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• A holistic quantification modeling of an
ecosystem function is presented.

• The efficiency scores of ecological produc-
tion (ESEP) were calculated.

• The ESEP is built on the all-relevant and
minimal-optimal variable selection theo-
ries.

• The variable selection reveals insights to
the aboveground ecological production.

• The parsimonious model of ESEP shows
the most efficient management practice
of pine.
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Aboveground net primary productivity (ANPP) of an ecosystem is among themost important metrics of valued ecosys-
tem services. Measuring the efficiency scores of ecological production (ESEP) based on ANPP using relevant variables
is valuable for identifying inefficient sites. The efficiency scores computed by the Data Envelopment Analysis (DEA)
may be influenced by the number of input variables incorporated into the models and two DEA settings—orientations
and returns-to-scales (RTSs). Therefore, the objectives were threefold to: (1) identify soil-environmental variables rel-
evant to ANPP, (2) assess the sensitivity of ESEP to the number of input variables and DEA settings, and (3) assess local
management relations with ESEP. The ANPP rates were calculated for pine forests in the southeastern U.S. where 10
management typeswere used. This was followedby an all-relevant variable selection technique based on 696 variables
that cover biotic, pedogenic, climatic, geological, and topographical factors. Five minimal-optimal variable selection
techniques were further applied to create five parsimonious sets that contain a different number of variables used as
DEA inputs. After setting ANPP as the output variable, two DEA orientations (input/output) and six RTS were applied
to compute ESEP. The variable selection methods succeeded in objectively identifying the major factors relevant to
ANPP variation. The site index showed the highest correlation with ANPP (r=0.39), while various precipitation fac-
tors were negatively correlated (r = − 0.15~− 0.29, p < 0.01). Parsimonious ESEP models observed a decrease in
score variances as the number of input variables increased. Various RTS produced similar scores across orientations.
Of the DEA settings, an output orientation with decreasing RTS produced the most progressive ESEP with large
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variation. Results also suggested that macro- and micronutrient fertilization is the best combination of management
strategies to achieve high ESEP. This holistic benchmark approach can be applied to other ecological functions in di-
verse regions.
1. Introduction

Ecological productivity is directly related to the harvest of natural prod-
ucts in forests and agricultural systems, and it provides the basis for main-
taining the structure and function of all ecosystems. Ecological productivity
is often assessed bymeasuring the net primary production rate or terrestrial
(biological) productivity (Grosso et al., 2008; Lieth, 1975). The primary
production rate has been measured or modeled using many sophisticated
techniques including periodic harvests, eddy flux, and remote sensing
(e.g., Gillman et al., 2015; Krausmann et al., 2013; Mekonnen et al.,
2016). Such efforts to quantitatively understand terrestrial ecosystem func-
tion are necessary to help optimize ecological productivity.

Ecological productivity represents the energyflowof a terrestrial ecosys-
tem, in which vegetation in a landscape absorbs from and releases carbon
into the atmosphere by photosynthesis and respiration. Most frequently,
measurements are restricted to litterfall and aboveground biomass incre-
ment (Clark et al., 2001), and their sum is equivalent to aboveground net
primary productivity (ANPP). Many studies estimate accurate and robust
ANPP and belowgroundNPP in terrestrial ecosystems using complex spatial
and temporal models (e.g., Lett et al., 2004; Sala and Austin, 2000). The pri-
mary production function for an ecosystem depends on unique soil and en-
vironment characteristics and conditions (Bouma et al., 2017). For example,
Lane et al. (1998) found a strong association betweenANPP and soil texture
and precipitation gradients across the Central Grassland region of the U.S.
Takyu et al. (2003) argued that a biological/forest-related factor (i.e., leaf
area index), and geological substrates interactively affect forest structure
and processes.

Researchers' domain expertise and subjective selection processes of var-
iables in relation to a target variable (i.e., ANPP in the case of the present
study) have been used extensively to identify environmental variables rele-
vant to ANPP. However, strategic selection to identify relevant variables
from a comprehensive set of potential soil-environmental variables that
capture the underlying relationships between target and input variables
may flexibly capture the interactive processes between ANPP and the envi-
ronment. Such strategic selectionwas proposed byXiong et al. (2014) in the
form of an environmental soil-landscape modeling (ESLM) framework. The
framework strategicallyfiltered important environmental predictors from a
large set of potential ones (n=210). In Xiong et al. (2014), all-relevant sets
and minimal-optimal sets were identified and further discerned from irrel-
evant and weakly relevant variable sets using a two tier process to identify
parsimoniousmodels to predict soil organic carbon (SOC) in Florida: (1) all-
relevant variable selection to reveal ecosystem processes (Boruta algo-
rithm), and (2) a minimum-optimal set of variables (greedy forward, simu-
lated annealing, genetic algorithm, hill climbing, greedy backward). Such
exhaustive measurements can inform management decisions to improve
the production efficiency of the ecosystem. ESLM can be used for regional
ANPP assessment, especially when field measurements are harmonized
with remote geospatial data that are readily available.

Evaluating the relationships between ANPP and relevant environmental
variables based on an expansive pool of environmental datasets may pro-
vide a more holistic perspective on ecological health. The functionality of
ecosystem production depends on underlying soil-climate-environmental
variables that can be highly variable across space and time. A common pro-
ductivity measure of efficiency is calculated as the output-input ratio
(Charnes et al., 1978). The idea of estimating the efficiency of ecological
production based on ANPP (output) with a given set of relevant variables
(inputs) has not been evaluated. The Data Envelopment Analysis (DEA), al-
lows for estimating efficiencies and studies have shown its many advan-
tages in benchmarking environmental/ecological functions (e.g., Mizuta
et al., 2021a; Sueyoshi and Yuan, 2015; Tyteca, 1996). Lo Storto (2016)
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quantified those functions using the DEA by accounting for a specific biodi-
versity measure (i.e., Shannon's entropy index) and developing (1) an en-
dogenous weighting system to aggregate multiple inputs/outputs from
the data themselves despite differences in units, (2) customizable character-
istics that enable users to generate a more effective measurement of ecolog-
ical efficiency by including different sets of indicators, and (3) a good
ability to discriminate between efficient and inefficient sites. The DEA
also calculates the maximum attainable efficiency of each site/sample.
The linear programming technique does not require “control” or “natural”
sites for benchmarking efficiency, which is another advantage natural sci-
ence researchers may find useful. Susaeta et al. (2016a, 2016b) used the
DEA to determine efficiency in the provision of ecosystem services in
Florida's natural loblolly pine (Pinus taeda L.) forests. Susaeta et al. (2019)
also implemented a parametric approach using stochastic frontier analysis
(SFA) to model the production efficiencies of longleaf pine ecosystem
using Forest Inventory and Analysis data from the U.S. Department of Agri-
culture in the southeasternU.S. The integrative approach enabled the incor-
poration of multiple biological forest and climatic variables as inputs and
the services of the ecosystem as outputs; these included timber production,
terrestrial carbon sequestration, and species richness as a proxy for biodi-
versity. This study is a rare case of integrative research using the DEA in for-
est research. When using the DEA to calculate the efficiency of soil carbon
sequestration function, several calculation parameters or settings in addi-
tion to the selection of input variables, need to be considered, including
returns-to-scales (RTSs) and orientations (Mizuta et al., 2018). Because
the DEA has rarely been used to quantify a terrestrial ecosystem production
function, the objectives of the present study were threefold: (1) to evaluate
the efficiency scores of ecological production (ESEP) based on datasets of
soil/environmental factors using the DEA, (2) to assess the sensitivity of
ESEP to the DEA calculation parameters, including RTSs and input/output
orientation, and (3) to assess local management relations with ESEP in
the southeastern U.S.

2. Materials and methods

2.1. Study area

The efficiency models were constructed based on data collected from
PINEMAP (Pine Integrated Network: Education, Mitigation, and Adapta-
tion Project). The project was designed to establish a monitoring network
across the southeastern U.S. to refine understanding of carbon fluxes in
managed forests at regional scale (Will et al., 2015). The Tier 2 network,
which consisted of 106 research sites with two to three replicates at each
site for a total of 322 plots, weremainly identified as production forestland,
according to Marsik et al. (2018) and Ross et al. (2019). The research net-
workwas chosen to capture the region-wide variation in ecological produc-
tivity under the dominant land cover type (i.e., P. taeda L.). Mean annual
precipitation of the study area ranges between 1100 mm yr−1 and
1590 mm yr−1 and mean annual temperature between 13.5 °C and 20.3
°C in the study area (Abatzoglou, 2013). The soil order spatial distribution
in the study area was obtained by Ross et al. (2019) based on the Gridded
Soil Survey Geographic (gSSURGO) database developed by the U.S. Depart-
ment of Agriculture, Natural Resources Conservation Service as following:
Ultisols (61%), Alfisols (23%), Spodosols (12%), Entisols (2%), and
Inceptisols (2%).

2.2. Soil sampling

Soil samples were collected between 2012 and 2015. Fixed depth inter-
vals were sampled for each location frommost of the 322 plots, resulting in
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2564 soil samples (Ross et al., 2019) at the following depths: 0 to 10, 10 to
20, 20 to 50, and 50 to 100 cm. Each sample was sieved (2 mm) to remove
coarse fractions (roots, leaves, and stones). The samples were further oven-
dried at 65 °C to analyze soil carbon concentration (%) via dry combustion.
Soil bulk density (g cm−3) wasmeasured andmultiplied by the carbon con-
centration and depth interval (cm) to derive soil carbon stocks (kg cm−2).

2.3. Calculation for aboveground net primary productivity

The ANPP (Mg ha−1 year−1) of planted pine was calculated for each
measurement interval (2012–2014) as the net increment in woody biomass
(IWB) and foliage production (IFP) across a wide range of soils, climates,
and management conditions in the Tier 2 network of PINEMAP using the
following equation: ANPP = (IWB + IFP) / 3 years (Fig. 1). IWB only in-
cluded the growth of living trees and was assumed to be equal to net incre-
ment in woody biomass and branchfall (Gonzalez-Benecke et al., 2014;
Martin and Jokela, 2004). IFPwas assumed to be equal to the average of an-
nual needlefall for the measurement interval (Gonzalez-Benecke et al.,
2012). Please see the detailed calculation in Supplemental Material A.

2.4. Environmental covariates

Environmental covariates were assimilated from 16 datasets acquired
from national and international agencies (Supplemental Table S1). These
data were chosen to represent the environmental factors from the STEP-
AWBH (S: soil; T: topography; E: ecological; P: parent material/lithology;
A: atmospheric properties; W: water properties; B: biotic properties; and
H: human-induced factors) modeling framework (Grunwald et al., 2011;
Ross et al., 2019; Xiong et al., 2014) and contained information related to
the pedosphere, biosphere, atmosphere, hydrosphere, and lithosphere.
The grid cell attribute information from each covariate was extracted at
Fig. 1. Aboveground net primary productivity (ANPP) classified into the four groups (
PINEMAP (Pine Integrated network: Education, Mitigation, and Adaptation Project). Th
native range of lobolly pine (Pinus taeda L.) extent after Ross et al. (2019). The boxplo
box, open-circles, upper/middle/lower lines of the box, and horizontal lines outside t
quartile/median/third quartile, and lowest/highest data point excluding any outliers, re
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the point location for each research site and merged into a single data
frame that consisted of 106 study sites with 2 to 3 replicates at each site,
as described previously, for a total of 322 plots (Supplemental Table S1;
Fig. 1). The 696 input and output variables in the categories of soil, forest,
climate, terrain, and parent material are summarized in Supplemental
Table S1. Procedures for mapping the environmental variables relevant to
ANPP were conducted using ArcMap 10.6.1 (Environmental Systems Re-
search Institute, ESRI Inc., Redlands, CA). The procedures entailed the ac-
quisition of geodata data, harmonization of map projections using
Geographic Coordinate System with_North American Datums 1983_2011,
and spatial extraction of geospatial environmental variables to the geo-
referenced 322 plot locations.

2.5. Management dataset

The Tier 2 network consists of sites chosen from previous cooperative
field studies most of which include replicated silvicultural treatments,
such as fertilizer application, competition control, and thinning or planting
density treatments (Supplemental Table S2).Management data consisted of
the treatments applied at different levels and frequencies across the full
range of climate and soils in the regions. Ordinal management data were
converted into binary sets, which indicated whether a certain treatment
(fertilizer, micronutrient fertilizers, thinning, and/or burning) was applied
to assess the causes of inefficiencies by the different management types.

2.6. Variable selection procedures

A fundamental goal of modeling the efficiency scores of ecological pro-
ductivity is to identify potential areas in which the output function can be
maximized with a given set of input variables. However, calculating the
scoreswith appropriate inputs becomes increasingly difficult as the number
green circles) based on quartile classification of Tier 2 data collected as part of the
e areas identified as production forestland were from Marsik et al. (2018) and the
t shows ANPP of all samples (n = 322) in the study area: lines extending from the
he box indicate variability outside of the upper and lower quartiles, outliers, first
spectively.
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of covariates increases due to noise from the inclusion of additional vari-
ables in themodels (Domingos, 2012). Variable selectionwas therefore per-
formed to identify a parsimonious, yet highly influential covariate set for
the efficiencymodels (Ross et al., 2019). First, the all-relevant Boruta selec-
tion method was applied to the dataset (Fig. 2). This method, which is
based on the random forest algorithm, identified the environmental vari-
ables that are strongly to weakly relevant to ANPP variation considering
both linear and nonlinear relationships (Mizuta et al., 2019; Xiong et al.,
2014). In brief, the Boruta algorithm computes the importance metric (z-
score) for each variable and observation by shuffling values of the original
predictors to generate random values. The maximum z-score from the ran-
dom dataset is used to determine whether a variable is statistically relevant
to a predicted variable (i.e., ANPP) with a two-sided test of equality (Kursa
and Rudnicki, 2010). A variable can be considered as unimportant if the z-
score is lower than the maximum z-score from the random dataset. This en-
tire procedure identified 58 relevant covariates (Fig. 3), which would be
too large computationally for the DEA to differentiate efficiencies between
decision-making units (DMUs), that are sampling points in this study
(Mizuta et al., 2021a), given the study’s sample size (n = 322).

Adopting the ESLM framework proposed by Xiong et al. (2014), the next
step was to compute the minimal-optimal sets using five optimization
methods: greedy forward, greedy backward, hill climbing, simulated anneal-
ing, and genetic algorithm. Xiong et al. (2014) used the first four methods to
identify the minimal-optimal set of covariates for predicting SOC stocks in
Florida. The greedy algorithm has an iterative procedure that creates a
model with no predictive features and keeps adding those based on leave-
one-out cross-validation to improve the predictive performance of the
model (Kuhn and Johnson, 2013). It continues identifying the best subset
until no improvements are observed by comparing all of the best subsets.

The greedy backward performs similarly, except that the algorithm
starts with all variables in the model and removes the least significant var-
iable at each iteration until no improvements are confirmed by removing
Fig. 2.Workflow chart of the variable selection process for modeling the efficiency of t
numbers of variables selected by the all-relevant and minimal-optimal selection method
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variables (Kuhn and Johnson, 2013). Searchmethods, such as hill climbing
or simulated annealing, are used to add and remove rules/variables until no
further improvements can be made on the ruleset. Hill climbing, another
local optimization algorithm, uses the greedy approach that starts with a
random set of variables and evaluates the predictive performance as neigh-
boring variables are included or removed. The iteration ends when a subset
of variables with higher predictive power is no longer produced.

Simulated annealing aims to identify a global optimumby accepting pre-
dictors that improve the predictive power (Kirkpatrick et al., 1983; Kuhn,
2019), andmay continue to accept those that do not improve based on a ran-
dom probability. The process ends after a prespecified number of iterations
and the best variable subset across the iterations is identified. A genetic al-
gorithm that conceptually mimics the natural selection found in biological
evolution is another optimization tool that allows the current population
of solutions to reproduce, which generates childrenwho compete to survive.
The fittest survivors are then allowed to reproduce and create the next gen-
eration of children until the generations converge to a fitness plateau and
converge to the optimal solution (Kuhn and Johnson, 2013). External re-
sampling was applied using 10-fold cross-validation to avoid identifying
local optimum. The five variable selection algorithms were implemented
using the statistical software R (3.5.3) packages FSelector (Romanski
et al., 2021) and caret (R Development Core Team, 2011). Each method
identified the final sets of input variable(s) significantly relevant to ANPP
variation (p < 0.05): greedy forward (m = 1); simulated annealing (m =
14); genetic algorithm (m=26); hill climbing (m= 32); and greedy back-
ward (m = 58).

2.7. Efficiency score calculation

ESEPs were calculated using the DEA based on the selected input vari-
ables of pedogenic, climatic, biotic/forestry, topological, and geological
factors relevant to the target function of ecological production to optimize
he ecological production function using data envelopment analysis. m indicates the
s.



Fig. 3. Importance (Z-score) of the all-relevant variables identified by the Boruta algorithm. Capital letters in parentheses indicate the represented categories of
environmental factors. C: climate, F: forest (or biology), P: parent material, S: soil, T, topography. shadowMin, shadowMean, and shadowMax are the three random
probes with minimum, mean, and maximum importance that determined the environmental variables relevant to aboveground net primary productivity, respectively.

K. Mizuta et al. Science of the Total Environment 824 (2022) 153802
its efficiency. TheDEA computes a hyperdimensional frontier “sheet” based
on input and output orientations to test the sensitivity of ESEP by various
RTS and orientations, although the latter orientation would be ideal be-
cause the study aims to maximize the output function based on given sets
of inputs. The produced output-oriented scores were later inversed to make
comparable with input-oriented scores because the output-scores computed
by DEA are originally above one. Several options in terms of RTS are avail-
able when running the DEA using the R package Benchmarking (Bogetoft
and Otto, 2020), including free disposability hull with no convexity (FDH);
5

variable RTS (VRS); decreasing/increasing/constant RTS (DRS, IRS, CRS);
and FDH with restricted or local CRS (FDH2). Mizuta et al. (2019) used
FDH and VRS as the standard RTS to compute capability/efficiency indices
of soil carbon sequestration (SCseq) function and recommended examining
the sensitivity of DEA scores to the selection of various RTS. FDH2 is themod-
ified version of FDH, with the addition of additive character to outcome
scores (Bogetoft andOtto, 2011a). IRS is present if the set of input and output
variables, such that the input can actually produce the output, exhibit non-
DRS and CRS. DRS is present when non-IRS and non-CRS are present
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(Bogetoft and Otto, 2011b; Kerstens and Vanden Eeckaut, 1999). CRSmeans
that the outputs increase to the exact same degree to which inputs increase.
The general sensitivity of DEA scores to these basic RTSs were theoretically
evaluated by Seiford and Zhu (1999), Jahanshahloo et al. (2005), and
Mizuta et al. (2021b). Recommendations for the best DEA settings for ESEP
based on the measured dataset were produced by examining the effects of
the RTS selection on the variability of scores.

2.8. Other statistical tests

The Spearman correlation coefficient was used to identify the statistical
relationships between ANPP and the 58 variables selected using the Boruta
algorithm at the 95% confidence level. Non-repeated analysis of variance
with Tukey comparison tests was performed on the ESEP calculated using
different orientations and RTSs. Each procedure was conducted using the
R –packages “PerformanceAnalytics” (Peterson et al., 2018) and “agricolae”
(de Mendiburu and de Mendiburu, 2019) respectively. The effects of treat-
ments on the ESEP were assessed using the Kruskal–Wallis (KW) one-way
analysis of variance by ranks at the 95% confidence level. The method is a
nonparametric variance test suitable for use when the data consist of unbal-
anced datasets.

3. Results and discussion

3.1. All relevant and minimal-optimal sets to ANPP: The underlying processes of
aboveground net primary productivity

The process of extracting soil and environmental input variables relevant
to the output variable, ANPP, differentiated the sensitivity of the ESEP to
local site conditions and managements. The all-relevant Boruta algorithm
found that 58 out of 696 input variables that have linear or non-linear rela-
tionship with ANPP were potentially incorporable into the DEA models
(Fig. 3). The approach based on the random forest classification algorithm
successfully reduced the dimensionality of variables to be considered as
DEA inputs, though many of them did not show strong correlations with
ANPP using Spearman method (Supplemental Table S3). Possible explana-
tions for identifying the important variables that have low correlations
with ANPP may include the differences in features of the Boruta and Spear-
man algorithms and variability of data. Boruta attempts to capture all the
important features in the data with respect to an outcome variable based
on linear and nonlinear relationships, whereas the rank Spearman correla-
tion coefficient assessesmonotonic relationships that are even less conserva-
tive than linear relationships (Fig. 4). The caveat is that Boruta identifies
linear and non-linear predictors for a specified variable, while the Spearman
only discovers linear relations. Xiong et al. (2014) used variables identified
by Boruta based on 210 soil-environmental variables to predict soil organic
carbon stock, though the highest R2 achieved was 0.63. ANPP which is also
carbon-basedmeasure is complex and further explorations for variables that
may better explain the variability of ANPP need to be identified.

The regional study area was large (1.93 million km2) and consisted of
multiple climatic/environmental regimes that produced the high variabil-
ity within the dataset and resulted in overall weak correlation coefficients.
In fact, the distribution plots between ANPP and some of the variables
(e.g., annual mean precipitation in 2001) showed the existence of two clus-
ters (Fig. 4). The samples were graphically identified in the two large seg-
ments of annual mean precipitations in 2001 with a threshold of the
precipitation (1137.5 mm) (Fig. 5). Five minimal-optimal variable search
methods over the exhaustive dataset from the all-relevant Boruta algorithm
further narrowed the set of all-relevant soil and environmental variables for
the ESEP calculation processes with the DEA. The number of variables iden-
tified by the greedy forward method were the fewest (m=1), followed by
simulated annealing (m = 14), genetic algorithm (m = 26), hill climbing
(m = 32), and greedy forward (m = 58) (Supplemental Table S4). Most
of the selection algorithms identified data that incorporated soil, forest/bi-
ological, climatic, topographic, and geological variables (Supplemental
Fig. S1). The greedy forward was an exception that only included one
6

variable with the strongest correlation with ANPP, which was site index,
SI (Supplemental Table S3). The number of forest-specific and climatic var-
iables were identified most regularly out of all potential variables though
the various kinds of variables were identified as relevant to ANPP (Supple-
mental Tables S1 and S3; Fig. 3). The number of forest and climate related
variables considered to incorporate in variable selection process was sub-
stantial compared with the number of soil and geological factors. The pres-
ent study untraditionally attempted to incorporate various categories of
variables to identify the relevant factors to ANPP as much data as we
could access to. However, the effects of imbalance number of factors by cat-
egory on the results of variable selection methods would be out of scope for
our present research yet needs to be investigated.

Strategic variable selection and the development of parsimonious ESEP
models using machine learning techniques has the advantage of impartial-
ity in selecting input variables using the approach of presumably determin-
ing the important variables compared to using solely domain knowledge
(Xiong et al., 2014). These may include (1) identifying the structure of rela-
tionships between inputs and output by discerning irrelevant and relevant
variables to ANPP; (2) reducing the number of variables which helps in
building parsimonious models that are computationally efficient; and
(3) calculation of ESEP efficiencies under various scenarios (sensitivity
analysis). It is not surprising that different minimal-optimal variable sets
were identified by the five methods. Local optimization methods produce
results depending on an initial set (58 input variables in this case) that
the algorithm begins to search with. The greedy forward search was not
able to find the best combination of input variables as it is often trapped
by local optima. To solve this problem, it is tempting to try different initials
or specify some important covariates to the initials as informed by variable
importance. A more favorable strategy than the one based on biased expert
domain knowledge may be adopting a global optimization algorithm or
modified local search, such as provided by simulated annealing or genetic
algorithms (Voudouris et al. 2010).

3.1.1. Biological factors
Selection results suggest that SI was the most important factor for infer-

ence on ANPP in these pine ecosystems (Fig. 3). SI is a direct measure of
tree heights at a specific age, which is ameasure of forest productivity/health
under specific site conditions (Lattimore et al., 2009; Pokharel and Dech,
2011). The significant positive correlations between ANPP with SI (r =
0.39) and other specific forest/biological variables (e.g., SI, FPAR, EVI, and
NDVI) were also observed (Supplemental Table S3) since those factors are
main drivers of leaf production or the proxy of ecosystem health (Younes
et al., 2019; Cao et al., 2016). In the southeastern U.S., SI at a base age of
25 years is expected to increase by 3–6m on average by 2030, with a further
9m increase by 2100 (Gonzalez-Benecke et al., 2012). However, it is intrigu-
ing that Susaeta et al. (2016a) projected a decline in the efficiency of pineland
ecosystem services in their DEA models with SI and other environmental/
ecological variables, including the age of the forest stand, tree density, aver-
age annualmaximum/minimum temperature, and total annual precipitation,
based on climate change scenarios. The authors incorporated multiple out-
puts (timber production, carbon sequestration, species richness), while the
model in this study considered a single output variable (ANPP).

3.1.2. Climate and soil factors
Various climate-related variables were also extracted by the Boruta al-

gorithm, specifically annual precipitation and temperature. Long-term
wind direction every February (from 1979 to 2011) and annual averaged
wind speed in 1995 were only included as extracted climate variables in
models that identified a large number of input variables: hill climbing
and greedy backward (Supplemental Fig. S1). Sand and clay concentration
(%) up to various depths, variances in soil moisture, and the hydro-physical
properties of soils demonstrated strong association to ANPP variation (Sup-
plemental Table S3). Small numbers of variables related to parent material
and topography were also associated with ANPP variation, including
gamma ray emissions (nGy/h), gamma Thorium-232 emissions (ppm
eTh), gamma potassium emissions (%K), and elevations (m).



Fig. 4. Spearman correlation plots between the output variable (i.e., above-ground primary productivity) and the top 10 input variables selected by the all-relevant Boruta
algorithm. Notes: Age, ages of trees; Clay_0 ~ 100 cm, clay concentration up to 100 cm depth; MAX_FPAR_2011, maximum photosynthetically active radiation;
Mean_pr_2001/2007; annual mean precipitation; SI, site index; Sum_pr_2001/2007, sum of averaged precipitation. Find the complete description of other input variables
in Supplemental Table S1.
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Climatic and biotic variables were most strongly related with ANPP,
followed by soil, lithologic, and only very few topographic variables
(Fig. 4, Supplemental Fig. S1). Numerous studies have reported the strong
association of climatic factors (annual mean precipitation and annual
mean minimum temperature) with ANPP dynamics (e.g., Cleveland et al.,
2011; Gaitán et al., 2014; Mowll et al., 2015; Taylor et al., 2017). Knapp
et al. (2002) observed a decline in ANPP with large rainfall events as well
as annual precipitation lower than the long-term average of precipitation.
Mohamed et al. (2004) reported positive zero-lag correlations between
NPP and anomalous annual precipitation in tropical evergreen, tropical de-
ciduous, temperate and boreal forests. Precipitation is regarded as promot-
ing gross primary productivity by supplying water available to plants
(Knapp et al., 2002). A positive relationship between ANPP and average
growing season soil moisture was observed by Berdanier and Klein
(2011) in mountain ranges with high elevations in bi-continental study
7

sites. In their study, the authors identified the dry lands at high elevations
with soil moisture limitations that may regulate nitrogen availability/diffu-
sion/mass flow for plant growths.

The results from the present study showed significant negative relation-
ships between precipitation and ANPP based on Boruta all-relevant vari-
ables selection, though the correlation coefficients were not very large
(Supplemental Table S3). These results are echoed by the finding of a neg-
ative relationship between annual mean precipitation and ANPP in humid
ecosystems (Schuur, 2003). Similarly, Song et al. (2019) also identified
the negative relationship between belowground carbon allocation and in-
creased precipitation based on ameta-analysis of 1119manipulative exper-
iments at a global scale. Yang et al. (2008) revealed across global grasslands
that ANPP was negatively correlated with annual precipitation and sug-
gested that arid grasslands may be more sensitive to precipitation fluctua-
tions than humid grasslands. This response can be scale-dependent but a



Fig. 5. Annual mean precipitation in 2001 (raster digital data set source: Abatzoglou (2013): Gridded Meteorological Datasets for the Contiguous United States. Idaho
EPSCoROffice). Open-circles with two colors (green and red) indicate sampling points from two clusters observed in xy plots with a horizon line at themean value of annual
mean precipitation (1137.5 mm) (see the detail in Fig. 4).
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possible explanation for the negative relationship may be that nutrients for
pine trees were leached from the ecosystem as a result of high rainfall. For
example, Schuur and Matson (2001) argued that total ANPP negatively
associated with mean annual precipitation is mostly caused by the de-
crease in nitrogen availability in humid forests. The sand-dominated
soil formed from parent materials of marine deposits, which are espe-
cially located in Upper and Lower Coastal Plain soils, is nutrient poor
and may become a limitation factor for tree growth. However, the soil
texture generally dominated by silty clay loam or clay loam in the
Northern Inner Piedmont in the southeastern U.S. effectively aids soil
carbon stabilization via adsorption of organic matter to the clay surface
and increase in soil moisture (Ross et al., 2019). This partly explains the
positive correlation between clay concentration at various depths and
ANPP in the study (Fig. 4).

The large heterogeneous spatial pattern of climatic variables in the Tier
2 network, as indicated by the spatial gradient of precipitations (Fig. 5),
may also pose a more muted effect on the spatial variation of ANPP com-
pared with other regions. In fact, there has been much debate about the ef-
fect of global climate change on ANPP, because the climatic and hydrologic
factors influence both net primary production and soil conditions (e.g., Cao
and Woodward, 1998; Gao et al., 2013; Li et al., 2015; Sun et al., 2000;
Zhao et al., 2019). However, evaluation of the relationship between
ANPP and environmental factors is extremely complex, especially at a
large scale under various climatic, terrain, and pedological conditions.
The climatic factors may also impact on ANPP differently, depending on
the sensitivity to changes in various environmental conditions (Song
et al., 2019).

Another hydrologic factor, soil moisture variances, was also negatively
associated with ANPP, although the correlation coefficient was very small.
A negative relationship between mean temperature and ANPP was also ob-
served (Supplemental Table S3). Cao et al. (2004) observed the negative re-
lationship between terrestrial NPP and temperature based on satellite
observations from 1981 to 2000. This is a critical consideration in the
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context of forest management in the southeastern U.S., as the region is
projected to bewarmer and potentially drier in the first half of the 21st cen-
tury (Ingram et al., 2013). Since minimum temperatures were reported to
increase approximately 1.5 °C on a global scale over 20–30 years of period
(Hoegh-Guldberg et al., 2018), this raises concern in regard to ANPP reduc-
tions over time. The sample clusters in the results infers the future needs of
applying a metafrontier framework to calculate the ESEP separately de-
pending on the climatic regimes.

3.1.3. Geologic factors
It is also interesting to observe that geological variables showed signif-

icant positive correlation with ANPP (Supplemental Table S3). The natural
emission of gamma-ray radiation data from the upper 30 cm of the Earth’s
surface primarily corresponds to the mineralogy and geochemistry of the
parent material in erosional landscapes (Duval, 1990; Duval et al., 2005;
Wilford and Minty, 2006). The principal gamma-ray emitting isotopes
that are used in airborne surveys are the 40K, 232Th, and 238U decay series,
which were used to estimate potassium, thorium and uranium abundance
in rocks, regolith, and soil. Bedrock weathering and soil formation based
on potassium-rich minerals (e.g., muscovite, biotite, illite, and hydro-
interlayered vermiculite) can be measured using the gamma-ray radiation
isotope K-40 as a proxy. In contrast, U and Th may increase when soils in
relatively stable landscape positions are extensively weathered. Specifi-
cally, in erosional landscapes, the gamma-ray response mainly reflects
mineralogy and geochemistry of the bedrock, while characteristics of
source rocks are reflected from soils in depositional landscapes. Inferen-
tial studies that monitor soil carbon using gamma-ray radiation are lim-
ited (Priori et al., 2016), as are studies on the influence of parent
material on ANPP. This study reveals the strong relationship between
the gamma-ray products and ANPP and the great potential of using air-
borne survey data at large scale to estimate ANPP. It also highlights the
role of parent material weathering in association with ecological
productivity.



Table 1
Descriptive statistics of efficiency scores of ecological productivity calculated by
various returns-to-scale (RTS) and input/output orientations.

Orientations RTS Min 1st Qu. Median Mean 3rd Qu. Max. SD

Input CRS 0.166 0.401 0.472 0.478 0.551 1.000 0.128
DRS 0.166 0.401 0.472 0.478 0.551 1.000 0.128
FDH 0.603 0.787 0.837 0.834 0.884 1.000 0.088
FDH2 0.527 0.691 0.733 0.731 0.773 1.000 0.081
IRS 0.573 0.745 0.783 0.789 0.839 1.000 0.082
VRS 0.573 0.745 0.783 0.789 0.839 1.000 0.082

Output CRS 0.166 0.401 0.472 0.478 0.551 1.000 0.128
DRS 0.170 0.406 0.480 0.497 0.575 1.000 0.137
FDH 0.170 0.485 0.596 0.602 0.703 1.000 0.172
FDH2 0.166 0.409 0.476 0.491 0.568 1.000 0.129
IRS 0.166 0.425 0.497 0.515 0.595 1.000 0.149
VRS 0.170 0.436 0.517 0.534 0.611 1.000 0.152

Note that CRS, constant RTS; DRS, decreasing RTS; FDH, free disposable hull; FDH2,
FDH+additivity; IRS, increasing RTS;Max, maximumvalue;Min,minimumvalue;
Qu. Quartile; SD, standard deviation; VRS: variable RTS.
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3.2. Sensitivity of ESEP to input variable selection, orientation, and returns-to-
scale

Various ESEP were computed using different sets of input variables se-
lected by the five minimal-optimal selection methods and DEA settings, in-
cluding input/output orientations and six RTSs. The variances of ESEP
decreased as the number of input variables increased (Supplemental
Fig. S2). When the sample size (n = 322) is nearly 6 times less than the
number of variables (m = 58), most input- and output-oriented scores
yielded efficient scores, as represented by the scores close to one. This indi-
cated a decline in ESEP sensitivity to local soil and environmental condi-
tions when the number of input variables reached a certain level. Avkiran
(2011) provided a rule-of-thumb in regard to sample size in relation to var-
iables: The minimum sample size is calculated as twice the product of num-
ber of inputs and number of outputs, or three times the sum of the number
of inputs and number of outputs. This argument comes from Akrivan's ob-
servations in which the level of discrimination between efficient and ineffi-
cient samples declines when the number of variables in the DEA increases.
TheDEAmodelswith input variable sets from thefiveminimal-optimal var-
iables selectionmethodsmet Avkiran's criteria. However, Smith (1997) fur-
ther pointed out that DEA models with an increasing number of input
variables may yield conservative estimates of potential efficiency with in-
creasing inaccuracies in efficiency estimates. This is because the DEA recog-
nizes each sample “as unique DMU”, and thus, conservative estimates of
efficiency scores converge closely to one.

Akrivan further reported that increasing the number of variables added
to the DEA model can increase efficiency scores by almost one-third from
the lowest scores, even if a large sample size is available for the analysis.
However, it was also suggested from the model builder’s perspective, that
it may be appropriate to include variables that have a logical causal rela-
tionship with an output variable or variables in doubt specifically when
the model still has a small number of variables. This assertion stems from
Smith’s analysis (1997), in which costs caused by the inclusion of a redun-
dant variable were likely lower than the costs of excluding a relevant vari-
able in most circumstances. Input variables that are correlated with each
other yet might theoretically be considered for a model development
should be included, especially when a sample size is small. These sugges-
tions, with regard to the parsimony criterion adopted in econometric
models are echoed with the present results (Supplemental Fig. S1). All of
the minimal-optimal selection methods, except greedy forward, further
minimized the model complexity by reducing many input variables and re-
sulted inmore variability in ESEP. This area of research still warrants exam-
ination to identify other minimal-optimal selection methods that extract
more parsimonious sets and number of input variables (between two and
six) that are relevant to ANPP and show high sensitivity to ESEP. Impor-
tantly, a strategic approach of all-relevant andminimum-optimal input var-
iable selections is more objective and unbiased than a subjective ad-hoc
selection of input variables.

The selection of orientations may produce various scores that lead to dif-
ferent conclusions. The output orientation is often used to aim for optimizing
the efficiency of output production or performance with a given set of inputs:
The produced scores were originally above one. This approach is useful for
the parsimonious models with input variables that are hardly manageable
(e.g., soil clay concentration, precipitation, elevation, gamma ray emis-
sions…etc) (Supplemental Fig. S1). This is because in output orientation
mode DMUs with potential to further increase the target variable or output
without changing input variables are identified. The input orientation, on
the other hand, is used to identify DMUs that can produce the same level of
output even with lower levels of input variables than the original ones. The
input orientation produced scores ranging between zero and one. Output-
oriented scores require inverse transformation to be comparable with input-
oriented scores, which may explain that the overall input-oriented ESEP
scores were higher than output-oriented scores (Supplemental Fig. S3). This
input-oriented approach is useful because the presented models also contain
relatively modifiable inputs (e.g., soil moisture, K content, fertilizers) that
could be used to guide timber management aimed at optimizing ANPP.
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Each RTS produced scores with statistical differences that were similar
across orientations (Supplemental Fig. S4): FDH were highest, followed
by VRS (only output orientation), IRS (only output orientation), FDH2,
DRS, and CRS (only output orientation) (Table 1). The FDH was identified
as conservative because the overall median was closest to the value of one
among RTS regardless of the orientation selection, while CRS andDRSwere
progressive choices. In addition, CRS and DRS statistically behaved very
similarly, while IRS and VRS scores also resembled each other. The differ-
ences in scores produced by the various RTSs were muted as the number
of inputs increased (Fig. 6), which further indicates that more samples
were uniquely identified as “efficient” ones.

3.3. Management implication of ESEP

ESEP scores built by a minimal set of relevant input variables to ANPP
can estimate the achievable efficiency of ANPP production at each research
site under various environmental conditions. This approach is more useful
thanmapping the output variable (ANPP) alone for land resourcemanagers
and policymakers when investigating the functionality of a landscape
ecosystem, because multiple site conditions determine the efficiency of
ANPP. The holistic environmental soil-landscape evaluation framework
for the ESEP also revealed the impact of management on the efficiency of
ANPP.

The insensitive behavior of conservative ESEPs does not allow land
managers or policy makers to discern efficient from inefficient sites, even
if the progressive type of RTS is selected. In this sense, CRS or DRS would
be the first choice when computing ESEP. This may hold true even for
other ecological functions, such as biodiversity, water and clean air supply,
and nutrient cycling, in other regions.

The output-oriented ESEPs calculated by some RTS with a single input
variable selected by the greedy forward selection method (i.e., SI) detected
the treatment or management effects (Supplemental Fig. S1; Supplemental
Table S5). Comparing both the most progressive and conservative choices
of RTS, the FDH did not respond to any treatment effects because most of
the scores converged to 1 (most efficient) (Fig. 6, Supplemental Fig. S4).
On the other hand, DRS successfully identified the best combination of
treatments (macro- and micronutrient fertilizers) that elevated the effi-
ciency of ANPP statistically higher than the control and any other combina-
tions (Fig. 7). The positive fertilization effect on ANPP was also observed in
various forest field studies (e.g., Adegbidi et al., 2005; Campoe et al., 2013;
Lim et al., 2015; Wightman et al., 2016). Positive associations between
thinning and fire (natural and/or prescribed) treatments on the growth of
pine forests across the southeastern U.S. have been reported (Dore et al.,
2010; Gavinet et al., 2019), although the best management type that com-
puted the highest ANPP efficiency based on site-specific conditions was the
macro- andmicronutrient fertilization. This study evaluated ecological pro-
duction in a different way by examining the efficiency of ANPP in pine



Fig. 6.Boxplots of efficiency scores of ecological production calculated by different returns-to-scales (RTS) based on input and output orientations based on different
sets of input variables selected by minimal-optimal selection methods. Lines extending from the box, open-circles, upper/middle/lower lines of the box, and
horizontal lines outside the box indicate variability outside the upper and lower quartiles, outliers, first quartile/median/third quartile, and lowest/highest data
point excluding any outliers, respectively. Letters designate significant differences in means between variables based on the analysis of variance test with the
Tukey distance approximation at the 95% confidence level. Notes: CRS, constant returns-to-scale; DRS, decreasing RTS; FDH, free disposable hull; FDH2, FDH
with additivity; IRS, increasing RTS; VRS, variable RTS.
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Fig. 7. Output-oriented efficiency scores of ecological production (ESEP) based on the input variable (i.e., site index) selected by the greedy forward method with decreasing
returns-to-scales and free disposable hull by treatments. Letters designate significant differences in means between variables based on the analysis of variance test with the
Tukey distance approximation at the 95% confidence level. Lines extending from the box, open-circles, upper/middle/lower lines of the box, and horizontal lines outside the
box indicate variability outside the upper and lower quartiles, outliers, first quartile/median/third quartile, and lowest/highest data point excluding any outliers, respectively.
Notes: B, burned; F,macro-nutrient fertilization;M,micro-nutrient fertilization; andT, thinning (Thenumber of samples for each categorywas described in Supplemental Table S5).
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plantation forestry across the southeastern U.S. The southern pine planta-
tions are projected to increase by about 67% (additional 10 million ha)
due to the rapid increase in demands for pine timber production toward
2040 (Carter and Foster, 2006; Wear and Greis, 2002). Susaeta et al.
(2016a) revealed increases in shortfalls of timber production by 1.4–1.9
m3 ha−1 using the econometric model for two time frames (2014–2030
and 2030–2100) and under two representative concentration pathways
(RCP) for greenhouse gas emissions: RCP4.5 and RCP8.5. Other models
also estimated the expansion of planted forest areas, particularly in the
southeast U.S. (e.g., Nepal et al., 2019; Wade et al., 2019). Therefore, the
management of pine forests will likely intensify, thus, the application of
the DEA-based evaluation technique to monitor the efficient ANPP produc-
tion is crucial for ecologically sustainable development.

3.4. Future research opportunities with the parsimonious DEA model approach

Some settings in the DEA implementation that can affect the efficiency
scores of a targeted function discussed in the previous sections, included the
sensitivity of input-output variable selection, the number of incorporated
variables against the number of observations, RTS selection, orientation se-
lection, and different frontiers available by management practices. Further
work is necessary to determine the best settings using the DEA in soil-
ecological studies. For example, we have applied the same weights for the
selected input/output variables but the influence of varying weights
could be further investigated. Assigning different weights on soil-
environmental variables in the DEAmodel is possible, depending on certain
criteria (e.g., importance scores of selected variables). These weights, how-
ever, may draw various inconsistent conclusions, some of which might not
fully represent the reality of soil-ecosystems, thus further study is required.

There are plenty of research opportunities using econometric techniques.
For example, the DEA cannot provide uncertainty assessments on the pro-
duced scores unless using statistical methods such as bootstrapping. The
SFA can be an alternative approach that provides efficiencies and errors in
11
efficiency scores. Also, the DEA can only accept input/output variables that
are non-negative, while Mizuta et al. (2019, 2021b) already approached
this issue using the DEA. In their study it was shown that the soil carbon se-
questration rate can be negative in cases soil functions as a carbon source,
and thereby the rates were positively shifted by the minimum rate. Evaluat-
ing temporal changes in efficiency scores would be another research topic
which can be assessed using the Malmquist Index (Mizuta et al., 2018).

4. Conclusions

Findings from this study highlight the sensitivity of ESEP using various
sets of input variables and DEA settings. An all-relevant Boruta method
and five minimal-optimal methods were applied to identify relevant-
minimal sets of soil and environmental variables associated with ANPP
and implemented two model orientations and six RTS for each set to com-
pute ESEPs for pine plantations across the southeastern U.S. Many of the cli-
matic, biotic (forest-specific), pedogenic, and lithologic variables that were
slightly positively and negatively correlated with ANPP were extracted to
form the input variable sets. The holistic ESLM framework that successfully
produced parsimonious sets of input variables highlighted the influence of
the number of input variables and DEA settings on the variability of ESEP
in this study area. The highest number of input variables used to compute
ESEP was within a recommended range for the sensitive models, but the
DEA settings significantly affected ESEP sensitivity and variances. CRS
and DRS scores calculated with input and output orientations successfully
differentiated the management effects on the efficiency scores, particularly
the combined applications of macro- and micronutrient fertilizers.
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