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 A B S T R A C T

National forest inventory (NFI) data are often costly to collect, which inhibits efforts to estimate parameters 
of interest for small spatial, temporal, or biophysical domains. Traditionally, design-based estimators are used 
to estimate status of forest parameters of interest, but are unreliable for small areas where data are sparse. 
Additionally, design-based estimates constructed directly from the survey data are often unavailable when 
sample sizes are especially small. Traditional model-based small area estimation approaches, such as the Fay–
Herriot (FH) model, rely on these direct estimates for inference; hence, missing direct estimates preclude 
the use of such approaches. Here, we detail a Bayesian spatio-temporal small area estimation model that 
efficiently leverages sparse NFI data to estimate status and trends for forest parameters. The proposed model 
bypasses the use of direct estimates and instead uses plot-level NFI measurements along with auxiliary data 
including remotely sensed tree canopy cover. We produce forest carbon estimates from the United States NFI 
over 14 years across the contiguous US (CONUS) and conduct a simulation study to assess our proposed 
model’s accuracy, precision, and bias, compared to that of a design-based estimator. The proposed model 
provides improved precision and accuracy over traditional estimation methods, and provides useful insights 
into county-level forest carbon dynamics across the CONUS.
1. Introduction

National forest inventory (NFI) programs provide critical informa-
tion on forest health, sustainable management, and ecosystem change 
(Wurtzebach et al., 2019). Increasingly, NFI data users require higher 
spatial and temporal resolution forest status and change parameter esti-
mates than can be provided by the traditional design-based estimation 
methods used by NFI programs (Köhl et al., 2006; Breidenbach and 
Astrup, 2012; Prisley et al., 2021). Given the high costs associated with 
data acquisition, NFI measurements are typically collected over a sparse 
network of inventory plots, limiting reliable design-based estimates 
to large spatial and temporal scales (Bechtold and Patterson, 2005; 
Tomppo et al., 2009; Westfall et al., 2022).

In response, small area estimation (SAE) methods have gained atten-
tion for estimating forest parameters in data-sparse settings (Schroeder 
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et al., 2014; Lister et al., 2020; Hou et al., 2021; Coulston et al., 
2021; Finley et al., 2024; Shannon et al., 2024). ‘‘Small areas’’ are 
spatial, temporal, or biophysical extents with insufficient plot mea-
surements for reliable direct estimates. Contemporary SAE methods 
employ statistical models to relate forest response variables to auxiliary 
data, improving accuracy and precision over design-based approaches 
when strong relationships exist between response variables and auxil-
iary information. Within a regression framework, auxiliary information 
enters as covariates, while residual spatial and temporal dependence is 
captured via structured random effects (Rao and Molina, 2015).

The Fay–Herriot (FH) model (Fay and Herriot, 1979) is widely used 
in SAE applications for NFI data (Ver Planck et al., 2018; Temesgen 
et al., 2021; Cao et al., 2022; Stanke et al., 2022; Georgakis et al., 
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2024). A key reason for its popularity is that it is fit to small area direct 
estimates and therefore does not require exact NFI plot locations. This 
feature is particularly important because exact plot locations are not 
publicly available for most NFIs, as a measure to protect private forest 
land information and preserve the ecological integrity of the plots. In 
the FH model, the response variable is the direct estimate mean and 
viewed as a noisy realization of the true but unobserved (i.e., latent) 
super-population mean with a portion of this noise accounted for by 
the direct estimate’s sampling variance. However, a major limitation 
to using the FH model is that direct estimates are often missing when 
sample sizes are too small or measurements are homogeneous (Shannon 
et al., 2024). When all plot measurements in a small area are identical, 
the direct estimate variance is zero, rendering the estimate unusable in 
FH model specifications.

To address this limitation, we propose a Bayesian spatio-temporal 
SAE model that directly uses NFI plot-level measurements, bypassing 
the reliance on direct estimates. Although exact plot locations are 
often unavailable due to privacy restrictions, plot measurements can 
typically be assigned to small areas (Betchold and Patterson, 2015). Our 
proposed model incorporates plot-level NFI data along with auxiliary 
covariates, such as remotely sensed tree canopy cover, to estimate 
forest parameters. This model accommodates spatially and tempo-
rally varying regression coefficients and integrates dynamic spatio-
temporal effects via a random intercept term. Operating within a 
Bayesian framework, we quantify uncertainty through posterior dis-
tributions, employing efficient Markov chain Monte Carlo (MCMC) 
sampling techniques.

This study is motivated by the need for small area estimates of live 
forest carbon density (LFCD), which represents the carbon stored in live 
tree tissues. Accurate LFCD estimates are essential for understanding 
forests’ roles in the global carbon cycle (Hurteau, 2021) and are man-
dated by national and international reporting requirements (UNFCCC, 
1992; IPCC, 2019).

The remainder of this paper is organized as follows: Section 2 details 
the NFI data from the United States Forest Service Forest Inventory and 
Analysis (FIA) program, describes the proposed model, and outlines a 
simulation study. Section 3 presents results from the FIA data analysis 
and simulation study, assessing model accuracy and precision. Finally, 
Section 4 provides a discussion, and Section 5 offers recommendations 
for practitioners.

2. Methods

2.1. Data

The FIA program is responsible for monitoring the nation’s forest 
resources through an NFI system of more than 300 thousand forest in-
ventory plots spaced evenly across the CONUS (Bechtold and Patterson, 
2005; Westfall et al., 2022). Plot-level NFI data are collected by FIA 
on a rotating basis every 5 to 10 years, and include measurements of 
important forest parameters (e.g., tree diameter at breast height) which 
support estimation of attributes such as LFCD. Here, we use 593,368 
FIA plot measurements collected across 3,108 counties in the CONUS 
from 2008 to 2021. Given the varying land areas of counties within the 
CONUS, and the panelized remeasurement intervals associated with the 
permanent FIA sample locations, between 0 and 294 inventory plots 
are measured within a given county in a given year as shown in Fig. 
1. Whereas these plot-level measurements would be used to calculate 
direct estimates in a traditional FH model, here, they serve as primary 
data to estimate average LFCD for each county and year.

Importantly, forest land is defined by the FIA program as land 
having at least 10% tree canopy cover, or land that has had 10% canopy 
cover in the past based on the presence of stumps or other evidence, 
and will be regenerated either artificially or naturally in the future. On 
non-forest inventory plots, FIA reports zero LFCD, even though there 
may as much as 10% canopy cover on the plot. Therefore, if forest 
2 
and non-forest plots are used for modeling, estimates of LFCD could be 
negatively biased. This is a known limitation and is discussed in Wiener 
et al. (2021) and Knott et al. (2023). However, we use both forest and 
non-forest plot measurements in our subsequent analyses, and propose 
a model structure that can accommodate counties and years where few 
or no plot measurements are available, or where all plot measurements 
are identically zero, as is commonly the case in many arid, urban, or 
agricultural counties in the CONUS (Shannon et al., 2024).

To inform estimates of average LFCD for each county and year, we 
use a remotely sensed percent tree canopy cover (TCC) covariate that is 
produced by the USDA Forest Service as part of the National Land Cover 
Database (NLCD) (Housman et al., 2023). TCC is a remotely sensed 
data product derived from multispectral Landsat observations, and is 
available as annual raster images with a 30 m pixel resolution across 
the CONUS. Here, we calculate average % TCC within each county and 
year to be used as a covariate in estimating average LFCD, which is 
shown in Fig.  2.

2.2. Model

We construct a Bayesian spatio-temporal SAE model applied to plot-
level FIA LFCD data described in Section 2.1. Let 𝑗 = 1,… , 𝐽 index 
counties, 𝑡 = 1,… , 𝑇  index years and 𝑖 = 1,… , 𝑛𝑗,𝑡 index FIA plot 
measurements, where 𝑛𝑗,𝑡 is the number of FIA plot measurements 
available in county 𝑗 in year 𝑡. In some cases we may have 𝑛𝑗,𝑡 = 0. 
Additionally, let 𝑦𝑖,𝑗,𝑡 be the LFCD observation (Mg/ha) at FIA sample 
location 𝑖 in county 𝑗 measured in year 𝑡. Our goal, then, is to estimate 
the latent mean LFCD, denoted 𝜇𝑗,𝑡, for county 𝑗 in year 𝑡. Let 𝑃  be the 
number of covariates that are collected into a vector of length 𝑃 + 1
available for county 𝑗 in year 𝑡 as 𝐱𝑗,𝑡, where the first element of 𝐱𝑗,𝑡
represents an intercept term and is given as 1. Additionally, we allow 
a subset of 𝑄 ⊆ 𝑃  many covariates to have a space-varying impact on 
the response, which are collected in a length 𝑄 vector for county 𝑗 and 
year 𝑡 as 𝐱̃𝑗,𝑡. The constraint that covariates in 𝐱̃𝑗,𝑡 be a subset of those 
in 𝐱𝑗,𝑡 is not required, but is common in models with spatially varying 
regression coefficients. For county 𝑗 in year 𝑡, the proposed model is 
then 
𝑦𝑖,𝑗,𝑡 = 𝐱T𝑗,𝑡𝜷𝑡 + 𝐱̃T𝑗,𝑡𝜼𝑗 + 𝑢𝑗,𝑡

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝜇𝑗,𝑡

+𝜀𝑖,𝑗,𝑡, 𝑖 = 1,… , 𝑛𝑗,𝑡, (1)

where 𝜀𝑖,𝑗,𝑡 are independently distributed normal (𝑁) residual error 
terms with time-specific variance, given as 𝑁(0, 𝜎2𝑡 ). We then have that 
𝜷𝑡 is a length 𝑃 +1 vector of temporally-varying regression coefficients 
corresponding to the intercept and covariates in 𝐱𝑗,𝑡. Similarly, 𝜼𝑗 is a 
length 𝑄 vector of space-varying regression coefficients corresponding 
to covariates in 𝐱̃𝑗,𝑡. Finally, 𝑢𝑗,𝑡 is a dynamically evolving spatio-
temporal intercept term (Waller et al., 1997) (also see, e.g., Chapter 11 
in Banerjee et al., 2015, and references therein). We refer to (1) as the 
‘‘full model’’ in the remaining text. In Section 3.1, we consider a sub-
model that excludes the space-varying regression term 𝐱̃𝑗,𝑡𝜼𝑗 from (1), 
and perform model selection using the widely applicable information 
criterion (WAIC) (Gelman et al., 2013, 2014; Vehtari et al., 2017). 
The construction of terms 𝜷𝑡, 𝜼𝑗 and 𝑢𝑗,𝑡 are described in the following 
sections.

2.2.1. Temporally-varying regression coefficients
The elements of 𝜷𝑡 in (1) represent temporally-varying regression 

coefficients for covariates in 𝐱𝑗,𝑡 (West and Harrison, 1997; Stroud et al., 
2001; Gelfand et al., 2005). Specifically, 𝜷𝑡 is modeled dynamically as
𝜷𝑡 = 𝜷𝑡−1 + 𝝃𝑡,with (2)

𝝃𝑡
𝑖𝑛𝑑∼ 𝑀𝑉𝑁

(

𝟎,Σ𝜉
)

, 𝑡 = 1,… , 𝑇 , (3)

where 𝝃𝑡 are independently distributed evolution terms each following 
a mean zero multivariate normal (𝑀𝑉𝑁) distribution with covariance 
matrix Σ , and 𝟎 is a length 𝑃 + 1 vector of zeros. To complete the 
𝜉
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Fig. 1. Number of FIA plots 𝑛𝑗,𝑡 measured in county 𝑗 in year 𝑡. Gray counties indicate 𝑛𝑗,𝑡 = 0. Due to the FIA sampling design, larger counties are typically associated with 
greater sample sizes. FIA data used in this study were acquired from the FIA Database prior to 9/2024. Since then, additional measurements for western states have been added 
for 2020 and 2021.
 

dynamic specification, we assign a multivariate normal prior to 𝜷0 as 
𝑀𝑉𝑁

(

𝝁0,Σ0
)

, and a conjugate inverse-Wishart (𝐼𝑊 ) prior to Σ𝜉 as 
𝐼𝑊

(

𝜈𝜉 ,𝐇𝜉
)

. Modeling 𝜷𝑡 as in (2) allows the effect of covariates in 𝐱𝑗,𝑡
to have time-varying impact on the response, which varies dynamically 
over time according to the covariance structure in Σ𝜉 . In other words, 
the distribution of 𝜷𝑡 has mean 𝜷𝑡−1 and covariance matrix Σ𝜉 , written 
as 𝑀𝑉𝑁(𝜷𝑡−1,Σ𝜉 ).

2.2.2. Space-varying regression coefficients
The elements of 𝜼𝑗 in (1) represent space-varying regression coef-

ficients for covariates in 𝐱̃𝑗,𝑡, with spatial dependency captured through 
neighborhood associations following a conditional autoregressive (CAR)
model structure (Banerjee et al., 2015). Specifically, writing 𝜼𝑗 =
(𝜂1,𝑗 ,… , 𝜂𝑄,𝑗 )⊤ and collecting the 𝐽 -many regression coefficients cor-
responding to covariate 𝑞 in a vector as 𝜼∗𝑞 = (𝜂𝑞,1,… , 𝜂𝑞,𝐽 )⊤, the CAR 
spatial structure for 𝜼∗𝑞 is specified as a multivariate normal distribution 
of the form 
𝜼∗𝑞 ∼ 𝑀𝑉𝑁

(

𝟎, 𝜏2𝜂,𝑞𝐐(𝜌𝜂,𝑞)
)

, 𝑞 = 1,… , 𝑄, (4)

where 𝟎 is a length 𝐽 vector of zeros, 𝜏2𝜂,𝑞 is a scalar variance parameter, 
𝜌𝜂,𝑞 is a spatial correlation parameter (0 < 𝜌𝜂,𝑞 < 1), and 𝐐(𝜌𝜂,𝑞) is a 𝐽×𝐽
correlation matrix of the form 𝐐(𝜌𝜂,𝑞) = (𝐃−𝜌𝜂,𝑞𝐖)−1. Here, 𝐃 is a 𝐽 ×𝐽
diagonal matrix whose 𝑗th diagonal element is the number of neighbors 
associated with county 𝑗, denoted as 𝑑𝑗 . Counties are considered to 
be neighbors if they share a common boundary. Further, we require 
𝑑 > 0 for all 𝑗, i.e., no disconnected counties. Accordingly, 𝐖 is a 
𝑗

3 
fixed 𝐽 × 𝐽 binary spatial adjacency matrix with elements w𝑗,𝑘 = 1 if 
counties 𝑗 and 𝑘 are neighbors and w𝑗,𝑘 = 0 otherwise with w𝑗,𝑗 = 0 for 
all 𝑗. We specify 𝜏2𝜂,𝑞

𝑖𝑛𝑑∼ 𝐼𝐺(𝑎𝜂,𝑞 , 𝑏𝜂,𝑞) and 𝜌𝜂,𝑞
𝑖𝑖𝑑∼ 𝑈 (0, 1) for 𝑞 = 1,… , 𝑄

as priors, where 𝐼𝐺(𝑎, 𝑏) denotes the inverse-Gamma distribution with 
shape 𝑎 and scale 𝑏, and 𝑈 (0, 1) is the uniform distribution over the (0, 1)
interval. Modeling 𝜼∗𝑞 as in (4) introduces spatially-varying impact of 
covariate 𝑞 in 𝐱̃𝑗,𝑡 on the response variable (Gelfand et al., 2003), with 
spatial variability determined by 𝜏2𝜂,𝑞 and strength of spatial correlation 
determined by 𝜌𝜂,𝑞 .

2.2.3. Dynamic spatio-temporal intercept
The spatio-temporally varying intercept term 𝑢𝑗,𝑡 in (1) is modeled 

as a dynamically evolving CAR spatial random effect. Specifically, we 
model 𝑢𝑗,𝑡 dynamically as 

𝑢𝑗,𝑡 = 𝑢𝑗,𝑡−1 + 𝜔𝑗,𝑡, (5)

where 𝑢𝑗,0 ≡ 0 for all 𝑗. Then, collecting all 𝜔𝑗,𝑡 for time 𝑡 as 𝝎𝑡 =
(𝜔1,𝑡,… , 𝜔𝐽 ,𝑡)⊤, we specify a CAR spatial structure for 𝝎𝑡 as 

𝝎𝑡 ∼ 𝑀𝑉𝑁
(

𝟎, 𝜏2𝜔,𝑡𝐐(𝜌𝜔)
)

, (6)

where the terms in (6) are analogous to those described in Sec-
tion 2.2.2. Here, we allow for time-specific spatial variance terms 
𝜏2𝜔,𝑡. Similarly, time-specific spatial dependence parameters 𝜌𝜔,𝑡 could 
be easily accommodated. Collecting all 𝐽 -many 𝑢𝑗,𝑡 at time 𝑡 in a 
vector as 𝐮𝑡 = (𝑢1,𝑡,… , 𝑢𝐽 ,𝑡)⊤, their joint distribution is given as 
𝐮 ∼ 𝑀𝑉𝑁

(

𝐮 , 𝜏2 𝐐(𝜌 )
)

. We again assign inverse-Gamma priors to 
𝑡 𝑡−1 𝜔,𝑡 𝜔
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Fig. 2. Average percent tree canopy cover (TCC) within each county and year.
variance parameters 𝜏2𝜔,𝑡 for 𝑡 = 1,… , 𝑇  as 𝐼𝐺(𝑎𝜔,𝑡, 𝑏𝜔,𝑡) and a uniform 
prior for 𝜌𝜔 as 𝑈 (0, 1).

2.2.4. Priors and likelihood
To complete the Bayesian model specification, we assign inverse-

Gamma priors to variance parameters 𝜎2𝑡 , 𝑡 = 1,… , 𝑇  as 𝐼𝐺(𝑎𝜎 , 𝑏𝜎). 
The joint posterior distribution for all parameters in model (1) is then 
proportional to the product of the likelihood times priors, which is 
given as 
𝑇
∏

𝑡=1

𝐽
∏

𝑗=1

𝑛𝑗,𝑡
∏

𝑖=1
𝑁

(

𝑦𝑖,𝑗,𝑡 ∣ 𝐱T𝑗,𝑡𝜷𝑡 + 𝐱̃T𝑗,𝑡𝜼𝑗 + 𝑢𝑗,𝑡, 𝜎
2
𝑡

)

×
𝑇
∏

𝑡=1
𝐼𝐺

(

𝜎2𝑡 ∣ 𝑎𝜎 , 𝑏𝜎
)

×

𝑀𝑉𝑁
(

𝜷0 ∣ 𝝁0,Σ0
)

×
𝑇
∏

𝑡=1
𝑀𝑉𝑁

(

𝜷𝑡 ∣ 𝜷𝑡−1,Σ𝜉
)

× 𝐼𝑊
(

Σ𝜉 ∣ 𝜈𝜉 ,𝐇𝜉
)

×

𝑄
∏

𝑞=1
𝑀𝑉𝑁

(

𝜼∗𝑞 ∣ 𝟎, 𝜏2𝜂,𝑞𝐐(𝜌𝜂,𝑞)
)

×
𝑄
∏

𝑞=1
𝐼𝐺

(

𝜏2𝜂,𝑞 ∣ 𝑎𝜂,𝑞 , 𝑏𝜂,𝑞
)

×
𝑄
∏

𝑞=1
𝑈
(

𝜌𝜂,𝑞 ∣ 0, 1
)

×

𝑇
∏

𝑡=1
𝑀𝑉𝑁

(

𝐮𝑡 ∣ 𝐮𝑡−1, 𝜏2𝜔,𝑡𝐐(𝜌𝜔)
)

×
𝑇
∏

𝑡=1
𝐼𝐺

(

𝜏2𝜔,𝑡 ∣ 𝑎𝜔,𝑡, 𝑏𝜔,𝑡
)

× 𝑈
(

𝜌𝜔 ∣ 0, 1
)

.

(7)
4 
Hyperparameters for prior distributions in (7) are chosen to offer vague 
specifications. Specifically, we set inverse-Gamma shape parameters to 
2, scale parameters to 100, 𝜈𝜉 = 10, 𝐇𝜉 to be a (𝑃 +1)× (𝑃 +1) diagonal 
matrix with diagonal elements equal to 100, 𝝁0 = 𝟎 and Σ0 to be 
a (𝑃 + 1) × (𝑃 + 1) diagonal matrix with diagonal elements equal to 
100. Finally, parameter inference is based on posterior samples from 
MCMC (see, e.g., Gelman et al., 2013) collected via Gibbs sampling 
updates for parameters whose full conditional distributions are readily 
available, and Metropolis algorithms for remaining parameters. Com-
puting details, including Gibbs and Metropolis updates, are outlined in 
Section S3. Results presented in Section 3 are based on 𝑀 = 500 post 
burn-in and thinned MCMC samples. As now routine, see, e.g., Gelman 
et al. 2013, burn-in and thinning decisions were guided by visual 
inspection and formal convergence diagnostics of the MCMC chains. In 
subsequent analyses, we use TCC as the covariate, meaning 𝑃 = 𝑄 = 1
and 𝐱T𝑗,𝑡 = (1 ∶ 𝑥𝑇𝐶𝐶,𝑗,𝑡) while 𝐱̃T𝑗,𝑡 = 𝑥𝑇𝐶𝐶,𝑗,𝑡.

2.3. Direct estimates

Traditionally, NFI-derived quantities of interest have been estimated 
using design-based direct estimates. Specifically, the direct estimate 
mean for 𝜇𝑗,𝑡 is calculated as 

𝜇̂𝑗,𝑡 =
1
𝑛𝑗,𝑡

𝑛𝑗,𝑡
∑

𝑖=1
𝑦𝑖,𝑗,𝑡, (8)

with associated estimate variance 

𝜎̂2𝑗,𝑡 =
1

𝑛𝑗,𝑡
∑

(𝑦𝑖,𝑗,𝑡 − 𝜇̂𝑗,𝑡)2. (9)

𝑛𝑗,𝑡(𝑛𝑗,𝑡 − 1) 𝑖=1
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These direct estimates serve as the baseline to which we will compare 
the model estimates in Section 3. Maps of the direct estimate means (8) 
and estimate variances (9) are shown in Figures S1 and S2, respectively.

Design-based estimates are customarily motivated from sampling of 
finite populations. Population parameters are accessible without error 
if all population units are observed. Randomness is imposed through 
a randomized sampling design used to select population units into 
a sample (Kish, 1965; Särndal et al., 1978; Gregoire, 1998). Under 
a design-based sampling framework, these estimates are theoretically 
unbiased, however, they are unreliable for small sample sizes. Further, 
as noted in Section 1, these direct estimates are often unavailable. 
Specifically, 𝜇̂𝑗,𝑡 is unavailable when 𝑛𝑗,𝑡 = 0, and 𝜎̂2𝑗,𝑡 is unavailable 
when 𝑛𝑗,𝑡 = 0, 𝑛𝑗,𝑡 = 1, or when 𝑦𝑖,𝑗,𝑡 = 𝑦𝑘,𝑗,𝑡 for all 1 ≤ 𝑖 ≠ 𝑘 ≤ 𝑛𝑗,𝑡. For 
this last case, in the NFI data, sparsely forested regions typically have 
plot measurements equaling 0, which precludes reporting 𝜎̂2𝑗,𝑡. Design-
based inference is unfeasible here so we adopt Bayesian modeling 
to ensure full propagation of uncertainty in imputation of missing 
data (Little, 2004; Ghosh, 2012; Banerjee, 2024).

2.4. Trends

To better understand how LFCD has changed over time, estimates of 
𝜇𝑗,𝑡 may be used to derive estimated trends measured in Mg/ha/year 
for each county 𝑗 = 1,… , 𝐽 . Specifically, given 𝑀 posterior samples 
of 𝜇𝑗,𝑡, indexed by 𝜇𝑚

𝑗,𝑡 for 𝑚 = 1,… ,𝑀 , we derive an estimated trend 
value for county 𝑗, denoted as 𝜃𝑗 , whose posterior inference is available 
via 

𝜃𝑚𝑗 =

∑𝑇
𝑡=1

(

𝑡 − 𝑡
)

(

𝜇𝑚
𝑗,𝑡 − 𝜇̄𝑚

𝑗

)

∑𝑇
𝑡=1

(

𝑡 − 𝑡
)2

, 𝑚 = 1,… ,𝑀, (10)

where ̄𝑡 = 1
𝑇
∑𝑇

𝑡=1 𝑡 and 𝜇̄𝑚
𝑗 = 1

𝑇
∑𝑇

𝑡=1 𝜇
𝑚
𝑗,𝑡. Counties with significant trend 

values are then determined by observing if the 95% credible interval 
for 𝜃𝑗 overlaps zero.

2.5. Simulation

To assess the performance of the proposed model (1) and compare 
model fit metrics including bias, root mean square error (RMSE), 
coverage rate, and coverage interval widths against a direct estimator 
(8), a simulated population was constructed over a dense grid across 
the CONUS as in Shannon et al. (2024) to mimic the spatio-temporal 
distribution and characteristics of LFCD as observed in the real FIA 
and TCC data. To facilitate comparison with the traditional direct 
estimator, we adopt a design-based paradigm for simulated sample data 
generation. Specifically, we simulate a fixed and known population, 
from which 𝑅 = 100 replicates were sampled at the same intensity 
as the observed FIA data as shown in Fig.  1. Estimates from the full 
model (1) were then obtained for each of the 𝑅 = 100 replicates, 
along with direct estimates, and measures of their average bias, RMSE, 
coverage rate, and coverage interval widths over the replicates were 
then compared. Methods for computing bias, RMSE, coverage, and 
coverage interval widths are given in Section S2.

3. Results

3.1. Model comparison

The full model (1) and sub-model (excluding the space-varying 
regression term 𝐱̃𝑗,𝑡𝜼𝑗) described in Section 2.2 were both fit to the 
FIA plot-level data described in Section 2.1, and were compared using 
WAIC as implemented in the loo R package (Watanabe, 2010; Vehtari 
et al., 2024). Specifically, ̂elpdWAIC is the expected log pointwise predic-
tive density, 𝑝WAIC is the effective number of parameters, and WAIC is 
the calculated as −2×êlpdWAIC. Here, lower WAIC values indicate better 
model performance. For more details on model selection via WAIC, 
see Vehtari et al. (2017). Based on WAIC estimates provided in Table  1, 
we select the full model as the preferred model, and results presented 
in the following sections represent full model estimates.
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Table 1
Estimates for WAIC and associated statistics comparing the full and 
sub-model. The last row holds the estimated ̂elpdWAIC difference with 
the ‘‘best’’ fitting (full) model and associated standard error 𝜏diff in 
parentheses.
 Candidate models
 Full model Sub-model  
 êlpdWAIC −2866326.5 (1811.4) −2866380.6 (1813.7) 
 𝑝WAIC 4814.3 (44.1) 4459.2 (43.9)  
 WAIC 5732652.9 (3622.7) 5732761.2 (3627.3)  
 êlpddiff 0 (0) −54.1 (40.2)  

3.2. FIA data analysis

The full model (1) was fit to the FIA plot-level data described in Sec-
tion 2.1. Posterior distributions of the average LFCD 𝜇𝑗,𝑡 are obtained 
and posterior means are shown in Fig.  3, while posterior standard 
deviations are shown in Figure S3. Posterior summaries for temporally-
varying regression coefficients 𝜷𝑡 (Figure S4), space-varying regression 
coefficients 𝜼𝑗 (Figure S5), dynamic spatio-temporal intercept terms 𝑢𝑗,𝑡
(Figure S6), and time specific variance terms 𝜏2𝜔,𝑡 (Figure S7) and 𝜎2𝑡
(Figure S8) are given in Section S1. Posterior mean and 95% credible 
interval bounds for 𝜌𝜂,𝑇𝐶𝐶 were 0.993 (0.983, 0.998), and for 𝜌𝜔 they 
were 0.998 (0.997, 0.999).

Model estimates of mean LFCD for individual counties are readily 
available, and visualizing these estimates over time provides important 
insights into forest carbon dynamics for small areas. Next, we high-
light some qualities of the model and present the full model posterior 
estimates of 𝜇𝑗,𝑡 for two selected counties, which we compare with 
direct estimates and show in Figs.  4 and 5. In Fig.  4, model estimates 
for Tuolumne County, California are shown, where the variability in 
model estimates is greatly reduced compared to the direct estimates, 
and changes in mean LFCD are more heavily influenced by TCC and 
exhibit more gradual changes over time. Still, model estimates more 
clearly capture abrupt changes in LFCD as indicated by changes in TCC, 
while the direct estimates remain variable and uncertain. Moreover, the 
abrupt drop in TCC in 2013 coincides with the catastrophic Rim fire, 
which burned 257,314 acres, including 154,530 acres of forest lands 
and is better captured by the full model estimates.

In Fig.  5, full model and direct estimates of 𝜇𝑗,𝑡 for Simpson County, 
Kentucky are compared over time, and highlight the ability of the 
proposed model to leverage data that would otherwise lead to missing 
direct estimates in traditional design-based frameworks. Specifically, 
direct estimates for the error variance (9) associated with the direct 
estimate mean are missing in years when 𝑛𝑗,𝑡 = 1 (2020 and 2021) as 
well as in years when all plot-level measurements 𝑦𝑖,𝑗,𝑡 are identically 
zero (2008, 2012, 2013, 2015, and 2019). In the current model setting, 
these data are used to inform estimates of 𝜇𝑗,𝑡, and allow for model 
estimates to more clearly reflect information offered by the available 
data. In the NFI data setting, direct estimates of mean LFCD for small 
areas and time scales are typically of little value. The proposed model 
optimally pools information from spatially and temporally proximate 
data and TCC to provide a more informed estimate.

Posterior means for carbon density trends 𝜃𝑗 are shown in Figure S9, 
with significant trends shown in Fig.  6. Fig.  6 highlights varied patterns 
of carbon dynamics across the CONUS, whereby LFCD is seen to be sig-
nificantly increasing in areas including Northern Maine, the Southeast, 
and coastal western areas, while the Sierra Nevadas, Northern Rockies, 
and parts of the Appalachias exhibit decreasing trends. These results 
are comparable to those reported in Shannon et al. (2024), and reflect 
broader patterns relating to carbon dynamics driven by disturbance 
(e.g., fire, harvest, storm, insect/disease), changes in forest structure, 
and land use over time (Shannon et al., 2025).
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Fig. 3. Posterior mean values of live forest carbon density (𝜇𝑗,𝑡) from the full model.
3.3. Simulation study

As detailed in Section 2.5, full model (1) estimates, along with 
direct estimates, were obtained from 𝑅 = 100 sample replicates from 
the simulated population. Measures of bias, RMSE, coverage rate, and 
precision for model versus direct estimates of 𝜇𝑗,𝑡 were averaged over 
the replicates, with details of their calculation provided in Section S2. 
Fig.  7 compares the full model (1) and direct estimate accuracy and 
precision for all 𝐽 ×𝑇  many 𝜇𝑗,𝑡 estimates, which are ordered according 
to their corresponding sample size 𝑛𝑗,𝑡, as shown in Fig.  1.

Although the direct estimator is known to be design-unbiased, we 
observe some amount of empirical bias when sample sizes are small 
given our 𝑅 = 100 simulated population replicates. Further, the direct 
estimates exhibit greater RMSE for the smallest sample sizes when com-
pared with those from the full model. With more population replicates, 
the direct estimates’ empirical bias would diminish to zero and their 
RMSE would approach the population’s standard deviation. However, 
for a small number of replicates, the shortcomings for estimates from 
small sample sizes are apparent. The full model estimates also exhibit 
bias for small samples sizes, but a substantially smaller RMSE compared 
with the direct estimates. Additionally, both the direct and full model 
estimates achieve similar coverage percentages, while the coverage 
interval widths are much larger for the direct estimates compared to 
the full model for small samples sizes. In some cases where sample 
sizes are especially small, the full model estimates rely more heavily on 
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the relationship between TCC and LFCD, along with information from 
random effects, which leads to smaller coverage percentages. These 
results highlight that accuracy and precision are reduced when data 
are limited, with direct estimates exhibiting poorer reliability overall.

4. Discussion

Here, we present a Bayesian spatio-temporal SAE model applied 
to NFI measurements of LFCD across the CONUS. Compared to direct 
estimates, as well as SAE methods such as the FH model which rely on 
direct estimates, the proposed model more efficiently leverages avail-
able NFI data to inform estimates of status and trends for small areas. 
Specifically, in place of direct estimates, plot-level measurements are 
directly modeled using available covariates, and spatial, temporal, and 
spatio-temporal correlations in random effects and among responses are 
incorporated to improve estimation. When used to analyze FIA mea-
surements of LFCD, the model delivers estimates that reflect changes 
in TCC and correlations with spatially and temporally proximate data, 
with reduced uncertainty compared to direct estimates (Figs.  4 and
5). Furthermore, the proposed model informs the estimates using data 
that would otherwise be unusable in design-based estimators (Fig.  5) 
and hence FH models. These estimates are easily extended to derive 
estimates of LFCD trends over time, and highlight important forest 
carbon dynamics across the CONUS (Fig.  6). When compared in a 
simulation setting, the proposed model exhibits improved accuracy 
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Fig. 4. Posterior mean and 95% credible intervals of live forest carbon density (𝜇𝑗,𝑡) from the full model for Tuolumne County, California, compared to direct estimate means (𝜇̂𝑗,𝑡) 
and 95% confidence intervals over time. Percent tree canopy cover (TCC) is overlayed and is measured on the right axis. Observed sample sizes (𝑛𝑗,𝑡) are displayed across the top 
row. An inset map shows the location of Tuolumne County, California, within the state. The abrupt drop in TCC and full model estimates in 2013 coincides with the catastrophic 
Rim fire.

Fig. 5. Posterior mean and 95% credible intervals of live forest carbon density (𝜇𝑗,𝑡) from the full model for Simpson County, Kentucky, compared to direct estimate means (𝜇̂𝑗,𝑡) 
and 95% confidence intervals. TCC is overlayed and is measured on the right axis. Observed sample sizes (𝑛𝑗,𝑡) are displayed across the top row. An inset map shows the location 
of Simpson County, Kentucky, within the state. Direct estimate variances are unavailable in years when 𝑛𝑗,𝑡 = 1 or when all plot-level measurements are identical.
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Fig. 6. Significant live forest carbon density trends (𝜃𝑗 ) measured in Mg/ha/year. ‘‘Significant’’ indicates that the 95% credible interval for 𝜃𝑗 does not overlap zero. Non-significant 
trends shown in Figure S9 are set equal to zero.
and precision over the direct estimator, especially for instances when 
samples sizes are small (Fig.  7).

A major advantage of the proposed model is the ability to directly 
use all available plot-level NFI data. As noted in Section 2.3, when the 
sample size 𝑛𝑗,𝑡 equals 1, the associated error variance for the direct 
estimate mean (9) is unavailable, meaning these data are essentially 
ignored in traditional SAE FH models. Additionally, when 𝑛𝑗,𝑡 > 1 and 
all plot measurements are identically zero, (9) will also be unavailable, 
meaning potentially informative data are again omitted in these cases 
(see Fig.  5). In the FIA data setting described in Section 2.1, out of 
593,368 plot measurements used to fit the proposed model, 98,574 
(16.6%) result in missing associated direct estimates, and would there-
fore be omitted when using methods such as the FH model. Similarly, 
of 𝐽 × 𝑇 = 43,512 many 𝜇𝑗,𝑡 county-year combinations for which we 
seek inference, 8,764 (20.1%) have missing associated direct estimates 
of variance due to 𝑛𝑗,𝑡 being equal to 1, or due to all plot measurements 
being identically zero. Hence, the proposed model more efficiently uses 
the available data, and in the case of SAE for sparse and costly NFI data, 
these efficiencies are especially advantageous.

Although the proposed model demonstrates a certain improvement 
over design-based direct estimation, a number of limitations persist. 
First, in cases where the observed sample size is small, biases in model 
estimates are more pronounced (Fig.  7). However, these impacts might 
be mitigated if proximate counties and times contain more observations 
to inform model estimates. Second, assuming a Gaussian distribution 
for LFCD can result in negative carbon estimates, and alternative distri-
butions or data transformations to ensure strictly positive support are 
not straightforward to estimate latent parameters of interest. Finally, 
given the large and dynamic nature of the system we are modeling, 
there are many parameters to estimate. As outlined in Section S3, 
closed-form expressions for posterior distributions are available when 
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the response variable is Gaussian and therefore can be updated using 
computationally efficient Gibbs steps. The proposed efficient sampler 
can also be applied to binomial response variables when using a Pólya-
Gamma augmentation (see Polson et al., 2013). However, such efficient 
parameter updating methods might not be available for distributions 
commonly chosen for count or composition response variables, which 
are often encountered in NFI data. Future work could focus on de-
veloping efficient models for these type of data and for multivariate 
responses.

5. Conclusion

The use of SAE methods to estimate status and trends of for-
est parameters from NFI data represents an important opportunity 
to more fully use valuable NFI data efficiently and provide reliable 
and high-quality estimates with appropriate measures of uncertainty. 
Practitioners, resource managers, and policy-makers should benefit 
from these informed estimates and methods, which can be applied to 
a variety of data and model settings. Continued efforts to improve 
SAE models for NFI data might represent an important focus moving 
forward, as economic, environmental, and societal drivers continue to 
alter forests across varied scales.

Given the high cost and effort to conduct NFIs, the ability to 
efficiently use all available data to estimate status and trends in forest 
parameters for small areas is critical for monitoring of forest resources 
and sustainable management of these resources. SAE models, such 
as the model proposed here, provide clear paths toward reliable and 
high-quality estimates to improve forest monitoring and management 
efforts.
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Fig. 7. Average measures of bias, root mean square error (RMSE), coverage percentage, and coverage interval widths for the full model and direct estimator arranged according 
to sample size 𝑛𝑗,𝑡. Each point represents the mean metric value for estimating 𝜇𝑗,𝑡 averaged over 𝑅 = 100 simulated population replicates. A loess line is added to each panel to 
indicate general patterns, and a 95% threshold for the coverage percentages is represented with a dashed line.
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