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Abstract
A key aspect in understanding patterns in wood demand and harvesting activities is
monitoring of timber products output by wood processing facilities. Estimation of
change from year-to-year is necessary but is complicated due to shifts in the popu-
lation as well as changing strata over time. Taking independent samples each year
eases complexity, yet suffers from relatively large sampling error in comparison to
other designs that take advantage of the covariance arising from correlated samples.
In this study, a design intended to maximize the precision of the change estimate by
retaining the initial sample to the extent possible was analyzed. Several approaches
to estimating the covariance, with the primary challenge being that sometimes only a
single sample unit occurred in both samples within a given stratum. Variance underes-
timation and overestimation were encountered depending on the covariance method.
The best outcomewas attained using ameasure-of-size variable at the population level
to approximate the covariance. However, this approach overestimated the variance by
11% in a Monte Carlo simulation. The simulation results suggested a 14% reduction
in the standard error of the estimate was attainable from correlated samples relative to
independent samples. Due to the challenges introduced for estimating the covariance
for changing populations and strata over time, the value of relatively small reductions
in sampling error need to be considered in the context of introducing complex and
potentially unreliable covariance estimation methods.
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1 Introduction

Monitoring of timber products output (TPO) is a key aspect of understanding cur-
rent forest composition and structure and for projections of future forest condition
and trends (Chen et al. 2015; Wear et al. 2016). There are numerous drivers that
affect amounts and types of outputs, including resource availability, material costs,
labor costs, competition, opportunity costs (choosing which product to manufacture),
and product demand—all of which may be subject to regional, national, and interna-
tional influences (Nanang 2010; O’Brien andBringezu 2018). The complex interactive
effects of these factors emphasize the need for continual TPO monitoring efforts to
accurately assess market roundwood demand in a timely manner such that manage-
ment and policy responses can be effectively formulated and implemented (du Toit
et al. 2018; Alberdi et al. 2016). A primary example of a significant shift in TPO
was the substantial decrease in roundwood consumption associated with broader eco-
nomic decline in 2008–2009 (Pepke 2010; Howard and Westby 2009). Ongoing TPO
monitoring was also instrumental in capturing the magnitude and timing of the sub-
sequent forest products industry resurgence (Brandeis and Hodges 2015; Howard and
McKeever 2016).

These trends in forest product markets also influence tree harvest patterns and resul-
tant effects on forest composition and structure (Luppold and Pugh 2016; Chaudhary
et al. 2016). Trees of desired species and size characteristics needed for production
of wood products are more likely to be actively managed (Crow et al. 2002). For nat-
urally regenerated multi-species stands, active management creates disturbances that
can alter typical development regimes and produce both short- and long-term effects
on species assemblages and tree size distributions (Angers et al. 2005;Hall et al. 2003).
Stands in planted forests are often monocultures managed for specific products; thus
the species diversity and structural characteristics are heavily controlled from the out-
set (Rubilar et al. 2018). In either case, it is clear that substantial manipulation of
forested lands is done in response to the supply demands of the forest product sector.

In the U.S., TPO monitoring has been conducted since 1948 by the Forest Inven-
tory and Analysis (FIA) program of the U.S. Forest Service (Bentley and Johnson
2011). The methods used to construct TPO estimates have varied in subsequent
decades; with the most recent approach relying on a census of all primary wood
using mills/facilities—defined as those processing roundwood in log, bolt, or chipped
form (Bentley and Johnson 2011). From each mill, information is gathered on wood
volumes received by product (e.g., saw log, pulpwood, veneer logs, poles, and logs
used for composite board products), species group (i.e., hardwood, softwood), and
county of origin. Because pulp mills tend to be of large size and few in number, these
facilities are censused annually, while manufacturers of other products are censused
on a periodic basis with varying frequencies. To move toward a more efficient and
consistent approach to TPO monitoring, FIA implemented a stratified sample-based
approach beginning in 2019. This change will increase efficiency as fewer mills will
need to be contacted; in particular the effort to sample the numerous small mills will
decrease considerably. Improved consistency is gained via annual data collection,
analysis, and reporting instead of periodic assessments with varying time intervals.
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The methods for constructing point-in-time TPO estimates under the stratified sample
design are described in Coulston et al. (2018).

Ongoing implementation of the prescribed design would entail drawing an inde-
pendent sample each year. While this approach is considered desirable for the change
estimate as changes in the population composition would be accounted for, the preci-
sion of the estimate is likely to be poor. An alternative approach would be to remeasure
as many sample units as possible as this maximizes the precision of change estimates
where positive correlation between samples is present. Thus, it is worthwhile to eval-
uate the potential gain in precision of change estimates under an alternative sample
design where the mills selected into the initial sample are retained for measurement in
the successive sample. In this scenario, the primary issue is adequately estimating the
covariance for two correlated samples (Wood 2008; Nordberg 2000). The procedures
can be fairly straightforward in relatively simple sampling environments, however
difficulty increases considerably for more complex scenarios (Knottnerus and van
Delden 2012). In particular, finding appropriate and well-behaved variance estimators
can be elusive when populations and/or strata fluctuate in successive measurements
(Schreuder et al. 1993; Berger 2004). In the context of a sample-based TPO moni-
toring program, the population of mills changes year-to-year as some existing mills
close and newmill operations are established. Thus, the population elements available
for selection into the sample change over time. These population shifts also can affect
the construction of strata used to conduct the sampling effort, resulting in some mills
having different stratum assignments over time.

As key outputs of a TPO monitoring program are estimates of change, account-
ing for shifts in populations and strata is of considerable importance to making valid
inferences, i.e., providing interval estimates of change that reflect the uncertainty
present due to sampling. The proposed sample design for the U.S. includes both fully
enumerated and sampled strata (Coulston et al. 2018), where contributions to the esti-
mated variance only arise from sampled strata. When some of the same mills are
purposely retained for remeasurement, there is a need to account for the covariance
between sampled stratum means when the same mill(s) appears in two successive
samples (Berger 2004). An issue arises when only one mill is in common between
strata, which precludes the use of the traditional covariance estimator that requires at
least two observations (Knottnerus and van Delden 2012). Considering these circum-
stances, the objectives of this study are: (1) develop the overall statistical framework
for estimating change from successive TPO samples, (2) outline a method for com-
bining strata that are dynamic over time, (3) evaluate various approaches to estimating
the covariance that addresses some strata having only a single element in common to
correlated samples, and (4) assess tradeoffs in precision of change estimates between
independent and correlated sampling strategies.

123



418 Environmental and Ecological Statistics (2022) 29:415–431

2 Methods

2.1 Data

Two TPO datasets covering 12 states in the southeastern U.S. were used in this study
(Fig. 1). The first arises from the 2011 TPO census of this area which collected data
from N � 1363 mills. Information from each mill included amount of roundwood
consumed by county of origin and primary output product. The second dataset is
similar to that of 2011, but contains data collected in 2013 from N � 1374 mills
(Table 1). For this study, the intended sampling rate was 40% of the population, which
corresponds approximately with the level of effort used in previous TPO studies in the
region (Johnson et al. 2011). To approximate this sampling goal, strata were developed
within each state and primary product group using a measure-of-size (MOS) variable
(Coulston et al. 2018). MOS is an approximate indicator of mill output, which in
practice is obtained from prior mill receipt data or other information sources. For
the purposes of this study, the MOS for each mill in the 2011 dataset was based on
the 2013 consumption and vis-versa for the 2013 dataset. The MOS for mills that
were only active in 2011 or 2013 were based on a statistical model. Each mill in the
population was assigned to a single stratum. All mills with a MOS greater than ten
million cubic feet of roundwood consumption were sampled with certainty. In these
data, all pulpwood mills and composite panel mills were sampled with certainty from
strata having either 1 or 2 mills (Table 1). For the remaining product classes, strata
containing only 1 or 2 mills were sampled with certainty, whereas a sample of size 2
was taken in strata having at least 3 mills.

Fig. 1 Primarymill locations and relative size in the twelve-state study area of the southeastern United States
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Table 1 Summary statistics for mill receipts (MCF� 1000 cubic feet) in the 2011 and 2013mill populations
across a 12-state area in the Southern U.S.

Primary product Mill receipts (MCF) # Strata

# Mills Mean Std. dev Sampled Enumerated Total

2011

Bioenergy/Fuelwood 42 3575.72 5692.90 2 28 30

Composite panel 20 14,927.36 8673.85 0 20 20

Miscellaneous 48 707.48 831.93 6 11 17

Poles 44 1140.28 905.72 7 14 21

Posts 22 401.38 1140.38 1 17 18

Pulpwood 76 48,222.12 24,727.94 0 74 74

Saw logs 1055 2022.19 4100.27 103 171 274

Veneer logs 56 6956.60 7825.49 6 27 33

All products 1363 125 362 487

2013

Bioenergy/Fuelwood 56 4796.38 7652.93 6 20 26

Composite panel 22 17,424.48 9501.40 0 22 22

Miscellaneous 45 760.77 911.33 6 11 17

Poles 44 1279.58 992.56 8 14 22

Posts 21 385.17 972.41 1 16 17

Pulpwood 77 46,887.88 23,443.72 0 76 76

Saw logs 1060 2203.98 4523.27 107 165 272

Veneer logs 49 7714.39 8485.26 4 29 33

All products 1374 132 353 485

There were 1300 mills in common to both populations

2.2 Estimation

Assessing change in a population parameter is often accomplished by evaluating
observed data at two points in time. Two primary methods are used: (1) finding the dif-
ference between population estimates generated at each time point, or (2) calculating
the differences for each sample unit and directly estimating the difference. The former
approach has the desirable property of the difference estimate matching the difference
between the two time-point estimates, but requires explicit calculation of the covari-
ance between two samples if they are not independent. The latter approach affords
more computational simplicity as the covariance is implicitly accounted for; however,
the direct difference estimate and the time point difference are usually unequal due to
various factors. The former approach was used in this study as there is full utilization
of all observations in each sample, whereas the latter approach can only use sample
units having an observation at both time points.
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2.3 Time 1

For the initial (T1) sample, the population is stratified into h � 1 to H strata using the
measure of size (MOS) protocol described inCoulston et al. (2018). Each stratum h has
a population size of Nh and a corresponding sample size denoted nh. Strata containing
only one or two population elements (Nh � 1, 2) are completely enumerated (nh �
Nh). Strata having Nh ≥ 3 population elements are subjected to a simple random
sample (SRS) of nh � 2. As each mill receives roundwood from one or more sources,
the observed value for the mill is the sum of all sources. In notational form, this value
is yih � sample observation from mill i in stratum h. The unbiased estimators of total
roundwood consumption and associated variance for stratum h are

̂Yh � Nh

∑nh
i�1yih
nh

(1)

v(̂Y h) � (1 − fh)N
2
h

∑nh
i�1

(

yih − yh
)2

nh(nh − 1)
, (2)

where fh � nh/Nh is the finite population correction factor for stratum h (non-zero
variances are only from sampled strata) and yh is the sample mean of stratum h.

The estimated population total roundwood consumption at Time 1 is calculated
from

̂T1 �
H

∑

h�1

̂Yh (3)

and the variance estimator for the estimated total is

v
(

̂T1
) �

H
∑

h

v(̂Y h). (4)

The percent standard error is obtained from:

SE%
(

̂T1
) �

√

v
(

̂T1
)

̂T1
100 (5)

Generally, the sampling design was conceived to provide relatively small variance.
This is due, in part, to the commonly encountered phenomenon that the stratum vari-
ance increases as the magnitude of the mean response increases (e.g., Figure 2 in
Coulston et al. 2018). In the context of this study, strata composed of large mills
would tend to have relatively large variances compared to strata having smaller mill
sizes. Thus, the strata with large mean values are (1) sampled with certainty, which
nullifies the potentially large contribution to the variance that would occur if the strata
were sampled, or (2) are subject to large sampling fractions (e.g., Nh � 3 and nh � 2)
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where there is a considerable effect of the finite population correction factor (see (2))
in reducing the variance.

2.4 Time 2

For a successive Time 2 (T2) sample, the same estimation process as Time 1 is used;
noting that the T2 population being sampled may have changed since T1. Also, the
MOS for mills in the T2 population that were also in the T1 population may be
different. These MOS differences and the addition of MOS for new mills in the T2
population will alter the MOS distribution from that found at T1, thus it is likely the
T2 stratification will result in differing assignments of population elements to strata in
comparison to T1. Thus, the notation is slightly altered to indicate the T2 stratification,
in which l � 1 to L strata are constructed. The stratum-level estimators analogous to
(1) and (2) above are

̂Yl � Nl

∑nl
i�1yil
nl

(6)

v(̂Y l ) � (1 − fl)N
2
l

∑nl
i�1

(

yil − yl
)2

nl (nl − 1)
(7)

It is straightforward to proceed to the population total estimator ̂T2 and its variance
estimator v

(

̂T2
)

by summing across strata as in (3) and (4).

2.5 Time 2− Time 1

Repeated sampling of the population over time provides the ability to estimate change.
Given the formulae shown above, the estimated difference ̂�

̂T2−̂T1 is:

̂�
̂T2−̂T1 � ̂T2 − ̂T1 (8)

The variance expression for thê�
̂T2−̂T1 estimate can be complex due to the potential

need to account for the nonzero covariance that may occur when the same sample units
are present in both T1 and T2 samples. In the context of stratified estimation, estimates
from stratum h at T1 may be correlated with estimates from stratum l at T2. When
the samples at two points in time are selected independently there is no covariance
by definition and the presence of in-common sample units is due to random chance.
However, for the sampling scenario that exploits remeasurement of the same mills to
maximize the precision of change estimates (denoted MP), mills sampled at T1 and
still in the population at T2 are included in the T2 sample. In some cases, sampled T2
strata may only have one mill due to closure of mills from the T1 sample. To obtain nl
� 2 for these strata, an additional mill is randomly chosen from the population of mills
for each stratum. Once the sample units for the T2 stratification are established, a new
stratification scheme is developed that incorporates the existing strata from T1 and T2
(Schreuder et al. 1993). A key property of this new stratification is the retention of
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consistency with the T1 and T2 estimations, i.e., the same results are given using either
the original or new stratification. The new stratification is based on the combinations
of T1 and T2 strata where the new stratification contains m � 1 toM strata with M
≥ max(H, L). Estimates of covariance will need to be calculated for sampled strata
having mills in common to both samples. The covariance equals zero for strata that
were sampled with certainty or where no sample unit overlap occurs.

Computational solutions broadly applicable to nonzero covariance situations are
needed. In cases where the same two sample units comprise a sampled stratum at both
T1 and T2, it is straightforward to calculate the covariance using the standard formula
(e.g., Schreuder et al. 2004, p. 16). However, under a paradigm of nh � nl � 2 and
a changing population that precludes repeating the exact same sample at T2, it will
sometimes be encountered that only one sample unit is in common. In this case, the
parent stratum is divided into two revised sub-strata—one containing the common
sample unit and the other having the remaining sample unit that only appears in either
the T1 or T2 sample. Using T1 as an example, the population size of a split stratum
(Nh′ ) is approximated from the parent population stratum size (Nh) and the ratio of
the number of sample units in the revised strata (nh′ ) to the number of sample units
in the parent stratum (nh):

Nh′ � Nh
nh′

nh
(9)

and analogously for the revised T2 stratum sizes

Nl ′ � Nl
nl ′

nl
(10)

When no sample units from a T1 stratum are selected into a T2 stratum, the adjusted
sizes are zero; when all sample units in a T1 stratum comprise a T2 stratum, the original
stratum sizes are retained, i.e., Nh′ � Nh , Nl ′ � Nl . This is straightforward in the
case with only 1 sample unit in common as the result is an equal division of the parent
stratum size, i.e., nh′ , nl ′ � 1 and nh , nl � 2.

An example of the revised stratification derived from the original T1 andT2 samples
and stratification is shown in Table 2. For both the T1 and T2 samples, each stratum has
nh � nl � 2 and population sizesNh andNl, respectively; with overall population sizes
of N � 37 for T1 and N � 61 for T2. There were nine mills in the T2 sample that also
occurred in the T1 sample and these are identified by having a stratum assignment
at both times. For these situations, the revised stratification for change estimation
divides these based on the formulae above, and this division results in M � 14 total
strata having samples of size nm. For theMP design in which mills from the T1 sample
are retained when still in the T2 population, calculation of a nonzero covariance will
be needed for m � 3, 4, 5, 6, 7, 8, and 9 (Table 2).

When the revised stratum only has one sample observation, typical formula-based
estimation of the stratum sample variance is precluded. Under the paradigm of enforc-
ing consistent estimations with the original T1 and T2 stratifications, the revised strata
retain the original sample variance from the parent stratum. Thus, the calculation
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Table 2 Example for T1 and T2 samples and their aggregation into M � 14 change strata with revised
sample (nm) and population (Nh′ , Nl′ ) sizes

Mill # Time 1 Time 2 Time 2 − Time 1

Stratum h Nh Stratum l Nl Stratum m nm Nh′ NI′

1 1 2 1 2 1 2 2.0 2.0

2 1 2 1 2 1 2 2.0 2.0

3 2 3 – – 2 1 1.5 0.0

4 2 3 2 3 3 1 1.5 1.5

5 3 5 3 3 4 1 2.5 1.5

6 3 5 4 4 5 1 2.5 2.0

7 4 8 4 4 6 1 4.0 2.0

8 4 8 5 9 7 1 4.0 4.5

9 5 19 6 12 8 1 9.5 6.0

10 5 19 7 28 9 1 9.5 14.0

11 – – 2 3 10 1 0.0 1.5

12 – – 3 3 11 1 0.0 1.5

13 – – 5 9 12 1 0.0 4.5

14 – – 6 12 13 1 0.0 6.0

15 – – 7 28 14 1 0.0 14.0

pertinent to the revised stratification is to estimate the covariance term needed for
estimating the variance of the estimated difference in stratum m.

The variance of ̂�
̂T2−̂T1 is expressed generally as:

(

V
(

̂�
̂T2−̂T1

)) �
H

∑

h�1

N 2
h E(yh − Y h)

2
+

L
∑

l�1

N 2
l E(yl − Y l )

2−2
M

∑

m�1

N 2
mE(ym − Ym)

2

(11)

The first term of (11) can be shown as
∑H

h�1 N
2
h S

2
h (1 − nh

Nh
)/nh with S2h �

∑Nh
i�1

(

yih − Y h
)2

/(Nh − 1), the second term analogously as
∑L

l�1 N
2
l S

2
l (1− nl

Nl
)/nl

with S2l � ∑Nl
i�1

(

yil − Y l
)2

/(Nl − 1), and the last term being equivalent to
∑M

m�1 N
2
mS

2
m(1 − nm

Nm
)/nm) with Sm � ∑Nm

i�1

(

yim − Ym
)2

/(Nm − 1). The defini-
tion of terms is generalized using ‘·’ notation where · refers to h, l, orm to indicate the
different stratifications and mill assignments to strata. Subsequently, Y · � population
mean in stratum · and yi ·, n·, and N· are as previously defined. The estimate of variance
is obtained by substituting the sample means y· for Y · and sample sizes n· for N. in the
calculations of s2h , s

2
l , and s

2
m that indicate sample-based estimates of these parameters

and lead to the overall v
(

̂�
̂T2−̂T1

) � v
(

̂T1
)

+ v
(

̂T2
) − 2cov(̂T1, ̂T2).
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The third term of [11] corresponds with
∑M

m�1 N
2
ms

2
m(1 − nm

Nm
)/nm) �

∑M
m�1 cov

(

̂T1m, ̂T2m
) � cov(̂T1, ̂T2) where calculations are required for strata having

sample units in common under the MP sampling approach. To simplify notation at
the stratum level, these calculations will be referred to as cov

(

̂T1m, ̂T2m
)

hereafter.
Calculation of cov

(

̂T1m, ̂T2m
)

can be a complex undertaking as the selection proba-
bility of a given sample unit may be different from T1 to T2 due to differences in Nh

and Nl. One method to approximate the covariance component is to use the simple
random sample (SRS) formulation from Wood (2008) to obtain an unbiased estimate
of cov

(

̂T1m, ̂T2m
)

within each stratum m.

covW
(

̂T1m, ̂T2m
) �

nc
(

1 − π2
π2|1

)

π1π2

(

1 − π1π2|1
π2n1

)

{

(y1y2)c − π1π2|1n2(1)
π2nc

ys1 ys2(1)

}

(12)

The right-hand-side variables, whose values are specific to stratum m, are π1 �
first-order inclusion probability for a sample unit at T1 (� nh/Nh), π2 � first-order
inclusion probability for a sample unit at T2 (� nl/Nl),π2|1 � the conditional inclusion
probability that a sample unit is selected at T2 given that it was selected at T1, n1 �
number of samples at T1, nc � number of sample units in common to T1 and T2,
n2(1) � number of T2 sample units present in the T1 population, ys1 � mean of the T1
sample, ys2(1) � mean of T2 sample units present in the T1 population, and (y1y2)c
� mean crossproduct of samples in common to T1 and T2. As the ratios π2

π2|1 and
π1π2|1n2(1)

π2nc
cannot be expressed using known population and sample sizes, they are

estimated using the Hidiroglou et al. (1995) approximation for π2
π2|1 � nhnl Nc

Nh Nlnc
and

E
(

π1π2|1n2(1)
π2nc

)

� 1 (Wood 2008) to result in the following computational form to

estimate the within-stratum covariance:

covW
(

̂T1m, ̂T2m
) �

nc
(

1 − nhnl Nc
Nh Nlnc

)

nhnl
Nh Nl

− nc
Nh Nc

{

(y1y2)c − ys1 ys2(1)

}

, (13)

where Nc � number of population units in common to T1 and T2. Strict unbiasedness
of (13) is achieved only under certain sample unit rotation schemes, however, only a
small amount of bias is expected formost applications (Wood2008).Note the estimator
(13) is computationally tractable for the case of nm � 1. Having the stratum covariance
from (13), the variance estimator for each stratum m was:

vW

(

̂�
̂T2m−̂T1m

)

� v
(

̂T1m
)

+ v
(

̂T2m
) − 2covW

(

̂T1m, ̂T2m
)

(14)

and the corresponding overall variance is calculated as:

vW
(

̂�
̂T2−̂T1

) �
M

∑

m�1

vW

(

̂�
̂T2m−̂T1m

)

(15)
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An alternative may be to use the usual SRS covariance formula; however, valid
calculation requires a minimum of nm � 2. To circumvent this problem when nm � 1,
it is often suggested that data be borrowed from ‘nearby’ strata to increase the sample
size (Singh and Sedransk 1988). The most simplistic implementation of this approach
is to perform the calculation using all sample elements in common across all sampled
strata. In this case, it is sensible to estimate the overall sample correlation (ρ) as:

ρ � cov(T1(s), T2(s))
√

v(T1(s))
√

v(T2(s))
, (16)

where T1(s) and T2(s) refer to the respective mill receipt observations from units occur-

ring in both the T1 and T2 samples, v
(

T1(s)
) � ∑nc

i�1

(

y1i − y1
)2

/(nc−1), v
(

T2(s)
) �

∑nc
i�1

(

y2i − y2
)2

/(nc−1), and cov
(

T1(s), T2(s)
) � ∑nc

i�1

(

y1i − y1
)(

y2i − y2
)

/(nc−
1). The calculated value of ρ is then used in the estimator:

vρ

(

̂�
̂T2−̂T1

) � v
(

̂T1
)

+ v
(

̂T2
) − 2ρ

√

v
(

̂T1
)

√

v
(

̂T2
)

(17)

When ρ is obtained in a manner consistent with the sample design, the estimator
in (17) is unbiased (Gregoire and Valentine 2008, p. 238). However, in this case, the
underlying stratified design was ignored and thus an implicit bias in the estimator is
introduced. Further, the reliability of the estimated ρ may be questionable, depending
on the number of units in common to both theT1 andT2 sampled strata.Amore reliable
estimate of correlation may be obtained by using the population elements in common
sampled strata. This approach would require a variable containing information for
all population elements and which has high correlation with the attribute of interest
(mill receipts). In this study, MOS meets these criteria and could serve as a proxy for
improved estimates of correlation based on more observations. Further, the increase
in observations allows for implementation at the stratum level. Similar to (16), ρMOS

for sampled strata would arise from:

ρMOS � cov(T1m(p), T2m(p))
√

v(T1m(p))
√

v(T2m(p))
, (18)

where T1m(p) and T2m(p) refer to the respective MOS from units occurring in both the
T1 and T2 population for sampled strata.

An implementation of ρMOS would be to implement the unbiased variance estima-
tors for calculation of the stratum variances (19) and the subsequent overall variance
(20):

vMOS

(

̂�
̂T2m−̂T1m

)

� v
(

̂T1m
)

+ v
(

̂T2m
) − 2ρMOS

√

v
(

̂T1m
)

√

v
(

̂T2m
)

(19)

vMOS
(

̂�
̂T2−̂T1

) �
M

∑

m�1

vmMOS

(

̂�
̂T2−̂T1

)

(20)
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2.6 Monte Carlo simulation

To evaluate the alternative variance estimation approaches described above, Monte
Carlo simulations were conducted using the roundwood consumption data from the
census of mills in 12 states across the southeastern U.S. during the years 2011 (T1,
N � 1363) and 2013 (T2, N � 1374) (Table 1). Estimations were evaluated for the
maximum precision (MP) design that retains T1 mills to the extent possible. A total
of r � 1 to 5000 replications were conducted. At each iteration, an approximate 40%
sample was drawn from both the T1 and T2 populations, wherein all strata having Nh

� Nl ≤ 2 were fully enumerated and strata with Nh � Nl > 2 were sampled randomly
such that nh � nl � 2. The simulation output consisted of estimated change across all
product categories combined and associated estimates of variance. For comparative
purposes, the variance for an independent samples scenario where cov

(

̂T1, ̂T2
) � 0

was calculated as vI
(

̂�
̂T2−̂T1

) � v
(

̂T1
)

+ v
(

̂T2
)

. The MP design was evaluated using
the T2 strata assignments and drawing randomly as needed from other T2 mills in
the same stratum to attain nl � 2 for sampled strata. This was necessary to account
for mills in the T1 sample that had dropped out of the T2 population. Also, changes
in the stratification occasionally produced nl > 2 and T1 sample units needed to be
randomly dropped from the sample to maintain nl � 2. Under this sampling paradigm,
three variance estimators were evaluated, namely vW

(

̂�
̂T2−̂T1

)

(15), vρ

(

̂�
̂T2−̂T1

)

(17),
and vMOS

(

̂�
̂T2−̂T1

)

(20). Upon completion of 5000 replications, the mean values
of vW

(

̂�
̂T2−̂T1

)

,vρ

(

̂�
̂T2−̂T1

)

, vMOS
(

̂�
̂T2−̂T1

)

, and vI
(

̂�
̂T2−̂T1

)

were calculated along
with the Monte Carlo (MC) variance of the distribution of the change estimates

vMC
(

̂�
̂T2−̂T1

) �
∑5000

r�1

[

(

̂�
̂T2−̂T1

)

r
−

(

̂�
̂T2−̂T1

)]2

4999
, (21)

where ̂�
̂T2−̂T1 is the mean estimated change value over the 5000MC replications. The

MC percent sampling error is:

SE%
(

̂�
̂T2−̂T1

)

�
√

vMC
(

̂�
̂T2−̂T1

)

̂�
̂T2−̂T1

100 (22)

3 Results and discussion

The motivation for calculating vMC
(

̂�
̂T2−̂T1

)

was to establish a basis for comparison
with vI

(

̂�
̂T2−̂T1

)

, vW
(

̂�
̂T2−̂T1

)

, vρ

(

̂�
̂T2−̂T1

)

, and vMOS
(

̂�
̂T2−̂T1

)

. When no covari-
ance was accounted for, vI

(

̂�
̂T2−̂T1

)

was too large and had a corresponding sampling
error of about 8.5%.Under theMP design, the three proposed approaches to estimating
the variance, to wit vW

(

̂�
̂T2−̂T1

)

, vρ

(

̂�
̂T2−̂T1

)

, and vMOS
(

̂�
̂T2−̂T1

)

, exhibited discern-
able differences due to the various covariance approaches. The sampling errors were
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approximately 8.5% using vW
(

̂�
̂T2−̂T1

)

, 6.5% using vρ

(

̂�
̂T2−̂T1

)

, and approximately
7.6% based on vMOS

(

̂�
̂T2−̂T1

)

. The sampling error based on vMC
(

̂�
̂T2−̂T1

)

was 7.3%.
In terms of the actual variances of vI

(

̂�
̂T2−̂T1

)

, vW
(

̂�
̂T2−̂T1

)

, vρ

(

̂�
̂T2−̂T1

)

,
and vMOS

(

̂�
̂T2−̂T1

)

, the largest positive differences with vMC
(

̂�
̂T2−̂T1

)

were for
vI

(

̂�
̂T2−̂T1

)

and vW
(

̂�
̂T2−̂T1

)

where the overall variancewas overestimated by roughly
37% (also see discussion below). Results obtained for the other methods showed
vρ

(

̂�
̂T2−̂T1

)

underestimated by 22%, and vMOS
(

̂�
̂T2−̂T1

)

was 11% too large. These
results suggest that ρ overestimated the true correlation, which may have occurred
due to ignoring the underlying stratified sampling design. Conversely, ρMOS under-
estimated the correlation and suggests that using MOS as a proxy for mill receipt
observations may produce unsatisfactory results. The average ρ and ρMOS from the
simulation were 0.81 and 0.28 respectively. Using vMC

(

̂�
̂T2−̂T1

)

, v
(

̂T1
)

, and v
(

̂T2
)

,
an approximate population correlation can be empirically calculated as 0.52. That is,
correlations near this value would result in close agreement between vMC

(

̂�
̂T2−̂T1

)

and the formula-based approaches.
In addition to the relatively large overestimation, estimates of vW

(

̂�
̂T2−̂T1

)

where
highly erratic from sample to sample. One issue was the occurrence of some

vW

(

̂�
̂T2m−̂T1m

)

< 0, which caused ultimately vW
(

̂�
̂T2−̂T1

)

< 0 for about 8% of the

samples drawn in the simulation. Obtaining variance estimators that consistently pro-
vide positively-valued results has been an on ongoing challenge in population/strata
change scenarios (Berger 2004; Nordberg 2000). A related issue was the occurrence of
extremely large values of vW

(

̂�
̂T2−̂T1

)

; nearly 3% of these values would be considered
outliers based on aMedian + 1.5× IQR (Interquartile Range) threshold (Tukey 1977).
The resulting distribution of vW

(

̂�
̂T2−̂T1

)

across the 10,000 samples in the simula-
tion was positively skewed such that the mean of vW

(

̂�
̂T2−̂T1

)

was exceedingly large
compared to vMC

(

̂�
̂T2−̂T1

)

and was essentially the same as vI
(

̂�
̂T2−̂T1

)

. Although the
Wood (2008) covariance estimator can accommodate the nm � 1 circumstance that
often occurs under the prescribed sampling paradigm, the covW

(

̂T1m, ̂T2m
)

appear to
be poorly estimated, prone to high instability, and can result in vW

(

̂�
̂T2−̂T1

)

< 0.
These factors suggest that, in general, too little information is provided by only one or
two observations to make reliable covariance estimates. For these reasons, operational
implementation of this approach is not recommended.

The underestimation of the variance using vρ

(

̂�
̂T2−̂T1

)

suggests this approach can-
not be endorsed. Further investigation into the performance of vρ

(

̂�
̂T2−̂T1

)

, which is
primarily predicated on the estimation of ρ, indicated a strong relationship with the
stratification that arises from the level of sampling effort. Because the strata sample
sizes are fixed, the sampling effort dictates the number and size of strata. For example,
reducing the sampling effort produces fewer strata with larger Nm. Increases in Nm

results in relatively fewer enumerated strata and more sampled strata. The converse
is true when the sampling effort increases. Generally, more sampled strata produces
more information upon which to estimate ρ. However, this does not ensure accurate
estimation of ρ as both over and underestimation was encountered as the sampling
effort varied. Thus, vρ

(

̂�
̂T2−̂T1

)

should not be considered a reliable method.
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Although vMOS
(

̂�
̂T2−̂T1

)

overestimated the variance, it may be considered the
best approach studied here in that it reflects the intuitive reduction in comparison to
independent samples. vMOS

(

̂�
̂T2−̂T1

)

provides a conservative estimate in comparison
to vMC

(

̂�
̂T2−̂T1

)

; however, there is a sacrifice in that the overestimation will hamper
findings of statistical significance and produce confidence intervals that are too wide.
As expected, ρMOS was relatively stable to sampling effort changes in stratification
as all the population values of MOS are used. An important consideration for using
MOS is how well the MOS represents actual mill receipts. If the MOS and receipts
are well-correlated, MOS-derived correlations between two samples should mimic
well the mill receipt relationships. However, the strength of the correlations cannot
be assessed until after the sample has been taken and reliance on the vMOS

(

̂�
̂T2−̂T1

)

estimator may be misguided unless careful attention is given to obtaining an accurate
MOS for each mill.

A trade-off to consider is the larger variance under the simplicity of an independent
sample paradigm in comparison to a smaller variance associated with the complexity
of theMP design in a changing population/strata framework. Of particular note for the
latter method is the need to estimate covariance in situations where only one correlated
observation is present in a sampled stratum. This situation requires the use of non-
standard approaches that may be difficult to implement operationally and/or may
provide poor results. Also, in this study two consecutive time points were considered
but other comparative scenarios such as T1 to T3 or T1 to T4 could be envisioned
where further complications would arise in tracking population and strata changes
across multiple time periods. In regard to sample unit selection, the MP approach is
similar in concept to sampling with partial replacement and would be subject to the
same difficulties of tracking sample units over time and the associated complexity in
estimation methods (Scott 1986). Thus, implementation of the MP approach implies
increasingly complex processes over time.

Other approaches to variance estimation could also be used, e.g., the bootstrap
(Efron 1979) or jackknife methods (Tukey 1958); although any alternative methods
would be subject to the same dilemmas such as small within-stratum sample sizes.
Consider the simplest usage of the bootstrap approach for sampled strata having nm
� 2: only four resampling outcomes are possible, two of which would be identical
and equal to the mean of the original sample. Given the bootstrap method would be
drawing from a frame composed of two sample units, the bootstrap variance estimate
would likely perform poorly under the proposed sampling design. A secondary con-
cern for using resampling methods is the computational burden, which may produce
unacceptable delays in delivering outputs in situations where a large amount of data
are present or many estimates are being requested, e.g., for many combinations of
classification variables.

While these results pertain to a real-world market outcome, is it useful to consider
how other population structures and market trend scenarios may impact the results.
One circumstance of interest would be different trend scenarios such as considerable
decreases or increases in mill output (Woodall et al. 2012). These situations could be
considered from a multiplier perspective on the T2 observations, e.g., a downturn of
20% would essentially be similar to multiplying the T2 values by 0.8 and similarly
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by values larger than 1.0 to represent increased outputs. It seems that this would have
little effect on the outcome as variances and covariances would scale accordingly
and there is no reason that the estimators themselves would behave differently. The
primary way by which the magnitude of the variances would be affected is to have
more or less heterogeneity within sampled strata (changes in fully enumerated strata
would have no effect). While theoretically possible, in practice it would be unlikely
to occur systematically as strata are constructed within product categories and mill
state location. Thus, owing to the same product and close geographic proximity, it
is unlikely that mills in the same stratum would be disparately affected by market
conditions.

4 Conclusion

The shift in TPO data collection from a periodic census to an annual sample allows
for timelier monitoring of TPO trends. A primary difference is the sample-based
approach, which requires specification of a sampling design and associated estimators
for population parameters such as total roundwood consumption. Estimation of change
resulting from repeated measurements must also conform to the sample design, where
proper estimation of variances is needed to make valid inferences. The use of inde-
pendent samples simplifies variance estimation, at the cost of poorer precision relative
to designs that take advantage of correlated observations. Assuming vMC

(

̂�
̂T2−̂T1

)

adequately represents the variance, increases in precision were found under the design
that maximized remeasurement of the initial sample; however considerable complex-
ity was encountered as the population and strata therein change over time as well as the
inability to estimate covariance via standard methods. For the proposed MP design,
the best approach to approximating the covariance was based on the vMOS

(

̂�
̂T2−̂T1

)

formulation with the resultant 11% overestimation in comparison to vMC
(

̂�
̂T2−̂T1

)

.
For ongoing efforts such asTPOmonitoring, annual sampling and reporting require-

ments oftenmake it necessary to rely on automated data analysis processes. Processing
algorithms must be robust under a wide range of input circumstances. The covariance
estimation approaches investigated in this study bring a higher level of operational
complexity that may be challenging to incorporate into automated processes in an
efficient and reliable manner. Thus, imposition of monitoring designs that effectively
subvert the covariance complication may be particularly appealing from an implemen-
tation perspective. Selecting independent samples each year is considerably different
in degree of implementation difficulty in comparison to the MP design. In summary,
additional research is needed to further explore other methods that more accurately
reflect the true variance, increase precision over independent samples, and do not incur
substantial additional complexity in analytical processes.
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