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Abstract
As our understanding of the interactions present in socio-ecological systems advance, emulation 
modeling can help reduce the complexity and required computational resources of the models used to 
represent these systems. While emulation is commonly used in model meta-analyses and 
parameterization, it has been less explored in the context of environmental management. In this 
research, I analyze the reflections of a group of watershed modelers on environmental model 
emulation. I find that decreased simulation run-times are an important motivation because emulators 
enable stakeholders to interact directly with the model. However, participants also reported that criteria 
for an emulator in an environmental management context should also assess its capability to act as a 
platform for learning and to manage stakeholder perceptions of the modeling process. Further, at the 
science-action interface, stakeholder perceptions play a significant role in the approach to model 
emulation through determining acceptable levels complexity in model processes and inputs.
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1 Introduction
Model emulators are “models of models,” typically implemented in order to reduce the complexity and 
computational resources of numerical models (Castelletti et al., 2012; Ratto et al., 2012; Razavi et al., 
2012a). Within decision-making contexts such as watershed management, the reduction of complexity 
and computational resources is attractive because it may result in faster scenario testing and lower 
barriers for stakeholders to directly interact with models. Besides these performance-based benefits 
however, how emulation models fit into complex decision-making contexts has been less explored 
(Hong et al., 2017). This is particularly true given recent advances in deep/machine learning which is 
process-agnostic, but highly predictive of environmental phenomena (e.g.: Nearing et al., 2020). The 
implications of faster and higher resolution model emulators in decision-making contexts is less 
addressed, however (Shen, 2018).

As “boundary objects” between environmental scientists, local and state governments, and 
many other stakeholders affected by watershed management (the particular area of environmental 
management that this article focuses on), models play important roles, including facilitating research, 
communication, and participation (Hamilton et al., 2019). The evaluation of environmental models 
should therefore extend beyond their ability to predict or explain physical phenomena, to include 
evaluation of their usefulness in other aspects of the socio-technical processes of environmental 
management (Elsawah et al., 2015; Hamilton et al., 2019; Voinov and Gaddis, 2008). In this view of the
role of environmental models, model emulators are a unique object of study. On the one hand, they 
could play an important bridge between environmental science and management by increasing 
accessibility (through reduced complexity) of complex models. On the other hand, the use of emulators
could result in less trust in the model or reduced salience for answering key management questions. 
The balance between increased accessibility and preserving credibility, salience, and legitimacy of the 
model depends on how complexity is reduced and the purpose of the model. 

A number of trends continue to strengthen that indicate that important advancements will be 
made with increasingly computationally or numerically complex models and that model emulation will 
be utilized to improve the operationalization of such models. First, sustainable management of natural 
resources requires acknowledgment of the interconnectedness of social-ecological systems. 
Interconnections involve the (often non-linear) feedbacks that exist between multiple system 
compartments and models’ coupling at different spatial and temporal scales (Liu et al., 2008; Mahmoud
et al., 2009; Wagener et al., 2005). Second, process-based models, also called “bottom-up” models are 
increasingly used to represent emergent phenomena, especially in “no-analog” situations such as large-
scale land use change or climate change (Fatichi et al., 2016). Lastly, computational resources are 
increasingly available for relatively low costs to researchers and scientists. The availability of these 
computational resources for researchers enables more computational power for increasingly demanding
simulations, but has also led to advances in the field of machine learning and artificial intelligence. The
combined use of machine learning coupled with physically-based models (Karpatne et al., 2017) 
exhibits promise for emulation modeling, including the capability to mimic high resolution spatial-
temporal output, with vastly reduced simulation times. 

 This study explores the role of emulation modeling in reducing complexity at the science-
management interface of watershed management. Based on the qualitative analysis of primary gathered
data from facilitated focus group responses and program documents from a key regional watershed in 
the United States, I offer an examination of emulation modeling within the environmental management 
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context, highlighting the relationships between how emulators are evaluated and diverse learning 
activities. This research aims to make two contributions:

1. Define the primary criteria by which emulators used specifically in environmental management 
and planning should be assessed.

2. Illustrate emulation as a process of balancing model complexity in a socio-environmental 
system management context that includes relationships between evolving evaluation criteria and
diverse learning activities.

The following section presents further review of the key concepts relevant to this study.

2 Background
2.1 Emulation models
An emulation model (also known as a “meta-model”, or “surrogate model”) is a model, often of a 
reduced form, that mimics the outputs of an original model. Usually emulation modeling is undertaken 
to save on computational resources or time (Forrester et al., 2008; Ratto et al., 2012; Razavi et al., 
2012b). The reduced computational and time expense of the emulation model allows for modeling 
meta-analyses such as sensitivity analysis, parameter optimization, or systems modeling, which require 
iterative sampling and many realizations of the model under different parameter or starting conditions 
(Pianosi et al., 2016). Recently, emulation modeling has been mentioned as an area of opportunity for 
additional research on the quantification of uncertainty (Fatichi et al., 2016), and for evaluating 
sensitivity (Pianosi et al., 2016) in the input parameters of deterministic, process-based hydrological 
models. People have also recognized the potential of model emulators to aid in the context of 
environmental decision-making to speed scenario testing (Carnevale et al., 2012). In integrated 
assessment models, which include interdependent submodels of environmental and social systems, 
emulators can help reduce computational barriers in model coupling and characterize systems’ 
uncertainty (Fletcher et al., 2019; Haasnoot et al., 2014; Little et al., 2019).

There are two major approaches to emulation modeling: response surface surrogates, and lower 
fidelity surrogates (Razavi et al., 2012a). The former is best understood as a “model of a model,” and 
the primary purpose is simply to reproduce the output of the original model with high fidelity. The 
“response surface” is the original model’s output; the closer the emulator can come to reproducing the 
surface, given new input parameter values, the better. Less important are the processes that enable the 
response surface’s reproduction. In contrast, lower fidelity surrogates preserve the physical bases of the
model’s structure that are deemed to be most relevant or important. They achieve computational cost 
savings through eliminating less relevant detail in the original model. In this article, the distinction 
between these two emulation approaches is important and I will refer to the former approach as 
response surface emulation, the latter as lower fidelity surrogates, and both together as types of 
“emulators.” In particular, lower fidelity surrogates are highly related to questions about appropriate 
levels of complexity in environmental modeling.

2.2 Complexity and processes of model simplification
Academic discussion about appropriate levels of complexity in models has existed for at least as long 
as advances in computing have enabled large-scale models (Lee, 1973). The reader is referred to Hong 
et al. (2017), who provide a comprehensive review of model simplification in environmental studies. In
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brief, simple models are attractive because they are often more generalizable, can better 
summarize/represent causal relationships, are easier to implement, easier to adapt, and have shorter 
simulation times and computational requirements (Chwif et al., 2000; Van Nes and Scheffer, 2005). 
More complex models are attractive, especially in new knowledge creation, because they may be able 
to represent important processes not available in simpler models such as feedbacks, interactions, and 
higher spatial/temporal resolutions more specific to heterogeneous applications (Clement, 2011). In 
hydrological modeling, process-based models (sometimes called “bottom up” models), are often 
considered more complex, and are particularly beneficial because: they are based on known physical 
relationships and preserve closure of laws of conservation of mass, energy, and momentum (Fatichi et 
al., 2016); they are more amenable to coupling to other interdisciplinary or multi-compartment models 
(Condon and Maxwell, 2014; Lim and Welty, 2017; Williams and Maxwell, 2011); and can ensure 
decision-making relevance, interpretability and consistency, especially when historical patterns are not 
applicable for future conditions, such as under conditions of land use change or climate change 
(Mahmoud et al., 2009; Wagener et al., 2005).  

There is agreement that the principle of Occam’s Razor, also known as parsimony – or only 
including in a model what is absolutely needed-- is an appropriate guiding principle to follow in model 
building. In addition to being costly, data hungry, and prone to “lock in” and issues of equifinality 
(Beven, 1993), overly complex models are sometimes implemented for non-scientific reasons. 
Examples of these reasons include: “showoff” factor, “include all” syndrome – prevalent among 
inexperienced modelers who may not have enough understanding of systems’ dynamics to determine 
what processes are important to include, and “possibility factor” - including processes simply ‘because 
we can’ rather than being motivated by concrete hypothesis testing or theory (Chwif et al., 2000). 
Sometimes models are selected because they happen to be within the expertise area of the experts using
them, rather than being intentionally chosen for the question at hand (Voinov et al., 2018). Complex 
models have also been shown to have a psychological effect of garnering more trust than simple 
models (Oreskes, 2003). However in hydrological sciences, there has also been the sense that 
complexity is often a blockage to increased understanding (Kirchner, 2009; McDonnell et al., 2007). 

The balance between complexity and simplicity in environmental modeling can be conceived of
as a cycle during which science is advanced and models are refined. An adaptation of the “simplicity 
cycle” (Figure 1) depicts how model complexity increases as understanding of a phenomena increases 
(Ward, 2015). Yet, there is a distinction between “naive simplicity” and “simplicity.” The former 
condition reflects the adage “you don’t know what you don’t know,” while the latter is based on an 
intentional choice in the processes represented in the model, based on an understanding of what is most
important to model (Schwartz et al., 2017). The figure also depicts that scientific understanding can 
increase while decreasing model complexity through “elegant simplicity” and that doing so is actually 
desirable. Occam’s Razor should therefore not be applied to all situations, but rather only in situations 
where understanding of the system is being advanced. Elegant simplicity should be contrasted with 
hyper-complexity, or the act of unnecessary “complication,” which increases complexity while not 
improving understanding. Simplification is not an event, but rather part of a cyclic process. Van Ness 
and Scheffer (2005) characterized this cycle as consisting of three parts: scrutinizing, synthesizing, and 
simplifying. This cycle implies that neither simple nor complex models should be inherently preferred. 
Instead, the combination of simple and complex and the cyclical process of scrutinizing, synthesizing, 
and simplifying is a powerful way to gain understanding of complex systems (Van Nes and Scheffer, 
2005).
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Figure 1. Adaptation of the simplicity cycle by Schwartz et al., 2017

2.3 Models and complexity in environmental planning and management
The choice in level of complexity – and, by extension, the nature and approach of a model 

emulator, must be matched to the intended application, and this is especially true in the context of 
environmental planning and management (Haasnoot et al., 2014; Voinov et al., 2018). In environmental
decision-making, many “boundaries” must be crossed-- between disciplines, professions, stakeholder 
interests, geographies, and different forms of knowledge (Cash et al., 2002). Linking the knowledge 
contained in stakeholders’ mental models, is an exercise of finding the types of information that are 
salient, credible, and legitimate across these boundaries (Cash et al., 2002). In this context, models are 
“boundary objects” that provide a common terminology, conceptual framework, and platform for 
necessary negotiations and communication to occur (Falconi and Palmer, 2017; White et al., 2010). The
process of acquiring knowledge that is salient, credible, and legitimate to the stakeholders in 
environmental problem-solving can be thought of as negotiating the interface between socio-ecological 
science and action.

Modeling with stakeholders at the environmental science-action interface is a key step to 
defining and framing socio-ecological problems and establishing trust and acceptance in the process of 
environmental management. Voinov et al., (2018) define participatory modeling as “a purposeful 
learning process for action that engages the implicit and explicit knowledge of stakeholders to create 
formalized and shared representations of reality” (p 233). There are three major rationales for 
encouraging citizens to participate in model-building in the context of environmental planning and 
management (Korfmacher, 2001). First, participation enables the co-production of knowledge, since 
stakeholders are likely to bring specific understanding of relevant social-ecological processes. Second, 
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participation reflects democratic ideals of representation in decision-making and exemplifies “post-
normal” response to the shortcomings of expert-driven, technocratic problem-solving ideals (Funtowicz
and Ravetz, 1993). Third, participation is pragmatic; stakeholders who have been involved in 
environmental decision-making are more likely to accept policy and cooperate in policy 
implementation (Lubell, 2004).

 Similar to the cyclical process of model simplification, participatory modeling emphasizes the 
importance of the iterative process of learning in “loops:” single-loop learning refers to when 
stakeholders increase understanding within a single reference frame; in multiple-loop learning, 
stakeholders may question initial assumptions, biases and beliefs, or reframe questions entirely. Models
can aid in both single-loop and multiple-loop learning processes (Glynn et al., 2017; Pahl-Wostl et al., 
2007; Zellner and Campbell, 2015). Stakeholder knowledge incorporation through both qualitative and 
numerical modeling has been shown to enhance the richness of environmental problem solving 
(Elsawah et al., 2015). 

Environmental models are frequently used to aid scenario testing, an important means of 
learning in environmental management and planning. Scenario analysis encourages “stretching” the 
realms of possibility for users (Goodspeed, 2020; Xiang and Clarke, 2003). In environmental planning, 
there is a long tradition of the use of scenarios for “what-if” analyses (Klosterman, 1999). In these 
situations, models act as decision support systems that allow stakeholders to engage in learning through
deductive scenario analysis. Stakeholders’ direct interaction with decision support systems have been 
shown to increase incorporation of diverse viewpoints when levels of detail and complexity are 
managed appropriately (Arciniegas and Janssen, 2012).

Given the importance of models and group learning in the processes of environmental 
management discussed above, model emulators may have the following important roles to play:

• Model emulators may facilitate stakeholder engagement through lowering computational 
barriers to scenario testing and encouraging deductive learning

• Model emulators may increase trust in models as boundary objects by reducing barriers to 
stakeholders’ direct interactions with the model

• The process of model emulation may provide opportunities to learn about: 
◦ the watershed itself 
◦ the processes of management
◦ the process of model simplification

Therefore, in this study, I hypothesize that (1) the criteria by which emulators are evaluated in the 
environmental management context need to be broadened beyond fidelity to the original model and 
reduced computational resources; and (2) in addition to the direct role that emulators play in 
environmental management, there are indirect learning roles—such as learning about the model’s role 
in the processes of environmental management-- associated with the process of emulation. To explore 
these hypotheses, I analyze the reflections of a group of experienced watershed modelers on the topic 
of emulation modeling.

3 Methods
3.1 Chesapeake Bay Program Background

6

https://doi.org/10.1016/j.envsoft.2020.104928


AUTHOR’S ACCEPTED MANUSCRIPT.
 See published paper here: https://doi.org/10.1016/j.envsoft.2020.104928

The Chesapeake Bay Watershed is known as being one of the most studied, most instrumented, and 
most-modeled watersheds in the world (Ernst, 2003; Layzer, 2011). Its drainage area spans six states on
the East Coast of the United States, and includes decades of human impacts, including urbanization, 
agricultural intensification and deforestation. Despite decades of efforts to improve water quality in the 
Chesapeake Bay, both an ecological and natural resource national treasure, progress has been slow. 
Central to the management activities in the Bay are a suite of CBP environmental models that identify 
the sources, spatial distribution, transport, and ultimate fate of sediment and nutrients in the watershed. 
The watershed model is one of the models in this suite of models, and Figure 2 shows how the 
watershed model relates to data and model inputs and ultimately to prediction on impacts to water 
quality in the Bay.

Figure 2. Relationship between the CBP Watershed Model to data and modeled inputs and predicted 
outputs. Source: Chesapeake Bay Program

There are four purposes of the CBP Watershed Model: (1) to estimate changes in nutrient and sediment 
load resulting from management actions; (2) to deliver estimated loads to the estuarine model; (3) for 
calibration and validation against other lines of evidence collected from monitoring and models of the 
watershed; (4) for scientific study (Chesapeake Bay Program Phase 6 Watershed Model: Final Model 
Documentation for the Midpoint Assessment: Section 1 – Overview, 2018).

In its latest release, (Phase 6, released in 2017), the CBP watershed model underwent a dramatic
change in modeling approach. Reversing a 20-year trend of ever-increasing spatial and temporal 
resolution and more detailed process representation in the watershed model (Linker et al., 2002; Shenk 
and Linker, 2013), the Phase 6 model release instead opted for a lower-resolution, simplified approach. 
The Phase 6 model coincided with the 2017 Midpoint Assessment for the Bay’s progress on achieving 
its Total Maximum Daily Load (TMDL) goals. The Bay’s TMDL, passed in 2010, governs how its 
“pollution diet” is allocated to each of the six contributing states and local jurisdictions. Watershed 
managers are required to prepare Watershed Implementation Plans projecting plans for land use change
and implementation of best management practices to lower point and non-point source contributions of 
nitrogen, phosphorous, and sediment.
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3.2 Data Collection
The primary data used in this study was original qualitative research drawn from focus groups 
conducted with a core group of modelers involved with the Chesapeake Bay Program (CBP). The 
transcriptions of the focus groups were supplemented with document analyses of peer-reviewed journal
articles authored by members of this core group related to CBP watershed modeling, and key 
presentation slides and reports outlining the approach taken in Phase 6 of the watershed model. 

Two focus groups were facilitated via online Zoom meetings. Each of a total of seven 
participants, all of whom are associated with a core group of watershed modelers in the CBP, attended 
one of the two meetings. Table 1 shows participants’ titles and number of years of involvement with the
CBP. At the beginning of the meeting, the group was shown a 10-minute pre-recorded video describing 
the concept of model emulation, and demonstrating the performance of a deep neural network emulator
of the process-based hydrological model, ParFlow.CLM. The purpose of the presentation was two-fold.
First, I wanted to demonstrate one motivation for model emulation: faster simulation time. Based on 
previous documentation of the experiences of the CBP, I knew that participants in the focus group 
would be familiar with the underlying motivations for speeding scenario testing, even if they had not 
previously referred to that work as “emulation modeling.” 

Table 1. Focus Group Participants’ titles and involvement in the CBP

Second, the particular kind of emulation shown in the demonstration was an extreme case of 
response surface emulation. It used deep neural networks to reproduce spatially resolved groundwater 
variability and hourly time-step surface runoff from a hypothetical site simulated with ParFlow.CLM, a
high-resolution, coupled surface-subsurface hydrological model with high fidelity. The demonstration 
represented an “extreme case” because of its performance; it reduced ParFlow simulation times from 
hours/days to a fraction of a second and did not lower the resolution of spatial or temporal outputs. It 
was also an extreme case because of its basis in deep neural networks – a statistical method that is 
notoriously abstracted from physical meaning and difficult to interpret. While many emulation models, 
including the original emulator developed by the CBP team, might represent a mix between lower 
fidelity surrogate models and response surface emulators, the emulator in the demonstration is closer to
a “pure” response surface emulator. Viewing of the demonstration was itself meant to act as a “stretch” 
scenario to prompt discussion in the focus group, to help them consider the implications of emulation 
modeling in decision-making processes (Xiang and Clarke, 2003).
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Position
Contractor to CBP 13

18
Research scientist with CBP 1
Developer of watershed models 25
Modeling coordinator 35
Scenario analysis coordinator 22
Research scientist with CBP 9

Number of Years 
involved in CBP

Manager of land use/land cover 
data inputs
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Following the 10-minute demonstration, each of the focus groups was asked to relate what they 
had seen in the demonstration to their own experiences with the CBP. Participants in the group 
discussed their experiences, filling in gaps in recollection and offering different perspectives. I 
intermittently interjected to to guide the conversation towards eliciting both the benefits and challenges 
of emulation models, ask clarifying questions of the group, or to solicit response from participants who 
were less active in the conversation (Given, 2008). The following is a list of probing questions that 
were used during focus groups:

• Would this kind of emulator [shown in the demonstration] have been useful in your experience?
• How did different users – researchers, regulators, and managers/planners – respond to model 

complexity?
• What were some implications of using the same model for research and management?
• What were some implications of emulator errors?
• How did models facilitate stakeholder scenario building?
• How would you evaluate stakeholders’ reactions to the original model vs the emulator?
• How might an emulator aid or obfuscate interpretability, and why is interpretability important?
• What determines what functionalities are the most important to preserve in emulation 

modeling?

3.3 Data Analysis
Although theory from the literature reviewed above shaped the probing questions asked to try to

elicit both benefits and limitations of emulation modeling, in the analysis stage, I did not attempt to 
assign codes directly relating to preconceived themes. Instead, transcripts and documents were 
analyzed for themes along with the other collected documents using a two-stage coding process 
(Charmaz, 2014). In the first stage, open themes were free-coded to allow for the emergence of new 
ideas, with the intention to understand the specifics of emulation modeling within the context of 
environmental management, “grounded” in the collected data. I determined the beginning and end of 
each code based on my interpretation of a complete thematic concept, therefore the word counts of 
coded segments could vary, depending on how many words it took the participant to develop a given 
idea. I coded ideas and parts of ideas with multiple codes if the participant was expressing multiple 
themes relevant to the research questions. 

In the second stage, axial codes were used to group ideas into larger categories and draw 
connections among codes. Coding was performed using the software Nvivo 12 Professional for 
Windows. Table 2 gives some examples of how the second-stage axial codes grouped the stage 1 
codes. Although I attempted to treat all coding uniformly, this process was necessarily subjective. In 
order to “control for” correlations between participants’ expertise areas and personalities,willingness to 
speak, and speech patterns, in the quantitative analysis of the coded manuscript, I tabulate code 
frequency rather than word counts of the axial codes. The quantitative analysis of code frequency is 
only meant to give a high-level supplemental understanding of the overall conversation themes. The 
majority of analysis of the transcripts focuses on qualitative analysis of similarly coded ideas and direct
quotations are used as evidence.
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Table 2. Example of preliminary and axial code groupings
Secondary Axial Code Preliminary Codes

Performance Scale, resolution, complexity,
instability, inaccuracy, effort to

develop, computation speed, outputs,
fidelity, computation resources

Platform Data, bridge between management
and science, knowledge integration,

platform, interface, web-based,
accessibility

Perception Trust, management implications,
interpretability, research-management
interface, scales of interest to different

stakeholders, obscuring, optics

4 Results
4.1 Reflections on DNN-emulator demonstration
Because the CBP was experienced with the idea of model emulation but did not necessarily use this 
terminology and because the idea of emulation itself spans a spectrum of strategies for reducing 
complexity and computational resources, I first analyzed how the focus group participants related the 
demonstration content to their experiences. After viewing the demonstration of the training and 
performance of the DNN-based emulator of ParFlow.CLM (see Lim in review, for more details), 
participants immediately drew parallels with their own experiences developing the CBP’s watershed 
model. One participant’s first comment in response to the presentation was:

Your example is exactly what we did with CAST. CAST was first developed in 2011 and it 
was an emulation of the time-variable watershed model at that time… I’m not familiar 
with the term ‘deep learning’ [from the presentation] but the way we did it is, I ran a 
bunch of regressions to estimate what the results would be under different input 
conditions. 

As the focus group conversation continued however, participants began to distinguish the current 
version of CAST from the emulator shown in the demonstration. The original CAST (then an 
abbreviation of Chesapeake Approximation Scenario Tool) released in 2011 was developed to allow 
stakeholders to more quickly create and test scenarios for planning purposes, but for “official” results, 
model output still needed to come from the original time-variable watershed model. In Phase 6 of the 
watershed model released in 2017, however, CAST (which now stands for Chesapeake Assessment 
Scenario Tool) is no longer a approximation of the watershed model, but has itself been adopted as the 
official watershed model, and its emulation approach is also very different. The Phase 6 CAST model is
no longer a response surface emulator, but rather, more similar to a lower fidelity surrogate, with the 
parameters most relevant to management actions preserved. In particular, the Phase 6 CAST model 
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output is at the annual temporal scale, while the time-variable model, which is still used for scientific 
research purposes, has an hourly temporal resolution.

Several participants used the terminology “management model” to reflect the current purpose of CAST,
distinguishing it from the previous response surface emulator. For example:

I don’t think I call [CAST] an emulator model. I just call it a management model.

[The CBP] realized that what people needed was a management model, not a scientific 
model. A management model is really just for accounting purposes.

Another participant still considers the current CAST an emulator, but distinguished it from the DNN-
based emulator shown in the presentation because of the increased, not decreased, interpretability of the
lower resolution surrogate:

In my view, CAST is an emulator, but it's not the kind of emulator [that was shown in the 
presentation]. It's not a deep learning model that comes in and takes out all of the 
processes. So there's still a lot of interpretability. A lot of all of the [explanations of the] 
statistical models that go in to building this emulator are incredibly detailed.

Stakeholders were tremendously involved in all of the inputs to the Phase 6 model. And 
so it's absolutely not a black box. The reason for Phase 6 is that it's wide open and not a 
not of black box at all. [While the DNN-based emulator in the presentation was 
characterized as a black box.]

For the purposes of this study, I consider both the response surface emulator and lower resolution 
surrogate approaches to emulation models, and therefore refer to both the original CAST and the Phase 
6 CAST as “emulators.”

4.2 Criteria of emulation in watershed management
Three criteria themes for emulation —those which represented definitions by which the emulator was 
being developed and evaluated-- emerged from the focus groups: improving performance, perception 
and capability to act as a platform (3 Ps). The performance axial code referred mostly to improved 
(reduced) computational resources and time required to run the model, in addition to the fidelity of the 
emulator to the original model. The perception axial code included how stakeholders accepted the 
results of the model and the process of model development, and what they thought relevant for their 
decision-making arenas. Capability to act as a platform included how the emulator could be used as 
part of a decision-making tool, and how it could be used to connect multiple lines of evidence, such as 
other models and data relevant to decision-making. Counting the number of mentions from the focus 
group transcripts devoted to each of these themes shows that the performance and platform criteria 
themes were represented relatively evenly, while the perception criteria was discussed slightly less 
frequently. Figure 3 shows the frequency of codes for each purpose theme and combinations of 
purpose themes in the focus group transcripts. 
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Figure 3: “Three P’s” of model emulator criteria: code frequency found in focus group transcripts.
Overlapping areas indicate text coded in multiple themes. Although performance improvement (speed)

was the initial motivation, capability to serve as a platform and positive perception by stakeholders
became major goals of the emulation model’s development.

4.2.1 Performance
Improving performance, specifically, the speed of the model run, was cited as the first criteria for the 
development of the original CAST model in 2011 (and other emulators that preceded CAST as well):

At the time that [CAST] was first developed it was taking the states about three weeks to 
develop an input deck, submit it to the Bay Program... and get the results back. It was 
very difficult for the states to do any kind of planning when you have to wait for the 
results for one scenario for three weeks. 

The 2011 CAST model reduced simulation time from three weeks (including all pre-processing and 
post-processing of inputs and outputs) to nearly instantaneous (Deveroux and Rigelman, 2014). 
Participants also discussed Performance of the original CAST model in terms of how well it could 
mimic the original model’s output:

For all land uses, the agreement was within 10% of the Watershed Model loads in 95% 
of the modeling segments. The error was predominantly on agricultural land uses in 
small number of land–river segments. This high level of agreement with the Watershed 
Model indicates that CAST is a valuable and useful tool for rapid assessment of load 
reductions given varying BMP inputs (Devereux and Rigelman, 2014)

4.2.2 Platform
As the conversation continued however, participants began to mention ways of evaluating CAST that 
extended beyond reduced simulation times and how close results were to the original model’s output. 
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Because the CAST online user interface was designed to meet non-modelers’ needs, evaluation of the 
emulator as a platform initially focused on how its outputs were summary reports themselves that were 
maximally relevant to decision-makers and the kinds of scenarios they would be testing. Managers 
could use the online platform in ways that were salient to their obligations to reduce nutrient and 
sediment loads in their jurisdiction areas.

We had the emulator-- the CAST management model--for a purpose. That was the 
specific purpose of making a complex model accessible to managers so that they can own
the model in a sense, they could operate the model they could do something that would 
be otherwise complex and unmanageable, put it on their desktop and see the results. It 
was because of the scale of the management decisions that were being asked...managers 
[needed] to be able to get their hands on this thing and to run their own scenarios.

4.2.3 Perception
In addition to improving simulation time (Performance) and providing an online hub for scenario 
testing (Platform), how the emulator would be perceived (Perception) also emerged as a major 
evaluative criteria. Concerns with the transparency and interpretability (Perception) of the original 
model’s output were a major motivator for having a simplified online platform where non-modelers 
could access and interpret model output:

In the mid 2000s and earlier… [modelers] always wanted to be really helpful and they’d 
share all the data that anybody ever asked for, send[ing] text files to people who asked 
for the data. [But] there was a different text file for every land river segment in the 
Chesapeake Bay watershed. It was direct output using Fortran [a programming 
language], that didn't have headers and nobody knew what it was. People would get 
angry. There's a way to use Fortran code to marry all that together and I think the 
assumption was: we'll send it all to you and that [you would know] how to put all those 
files together. I don't think the Bay Program meant to obfuscate any of the information, 
they just weren't thinking about it from a user perspective and it sent the impression that 
they were trying to hide something, which wasn’t their intention at all.

Having an online interface where managers were in complete control of the process themselves helped 
them access the results of decades of modeling advances. However, even after the online interface 
simplified scenario testing and reporting, there continued to be issues with the perception of the 
emulator, which, at that time was a response surface emulator. There were times when the 
approximation differed significantly from the “real” watershed model’s output:

We had an emulator model of Phase 5, [where] we had a situation where in [certain 
areas] the emulator model was pretty close, but then in other areas we had a lot of 
trouble, so the emulator kind of broke down.

Some people were suspicious and they would run scenarios in CAST and then they 
submit the same input data to the Bay Program, [to] do a comparison.
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This discrepancy between the emulator and the original model contributed to efforts to revise the goals 
of the watershed model altogether.

4.2.4 Evolving criteria shaped emulation approach: from response surface emulator to lower 
fidelity surrogate
In 2012, following generally positive feedback from users about the usefulness of the response surface 
emulator and how it was aiding in scenario testing of management decisions, the CBP began to advance
plans to simplify the watershed model itself. The first two slides extracted from a 2012 presentation 
given by one of the participants to the CBP’s Science and Technical Advisory Committee (STAC), 
“Partnership Priorities for 2017 and a Suggested Watershed Modeling Approach” (Figure 4) illustrate 
all three purpose themes for the emulation model. In the first slide is a quotation from a state 
government representative that “we [as non-modelers] want to be able to explain the models to our 
stakeholders and have them be relevant at the local scale.” The same slide also includes elements of the
3 Ps of emulator purpose. Performance is reflected through “simplicity” and “scalability”; Platform is 
reflected in “scalability” and “ease of use”; and Perception is reflected in “understandability” and “ease
of use.” The second slide illustrates what is meant by “understandability” and how this is related to 
transparency of the model output. The first explanation, an answer to the question “What’s my 
reduction from Nutrient Management?” is at least eight lines long, and fades into an ambiguous blur at 
the end, representing the answer’s lack of salience from the user’s perspective, despite the question’s 
importance to stakeholders and managers. The second explanation is reduced to three easily 
understandable factors: crop type, timing, and geographic region.

Figure 4.  First two slides excerpted from a 2012 presentation given from the CBP watershed modeling
team to the CBP STAC.

The criteria by which emulation was evaluated therefore evolved beyond an initial focus on reducing 
simulation run-times and improving the ability for non-modelers to run the model; reflecting on Phase 
6 of the watershed model, participants emphasized perception and expanded platform functionalities.
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The capability to act as a platform did not merely mean a platform for manager-users, but also 
for integrating diverse knowledge from all the extensive studies carried out over the decades in the 
Chesapeake Bay and involving the stakeholders themselves in the co-production of knowledge:

[Phase 6 CAST is] not emulating anything it's incorporating things. It's rolling up the 
knowledge that we think we have about the watershed. Modelers and academics know 
something about transport and so we get transport coefficients from them. The 
stakeholders, they know about their own land use and they know about their animals and
the manure that they produce and the crops that they have and the yields that those crops
have, so we get model inputs from stakeholders.

One participant pointed out that acceptance of the simplified Phase 6 watershed model was contingent 
on the trust (Perception) cultivated over decades of engagement between stakeholders, committees, and
modelers in the CBP.

The striking difference that I've seen, between [my previous] experience [in a different 
watershed] and my Chesapeake Program experience is the level of trust of the 
stakeholders… [CBP has] been working with stakeholders and partners for a long time...
[the previous watershed I worked in] wouldn't have been able to go through the 
[emulation] process … because [stakeholders] needed to know everything that went 
behind that result. They were like: what kind of coefficient have you used? What kind of 
soil permeability have you used? … I think the Chesapeake Bay Program has the 
advantage of having built, over years, a level of trust that even if the stakeholders might 
not agree on the results there's much less of a concern about whether the model is solid 
or whether you need a detailed explanation of what's going on behind the scenes.

Performance and platform themes were co-mentioned more frequently than other combinations of 
purpose themes (Figure 3). There were two major reasons for this. First, increased speed enabled the 
creation of an online tool that acts as a platform for users to develop and test their own scenarios, 
giving them the autonomy to interact with the model independently from the modeling team using their
own desktop computers. Second, especially in the Phase 6 CAST, decreased complexity in process 
representation allowed for an opening up of the model, increasing its capability to be linked to other 
models and integrate multiple lines of evidence and data sources. In this sense, the emulator itself 
becomes a platform to be coupled to other models, what one participant referred to as a “model of 
models.”

The process of emulating a complex model in the form of simplified functional 
relationships provide greater transparency and also opens it up for it to be used in 
conjunction with other models.

[The transition to the Phase 6 model] opened it up for using other models. Not just 
process-based models, but also statistical models, and creating a new set of models.

4.3 Learning using the emulator and learning through the process of emulation
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The evolving criteria that emerged from the focus group were accompanied by reflections that carried 
themes of “learning.” Three major learning themes emerged: learning about the watershed, learning 
about the model, and learning about environmental management. Of these, learning about management 
was the theme that appeared most frequently from the transcripts (Figure 5). Participants spoke about 
learning that occurred directly, for example, the emulator being used as a tool for learning about the 
impacts of scenarios. They also spoke about the process of refining the emulation model and approach 
to emulation, which occurred over years, as learning and I refer to this as “indirect learning.”

Figure 5  Learning themes: code frequency found in focus group transcripts. Overlapping areas
indicate text coded in multiple learning themes. The majority of learning around the emulator had to do

with management processes.

4.3.1 Managers learning about management options: direct learning facilitated by the emulator
Learning about management options by managers emerged as an important theme, given that initial 
purpose of the original CAST model was to enable watershed managers to more quickly test options to 
achieve water quality targets:

The management model [CAST] is really to do these what-if scenarios and a lot of that is
related to the TMDL [Total Maximum Daily Load] in the Chesapeake Bay. It’s: if I do 
this set of BMPs [Best Management Practices], in this region, what do I get? What is the 
best bang for the buck? 

An example of the how the participants understood deductive learning that comes from managers 
personally being able to interact with the model to develop their own scenarios included:

[Managers] are actually ending up with much better products because they can do many 
more what-if scenarios than what we could do at the office ourselves running it.
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4.3.2 Modelers learning about modeling: indirect learning through the emulation process
There were also examples of how the participants changed their perspectives of the role of the models 
in general in the environmental management context during the evolution of the emulation criteria and 
approach. For example, when the initial CAST response surface emulator was developed, the original 
time-variable model was viewed as the “truth” that the emulator was attempting to approximate. Later, 
modelers learned that the higher resolution, more complex model was not necessarily “better” than a 
simpler model.

When CAST was an emulator model, we conceived of [the] Phase 5 [dynamic watershed 
model] as something like a research model. And, not that we consider that to be the truth 
but we consider that to be the best estimate. And then the emulator model was trying to 
get close to that best estimate but when we really needed a management decision, we had
to go back to that best estimate which was coming from the research model. We had some
problems with that conceptualization of modeling. Because we were modeling 200 
different counties in the watershed and 30 different land uses in each one, we had 6,000 
simulations that were going on. And in some locations, since this was a complex model, 
they came up with very unreasonable calculations and so we spent many months on a 
problem with phosphorus in pasture that was essentially caused by instability in the 
dynamic model.

This insight was gained through the implementation of the simpler model, or, the process of emulation. 
Participants recognized that “truth” instead should be compared to monitoring data:

We got rid of this way of looking at it where we had a research type model and then an 
emulator model, but instead went to producing a simple model on which a lot of other 
models went into that we found that we have actually had much better spatial Nash 
Sutcliffe Efficiencies [a measure or model performance, compared to monitored data] 
than when we used the previous model. 

This insight was then related back to the demonstration of the DNN-based emulator of ParFlow.CLM, 
which did not present any connection to a “real” watershed’s monitoring data. The ParFlow.CLM 
simulations were based on a hypothetical watershed, and the goal of the DNN emulator was merely to 
reproduce the modeled output from the original ParFlow.CLM model as best as possible:

Relating this back to your presentation, I was a little uncomfortable with treating the 
research model as the ideal that the emulator model is trying to get to.

Participants stopped short, however, of recognizing that even empirical data are models of reality.

4.3.3 Modelers learning about management: indirect learning through the emulation process
Participants brought up aspects of both the model and its input data that were significant because of the 
environmental management context. I refer to this as “learning about management” because the 
participants gained insights about the nature of how stakeholders met their management goals through 
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the process of emulation. For example, participants became aware of one problem that resulted from 
the instability of the original dynamic model described above was the implication that model errors had
on the fairness of allocating necessary management actions:

 If you're looking over lots and lots of scenarios, lots and lots of places, you're like, well 
[the errors introduced by the dynamic model are within the] acceptable tails of a good 
simulation. But for a management model, somebody lives in that county, someone owns a
pasture in that county, and they are getting very unfairly tagged with really high 
[pollutant] loads because of instability of a complex model. 

Another participant brought up realizing the importance of stakeholder perceptions of the data input 
into the model. Specifically, they reflected on learning the importance of having high resolution land 
cover data that matches with how stakeholders perceive the landscape, even though from a traditional 
model evaluation perspective, increasing data resolution did not significantly improve model outputs:

With the availability of Google Earth... people know what the landscape looks like from 
above and then when they see a coarse version of that in a gridded format, 30 meter 
resolution LANDSAT interpreted imagery... it doesn't look like things they're familiar 
with...[high resolution data do not] necessarily improve the calibration but they improve 
the credibility of the model...That was one of the reasons why the [Chesapeake Bay] 
Partnership invested over a million dollars in getting us [1 meter resolution land cover] 
data.

4.3.4 Learning about the watershed indirectly through the model simplicity cycle
By simplifying the model, CAST could act as a platform for more diverse types of co-produced 
knowledge (from both experts and stakeholders), as well as act as a platform for the incorporation of 
other models. Opportunities to incorporate more diverse sources of data and models contributed to 
integration of knowledge about   the watershed itself.

CAST did rely on a complex model, which was the Phase 5.3.2 model but that was not the
only aspect of it. [Emulation] opened it up for using other models. Not just process-
based models, but also statistical models, and creating a new set of models.

Now that the simplified, lower resolution surrogate, Phase 6 CAST has been officially adopted 
however, discussions of what is included in the model is continuing to evolve. Already, participants 
recounted how the “simplicity cycle” is pushing toward including more detail. Now however, the 
increased complexity is driven not by modelers and researchers, but by the stakeholders themselves, 
through their interactions with CAST:
 

Creating a mass balance for manure application started with counting the animals and 
ended up with applications to streams to crops and storage and handling losses and 
things like that. The stakeholders really determined how all those counts happened. And 
they made that model so much more complex and a lot of the difficulties that we're 
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having now has to do with the complexity of the model of farmer behavior that the 
stakeholders built

Over time, it's interesting how the sophisticated users want to be able to change things 
that they can't do easily any more. Like change the rate of applications of manure 
fertilizers, something like that. So it becomes a matter of if we have enough users who 
want to add [a new] capability, but you have to always weigh that against making the 
tool more complicated for users as a whole.

4.4 Connections between criteria themes and learning themes: complexity management at the 
science action interface
Lastly, I tabulated frequencies of criteria and learning themes within the focus group transcripts to 
better understand how the evolving evaluative criteria of the emulator related to the different kinds of 
learning that occurred from the release of the initial CAST emulator in 2011 to today. Figure 6 shows a
summary of the frequency of co-occurrences between paired criteria-learning themes represented by 
the thicknesses of double headed arrows. Thicknesses of the double headed arrows are based on the 
total number of co-occurrences of codes in the criteria-learning theme pairs.  Colors in the figure 
represent shared learning themes.

Figure 6. Connections between evaluation criteria  and learning that occurred through the emulation
process. According to an experienced group of watershed modelers, the evaluation criteria for

emulators frequently co-occurred with the kinds of learning --about management, the model, and the
watershed-- that took place. Thicker connections indicate the frequency of co-occurrence in themes
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discussed by the focus group participants. Colors correspond to each of the learning areas: management
(red), modeling (orange), and watershed (green).

I found that the most frequent connections occurred between “Platform” and “Learning about 
Management” (11 instances), followed by “Performance” and “Learning about Management” (8 
instances) and “Perception” and “Learning about Management” (8 instances). Learning about modeling
through the emulation process co-occurred with the Performance and Platform criteria most often (5 
instances each), and learning about the watershed itself was mentioned the least often, co-occurring 
with the Platform criteria the most frequently (6 times), and less frequently with Performance criteria 
and the Perception criteria (3 times each).

While frequent connections between Platform and Management and Performance and 
Management might have been expected given these were the original goals and criteria for the model 
and emulator, Perception co-occurred with Management just as frequently. In complex socio-ecological
management problems, cultivation of stakeholder trust and governance of information is important. In 
this study, the Perception criteria theme included preliminary codes such as: “trust,” 
“credibility,”“interpretability,” “explainability,” “optics,” “involvement,” and “inclusion.” The example
given above of the rationale behind the CBP’s investment in high resolution land cover data because of 
stakeholder perceptions of their own landscapes, and despite evidence that this data would not 
significantly improve the calibration of the model is a particularly good example of the relationship 
between perception and learning about socio-ecological systems management. Another participant 
referred to some of parts of the integration of other models into the simplified Phase 6 CAST model as 
important to increasing the confidence of managers and justifying potential decisions:

Within the CAST management model we were able to specifically point to things and say:
"See? There, this is where that study came in", or, "This is where that other modeling 
effort came in." And so it was very much in that sense maybe more optics in terms of 
being able to specifically point to a thing and say “Yeah you see this is this is not one 
model but this is a model of models that's getting to this end point that you're using to 
make your own decisions”, which are often, fantastically expensive to these localities 
and states.

Perhaps in contrast to the traditional cycle of simplification, in environmental management contexts, 
stakeholder perception plays an important role in determining what “stays in” elegantly simplified 
models.

It is also important to note that the learning themes are most prominently connected to criteria 
themes through learning about management. Shorter model run-times (performance) enabled learning 
about management. Viewing the emulator as a platform also connected to the realization that 
management requires the incorporation of diverse sources of knowledge, data, models, and research 
findings. This is a reflection of where the CBP is in its history. While much of the past thirty years was 
focused on refining scientific understanding of the causes of the degradation of the Chesapeake Bay, 
the passage of the Bay TMDL and the midpoint assessment in 2017 shifted focus from science to 
action. The motivations for model emulation were a direct recognition to facilitate better management 
decisions and learning about management options. Initially, this focused on improving model run times,
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but also on viewing the model as a platform, and on the roles of preserving positive perceptions of the 
model and its input data to encourage action.

One motivation for using DNN-based emulators for this research was to show how they might 
be attractive for their ability preserve high resolution outputs as response surface emulators. However, 
through the focus groups, participants reflected that high resolution outputs were not expected to be 
important to the majority of the users in the case of the Chesapeake Bay watershed. Participants 
attributed the reasons for this to the requirements of water quality planning. Temporally, resolutions 
higher than the annual scale are not required. Spatially, some managers might be interested in modeling
scenarios for smaller scales (for example, field-scale), but currently, the barrier to such applications is a
lack of data at smaller scales to support the modeling.

5 Discussion and Conclusions
Participants in the focus group related their experiences in model development in one of the 

most well-known watershed management cases in the world, the Chesapeake Bay Watershed. Their 
responses revealed that emulation played a key role in complexity management at the environmental 
science-action interface. After a twenty-year trend of increasing model complexity in the Chesapeake 
Bay, the formalization of regulatory requirements through the Bay’s TMDL document shifted emphasis
on facilitating planning and management actions from diverse state, local, and community actors. Non-
modelers’ ability to use the model on their own to test “what-if” scenarios motivated the original 
emulation models, starting in the mid-2000s, including the first version of CAST, in 2011. 

I showed that the response surface emulator approach to the first CAST was an improvement in 
accessibility to non-modeler users, however, continued learning about the nature of environmental 
management eventually motivated a shift in emulator approach to something more like a lower 
resolution surrogate. Three criteria by which emulators can be evaluated emerged from the participants’
reflections, the “3Ps”: (1) performance – improved speeds and model/data fidelity; (2) platform-- 
facilitating scenario testing, model output processing, and linking knowledge sources together; and (3) 
perception – how the emulator fostered trust from users. Similarities to these criteria are represented in 
the 32 model evaluation criteria compiled by Hamilton et al. (2018), and, confirm many of the project-
level criteria for decision support systems in the categories for ‘efficiency’ (most similar to 
‘performance’ in this study), ‘credibility’ and ‘legitimacy’ (most similar to ‘perception’ in this study), 
and ‘saliency’ and ‘accessibility’ (most similar to ‘platform’ in this study). Hamilton et al’s criteria also 
include group to individual-level model assessment criteria and system-level model assessment criteria,
however in this study, I was not able to draw conclusions on these levels because my focus group 
participants did not include users of the model, but a rather homogeneous group of developers and 
technical support staff of the model. 

Revisiting the “simplicity cycle” diagram discussed in the Background section of this article 
(Ward 2005; Schwartz et al. 2017), the role of emulation modeling in the CBP is illustrated in Figure 7.
I have adapted this figure to the specific context of the science-action interface. The “complexity” axis 
makes explicit that model complexity may incorporate performance-related, platform-related or 
perception-related complexity. The “understanding” axis includes understanding not only of the system 
itself, but of management of the system and of the models used in environmental science and 
management. The original 2011 CAST surface response emulator’s primary goal was to reduce the 
computational (performance) complexity of the model (position 1 in Figure 7). The 2017 Phase 6 
CAST has seen some increases in platform functionality and in data inputs. But, the participants in this 
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study have indicated that the emulation process led to new understandings of watershed management 
and roles of the models in decision-making for them. Making the “Complexity” and “Understanding” 
axes of the simplicity cycle more explicit has implications for how emulators may best be deployed and
evaluated in the management of socio-ecological systems. 

First, one may begin to think of stakeholder use of emulators as a learning process that can be 
accelerated through a platform – this is a concept familiar to decision support systems and problem 
solving environments. 

Figure 7. Adaptation of the axes of the simplicity cycle to reflect the process of emulation at the
science-action interface. Overlain on the simplicity cycle is a representation of the experiences of the

CBP transition from a response surface emulation approach to model simplification to a lower
resolution surrogate approach to simplification. Position 1 shows how the original intent of the

emulator lowered complexity. Position 2 shows how later, increased complexity and understanding that
occurred through a continued emulation process.

Second, the process of model simplification that enabled the current decision support system 
has characteristics of participatory modeling. Users of the emulator were (and continue to be) involved 
in defining the processes and input data to be included according to what they thought was important. 
This involvement and feedback is captured in three learning themes  that manifested over the six-year 
period during which the approach to emulation developed from being more similar to a response 
surface emulator to being more similar to a lower fidelity surrogate: learning about (1) management, 
(2) modeling, and (3) the watershed itself. That learning extended beyond mere decision support, 
towards participation and even research is what Glynn et al. (2017) identify as crucial in the adaptive 
management of complex socio-ecological systems.
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Third, it should be made clear that the indirect learning themes in this research are more similar 
to multiple-loop learning than to single-loop learning. The use of machine learning-based emulation in 
decision support systems and problem solving environments for watershed management is not new 
(e.g.: Watson et al., 2002; Rubin et al, 2003). However, in these applications, the goal is usually to help 
a well-defined type of user achieve a well-defined type of learning objective. Adaptive management in 
“wicked problems” of socio-ecological systems, in contrast, requires long-term engagement with 
diverse users with diverse goals. In this study, participants’ reflections underscored the importance of 
stakeholder trust in the model, how the model and its input data were being perceived, and the “optics” 
of model complexity management. This implies that although advances in deep/machine learning could
theoretically result in advances in performance in emulation models, perceptions by stakeholders and 
lay users could limit the utility of such emulators at the science-action interface. 

Lastly, the interactions between emulation, trust-building efforts, and model verification warrant
more investigation, because of the possibility that all may be influenced by the same momentum to 
confirm accepted regulatory and management goals of the socio-ecological system. Participants in the 
focus groups in this study pointed out that the original response surface emulation approach was not 
appropriate, since the original model is not necessarily the “truth.” However, participants did not 
question whether trust and acceptance built on assumptions common to both the lower surrogate 
approaches and current regulations might actually make future learning and adaptation more difficult. 
They also did not bring up ways in which emulation is typically used in research could also be 
beneficial at the science-action interface, for example, in examining parameter uncertainty, sensitivity, 
or assumptions. In future research, a broader group of participant perspectives and focus on these 
interactions could illuminate more about the nature of models, buy-in, stakeholder engagement, and 
adaptive management.
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