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Abstract
National forest inventory (NFI) programs provide vital information on forest parameters’ status,
trend, and change. Most NFI designs and estimation methods are tailored to estimate status over
large areas but are not well suited to estimate trend and change, especially over small spatial areas
and/or over short time periods (e.g. annual estimates). Fine-scale space-time indexed estimates are
critical to a variety of environmental, ecological, and economic monitoring efforts. In the United
States, for example, NFI data are used to estimate forest carbon status, trend, and change to
support national, state, and local user group needs. Increasingly, these users seek finer spatial and
temporal scale estimates to evaluate existing land use policies and management practices, and
inform future activities. Here we propose a spatio-temporal Bayesian small area estimation
modeling framework that delivers statistically valid estimates with complete uncertainty
quantification for status, trend, and change. The framework accommodates a variety of space and
time dependency structures, and we detail model configurations for different settings. The
proposed framework is used to quantify forest carbon dynamics at an annual county-level across a
14 year period for the contiguous United States. Also, using an analysis of simulated data, we
compare the proposed framework with traditional NFI estimators and offer computationally
efficient algorithms, software, and data to reproduce results for benchmarking.

1. Introduction

Given the ecological and economic importance of
forests, national forest inventory (NFI) programs
have been implemented to perform large-scale forest
monitoring. Data generated by these programs serve
as an important resource for quantifying the extent
and magnitude of long-term shifts in forest struc-
ture and health [1]. For example, signatory countries
of the United Nations Framework Convention on
Climate Change (UNFCCC) look to their respective

NFI programs to inform required annual economy-
wide greenhouse gas (GHG) emission and removal
reports [2]. Further, a variety of user groups rely
on NFI data in their efforts to monitor and mitig-
ate GHG emissions at smaller scales. Traditionally,
NFI programs provide design-based estimates for
forest parameters based on measurements taken on
a forest inventory plot network [3–5]. To achieve
desired levels of estimate precision, these methods
require repeated costly measurements from a dense
network of inventory plots; hence, to improve cost
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efficiency, we seek methods that can deliver compar-
able inference using fewer resources. Moreover, NFI
programs increasingly seek estimates within smaller
spatial, temporal, and biophysical extents than can be
reasonably delivered via design-basedmethods [6–8].
To meet these evolving user needs, estimation meth-
ods for inference on small areas—known as small area
estimation (SAE)—have recently been applied to NFI
data [9–13]. Here, ‘small area’ refers to any domain of
interest that contains too few observations to deliver
accurate direct (i.e. design-based) estimates. Most
SAEmethods aim to improve inference in small areas
by leveraging observations from within and outside
the domain of interest, auxiliary information correl-
ated with the outcome (or response) variables, and
statistical models describing their relationship.

Though inference on small area parameters may
proceed from the probabilistic nature of a sample
design (e.g. [14–16]), most contemporary SAEmeth-
ods rely on statistical models for inference [17]. Both
design- and model-based methods have been used
in the statistical and forestry/ecology literature (see,
e.g. [18–22]. The design-based approach assumes a
fixed finite population, with population parameters
accessible without error if all population units are
observed. Randomness is imposed through a ran-
domized sampling design used to select population
units into a sample. This mode of inference is effect-
ive when there is sufficient data to estimate popula-
tion parameters of interest and assess variability in
those estimates. However, if there is a paucity of data,
e.g. due to prohibitive collection costs, then a model-
based approach capable of borrowing information
from auxiliary data and dependence among popula-
tion units over space and/or time might be necessary
(formodel-based aswell as fully Bayesian perspectives
to inference for finite populations see [23–25]). In
applications considered here, we assume the popula-
tion is a realization from a data-generating stochastic
process, and hence we pursue model-based SAE.

SAE methods can generally be classified into
two groups: unit-level and area-level models. Unit-
level models are constructed at the population unit
level, which is the minimal unit that can be sampled
from a population. For NFI data, these population
units correspond to field plot centers, whose loca-
tions may be viewed as occurring over a continu-
ous spatial domain. Unit-level models characterize
the relationship between outcome variables meas-
ured on sampled population units with auxiliary data
available for all population units. Small area predic-
tion proceeds by aggregating unit-level predictions
that fall within the areal extent of interest [17]. In
contrast, area-level models are constructed at the
areal unit level, where areal units are pre-defined
non-overlapping areas that tessellate the population’s

extent. Area-level models characterize the relation-
ship between area-specific direct estimates and aux-
iliary data. Typically, the direct estimates are gener-
ated using design-based estimators [17]. In this way,
an area-level model uses available auxiliary inform-
ation to effectively ‘adjust’ the area-specific direct
estimates.

For NFI data indexed in space and time, unit-level
models often provide additional flexibility for model
specification and benefit from the well developed
theory and methods for point-referenced spatio-
temporal data [13, 26–29]. However, if sampling loc-
ations are unavailable or data are reported for pre-
defined areas, then area-level models are frequently
pursued. Given the often proprietary nature of NFI
plot locations, our current work focuses on area-
level models, specifically the Fay–Herriot (FH)model
[30]. This class of models have been widely applied to
improve inference in settings where only direct estim-
ates are available across areal units.

FHmodels can incorporate direct estimates, area-
specific auxiliary information, and spatio-temporal
dependence among areal units to improve inference,
and have recently been applied to forest inventory
applications (see, e.g. [31–34]). Working within a
hierarchical Bayesian framework, [31] included con-
ditional autoregressive (CAR) spatial random effects
in a FHmodel to improve inference for above-ground
forest carbon parameters within small areas. This
improvement was also shown in [35], where regres-
sion coefficients varied spatially to accommodate
nonstationary spatial dependence. FH models have
also been applied in operational forestry by coup-
ling field and remotely sensed data to improve stand-
level estimates [32]. More recently, [36] developed a
Bayesian FH model to estimate forest above-ground
biomass density across the contiguous United States
(CONUS). Their work identified useful remotely
sensed predictor variables and advantages to mod-
eling nonstationary relationships using spatially-
varying regression coefficients.

Given NFI data often cover large spatial extents
and temporally dynamic forest and land use sys-
tems, posited models should accommodate spatio-
temporal dependence. This dependence should likely
extend beyond space- and time-varying intercepts to
accommodate nonstationary relationships between
the outcome and predictor variables (as shown in
[28, 29, 36, 37]). There is a rich literature on spatio-
temporal area-levelmodels,much of which originates
from public health research (see, e.g. [38–41]). There
are, however, few examples of spatio-temporal FH
models. Although spatial dependence was not con-
sidered, [42] extended a FH model to accommod-
ate time-series data. More recently, [43] developed a
spatio-temporal FH model for income data in Spain,
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where the model incorporated a space- and time-
varying intercept.

We aim to provide useful inference for key forest
parameters in small areas that cannot be reliably
obtained using design-based methods. To this end,
we develop a spatio-temporal Bayesian FH model
that delivers statistically valid estimateswith complete
uncertainty quantification for: (1) annual paramet-
ers (e.g. status at a given time); (2) trend (e.g. average
change over some time interval); and (3) change (e.g.
difference between two points in time). The model
and approach to parameter estimationwere chosen to
accommodate features common in NFI data, includ-
ing: (1) spatial and temporal dependence across areal
units; (2) nonstationary relationships with area-level
predictor variables; and (3) missing direct estimates
due to the often extremely small spatial and temporal
extents.

1.1. Applications
To meet GHG reporting obligations, the US relies
on the NFI from the US Department of Agriculture
(USDA) Forest Service Forest Inventory and Analysis
(FIA) program for annual forest carbon status, trend,
and change estimates [2]. FIA increasingly seek to
improve estimate accuracy and precision at finer spa-
tial and temporal scales to meet evolving user group
needs (e.g. voluntary and regulatory carbonmarkets).
However, sparse NFI sampling has limited advances
in estimating interannual variability in carbon stocks
and stock changes across spatial and temporal scales.
Given these challenges, the novelty and importance
of estimating temporal components in NFI data for
small areas is amplified, and provides further motiv-
ation for our proposed work.

We present two applications that make use of NFI
data collected and developed by the FIA program. The
first considers FIA annual county-level estimates and
explores forest carbon status, trend, and change over
a 14 year study period across the CONUS. The second
uses a simulated population built to mimic NFI data
characteristics and used to assess design- and pro-
posed model-based estimators.

2. Methods

2.1. Direct
Here, we consider spatio-temporal NFI survey data
that are collected for a design-based inventory sys-
tem, where individual inventory plots are repeatedly
measured within nonoverlapping discrete areal units
and time steps. Specifically, let yi,j,t be the measure-
ment for the ith sampling unit in areal unit j at time
t, where i = 1, . . . ,nj,t indexes sampling units, j =
1, . . . , J indexes areal units, and t= 1, . . . ,T indexes
time steps. Hence, nj,t is the total number of sampling
units measured in areal unit j at time t. Our goal is
to learn about a latent parameter of interest, denoted
µj,t, which is the population mean for areal unit j

at time t. In the SAE setting, the nj,t are too small
to produce estimates with desired levels of accuracy,
but design-based direct estimates may still be calcu-
lated and used to inform the subsequentmodel-based
estimate for µj,t. The design-based direct estimate for
µj,t is calculated as

µ̂j,t =
1

nj,t

nj,t∑
i=1

yi,j,t. (1)

where the estimate variance for (1) is

σ̂2
j,t =

1

nj,t
(
nj,t − 1

) nj,t∑
i=1

(
yi,j,t − µ̂j,t

)2
. (2)

Often, the areal and/or temporal extent is espe-
cially small, and few or no plot measurements are
available (i.e. nj,t ∈ {0,1}), leading to missing dir-
ect estimates µ̂j,t and/or σ̂2

j,t. Additionally, when plot
measurements in areal unit j at time t are identical,
σ̂2
j,t will be equal to 0. In these cases, we still would

like the SAE model to produce an estimate for µj,t.

2.2. Model
We hope to learn about µj,t from its direct estim-
ate µ̂j,t, its associated variance statistic σ̂2

j,t, and from
information borrowed from direct estimates for adja-
cent areas proximate in space and time. Further, we
might glean information about µj,t from relation-
ships between µ̂j,t and area-level predictors. Given
the large spatial and temporal extents of NFI data,
we expect the impact of these predictors to be non-
stationary over space and/or time. Since we consider
only discrete space and time, we employ autoregress-
ive structures to capture spatial and temporal correla-
tion. Spatial correlations are usuallymodeled through
structures such as CAR or simultaneous autoregress-
ive models [26, 44]. Similarly, temporal correlations
are modeled using autoregressive or dynamic struc-
tures. Incorporating spatial and/or temporal correl-
ations in these ways could further improve model
estimates for µj,t, especially in cases where direct
estimates are imprecise or missing.

The model we propose is an extension to the tra-
ditional FH model to accommodate spatio-temporal
data of the form described above. For areal unit j at
time t the model is

µ̂j,t = µj,t + δj,t, (3)

µj,t = β0 + η0,j,t +

p∑
k=1

xk,j,tβk +

q∑
k=1

x̃k,j,tηk,j,t + ϵj,t,

(4)

where δj,t and ϵj,t are mutually exclusive error terms
distributed as mean zero normal (N) distributions

with δj,t
ind∼ N(0,σ2

j,t) and ϵj,t
iid∼ N(0,σ2

ϵ). The regres-
sion component in (4) comprises a customary fixed
effects regression component β0 +

∑p
k=1 xk,j,tβk and
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a spatio-temporally varying regression component
η0,j,t +

∑q
k=1 x̃k,j,tηk,j,t. Each xk,j,t, for k= 1, . . . ,p,

represents a predictor variable referenced for each
areal unit j and time t that comprise the fixed effects
regression and x̃k,j,t represents one of q⩽ p predictor
variables included in the spatio-temporally varying
component of the model. The restriction q⩽ p is not
essential, but customary in spatio-temporally varying
coefficient models since the x̃k,j,t’s are usually a sub-
set of the xk,j,t’s. A Bayesian specification will be com-
pleted with prior distributions on all parameters, and
η0,j,t and ηk,j,t’s will each be endowed with a spatial,
temporal, or spatio-temporal distribution.

As defined in (1), the design-unbiased estimate
for µj,t, i.e. µ̂j,t, is based on the survey design and is
assumed to provide information about the true, but
latent, mean. Traditionally in FHmodel applications,
the design-based sampling-error variance σ̂2

j,t estim-
ate, defined in (2), is set as the variance of δj,t (see,
e.g. [17, 45, 46]). This, however, can have undesir-
able inferential consequences as exposed by substi-
tuting the expression for µj,t in (4) into (3). The res-
ulting residual variance is var(ϵj,t + δj,t) = var(ϵj,t)+
σ̂2
j,t, where the latter term is now a fixed constant.

The estimate for this residual variance depends on the
least squares estimates for β0, βk’s, η0,j,t, and ηk,j,t’s
that, in turn, depend upon the predictor variables
in (4). There appears to be no theoretical assurance
that these predictor variables will indeed provide a
residual variance estimate that is greater than the
fixed estimate σ̂2

j,t. It seems, then, possible that the
estimate for var(ϵj,t) could be forced to be zero
(since it cannot be negative) as a purely numerical
consequence of fixing a variance component rather
than allowing the data to estimate it. Instead, we
prefer to incorporate information from the design-
based estimate by modeling this variance parameter
as an inverse-Gamma (IG) random variable σ2

j,t ∼

IG

(
nj,t
2 ,

(nj,t−1)σ̂2
j,t

2

)
. Modeling σ2

j,t in this way also

allows us tomore clearly obtain potential information
from the observed sample size nj,t. Specifically, as nj,t
increases, the mean of σ2

j,t concentrates near σ̂
2
j,t and

its precision increases.

2.3. FIA data
The FIA program measures and monitors more than
300 thousand forest inventory plots in the CONUS [3,
4]. Each year, remeasurements are made at approx-
imately 1/5 or 1/7 of all inventory plots in the east-
ern US and 1/10 of inventory plots in the west, lead-
ing to remeasurement intervals (i.e. inventory cycle
lengths) ranging from 5 to 10 years. These data are
used to generate design-based estimates for import-
ant forest parameters, such as forest carbon densities
and totals. Carbon content is estimated using meas-
ured tree characteristics and national-scale carbon

allometric equations based on a comprehensive data-
base of tree species, characteristics, and spatial pat-
terns, for which species-specific carbon fractions are
then applied [47]. For this study, individual live tree
above-ground carbon estimates are aggregated at the
plot-level and then expanded to a per hectare basis to
express carbon density (Mg/ha). We let yi,j,t represent
the estimated carbon density for FIA plot i in county
j and year t.

Here, we consider J = 3108 counties that com-
prise the CONUS and T = 14 years of plot meas-
urements from 2008 to 2021. A county-level map of
FIA plot sample size (i.e. nj,t) is shown in figure S1.
Only the base intensity plot network, excluding addi-
tional intensification plots collected by some states
and agencies, is used in our analysis. Of theN= 43512
county and time observations, there are 10627 for
which direct estimates are missing. This missingness
arises from the absence of measured FIA plots (num-
ber of occurrences 1860), the absence of sampling
error variance due to nj,t = 1 (820), or the sampling
error variance equaling 0 in areal units with only car-
bon density measurements of zero (7947). Figure S3
summarizes missingness by county, much of which
is concentrated in western and midwestern counties
due to lack of forest, survey implementation, and
reporting.

Percent tree canopy cover (TCC) data for the
CONUS are produced by the USDA Forest Service
as part of the National Land Cover Database [48].
The TCC data are derived from multispectral remote
sensing data and have been released as annual maps
for years 2008–2021 at a 30-by-30 (m) pixel spa-
tial resolution for the CONUS. These data represent
fractional pixel-level TCC expressed as a percentage,
which we average for each county and year to pro-
duce annual county-level mean TCC (%) shown in
figure S2. For use in subsequent models, this TCC
variable was centered and scaled to have mean zero
and variance one, and denoted as xTCC where the TCC
subscript takes the place of subscript k.

FIA forest carbon density estimates come with
a caveat and limitation. The FIA program defines
forest land as land which has at least 10% canopy
cover of trees of any size, or had at least 10% can-
opy cover of trees in the past, based on the presence
of stumps, snags, or other evidence, and that will be
naturally or artificially regenerated. FIA records zero
carbon density for non-forest plots, although they
could have up to 10% TCC. Hence, our direct estim-
ate (computed using both forest and non-forest plots)
will be negatively biased. Although this bias might
be small, difficulty arises when we wish to attribute
change in carbon density to change in forest structure
and land use—carbon change results from change
in forest land area and/or change in carbon density
within forest land (e.g. fewer trees). As articulated by
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[49, 50], this is a known caveat and limitation when
using FIA data for SAE, but also an opportunity for
FIA to consider expanding data collection protocols
to better support SAE and other model-based estim-
ation efforts.

2.4. FIA data analysis
Details about formulating the full model defined
in (3) and (4), submodels of (4) considered as can-
didate models, model implementation and selection,
and supplementary results are provided in section S1.

2.5. Simulation study overview
The methodology for the simulation study is presen-
ted in section S2 and is based on a population gen-
erated using fixed and known parameters that mimic
qualities of the FIA annual county-level carbon data.
The simulation is designed to evaluate estimator per-
formance at the county-level, which is the level of
inferential interest (rather than at the unit-level as
pursued in other related studies [51]). Direct and
model estimates for carbon status, trend, and change
are generated from each of a large number of inde-
pendent samples taken from the simulated popula-
tion. Estimates are compared with the true simulated
population carbon values using measures that assess
estimators’ bias, accuracy, and precision. Several can-
didate models are also compared using formal model
fit metrics to understand if these metrics can be
used for model selection when the true data are not
known (which is the case in practice as illustrated in
section S1).

3. Results

3.1. FIA NFI carbon status, trend, and change
SAE model estimates for county-level live stand-
ing tree carbon density (Mg/ha), hereafter referred
to as carbon, are presented in this section. Results
are presented for the ‘best’ candidate model, which
informs estimates by optimally weighting and pool-
ing space- and time-indexed direct estimates and
using a spatially adaptive relationship between carbon
and remotely sensed percent TCC data. Candidate
models, selection criteria, modeling details, and sup-
plementary results are provided in section S1.

Figure 1 shows carbon status estimates (associ-
ated uncertainty estimates are given in figure S6).
By design, model and direct carbon estimates across
counties and years are similar when the direct estim-
ate is informed using a large sample size, i.e. when
there is high confidence in the direct estimate
(figure S4).

Carbon trend estimates are shown in figure 2(a).
Figure 2(b) shows only those county estimates in
figure 2(a) that are significantly different from zero.
Here, several expected patterns in carbon increase and

decrease emerge. As detailed in [52, 53], and sim-
ilar studies on forest biomass/carbon change in the
CONUS, factors including fire, insect, disease, har-
vest, and changing forest age and land use drive the
observed patterns of carbon loss in western counties
and portions of the Ohio River basin. In contrast,
the increase in carbon in the southeast and Maine
is mainly due to increases in industrial forest oper-
ations, changes in forest age and structure, and
increased forest productivity [53, 54]. Table 1 lists the
10 counties shown in figure 2(b) with the greatest car-
bon trend increase and decrease.

In addition to carbon density trends, it is instruct-
ive to quantify carbon total trends that are obtained
by scaling carbon density by county area (ha), shown
in figures 2(c) and (d). Table S2 lists the 10 counties
shown in figure 2(d) with the greatest carbon total
trend increase and decrease. Given the large area of
western counties and negative carbon density trend,
the 10 counties with the greatest total carbon losses
are in California, Oregon, Washington, and Idaho.
The large land area counties in Maine and positive
carbon density trend, results in Maine counties dom-
inating the total carbon gains.

Figure 3 shows direct and model carbon estim-
ates for the two counties with the greatest negative
and positive estimates in figure 2(b). As recorded in
table 1, Lake, California has the most negative estim-
ate. Over the study period, Lake County’s estimate
was −1.25 (−1.62, −0.88) (Mg/ha/yr). This negative
trend is evident in LakeCounty’s annualmodel estim-
ates shown in figure 3(a). Much of Lake County’s car-
bon loss occurred in 2018 as a result of the River,
Ranch, and Pawnee Fires that burned an estimated
48 400 (ha) [55, 56]. The effect of these 2018 fires is
clearly seen in the model estimates and TCC values in
figure 3(a). Given the relatively small sample sizes, it
is not surprising that direct estimates do not capture
the impact of fire on forest carbon. With lack of dir-
ect estimate information, themodel learns fromTCC,
which clearly shows a loss of canopy cover starting in
2018. In contrast, Escambia, Alabama has the most
positive estimate. Over the study period, Escambia
County’s estimate was 0.92 (0.67, 1.20) (Mg/ha/yr).
This positive trend is seen in figure 3(b) and reflects
carbon accumulation in the county’s intensivelyman-
aged softwood plantations. With few exceptions, the
model yields improved uncertainty quantification
compared with the direct estimates—as seen when
comparing 95% interval bar widths in figure 3 and
comparable figures for all other counties provided in
section S1.7.

For administrative and some reporting purposes,
FIA partitions the CONUS into four regions shown
in figure S8: Northern; Pacific Northwest; Rocky
Mountain; Southern. Carbon trend and change
estimates by FIA region are given in table 2 and
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Figure 1.Model estimated mean carbon by county and year.

Figure 2. (a) Model estimated carbon trend (Mg/ha/yr). (b) Counties from (a) that have 95% credible intervals that exclude zero.
(c) Model estimated carbon trend (Tg/yr). (d) Counties from (c) that have 95% credible intervals that exclude zero.

capture regional patterns seen in figure 2 and regional
aggregate estimates given in figure S9. Specifically,
over the 14 year period, we see no significant change
in carbon in the Northern region, significant carbon
loss in the Pacific Northwest and Rocky Mountain
regions, and significant carbon gain in the Southern
region.

3.2. Simulation study
Results for the simulation study are presented in
section S3. Simulation study results show that: 1) all
estimators are biased when the sample size is small
(figure S13(a)); 2) models yield improved accur-
acy and uncertainty quantification over the direct
estimator (figure S13(b)); 3) models weight direct
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Table 1. Ten counties with the greatest decrease and increase in model estimated carbon trend (Mg/ha/yr) from figure 2(b). Estimates
are medians with 95% credible interval values given in parentheses.

Decreasing Increasing

State County Carbon State County Carbon

California Lake −1.25 (−1.62,−0.88) Alabama Escambia 0.92 (0.67, 1.20)
Florida Calhoun −1.21 (−1.63,−0.76) Georgia Cobb 0.87 (0.58, 1.17)
California Mariposa −1.19 (−1.57,−0.77) Tennessee Rhea 0.86 (0.59, 1.15)
Florida Gulf −0.94 (−1.40,−0.52) Mississippi Hancock 0.85 (0.55, 1.14)
California Tuolumne −0.76 (−1.04,−0.48) Alabama Dallas 0.83 (0.58, 1.07)
California Shasta −0.71 (−0.98,−0.44) Mississippi Harrison 0.82 (0.52, 1.10)
Pennsylvania Allegheny −0.67 (−0.92,−0.42) Alabama Conecuh 0.82 (0.54, 1.10)
California Napa −0.66 (−1.00,−0.34) Alabama Greene 0.81 (0.54, 1.07)
Virginia Falls Church −0.64 (−1.11,−0.21) Mississippi Stone 0.81 (0.55, 1.08)
Ohio Carroll −0.63 (−0.93,−0.34) Georgia Polk 0.80 (0.55, 1.07)

Figure 3. Direct and model carbon estimates along with TCC values for counties with the greatest negative and positive values
given in table 1. County and year sample size used for the direct is given across the top of each subpanel. Estimate means and
medians are shown as points with 95% confidence and credible interval bars for direct and model estimates, respectively. When
sample size is⩽2 or all observations are zero, the direct estimate is not available, e.g. Escambia, Alabama in 2012 and Lake,
California in 2008, respectively.

Table 2. Left column, model estimated carbon trend by FIA region from 2008 to 2021. Right column, model estimated total carbon
change by FIA region between 2008 and 2021. Estimates are medians with 95% credible interval values given in parentheses.

FIA Region Trend (Tg/yr) Change (Tg)

Northern −1.94 (−6.74, 3.42) 43.03 (−43.05, 137.98)
Pacific Northwest −9.55 (−14.71,−5.34) −101.01 (−186.91,−23.12)
Rocky Mountain −12.86 (−19.46,−6.13) −137.03 (−285.29,−1.29)
Southern 44.32 (36.83, 50.55) 660.45 (534.73, 781.08)
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estimates according to sample size (figure S14); 4)
popular fit metrics are useful for selecting models
of appropriate complexity (table S3). For estimates
of trends and change, the models are able to deliver
improved accuracy and precision with bias compar-
able to the direct estimator and coverage rate closer to
the expected 95% (figures S15 and S16, respectively).

4. Discussion and summary

The FIA data analysis and simulation study demon-
strate the proposedmodel’s utility for delivering small
area estimates to support estimation and reporting
across spatial and temporal scales. The SAE model
is assembled using components that are well doc-
umented in the statistical literature. In the cur-
rent setting, the FH model provides a mechan-
ism to learn from direct estimates, predictor vari-
ables, and spatially and temporally structured ran-
dom effects. Casting thismodel into a Bayesian estim-
ation framework provides additional opportunities to
glean information from the data and survey design.
For example, our proposed informative IG prior on
σ2
j,t is an intuitive way to obtain potential informa-

tion from the observed sample size nj,t. The Bayesian
framework also provides easy access to posterior dis-
tributions derived from the latent mean, e.g. total,
trend, and change, for both individual areal units and
aggregates of areal units. Further, inference from areal
units with no observations is available via the lat-
ent mean’s posterior predictive distribution, which
allows us to make spatially and temporally com-
plete estimates (e.g. for every county and year in the
CONUS). This ability to use auxiliary information to
adjust/informdirect estimates seems particularly use-
ful for meeting evolving inferential demands placed
on existing NFI programs.

Although the proposed model demonstrates dis-
tinct advantages to traditional methods, several lim-
itations still persist. SAE models, including the one
highlighted here, simply adjust or smooth the direct
estimate. If there are issues with the direct estimate,
then those issues persist in the model estimate. For
example, the simulation study showed that counties
with small sample sizes had biased direct estimates
and those biases might persist in the model estim-
ates. However, if the adjacent areal units and/or times
hadmore reliable data or larger sample sizes, then the
structured randomeffects shrink themean toward the
average of the proximate neighbors, which couldmit-
igate bias. In fact, one reasonwhyCAR randomeffects
are popular in SAE is because of this bias reduc-
tion in sparsely populated regions. The simulation
study identified clear advantages to using the model,
including improved accuracy and uncertainty quan-
tification in most cases.

Adopting the FH model in our current data set-
ting does not come without some drawbacks which
require further consideration. First, if all observations

within an areal unit have the same value, there is no
direct variance estimate and, hence, that information
is not available to train the model—it is treated as
missing although it provides valuable information.
In our study, this occurred when all plots within a
county and year had zero carbon and, in such cases,
the model relied on the TCC predictor and random
effects to inform the posterior predictive distribution.
Second, the FH model is most often applied to con-
tinuous and Normally distributed variables, although
there are transformations that might accommodate
discrete count-like variables, see, e.g. [57]. There are
many forest variables that do not have Normal sup-
port or lend themselves well to transformation, and
in such cases the FHmodel will not be suitable. Lastly,
area-level models, as presented here, do not support
prediction for units not included in the initial adja-
cency matrix used to define spatial CAR random
effects. If inference for a new areal unit is needed, the
unit must be added to the adjacency matrix and the
model refit. If any of these limitations are prohibit-
ive and NFI plot measurements are indexed in space
and time, then one might consider unit-level models
based upon point-referenced geostatistical models.

NFIs provide critical information on the ecolo-
gical health and economic viability of forests. As gen-
erational investments are being made in the US and
beyond tomitigate climate change, NFI programswill
continue to be tasked with producing finer spatial
and temporal resolution estimates of forest parameter
status, trend, and change to support initiatives like
forest carbon monitoring required by the UNFCCC
and the Paris Agreement. Financial circumstances
limit most NFI programs’ ability to collect sufficient
data to meet these user needs, especially when estim-
ates are provided by traditional design-based meth-
ods. SAEmodels, like those proposed here, can bridge
this gap and allow NFIs to continue providing high-
quality and reliable estimates and associated uncer-
tainties for key forest parameters to evaluate exist-
ing land use polices and practices, and inform future
decision making.
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