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Abstract 

Background  Individual tree attributes such as volume, biomass and carbon mass are widely known to be highly 
correlated. As these attributes are typically predicted from statistical models, frameworks that provide compatible 
relationships among these attributes are usually preferred over approaches that provide independent predictions. 
However, the propagation of model error can be a concern as this compatibility often relies on predictions for one 
attribute providing the basis for other attributes. In this study, a compatible tree volume, biomass, and carbon 
prediction system was evaluated to ascertain how model prediction uncertainty propagates through the system 
and to examine the contribution to uncertainty in population estimates.

Results  Generally, the total and merchantable stem volume predictions are used to derive associated biomass 
values and subsequently biomass is converted to carbon. As expected, the amount of uncertainty due to the mod-
els follows volume < biomass < carbon such that the carbon attribute is the most affected by error propagation. 
Biomass and associated carbon in tree branches tended to have larger model uncertainty than the stem compo-
nents due to smaller sample sizes and a greater proportion of unexplained variation. In this model system, direct 
predictions of whole tree biomass provide the biomass basis and stem and branch components are harmonized 
to sum to the whole tree value. Corresponding harmonized carbon content values are obtained through applica-
tion of a common carbon fraction. As such, whole tree biomass and carbon tended to have less model uncertainty 
than the constituent components primarily due to fewer contributing sources.

Conclusions  Although a wide range of outcomes are realized across the various volume, biomass, and carbon 
components, increases in the standard error of the population estimate due to model uncertainty were always 
less than 5% and usually smaller than 3%. Thus, forest inventory data users desiring population estimates of tree vol-
ume, biomass, and carbon can expect little additional uncertainty due to the prediction model system while benefit-
ting from the implicit compatibility among attributes.
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Background
Individual tree volume, biomass, and carbon attributes 
often provide the basis for estimating important for-
est resources. Estimates of tree volume are used for a 
myriad of purposes, including wood supply analyses 
[12, 17], forest management planning [3, 16], and wood 
product determination [4, 24]. Knowledge of tree bio-
mass resources provide critical information for bioenergy 
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[14] and biodiversity [1] assessments. Similarly, estimat-
ing amounts of carbon stored in forest trees is critical to 
understanding the role forests play in offsetting green-
house gas emissions [15, 34]. It is considered a desirable 
property that these attributes are harmonious to avoid 
inconsistencies such as a large sound volume value being 
associated with a relatively small amount of biomass. As 
such, methods that produce compatible predictions of 
individual tree volume, biomass, and carbon attribute are 
often employed [37, 38].

Typically, tree volume, biomass, and carbon values are 
predicted from statistical models where sources of model 
error take the form of residual variance and parameter 
estimate uncertainty [20]. In addition to these models, 
wood specific gravity [23] and carbon fractions [8] may 
also be used to obtain desired predictions. In practice, 
these factors are often treated as known values but are 
actually mean values from samples of trees and therefore 
also subject to uncertainty. Point estimation and associ-
ated uncertainty of attributes where observations are 
predictions from statistical models have become increas-
ingly recognized as ‘hybrid inference’ [6, 7, 10, 13, 27, 35]. 
In addition to these studies, a number of authors have 
examined the contributions of model error in the context 
of overall uncertainty pertaining to population estimates 
of tree volume, biomass, and/or carbon resources with-
out specific reference to hybrid methods [5, 11, 19, 21, 28, 
30].

One aspect that deserves further attention is under-
standing model propagation error when several predic-
tion system component models are used. McRoberts 
et  al. [22] examined the additional uncertainty in tree 
carbon estimates due to a volume prediction model that 
was subsequently scaled to carbon content via estimated 
wood specific gravity and carbon fraction means. The 
recently implemented approach for the national for-
est inventory (NFI) of the U.S. also uses various mod-
els/means to obtain both whole tree and subcomponent 
volume, biomass, and carbon predictions [36]. Thus, 
the contribution of different error sources may depend 
on the specific attribute being estimated. For example, 
whole stem volume is determined from a single allomet-
ric model, but prediction of merchantable stem volume 
requires additional predictions from both a taper model 
and a volume ratio model. Thus, it may be expected that 
merchantable stem volume is subject to more uncertainty 
than whole stem volume. Similarly, bark biomass is pre-
dicted directly from a regression model whereas stem 
wood biomass is obtained from conversion of predicted 
volume via wood specific gravity. Further uncertainty is 
introduced due to a total tree biomass prediction model 
and the harmonization of biomass component additivity 
to achieve compatibility. The objectives of this study are 

to 1) present and quantify the various sources of uncer-
tainty and their roles within the prediction framework, 2) 
assess the effects of these uncertainty sources on overall 
precision of population estimates generated from the NFI 
data.

Methods
Forest inventory data
The data used to assess model error propagation were 
collected by the Forest Inventory and Analysis (FIA) pro-
gram as part of the NFI of the U.S. Due to the lengthy 
computer processing time needed to implement the ana-
lytical methods described below, the domain was limited 
to white pine (Pinus strobus) trees in the state of Ver-
mont. The data were collected over the period 2013–2019 
and the sample consists of 1124 plots having the response 
design described by Bechtold and Scott [2]. A total of 864 
live trees having diameter at breast height (dbh) ≥ 2.5 cm 
(1.0 in.) were used for assessments of total stem volume 
inside-bark (TSVIB), total stem bark volume (TSVBK), 
total stem volume outside-bark (TSVOB), total stem 
biomass inside-bark (TSBIB), total stem bark biomass 
(TSBBK), total stem biomass outside-bark (TSBOB), total 
stem carbon inside-bark (TSCIB), total stem bark carbon 
(TSCBK), total stem carbon outside-bark (TSCOB), branch 
biomass (BBR), branch carbon (CBR), total aboveground 
biomass (BAG), and total aboveground carbon (CAG). A 
subset of 848 trees with dbh ≥ 12.7 cm (5 in.) were used 
for analyses of merchantable stem (0.30  m (1 ft) stump 
height to 10.16 cm (4 in.) top diameter outside bark) vol-
umes (MSVIB, MSVBK, MSVOB), biomass (MSBIB, MSBBK, 
MSBOB), and carbon (MSCIB, MSCBK, MSCOB). Volume, 
biomass, and carbon attributes were predicted for each 
tree using the methods described in Westfall et al. [36].

Model fitting data
For the volume and biomass models, the raw data was 
necessary to model the residual variance as well as 
account for variances/covariances associated with the 
estimated coefficients. The white pine data obtained from 
Radtke et al. [31] included tree diameter at breast height 
(D), total height (H), and various volume (TSVIB, TSVBK, 
TSVOB), volume ratio (proportion of the total stem vol-
ume contained in the portion of the stem below height 
h ≤ H; RIB, ROB), biomass (BBK, BBR, BAG), and wood spe-
cific gravity (WDSG) information. Analysis of the carbon 
fraction (CF) for white pine used data from the carbon 
database described in Doraisame et  al. [8]. The mean 
value for WDSG was WDSG = 0.338, which compares 
closely with the value of 0.34 used by the FIA program 
[23]. The standard error was σWDSG  = 0.004. Due to the 
same data source being used, the CF mean of CF  = 0.507 
( σCF  = 0.003) is identical to that implemented by FIA 
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[36]. To aid in reference for subsequent sections, Table 1 
provides a listing of abbreviations and definitions. Table 2 
provides a summary of the observed data.

Analysis
The model forms for white pine specified in Westfall et al. 
[36] were used for the analysis. Specifically, these formu-
lations for component predictions were (1) for TSVOB, 
BBR, and BAG, (2) for TSVBK and BBK, (3) for TSVIB, and 
(4) for RIB and ROB:

For tree i, Di = diameter breast height (cm), Hi = total 
tree height (m), hi = height along the stem (m), 
ɛi = residual error, yi = observation for component 
of interest, k = segmentation point that is 22.86  cm 
(9 in.) for white pine, and a, b, c, b1, α, β are model-
specific parameters estimated using the observed data 
described in Table  2. Model (4) is used to partition 
whole-stem predictions into merchantable-stem pre-
dictions using a lower bound based on a predefined 
stump height of 0.30 m (1 ft) and an upper bound cor-
responding with height hi to the 10.16  cm (4 in.) top 
diameter outside-bark. The upper bound is obtained 
by recognizing that Model (4) can be combined with 

(1)yi = a ∗ Db
i ∗H

c
i + εi

(2)yi =
{

a ∗ Db
i ∗H

c
i + εi;Di < k
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model (1) to estimate the height hi to any diameter di. 
The stem volume from groundline to hi is the product 
of a total outside bark volume model and a volume ratio 
model:

The implied taper function is then specified as [39]:

Thus, the desired height along the stem (hi) at a speci-
fied merchantable top diameter of di = 10.16 cm can be 
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Table 1  Summary of relevant abbreviations used throughout the manuscript

TSVIB (MSVIB) Total (Merchantable) stem volume inside-bark CF Carbon fraction

TSVBK (MSVBK) Total (Merchantable) stem bark volume RIB Volume ratio inside-bark

TSVOB (MSVOB) Total (Merchantable) stem volume outside-bark ROB Volume ratio outside-bark

TSBIB (MSBIB) Total (Merchantable) stem biomass inside-bark TSBHIB (MSBHIB) Harmonized total (merchantable) stem biomass inside-bark

TSBBK (MSBBK) Total (Merchantable) stem bark biomass TSBHBK (MSBHBK) Harmonized total (merchantable) stem bark biomass

TSBOB (MSBOB) Total (Merchantable) stem biomass outside-bark TSBHOB (MSBHOB) Harmonized total (merchantable) stem biomass outside-bark

TSCIB (MSCIB) Total (Merchantable) stem carbon inside-bark TSCHIB (MSCHIB) Harmonized total (merchantable) stem carbon inside-bark

TSCBK (MSCBK) Total (Merchantable) stem bark carbon TSCHBK (MSCHBK) Harmonized total (merchantable) stem bark carbon

TSCOB (MSCOB) Total (Merchantable) stem carbon outside-bark TSCHOB (MSCHOB) Harmonized total (merchantable) stem carbon outside-bark

BBR Branch biomass (outside-bark) BHBR Harmonized branch biomass (outside-bark)

CBR Branch carbon (outside-bark) CHBR Harmonized branch carbon (outside-bark)

BAG Aboveground biomass (outside-bark) WDSGH Harmonized wood specific gravity

CAG Aboveground carbon (outside-bark) BKSGH Harmonized bark specific gravity

WDSG Wood specific gravity

Table 2  Sample size and distribution statistics for white pine 
model fitting data

a Number of stem profile observations
b Standard deviation of the mean

Attribute n Min Mean Max Std. dev.

D (cm) 3639 2.540 31.790 111.760 15.773

H (m) 3639 2.682 20.197 48.158 7.181

TSVIB (m3) 2783 0.001 0.907 8.074 0.996

TSVBK (m3) 2597 0.000 0.146 1.746 0.160

TSVOB (m3) 3409 0.001 1.210 18.186 1.474

BBK (kg) 392 0.113 42.598 310.121 54.444

BBR (kg) 338 0.163 87.805 1010.199 146.403

BAG (kg) 239 0.859 426.379 3695.632 584.860

RIB 39509a 0.004 0.626 1.000 0.337

ROB 54757a 0.004 0.617 1.000 0.339

WDSG 96 0.197 0.338 0.431 0.004b

CF 6 0.497 0.507 0.519 0.003b
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predicted by iteratively solving (7) for hi via numeric 
optimization [25]:

Note that the total stem outside bark volume model 
is only used to provide parameter estimates a, b, and c 
for [7]. It is not used to directly predict outside bark vol-
ume as doing so would not preserve additivity properties 
between stem wood and bark components.

Quantification of model error using the destructively 
sampled tree data (Table 2) generally followed the meth-
ods described in McRoberts et  al. [22]. In preparation 
for model error propagation simulations, correlated dis-
tributions of model parameters and models to predict 
residual variance were needed. For each of the volume 
and biomass models, the variances and covariances of 
parameter estimates were approximated by (1) drawing 
a bootstrap sample [9], (2) fitting the model to the boot-
strap sample, and (3) recording the resulting parameter 
estimates. This process was repeated 2500 times for each 
model to provide a comprehensive range of possible 
parameter estimates (Fig. 1) for use in error propagation 
simulation analyses. Residual error behavior for models 
(1)–(4) were obtained by (1) ordering from smallest to 
largest the observations in the data, (2) creating q = 1 to 
Q equal-sized sequential groups having at least 25 obser-
vations each, (3) using the mean value from the bootstrap 
exercise for each model parameter, calculating the mean 
of the predicted values ŷq and the standard deviation of 
the residuals σ̂resq in each group q, and (4) modeling the 
residual variance using (8) for models (1)–(3) and (9) for 

(7)0 ≈ di − (a× Db
i ∗H

c
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×
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)0.5

model (4) where ∅p (p ≤ 3) are estimated parameters and 
εq is random residual error for group q.

The regression outcomes for predicting σ̂resq are pro-
vided in Table 3. Uncertainty in WDSG was assessed via 
the standard error of the mean ( σWDSG = 0.004 ). Simi-
larly, the standard error of the mean ( σCF = 0.003 ) was 
used to represent CF variability (Table 2).

Uncertainty simulation
Assessments of additional uncertainty in population 
estimates due to model error were performed using the 
NFI data from Vermont in Monte Carlo simulations. 
The steps outlined below were taken for each replication 
r where r = 1 to 1500 was sufficient to obtain stable out-
comes (maximum variation for r ≥ 1400 was about 0.5%). 
For each tree i in the forest inventory dataset, total inside 
bark stem wood volume T̂SV

IB

i(r) was predicted using 
model (3) using a randomly drawn set of model param-
eters generated from the bootstrap samples described 
above. Residual uncertainty was incorporated by modi-

fying T̂SV
IB

i(r) as T̂SV
IB∈
i(r) = T̂SV

IB

i(r) + z(r) × σ̂res where 

T̂SV
IB∈
i(r) is the prediction that includes model uncertainty, 

(8)σ̂resq = ∅1ŷ
∅2

q + εq

(9)σ̂resq = ∅1∅2
(ŷq−∅3)

2

+ εq

Fig. 1  Scatterplot of model parameters a and b for TSVIB model (3) from 2500 bootstrap samples
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z(r) is a random value from a N(0,1) distribution con-
strained within | z(r)|≤ 3.0 and σ̂res is obtained from 
model (8) substituting T̂SV

IB

i(r) for ŷ . An analogous 
process was used for predictions of total bark volume 
T̂SV

BK

j(r) , where model (2) was used in conjunction with 
a randomly selected parameter set and application of 
residual variance per (8) to ultimately arrive at a pre-
dicted value of T̂SV

BK∈
i(r)  . Total stem outside bark volume 

that includes model uncertainty was then obtained as 
T̂SV

OB∈
i(r) = T̂SV

IB∈
i(r) + T̂SV

BK∈
i(r) .

Associated estimates of biomass for these compo-
nents are also subject to model error. At each itera-
tion r, the uncertainty in WDSG is provided by 
WDSG∈

(r) = WDSG + z(r) × σWDSG  where z(r) is gener-
ated as described above. In the case of T̂SV

IB∈
i(r) , the WDSG 

uncertainty is accounted for in the conversion to mass 
(kg) via T̂SB

IB∈
i(r) = T̂SV

IB∈
i(r) ×WDSG∈

(r) × 1000kg/m3 . The 

biomass of the bark T̂SB
BK

i(r) is generated using model form 
(2), with parameter estimate and residual uncertainty 
being incorporated through the methods shown earlier to 
obtain the predicted T̂SB

BK∈
i(r)  . Total stem outside bark bio-

mass was then obtained as T̂SB
OB∈
i(r) = T̂SB

IB∈
i(r) + T̂SB

BK∈
i(r)  . 

Finally, the uncertainty in the CF is incorporated as 
CF∈

(r) = CF + z(r) × σCF (analogously to the WDSG∈
(r) 

method) and carbon predictions for total stem inside-
bark T̂SC

IB

i(r) and bark T̂SC
BK

i(r) that include model uncer-
tainty are respectively T̂SC

IB∈
i(r) = T̂SB

IB∈
i(r) × CF∈

(r) 

and T̂SC
BK∈
i(r) = T̂SB

BK∈
i(r) × CF∈

(r) . Subsequently, 
total stem outside-bark carbon content is 
T̂SC

OB∈
i(r) = T̂SC

IB∈
i(r) + T̂SC

BK∈
i(r) .

In addition to the various attributes and components 
associated with the tree stem, predictions for branch bio-
mass and carbon may also be of interest as well as pro-
viding the supplementary information needed for total 

aboveground biomass and carbon predictions (exclud-
ing foliage) as a sum of the components. The methods 
described above for introducing parameter estimate 
and residual variance uncertainty were also applied to 
branch biomass predictions from model (1) to obtain 
B̂BR∈
i(r)  . For purposes explained below, model predictions 

are directly obtained for total aboveground biomass 
B̂AG∈
i(r)  from (1) with parameter estimate and residual vari-

ance uncertainty incorporated in the usual fashion. Cor-
responding branch and aboveground carbon content 
predictions are respectively ĈBR∈

i(r) = B̂BR∈
i(r) × CF∈

(r) and 
ĈAG∈
i(r) = B̂AG∈

i(r) × CF∈
(r).

Due to strength of the model fit for predicting total 
aboveground biomass BAG, a constraint was imposed on 
the biomass (and subsequent carbon) predictions out-
lined above. The original prediction with model uncer-

tainty for each biomass component (i.e., T̂SB
IB∈
i(r) , T̂SB

BK∈
i(r)  , 

and B̂BR∈
i(r)  ) was proportionally scaled to harmonize the 

component sum with the predicted aboveground total to 

enforce T̂SBH
IB∈
i(r) + T̂SBH

BK∈
i(r) + B̂H

BR∈
i(r) = B̂AG∈

i(r)  where 

T̂SBH
IB∈
i(r) , T̂SBH

BK∈
i(r)  , and B̂H

BR∈
i(r)  are the harmonized 

components. Predictions of harmonized component car-
bon are then based on the corresponding harmonized 

biomass values, e.g., T̂SCH
IB∈
i(r) = T̂SBH

IB∈

i(r)
× CF∈

(r) . In all 

applications of introducing random error to predictions, 
the magnitude of the errors was sufficiently small such 
that no negative values were produced.

To maintain compatibility of biomass and carbon pre-
dictions for portions of the main stem, calculations of 
‘realized’ wood and bark specific gravity are needed:

ŴDSGH
∈
i(r) = T̂SBH

IB∈

i(r)
/T̂SV

IB∈
i(r)/1000

Table 3  Parameter estimates with standard errors in parenthesis and fit statistics for models (8) and (9)

Attribute Model ∅1 ∅2 ∅3 R2 RMSE

TSVIB (8) 0.1075 (0.0031) 0.9667 (0.0248) 0.987 0.018

TSVBK (8) 0.2898 (0.0209) 1.0904 (0.0622) 0.968 0.010

TSVOB (8) 0.1127 (0.0054) 0.7578 (0.0286) 0.955 0.039

RIB (9) 0.0470 (0.0014) 0.0012 (0.0005) 0.5603 (0.0081) 0.961 0.006

ROB (9) 0.0434 (0.0015) 0.0018 (0.0008) 0.5508 (0.0097) 0.962 0.005

BBK (8) 0.4017 (0.0755) 0.8195 (0.0393) 0.997 0.781

BBR (8) 1.8372 (0.2755) 0.6593 (0.0257) 0.997 2.819

BAG (8) 0.1189 (0.0163) 0.9827 (0.0190) 0.999 1.575
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These values are of particular importance for obtaining 
harmonized predictions of components such as merchant-

able stem wood M̂SBH
IB∈
i(r) and bark biomass M̂SBH

BK∈
i(r)  . A 

harmonized outside-bark biomass M̂SBH
OB∈
i(r)  can also be 

obtained if desired.

Although the primary use of adjusted specific gravity for 
this study is the merchantable stem component, harmo-
nized biomass values for any portion of the stem can be 
obtained in combination with (4) and (7). Corresponding 

carbon content predictions of M̂SCH
IB∈
i(r) , M̂SCH

BK∈
i(r)  , and 

M̂SCH
OB∈
i(r)  were calculated by multiplying the harmonized 

biomass by the carbon fraction CF∈
(r).

Population estimates of totals for the components 
described above were generated at each iteration r. The 
methods are described in Scott et  al. (2005) where post-
stratification is employed to reduce sampling variance. 
Observations for each sample plot j in post-stratum h 
(generically expressed as yhj(r)) are calculated by expanding 
the tree component value of interest to a per hectare basis 
and summing those values across all trees on the plot. Sim-
ple random sample estimators are used in each post-stra-
tum h to obtain the component mean yh(r) and variance of 
the mean v

(
yh(r)

)
.

Provided yhj is the observation for plot j in post-stratum 
h and nh is the number of plots in post-stratum h. Esti-
mates of the population total y and corresponding vari-
ance v(y) are calculated by combining across post-strata:

B̂KSGH
∈
i(r) = T̂SBH

BK∈
i(r) /T̂SV

BK∈
i(r) /1000

M̂SBH
IB∈
i(r) = M̂SV

IB∈
i(r) × ŴDSGH

∈
i(r) × 1000

M̂SBH
BK∈
i(r) = M̂SV

BK∈
i(r) × B̂KSGH

∈
i(r) × 1000

M̂SBH
OB∈
i(r) = M̂SBH

IB∈
i(r) + M̂SBH

BK∈
i(r)

(10)yh(r) =

∑nh
j yhj(r)

nh

(11)v
(
yh(r)

)
=

∑nh
j

(
yhj(r) − yh(r)

)2

nh(nh − 1)

(12)y(r) = AT

H∑

h=1

Whyh(r)

Assigning AT as the total population area, Wh as the 
post-stratum weights, and n as the total sample size. 
Over the r simulation iterations, the reported value of the 
population estimate (y) and the variance (vy) due to sam-
pling are respectively determined from:

The standard error of the estimated y is sey =
√
vy . The 

additional uncertainty due to the models vm is the vari-
ance among the y(r) calculated from:

Subsequently, the total variance is vt = vy + vm with 
an associated standard error set =

√
vt  . The percentage 

increase in the standard error due to vm is:

Users of forest inventory data might also judge estimate 
reliability in the form of a sampling error that is typically 
expressed as the standard error relative to the estimate as 
a percentage, i.e., seyy 100 . Also reported is an indication of 
change in the sampling error statistic due to model error 
( s%):

Results
The results of the regression analyses for attributes 
usings models (1)–(4) revealed good fits of the models 
to the observed data with (pseudo-) R2 ≥ 0.93 in all cases 
(Table  4). The poorest results were achieved for predic-
tion of TSVBK and BBR where R2 < 0.95 was attained. Thus, 
in practice it may be expected that these models would 
contribute relatively larger amounts of uncertainty to 
population estimates than the other models with better 
performance.

For the inside- and outside-bark stem volume com-
ponents (MSVIB, MSVOB, TSVIB, TSVOB), uncertainty 
due to the regression model resulted in m% of about 
0.2–0.4% (Table 5). However, larger effects were seen for 
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the bark volumes (MSVBK, TSVBK) where m% was greater 
than 0.7%. This outcome is likely due to the poorer bark 
volume model fit as compared to the inside-bark vol-
ume model (Table 3). Two insights are taken from these 
results: 1) the total model error vm associated with 
MSVIB and MSVBK is slightly larger than the respective 
amounts for TSVIB and TSVBK due to the need for two 

additional volume ratio model (4) predictions to obtain 
MSVIB and MSVBK, and 2) although the bark volume 
model (2) uncertainty is relatively large compared to 
that from the inside-bark volume model (3), there is lit-
tle effect on standard errors for estimates of MSVOB 
(= MSVIB + MSVBK) and TSVOB (= TSVIB + TSVBK).

The contribution of vm to vt for estimates of harmo-
nized component biomass arise in various ways. In com-
mon to all components is the variability induced by the 
total above ground biomass model parameter and resid-
ual uncertainty that affects the total biomass prediction 
used as the basis to harmonize the constituent biomass 
components. This uncertainty also influences the calcu-
lations of adjusted wood and bark specific gravity val-
ues that are used to obtain harmonized merchantable 
stem biomass predictions of M̂SBH

IB

i(r) , M̂SBH
BK

i(r) , and 

M̂SBH
OB

i(r) . Similarly, additional uncertainty for the har-
monized total stem inside-bark biomass component 
(TSBHIB) is due to conversion of volume to mass via 
WDSG. Table 5 suggests that uncertainty in WDSG pro-
duces about 4–5 times greater m% and s% than attributed 
to the inside-bark volume predictions. The total stem 
bark component (TSBHBK) is also subject to uncertainty 
arising from the model used to directly predict bark 
biomass. Uncertainty due to the bark biomass predic-
tions resulted in m% and s% exceeding 3 times larger than 
those for prediction of bark volume. The outside-bark 
biomass component TSBHOB has combined uncertainty 
due to TSVIB conversion to mass via WDSG and bark 
biomass model prediction, however these components 
have smaller m% and s% increases than their constituent 
inside-bark and bark components due to vy being a larger 
proportion of vt for MSBOB and TSBOB (Table 5).

There was a relatively large increase in the standard 
error (m% = 4.14) and sampling error (s% = 0.48) for esti-
mates of BBR due to the prediction model uncertainty. 
Table 4 shows the fit statistics for the bark biomass model 
were mediocre relative to the other models being used 

Table 4  R2 statistic and summary of residual distribution for regression models used in the compatible prediction system

Response variable Model R2 Residual distribution

Min Mean Max Std. dev.

TSVIB (m3) (3) 0.989 − 1.22 0.00 1.26 0.14

TSVBK (m3) (2) 0.949 − 0.36 0.00 0.80 0.08

TSVOB (m3) (1) 0.992 − 1.50 0.00 1.56 0.17

BBK (kg) (2) 0.973 − 80.59 0.07 55.06 11.26

BBR (kg) (1) 0.939 − 160.47 3.49 297.55 41.88

BAG (kg) (1) 0.989 − 345.90 8.30 359.66 73.95

RIB (4) 0.998 − 0.163 0.002 0.203 0.030

ROB (4) 0.998 − 0.147 0.002 0.213 0.028

Table 5  Population estimates (y) (14), sampling variances (vy) 
(15), variances due to model uncertainty (vm) (16), percent 
increases in standard error due to model uncertainty ( m% ) 
(17), and percent increases in sampling error due to model 
uncertainty ( s% ) (18)

Component y vy vm m% s%

MSVIB 3.34E + 07 1.31E + 13 9.48E + 10 0.36% 0.04%

MSBHIB 1.83E + 08 3.92E + 14 1.05E + 13 1.33% 0.14%

MSCHIB 9.29E + 07 1.01E + 14 2.99E + 12 1.47% 0.16%

MSVBK 5.25E + 06 3.26E + 11 5.61E + 09 0.86% 0.09%

MSBHBK 2.82E + 07 9.18E + 12 5.19E + 11 2.79% 0.30%

MSCHBK 1.43E + 07 2.36E + 12 1.42E + 11 2.96% 0.32%

MSVOB 3.87E + 07 1.75E + 13 1.13E + 11 0.32% 0.03%

MSBHOB 2.11E + 08 5.21E + 14 1.33E + 13 1.27% 0.14%

MSCHOB 1.07E + 08 1.34E + 14 3.82E + 12 1.42% 0.15%

TSVIB 3.52E + 07 1.43E + 13 6.60E + 10 0.23% 0.02%

TSBHIB 1.20E + 10 1.67E + 18 4.52E + 16 1.34% 0.14%

TSCHIB 6.10E + 09 4.30E + 17 1.29E + 16 1.49% 0.16%

TSVBK 5.54E + 06 3.59E + 11 5.46E + 09 0.76% 0.08%

TSBHBK 1.86E + 09 3.93E + 16 2.21E + 15 2.77% 0.30%

TSCHBK 9.42E + 08 1.01E + 16 5.97E + 14 2.91% 0.31%

TSVOB 4.08E + 07 1.92E + 13 7.21E + 10 0.19% 0.02%

TSBHOB 1.37E + 10 2.17E + 18 2.77E + 16 0.64% 0.07%

TSCHOB 6.96E + 09 5.58E + 17 8.89E + 15 0.79% 0.09%

BHBR 3.52E + 09 1.68E + 17 1.42E + 16 4.14% 0.48%

CHBR 1.79E + 09 4.33E + 16 3.76E + 15 4.25% 0.49%

BAG 1.74E + 10 3.50E + 18 6.45E + 16 0.92% 0.10%

CAG 8.83E + 09 9.01E + 17 1.91E + 16 1.06% 0.11%
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and thus larger amounts of uncertainty are expected. It is 
shown that m% = 0.92% and s% = 0.10% for BAG, which is 
intermediate with m% = 0.64 (s% = 0.07%) associated with 
the compositional component TSBOB and the m% = 4.14 
(s% = 0.48%) attributed to BBR component as a conse-
quence of vy being a larger proportion of vt for BAG.

Conversions of biomass to carbon content via CF 
showed similar outcomes to those described above such 
as components derived as sums of other components 
having smaller m% and s%. For most of the carbon com-
ponents m% and s% were about 1.1–1.2 times larger than 
for associated biomass estimates (Table  5). However, 
due to the relatively large vy for branch estimates, the 
CF uncertainty produced m% and s% for CBR that were 
only 1.03 times larger than for BBR. Over all components 
and attributes, with the exception of estimates for BBR 
and CBR, m% was less than 3% and s% was often less than 
0.30%. Whereas m% and s% were respectively about 1.0% 
and 0.10% for the key attributes of BAG and CAG.

Discussion
Numerous models were employed to provide a suite of 
predictions for tree volume, biomass, and carbon attrib-
utes. Due to the myriad data needed to accommodate 
the spectrum of desired outputs, information from vari-
ous sources were combined to maximize sample sizes for 
each component. As such, the array of component pre-
dictions for biomass (and subsequently carbon) that arise 
from these independent data sources petitions for har-
monization of component summations with direct pre-
dictions of total aboveground amounts. In this case it was 
chosen to proportionally scale the individual component 
predictions, but other approaches could have been taken 
to enforce harmonization such as partitioning the total 
into the components [29], constraining one component 
via subtraction [37], or using a different modeling strat-
egy, e.g., seemingly unrelated regression (SUR [26]). For 
each approach there are advantages and disadvantages 
from both practical and statistical perspectives. Gener-
ally, the SUR approach has been shown to be the most 
efficient in terms of minimizing the standard errors of the 
parameter estimates [32]. It may be inferred that using 
SUR likely provides smaller m% and s% than reported here 
using the proportional harmonization method (assuming 
unbalanced data among components could be appropri-
ately accounted for). As such, practitioners may consider 
evaluating various potential approaches to developing 
the overall prediction system to determine which method 
best suits their desired objectives.

Further clarification is warranted regarding the 
smaller m% and s% outcomes for components obtained 
as sums of subcomponents whose m% and s% were 
greater, e.g., TSVOB. As TSVOB = TSVIB + TSVBK, an 

alternative method of estimating TSVOB would be 
to separately estimate population totals for TSVIB 
and TSVBK and sum those results. An examination of 
Table  4 shows equivalent estimates for the population 
total (y) would be obtained, but equivalence in esti-
mated sampling variance (vy) would not be obtained by 
summing the component variances because the com-
ponent estimates are not independent. Given the vy for 
TSVIB, TSVBK, and TSVOB are 5.07E + 14, 1.27E + 13, 
and 6.78E + 14 respectively (Table  5), it is clear that a 
positively valued covariance between TSVIB and TSVBK 
is present at the sample plot level. Also, the relation-
ship between the estimated value and the sampling 
error is essentially the same for all three attributes. 
Thus, while the vm are largely additive, the contribution 
of vy becomes a larger proportion of vt in the case of 
TSVOB (and other outside bark components) and thus 
the effect of model uncertainty as expressed by m% and 
s% is smaller.

At the individual-tree level, relatively small amounts 
of total stem volume, biomass, and carbon are attribut-
able to the bark component and similarly for branches 
as a component of whole tree biomass and carbon. For 
example, on average a 10% increase in the bark or branch 
component increases the proportion of whole stem bark 
by about 1.3% and similarly a 2.1% increase in branch 
proportion of aboveground biomass or carbon. As such, 
uncertainty in predictions for bark and branch compo-
nents have relatively little effect on the whole stem or 
whole tree uncertainty. Despite the small contribution 
of bark and branches to whole stem/tree amounts, some 
users may be interested in obtaining estimates specifically 
for these components. For the bark component, volume 
and biomass are each directly predicted from a regres-
sion model. There was less uncertainty associated with 
bark volume predictions than bark biomass, largely due 
to the much smaller sample size and larger residual vari-
ance for bark biomass (Table 4). As such, data users can 
expect model uncertainty effects to be smaller for bark 
volume (m% ≈ 0.8, s% ≈ 0.1) than for bark biomass (m% ≈ 
2.8, s% ≈ 0.3). Conversion of bark biomass to carbon con-
tent produce m% and s% about 1.1 times larger than those 
for biomass. The branch biomass model also had a rela-
tively small sample size and large residual variance such 
that users considering model uncertainty effects on pop-
ulation estimate reliability can expect m% ≈ 4.1 and s% ≈ 
0.48. Subsequent conversion to branch carbon incurs m% 
≈ 4.3 and s% ≈ 0.49. Thus, consumers of branch biomass 
and carbon estimates may consider model uncertainty to 
be nontrivial and modify accordingly their assessment of 
population estimate reliability based on sampling uncer-
tainty alone.
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As implied by the notation, typical applications of 
WDSG and CF  are as mean values derived from a sam-
ple of trees. Thus, variation in these attributes is appro-
priately expressed as standard errors of the mean. In that 
light, perhaps the weakest model in this study was for 
CF  , where only 6 observations were used to estimate the 
mean and standard error. It appears that these data may 
underestimate the uncertainty ( σCF  = 0.003) as Lamlom 
and Savidge [18] reported a standard deviation for white 
pine CF of 0.16 but the sample size was not explicitly 
reported. If the data used in this study had a comparable 
standard deviation, it would imply a σCF  of approximately 
0.016 assuming n = 96 (Table  2). Conversely, the σWDSG  
= 0.004 corresponds well with results for softwood spe-
cies ranging from 0.004–0.007 based on 60 observations 
[33]. The results indicate a notable increase in m% and s% 
attributable to the WDSG role in conversion of volume 
to biomass, yet very little additional uncertainty accrues 
from conversion of biomass to carbon content (Table 5). 
Thus, the uncertainty contribution from CF may be 
underestimated, but this speculation requires further 
investigation that can only be conducted when additional 
CF information becomes available.

In this study, the model residual uncertainties were 
treated independently even though in some cases cor-
related errors were present. The complexity in account-
ing for these correlations arises from the data structure, 
which is comprised of observations from various inde-
pendent studies with the information available being 
dependent on the specific study goals. Thus, there is not a 
consistent set of data used across different attribute pre-
diction models. This situation is exemplified in Table  2 
where it is shown the sample sizes differ among the mod-
els for TSVIB, TSVBK, and TSVOB, i.e., some trees in the 
data had only TSVIB information, others may have had 
only TSVOB data, and some had both TSVIB and TSVOB 
information. It is also clear from Table 2 that only a small 
proportion of data are in common between the TSV 
attributes (n > 2500) and B attributes (n < 400). In other 
cases, the data may be independent among models and 
no correlated errors exist, e.g., WDSG and CF. Nonethe-
less, readers should be aware of this technical aspect and 
further work is needed to incorporate these correlations 
into the analysis and examine the effects on model error 
propagation.

Conclusion
Assessing error propagation when using a complex system 
of models is necessary to understand potentially nontrivial 
contributions to total uncertainty. For practical purposes, 
this study was performed using a narrow species and spa-
tial domain. However, the methods illustrate the model 
error propagation pathways within the compatible volume, 

biomass, and carbon system while the results indicate the 
magnitude of additional uncertainty to be expected for the 
analysis undertaken. Generally, users of FIA volume, bio-
mass, and carbon data can be assured the model uncer-
tainty contributes little to reducing the reliability of the 
estimates beyond sampling variability alone. There may be 
situations where the model uncertainties are larger than 
reported here, such as in situations where models underly-
ing a specific estimate are based on small samples and/or 
have relatively poor fit to the data.

Although substantial increases in efforts to collect data 
that support tree biomass and carbon prediction have 
occurred, the desire for extensive data that adequately cov-
ers the many species likely to be encountered in a large area 
forest inventory remains largely unrealized. Thus, there 
is opportunity for regression model improvements for 
various species and/or tree components such as bark and 
branches. Given their role as direct multipliers, WDSG and 
CF should not be overlooked as fields for potentially con-
siderable gains in both accurate quantification and reduced 
uncertainty. In particular, researchers are encouraged to 
publish raw data for these attributes as only mean values 
for many species are currently provided in the literature.
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