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Abstract 

Forest modeling has moved beyond the realm of scientific discovery into the policy arena. The example that motivates this 

review is the application of models for forest carbon accounting. As negotiations determine the terms under which forest carbon 

will be accounted, reported, and potentially traded, guidelines and standards are being developed to ensure consistency, 

accuracy, transparency and verifiability. To date, these guidelines have focused on definitions, data, and reporting, not models. 

The goal of this paper is to synthesize literature that may inform the development of guidelines for the application of models in 

areas with policy implications, such as forest carbon accounting. We discuss validation, verification, and evaluation as applied to 

modeling, and review common components of model evaluation. Peer review, quantitative analysis of model results, and 

sensitivity analysis are the most widely used approaches to model evaluation. US judicial and legislative perspectives on criteria 

for model acceptability are summarized. 
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1. Introduction 

Models originating in scientific disciplines from 

atmospheric deposition to groundwater hydrology 

have been appropriated for use in developing poli-

cies and implementing regulations. When models 

are so used, there is an increased need to assess and 

communicate the suitability of the models for the 

specified tasks. The application that has motivated 

this paper is the use of forest carbon models to 

estimate and report carbon stock changes pursuant 

to provisions of international climate change 

agreements. 
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The Kyoto Protocol to the Framework Convention 

on Climate Change (UNFCCC, 1997) has elevated the 

role of forests in the global carbon cycle to a key 

component in international negotiations (Murray et al., 

2000). Because of provisions in the Kyoto Protocol, 

forest carbon has the potential to become an economic 

commodity that may be exchanged in markets such as 

the Chicago Climate Exchange (Economist, 2002). 

There is now a compelling worldwide interest in being 

able to quantify and report forest carbon storage and 

flux in a transparent, verifiable manner; we call this 

forest carbon accounting (FCA). 

The science of measuring, estimating, and project-

ing forest carbon stocks and fluxes has become critical 

to economic and policy decisions, and much of this 

science employs models. Examples of recent model-

ing efforts related to FCA include: 
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Evaluation of ecological and economic impacts of 

climate and environmental change (Karjalainen, 

1996; Mäkipää et al., 1998; Woodbury et al., 1998; 

Bergh et al., 2003). 

Studies of ecological processes and carbon dyna-

mics (Powlson, 1996; Homann et al., 2000; Seely 

et al., 2002). 

Estimation of regional or national forest carbon 

stocks and potential sequestration (Kurz et al., 

1992; Banfield et al., 2002; Joosten et al., 2003; 

Laclau, 2003; Losi et al., 2003). 

Analysis of forest management impacts on terres-

trial carbon storage (Jiang et al., 2002; Seely et al., 

2002; Dı́az-Balteiro and Romero, 2003; Paul et al., 

2003; Ritson and Sochacki, 2003). 

As negotiations determine the terms under which 

forest carbon will be accounted, reported, and traded, 

guidelines and standards are being developed to 

ensure consistency, accuracy, transparency and ver-

ifiability. To date, these guidelines have focused on 

definitions, data, and reporting—not models. How-

ever, estimation of forest carbon is rarely done directly 

from observational data; a myriad of models are used 

to estimate forest carbon quantities from surrogate 

measurements (Kurz et al., 1996; Amthor et al., 2001; 

Birdsey and Heath, 2001; Smith and Heath, 2002; 

Jenkins et al., 2003; Smith et al., 2003). For example, 

modeled biomass expansion factors are used to con-

vert merchantable timber volumes into carbon quan-

tities, and to estimate belowground biomass from 

aboveground biomass. Carbon in forest pools such 

as dead wood or litter may be estimated from forest 

inventory data. Carbon in soils may be modeled based 

on climate, physiographic region, geographic loca-

tion, disturbance history, stand age, and other vari-

ables. The widespread application of models in forest 

carbon estimation and accounting suggests that atten-

tion to developing guidelines for evaluating and using 

models is warranted. 

2. Purpose 

The goal of this paper is to synthesize literature that 

may inform the development of guidelines for the 

application of models in policy contexts such as forest 

carbon accounting. This will be done by reviewing a 

broad literature on evaluation of models in environ-

mental and ecological applications to find areas of 

consensus. Then, a review of legal and legislative 

perspectives on models will identify critical aspects 

of model evaluation for policy applications. It is far 

beyond the scope of this paper to evaluate individual 

forest carbon models or classes of models; an example 

of such work is provided by Homann et al. (2000). 

Furthermore, because FCA models are still relatively 

recent, published modeling guidelines specific to this 

application do not exist. We draw on the broader 

literature to find common themes about guidelines 

for models that can then be applied to FCA models, 

among others. 

For the purposes of this paper, models are defined as 

abstractions of reality, usually represented by systems 

of mathematical equations implemented in computer 

programs, to describe and predict natural phenomena. 

A similar definition from Helms (1998) defines a 

model as ‘‘an abstract representation of objects and 

events from the real world for the purpose of simulat-

ing a process, predicting an outcome, or characterizing 

a phenomenon’’. These three purposes may be viewed 

as describing, predicting, and estimating. In this paper, 

we are most interested in the latter, such as models 

applied in FCA in which the quantitative estimates 

resulting from the model are paramount. 

It is commonly acknowledged that models are 

essential in many areas of ecological study and envir-

onmental management and regulation (Gentil and 

Blake, 1981; Office of Technology Assessment, 

1982; Johnson et al., 1985; Oreskes et al., 1994; Beck 

et al., 1997; Oreskes, 1998; Landsberg, 2001). The 

natural systems involved are complex and variable, 

and defy precise, deterministic quantification (Luis 

and McLaughlin, 1992; Korzukhin et al., 1996; Ole-

sen, 2001; Parker et al., 2002). When such models are 

applied to inform public policy, some form of evalua-

tion of a model’s reliability is necessary. Oreskes 

(1998) states ‘‘the demands of good science and the 

demands of democracy require evidence that the 

model is reliable’’. Beck et al. (1997) concur, noting 

‘‘there is a profound concern, therefore, with the need 

to establish the validity of a given model in performing 

a specified task, usually of making predictions of 

future behavior’’. In a review of early US water 

resources models in federal and state governments, 

the Congressional Office of Technology Assessment 
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(Office of Technology Assessment, 1982) commented 

that ‘‘lack of accountability has resulted in models that 

often fail to address decision-makers’ needs for infor-

mation, require impractical amounts of data, or are not 

well enough explained to enable others to use them’’. 

Rykiel (1996) discusses whether models ‘‘require’’ 

validation at all, and argues that it entirely depends on 

the purpose for which the model is intended. Others 

have argued that undue emphasis on validation bears 

an opportunity cost. Konikow and Bredehoft (1992) 

suggest that ‘‘The effort spent on model validation 

would be better spent on developing a more complete 

understanding of the particular . . .  problem of inter-

est’’. The preponderance of authors agree, however, 

that especially in regards to models destined for policy 

applications, a process for evaluating model suitability 

is essential. 

In this paper, we review literature relevant to the 

development of guidelines for using models in policy 

applications. In this process, we will address several 

questions, such as 

1. How are concepts such as validation and verifica-

tion applied to ecological models? 

2. What techniques for model validation/verification 

have been accepted in the process of scientific 

peer review of manuscripts about modeling 

efforts? 

3. How have US government agencies with environ-

mental regulatory powers addressed the challenge 

of verifying/validating ecological models? 

4. How have courts in the United States viewed the 

credibility of models applied in the environmental 

regulatory or management arenas? 

Answers to these questions could support the judi-

cious use of models in areas such as forest carbon 

accounting, which are critical to policy development 

and application. 

3. Validation, verification, or evaluation 

This discussion must begin by addressing terms 

such as validation and verification. These concepts 

have been discussed extensively in scientific modeling 

literature (Loehle, 1997). A variety of definitions are 

presented in Table 1. Several sources (Schlesinger 

et al., 1979; Office of Technology Assessment, 

1982; ASTM, 1992; Rykiel, 1996) draw a distinction 

between validation and verification; validation refer-

ring to the process of confirming that a conceptual 

model reflects reality, and verification referring to the 

process of confirming that computer code accurately 

reflects the conceptual model. Homann et al. (2000) 

consider verification to be ‘‘the process of comparing 

model output with the data that was used to calibrate 

the model’’ and validation to be comparing model 

output with independent data not used in calibration. 

In many other sources, these terms are used inter-

changeably. 

Several authors have made pointed arguments that 

models cannot be validated; therefore the use of the 

term itself is misleading (Konikow and Bredehoft, 

1992; Oreskes et al., 1994; Oreskes, 1998). This 

argument is usually related to the concept of hypoth-

esis testing, in which hypotheses can be falsified 

(rejected) but not accepted. Similarly, the argument 

goes, it should be possible to falsify or reject models, 

but they can never be authoritatively validated. Soares 

et al. (1995) employ the term corroboration, noting 

that corroboration is when we fail on several attempts 

to falsify a model. 

For these reasons, many authors have adopted the 

term ‘‘evaluation’’ in place of validation and verifica-

tion (Soares et al., 1995; Loehle, 1997; Vanclay and 

Skovsgaard, 1997; Oreskes, 1998; Olesen, 2001; 

Monserud, 2003; Stage, 2003). We will likewise adopt 

the terminology of model evaluation to encompass the 

various aspects of confirming the usefulness and 

reliability of a model. 

4. The context for model evaluation 

There is no universally appropriate approach to 

model evaluation. A model must be evaluated in the 

context of its purpose, domain, and structure (Caswell, 

1976; Soares et al., 1995; Beck et al., 1997; Monserud, 

2003). Several of the definitions of validation listed in 

Table 1 include the notion of a specified application 

(Schlesinger et al., 1979; Brown and Kulasiri, 1996). 

Beck et al. (1997) summarize Caswell’s (1976) con-

tribution as concluding that ‘‘a judgment about the 

validity of a model cannot be made in the absence of a 

specified purpose for the model’’. More recently, 

Olesen (2001) acknowledges that ‘‘the appropriate 
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Table 1 

Published definitions of model validation, verification, and calibration 

Term Definition Source 

Validation ‘‘Substantiation that a computerized model within its domain of 

applicability possesses a satisfactory range of accuracy consistent with the 

intended application of the model.’’ 

‘‘Validation is the process of determining how accurately the model can 

predict real-world events under conditions different from those on which the 

model is developed and calibrated.’’ 

‘‘A validated model is one that ’provides a good representation of the actual 

processes occurring in a real system.’’ 

‘‘The determination that a model indeed reflects the behavior of the real world.’’ 

‘‘The process of obtaining assurance that a model, as embodied in a computer 

code, is a correct representation of the process or system for which it is intended.’’ 

‘‘A test of the model with known input and output information that is used to 

assess that the calibration parameters are accurate without further change.’’ 

‘‘The process of substantiating that the behavior of the model represents that 

of the problem entity to satisfactory levels of confidence and accuracy consistent 

with the intended application of the model within its application domain.’’ 

‘‘Validation means that a model is acceptable for its intended use because it 

meets specified performance requirements.’’ 

‘‘Validation is the determination of the correctness of the model with respect 

to the user’s needs and requirements.’’ 

‘‘Validation requires comparing the model predictions with information other 

than that used in estimating the model. This step is typically an interactive 

process linked to model calibration.’’ 

‘‘In forest growth modeling, verification and validation usually denote 

qualitative and quantitative tests of the model, respectively’’ [emphasis added] 

‘‘the process by which scientists attempt to demonstrate the reliability 

of a computer model’’ 

‘‘The testing of a model by comparing model results with observations not 

used to develop the model.’’ 

‘‘Using subjective opinions regarding the surface, or initial, impression of the 

model’s realism.’’ 

Schlesinger et al. (1979) 

Office of Technology Assessment (1982) 

International Atomic Energy Agency (1982), 

cited by Oreskes (1998) 

US DOE (1986), cited by Oreskes (1998) 

Davis (1991), cited by Konikow and Bredehoft 

(1992) 

ASTM (1992) 

Brown and Kulasiri (1996) 

Rykiel (1996) 

NAPAP (1990), cited by Beck et al. (1997) 

Barton-Aschman Associates (1997) 

Vanclay and Skovsgaard (1997) 

Oreskes (1998) 

Helms (1998) 

Versar Inc. (1988), cited in Beck et al. (1997) 

‘‘. . .  the process of comparing model output with the data that was used to 

calibrate the model. . .’’ 

Homann et al. (2000) 

Verification ‘‘A model is said to be verified when it is determined that the designer’s 

conception of the model is accurately embodied in the program written 

and run on the computer.’’ 

‘‘Examination of the numerical technique in the computer code to ascertain 

that it truly represents the conceptual model and that there are no inherent 

numerical problems with obtaining a solution.’’ 

‘‘To say that a model has been verified is to say that its truth has been 

demonstrated, which implies its reliability as a basis for decision-making’’ 

‘‘Verification is a demonstration that the modeling formalism is correct’’ 

‘‘In forest growth modeling, verification and validation usually denote qualitative 

and quantitative tests of the model, respectively’’ [emphasis added] 

‘‘The greater the number and diversity of confirming observations, the more 

probable it is that the conceptualization embodied in the model is not flawed.’’ 

‘‘. . .  comparing model output with data that was not used for calibration.’’ 

Office of Technology Assessment (1982) 

ASTM (1992) 

Oreskes et al. (1994) 

Rykiel (1996) 

Vanclay and Skovsgaard (1997) 

Oreskes et al. (1994) 

Homann et al. (2000) 

Calibration ‘‘A model is considered to be calibrated when model results match 

experimental observations taken from the particular system under investigation.’’ 

‘‘The model is considered calibrated when it reproduces historical data 

within some subjectively acceptable level of coherence’’. 

‘‘Calibration is the estimation and adjustment of model parameters and 

constants to improve the agreement between model output and a data set’’. 

Office of Technology Assessment (1982) 

Konikow and Bredehoft (1992) 

Rykiel (1996) 
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evaluation method depends on the context of the 

application and the data sets available’’. A corollary 

to this argument is that a model that has been evaluated 

as appropriate in one context may be utterly inap-

propriate in another. 

In addition to the specified purpose of a model, the 

type of modeling approach will affect the appropriate 

method of evaluation. For example, Sharpe (1990) 

views the concept of model dimensions as a triangle 

with axes of reality, generality, and precision. Differ-

ent approaches to model development tend to combine 

pairs of these dimensions: biostatistical models focus 

on reality and precision, biomathematical models 

focus on generality and precision, and forest dynamics 

models address reality and generality. Sharpe views 

process modeling as an engineering approach that 

attempts to address all three. He suggests that each 

methodology has a distinct criterion for model evalua-

tion: goodness-of-fit for statistics, rigor for mathe-

matics, refutation for science, and performance for 

engineering. 

Battaglia and Sands (1998) discuss the evaluation of 

process models in forestry, and note that models can be 

evaluated along the dimensions of resolution (spatial 

and temporal scale), complexity (number of environ-

mental variables and processes included), and general-

ity (situations and systems to which the model can be 

applied). Usually, in the process of model design and 

development, increases in one dimension (i.e., higher 

resolution, increased complexity, or broad applicabil-

ity) must be offset by decreases in another. Similarly, 

there is often a tradeoff between an increase in expla-

natory power and generality. A model might perform 

very well in a narrow scope of circumstances, or it 

might perform at a barely acceptable level across a 

broad range of conditions. Because model developers 

often balance these outcomes (Håkanson, 1995), 

model evaluators should consider them as well. A 

model designed to be broadly applied is unlikely to 

perform as precisely in a given application or geo-

graphic region as a model designed exclusively for 

that application/domain. 

5. Components of model evaluation 

Beck et al. (1997) refer to two aspects of a model 

that are relevant to evaluation: composition and per-

formance. Composition of a model refers to the man-

ner in which constituent hypotheses are formulated 

and assembled. Performance refers to the acceptabil-

ity and usefulness of model outputs for an intended 

task. While composition is an internal measure of 

model reliability, performance is an external measure. 

These two aspects of model evaluation are echoed 

repeatedly in model evaluation literature, and each has 

its own logical means of assessment. 

Loehle (1997) suggests that the composition criter-

ion (as indicated by biological and ecological realism) 

outweighs the importance of performance: ‘‘It is not 

sufficient that a model fits field data if it does so by 

employing biologically unreasonable behaviors or 

processes’’. Johnson et al. (1985) illustrate this point 

with a critique of a model of waterfowl populations. 

The model they discuss provided an adequate good-

ness-of-fit with data, yet contained biologically unten-

able premises that would mislead decision-makers 

when applied to situations only slightly different than 

those under which the model was developed. Further-

more, it should be noted that evaluation of composi-

tion goes beyond the judging the validity of 

constituent hypotheses (components); the connections 

and interrelationships of these components must 

reflect ecological reality. As Loehle (1997) notes, 

‘‘It is at the ecosystem level that we observe the 

integrated effect of the multiple processes at work 

in a model. . .  Ecosystem-level test criteria thus 

strengthen tests of integrated model behaviors, though 

they do not verify that each model component is 

correct.’’ 

The composition/performance view of models gives 

rise to two approaches to model evaluation: (1) scien-

tific peer review, and (2) statistical comparisons of 

model results with field observations (ASTM, 2000; 

Olesen, 2001). Logically, scientific peer review can 

address the composition of a model, while statistical 

comparisons with field data can address model per-

formance. Comparison of model results with observa-

tional data is frequently termed ‘‘history matching’’ in 

the literature. It should be noted that many definitions 

of model validation consider only history matching; 

they do not address a model composition component 

(Schlesinger et al., 1979; ASTM, 1992; Vanclay and 

Skovsgaard, 1997; Helms, 1998). 

Parker et al. (2002) view these two components as 

anachronistic and insufficient, stating ‘‘At one time, 
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‘history matching’ and ‘peer review’ were the two 

necessary and sufficient cornerstones of the [model 

validation] process. But. . .[there] has come a dissa-

tisfaction with the sufficiency of these conventional 

cornerstones’’. They present three questions that must 

be answered about a model: (1) Has the model been 

constructed of approved constituent hypotheses? (2) 

Does its behavior approximate that observed in rea-

lity? (3) Does it fulfill its designated task or purpose? 

They acknowledge the roles of peer review and history 

matching as addressing the first two of these questions, 

but note a lack of developed tools or approaches for 

addressing the third. 

A third approach to model evaluation that appears 

with regularity in the literature is sensitivity analysis 

(Newberry and Stage, 1988; ASTM, 1992; Soares 

et al., 1995; Barton-Aschman Associates, 1997; 

Loehle, 1997; Beck and Chen, 2000; Potter et al., 

2001; Losi et al., 2003; Paul et al., 2003). Sensitivity 

analysis addresses issues such as model robustness, 

applicability beyond the range of data used to fit the 

model, stability of model parameters, and variability 

of model outputs. 

To summarize, a reader can find numerous recom-

mendations in the literature for essential components 

to model evaluation: Gentil and Blake (1981) use a 

flow chart illustration, ASTM (1992) describes seven 

components, Soares et al. (1995) list five, Vanclay and 

Skovsgaard (1997) summarize using five. In most 

cases, these components of model evaluation can be 

synthesized into three: (1) scientific peer review of 

model composition, (2) quantitative analysis of model 

results compared to field observations, and (3) sensi-

tivity analysis. 

6. Peer review 

Beck et al. (1994) describe a variety of challenges in 

evaluating model composition through the peer review 

process. As modeling becomes more commonplace, it 

is increasingly difficult to get descriptions of model 

development and design published, and therefore sub-

jected to the peer review process of scientific journals. 

Furthermore, the peer review of a manuscript describ-

ing model development and application is notably 

different than peer review of the model itself. A 

rigorous review of a model might include running 

the model against independent data sets, or comparing 

the outputs from one model to those of a similar model 

with the same inputs. An example of such an effort can 

be found in the VEMAP project (Schimel et al., 1997, 

2000), in which three ecosystem models were com-

pared using the same input data sets and parameters. 

Results of the VEMAP project provided insights into 

the spatial and temporal variability of terrestrial car-

bon storage as estimated by the three models. Such 

comprehensive model comparisons are expensive, 

‘‘expert-intensive’’, time-consuming, and conse-

quently rare. 

Parker et al. (2002) note the challenge of forming an 

adequate peer review panel for ecological models: 

‘‘The constitution of a ’peer group’ can therefore be 

expected to be very different and more varied than 

just the former sub-groups of model builders and 

model users, steeped largely in the professional 

training and standards of science. While there 

may be scope for modest parts of evaluation by 

mono-disciplinary (scientific) peers, there will be 

few renaissance (wo)men capable of reviewing the 

whole and fewer still who will be able to claim no 

conflict of interest as the model evolves over pos-

sibly many years in the light of successive reviews 

by these few’’. 

Beck et al. (1994) also emphasize that ‘‘as models 

have become increasingly complex and aggregate 

science across more than one discipline, it is increas-

ingly clear that more than one subject matter expert is 

required to provide adequate scientific review’’. Forest 

carbon accounting models are an excellent example of 

such complexity. For instance, the development of the 

carbon budget model for the Canadian forest sector 

(Kurz et al., 1992) required experts from a wide array 

of disciplines with knowledge of the specific forest 

ecosystems being modeled. The scope of such a model 

would require a comparably large array of experts for 

a thorough independent peer review. 

The US EPA has issued guidance noting that peer 

review should be tied to temporal steps in the process 

of model design, development, application, and revi-

sion (US EPA, 1994a). When models persist in use 

over decades, it becomes important to subject them to 

repeat reviews as the science underlying the consti-

tuent hypotheses matures and as observations of dif-

ferent conditions become available. In addition, when 

a model is applied in a novel application, a different 
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geography, or for an unforeseen purpose, additional 

peer review may be called for. 

Beck et al. (1994) propose a three-part strategy for 

peer review of models: (1) reference code, version 

documentation, and test data set maintenance, (2) 

publication in refereed journals, and (3) periodic or 

issue-specific group peer reviews. To facilitate open 

scientific review of models, ASTM (1992) recom-

mends a list of required components of model doc-

umentation and suggests that, at a minimum, models 

be described in scientific literature and that a user’s 

manual be available before significant application. 

7. Quantitative analysis of model results 

The quantitative comparison of model results 

against observations is perhaps the most familiar 

aspect of model validation. This topic has been dis-

cussed widely in the literature, with near-universal 

recognition of the value of this process. However, as 

noted by Mäkipää et al. (1998), ‘‘. . .there have been 

comparatively few quantitative evaluations of model 

projections to the long-term observations.’’ Many 

authors acknowledge that substantial difficulties in 

such comparisons remain. Three primary obstacles 

include: (1) availability of adequate independent data 

sets for validation, (2) selection of meaningful statis-

tical tests or approaches, and (3) specification of what 

constitutes acceptable performance. 

One of the foremost challenges to quantitative 

evaluation of model performance is the availability 

of data of useful spatial and temporal resolution and 

measurement precision. For example, Monserud 

(2003) notes that forest gap models are rarely vali-

dated because of a lack of suitable validation data. 

When such data are lacking, he notes, ‘‘reasonable 

model behavior is often determined by expert opi-

nion’’. Numerous authors and definitions explicitly 

state that validation should be conducted with inde-

pendent data sets not involved in model construction 

or calibration (OTA, 1982; Barton-Aschman Associ-

ates, 1997; Helms, 1998). However, Mäkelä et al. 

(2000) argue that this requirement ‘‘presumes the 

existence of ‘independent’ data, ignores the expense 

associated with its collection, and misdirects attention 

away from the more critical needs for a rich set of 

conditions represented in evaluation data’’. 

A wide variety of statistical techniques have been 

applied to the evaluation of model performance as 

defined by comparing model results to observed data. 

These include graphical or visualization comparisons 

(Rykiel, 1996; Butler et al., 1999), paired statistical 

comparison metrics (ASTM, 2000), hypothesis testing 

(Luis and McLaughlin, 1992), significance levels or 

confidence limits for model parameters (Chen et al., 

1998), regression analysis (US EPA, 1994b), correla-

tion computation (Brown and Kulasiri, 1996), boot-

strapping (Butler et al., 1999), goodness-of-fit tests, 

simulation, and many others. 

A third challenge in model performance evaluation 

is specification of the criteria that will need to be met 

to judge a model as ‘‘acceptable’’. In fact, there is 

disparity in viewpoints about whether model valida-

tion is a binary decision (a model is acceptable or it is 

not), or a whether it is a measure of degree (Beck et al., 

1997). Newberry and Stage (1988) describe a valida-

tion procedure with four possible outcomes, including 

‘‘model is adequate’’, ‘‘model needs revision’’, ‘‘data 

are inadequate to evaluate model’’, and ‘‘model is 

irrelevant’’. In  ASTM (1992) standards, varying levels 

of acceptable accuracy are tied to model purposes. For 

example, when models are used for ‘‘range finding’’, 

an order of magnitude might be acceptable accuracy; a 

model employed for prediction might require an 

accuracy of 5 to 15%. 

It should also be noted that the purpose of the model 

may make specification of model acceptability require-

ments simple orcomplicated. Forexample, a modelmay 

be used to assess the risk that children will have lead 

concentrations in their blood that exceed a prescribed 

limit(e.g.,USEPA,1994b).Inthiscase, thespecification 

for model acceptability may be quite straightforward, 

and expressed in terms of confidence limits on the 

predicted lead concentration. Other models, such as 

forest ecosystem process models, produce a series of 

projected conditions over time (Mäkelä et al., 2000). In 

this case, model evaluation must consider the trajectory 

of numerous variables over time, and specification of a 

simple rule for model acceptance is quite challenging. 

Forest carbon accounting models are more similar to the 

latter example, in that estimates of change in numerous 

interacting carbon pools are needed over time. It is 

evident from literature that the a priori specification of 

decision rules continues to challenge ecological mode-

lers. Rykiel (1996) suggests that ‘‘[T]he most common 

https://irrelevant��.In
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problem with ecological and environmental models is 

failure to state what the validation criteria are.’’ 

So while quantitative analysis of model perfor-

mance is widely accepted as a critical part of model 

evaluation, there is no universally applicable approach 

to either the statistical tests or the framing of accep-

tance criteria, and availability of validation data is 

often cited as a primary impediment. 

8. Sensitivity analysis 

Sensitivity analysis examines the degree to which 

the model result is affected by changes in selected 

input parameters (ASTM, 1992). Because ecological 

and environmental models are frequently (and neces-

sarily) applied outside the range of conditions repre-

sented by the data used to create them, sensitivity 

analysis is especially important (Beck et al., 1997). 

Sensitivity analysis provides insight into the influence 

of different model parameters, which can promote a 

general understanding of model robustness. When a 

model is shown to be relatively insensitive to a given 

parameter, then relatively less time and effort can be 

expended on selecting or estimating the parameter 

value, and confidence in the stability of model results 

may increase (Chen and Beck, 1999). An example of 

such an analysis in a forest carbon accounting context 

is described by Smith and Heath (2001), who identi-

fied model sensitivity to range, shape, and covaria-

bility of model parameters. Likewise, the VEMAP 

project described previously conducted simultaneous 

sensitivity analysis with multiple models using the 

same range of inputs. 

Despite its strengths, sensitivity analysis cannot be 

viewed in the same light as model validation. Loehle 

(1997) argues that simply because an analysis shows a 

model to be insensitive to modest parameter error, the 

model cannot be deemed ‘‘validated’’. Similarly, when 

model outputs vary widely in response to perturba-

tions in parameter values, the model is not necessarily 

invalidated (Beck et al., 1997). 

9. Existing guidelines and standards 

Some of the recommendations reviewed herein 

have made it into standards and guidelines for model 

evaluation and application. For example, the Amer-

ican Society for Testing and Materials (ASTM) has 

standards for statistical evaluation of atmospheric 

dispersion model performance (ASTM, 2000), and a 

guide for comparing groundwater flow model simula-

tions to site-specific information (ASTM, 2002). A 

standard practice for evaluating mathematical models 

for the environmental fate of chemicals was adopted 

(ASTM, 1992) but subsequently discontinued. 

The US Department of Transportation has pub-

lished a ‘‘Model Validation and Reasonableness 

Checking Manual’’ (Barton-Aschman Associates, 

1997) for the evaluation of travel models. The US 

Environmental Protection Agency (EPA) has ex-

pended considerable effort at formalizing guidelines 

for model evaluation. Results include guidelines for 

peer review of models (US EPA, 1994a), a white paper 

on issues related to adopting model use acceptability 

guidelines (US EPA, 1999), and guidelines for devel-

oping quality assurance plans for modeling efforts (US 

EPA, 2002). 

In Europe, over a decade of effort has gone into the 

harmonization of atmospheric dispersion models 

(Olesen, 2001). A significant result of this collabora-

tion has been the development of a standardized 

approach and tool set to compare models using com-

mon data: the ‘‘Model Validation Kit’’. 

10. Policy and legal concerns for the 
use of models 

The use of scientific models to inform agency 

decisions, to promulgate regulations, or to otherwise 

initiate agency actions will invariably imply certain 

legal and policy constraints. Those constraints are 

often the result of the reliance upon legalistic mechan-

isms to contest or force agency action (Kagan, 2001). 

As such, the proposed use of scientific models must 

consider the potential for judicial scrutiny of the 

model, the model’s particular application, as well as 

the policies followed in developing and adopting the 

model. These considerations are particularly impor-

tant when use of a predictive model will either facil-

itate or restrict action by the agency or by agency-

regulated private parties. Such predictive models are 

typically an amalgam of political, regulatory, and 

scientific components (Westerbrook, 1999), the 
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outputs of which are often the source of, or a con-

tributor to, legal disputes. 

Federal courts in the United States have a lengthy 

history of involvement in arbitrating the use of pre-

dictive models by federal agencies (Case, 1982). 

Should a court invalidate the application of a particular 

model, an agency’s ability to use the model may be 

impaired or even eliminated. Resolving those disputes 

may well entail a judicially determined mixture of 

science, policy, and social concerns (Fienberg et al., 

1995). As such, it has been suggested that agency 

policy considerations should be explicit, particularly 

when an agency chooses one set of assumptions over 

another, draws one set of inferences over another, or 

chooses a particular predictive model over another 

(Administrative Conference of the US, 1985; Craw-

ford-Brown, 2001). 

11. Data Quality Act 

Of particular future significance for US modelers 

engaged in the development of agency policy, regula-

tions, or other proposed actions will be the as-yet-

untested effects of the Data Quality Act (Pub. L. No. 

106-554, 114 Stat. 2763A-153 [2000]). This legisla-

tion requires that nearly all federal agencies prepare 

guidance to maximize the quality, objectivity, utility, 

and integrity of information the agency publicizes or 

disseminates—including, presumably, quantitative 

models. It further provides for a procedural mechan-

ism for aggrieved parties to request that the agency 

correct information perceived to violate the guidance 

prepared by the agency or the Office of Management 

and Budget. In response to this legislation, the Depart-

ment of Agriculture promulgated guidance covering 

the dissemination of both regulatory information and 

scientific research information (USDA, 2003a,b). This 

guidance includes the following: 

When creating estimates or forecasts that are 

derived from existing data sources using models or 

other techniques [emphasis added]: 

Use sound statistical methods that conform to 

accepted professional standards. 

Document models and other estimation or forecast-

ing techniques to describe the data sources used and 

the methodologies and assumptions employed. 

In addition, the USDA guidelines cite the Office of 

Management and Budget (OMB) recommendations 

for conducting scientific peer review, which should be 

applied to such models: 

OMB recommends that 

(a) peer reviewers be selected primarily on the basis 

of necessary technical expertise, 

(b) peer reviewers be expected to disclose to 

agencies prior technical/policy positions they 

may have taken on the issues at hand, 

(c) peer reviewers be expected to disclose to 

agencies their sources of personal and institu-

tional funding (private or public sector), and 

(d) peer reviews be conducted in an open and 

rigorous manner. 

The regulatory guidelines under the Data Quality 

Act are far-ranging, including such things as rulemak-

ing, documents prepared in accordance with require-

ments of the National Forest Management Act 

(including national forest plans), environmental docu-

ments prepared under the National Environmental 

Policy Act, and biological evaluations and assess-

ments prepared under the Endangered Species Act. 

The USDA guidance emphasizes: 

use of sound analytical methods; 

use of reasonably reliable and timely data; 

ensuring transparency of analysis and documenta-

tion of data sources, including uncertainty and 

limitations; 

where appropriate, employing external peer review. 

These criteria largely mirror the various criteria 

identified to maximize the survivability of predictive 

models in regulatory and judicial settings. 

To date, the Forest Service reports 11 Data Quality 

Act requests, eight for informational corrections and 

three for decision reconsideration (USDA, 2003b). 

None of the 11 has questioned the use of a predictive 

model. The potential for challenges to such models, 

however, should not be overlooked. Close adherence 

to the existing agency guidance, and amendment of the 

guidance as necessary to reflect evolving judicial 

concerns should be considered. Though the general 

expectation is that a court will uphold an agency’s use 

of a predictive model (Otero-Phillips, 1998), failure to 

adhere to internal agency guidelines, or the guidance 

established in legal precedence will increase the 
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chance that the use of a particular model will be 

curtailed. 

12. Legal views on model verification 

While there are decided parallels between the 

accepted scientific practices in evaluating models 

and the legal considerations for model use, the differ-

ing standards applied by scientists and courts of law in 

verifying a predictive model present unique concerns 

for public bureaucracies (Grossman, 1992). An exam-

ple is the role that the opportunity for public comment 

plays in the judicial calculus. While certainly not a 

matter of scientific concern, it has been suggested that 

failure to afford a meaningful comment period on a 

model, wherein objections to the model might be 

raised, should serve as a fatal legal defect in the future 

use of the model (Case, 1982). Additionally, at least 

one court ratified the use of a Forest Service predictive 

model, in part due to the agency providing for and 

considering public comments (Sierra Club v. US 

Forest Service, 1993). 

Various sources have identified criteria that may or 

should be considered in assessing the propriety of a 

particular model’s application. They include: stating 

the model’s assumptions (Case, 1982; Administrative 

Conference of the US, 1985; Shook and Tartal, 2000); 

disclosing limitations (Administrative Conference of 

the US, 1985; Crawford-Brown, 2001); disclosing the 

decision-making variables not dependent on the model 

(Administrative Conference of the US, 1985); disclos-

ing uncertainty (Administrative Conference of the US, 

1985; Shook and Tartal, 2000); the degree of scientific 

acceptability (Grossman, 1992; Shook and Tartal, 

2000; Crawford-Brown, 2001); the use of peer review 

(Shook and Tartal, 2000), and adequate empirical 

testing (Jones, 1987; Grossman, 1992; Grossman 

and Gagne, 1993; Sklash et al., 1999). 

13. Appropriate model application 

Of fundamental importance is the realization that 

predictive models relied upon for uses other than those 

for which they were developed may subsequently 

result in poorly designed polices (House, 1982). 

The process or manner in which a model is applied 

can be of equal or even greater importance than the 

substance of the model (Shook and Tartal, 2000). 

Misuse or erroneous application may lead to rejection 

of the model’s results. Additionally, at least one court 

has noted that an overly rigid application of the model 

by the agency will subject the model and the agency’s 

supporting evidence to heightened judicial scrutiny 

(Chemical Manufacturers Association v. EPA, 1994). 

14. Evaluation of model results 

Discrepancies between model predictions and 

actual data obtained by monitoring or other means 

have certainly not gone unnoticed or unchallenged by 

various courts. Unfortunately, there is no consensus on 

the question of how inconsistencies with observed 

data will affect the legal acceptability of a particular 

model (Johnson, 1987). Additionally, of particular 

difficulty for federal agencies in developing predictive 

models and the protocols for their use is the fractured 

nature of the US federal judiciary system. Due to the 

number of federal district courts and appellate circuits, 

diverse opinions may develop on the creation and 

use of predictive models (Johnson, 1987). In such 

instances, agencies may receive confusing, or even 

conflicting messages as to the acceptability of the 

subject model. 

15. Example cases 

There is but a single reported case detailing Forest 

Service reliance on a predictive model (Sierra Club v. 

USFS, 1993). In that case, the court determined that 

the agency’s use of the HABCAP program was legit-

imate provided the Forest Service revealed the data 

and assumptions of the model, allowed and considered 

public comment on the model, and ensured that the 

ultimate decision rested with the agency, not with the 

model output. 

In contrast, the Environmental Protection Agency’s 

use of its CRSTER model was determined to be 

arbitrary and capricious (Ohio v. EPA, 1986). The 

court noted specifically that the agency failed to 

calibrate the model with site-specific data, and by 

failing to do so, the EPA violated its own modeling 

guidelines. While the facts of the cases differed, it is 
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important to note the emphasis placed upon proce-

dures by both courts. While a court may be loath to 

second-guess the agency’s choice of a model, or 

critique the model’s inner workings, courts are much 

more receptive to ensuring that appropriate processes 

are followed prior to the employment of the model, 

particularly transparency in the model’s assumptions 

and availability of the underlying data. 

16. Consensus recommendations and summary 

There is abundant literature on the topics of model 

evaluation approaches, guidelines for application of 

models in policy settings, and standards for model 

documentation. If models are to be widely applied in 

the context of reporting carbon stores and fluxes for 

greenhouse gas accounting (or for carbon markets), it 

is reasonable to expect that these models should 

adhere to scientifically relevant and judicially proven 

guidelines. The following recommendations are made 

repeatedly in the literature, and seem relevant in the 

context of forest carbon accounting. 

1. The scope of the model should be clearly defined. 

This is the model domain, and can be expressed in 

terms of ecophysiographic regions, spatial scale, 

and temporal scale. For FCA models, the domain 

would also include the range of silvicultural 

treatments that are modeled, tree species, forest 

product end uses, etc. The model application 

should be limited to the domain for which a model 

has been developed and evaluated. Models should 

be applied to additional situations only after 

appropriate validation. 

2. Models should be clearly documented. Documen-

tation should include assumptions, known limita-

tions, embedded hypotheses, assessment of 

uncertainties, and sources (for equations, data 

sets, factors or parameters, etc.). Thorough 

documentation of model processes and assump-

tions should allow independent investigators to 

reproduce model results from the same input data. 

3. Models should be scientifically reviewed. A 

thorough peer review process would include 

evaluation of equations, modeling system, soft-

ware, and calibration data set, for applicability 

and adequacy. In addition and as appropriate, the 

review should be conducted not only by modeling 

specialists, but by experts in relevant fields of 

biology, ecology, physiology, etc. This presents a 

particular challenge for FCA models, which 

include components spanning a wide range of 

technical disciplines and potentially broad array of 

ecophysiographic regions. 

4. When possible, model results should be compared 

with field observations and results of this compar-

ison should be published. Such model compar-

isons are most valuable when done in the domain 

of model application. This may be more feasible 

for some components of FCA models than others; 

for example, vegetation biomass is far more 

readily validated than soil organic carbon. 

5. Sensitivity analysis should be conducted to 

identify behavior of model across the range of 

parameters for which it is to be applied. This 

recommendation is perhaps the most readily 

applied to FCA models, as evidenced by examples 

(Schimel et al., 2000; Smith and Heath, 2001). 

6. Models should be made available for testing/ 

evaluation. For example, an online implementa-

tion of a forest carbon estimator is being 

developed which will allow quantification of 

forest carbon storage for user-specified areas 

within the US (Proctor et al., 2004). 

7. Because models are a function of the scientific 

understanding and data at the point in time at 

which the model was developed, they should be 

periodically reviewed in light of new knowledge 

and data. If necessary, models should be recali-

brated based on this evaluation. In an area of 

widespread scientific inquiry and extensive re-

search such as the forest carbon cycle, new 

knowledge may indicate that FCA models should 

be reviewed on decadal time frame, if not more 

frequently. 

8. When models are applied in regulatory or policy 

development, a public comment period is critical. 

While forest carbon accounting is unlikely to 

attract widespread public interest, interested 

parties include forest managers, landowners, forest 

products buyers, and scientists. If and when 

markets for carbon trading are more firmly 

established, more parties will become financially 

involved and interested in mechanics and assump-

tions of FCA models. 
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It is also clear that consistency and openness in the 

process of developing models, and a well-defined and 

appropriate context for applying models, are crucial in 

providing a model application that will withstand 

public scrutiny and legal challenge. 

When ecological or environmental models are 

applied in settings with significant policy, economic, 

regulatory, or social impacts, it is reasonable to hold 

them to high standards. When FCA models provide 

information that is subsequently used in the context of 

international agreements, policy development, regula-

tion, or emissions trading markets, it seems clear that 

similar high standards should apply. Substantial scien-

tific discussion and judicial action have addressed 

model development, evaluation, and application in 

environmental regulatory arenas. In some cases (within 

some agencies and for some specific applications), 

standardsandguidelineshavebeendeveloped.Itappears 

that the application of forest carbon accounting models 

would benefit from broader discussion and considera-

tion of similar standards and guidelines. 
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Mäkelä, A., Landsberg, J.J., Ek, A.E., Burk, T.E., Ter-Mikaelian, 
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