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Abstract

Forest inventory estimates of annualized net growth, removals, and mortality provide a standardized metric for a wide range of management
and policy assessments. Commonly, plot-level annualized values are determined by dividing the periodic change by the length of the time in-
terval. Subsequent estimation of means constitutes a mean-of-ratios (MOR) estimation approach. However, due to potential bias concerns for
the MOR estimator, the ratio-of-means (ROM) estimator is generally preferred by forestry practitioners. National forest inventory data from six
states in the United States were used to compare MOR and ROM annualized change estimation. Generally, MOR and ROM performed sim-
ilarly when there was little variation among plot measurement intervals. Differences between MOR and ROM increased as variability among
measurement intervals increased, with the largest observed differences being in the 3%-4% range. The ROM estimator also resulted in more
precise estimates than MOR, although in many cases the differences were trivial. ROM estimation can be negatively affected if the mean of
the measurement intervals assigned to unvisited nonforest plots is incongruent with the mean for forested field-visited plots. Nonetheless, if
this complication is not present or can be ameliorated, the ROM estimator appears to perform better than MOR across various populations.

Study Implications: Forest inventory volume change results are usually reported on a per-year basis to make them more interpretable by data
users. This study compared the use of the typical mean-of-ratios (MOR) approach with an alternative ratio-of-means (ROM) concept. In a simula-
tion study that examined six different populations of forest inventory plots, the ROM method generally had smaller bias and uncertainty statistics
than the MOR approach. Thus, the ROM estimation offers forest inventory practitioners a more robust method for calculating annualized change
statistics. The use of accurate estimations to inform management and policy decisions is critical to effective stewardship of forest resources.
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Sustainable management of forest resources requires informa-
tion pertaining to both current status and amounts of change.
The latter is particularly important from a temporal perspec-
tive, as change information characterizes progress towards
various goals such as preferred species composition, ensuring
removals do not exceed growth, and other forest management
aspirations (Pukkala 2016). In many cases, forest managers
rely on forest inventory data for quantitative assessments of
status and trends in forest conditions (Kangas 2010; Smith
and Gray 2021). Typically, forest inventory data are obtained
periodically or on a continual basis. Periodic inventories con-
sist of an initial measurement of all sample plots, followed
by remeasurement at a later point in time with no informa-
tion being obtained during the interval (Kohl and Scott
2000). Although status and trend information are available
from periodic inventories, any changes in forest condition
are unknown during the years between measurement cycles
(Gillespie 2000). The desire for a consistent update of cur-
rent status and trend information has led to increasing prefer-

ence for annual (panelized) forest inventories, where a subset
of the sample plots is measured every year (Gschwantner
et al. 2016) and population estimates are annually updated
(Bechtold and Patterson 2005). Subsequently, plots are
remeasured at a time interval approximately equal to the
cycle length. Although the design has remeasurement of each
plot occurring at the specified interval, operational factors
around staffing, budgets, and travel cause plots to be meas-
ured sooner or later than intended.

Regardless of inventory implementation, remeasured plot
data serve a multitude of purposes, including monitoring
of mortality events (Edgar et al. 2019; Shaw, Steed, and
DeBlander 2005), productivity (Charru et al. 2010), carbon
flux (Herold et al. 2011), land use conversion (Van Deusen
and Roesch 2009), and various other issues related to changes
in forest resources (Tinkham et al. 2018). In many cases,
estimates of periodic change are converted to an annual-
ized mean that standardizes the values for ease of interpre-
tation and consistent usage among data users (Hoover and
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Smith 2021). Often, this is accomplished by calculating the
plot-level change and dividing by the time interval between
plot measurements (Poso 2006; Scott et al. 2005; Talbot et
al. 2014) and estimating annual population change using
those values. An alternative approach would be to divide the
overall observation of change over the time interval by the
average time interval between successive inventories as de-
termined from individual plot remeasurement intervals. The
former method equates to using a mean-of-ratios (MOR)
estimator, which has been shown to produce nontrivial bias
in estimates from forest inventory data (Ek 1971; Salas and
Gregoire 2010). The latter approach resembles implementa-
tion of a ratio-of-means (ROM) estimator that is often used in
forest inventory estimation to report results on a per-unit area
basis, for example, volume per hectare of forest (Zarnoch and
Bechtold 2000). However, use of the ROM estimator for an-
nualized change estimates appears to be infrequent, with the
average time interval being defined as a constant (Lanz et
al. 2019; Smith et al. 2007). In this study, use of the ROM
estimator in the context of estimating annualized change in
growth, removals, and mortality volume is investigated where
the remeasurement interval is considered a random vari-
able (Roesch 2008). Performance of the ROM estimator is
evaluated in comparison to the typically used MOR estimator
for a poststratified sampling design.

Methods

Data

Evaluation of estimator performance was conducted using
United States national forest inventory data collected by the
Forest Inventory and Analysis (FIA) program (https://www.
fia.fs.usda.gov). FIA implements a panelized inventory in
which a spatially-balanced portion of the plots are measured
each year, with all plots being measured over a period of 5-10
years depending on the state. The same process is repeated
temporally such that each plot gets remeasured every 5-10
years. For efficiency, plots are only field-visited for measure-
ment if forest land area occurs within the plot as determined
from evaluation of high-resolution remotely-sensed informa-
tion or if there were forest measurements taken at the previous
measurement. Unvisited “office” plots have observations of
zero for forest attributes by definition. The sampling design is
quasi-systematic with a sampling intensity of approximately
1 plot per 5,937 ac (2,428 ha) (Reams et al. 2005). The field
data are collected on plots composed of four circular subplots
with a 24 ft (7.32 m) radius, with one subplot located at plot
center and the remaining three subplots centered at azimuths
120°, 240°, and 360° and distance of 120 ft (36.58 m) from
plot center. In California, 58.9 ft (17.95 m) radius macroplots
colocated at subplot centers are also used (Bechtold and Scott
20035). In forested areas, trees having a diameter at breast
height (DBH) >5.0 in. (12.70 ¢m) are measured on subplots;
large trees with DBH > 24.0 in. (60.96 ¢cm) are measured on
the macroplots in California. Tree merchantable volumes
are determined from species and location-specific statistical
models and are aggregated to a plot-level value for estimation
purposes. Volume change for each plot is determined as the
difference in volume as determined from plot measurements
taken at two points in time. The remeasurement interval is
recorded to the nearest 0.1 years. Data from remeasured
plots in Ohio, Mississippi, Maine, Montana, Minnesota, and
California were used as the populations to be sampled. For

each state, the most recent plot measurement taken through
inventory year 2018 was considered as the ending measure-
ment and the plot observation taken during the previous cycle
served as the initial measurement. A summary of relevant data
attributes is provided in Table 1.

Within each state studied (Table 1) are G subpopulations
called estimation units (EU), where G varies depending on
the state. A poststratified sampling design is used within each
EU, where the poststrata classifications and weights are de-
termined from wall-to-wall remotely sensed information
and the sample plots are assigned to poststrata based on the
plot center location. Approaches to delineating the EU and
establishing the poststrata vary among states.

Analysis

The analysis focused on annualized estimates of primary
forest inventory change components—net growth, removals,
and mortality in units of cubic volume (Burrill et al. 2023).
Estimation was performed based on the FIA poststratified
sampling design using the poststratified estimators described
by Scott et al. (2005). The mean (¥g45) and variance of the mean
(v (¥gn)) for each poststratum b in EU g are calculated from

5) _ Z:lgh yghi
gh Hgh
(1)

(1) = O —9w)”

&

ngy (ngy — 1) (2)

v (Vo) =

where Vs 18 the observed value for plot 7 in poststratum b
within EU g, 7., is the number of sample plots in poststratum
h within EU g, and N, is the number of population plots in
poststratum » within EU g.

Estimates of the total and variance of the total for EU g
are calculated by aggregating across the H poststrata. The
poststratum means (Yg;) and poststratum weights (W,,)
are used in equation (3) to determine the estimated EU
mean (Yg). The estimated variance of the EU mean (v (¢))
includes a second term to account for the variability due
to random poststratum sample sizes (Scott et al. 2005) and
)y ng, = ng. Both the means and variances are adapted to
the population total () via simple expansion (Gregoire and
Valentine 2008), in other words, multiplied by the popula-
tion size (N ):

H
Ve = Ngyg = Ngz WebYeh
h=1

(3)
v(¥g) = N.gzr” () =
N2 H H
LIS Wy () + D (1= We) "L (3)
§ Lh=1 h=1 g (4)

When a mean-of-ratios (MOR) approach is taken, the esti-
mation proceeds as shown above using the annualized plot
change value, that is, plot-level change in component volume
divided by the plot remeasurement period are the y,, to ob-
tain MOR, = J, and v(MORg) = v () via (1)~(4).
However, additional calculations are required in a ratio-
of-means (ROM) estimation context. In this case, estimates
for the numerator are obtained using the plot-level volume
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Table 1. Summary statistics for mean net growth, removals, and mortality volume and plot measurement interval by state. N = number of plots in the

state, G = number of estimation units in the state, and S = total number of strata across all estimation units.

State Attribute Minimum Mean Maximum SD
Ohio Net growth (m*/ha) -26.7 0.8 39.1 2.9
N = 3960 Removals (m?/ha) 0.0 0.6 72.7 4.0
G=15 Mortality (m*/ha) 0.0 0.6 29.5 2.0
S=40 Remeasurement (years) 4.0 5.6 7.8 0.6
Mississippi Net growth (m*ha) -55.6 4.7 43.9 6.1
N =35166 Removals (m?/ha) 0.0 1.8 91.5 6.1
G=6 Mortality (m*/ha) 0.0 0.8 39.8 2.1
S=21 Remeasurement (years) 2.9 7.2 10.3 1.3
Maine Net growth (m?/ha) -22.8 2.6 20.9 2.8
N = 3444 Removals (m?/ha) 0.0 2.0 73.4 6.5
G=26 Mortality (m*/ha) 0.0 0.9 26.3 1.7
S=60 Remeasurement (years) 4.1 5.0 6.1 0.3
Montana Net growth (m*ha) -45.5 -0.2 15.9 3.0
N=_8918 Removals (m?/ha) 0.0 0.1 34.8 1.2
G=356 Mortality (m*/ha) 0.0 0.8 49.2 3.2
S=190 Remeasurement (years) 4.0 10.0 13.1 0.3
Minnesota Net growth (m*ha) -36.9 0.6 60.1 2.2
N=17312% Removals (m*/ha) 0.0 0.3 68.3 2.6
G=15 Mortality (m*/ha) 0.0 0.4 39.7 1.6
S=48 Remeasurement (years) 4.0 5.0 6.4 0.2
California Net growth (m*ha) -77.7 0.5 35.9 4.0
N=12726 Removals (m?/ha) 0.0 0.2 70.1 2.4
G=3 Mortality (m*/ha) 0.0 0.7 83.6 3.4
$=308 Remeasurement (years) 3.9 9.9 12.5 0.3

change as the y - 1 e denominator calculations proceed iden-
tically, notat10nally substituting Xy, for y i tO differentiate
between numerator (plot volume change) fand denominator
(plot measurement interval) attributes (i.e., plot measurement
interval is indicated by x,,), In pursuit of the annualized EU
total and its variance:

Neyq
Nex, (5)

ROM, = Ng% = N,

N2
v (ROMy) = =£ [v(3,) + ROMzv (%) — 2ROMgcov (Y, %) |

6 (6)
The covariance of the means is calculated from
cov ()'/g, .?_Cg) =
H
o [Z ghTghCOV ygh:xgh + Z £ cov (ygh,xgh)
8 Lh=1 h=1 g 7)
o (1 - 1%,) Z?gh (yghi - j’gh) (xghi - ’zgh)
cov (Ygn, Xgp) = 1
ngh (g — 1) (8)

As the preceding formulae are applied to calculate EU totals
and associated variances, state-level estimates are determined
as the sum of EU Values that is, MOR = Z 1 MOR, and

v(MOR) = Zg 1 V(MORy), w1th analogs to obtain ROM
and v (ROM), respectively.

Monte Carlo simulations were conducted by drawing a
random sample from the “population” of plots (Table 1) in each
EU for m =1 to M iterations (M =25,000). ROM and MOR
estimates for each state were generated from each selected
sample using the formulae above for annualized total net
growth, removals, and mortality volume. Generally, about 10%
of the plots were randomly selected into the sample at each iter-
ation, with some deviations to ensure a minimum poststratum
sample size (7, >2). For each change component, the Monte
Carlo simulation results for MOR estimates were summarized
by the mean of the estimates MOR, mean of the variances
(from (4) # (MOR), and variance of the estimates vmc (MOR):

— =% _ Ym1 MOR
MOR = &m=1"27
M )
Yoot ¥ (MOR)
MOR) = &z=1" 220
v( ) = 7 (10)
—\2
S"m—i (MOR — MOR)
MOR) =
UMC( ) M(M—].) (11)

ROM estimates were summarized in a likewise fashion. For
the purpose of evaluating estimator bias, the true annualized
population change values (R,,) were determined for each
state and component using all N plots (Table 1). The total
volume change for a state was calculated from entire popula-
tion of observations:
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h

H
Y=3 > vou

g=1h=1i=1 (12)
Analogously, x, were used to obtain the population total
measurement interval X. Subsequently, the overall annualized
population total results from

| <>

Rpop = =
X (13)

The percent bias in the MOR and ROM estimators were cal-
culated from

(MOR — Ryop)
Byiog =~ x 100
POP (14)
(ROM — Ryop)
Brom = ~———p——— x 100
POP (15)

Similarly, performance of the variance estimators was assessed
via percentage of difference comparisons between 7 (MOR)
and 7 (ROM) and the Monte Carlo results vmc (MOR) and
vmc (ROM), respectively given as

D(tpmor) = [2(MOR) — vpc (MOR)] Jupmec (MOR) x 1PP6)

D(trom) = [ (ROM) — vyc (ROM)] /yic (ROM) x 10p,,

Finally, comparisons between MOR and ROM estimators
were made to ascertain which estimator provided a smaller
percent sampling error based on a root mean squared error
(RMSE) criterion:

RMSEnor = \/Byor + #(MOR)

(18)
SE%non — “MSEMor 0
MOR (19)
RMSEgom = /By + #(ROM) 20)
SE%rom — JMSErom 4
ROM (21)

Results

A range of outcomes were observed across the six states and
components of change. The ROM estimator was essentially un-
biased for all states and change components, with B, | ranging
from -0.22% to 0.10% (Table 2). Similarly, the MOR esti-
mator exhibited little bias for all change component estimates in
Montana, net growth and mortality in Maine, and mortality in
California. However, biases that may be considered nontrivial
were indicated by B, . values of 0.76% (mortality in Ohio) to
3.91% (net growth in Mississippi). Generally, there was con-
sistency in B, . magnitude among the change components
within a state; for example, Montana had the smallest B, . and
Mississippi had the largest B, . for all change components.
Variance estimators corresponding with  (MOR) (4) and
7 (ROM) (6) performed nearly identically as assessed by
(10) when compared to the simulation variances from (11)
of vmc (MOR) and vmc (ROM), respectively. In all cases, the
formula-based variance estimates exceeded those resulting
from the sampling simulations from roughly 3% to 37%
(Table 3). Further, the differences were nearly identical between

Table 2. State-level percentage of bias in ROM and MOR estimates by change component using poststratified estimation.

BROM BMOR
State Net growth Removals Mortality Net growth Removals Mortality
California 0.00% 0.10% -0.06% 0.89% 1.04% -0.38%
Ohio 0.07% -0.22% 0.07% 1.57% 2.09% 0.76%
Mississippi 0.04% -0.04% 0.09% 3.91% 3.52% 2.84%
Minnesota -0.03% 0.06% -0.03% 1.59% 2.32% 1.20%
Maine 0.02% -0.01% 0.05% 0.18% 1.45% 0.07%
Montana 0.02% 0.12% 0.01% 0.17% 0.21% 0.15%

Table 3. State-level growth component percent differences between mean formula-based variances and the corresponding variance of the estimates

from Monte Carlo simulations for ROM and MOR estimations.

D(vrom) D(vmor)
State Net growth Removals Mortality Net growth Removals Mortality
California 33.3% 13.8% 37.4% 33.4% 13.8% 37.7%
Ohio 13.3% 10.8% 13.8% 13.3% 10.6% 13.8%
Mississippi 2.7% 2.8% 2.8% 2.7% 2.6% 3.1%
Minnesota 5.7% 7.6% 6.8% 5.6% 7.2% 6.5%
Maine 8.1% 6.9% 6.9% 8.2% 6.6% 6.8%
Montana 25.0% 26.0% 26.1% 25.2% 25.7% 26.3%
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ROM and MOR for each component of change within a
state. Subsequent investigation revealed these outcomes
were likely due to small sample sizes within some strata.
Large-sample simulations conducted using the entire state
as a single EU and no poststratification (i.e., simple random
sample) produced results where 7 (MOR) =2 vyc (MOR) and
7 (ROM) = vpyc (ROM).

Despite the lack of conformity between formula-based and
Monte Carlo variances, it is still of interest to evaluate the
relative error associated with ROM and MOR estimators. As
assessed by percentage of sampling error (SE%), the ROM
estimator provides more precision than the MOR estimator
in most cases (Table 4). However, the differences are generally
of little practical importance, with perhaps the exception of
Mississippi where, for example, the ROM SE% is nearly 24%
smaller than the MOR SE% for net growth.

Discussion

Although the consistent performance of the ROM estimator
in terms of small bias was apparent, the difference between
ROM and MOR estimates varied among the states. For ex-
ample, in Montana, the performance of the estimators was
quite similar, whereas the starkest differences occurred in
Mississippi (Table 2). These differences appear to be at least
in part attributable to the distributions of the measurement
intervals. As noted by Zarnoch and Bechtold (2000), MOR
and ROM are equivalent when the denominator is a constant.
Thus, near-equivalence may be inferred when measurement
intervals are almost constant. Examination of the differences
in measurement interval distributions between Montana and
Mississippi reveals a nearly constant measurement interval
for Montana in contrast to considerable variation occurring
in Mississippi (figure 1). The distribution of measurement
intervals in Ohio may be considered intermediate compared
with Montana and Mississippi, and this seems to corrobo-
rate that the magnitude of MOR bias is at least partly related
to the variability found in the interval distribution (figure 1,
Table 2).

In general, MOR tended to have a positive bias (Table 2),
which translates into MOR estimates of change being too
large. It appears this is the result of “outliers” being produced
from the division of change by measurement interval at the
plot level in MOR implementation. These outliers appear
to occur more prevalently with plots having relatively short
measurement intervals, which is not offset by similar behavior
in plots having longer measurement intervals. In particular,
division by relatively small numbers tends to produce large

J. A. Westfall et al.

ratio outcomes that in some cases have the effect of shifting
the mean towards a larger value than would be obtained in
the ROM approach, where more stability arises due to the use
of mean values in the ratio calculation.

Table 3 shows that the variance formulae for MOR and
ROM estimations tend to be similarly conservative compared
with the simulation variance of the estimates. Using the FIA
inventory plots as the population resulted in small sample
sizes for small strata, which in some samples resulted in
large variance estimates. Thus, the distributions of variance
estimates tended to be right skewed, which increased the
values of 7 (MOR) and v (ROM) relative to the more sym-
metric distribution of MOR and ROM estimates that served
as the basis for vmc (MOR) and vmc (ROM). Consequently,
it is important to create poststrata of sufficient size such
that adequate sample sizes are attained therein. An illustra-
tive example is given by California, where many relatively
small poststrata exist (308 poststrata across 3 EU, Table 1),
which corresponds with the largest D(Zmor) and D(Zrom)
found in this study. Westfall et al. (2011) generally suggest
a minimum of ten sample plots per poststratum, although
Cochran (1977) and Sarndal et al. (1992) suggest thirty and
twenty plots, respectively, as adequate for valid large-sample
approximations. Nonetheless, it was shown that ROM is
generally comparable or superior to MOR in a percentage
of error context (Table 4), which suggests no disadvantage is
incurred when the ROM estimator is used instead of the com-
monly used MOR approach for annualized change.

On a related note, the typical implementation of assigning a
consistent measurement date for office plots will often create
a point mass at the specified cycle length (e.g., 5 years) for
this subset of plots. However, field plots will typically have
a distribution of measurement intervals that ideally have a
mean value near the specified cycle length (figure 1, Table 5).
Thus, the variability in measurement intervals arises almost
exclusively from field-visited plots. Further, inclusion of the
office-plot point mass results in a smaller estimated variance
than would be obtained if all plots were designated for a field
visit. It might be considered whether this practice provides a
satisfactory expression of the error due to sampling, or would
it be more appropriate that the office plot measurements have
an interval distribution that either mimics that of field plots
or are based on, for example, image dates used for office
plot interpretations. A cursory examination of this question
suggests variance increases are trivial (<1%) when using an
office plot interval distribution that was modified to be sim-
ilar to that of field plots. Presumably, these differences would
be small in cases where the original interval distributions

Table 4. Percentage of sampling error (SE%) based on (19) by state and change component for ROM and MOR estimates. Italics indicate the smaller

SE% between ROM and MOR.

ROM MOR
State Net growth Removals Mortality Net growth Removals Mortality
California 11.36% 17.35% 8.85% 11.30% 17.58% 8.86%
Ohio 15.66% 30.20% 14.72% 15.70% 31.01% 14.77%
Mississippi 4.73% 13.62% 11.07% 6.21% 14.89% 11.96%
Minnesota 8.49% 19.14% 7.91% 8.66% 19.33% 7.96%
Maine 5.23% 17.16% 9.70% 5.24% 17.39% 9.75%
Montana 49.63% 38.29% 12.49% 49.83% 38.25% 12.55%
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Figure 1 Measurement interval distributions for field and office plots in the states of (a) Montana, (b) Mississippi, and (c) Ohio

Table 5. Mean and standard deviation (in parentheses) of plot measurement intervals (years) and the bias percent imparted in the ROM denominator

due to differences between all plots and field plots.

State All Field Office Bias (%)
Ohio 5.60 (0.55) 5.60 (0.64 5.59 (0.49 -0.14%
Mississippi 7.20 (1.25) 7.20 (1.22) 7.18 (1.44) -0.04%
Maine 5.03 (0.30) 5.03 (0.31) 5.01(0.08) -0.05%
Montana 10.01 (0.27) 10.03 (0.48) 10.00 (0.05) -0.15%
Minnesota 5.02(0.24) 4.92 (0.32) 5.08 (0.16) 2.09%
California 9.92 (0.30) 9.91 (0.45) 9.92 (0.17) 0.02%

were somewhat similar or when the number of office plots is
relatively small. The extent to which estimator variances are
affected by unequal variability between interval distributions
of field and office plots may be an issue for further contempla-
tion and possibly more focused investigation, including area
estimates of nonforest land use change based on office plot
observations.

The results shown reflect the characteristics of the
populations being sampled as developed directly from the FIA
database. However, there is an additional issue to confront in
regard to obtaining reliable estimates of change components
when using the ROM estimator. Specifically, the mean remeas-
urement interval depends on both office and field plots. Field

plot measurement intervals are based on actual plot meas-
urement dates; however, office plots do not have a specific
measurement date as the plot “observations” are collected as
needed each year from an existing remotely sensed informa-
tion source. Regardless of the measurement interval for office
plots, their contribution to the numerator mean will always
be change observations of zero, but the chosen measurement
interval may affect the denominator mean of ROM and could
potentially produce an inaccurate result if the mean interval
is different between office and field plots. Thus, it is of consid-
erable importance to ensure compatibility between office and
field remeasurement intervals. Evaluations of this phenom-
enon for the states used in this study show good agreement,
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with the exception of Minnesota, where a seemingly trivial
difference translates into the ROM denominator estimate
being about 2% too large with consequent underestimation
of annualized change (Table 5).

Further investigation of this phenomenon revealed that part
of the issue was due to a change in office measurement date
protocols. The automated office plot measurement date was
assigned as January 15 of the plot measurement year through
2009; however, in 2010 and subsequent years, it was changed
to be June 1 of the measurement year. Thus, office plot meas-
urement intervals shifted from 5.0 years to 5.4 years, even
though the intended cycle length was still 5 years. Under the
typical MOR estimation approach, this change was considered
trivial as there was no effect on the estimates. For ROM esti-
mation, the effect was mitigated to some extent in this analysis
due to only 2009 and later plots being used for change eval-
uation, along with a small increase in the average measure-
ment interval of field plots that occurred simultaneously. The
largest effect would have occurred in 2014, when all office
plots would exhibit the protocol change influence. In this case,
the denominator bias would increase from 2.09% to 3.74%.

A secondary issue with measurement intervals assigned to
office plots also deserves mention. Under FIA protocols, all
plots that had a forest condition at the previous measurement
are assigned for a field visit even if the current assessment
via remotely sensed information indicates only nonforest
conditions exist. This is done to verify in situ the loss of forest
area as well as to reconcile the status of each tree recorded
previously (e.g., removal due to land use change). Generally,
the only measurement intervals completely affected by the of-
fice date assignment are those that were entirely nonforest
at the previous and current measurement. However, other
situations can occur, such as forest conditions arising on
previously nonforest areas. In this case, the date of the ini-
tial measurement would be that of the invariant office plot
protocol (e.g., June 1), whereas the subsequent measurement
would be based on the actual field visit date. Thus, the meas-
urement interval may not accurately represent the period
over which forest change occurred and potentially skew the
denominator mean in ROM estimation. Replacing the invar-
iant office protocol with interpreted image dates could more
precisely represent office measurement dates and resulting re-
measurement periods for both office-to-field forest changes
and for potential application to office plot—-based land use
area changes as mentioned above. Other considerations in
this context include changes in cycle lengths or delays in field
work plot completion that may disrupt measurement interval
patterns.

Finally, it should be acknowledged that concern has been
expressed regarding combining observations that arise from
differing time lengths to estimate annual change. For ex-
ample, Roesch (2007) illustrates that different measurement
interval bases represent different population parameters.
Roesch and Van Deusen (2012) note that observed values of
change on sample plots depend on the length of the measure-
ment interval. This may only be of minor concern for rela-
tively short measurement intervals but may become nontrivial
as measurement interval lengths increase or the distribution
of measurement intervals widens. It was also pointed out that
temporal indifference is implicitly assumed in most national
forest inventory (NFI) programs when estimating annualized
change, which invokes an assumption that the mean annual
change over a period of years and the change for any single
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year are equal. Subsequently, research on various forest in-
ventory change estimators and their performance appear in
Roesch and Van Deusen (2013), Roesch (2014), and Roesch
(2019). Yet, adoption of these methods appears to be absent
in NFI estimations, presumably due to lack of awareness or
implementation complexity considerations. As such, the typ-
ical approach of dividing plot change by plot measurement
interval (MOR in this study) seems to be quite dogmatic in
forest change assessments (Holdaway et al. 2017; Lewis et al.
2009; McNellis et al. 2021). Alternatively, implementation of
the ROM annualized change estimator should be relatively
straightforward, as similarly constructed ROM estimators are
already used and incorporate explicit covariance calculations;
for example, current status of cubic volume per unit-area of
forestland (Scott et al. 2005).

Conclusion

In many NFI that use permanent sample plots, the
distributions of individual plot measurement intervals can
vary substantially due to various factors related to opera-
tional implementation. Except in cases where the intervals are
(nearly) constant, the MOR estimation method can produce
inaccurate annualized change estimates of growth, removals,
and mortality volume (and by extension, presumably tree bi-
omass and carbon change as well). In contrast, the ROM ap-
proach seems robust across a range of measurement interval
scenarios and also generally provides a smaller percentage of
sampling error. However, implementation of ROM requires
congruence in measurement interval means between office
and field plots such that the overall mean is representative of
the forested subset on which volume change actually occurs.
This aspect may require special attention when modifications
are considered in the interval assignment protocols for of-
fice plots or when intentional or unintentional changes occur
during the inventory cycle that cause shifts in expected meas-
urement interval distributions.

Although the magnitude of differences in estimates be-
tween MOR and ROM ranged from negligible in some states
to 2%-4% in other states, some concern about the differences
may be warranted in the context of practical and statistical
interpretation of results. For example, a larger annualized
change estimate from MOR compared with ROM could ex-
ceed the threshold of expert opinion norms and elicit a poten-
tially needless concern that unexpected trends are occurring.
Similarly, differences in both estimates and sampling errors be-
tween MOR and ROM could result in one method indicating
a statistically significant change has occurred, whereas the
alternative suggests the change estimate is not statistically
different from zero. On a related note, the study results also
reiterated the importance of adequate poststratum sample
sizes to ensure accurate estimates of variance that are crit-
ical to obtaining valid conclusions from statistical hypothesis
tests. In forest inventories with fixed sample sizes, a com-
promise between the number of poststrata and poststratum
sample sizes may be needed to balance the precision gains
of poststratification with the necessity of fulfilling minimum
sample size requirements.
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