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Abstract

In outdoor engineering control studies, measured analyte concentration levels change as
environmental conditions change. Since the effectiveness of an engineering control
varies with envirommental conditions, comparisons of measurements taken with
engineering controls operating versus those taken in an uncontrolled environment should
adjust for these changes. However, environmental parameters are difficult to estimate.
In this work, models based on factor analysis (Fuller ) are used to account for the effect
of environmental variables. These models also describe the phenomenon that greater
control efficiency tends to occur at the highest levels of the uncontrolled environment.
(Shulman, Mead, and Mickelsen(z)). The approach is combined with the randomized pair
(uncontrolled environment determination, engineering control determination) approach
that is often used in these studies. Also investigated are the benefits of taking samples at
different locations and of different analytes. Results of the factor analysis models are
compared with those from regressions of the log ratio (controlled/uncontroiled) on the
uncontrolled determination. Implications for statistical design are also discussed.
Results from the example data set indicate that the factor analytic approach can identify a
common factor, and thereby, provide evidence that the common factor 1s due to
environment. However, the stmpler regression approach provides estimated reductions
that are also statistically vubiased. Therefore, the factor analytic approach may be most
useful in early stages of a study, to assess common environmental effects, after which the
simpler regression approach may be used io obtain estimates of conirol effectiveness.

1) Introduction

Engineering control studies evaluate the effectiveness of the controls, estimation of which
is affected by both environment and backgrouind levels. In indoor studies, where
environmental variation can often be minimized, researchers collect datz on the
background analyte concentration levels, which may tend to increase over a day’s work.
If background determinations are available, then the effect of the increase in background
can often be removed by subtracting the current background from the current analyte
concentration. In outdoor studies, the possibly varying background is difficult to estimate.
(Note: The physical boundaries that define the background may also vary with time.) In
addition, the environment interacts with the ventilation system and causes high variability
in measurements. In this presentation the aim will be to constrict models that take
‘environmental variation into account. The models suggested here use multiple
simultaneous determinations to separate the environmental effect from the engineering



-control effect. This approach will be compared to a regression method in which the
natural log of the ratio (controlled determination/uncontrolled determination) is regressed
on the uncontrolled (Shulman, et. al.?). In the rest of this paper, the uncontrolled
determination will usually be referred to as “control-off “or “off” and the controlied
determination as “control-on” or “on.” Suggestions for statistical design of outdoor
studies are also included.

The work presented here continues that in Shulman, et. al.?) The factor analytic
approach presented here relies mainly on that given in Fuller M. The use of structural
equation models and the presentation of material has benefited from that given in Krieg,
et. al.?.

2) Example Data

Screed Operator

Auger, a
spreader, at
ground level

The example data set consists of three instrumental determinations
taken simultaneously during an asphalt paving study. These include the following:

a) Measurements of airborne organics at the auger (org_aug) (Figure 1)

b) Measurements of airborne organics away from the auger, near the paver operator or
screed workers (org_naug) (Figure 2)

¢) Measurements of airborne particulate at the auger (part_aug) (Figure 3).

All three figures have the same vertical axis scale. The two organics measurements have
the same horizontal axis scale. Quiliers were identified by the criterion that the
standardized residual 1 the regression of Ln(ow/off) versus Ln(off), done individually for
cach of the three instruments (a,b,c), exceed 3. This statistical criterion was used in
removing one sample set. '



Fig. 1: Organics at Auger (org_aug): Ln(on/off) vs Ln{ofi}
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Fig. 3: Particulate at the
Auger (part_aug): Ln(on/of) vs Ln(off)
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For cach of these three sets of real-time data, there are measurcments with control-on
(taken simultaneously: org_aug on, org_naug on, part_aug on) and with control-off
(taken simultaneously: org aug off, org naug off, part aug off). Thus, the full set
consists of six series of measurements. Although these were all real-time determinations,
they were not identical. Due to limitations in the instrument sampling frequency, the
airborne organics measurements were taken every four seconds and the airborne
particulate measurements at the auger every six seconds. Data were collected in
randomized pairs (control-on, control-off) over five days of sampling. Data resulting
from one run at a fixed control condition are calied a “trial,” each of which lasted at
least 1 %2 minutes. Thus, each of the pairs consisted of two trials. Twenty-eight trials
were included in this analysis. Medians were computed for each trial for measurements
a, b, and ¢ because medians are much less correlated than individual readings. Deletion
of data collected near transitions in paving status also reduced correlation. Also the use
of medians minimized the presence of possible outliers. The pairs themselves were
treated as a random sample of pairs from that day. (This is a simplification, since pairs
were often taken in groups, depending on when paving was being done. Thus, several
pairs were often taken in succession, followed by no sampling for a while because paving
stopped.) The data may be viewed as coming from a split plot, where the whole plot is
the control setting, and the subplots are the instrument type or location.

3) Background and Environmental Effects

Figures 1, 2, and 3 indicate that the ratio (on/off) decreases with increasing control-off
determinations (because the increase in control-on is not as great as that in control-off.)
Thus, the fraction reduction [1-(on/off)] increases with increasing control-off. This may
relate to environmental variability or to varying background.

Background is the level of the analytes present when there is none produced by the
specific work process under evaluation. (Note that adjacent work processes can
contribute to background levels at the engineering control.) If on/off is the ratio of the
control-on to the uncontrolled environment, and if there is a background of level B >0
and if on<off, then (on-B)/(off-B) < on/off. Thus, adjustment for the background B
would identify larger reductions due to control. However, to make a substantial
difference, the value of B must be quite close to the minimum value of the control-on
concentrations. Estimation is difficult and will not be attempted here.

It the uncontrolled environment is thought to represent the environmental variables, then
the interpretation of Figure 1 is that the reduction due to control is highest when the
environmental control is least and lowest when the environmental control is greatest.
When contaminant levels in the uncontrolled environment are high, the environment
provides little control of contaminants, and engineering control effectiveness might be
higher than when the environment itself is a control.

4) Statistical Models

The models discussed here all generally assume normally distributed data.



Data for the above examples were collected in randomized pairs (control, uncontrolled)
over a five day period. The simplest kind of model (Shulman, et. al. Ntouseisa
regression of the :

I (control-on)-In{uncontrolled) determination versus the In(uncontrofied):

La(Ypons/ Ypofe)= &+ B Ln(Ypofs) + €ps (1)

for pair p, control setting ¢ (“on” =control-on, “of = control-off) and sample location
and/or type s. Fixed effects are denoted by Greek letters, and random effects by Latin
letters. Variance (ep,5)=crps‘7‘ and E(e;s)=0. The model (1) can be used to predict the ratio
of controlled to uncontrolled environment by using least squares estimates of model
parameters. It leaves unclear the degree to which the uncontrolled determination can be
called the environmental factor. Since data from each instrument are treated separately,
model (1) does not provide an estimate for the effect of a common environmental factor.
Model (1) applies either under bivariate normality of (on, off), or under conditional
normality of the Ln(on/off) for given off values.

An appropriate split-plot model (Cochran and Cox™) for the example data is:

Ln(Yp,c,sj:#+ bptae + bogpetYst 0fes T €, (2

Variarlce(bp):csp2 , Variance(bot, )= Gpcz , and Variance(e, qs)= Gos

Each of the random components is assumed to be normalty distributed with expectation 0
and to be a random sample from an infinite population. Although this kind of model
allows for estimates of the variability across pairs, it does not quantify how the ratio will
vary with the level of the uncontrolled environment. For an envirommental variable Xenys

Ln(yl:;,c,s): )\c,s,O +A ¢,s,1 Ln(Xenv,p) + Cpe,s » ‘ 3)

where the random components of (2) have been replaced by variables that indicate the
linear dependence on a common random factor Xeyy. E(epe,s)=0. If there were a second
environmental factor, this'could be included in (3) as an addend Nos7 Tn(Xenvzp). I there
were k environmental factors these would appear as additional additive terms in (3) with
slopes Aos;» J=1,2,...k. This model is similar to a model that is useful in comparison of
measurement methods (Krieg, et. al.?)). For the example data, (3) consists of six
equations for the six variables: org_aug off, org aug on, org naug off, org_naug on,

part_aug_off, part_aug on. Differencing the contolied and uncontrolled results for the
-same sample type s yields:

‘ Ln(Yp,on, s)"Ln(Y]:;,off ,s) = ()\:m,s,O - )\oﬁ",s,O) + (Ron,s,l - }‘off:s,L ) Ln(xenv,p) + (ep,on,s - ep,off,s. ) (A‘)

Thus, the difference between two levels of control would not be constant but would
depend on the value(s) of the environmental variable, as long as the muliiplier of the
environmental variable is not zero. This will be studied in the example data.



- The difficulty is that in many situations it is not possible to obtain good measures of the
environmental variables or to even identify all of them. There is no reason to think that
the envirommental conirols can be summarized in one variable. However, thereis a
statistical technique, factor analysis, which enables the estimation of the parameters of
the models (3), and which allows assessment of the adequacy of a single factor ( or of
multiple factors). Assumptions for this factor model are:

1) Normal distribution of the data
2) Results from different pairs must be statistically independent
3) Responses are linear in the factors

For the example data the model (3) corresponds to six equations since there were three
samaple type-location combinations. The covariance matrix for any set of six
measurements (Ln(y,c,s)) in the same pair p has the form:

I=A A"+, 3

The components of A (the A.4; of eq. (3)) are called the factor loadings, and X.is a
diagonal matrix, the diagonal elements of Whlch are called specificities (the variances of
the e, of eq. (3), discussed in Morrison™). A is not uniquely determined, since for
any orthogonal matrix P, APP'A'=A A'. Corresponding to the model (3), A may have
just one column but the adequacy of just one factor can be tested. The components of A
and I, can be estimated by maximum likelihood (Fuller), and these estimates can be
shown to converge asymptotically to the true values. The factors are treated here as
random with mean 0 and variance 1. (Alternatively, the factors can be treated as fixed,
the fis are assurmed to be scaled so that the [1/(n-1)]x (corrected sum of squares) is 1, and
the sample average is 0. However, the same maximum Ij_keljhood estimates can be used
in either random or fixed factor model, as discussed in Anderson’ )) Besides estimating
A, the predicted values can also be estimated. The value of this method for data of the
form in the example is that the model permits the evaluation of the adequacy of common
factors in describing the data. This kind of evaluation is not possible for model (1), even

though that model does permit the prediction of the ratio on/off given the measurement of
the uncontrolled environment.

What meaning 1s to be associated with these factors? Suppose there is just one factor.
The factor is not unique, and can be expressed as a linear combination of the
observations. However, the predicted values under the model do not change, even if a
different linear combination is used for the factor.

A useful way to compare the models is to determine the variances of the differences
between the predictions and the true Ln(on/off) ratios under either models (1) or (4). For
model (1), the predictions are unbiased, if the linear relationship is true. Although
usually the variances associated with model (1) are provided for given values of the
explanatory variable, what is of interest here is the expectation of the squared difference

between the prediction and the true natural log of the ratio of control-en to control-off
(Appendix 1, Part A):



T{let B Tnpote)] - [0 onss Lponss)]) =
Var [LH(YP,On,s,tr)]+Bz Var[Ln(yp,ofes,e)] H(8-1)"Varl La(yp,ofrs)-Ln(¥p otts.ir) |
-2p COV[LH(Yp,off:s);Ln(Yp,on,s)]: (6

where £ 18 the slope of eq(1), “Var” is the variance of the designated variable, and “Cov”
is the covariance of the designated variables, and “tr” designates the value of the
subscripted variable excluding the error ey of eq(1) .

For the factor model, as in Fuller™ , the variance can be shown to be (Appendix 1, Part

Var( Ln(Yared, ) — Ln(yaua))= A (L + A'E A YA )

where Ve is the random environmental determination excluding measurement error; A
is given in equation (5); k is the number of factors in the model and Iyis the k-
dimensional identity matrix.

As in (4), interest here is in the comparison of the difference of predictions in the factor

~ model. Thus, we require the variance of the difference between the predictions and the
difference of the true values. In our example, ¢ could be a six column row vector, all
elements 0, except for 1 and -1 in the first two positions for a comparison of org_aug on
and org_aug off. Pre and post-multiplying (7) by ¢ and ¢', respectively, would yield the
variance of the difference between the difference of two predicted values and the
difference of the corresponding truc values. In symbols,

Var{ [LD(Ypred,on, fact) ‘Ln(Ypred,off, fact)] - [Ln(YOn;tme/ YOffatrue)]}z cA ( 0+ A ze-1 A )‘1 ¢ (8)

The factor model used here treats the pairs as a random sample, and thus the Yo, e and
Yoit.mue values are random variables, as are the factors of (5). As was mentioned above, it
1s possible to treat factors as fixed, rather than random, but random seems more
appropriate in this sampling situation. Because of the multivariate normality, the
variances in (7) and (8) are constant, regardless of the observed concentration levels.
Normality for the factor model is an important assumption.

For models (6), (7), and (8) sample estimates will be used in place of parameter values to
obtain the estimated variances.

Although the above explanation of the factor analytic model is somewhat complicated,
the aim of the model can be described simply as follows: identification of statistically
independent factors which explain a substantial part of the variability in the data. The
observed variables are expressible as linear combinations of these factors. The factors
can be estimated, and predictions can be based on the factors. The value of this approach
for the example data is that predictions for the ratio (control-on/control-off) can be

expressed as functions of these factors. This dependence can aid in the understanding of
why the ratio is not constant.



5) Aims

The éim here is the comparison of the factor mode! (3) results with those of the simple
regression model (1). Issues to consider in this comparison are:

a) The effect of measurement error on the slope estimates from these models
b) Comparison of results from the example data
¢} Comparison of standard errors from these models

The factor model was applied to the six data sequences of a), b), and c) discussed in
section 2. Our main aim was to better understand the trend of the data shown in Figure 1.
The particulate at the auger samples were taken next to the organic at the auger samples.
Thus, even though they were different analytes, they should have been influenced by
similar environmental variables. (This statement may be true for wind but not for
temperature, which has more effect on organics, or for location, since, for instance, an
adjacent farm field would likely have greater impact upon particulates than organics.)

On the other hand, although the organic away from the auger samples were not adjacent
to the organic at the auger samples, they were taken by the same kind of instrument.
They could be seusitive to exactly the same analytes as the organic at the auger samples.

6) Measurement Error Issues

In equation (1) , Lo(ypots )= X pne T U pjac, WhETE X o 1S an unkunown (In scale) random
value for the uncontrolled environment, and u p ;¢ is the measurement error, with
variances o, and o7, respectively The expected value of the regression slope estimate
in (1) isnot B, but P o /(o +oi°) (Fuller (9)) Thus, if the measurement error
variance is 10% of the environmental variance, the estimate from (1) underestimates that
from the regression on X pnc by about 9%. The desirable property of the factor method, 1s
that the estimates (of factor slopes and individual variances) can be shown

mathematically to converge to the true value parameter values, provided that the
specified model is correct.

However, there is a contrary point of view. Both models (1) and (4) provide unbiased
estimates of the reduction due to the control, in spite of the difference in slope estimates.
Also, the estimate from (1) is much simpler to produce and understand than that from (4).

There 1s another consideration. Because the factor model seeks to identify factors that
ar¢ common to a set of analytes, it can provide an understanding of the effect of a
common environmental factor. The simpler regression models cannot identify common
factors.

7) Applying the Factor Models to the Example Data

The first issue in applying the factor model to the example data is identifiability. Recall
that the factors are parameterized to have mean 0 and variance 1. The 6x6 covariance
matrix has 6 variances and 15 covariances, for a total of 21 distinct values. In the one-
factor model, there are six factor loadings and six specificities for a total of 12
parameters. These can be shown to be identifiable by expressing the factor loadings and



specificittes in terms of the variances and covariances. For instance, suppose that the
elements of A are written as N and the specificities as 01 , for 1=1,2,...,6. (Thus, the
notation of (3) is being changed so that (c,s) has six possible pairs, whlch are denoted by
the index 1.) Thus, Vai(yi)= Ni 2 +g2 Also, Cov(yL, ¥ )= M1 N1, 1>1 From the
covariance expressmns all N1, 1, can be expressed as functions of A1, and , from the
variance expressions, so can the . Since Cov(y, y3)= M1 N1, Ny is determined. In the
model (3), each Ng=E(¥v1), and is identified. Since there are additional covariances, not
used in the above, the model is overidentified, and can, therefore, be treated as identified
(Bolten*).

In the two-factor model it is possible to take Ny =0, by a suitable orthogonal rotation
applied to A, as was discussed below equation (5). Therefore, forj >2, Cov(y1, v;)= Au
N1, so that N are functions of Nj;. Since Cov(ya, yi)= M1 N1+ Mz N for j>2, each Az
can be expressed in terms of Njj (through No1) and Agz. Since the equations {Cov(ys, y;)=
N1 N1+ Nz Ng, >3} are functions of of Njj and Ay, all elements of A are determined.
(From Cov(ys, ya) N2 can be expressed as a function of A, whose value can be
determined from the relation for Cov(ys, ys).) Since Var(y))= 7s31 + )\32 + ch , the Gj are
also identified. As in the one-factor case, Ng=E(y;), and all Ng are identified. Thus, the
model is identificd.

The example data were analyzed using both Proc Mixed and Proc Calis in SAS an, (See
Appendix 2 for example SAS code.) The ability of the factor model (4) to explain the
variation in the data, relative to the split-plot model (2), can be assessed by statistics such
as BIC and ATC. Both the one-factor and two-factor models have smaller values for
these statistics than do the split-plot models, suggesting they describe the data better. _
However, the ¥ used to test adequacy of fit has p- value of about 0.035. Fitting the three-
factor model leads to a statistically significant difference from the two-factor model,
though the full three-factor model appears not to be identified, since some specificities
have zero estimates under Proc Mixed. Thus, there is some lack of fit of the two-factor

~ model, but, since based on the BIC and AIC statistics it is an improvement over the split
plot models the two factor model will be used in the following discussions. By some
altemative criteria (comparative fit index and non-normed fit index both exceed 0.95) the
- two-factor model appears to be acceptable (Hatcher(u)). From residual plots, statistical
assumptions of homogeneous variance appear to be met in the two-factor model.

In Figures 4a,b,c, the various Ln (on/off) values are plotied versus Lu (org aug off). In
the legends, the predicted values from the factor model have “fact” attached to their
names. Predicted values from the regression models have “reg” attached to their names,
and those with the “act” suffix denote the data. The figures make clear the common
dependence on the “off” factor. Because the data are plotted versus the organics at the

auger, only the regression results for organics at the auger fall on a straight line. Also,
those results are zll closest to that line.



Fig. 4a: Organics at Auger:
Ln{on/ofi) vs Ln{org aug_ofi)
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In Figures 5, 6, and 7 the predicted values of the differences (on-off) from the factor
analytic model (4) and regression model (1) are plotted versus factors 1 and 2. These
factors are linear combinations of the observed variables. Two plots are provided for



factor 2, since the two sets of organics results overlap. It is not possible to say what
aspect of the common environment they describe, but the fact that they do provide some
adequacy of fit to the data indicates that they allow for some common relationships
among the three different measurements.” With regard to factor 1, all three instruments
have increasingly negative differences (smaller ratio of control-on determinations to
uncontrolled determinations) with increasing values of factor 1. Whereas the particulate
differences increase as factor 2 increases, the two organics instruments indicate smaller

changes.
Fig. 5: Differences of Predicted Values by
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Fig. 7: Differences of Predicted Values by Insti‘ument vs
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Another conclusion from Figures 4c and 5 is that the particulate data have somewhat
uncertain slope partly because there is considerable variability in the measurements.

An idea of the relative countribution of the two factors to each of the six observed
variables is provided by the slope estimates (the Ast and Aoz of model (3)) shownin
Table 1. Except for the org_naug_on, the slope estimates for the factor 1 are much larger
than for factor 2. Whereas the org_aug data are almost described by factor l the other
two Instrumental determmahons require input from factor 2.

: Table 1
Slope Es‘m:aates (standard errors)* for Factors 1 and 2
Factor 1 Factor 2
Organics at auger,controi off [ 0.585(0.0887) 0 _
Organics at auger,control on | 0.300(0.0535) 0.0981(0.0419)
Organics away from 0.502(0.106) 0.328(0.0808)
auger,control off '
Organics away from 0.273(0.0756) 0.283(0.0589)
auger,control on : - ‘
Particulate at auger, 0.837(0.132) 0.065(0.110)
control off ‘
Particulate at auger, 0.640(0.132) 0.343(0.105)
control on |

~* Estimated slopes and standard errors from Proc Calis.
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It is usetul o estimate the fraction of the total variance explained by the two factors, and
the fraction not explained. These estimates appear in Table 2. Except for the

aug naug on results, factor 1 accounts for at least 60% of the total vanability in each
variable. For no variable is the proportion of variance unexplained greater than 0.20.

Table 2
Proportion of Variance Explained by the 2 Factors and Proportion Unexplained :
Factor 1 Factor 2 - Unexplained
Organics_auger_off 0.919 0 0.081
Organics_auger_on 0.755 0.081 0.165
Organics nonauger off | 0.617 0.264 0.119
Organics nonauger on | 0.416 ' 0.446 0.138
Particulate_auger off 0.880 0.0053 0.115
Particulate_ auger on | 0.629 0.181 0.190
When differences are taken, as in equation (4), the results are:
Table 3
Slope Estimates (standard errors) for Model (4)* and Model (1)
Factor 1 Factor 2 _
Slopes from model (1)

Organics at auger -0.285(0.065) 0.0981(0.0419) -0.321(0.037)

Organics away fiom auger -0.229(0.060) -0.045(0.0691) -0.273(0.042)

Particulate at auger -0.197(0.108) 0.278(0.105) -1 -0.253(0.096)

* Standard crrors obtained from asymptotic variance matrix given in Proc Mixed

The estimates in Table 3 make clearer the reasons for the shapes in the figures above.
With regard to factor 1, which we have called the common environmental variable, all
three instruments yield smaller ratios (on/off) as that variable increases. Lines appear to
be approximately parallel. With regard to factor 2, the slopes are much smaller in
absolute value for the two organics determinations than the slopes for factor 1. For the
particulate the slope for factor 2 is larger than that for factor 1, and indicates an opposite

trend. To some extent the two factors can cancel each other’s effects for the particulate
data.

If the model (1) underestimates slopes in the regression of control-on versus uncontrolled
setting, then the results will be more negative slopes when differences are taken. Standard
errors tend to be smaller for model (1), perhaps because there is no variability associated
with the independent variable in the regression approach. More important than these
standard errors are the standard deviations associated with the squared difference of

factor and regression model predictions from the true (on/off) values. These are given in
Table 4. ‘

Table 4 .
Estimated Standard Deviations of Differences between Model Predicted Values and True

13



Values

Prediction under: Factor Model* Model (1)**
Organics_auger 0.094 0.137
Organics_nonauger 0.039 0.138
Particulate auger 0.154 0.315

* Based on equation (8)

** Based on equation (6)

Simulation results suggest that the factor model standard deviations based on substitution
of factor model estimates in eq. (8) are underestimates, but the factor model standard
deviations from the simulations are stili smaller. -

Both models demonstrate the tendency for (on/off) ratios to decrease with increasing
levels of the uncontrolled environment (especially for organic determinations). However,
the factor model makes clearer the presence of a common factor that we could call
“environmental.” If possible, it would be beneficial to 1dentify and measure specific
environmental variables and include these in the factor model. This is discussed further
in the next section.

8) Benefits of Replication for Factor Models

Questions of interest include the following: -

1) If'several mstruments of the same kind are used at a sampling location, how much
smaller 1s the variance of the predictions?

2) If instruments for different analytes are used at the same location, or mnstruments
of either the same or different kinds are used at different locations, this might

requure the inclusion of additional factors. Are variances of predlctlons mncreased
if factors are added?

These questions only apply to the factor model, since the regression model deals with
each instrument individually. Answers to the above questions are:

1) Suppose there are n replicates of the same kind of instrument at the same location.
Then the components of A that correspond to these instruments should have components
for the controlled environment that are approximately equal and components for the
uncontolled environment that are approximately equal. If one factor is sufficient, then A
1§ 2nx 1. It is shown in Appendix 1 that the larger n is and the larger the ratios of the
squared factor loadings to the specificities, then the smaller the variance in equation (8).

Thus, the more variability explained by the factor, and the greater the number of pairs,
the smaller the variance (Sec Appendix 1).

2} The simplest way to partially answer this question is to consider the situation that for
one mstrument, the (on, off) determinations are approximately functions of just one
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factor. (This seems to be approximately true for the org aug determinations.). Suppose
the other instruments have dependence on two factors, rather than just the single primary
factor. Suppose that A; and A are the loadings, respectively, on the first and second
factors. In the example data most elements of A; exceed the corresponding elements of
A; in absolute value. The degree to which the components of A; > components of Az
(in absolute value) determines how much larger the variance will be for this situation than
in the situation where the factor A; is sufficient. The present data do suggest that there is
a dominant A; for these data. In this case, less is lost by making measurements with
different kinds of instruments at different locations (See Appendix 1).

Design considerations that relate to the above discussion are:

1) There is no guarantee that A; will be dominant, but since this may depend on
having a variety of environmental conditions, it is important to sample over
several days, so as to have ds much variety as possible.

2) When resources are limited, both in terms of the time available for sampling and
the number of instruments available, it may be best to replicate the same
instrument at the same location. Even if the data are limited to two instruments of
the same kind at the same location, the adequacy of a single factor can be tested.

3) If there are adequate resources to attempt to sample potential explanatory
variables, this would be helpful for interpretation of factors. For instance, wind
measurements, both speed and direction, could be included as additional response
variables in the model. If they correlate well with a dominant factor, the
dominant factor could be interpreted, in part, as representing the eifect of the
wind.

4y Clearly the factor model is much more complicated to collect data for and
analyze than the regression model. It probably is unreasonable to try to carry out
a factor analysis for every outdoor control technology assessment. For multi-site
studies, it could be useful to do this larger kind of evaluation to assess the
dependency of engineering control effectiveness on the level of the uncontrolled
environment. Once this is established, then the simpler regression methods can be
used. :

9) Discussion

There are somewhat different assumptions and interpretations for the two models
considered here. The regression model assurnes that Ln (on/off) values are normally
distributed and 2 linear function of Ln (off), as appears to be true for the example data.
Also, predictions are made either for randomly sampled (on,off) pairs (if bivariate
normality is appropriate) or for the given Ln (off) values. The factor model identifies the
random factors that best describe the model, under assumptions of normality and

~ linearity, and statistical independence of factors, if there are more than one. The
identification of 2 major common factor, as is done for the example data, is an appealing
aspect of the factor model. Comparison of factor loadings by variable can provide better
understanding of the data. The factor model gives unbiased estimates of the loadings on
common factors and the regression model does not. It may be that comparison of factor
loadings across different sites could be useful in understanding differences between sites.
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It is helpful to see how the above remarks apply to the example data. From Table 3 it
appears that there is little difference in the trends identified by the two organics
instruments. For the particulate data, the factor model indicates little decrease in the
(on/off) ratio, since the coefficients for factors 1 and 2 are close in magnitude and have
opposite signs, and the factors have the same variances =1).

From Figure 4, it is clear that the particulate ratios are smaller than for either organic
determination. (Average ratios are about 0.15 for part_aug, about 0.47 for org_aug, and
about .77 for org naung.) The particulate data appear much more variable than the
organic data. This may be because there are more sources of particulate than of organics
during paving operations. The org_naug data levels are much lower than the org_aug
levels. Experience has indicated that it is usually harder to see small (on/off) ratios for
the org_naug data than for any auger data. Nevertheless, the trend is similar to that for
the org aug. Perhaps this supports the idea of having fewer sources for the organics.
The smaller ratios for part aug than for org_aug have been puzzling results that have
occurred in other paving studies. Figures 4, 5 and 6 do suggest that differences in
(on/off) between the two auger determinations decrease considerably with increasing
factor 1, which we are calling the common environmental control variable.

10) Conclusions

Both the factor model and the regression model provide unbiased estimates of the
reduction due to the control. Thus, the simplicity of the regression models is an
advantage, both in fitting it, and in the assumptions required for it to be valid. An
advantage of the factor method is that it can make clearer the presence of common
factors, which may have an environmental interpretation. Identification of common
environmental factors that explain much of the variability in the data is especially

- important in early stages of a study because factor methods can determine whether
control effectiveness varies with the level of the envirommental factor. If this relaticnship
is established, simpler regression methods may be adequate for subsequent statistical
analyses in the study
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13) Appendix 1

A) Variance of Predictions in the_ Factor and Regression Models

The following development is based on the presentation in (F uller(l)), though the result
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(15) below does not appear there.

The model (3) can be written in the form:

Ze g +Av o= 7 +e - | ©)
-where Z. is a px1 vector, A is a p*k matrix, w is a kx1 vector, and the measurement error

e is a px1 vector. Z is the observed variable and w is the unobserved factors. E(w)=0.

pz is the expectation of Z. z is the part of Z distinct from the measurement error (the
Ln(yiye) of (7)) that we wish to predict. The aim here is to obtain the variance of the
difference between z and the predictor of z , given in (15) below. Note that pz=p,; Asin
the text, it is assumed that Var{e)=L.and Var(w) is a kxk identity matrix. (9)
corresponds to the factor models (3) and (5).

Under a multivariate normal distribution for w and Z, the conditional expectation of w
given Z is (Momson(m))

Wity + Zvz 2z (Z-pz) and T~ Zyz 2z T, : (10)
where X 7z 1s the kxp covariance matrix of wand Z', and Xz =(Zwz) '

The conditional expectation has optimal properties as a predictor (Rao(is) ), and under
multivanate normality, the relationship is linear.

Under the model (9) Zwz=A'and Zz= AN+ Z.=2,+2,

Ty = [T - T AT+ A'SUAYIAYE, ], (Fuller®)

where I is a kxk identity matrix, and X, is a pxp diagonal matrix with positive d1ag0na1
elements.

Tz Tz =-AZT AL+ AT IATAE S (I+ AT AT AE
Let V=A"Z, " A. Thus, by (10), the predictor of w is ' o (11)

(10) may be rewritten to give z, the predicior of z, the conditional mean of z given w,
again assuraing multivariate normality, where :

=1+ T 207 (- p) and Ti= T B, B v 1w

o= B[ @ )9 ) - Flri 2oV 270 A (T4 VT (13)
= AA' TA(T+ VY= AV (1+V)?

From (11), (12), and (13)

z= p+ [AV(I+ VIV (I+ V) [T+ V)A'S, YZ - po)]
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The above expression can be simpliﬁéd, since V (I+ Vy'=(V Ty I)'l. Therefore, |

i= L+ AT+ ASNZ - 1) |
=+ A(I+V)T AE M z-pz + € (14

The aim is to calculate Var(z —z). From (14)
@E-D=[A(I+V)Y AS 7 AEz-pz)+ [A(I+V)! A'Z e

Let W=A(I+V)" A'Z. ™

Var(z — )= (W-I)( AA)W-I)' + WEW.

Since (W-I) A=A (T+V)'V-A= A[(X+ V)V =AY I+ V),

therefore

Var(i —z)= A(I—I-V)“z A+ A(I+VY V(I+ VYA (15)
=A(I+V)! [I+V] (I+V)' A
=A(I+V)! A

=A(T+A'S A A

The interest here is in the differences between components of z. For instance, let

¢= (1 -1 000 0). The variance of the difference between the prediction

¢z and ¢z is: _
Var{e(z—z)]=eA (I+ AT A )T A'c - (16)

(16) is used to calculate the standard deviations for the factor model in Table 3.

The corresponding results for the regression model are derived as follows:
Assume bivariate normal variables x;, 1=1, 2.

Let xi= Xy +uyy, Where for each i=1,2, the two addends are statistica]ly independent
normal variables. Xy is a random variable with variance Ouit and U, is independently
d1s‘rr1buted enor (mcludmg measurement error) with variance Umz and expectation 0,
and 6, = (Tm + Gm . Also, the u;y, s are mdependent

The regression model under bivariate normality is (Morrison(14)):

Xz= iy +p(02 /07) (k1 — i) + (1- 09 02e,,

where p=Correlation(x;, x2), #=BE(x:), and e;~ N(0,1), where E indicates expectaﬁon'.
Thus,

(%2 - x1)= (2 — 1) + [p(@2 /01) -1] (x1 — 1) + (1- p)*° 0zez,
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Let Est(xz - x1) = (2 — pi1) +[0(02 /01) -1] (1 — )

= (2 — 1) +[o(o2/07) -1] (xir— 1) + [p(02/01) -1] g
- The aim 1s to estimate E[Est(x; - x1) - (X2ir - X100) 7.

Est(x2-%1)-(X2rr - X10)=Est(x2 - x1)-[Xorr — (Xir— 1 )1 + _
(=) tp(o2 /01)-1](X1e—p ) (02 /o1)-1 e [Xoe -(Xure- )]+
= (X — ) + [p(02/00)] (e — 1) +  [p(02/01) -1] wier

E[Est(x; - x1) - (Xou - X11r) ]2
=ow’ + [p(02 /0D)] o’ + [p(02 /01) -11* 0~ 2 [0(02 /0 vl a2 01),

where p(0, 1) in the last addend on the right is Covariance(x , X1)=Covariaﬁce(xz,tr,xl,g)
B) Replication Issues

Suppose there are n replicates of the same kind of instrument at the same location. Then
the components of A that correspond to these instruments should have components for

- controlled that ave approximately equal and components for the unconirolled environment
that are approximately equal. The vectore=(1l/n)(1-11-11-1...), where there aren
pairs of (1-1)s. If one factor is sufficient, then A is 2n x 1. Tfthe elements of A are N,
-then we would expect that N1= M1=M\s1 , etc., and A= M=y, etc. Likewise, for the
specificities, the controlled determinations should approximately equal ¢” and the
uncontrolied should approximately equal ¢°,. Thus,

cA=(1/m) (n(\1- M1))= (A1~ M), which is the same value if there had been just one
instrument. For one factor, equation (16) has the simple form (M- No1) */( 1+ A'Z.TA).
Thus, the numerator does not depend on n, but the denominator does.

For this design, (1 +A'E. 7V A)=1+n( N,y 0% + Ng ;0% ). Thusthe largernis
and the larger the ratios ( N 11/ 021 } and ( N, 022 ) are, then the smaller is the
variance in equation (16).

Another issue concerns the problem that whereas some determinations may be functions
of just one factor, this need not be true of all determinations. If additional kinds of
instruments are added to a study, and if these require additional faciors, then how much

greater will the variance in equation (16) be for the instrument that requires only one
factor?

Let¢=(1-10000) and suppose that there are two factors, but the pair of
(controlled, unconirolled) determinations for the first instrument are adequately
described by the first factor. Let the first and second columns of A be Ajand A;.

(T+AZTA )= (1+ AYETA)  ALZ A
OAYETA (L ALETAY) |

Thus, equation (16) may be wrilten as

20



|Ov-2a1) 0 A+AZTAYT [Ou- M) 0 '=(ni- M) &,

where a =(1 + A" T ALY [(1 + A Z TADN(L + AL 2 A (A 271457 T

Had there been just one factor, with exactly the same loadings as Ay, the multiplier a
would be 1/ (1+ A" ZMAy). Thus, the variance will be larger here, since

a= U/[(1 + Ay B ADHA 1 Z AP (1AL 2 A

The degree to which the components of A; > A, (in absolute value) determine how much
larger the variance will be than the one factor situation. The present data do suggest that
there is a dominant A, for these data. In this case less is lost by making measurements
with different kinds of instruments at different locations. For the example data,
a=(1/22.6), and 1/[(1 + A'1 Z."A;)=1/35.1. Thus, the variance is about 50% bigger than
if there were only one factor equal to Ay and Z, was unchanged.

14) Appendix 2: SAS Programs
1} Proc Calis Code

proc calis ucov aug pshort residual pestim maxiter=2000 platcov outram=ram
outstat=outsl;

varyl y2y3 y4 y5 yo ;

linegs

yI=al0l intercept +all {1 + el,

- y2=a20 intercept + a2l {1 +a22 {2 + €2,

y3=a30 intercept + a31 f1 + a32 2 +¢3,

y4=a4( intercept + a4l fl + ad2 f2 +e4,

y3=a50 intercept +a51 {1 +a52 £2 + &5,

y6=a60 intercept + a61 f1 +a62 2 +¢6 ;
std el1-66 = epsl-eps6, f1=1,2=1;

rumn;

Note: y1-y6 are the natural logs of the six instrumental variable determinations,
Org_aug off, org_aug omn, org naug off, org naug on, part_. aug off, part_aug_on
As explained in the text, al2 =0.

2) Proc Mixed Code

proc mixed method=ml asycov; classes loc gr date type;model y=loc;
repeated / subject=pair type=fa(2) ;

Note: y is the natural log of the six instrumental determinations; “loc” designates which
mstrument-conirol setiing is being used (Org aug off, org aug on, org_naug off,
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org_naug om, part_aug off, part_aug_on); “pair” designates the set of six simultaneous
determinations.
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