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Theme 2: User-Relevant Verification 
1. Introduction 
 
 Late in the 19th century, a sergeant in the U.S. Army Signal Corps was responsible for an 
event that gave rise to numerous developments related to the methods used for evaluating (or 
verifying) the performance of weather forecasts. In 1884 Sergeant John Finley published the 
results of an experiment in which he forecasted the occurrence/non-occurrence of tornadoes in a 
large number of U.S. districts (Finley 1884). Finley evaluated the quality2 or performance of the 
tornado forecasts using a reasonable statistical measure, the percentage of correct forecasts. With 
this statistic, Finley found that his tornado forecasts were 96.6% accurate. Unfortunately—as 
was pointed out in numerous articles and discussions that followed—Finley’s forecasts would 
have fared better, with 98.2% correct, had he never forecasted a tornado (Murphy 1996).3  
 The Finley example is relevant and compelling because (a) it clearly demonstrates that 
some measures of forecast quality may not indicate much about the usefulness of a forecast; (b) 
it led to a set of standard verification measures that are still heavily relied on today; and (c) a 
number of issues that were raised in the resulting discussions have still not been resolved or 
adequately considered by the forecast verification and forecasting communities, even 120 years 
later.4

 In particular, the “Finley affair” led to the first scientific discussion of forecast 
verification (described in Murphy 1996), the development of numerous verification measures 
(e.g., Equitable Threat Score, also known as the Gilbert skill score; Gilbert 1884), and the 
awareness and discussion of many issues related to how forecasts should be evaluated. For 
example, Peirce (1884) and others considered the dimensionality of the forecast verification 
problem—the fact that the quality of a forecast cannot be summarized using a single measure; in 
fact, representing the full information in the joint distribution of forecasts and observations 
requires a large number of measures (Murphy 1991). Köppen (1893) and others raised questions 
regarding the relationship between forecast performance and forecast use and value, and Nichols 
(1890) considered the fact that the costs and losses associated with misses and false alarms may 
be different, and they may differ for particular sets of users. Finally, Clayton (1889) discussed 
the need to specify the purpose of verification before designing verification metrics. 
 Much later, Brier and Allen (1951) specified three purposes for forecast verification —
administrative, scientific, and economic—which are still relevant and noted today (e.g., Wilks 
2006; Jolliffe and Stephenson 2003). The administrative purpose refers to the need to for 
managers and others (e.g., funding agencies) to monitor forecast performance, to ensure that 
forecasts are not degrading, and to select among alternative forecasting systems. The scientific 
purpose refers to the need by forecast developers (or forecasters) for information that will help 
improve the forecasts. The economic purpose refers to the need for users to have information that 
will improve decisions, or allow them to evaluate forecast benefits. 
 

                                                 
2 Here the word “quality” refers to the degree of correspondence between the forecasts and observations 
(Murphy1993). 
3 The Finley example is beautifully described, and the aftermath discussed, in Murphy (1996). Because the Finley 
saga represents an important stage in the development and understanding of several aspects of forecast verification, 
many texts, including Jolliffe and Stephenson (2003) and Wilks (2006), also discuss this event and its consequences.  
4 Murphy (1996) called this situation “the benign neglect afforded the subdiscipline of forecast verification by the 
meteorological community as a whole during this period.” 
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 Unfortunately, most current verification activities, especially at operational prediction 
centers, serve only the first of these purposes (i.e., administrative) and many of the lessons 
learned and issues raised by the Finley affair are still not given adequate consideration today. 
 The thesis of this paper is that the atmospheric sciences community, with the guidance of 
social scientists and application area experts, can—and should—do a much better job of 
evaluating forecasts in a meaningful way (even taking guidance from the late 19th century). By 
making forecast verification more user-relevant in both operational settings and in forecast 
development, information can be provided that is beneficial for a variety of end users (including 
forecast developers). 
 The paper first considers the current situation and widely applied “traditional” 
verification approaches, and then discusses the problems and limitations of these approaches. A 
diagnostic approach to verification is then considered and demonstrated using examples. The 
next section proposes a hierarchy of “user relevance” to help define how forecast verification 
approaches can mature into approaches that truly produce meaningful information for forecast 
users. Finally, we propose set of research objectives related to this hierarchy, which could be 
accomplished as part of a North American THORPEX Societal and Economic Research and 
Applications (SERA) research agenda. 
 In the context of this paper it is important to distinguish between forecast quality and 
forecast value or benefits. As eloquently discussed by Murphy (1993), improvements in forecast 
quality (which measures the correspondence between forecasts and observations) do not 
necessarily result in increases in value or benefits for any or all users. The relationship between 
forecast quality and value typically is very complex, and depends on the parameters defining the 
use of the forecasts or the decision-making situation, and on attributes of the forecast user. 
Measuring forecast value thus is not as straightforward as measuring quality, and requires 
application of economic or decision models, or sophisticated survey research methods5. 
Estimates of forecast quality and forecast value both contribute to forecast evaluation. 
 
2. Traditional (measures-oriented) verification approaches 
 
 The traditional forecast verification approaches that are commonly applied in practice in 
both research and operational settings are measures-oriented. That is, they rely on simple scalar 
estimates of forecast quality. Typically, one or two measures or skill scores are used to 
summarize the performance characteristics of a set of forecasts. Each measure estimates quality 
in terms of a single specific attribute6 (e.g., accuracy, skill). The selection of specific measures 
typically depends on characteristics of the forecasts (e.g., continuous, categorical, probabilistic) 
and observations, but may include such statistics as the Heidke skill score, Root-Mean Squared 
Error (RMSE), correlation, Brier score, Critical Success Index (CSI), Probability of Detection 
(POD), False Alarm Ratio (FAR), and Brier score7. Such measures are typically applied even if 
the forecast has a spatial or gridded form (i.e., as opposed to representing conditions at a 

                                                 
5 The Theme 3 discussion paper for this workshop discusses these methods. 
6 A forecast attribute is a characteristic of a forecast that represents one aspect of forecast quality. For example, skill 
measures the relative accuracy of a forecast compared to the accuracy associated with a naïve standard such as 
climatology.  
7 See Jolliffe and Stephenson (2003), Stanski et al. (1989), and Wilks (2006) for details about these and other 
verification measures. 
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particular point or station). For example, gridded precipitation forecasts are generally evaluated 
as a set of point forecasts. 
 Model developers and managers commonly use scalar verification measures such as these 
to make decisions regarding model parameterizations and other attributes of operational 
forecasting systems. By applying such criteria to make these choices, they are implicitly deciding 
which aspects of the model are important and should be optimized. For example, by keying on 
the RMSE associated with predictions of the height of the 500 mb pressure surface as an 
important measure of model performance, model developers (and managers of model 
development) implicitly assume that this attribute of the forecasts (500 mb height) is (or 
represents) the most important attribute of the model forecasts; this approach results in a model 
that is good at making these types of forecasts—but may not be as good at making other types of 
forecasts (e.g., forecasts of surface variables, such as temperature or precipitation extremes that 
are relevant for end users). Moreover, using the RMSE to measure quality implies that small 
errors are much less important than large errors, and rewards conservatism in the model 
predictions. Choices like these generally are made without considering the needs or values of end 
users. Thus, forecast model development generally is controlled by simplistic evaluation of one 
or two parameters that are not likely to be relevant for any particular set of users.8  
 Typically, operational forecast verification and verification analyses applied in forecast 
development studies provide aggregated statistics for forecasts collected across large spatial and 
temporal domains rather than for homogeneous subsets, even though such aggregation tends to 
hide important information about forecast performance. Moreover, stratification of results 
according to regional domains and sub-periods (and other relevant categories) might provide 
information that is more meaningful for particular users.  
 Forecast verification studies also rarely include information about the uncertainty 
associated with the verification measures themselves. This uncertainty arises from measurement 
errors in the observations used in the verification analyses, as well as sampling variability 
associated with the selection of forecasts to be included in the analysis. Ignoring this uncertainty 
may lead, for example, to arbitrary choices for operational models, based on differences in 
performance that are not statistically meaningful. 
 
3. Motivations for alternative verification approaches 
  
 Application of traditional forecast verification measures allows overall monitoring of 
forecasting performance according to specific criteria (e.g.,, these measures may meet certain 
administrative needs for forecast verification information). However, the traditional measures 
have several limitations and flaws. For example, they measure only a very limited set of 
attributes of forecast quality. In addition, they tend to reward “smooth” forecasts over forecasts 
with more detail (including more realistic ranges of values) and they do not provide information 
about what went wrong with a forecast (i.e., they only have the capability to indicate that it was 
wrong). In addition, using the measures-based approach does not allow diagnosis of how the 

                                                 
8 From a historical perspective, the convention of evaluating forecasting models using variables that do not have 
direct human impacts (e.g., 500 mb height) and the reliance on simple scalar verification measures (e.g., RMSE, 
anomaly correlation) may have been reasonable in the early years of numerical weather prediction, when weather 
prediction models were much simpler and had limited capabilities. However, many model forecast evaluations still 
rely on these measures and variables even though the capabilities of models are now much richer, and methods are 
available to evaluate attributes of forecasting performance that are much more relevant for human activities. 
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forecast can be “fixed,” or provide information to feed into the forecast development process. 
Finally, such approaches frequently are not “informative” to users—the relevancy of many of the 
measures to decision making is often unclear. 
 What makes a good forecast? Traditional verification measures simply evaluate goodness 
in terms of the overall correspondence between forecasts and observations. However, as a couple 
of simple examples demonstrate, forecast goodness depends critically on the forecast application 
(i.e., how the forecast is used) as well as the information about performance that is needed by 
forecast users or decision making systems. 
 The first example, in Figure 1, shows a simple spatial forecast, say, of precipitation. 
When considering only the forecast (Fig. 1a), all standard verification measures would indicate 
this is a bad forecast; the RMSE would be large, POD would be 0, FAR would be 1, and CSI 
would be 0. None of these measures indicates that the forecast is the correct size and shape, and 
that it is displaced only slightly from the observed precipitation region. In the context of 
predicting precipitation over a watershed (Fig. 1b) the forecast would, indeed, be considered a 
poor forecast because no precipitation was predicted to fall over the watershed. In contrast, an air 
traffic manager might consider the forecast to be pretty good (Fig. 1c), because it indicates that 
the route from A to B will be blocked, which turns out to be the case.  
 In the second example (Fig. 2), the first forecast and observation pair (Fig. 2a) are 
equivalent to the example in Fig. 1a—the forecast region is the correct size and shape and is just 
displaced slightly from the observed region. In the examples in Figs. 2b-d, the forecasts have 
various additional flaws—having the wrong shape and orientation, and/or greater displacement 
than in Fig. 2a. In the fifth example (Fig. 2e), the forecast area is much lager than the observed 
area, but some of the forecast region overlaps the observed region. The traditional verification 
statistics for the examples in Figs. 2a-d indicate that none of the forecasts has any skill; 
moreover, all of the forecasts are assigned the same numerical scores (i.e., POD=0, FAR=1, 
CSI=1; large RMSE), regardless of the form of the forecast error. Moreover, the fifth forecast 
(Fig. 2e)—which may be considered by many/most users to be the worst forecast—has positive 
skill (i.e., POD>0, FAR<1, CSI>0, smaller RMSE). Thus, the traditional scores do not offer 
information about the relative goodness of these forecasts, or information that could be used to 
distinguish one forecast from another. 
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Figure 1. Example showing the importance of how a forecast is used as a determinant of whether it is “good”. 
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Figure 2. Simple example of the impacts of different types of errors 
on verification results. Each of the forecasts in (a) through (e) has 0 
skill according to traditional verification approaches, whereas the 
forecast in (e) has positive skill. From Davis et al. (2006a).
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skill according to traditional verification approaches, whereas the 
forecast in (e) has positive skill. From Davis et al. (2006a).
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errors, large errors have a much greater effect on the scores than smaller errors. Thus, if a correct 
large value is forecasted but is slightly misplaced, the squared error is much larger than if a 
smaller (incorrect) extreme value were forecasted in the wrong place (as could happen with a 
low-resolution forecast).  Moreover, as shown by the examples in Figs. 1 and 2, traditional 
metrics are insensitive to the character or cause of an error, so that even if a detailed forecast 
correctly characterizes future weather conditions (which could be useful information for many 
applications), standard verification scores will indicate the forecast is poor—or even that it has 
no skill—if there is any error in the placement of the forecast. 
 
4. Diagnostic verification approaches 
 
 The goal of a diagnostic forecast 
verification approach9 is to provide a more 
“holistic” evaluation of forecasts, by viewing 
multiple attributes of forecast performance, 
rather than summarizing performance in a single 
or few measures. These attributes can represent 
statistical quantities such as reliability, 
resolution, accuracy, or discrimination, or they 
can represent features that are of interest to 
answer specific questions about the performance 
of the forecasts. The attributes can be designed 
to answer specific questions (e.g., What is the 
average timing error in the forecasts? Is the 
maximum intensity correct?). In general, 
diagnostic approaches provide detailed 
information about forecast quality, and allow the 
capability to understand what went wrong with 
the forecasts, as well as what went right. They 
also provide information to help determine how 
a forecasting system can be improved, and allow 
meaningful comparisons to understand how 
forecasting systems differ from one another.  
 Figure 3 shows an example of a basic 
diagnostic technique. This conditional quantile 
plot shows the distributions of observations 
given particular forecasts, for a generic 
forecasting system. This diagnostic plot gives 
information about the ranges of observed values 
associated with particular forecast values. For 
example, in Figure 3, for a forecast of 15, most of the observations (between the 10th and 90th 

Figure 3. Example conditional quantile plot 
showing quantiles of the conditional 
distributions of observations associated with 
particular forecast values. The median line 
represents the middle of the distributions, 
with 50% of the observed values less than this 
value and 50% larger than this value. The 
10th (90th) quantiles represent the values for 
which only 10% of the observations are 
smaller (larger); and the 25th (75th) 
quantiles represent the values for which only 
25% are smaller (larger). (Figure courtesy of 
Matt Pocernich)

Figure 3. Example conditional quantile plot 
showing quantiles of the conditional 
distributions of observations associated with 
particular forecast values. The median line 
represents the middle of the distributions, 
with 50% of the observed values less than this 
value and 50% larger than this value. The 
10th (90th) quantiles represent the values for 
which only 10% of the observations are 
smaller (larger); and the 25th (75th) 
quantiles represent the values for which only 
25% are smaller (larger). (Figure courtesy of 
Matt Pocernich)

                                                 
9 Murphy and Winkler (1987) set the stage for diagnostic approaches for verification by considering verification in 
the context of the joint distribution of forecasts and observations. This work was extended to discussions of 
diagnostic approaches for probabilistic and continuous forecasts (Murphy and Winkler 1992; Murphy et al. 1989). 
The distributions-oriented diagnostic approach is described by Wilks (2006) and has been applied by Brooks and 
Doswell (1996) and others. 
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percentile) are between about 12 and 18. The median values indicate that small forecasts 
typically underestimate the observed value, whereas large forecasts are overestimates—that is, 
the forecasts are conditionally biased for extreme values (note that the bias would appear to be 0 
if all the forecasts were combined). This kind of information could be quite useful for decision 
makers in determining how to react, for example, to forecasts of low temperatures. Moreover, it 
could be used to calibrate and improve a forecasting system. 
 In addition to the basic diagnostic methods that have been developed for forecasts at a 
particular location (e.g., “temperature in Denver”), new methods are under development that are 
specifically focused on diagnostic evaluation of high-resolution spatial forecasts. These methods 
consider a variety of characteristics of the performance of spatial forecasts (e.g., for precipitation 
and similar types of weather events), including characteristics that could help improve the 
forecasts and/or aid in users’ applications of the forecasts.10  
 The object-based approach, in particular, focuses on identifying and evaluating forecast 
attributes that indicate which aspects of a forecast are good and bad; the approach can 
incorporate particular attributes that are of interest to individual types of users. Figure 4 shows an 
example of this approach; individual precipitation objects are identified in the forecast and 
observed grids, and are grouped into “composite” objects in each field. The composite forecast 
and observed objects are then matched to one another, and a variety of attributes are compared. 
The results of the object-based comparisons provide many details about particular characteristics 
of the forecasts. For example, all of the forecast objects in this example were located too far 
north and too far west, the median forecast precipitation intensities were too large, and the 
forecast extreme precipitation intensities were too small. In contrast, a traditional verification 
analysis for this example—POD=0.27, FAR=0.75, CSI= 0.34—clearly provides information that 
is much less rich and informative. 
 
5. Moving toward increased user focus 
 
 Diagnostic approaches are one way to make verification information more meaningful to 
users. Certain forecast quality attributes are clearly more meaningful to certain users than others, 
and the diagnostic approaches allow a wide variety of attributes to be computed. Nevertheless, 
by themselves, diagnostic approaches only go part of the way toward providing truly beneficial 
user-relevant information. 
 An obvious additional step is be to work directly with users to determine what forecast 
performance information would be most useful, and to produce verification information that is 
tailored to specific applications. This approach would be especially beneficial, for example, for 
identifying the forecast performance information required by an objective decision support 
system. 
 Stratifying verification results according to meaningful subgroups is a second—and 
easily implemented—approach for making verification results more user-focused. Aggregation 
of results across large regions and time periods can lead to the loss of a great deal of useful 
information. For example, verification results for long-range and seasonal forecasts issued by the 

                                                 
10 Examples of these methodologies include scale separation approaches (e.g., Casati et al. 2004; Tustison et al.  
2003; Zepeda-Arce et al.2000); an entity approach (e.g., Ebert and McBride 2000); a composite approach (e.g., 
Nachamkin 2004; Nachamkin et al. 2005); fuzzy approaches, which take into account uncertainties in the forecasts 
and/or observations (e.g., Atger 2001, Brooks et al. 1998); and several object-based approaches (e.g., Baldwin  
2004;  Brown et al. 2004; Davis et al.2006a,b; Marzban and Sandgathe 2006). 

 8



NWS’s Climate Prediction Center are currently presented on the NWS web page as aggregate 
statistics over the entire continental United States; breaking these results into regional statistics 
would allow users to know in which parts of the country the forecast performance is good 
enough for the forecasts to possibly be useful.  
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Figure 4. Example of an application of an object-based verification approach for precipitation forecasts. 

 
 Another important aspect of verification that has usually been ignored, as noted in 
Section 2, is the uncertainty in the verification measures themselves. For users to make rational 
decisions, and for managers and forecast developers to make appropriate choices of model 
enhancements, this uncertainty must be computed and communicated. 
 Finally, it is critical to consider how users can make the best use of forecast verification 
information. Objective decision support systems can directly apply appropriate types of 
verification information—in fact, verification information provides the link between forecasts 
and their value for problems where the decision-making situation is well understood. A simple 
example is the reliability of probability forecasts, which is an obvious direct input to a decision 
support system that employs probabilistic weather forecasts11. In addition, verification 
information represents base-level uncertainty information about forecasts, and should at the very 
least be provided in that context. For example, the fact that the performance of temperature 
forecasts degrades with lead time is relevant and meaningful information for most users. Much 
more investigation is needed regarding users’ needs for and applications of this type of 
uncertainty information, to help understand the forms and types of information that should be 
provided for specific users. 
 

                                                 
11 Reliability indicates the probability that the forecasted event will occur, given a particular forecast. 
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6. Levels of user focus in verification 
 
 Although traditional verification approaches have limited benefits for most users (other 
than for the administrative monitoring activity) it clearly is possible to measure the quality of 
various forecast attributes in ways that would provide meaningful information for a variety of 
users. Moreover, although the relationship between forecast quality and value is complex, 
verification approaches can be designed that have relevance for the estimation (or at least 
understanding) of forecast value. To foster development of approaches that will meet the needs 
of specific users and applications of forecast quality information, we propose a hierarchy of five 
levels of user-relevant verification information (see Table 1), where Level 0 represents the 
conventional application of scalar measures. Moving through this hierarchy leads to verification 
approaches that produce information that is meaningful for specific forecast users, and finally to 
Level 4 where forecast value and usefulness are estimated directly. The five levels are 
characterized as follows: 
 
Level 0 
Only conventional measures-oriented verification is applied, with only one or two measures 
reported. The verification results are aggregated across broad regions and time periods, with no 
information about the uncertainty in the verification statistics. 
 
Level 1 
Broad diagnostic approaches are applied, which provide a great deal of information about a 
variety of attributes of forecast performance. Results are stratified into meaningful categories 
(e.g., for climatologically homogeneous regions), and uncertainty information (associated with 
the verification statistics themselves) is provided either directly or through distributions of errors. 
Much of the information is presented graphically and with user-selectable thresholds and 
stratifications. Even this level of verification is a very large advance approaches commonly 
applied today. 
 
Level 2 
Features-based and advanced spatial approaches are incorporated for the evaluation of spatial 
forecasts or forecasts across time; enhanced diagnostic approaches are also applied. The features 
evaluated have implications for the utilization of the forecasts by a variety of users, and can be 
defined to meet the needs of particular types of users. These users can infer information about 
the value/usefulness of the forecasts.  
 
Level 3 
Users are included in the development process for verification approaches. Specific verification 
information is designed to meet the needs of these users, and verification results are stratified 
into categories that users identify as meaningful. Users also specify particular thresholds of 
interest for their application. Specialized datasets that are relevant for a particular decision-
making situation may also be incorporated into the verification analyses. In addition to enabling 
the development of user-focused verification approaches, the interactions with users will 
facilitate the development of bridges between the weather community and user groups, which 
will benefit many aspects of the forecasting process. 
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Table 1. Hierarchy of levels of forecast evaluation approaches. 

Level Description Uses/users Aggregation 
Uncertainty 
in verification 
statistics 

Value 

0 

 Measures-
oriented 
verification 

 One or two 
statistics 
provided 

Administrative 
only 

Broadly 
aggregated both 
spatially and 
temporally 

Not considered No information 

1 Broad diagnostic 
approaches 

 Administrative 
 Forecast 

developers 
 Some users 

Stratified into 
relevant 
categories 

Provided 
directly, or 
indirectly 
through 
distributions of 
errors 

No direct 
information 

2 

Features-based 
and enhanced 
diagnostic 
approaches added 
to Level 1 

 Administrative 
 Forecast 

developers 
 Broad range of 

users 

Stratified into 
relevant 
categories 

Provided 
May be inferred 
by individual 
users 

3 
Level 2, plus 
specific information 
provided for 
particular users 

 Administrative 
 Forecast 

developers 
 Broad range of 

users 
 Specific users 

Stratified into 
user-specified 
categories 

Provided 
Can be inferred 
by individual 
users 

4 

In addition to 
above, economic or 
cost-loss models, 
or survey methods, 
are used to assess 
the value or 
benefits of 
forecasts for 
specific users 

 Administrative 
 Forecast 

developers 
 Broad range of 

users 
 Specific users 

 Stratified into 
user-specified 
categories 

 May 
aggregate 
across and 
among 
sectors 

Provided Directly 
estimated 

   
Level 4 
The ultimate level of forecast evaluation represents the direct evaluation of forecast value for 
specific users, in addition to the verification information from Level 3. Verification information 
from Level 3 is utilized by decision-making and economic models. Information from this level 
can directly guide users on how to optimally use forecast information. Because it will be difficult 
to produce forecast value information for all user groups and all types of forecasts, users will 
continue to need information from Levels 1-3 as guidance. 
 
 This hierarchy offers a model for how the process of forecast verification/evaluation can 
develop and mature to provide more meaningful and relevant information for users. As discussed 
in previous sections, most verification currently addresses Level 0, with some examples at Level 
1 and new research at Level 2. A few efforts have focused on Level 4, but only very limited 
efforts have included Level 3 activities. 

 11



7. Research challenges 
 
 Through its focus on societal and economic impacts of high impact weather forecasts, 
THORPEX offers an exciting opportunity to develop improved forecast evaluation approaches at 
Levels 1 through 4, as outlined in Table 1.  
 First, new methods should be developed and applied to produce a wide variety of 
verification information at Level 1 (broad diagnostic approaches). Current methods were 
developed many years ago and could easily be supplemented with a variety of new approaches 
(e.g., ways to view and summarize forecast, observation, and error distributions). Second, 
features-based approaches (Level 2) need further development so that they can be easily applied 
in practice. Both the diagnostic and features-based approaches need to be expanded to consider 
ensemble and probabilistic forecasts.  
 Third, initial efforts should begin soon to connect and work with specific sets of users to 
identify meaningful forecast attributes and verification approaches that will provide useful 
information for these users. The focus should initially be on individuals and groups in one or two 
sectors who are relatively sophisticated users of forecast information (e.g., water managers, 
electric utility forecasters, public weather forecasters). The team working on development at this 
level, as well as Level 4, must include both social scientists and application area experts.  
 Finally, many more studies and much more method development must be undertaken to 
achieve Level 4 (estimation of forecast value). Although several studies have focused on 
evaluations of forecast value for certain applications or sectors, these efforts have typically been 
very limited in scope and have not been done frequently enough to have an impact on the 
forecast development process. Moreover, these studies have not had the benefit of advanced 
verification methods as input to the forecast value estimation process, and so may not 
appropriately represent the benefits associated with meaningful improvements to the forecasts. 
Thus, in order for Level 4 efforts to be successful, Levels 1-3 must be appropriately addressed. 
Moreover, because the forecast development process cannot be directed by the needs of all users 
and the forecast value associated with all applications, a broad range attributes of forecast 
performance must be considered, in order to appropriately assess directions for future forecast 
development. 
 THORPEX field programs such as the Pacific-Asian Regional Campaign (PARC) and the 
THORPEX Interactive Global Grand Ensemble (TIGGE) project both provide opportunities for 
advancing verification methods and developing user-focused approaches. For example, field 
programs provide an opportunity to test new methods in practice, and TIGGE will produce a 
wealth of forecasts that can be used for extensive development and testing of new verification 
approaches. In both cases, the application of social science methods will be required to optimally 
develop the new verification methods. 
 
 Suggestions for specific research activities include the following: 

 Select one or more forecasting systems (e.g., TIGGE, PARC) to utilize in the testing 
and development of diagnostic verification approaches (Level 1), to extend currently 
available approaches and answer new questions about forecasting performance. 

 Enhance features-based approaches to be able to answer a wide variety of questions 
about forecasting performance for a number of different weather variables. Extend 
features-based approaches to the evaluation of ensemble forecasts. 
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 With one or more user groups (e.g., aviation, water resources) develop a process for 
identifying user-focused verification attributes. Develop a common language for 
discussing forecasting performance, investigate decision-making strategies, and 
translate the information needs into verification attributes. 

 Coordinate with specific studies of forecast use and value for which appropriate 
verification information is a vital component. Develop meaningful verification 
attributes for use in these studies and investigate the relationship between forecast 
quality (as measured by these attributes) and forecast value. 
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