Designing Mixedwood Experiments
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Statistical Tools for Mixedwood Studies

VERA ST

This paper discusses two statistical tools used for analyzing mixedwood
data. The first involves regression when the data come from several popu-
lations. The second involves repeated measures analysis. In regression
analysis where the data come from several populations, we must first
check that a common regression model 15 suitable for éach population
before fitting a general model to all data. This can be accomplished by
including the population effect in the regression model, This technique 1%
demonstrated with an example. When data are collected repeatedly on the
same subjects, we must take into account the dependence structure of the
data in the anakysis, Five approaches commonly used for analyzing
repeared measures data are: 1) treating repeated measures as replicates,
which is not recommended because the method ignores the correlation in
the data; 2) analyzing the data at each time, which is legitimate but quite
restrictive because it does not allow the examination of the response trend
over time; 1) split-plot in time analysis, which is unsuitable for mixed-
wood studies due to the required sphericity asumption: 4] multivariate
analysis, which does not require the sphericity assumption, but tends to
have low power when the number of repeated measures levels is large rel-
ative to the number of experimental units; and 5) response curve analysis,
which directly addresses the shape of the response trend over time and is
more powerful than method 4).

INTRODUCTION

Proper data analysis is one of the key elements in the suscess of mixed-
wood studies. This paper examines two statistical tools for analyzing
mixedwood data.

One of the objectives in a mixedwood study is o investigate the rela-
tionship between variables. Often, studies are carried out at several sites so
as to cover the full range of variables of interest. Before developing a gen-
eral model for all the sites, we must check that the assumption that using




a common model scross sites is valid. The regression technigque for ana-
Ivzing these types of data is presented in the Arst part of this paper, dem-
onstrated with an example.

Ancther objective of a mixedwood study is to look al response trend
with respect to time, In this case, subjects are measured repeatedly over

time, The second part of this paper describes the strengths and weaknesses
of five commoen approaches used to analyze repeated measures data.

REGRESSI0ON WITH DATA DETAINED FROM SEVERAL POPULATIONS

‘We begin with a typical regression scenario, A study 15 designed to iovesti-
gate the relationship between growth of a seedling and the amount of
light reaching the seedling. One way to carry out the study is to randomly
eelect a number of locations on a site, and, at each locabion, measure the
height of the nearest seedling and the Tight at the top or mid-crown of
that secdling.

Eegression analysis can be used 1o estimate the relationship betwesn
light and seedling height growth. Like all statistical techniques, regression
analysis has a number of assumptions;

1. The dependent variable (X)) i3 non-random, observed with negligibla
EITOL.

2. The experimental errors are uncorrelsted, with zero mean, and constant
variance, (The experimental errors must be normally distribured for the
estimators to attain the property of minimum variance of the cass of
unbizsed estimators)

3. The underlving regression model is correct.

Let's modify the scenario slightly. Suppose the experimenter is inter-
ested in estimating the relationship between light underneath a broadleaf
canopy and basal area of the broadleaf species. [n order to have data that
cover a full range of basal ares, the experimenter needs 1o do the study at
a number of sites, each thinned to a different density. At each site, one
would locate a number of sampling points; at each sampling point, light
and basal area would be measured within a circular plat centred on the
measurement point. Since cach site has a different density, the radii of the
circular plots vary with approximately an equal number of trees in each
phot. For this modified study, how should the experimenter do the anal-
vsis? What technigue could be used? How does this set-up differ from the
first situation?

A common approach is to treat the data the same as in the firsl case
and use regression on all the data. The assumptions of independence, ran-
dom errors with zero mean, and equal variance would be reasonable if the
data were generated from a random process. However, the last assumption
that a single model would be adequate for all sites might not be met if
the sites had different characteristics. Therefore, this approach is not
advisable unless one can justify a smile model for all sites

A more appropriate approach is to fit a separate model to each site,
check the model parameters, and combine all the site data only if their




parameters are similar. We will illustrate the two approaches with an
example,

Data used in this example come from a study done by Phil Comeau in
1993 (Comeau, B.C. Ministry of Forests, unpublished), One of the objec-
tivies of the study was to develop a relationship between the fraction of
diffuse light penetrating the canopy (i.¢., diffuse non-interceptance, DIEM)
and hirch basal area. The study was carried out at six sites {Mica Lake,
TT1, TT2, Burton Creek, Adams, and Barner). DIFN measurements were
collected from a total of 31 measurement points from the six sites, At each
measurement point, the diameter of every tree within a circular plot cen-
tred on the measurement point was recorded, Radius of the measurement
plot varied from .78 m @ 6.0 m, depending on the density and size of
the birch. There were approximately so trees in each circular plot. Some
of the sites had received juvenile spacing. Measurement plots were estab-
lished on both spaced and unspaced plots. The sites differed in age, tree
size, and density. As a result, each site covered a part of the full range of
basal area. This was one of the réasons to incorporate several sites in the
study. It was also of interest 1o see if the relationship applied 10 several
sites, In other words, the sampling was stratified by site,
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Repression was used to develop the relationship between piem and
birch basal arca. The plot {Figure 1) of DIFN versus basal arca (BaA)
showed that the relationship was non-linear. Natural log transformation
on BA was performed to linearize the relationship. Figure 2 is a plot of
THFN Versus LN_BA. As a first attempt, DIFM was regressed on LM_BA.
The fitted model was:

DIEN = 0814 = ouz2d LE_BA
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B-square of this model was o61. This general model assumed that site-to-
site variation was small and that a single model was adequate for all sites,
Before accepting this model, we must check this assumption. This can be
done by including S1TE and LN_BA™SITE in the regression model to fit a
separate line (using the same model structure) to data from cach site, If
the interaction term LM_BA*SITE was significant, we would conclude that
the firted lines for each site were not parallel and that an overall model
for all sites was not possible. Otherwise, we would conclude that all the
firted lines had the same slope. We could then remove the LN_BA®SITE
term from the model and proceed to check if all fitted lines had the same
y-intercept. The analysis was performed using 545, and the results are
summirized in Table 1.

TanLE | ANOVA foble for testing if regression lines for the six sifes are paraffel

Salice IIF Type 11 55 Mean square F walise Pr>F
IM_Tea 1 0LO3E11734 DL.03S117 34 153 [N - Fd
SITE 5 0. 191072 L0300 LEE 0550
LH_TASITE 5 014420103 D0TEE405D a7 (L1243

Because the p-valoe for LNLBA®SITE was large (p = 0.a243), we con-
cluded that the fitted regression lines were parallel. The term
LN_B5*5ITE was then dropped from subsequent models.

To check if the lines had identical y-intercepts, DiFs was regressed on
Lx_BA and 51TE. The fitted equations were:
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Adams: DIFN = 10635 = 0.3 LN_BA
Barrier: DIFN = 0.9867 — 0.3 LN_BA
Burton: DIEN = 0.970] = 0.3 LN_BA
Blica: DIFM = 1.1438 — 0.3 LN_BA
TTi: DIFN = 0.7542 = 0.3 LN_BA
TT: DIFN = 1.0ESE — 0.3 LM_BA

R-square for this model was o.76. The analysis results are given in Table 2.
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The intercept for TT1 was significantly different from the others
(p=o.0084). This implies that a general model for all sites was not appro-
priate, The fitted model for each site and the overall model are plotted in
Figure 3.

Further examination of the sives revealed that more than 30% of the
trees in site TT1 were cottonwood, with only a minor component of cot-
tonwood in the other sites, Since birch basal area was the dependent vari-
ghle in the analysis, we might have underestimated the "basal area” effect
at site TTi. I we wanit to develop a general model for all sites, we may
consider using total basal area (instead of just birch) as the independent
variable, or incorporate species in the model,

Regression analysis 15 valid only if the underdying model is correct.
When stratified sampling is used 1o obtain data for regression analysis, the
stratification factor should be included in the model. An over-simplified
madel could produce incorrect results,

REPEATED MEASURES AMALYSIS

Let's consider a simple experiment. To assess the effects of three methods
of site preparation (v-plow, hand screef, and a control), 30 rows of 25
seedlings were established at a single trial site. The three site preparation
treatments were randomly assigned to each row of seedlings so that each
treatment was applied to exactly 10 rows of seedlings. Seedling diameter
and height were measured at the time of planting and & vears later.
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Analysis of variance can be used to compare the effect of the three site-
preparation treatments on seedling growth, Measurements taken at the
time of planting can be used as covariables to increase the sensitivity. or
power, of the test. Suppose measurements were taken at the time of plant-
ing and annually for the next six years. The experiment would result in
repeated measures data. Repeated measures data are characterized by the
fact that the same unil is measured repeatedly over time or space. Time or
space is the repeated measures factor. The levels of the repeated measures
factor cannet be assigned at random. For example, year 3 must come after
vear 2, or the top layer of soil must be above the bottom layer of soil,
Consequently, the observations are serially correlated.

Serial correlation, also called autocorrelation, is the correlation between
observations made at two, not necessarily consecutive, times, In the site-
preparation treatment example, seedling heights are serially correlaved
because height of a seedling in any given year depends on its height in
previous years. This dependence in the data violates the assumption of
independence on which ANova and Regression methods are based.

A main chjective of repeated measures analysis is to make comparisons
between the site-preparation treatments and to examine the time effect for
the site-preparation treatments. There are three main repeated measures

hypotheses;

1. There is no interaction involving time. That is, if we plot seedling
height versus time for each seedling. the lines corresponding to the
three site preparation methods are parallel, This implies similar growth
patterns for the different site preparation methods.

th



2. There is no change over time. The lines in the seadling height versus
time graph are all flat. This implies no growth over time. This is usu-
ally not an interesting hypothesis becanse changes over time are
expected in a repeated measures study.

3. There is no overall difference between groups. In this case, the lines
corresponding to the three site preparation methods are identical. This
implics no site preparation effect,

Ususally, hypothesis 1) is tested first. If it is not rejected, then hypoth-
gses 2) and 3} will be tested separately.

There are several ways to analyze repeated measures data. Five common
approaches are described below:

L ANOVA, treal repeated measures as replicates
This approach ignores the dependence structure in the data and treats
the yearly data as replicates. Since it violates the basic ANOVA assump-
tion of independence, its use i not recommendead. Also, because time
effect is included in the experimental error, the experimental error is
inflated, resulting in more conservative tests.

1, ANOWVA al each time
In this approach, one would carry out an ANOVA for data collected in
each repeated measure factor level (e.g., yearly data). Hence, serial cor-
relation between observations over time is ignored. Sometimes, a
researcher may use this approach 1o locate the point in time at which
treatment responses become significantly different. Although individual
AnNovAs are valid, the separate tests are still not independent. Thus,
inferences about the response through time are invalid. Also, the time
at which significant differences are detected is a function of the nom-
ber of experimental units. A change in the number of replications
changes the point in time at which significance is detected. This
approach does not allow the estimation of the response trevd over Hme.

3 Split-plot in time analysis
In this case, the duration of the study is viewed as the main plot which
is divided into yearly “split-plots” for the time factor. In addition to
the usual ANOVA assumptions of equal variances (over time and
experimental units) and independence of measurements made on dif-
ferent experimental units, the correlation (covariance) between any pair
of repeated measures is assumed to be the same for all times and all
experimental units. For example, the correlation between row heights is
the same for all pairs of years and all rows. The assumptions of
homogeneous variances and eovariances is known as the spheriaty
pssurmprion. It is often not achicvable in biological studies. Therefore,
this approach may not be suitable for most forestry stadies,

4. Multivariate analysis
In the multivariate approach, an observation consists of a vector of
measurerments at the repeated measures factor levels. Comparisons of
group means are replaced by comparisons of the group mean vectors;
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error mean squares are replaced by error matrices; F-tests are replaced
by multivariate test statistics (Wilks' Lambda, Pillai’s trace, Hotelling-
Lawley trace, and Roy's greatest root). Two vectors are declared dif-
ferent iof at least one element in the vector is different for the two
groups. For example, if the average seedling growth measured at year 2
for the three site preparation methods were different, we would con-
clude that the growth trends over time were different among seedlings
treated by the three site preparation methods.

This method of analysis does not require the sphericity assumption.
The power of the multvariate test is quite low due to the use of the
error matrig, This becomes an important consideration when the num-
ber of repeated measures levels is large and the number of experimental
units {8 small. Finally, seultivariate analysis does not explodt the underly-
inyg continity of the response functions in Hme, thus may only indirectly
argwer the question of trend over time

5. Response corve analysis
A response curve is a plot of the data over time. In this approach, a
curve s fitted to each set of seedling data (owver timel to get a set of fit-
ted parameters (a, b, . . .}, Each set of parameters summarizes all the
information in the response curve for each seedling. These fitted
parameter values will be used as data in a multivariate analysis as
described in method {4). This method of multivariate analysis is more
powerful than that csing raw dats alone because the size of the vector
is greatly reduced due to fewer time points and parameters in the
response curve. If the multivariate analysis of variance of no difference
among the parameter vectors is rejected, then univariate analysis of
variance on each parameter may be carried out to identify which
parameter is different among the wreatment levels. This approach allows
one to directly compare special features (e, maximum, minimum,
end point, point of inflection) in the response curve.

The success of this approach depends on the suitability of the
response curve, The selected curve must be adequate for all seedlings.
Tt should have a minimum number of parameters and the parameters
should correspond to interesting features on the eurve, Sometimes, the
curve may need to be re-parameterized to identify the features of inter-
est, Many data may be needed to adequately define the response curve.
If the response curve equation is unknown, or if there are not enough
data, polynomials or any orthorgonal combinations of data may be
used instead, See Sit and Poulin-Costello (1994) for a discussion on
curve fitting techniques.

The advantages of the response curve analysis are:

1. The dimension of the response vectors are reduced from the number
of time points to the number of parameters in the response curve,
therefore simplifying the multivariate analysis.

2, The analysis directly addresses the shape of the response function by
examining easily interpreted coefficients.

3. The analysis can be performed on only those experimental units
with necessary data to estimate the response function of inberest.
Thus, small amounts of incomplete records can be wsad.




Some interesting papers on repeated measures analysis are: Moser et
al. (1990), Potvin and Lechowicz (1990), Menedith and Stehman (1991),
Gumpertz and Brownie (1993), and Nemec (1996). An extensive list of
references can be found in Koch et al. {19Ba),

COMCLUSION

Regression and repeated measures analysis are important tools for analyz-
ing mixedwood data. We must take care to ensure that these methods are
carried out properly. In regression analysis, one important but often
ignored assumption is that the underlying model is correct. In this paper,
we examined the consequences when this assumption was violated.

Five common approaches for analyring repeated measures data are pre-
sented. The first three methods described are either incorrect or inade-
quate for repeated measures data. Response curve analysis is the best
method for assessing trends.

LITERATURE CITED

Gumpertz, M.L. and C. Brownie. 1991, Repeated measures in randomized
block and split-plot experiments. Can. |. For. Res. a3:625-639.
Koch, G.G., LA. Amara, M.E. Stokes, and D.B. Gillings. 1980. Some views
on parametric and non-parametric analyses for repeated measure-

ments and selected bibliography. Int. Statist. Rev. 48:249—285.

Meriedith, M.P. and 5V, Sichman. 1991 Bepeated measures experiments in
forestry: focus on analysis of response curves. Can. [, For. Res.
21957965,

Maser, E.B.,, A.M. Saxton, and 5.R. Pezeshki. 1990. Repeated measures
analysis of variance: application to tree research. Can. |. For. Res,
2025245355

Nemee, AEN, 1996, Analysis of repeated measures and time series: an

introduction with forestry examples. B.C. Min. For., Res, Br., Vic-
taria, BC. Biometrics Handbook No. 6. Work. Pap 10/1996.

Potvin, C. and M.J. Lechowicz, 1990, The statistical analysis of eco-
physiological response curves obtained from experiments involving
repeated measures, Ecology 71(4):1389-1400.

Sit, V. and M. Poulin-Costello. 1994. Catalogue of curves for curve fitting,
B.C. Min. For, Res. Br., Victoria, BC, Biometrics Handbook Mo, 4.
1o pp.

i



Qweel's Praver for Beiiah Cobkigisia 0
Winorm, |99



