 34.5 29.8 26.5 CONCLUSION

10 535 367 297 256 229 We have illustrated the importance of using the
15 50.3 34.5 219 24.1 215 proper methods for determining sample size when the
20 486 334 270 233 208 unit of assignment is a group, such as a worksite, and
25 476 326 264 228 203 have provided the methods and sources for doing so.

We urge others conducting intervention effectiveness
(B) Expressed as a percent reduction in log dust for 10 repeatesearch in occupational health and safety to consider

measurements per worker these methods when designing future studies.
5 52.7 36.2 29.3 25.2 225
10 48.2 331 26.8 231 20.6 Acknowledgementskanding for this research was provided
15 46.6 32.0 25.9 22.3 19.9 entirely by a grant (5 RO1 OH03408) from the National Insti-
20 45.7 31.4 25 4 21.9 19.5 tute for Occupational Safety and Health.
25 45.2 31.0 25.1 21.7 19.3
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