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Abstract

Missing data is a ubiquitous problem in evaluating long-term experimental measurements, such as those associated with the
FluxNet project, due to the equipment failures, system maintenance, power-failure, and lightning strikes among other things.
To estimate annual values of net ecosystem carbon exchange (NEE), latent heat flux (LE) and sensible hgasticix (
gaps in the measured data must be filled or imputed. So far, no standardized method has been accepted and the imputatior
methods used are largely dependent on the researchers’ choice. Here, we used multiple imputation (Ml) to gap-fill the missing
data for annual estimations of NEE, LE aHdat three flux sites associated with the FluxNet effort. Ml is a Monte Carlo
technique in which the missing values are replaced by several simulated values. Each data set imputed is a complete one
where the observed values are the same as those in the original data set; only the missing values are different. Thus, the
normal statistical analysis (e.g. annual total calculation) can be applied to each data set separately. The results of each analysis
can be recombined into one summary. We applied the Ml method to eddy covariance measurements collected from Walker
Branch Watershed (WBW) site (a deciduous forest), Duke site (a coniferous forest) and Niwot site (a subalpine forest). Results
showed that annual estimations of NEE, LE ahtdy Ml were comparable to other imputation methods but MI was much
easier to apply because of readily available software and standard algorithms. Besides the normal statistical analyses, Ml also
provided confidence intervals for each estimated parameter. This confidence interval is most useful when assessing energy,
water, and carbon balance closures at a given tower site. Significant differences in annual NEEH:\Eeardound among
years at the three AmeriFlux sites. NEE at the Niwot Ridge site was lower and LH arte higher than at the other two
sites. With the available software and realistic gap-filling capability, Ml has the potential to become a standardized method to
gap-fill eddy covariance flux data for annual estimations and to improve the analysis of uncertainties associated with annual
estimations of NEE, LE anH from regional and global flux networks.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Net ecosystem carbon exchange (NEE) between the
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network, FluxNet, equipped with eddy covariance flux et al., 2000; Pilegaard et al., 2001; Grinwald and
towers, is operating to collect NEE, latent heat (LE) Bernhofer, 2000; Monson et al., 2002; Hui et al.,
and sensible heaH| fluxes from more than 140 sites 2003. The neural networks method has been pro-
around the world Baldocchi et al., 2001 However, posed byAubinet et al. (200Q)In a comprehensive
missing or rejected data in these measurements is astudy, Falge et al. (2001ayjompared three methods
ubiquitous problem due to equipment failures (sys- including mean diurnal variation (similar to mean re-
tem/sensor breakdown), maintenance and calibration, placement), look-up tables and nonlinear regression
spikes in the raw data, and physical and biological on the annual sum of NEE for 28 data sets from
constraints (e.g. storms, hurricanes, and non-optimal 18 FluxNet sites, and found that the differences in
wind directions). For example, about 22% of the to- annual NEE estimation by different gap-filling meth-
tal half-hourly daytime measurements were found to ods ranged from-45 to 200 g C m? per year. Their
reflect gaps and rejected data at the Walker Branch study also emphasized the importance of the method
Watershed (WBW) AmeriFlux site Wilson and of standardization during the data post-processing
Baldocchi, 200}, and 35% at the Duke sitekétul phase, so comparable data can be obtained to ad-
et al., 200}, and less than 20% at the Niwot Ridge dress intercomparisons across different ecosystems,
site (Monson et al., 200R In general, about 17-50% climatic conditions, and multiple year&dlge et al.,
of the observations in NEE are reported as missing or 2001a,b.
rejected at FluxNet siteg-@lge et al., 2000a In this study, we applied a generic multiple impu-
The gaps in observed data cause at least three probtation (MI) method to the data of eddy covariance
lems: (1) difficulty in annual estimation of NEE, LE measurements collected from the WBW site (a decid-
andH; (2) biased relationships between NEE, LE and uous forest), the Duke Forest site (a coniferous forest)
H with climatic variables; and (3) low quality data for and the Niwot Ridge site (a coniferous forest). Ml is
modeling validation. As most statistical methods, such a Monte Carlo technique in which the missing val-
as total calculation and regression analysis, can only ues are replaced by several simulated vallaso{n,
handle complete data sets, observations with missing 1987. Each data set imputed is a complete one where
data for one or more variables should be ignored in the the observed values are the same as in the original
analysis (i.e. listwise deletion). Depending on the per- data set, only the missing values are different. So the
centage of missing information, analytic power may normal statistical analyses (e.g. annual total calcula-
be significantly reduced and the results may be biasedtion, regression analysis) can be applied separately to
(Little and Rubin, 2002; Allison, 2000 each data set. The results of each analysis are then
To accurately calculate annual values of NEE and recombined into one summary. Compared with other
energy fluxes at FluxNet sites, gap-filling to account methods, MI produces the mean estimate as well as a
for the missing data is imperative. The commonly confidence internal of the mean. It has been success-
used methods for filling missing data include mean fully used in the social and behavioral sciendémg
replacement (i.e. using mean of observed values to et al.,, 2001; Schafer and Graham, 2J)0thedical
replace missing data), hot or cold dock (i.e. a ran- studies Barnard and Meng, 1999nursing research
domly or systematically chosen value from an indi- (Kneipp and Mcintosh, 2001; Patrician, 2Q002nd
vidual observation that has similar values on other public health researchzfiou et al., 200 In this
variables), interpolation and extrapolation (i.e. an es- inter-comparison, we first describe the procedure of
timated value from other observations for the same MI, then apply it to gap-fill the eddy covariance data
variable), and regression analysis (i.e. the predicted for NEE, LE andH at three sites; we also compare
value obtained by regressing the missing variable on the results with other methods.
other variables). For exampl&reco and Baldocchi
(1996) and Jarvis et al. (1997have used modified
mean replacement method (i.e. values of 15 days to 2. Multiple imputation
replace the missing value in diurnal data variation).
The regression analysis method has been widely used Ml is a general-purpose method for analyzing data
by other researchersspulden et al., 1996; Granier sets with missing observations and is broadly applica-
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ble to a variety of different types of data sets. It was can be expressed as
proposed byRubin (1977)and described in detail by
Rubin (1987)and Schafer (1997)Briefly, three steps
are involved in MI: imputation, analysis, and pooling.
First, sets of plausible values for missing observations
are created that reflect uncertainty about the imputa- whereg is the number of groups with distinct miss-
tion model. Each of these sets of plausible values is ing patterns, IrL;(, X|Yons) is the observed-data log
used to fill-in the missing values and create a complete likelihood from thelth group, and

data set. Second, each of these data sets is analyzed

using normal statistical methods. Finally, the results In Ll(,u, 2|Yobs)

are combined, which allows the uncertainty regarding

the imputation to be taken into accoumtgrton and Y In|21| - _Z O =
Lipsitz, 2002.

8

NL(u, £|Yopd = ) In Ly, £|Yope (1)
=1

) S o — )
2

wheren; is the number of observations in thk group,
v is a vector of observed values corresponding to ob-
served variablegy, is the corresponding mean vector,
and X; is the associated covariance matrix.

At the tth iteration of EM, letd® = (u?, £®)
denote current estimates of parameters. Etstep of

2.1. Imputation

Let Y be then x p matrix of the complete data in-
cluding p variables (e.g. PARTA, Ts, ..., NEE, LE
andH), which is not fully observed, and denote the ob-
served part ofY by Yops and the missing part bYmis.
Suppose thal = (Yobs Ymis) have go-variate normal 0 o60rithm consists in calculating
distribution with mean = (u1, 12, ..., 1p) and co-
variance matrixX = (ojp). Imputation simulate¥m;s
givenYops MI generatesnimputations, typically 3-5, (Z Yij | Yobs 9(’)) Z wW.ooi=12..p
for a given missing data point. M| data sets are sim- i=1
ulated draws from a Bayesian predictive distribution 3
of the missing data. To begin the imputation process,
initial estimates of mean vectpr and covariance ma-  and
trix X are needed which can be obtained by maximum
likelihood estimation. . ®

Maximum likelihood estimates of the mean vector (; i ikl Yobs 0 )
and covariance matrix can be generated using the ex- 0,0 | 0
pectation and maximization (EM) algorithm. The EM Z O i + i)
algorithm is a technique that finds maximum likeli-
hood estimates in parametric models for incomplete where
data Dempster et al., 19%7and has been widely ap-

L k=12,...,p 4)
i=1

plied in genetic researches (eJiang and Hui, 1995; o _ ) Vi if yj is observed 5)
Jiang and Zeng, 1997; Hui et al., 199and many i E(j|yobsi- 00) if yj is missing
other studies (e.ddayan and Hinton, 1997; Barnard
and Meng, 1999; Schafer and Graham, 2002; Carsoband
et al., 2002. It is an iterative procedure involving the
following steps. o]0 if yj or yj is observed
i = Cov(yij, Yik|Yobsi» 0©)  if y; andy are missing
2.1.1. The expectation E-step (6)
Given a set of parameter estimafesuch as a mean
vector u and covariance matri¥’ for a multivariate Missing valuegy;; are thus replaced by the conditional

normal distribution, th&-step calculates the condition mean ofy;; given the set of observed valugss (Little
expectation of the complete-data log likelihood, which and Rubin, 2002
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2.1.2. The maximization M-step

Given a complete-data, th-step finds the param-
eter estimates to maximize the complete-data log like-
lihood from theE-step. The new estimate$' ™2 of
the parameters are:

+1 - i
pi P =amy 0 =12 0
i=1

+1 -1 +1
o= L0 k0K -
i=1

k=12 ....p

1
W) 4,

8

The two steps are iterated until the iterations converge

(i.e. the estimates barely change from one iteration to
the next, e.g. less than a small number, 20

In the next step, a data augmentation algorithm, the
Markov Chain Monte Carlo (MCMC), is used to gen-
erate the imputed data. MCMC uses the initial val-
ues obtained from the EM algorithm and constructs
a Markov chain to simulate draws from the posterior
distribution of p(Ymis|Yobs). This can be implemented
using the imputation-posterior (IP) algorith®dhafer,
1997, which is similar to EM. At thdth iteration, the
steps can be defined as follows.

2.1.3. The imputation I-step

With the estimated mean vector and covariance ma-

trix, the I-step simulates the missing values for each
observation independently. That is, draw values for
Yr(;fgl) from p(Ymis|Yobs 6), a conditional distribu-
tion given observed variablégps

2.1.4. The posterior P-step
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Markov chains are preferable, but the cost is running
m — 1 additional MCMC simulations using the IP al-
gorithm. The advantage of MCMC method is that it
can handle arbitrary patterns of missing data and the
downsides are: (1) it requires an assumption of mul-
tivariate normality; and (2) it is not readily intuitive
and computationally expensive.

2.2. Analysis

With mimputed complete data sets, any chosen sta-
tistical analysis can be applied to each of them. In this
study, we calculated the annual sum of NEE, LE and
H, and their standard errors.

2.3. Pooling (combining results from multiply

imputed data sets)

With m imputations,m different sets of the point
and variance estimates for a parameferi.e. an-
nual sum here) can be computesiAS Institute Inc.,
2002; Fichman and Cummings, 2003No matter
which complete-data analysis is used, the process of
combining results from multiple imputed data sets is
essentially the same. Suppo@eand U; are the point
and variance estimates from thé imputed data set,

i = 1,2,...,m. Then the combined point estimate
for Q from Ml is the average of then complete-data
estimates:

_ 1.
Q=z;Qi

Supposel is the within-imputation variance, which

©)

P-step simulates the posterior mean vector and co- jg the average of the complete-data estimates:

variance matrix from the complete data set, i.e. draws
6+ from p(8]Yobs Yrgi:l)). These new estimates are
then used in the nextstep. The two steps are iterated
long enough for the results to be reliable for a mul-
tiply imputed data set. This creates a Markov chain
({y(l)’ 9(1)}’ {y(Z)’ 9(2)}’ o, {Y(’+1), g(t-i-l)}’ )
which converges in distribution 4a(Ym;s, 6|Yobs)- AS-
suming iterates converge to a stationary distribution,
the goal is to simulate an approximately independent
draw of the missing values from this distribution (see
Appendix Afor details in computation).

Imputations can be drawn from one Markov chain
or multiple independent chains. Cleanhindependent

1 m
i=1
andB be the between-imputation variance:
1 m
_ Y
B= m—_lZ}Q, Q) (11)
1=

Then the variance estimate associated wgths the
total variance:

T=U+(1+%)B (12)
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The statistic(Q — 0)T~%? is approximately dis- loblolly pine (Pinus taedj forest. Tree growth in

tributed ast with v,, degrees of freedomRubin, the plantation is remarkably uniform, with a median
1987, wherev,, = (m — D[1 + (U/(1 +m Y B)]?. height of 13m, a mean diameter of about 15cm
A rough 95% confidence interval can be obtained as and a peak leaf area index of about 35m1? (in
Q=+t,,005VT. 1996). Fluxes for C@ H»O and sensible heat were

measured using a Li-Cor 6262 gas analyzer together
with a CSAT3 (Campbell Scientific) triaxial sonic
3. Site descriptions and data collection anemometer. PAR was measured over the canopy us-
ing Li-190SZ (Li-Cor Ins., Lincoln, NE, USA)Ta
As case studies, we applied Ml to gap-fill the eddy and WS were measured using the CSAT3 anemometer
covariance data collected from the Walker Branch Wa- at the canopy top. RH and VPD were measured using
tershed, the Duke Forest and the Niwot Ridge Amer- a Vaisala probe positioned at 2/3 the canopy height.
iFlux sites. General information about these sites is Ts was measured via thermistors (Siemens GmbH,
given briefly in the following paragraphs. For detailed Nuernberg, Germany) at one point at 10-12 cm depth.
information, seeBaldocchi (1997) Baldocchi and
Wilson (2001) Wilson and Baldocchi (2000, 2001)  3.3. Niwot Ridge site
Katul et al. (1997, 1999 ndMonson et al. (2002)
This site is located at Niwot Ridge, CO, USA
3.1. Walker Branch Watershed site (40°T'N, 105°32W). The site consists 6f97-year-old
second growth subalpine forest, dominated by three
This site is located in the US Department of En- conifers, Engelmann sprucePitea engelmani

ergy reservation near Oak Ridge, TN (3330'N, lodgepole pine Rinus contortd, and subalpine fir

84°1715'W). The vegetation is temperate mixed (Abies lasiocarph Canopy heightis 11.4 m and max-
broad-leaved forest, including species of oguér- imum LAl is ~4.2n?m~2. WS was measured with
cus spp.), maple Acer spp.), and tulip poplarL(ri- a Campbell Scientific Inc. (model CSAT-3) sonic

odendron tulipifery. The site is in hilly terrain, and  anemometer and GOconcentration was measured
the upwind fetch of the forest extends several kilo- with a Licor Inc. (model 6262) closed-path infrared
meters in all directions Baldocchi et al., 2000 analyzer.

The forest is about 58 years old. Canopy height is  Data used in the analysis were mainly downloaded
25-26 m and peak leaf area index is 4.9-620mn?. from the above three sites through links at the FluxNet
Eddy covariance instruments have been operating website http://orni5.ornl.gov/ameriflux/Data/index.
continuously since August 1994. Wind speed (WS) cfm, 10/1/2002). In order to compare with the methods
and virtual temperature fluctuations were measured used byFalge et al. (2001a,pwe also downloaded
with a three-dimensional sonic anemometer (model gap-filled data byFalge et al. (2001a,{http://public.
SWS-211/3K, Applied Technology, Boulder, CO). ornl.gov/fluxnet/gapzips.cfrl0/1/2002). When data
Fluctuations in CQ, and KO concentration were sets contained both observed and gap-filled data, we
measured with an open path, infrared absorption deleted the gap-filled values, and flagged them as
gas analyzer. Temperaturé&a( and relative humid-  missing values. In total, 7 years of eddy covariance
ity (RH) were measured at 36.9m with a tempera- measurements including NEE, LE, PAR, Ta, Ts,
ture/humidity probe (HMP-35 A, Vaisala, Helsinki, RH, VPD,R,, WS andu* were obtained for the three
Finland). Photosynthetically active radiation (PAR) sites. Ml was conducted using SAS softwa@AGS
was measured above the canopy with a quantum Institute Inc., 200R The analysis includes the follow-

sensor (model LI-190S, Li-cor Inc., Lincoln, NE). ing steps: (1) Using PROC MI to create the multiple
data sets, each data set is a complete one as the miss-
3.2. Duke Forest site ing values were imputed. Five imputatiots = 5)

were created using multiple chains. We selected an
This site is located in Orange County, NC, USA EM algorithm (maximum number of iterations used
(35°58N, 79°05'W). The site consists of an even-aged in EM was set to 500) for initial value estimations and


http://ornl5.ornl.gov/ameriflux/Data/index.cfm
http://ornl5.ornl.gov/ameriflux/Data/index.cfm
http://public.ornl.gov/fluxnet/gapzips.cfm
http://public.ornl.gov/fluxnet/gapzips.cfm
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MCMC for data augmentation. The number of burn-in  Table 2
iterations before the first imputation in each chain Annual estimations of NEE, LE anth derived from gap-filled
for MCMC method was set to 1000 and the number eddy covariance data by multiple imputation (MI) method

of iterations between imputations in a single chain Site, year

was set to 500. (2) Using standard procedures, PROC

MEANS and PROC CORR, to calculate mean and
covariance of analyzed variables from these data sets
(Hui and Jiang, 1996 (3) Using PROC MIANALYZE

to combine the results from each data set analyzed in WBW, 1995

step 2, and get the means, standard errors and confi-

dence intervals. The running time for each year was
less than 3 min on a Dell Precision Workstation 340.

4. Results

4.1. Gaps in observed NEE, LE, H and climatic

variables

Missing or rejected data in measured NEE, LE and
H ranged from 9 to 60, 6 to 60, 6 to 34, for the Walker

Branch, Duke Forest, and Niwot Ridge sites, respec- \ g\ m-2

tively, among the studied year¥gble 1. Missing in-
formation was 6-17% for NEE, LE and at the Ni-
wot Ridge site, remarkably less than that at the other

two sites. Compared to ecosystem carbon and energy

fluxes, values of climatic variables were well recorded.
Only R, andu* had more missing data, ranging from
18-42% at the WBW site and 26—-51% at the Duke site
(Table 1. A small number of missing climatic variable
values were imputed by the regression method before 1995, 1996 and 1997, respectivelJable 2. The

MI at the Niwot Ridge siteNlonson et al., 2002

4.2. Annual estimation of NEE, LE and H

Annual NEE estimated by MI at the WBW site
was —842, —923, and—845gCn12 per year in

Annual Standard error 95% confidence
estimation of annual interval
estimation -
Lower Upper
limit limit
NEE (g Cnt2 per year)
—842 29 —-902 -782
WBW, 1996 —923 25 —-974 —-873
WBW, 1997 -845 28 —-900 —790
Duke, 1998 —-624 34 —702 —546
Duke, 1999 744 20 —784 —703
Niwot, 1999 -162 11 —183 —142
Niwot, 2000 -123 9 —142 —105
LE (MIm 2 per year)
WBW, 1995 1336 19 1297 1374
WBW, 1996 1382 21 1340 1423
WBW, 1997 1538 22 1495 1582
Duke, 1998 1129 24 1075 1183
Duke, 1999 1254 19 1217 1290
Niwot, 1999 1622 16 1590 1653
Niwot, 2000 1685 16 1654 1716
per year)
WBW, 1995 967 21 926 1008
WBW, 1996 878 20 838 918
WBW, 1997 976 22 932 1020
Duke, 1998 745 27 685 806
Duke, 1999 907 20 869 946
Niwot, 1999 1311 35 1242 1380
Niwot, 2000 1320 35 1251 1388

95% confidence interval was902 to —782 g C n1?2

per year in 1995974 to —873g C n1? per year in
1996, and—900 to —790g C nT2 per year in 1997.
Annual NEE at the Duke site was-624gCnt?
per year in 1998 and-743gCnt?2 per year in
1999. The corresponding 95% confidence interval

Table 1

Percentages of missing or rejected NEE, LE &hdand climatic variables at WBW, Duke and Niwot sites

Site, year NEE LE H PAR Ta Ts RH VPD R, WS u*

WBW, 1995 46.6 30.5 34.2 0 0.3 1.1 0 0 41.6 4.4 22.7
WBW, 1996 44.1 27.4 29.7 0 0 11 0 0 0 3.2 17.6
WBW, 1997 47.3 30.1 33.0 0 0 0.3 0 0 40.8 54 20.6
Duke, 1998 59.5 59.5 31.0 0 23.7 10.5 50.7 50.7 51.0 51.0 51.0
Duke, 1999 31.7 30.0 25.6 8.1 21 21 21 21 25.8 25.6 36.2
Niwot, 1999 16.9 12.6 12.6 0 0 49.6 0 0 0 0 0
Niwot, 2000 9.4 5.9 6.2 0 0 0 0 0 0 0
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Fig. 1. Comparison of multiple imputed NEE (mean of five multiple imputed values) and imputed NEE by regression method at WBW site
in 1995 (a), 1996 (b) and 1997 (c), at Duke Forest site in 1998 (d), in 1999 (e), at Niwot Ridge site in 1999 (f) and in 2000 (g). Imputed
NEE by regression method in (a)—(e) are frétalge et al. (2001aand in (f) and (g) are fronMonson et al. (2002)(x*) Represents
significant ata = 0.01 level.
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at o = 0.01 level.



102

was —702 to —546gCn12 per year in 1998 and
—784 to —703gCn2 per year in 1999. Annual
NEE at the Niwot Ridge site was162gCnr?2 per
year in 1999 and-123gCn7?2 per year in 2000.
The corresponding 95% confidence interval was
—183 to —142gCn? per year in 1999 and-142

to —105gCn1?2 per year in 2000. The estimations
varied significantly among years at these sites.

Annual LE estimated by MI at the WBW site
was 1336, 1382, and 1538 MJtper year in 1995,
1996 and 1997, respectivelyTdble 3. The 95%
confidence interval was 1297-1374 MJfnper year
in 1995, 1340-1423MJn? per year in 1996, and
1495-1582 MJm? per year in 1997. Annual LE at
the Duke Forest site was 1129 MJfper year in
1998 and 1254 MJ r? per year in 1999. Annual LE
at the Niwot Ridge site was higher than other two
sites, reaching 1622 and 1685MJfper year in
1999 and 2000, respectively.

Similar to LE estimations, annuaH estimated
by MI ranged from 878 MJm? per year in 1996
to 976 MInT?2 per year in 1997 at the WBW site
(Table 2. H at the Duke Forest site was close to
that at the WBW site. AnnudH at the Niwot Ridge
site was also higher than that at the other two sites,
reaching 1311 and 1320 MJThper year in 1999 and
2000, respectively.

4.3. Comparison of multiple imputed NEE, LE and
H with gap-filled values by regression method and
observed values

Missing NEE that imputed by Ml was compared
with gap-filled value by the regression methégige
et al., 2001a; Monson et al., 2002n general, there
was a very significant correlation of NEE imputed by
MI and regression methodrig. 1). For most years,
the determination coefficients were higher than 0.40.
Even stronger correlation relationships were found for
imputed LE by MI and regression methadelig. 2) as
well as for imputedH (Fig. 3.

NEE imputed by MI was consistent in magni-

D. Hui et al./Agricultural and Forest Meteorology 121 (2004) 93-111

Data in other years at the sites showed similar trends.
Estimated NEE, LE andH were consistent with the
observed diurnal patterns, even when most of the data
were missing for a day (e.g. days 197, 198 and 199).
But in winter, while multiple imputed fit the ob-
served pattern, imputed NEE and LE did not show a
clear diurnal patternHig. 5). The observed NEE and
LE in winter also did not show a clear diurnal pattern.

We also tested the goodness-of-filling of MI by
deleting the observed NEE, LE andl for 2 weeks
either in winter or in summer, then gap-filling these
“missing” data using MI, and comparing the gap-filled
values with observed ones. The goodness-of-filling
was expressed as

Z(Yobs_ )_’)2 - Z(Yobs— Yimp)2

> (Yobs— ¥)?
where Yimp is gap-filled value by MI. Multiple im-
puted NEE in summer in 2000 at Niwot Ridge site
were similar to the observed data in most of the days
(Fig. 63. Only in a few days (e.g. day 156), multiple
imputed NEE was smaller in magnitude than observed
NEE. There was also good agreement in gap-filled LE
andH with measurements for these 2 weeks at Niwot
Ridge site Fig. 6b and ¥ In the winter time, while
multiple imputedH still followed the observed# well,
NEE and LE were not consistent with observed values.
However, due to the low winter value of NEE and LE
in nature, the slightly mismatch did not have much in-
fluence on the total annual estimation on NEE and LE.

R? =

5. Discussion

5.1. Comparison of estimations by MI and other
methods

By using the MI method to gap-fill the missing
eddy covariance data, we estimated annual NEE and
energy fluxes for 7 years at three AmeriFlux sites.
The estimations, in general, were comparable to es-
timations by other gap-filling methods. For example,

tude and seasonality with observed data (figures not Falge et al. (2001a,bgstimated annual NEE using

shown). The range of variation of multiple imputed

NEE was similar to the observed values. To character-

ize the nature of multiple imputed data, we displayed
the diurnal change of NEE, LE and during the
growing season in 1995 at the WBW siteid. 4).

mean diurnal variation, look-up tables, and nonlinear
regression methods, and total LE andy mean diur-

nal variation and look-up tables for the same periods
at the WBW and the Duke Forest sites. Their results
showed that annual NEE estimation varied by different
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Fig. 4. Diurnal variation of observed (solid point) and imputed (empty point) of NEE (a), LE (bHa(g) in the growth season in 1995

at WBW site.

gap-filling methods. Annual NEE in 1998 at the Duke
Forest site ranged from-585 to —555g C nT2 per
year foru*-corrected data by different methods and
was —710g C n7? per year for nou*-corrected data

In order to estimate the annual value of NEE, LE
and H, missing data must be gap-filled before fur-
ther analysis can be done. Current methods, such as
mean replacement and regression analysis, work well

by regression method; our estimates showed annualunder certain conditions. For example, mean diurnal

NEE to be between-702 and—546 g C nT2 per year
with 95% confidence. Annuadil at the WBW site in
1995 estimated byralge et al. (2001bjanged from
954 to 1015 MJ m? per year, also mostly overlapped
with our 95% confidence interval estimation. We also

found some inconsistence in the estimations of NEE,

LE and H with other methods. MI estimations of
NEE at the WBW site in 1995 and 1996 wer80%
higher in magnitude, and LE arid at the Duke For-
est site in 1999 were-10% lower, in comparison to
the estimations byralge et al. (2001a,b)

variation, a mean replacement method, performs well
when the gaps are not large; however, the window
size may vary from site to site, making it difficult

to compare data sets. Regression methods, based on
either linear or nonlinear regression equations, may
work well when predictors are strong, but the absence
of sufficient variability can cause an underestimation
of standard errorsL{ttle and Rubin, 1989 Because
regression methods are only able to produce the mean
flux densities, the ranges of imputed data are smaller
than observed ones. The high degree of scatter found
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in eddy covariance flux data also limits the application the eddy flux system. To date, no general consensus
of regression method for data imputation. has been found for correcting the fluxes, and consid-
Another approach is modeling approach (i.e. erable work in terms of methodology and underlying
process-based gap-filling method). Theoretically, this theory will be required to address the uncertainties as-
method can be used to impute any missing data. It sociated with nighttime fluxe$-@lge et al., 200)aFor
may be better than other gap-filling methods at cer- the long-term budget, such as the daily and annual esti-
tain sites (e.g. sites with many and large gaps). But mation of NEE, beneath-canopy @&torage can the-
in practice, that the model should be specifically oretically be ignoredAubinet et al., 2000; Falge et al.,
configured for each FluxNet site makes it difficult to 20013. However, ifu*-corrected, the annual NEE es-
apply. That's one reason why so far, most of the im- timation by the regression method was on average
putation methods are empirical statistical methods. In 64 g C nT2 per year less than the nat-corrected data,
addition, all these methods require specific computer for the 28 data set analyzed Ifalge et al. (2001a)
programming. There appear to be clear advantages toData used in this Ml exercise were ngt-corrected.
the MI process. We may expect that estimated values for NEE will
Net ecosystem carbon exchange is underestimatedbe lower than reported in this study, uf-corrected
by the eddy covariance approach during stable-night were used. Indeed, when we usédcorrected NEE
conditions because of GGstorage in the layer below  data for the Niwot Ridge site, the annual estimation
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Fig. 6. Comparison of gap-filled NEE, LE ard (line) with measurements (solid point) in summer in 2000 at Niwot Ridge site.

of NEE by MI was —94gCnt? per year, with a measurements, we noticed that some of the corrected
95% confidence interval 6£115 to—73g C nT2 per data did not closely fit the observed pattern, especially
year in 1999, and-51gC nt2 per year with a 95% in winter, when NEE is small in magnitude and the
confidence interval of-70 to —32gC n1?2 per year diurnal pattern is not always clear. This does not pro-
in 2000. These values are close to the reported val- vide a significant source of error for the annual sum
ues (80.5 and 58.g C n? per year in 1999 and 2000, and may be improved by grouping data into those for
respectively) based ou*-corrected data bylonson the growing season and dormant season, and applying
et al. (2002) MI separately.
Preserving the relationships of NEE, LE andvith
5.2. Seasonal and diurnal change of imputed NEE, climatic variables such as PAR and temperature is
LE and H another requirement that is often considered during
gap filling. MI uses a multivariate normal distribution

While in general MI data provided good estimates model and considers other variables, such as climatic

of annual sums and preserved the seasonal pattern ofvariables, when imputing missing data. The missing
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values for the climatic variables were imputed at the may be related to low™*, but missing NEE values,
same time, so Ml preserved the responses of NEE to may not be related to NEE itself, so the relationships
these climatic variables as a whole. The data set we developed from observed valid data can be applied
used for annual estimation was based on the observedto the missing values. Similarly, missing data under
values in 1 year. To preserve the short-term relation- severe weather conditions can be imputed from the re-
ships of NEE, LE andH with climatic variables, we lationship indicated from the observed data under the
could apply MI to the short-term data set, for exam- normal weather conditions. Studies also showed that
ple, data collected from each month or grouped by the assumption becomes more plausible as more vari-

growing season and dormant season, or separated inta@bles are included in the imputation modg&thafer,

daytime and nighttime data.

5.3. Assumptions and constraints of Ml

Like any statistical method, MI has assumptions
(Schafer and Olsen, 1998&)nderstanding the assump-
tions underlying the Ml method helps researchers

1997; van Buuren et al., 1999In this study, we
included many climatic variables in the model, so
the assumption is more plausible. When the MAR
assumption is tenable, MI provides less bias than
other methods if the imputation model is correctly
specified.

Second, the model used to generate the imputed

evaluate robustness of imputation models and the values requires the variables to be multivariate normal

appropriateness of interferencésofton and Lipsitz,

distributed. This assumption is also required by many

2001). Those assumptions include data are missing other imputation methodsS¢hafer and Olsen, 1998

at random (MAR), multivariate normal distributions,
and proper model.

There are two types of randomness in missing data:

MAR and missing completely at random (MCAR).

As Schafer and Olsen (1998)pinted out, real data
rarely conform to convenient models such as the mul-
tivariate normal. In most applications of Ml, the model
used to generate the imputations will at best be only

MCAR assumes that the missing values are a randomapproximately true. Indeed, Kolmogorov—Smirnov
subsample of the entire data set. The assumption fornormal distribution test showed that observed NEE,

MCAR is much restrictive and often unrealistic. The
MI method does not require MCAR but MAR.iftle
and Rubin, 198p Under the assumption of MAR,

LE and H and climatic variables are seldom truly
normal distributed (results not shown). A humber of
simulation studies have demonstrated that Ml is robust

the probabilities of missing data may depend on data to violations of normality of the variables used in the
values that are observed but not ones that are missing.analysis if the amount of missing information is not

A simple example is that for a bivariate data set with
one variableX that is always observed and a second
variableY that is sometimes missing. Under MAR, the
probability thatY is missing for an observation may
be related to the value of but not to the value o¥
itself. This applies that the statistical relationshipyof
andX is on average no different for the observed data
and missing data groups. MAR is the formal assump-
tion that allows us to first estimate the relationships

large Ezzati-Rice et al., 1995; Schafer, 1997; Graham
and Schafer, 1999 We examined the assumption
of multivariate normal distribution by transforming
data from Niwot Ridge site in 2000 and Duke Forest
in 1999 using the Box—Cox transformation method
provided in SAS software. Comparison of the results
of transformed data with non-transformed data indi-
cates the annual estimations only changed slightly.
Annual NEE at Niwot Ridge site in 2000 changed

among variables from the observed data, and thenfrom —1232 + 9.4 to —1216 + 9.4gCn1?2 per
use these relationships to obtain unbiased predic- year. Annual NEE at Duke Forest in 1999 changed

tions of the missing values from the observed values.
However, testing the MAR assumption remains a
major statistical challenges¢hafer and Olsen, 1998;
Allison, 2000; Horton and Lipsitz, 2001 Although

from 7436 + 20.3 to 7462 + 19.7 g C nT 2 per year.
Similarly, annual values of LE an#i were not af-

fected by transformation. Our test confirmed that

Ml is robust to some departures to normality. So

it is difficult to test, we have good reason to assume we used non-transformed results in this study. The

the missing data in NEE, LE and are MAR. The
probability of missing values in NEE, for example,

goodness-of-fit test also showed that MI performed

well on FluxNet dataKigs. 6 and .
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Fig. 7. Comparison of gap-filled NEE, LE ardl (line) with measurements (solid point) in winter in 2000 at Niwot Ridge site.

Third, the model used for the analysis should match valid estimates of statistical quantities (e.g. means,
the model used in imputation and the algorithm used standard errors, regression coefficients) than other
to generate imputed values should be correct; that is, current practices Hichman and Cummings, 2003
it should accommodate the necessary variables andMIl combines the well-known statistical advantages
their associations. In this study, we included most in- of EM and maximum likelihood with the ability of
fluencing climatic variables in the imputation process, hot deck imputation to provide a raw data matrix
so the climatic variables can be included in the model to analyze. It also introduces statistical uncertainty

for further analysis. into the model and uses that uncertainty to emulate
the natural variability among observations one en-
5.4. Advantages of MI counters in a complete database. MI then imputes

actual data values to fill in the incomplete data
MI provides a general-purpose solution to statis- points in the data matrix, just as hot deck imputation
tical analysis with missing data and provides more does.
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Table 3 Before the advent of general purpose packages that
Fraction of missing information and efficiency of Ml by using five support M, the process of generatingmputed data

Imputations sets, analyzing the results from each oftihdata sets,

Site, year Fraction of missing Efficiency of and combining the results required specialized pro-
information (%) MI (%) gramming that was difficult to use. Complications in
NEE LE H NEE LE H data handling and analysis have been greatly simpli-

WBW, 1995 532 122 104 903 976 980 fied by the existence of easy-to-use software packages
WBW, 1996 18.3 12.8 14.7 965 975 97.1 such as SAS, SPSS, Norm, and S-pl8sHafer and
WBW, 1997 187 80 141 96.4 984 972  Qlsen, 1998; Hox, 1999; Horton and Lipsitz, 2001
Duke, 1998 = 76.6 651 674 86.7 885 881 \wjth the availability of these techniques and useful
Duke, 1999 244 1.1 168 953 978 96.7 t M1 using MCMC method b ¢
Niwot, 1999 95 29 60 981 994 ogg Software Mlusing method can become part o
Niwot, 2000 2.3 32 08 995 994 998 the mainstream research practice of gap-filling miss-

ing data Fichman and Cummings, 2003

MI is highly efficient even for small values ah
(Schafer, 199) In many applications, just three to 6. Conclusions
five imputations are sufficient to obtain excellent re-
sults. The relative efficiency of an estimate based on  Prior to any analysis, researchers at FluxNet sites
mimputations is approximateki + (y/m))~1, where must examine their data sets for the amount and pat-
y is the fraction of missing information for the vari- tern of missing data and determine the best approach
able being estimated; = (r + 2/(viy + 3))/r + 1, to handle them Ratrician, 2002 MI is one of the
andr = ((1+m~YB)/U. In this study, the fraction of ~ methods that need to be considered. By using Ml to
missing information for NEE, LE andl ranged from gap-fill the missing or rejected eddy covariance data,
0.8 to 76.6%. With five imputations, the efficiency of we estimated annual sums of NEE, LE aHdand
the estimate ranged from 86.7 to 99.8%alfle 3. their confidence intervals based on the data collected
Another advantage of Ml is that the results obtained from two coniferous forests and a deciduous forest for
by individual researchers at different sites or among a combined 7 years. Results by MI were comparable
different years can be compared. Because repeatedo the estimations by other current methods. NEE, LE
estimations are used, Ml produces more reasonableandH imputed by MI were also consistent with the
estimates of standard errors than single imputation seasonal and diurnal patterns in observed data. How
and current methods. This results in valid statistical to impute the missing data is not a trivial issue. While
inferences that properly reflect the uncertainty due to there are many other imputation methods available,
missing values. Given these objectives, Ml becomes we suggest that using Ml as a standardized method for
an attractive procedure for dealing with missing data gap-filling eddy covariance measurements would im-
issues Fichman and Cummings, 2003 prove the comparability of annual estimations of NEE,
Although MI was first proposed more than 20 LE andH from regional and global flux networks, and
years ago Rubin, 1977, the method has remained provide a uniform as well as objective standard for
largely unknown and unused by non-expeg@st{afer evaluating uncertainties in annual sums.
and Olsen, 1998due to the lack of computational
tools. Ml is especially new to ecologists, as there are
few publications that formally address it. As there Acknowledgements
are many large-scale and long-term experiments (e.qg.
FluxNet, LTER, and FACE) that are operating, and This study was supported by the NSF/DOE/NASA/
more and more researchers are synthesizing meta-dataJSDA/EPA/NOAA Interagency Program on Terres-
(i.e. data collected from many individual studies in trial Ecology and Global Change (TECO) by DOE
the literature) (e.gCurtis, 1996; Wan et al., 2091 under DE-FGO03-99ER62800 to YL at the Univer-
the issue of how to deal with missing observations, sity of Oklahoma and the NIGEC SouthCentral Re-
rather than simply deleting them, becomes important. gional Center at Tulane University. Eddy-covariance
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flux measurements were supported by the NIGEC A.1l. The imputation I-step

Southeastern Regional Center at the University of

Alabama, Tascaloosa (DOE Cooperative Agreement et 90 = (1@ @) and YD = (Yops, yé:?s) de-
DE-FC03-90ER61010), the NIGEC SouthCentral Re- note current draws of the parameters and gap-filled
gional Center at Tulane University, and the Terrestrial data matrix at iteration. Thel-step draws values for
Carbon Processes (TCP) program at DOE and the USthe missing data from the conditional distributigfis
Department of Energy (Terrestrial Carbon Program) given Yops with a given parametet

and NASA/GEWEX. We thank Dr. Dennis Baldocchi

and Dr. Kell Wilson for providing eddy-covariance Yggl)”P(Ymileobsﬂ )

flux measurements at WBW site. Since the observations of the data matriare con-

ditionally independent given, this is equivalent to
drawing

1
yr(-,ziz)i)'vp(Ymis,iWobsi, 9(0) (A1)

The Markov Chain Monte Carlo is commonly used jndependently foi = 1, 2, ..., . This distribution is
to generate pseudo-random draws from multidimen- yytivariate normal with mean given by the linear re-

sional and otherwise intractable probability distri- gression ofymis; 0N Yobs/, evaluated at current draws

butions via Markov chains. In Bayesian inference, gt of the parameters. The regression parameters and
information about unknown parameters is expressed residual covariance matrix of this normal distribution

in the form of a posterior probability distribution. s gptained computationally by sweeping on the aug-
The posterior distribution is computed using Bayes’ mented covariance matrix

theorem s
P(16)p(®) E*“):[_ o }

B ACALC A O o
[ p(y16)p(6) do H

MCMC has been applied as a method for exploring
posterior distribution in Bayesian. Through MCMC,

one can simulate the entire joint posterior distribution
of the unknown quantities and obtain simulation-based

Appendix A. MCMC method for missing data

p@ly) =

so that the observed variables are swept in and the
missing variables are swept out. The draﬁﬂﬁ;ﬁ) is
simply obtained by adding to the conditional mean in
the E-step of EM algorithmEgs. (3) and (5)a normal

draw with mean 0 and covariance matmgé)

estimates of posterior parameters that are of interest. is,i.obsi"
This appendix mainly followed the notation ISBAS )
institute (2002)andLittle and Rubin (2002) A.2. The posterior step P-step

When data set contains missing data, the observed- ) )
data posteriorp(6|Yope is intractable and cannot The P-step of data augmentation simulates the pos-
easily be simulated. But the complete-data posterior {€rior population mean of vectprand covariance ma-
(6] Yobs Ymis) is much easier to simulate on¥gysis trix X from prior information foru and X, and the

augmented by a simulated value of the missing data COmplete data seb-step draws

Ymis.- Suppose that the data are from multivariate nor- »@+1) P Y(t+1>)

mal distribution and assume the conventional Jeffery’s

prior distribution for the mean and covariance matrix: where YD = (Yops Y,;’i“;l)) is the gap-filled data

k412 from thel-step. The draw of“*Y can be carried out
p(p, X) o | 2] in two steps:

we present an iterative data augmentation algorithm (XY )~w =1 — 1 (n — 1)SUFD)
for generating draws from the posterior distribution of (, ¢+1)| 5+ YD~ NGEHD | 50+ /) (A-2)
0= (u, X):

where (30+D, §¢+D)y is the sample mean and co-
P, Z|Yobe) o |Z|™ KDL (1, | Yope variance matrix ofY from the gap-filled data& “+9,
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W=ln — 1, n — 1)S) denotes the inverted Wishart Fichman, M., Cummings, J.N., 2003. Multiple imputation for mis-
distribution withn — 1 degrees of freedom and scale  sing data: Making the most of what you knduitp://www.gsia.
matrix (n — 1)S. The posteriors distribution af can cmu.edu/andrew/mf4f/work/misspm.pddrg. Res. Methods, in

. . : press.
be s!mulated dlr_ectly gsm@qs. (A.l) and_(A.Z)after Goulden, M.L., Munger, JW., Fan, S.M., Daube, B.C., Wofsy,
a suitable burn-in period to achieve stationary draws. s c. 1996. Measurement of carbon storage by long-term eddy

correlation: methods and a critical assessment of accuracy.
Global Change Biol. 2, 169-182.
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