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Abstract 

Do you want your model findings to be used and have a place in academic or policy discourse? Then PAVE that place. For modelers, 
PAVE (Purpose, Assumptions, Validity, and Exploration) is a semi-structured method to communicate the suitability of models to in- 
form a particular purpose. For users of model results, PAVE is a method for identifying the strength with which model findings inform 

a question of interest. For all audiences, PAVE distills more comprehensive model documentation protocols into a simple set of con- 
cepts for modelers and users alike to discuss. In doing so, PAVE solves a dilemma: there is an audience for whom formal protocols for 
documenting model development, testing, and analysis are everything. And there is an audience for whom such technical tools are 
a terrifying abyss, neither to be approached nor looked upon. PAVE is meant to help these audiences talk to each other about model 
findings. 
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ald und Fis
mong those who will read past the title of this work, we expect at 
east two distinct groups, asking questions such as the following: 

(a) I’m not a modeler—what should I look for when I read a 
modeling study, use modeling results, or join a participatory 
modeling process? 

(b) I’m a modeler—how should I communicate my contribu- 
tion to nonmodelers? 

For modelers, PAVE (Purpose, Assumptions, Validity, and Ex- 
loration; Box 1) is a semi-structured method to demonstrate 
ow to communicate clearly to others the suitability of our 
odels to inform a particular (research, management, or other) 

urpose. For users of model results (for research, policy, or 
anagement decision-making, or other), PAVE is a method for 

dentifying the strength with which model findings inform a 

ments of more comprehensive model documentation protocols
to a simple set of concepts for modelers and users alike to
discuss. 

In doing so, PAVE solves a dilemma: there is an audi-
ence for whom formal protocols for documenting model de-
velopment, testing, and analysis are everything. And there is
an audience for whom such technical tools are a terrifying
abyss, neither to be approached nor looked upon. PAVE is
meant to help these audiences talk to each other about model
findings and get them prepared to look up technical details
when needed. As such, it acts as a boundary object among
modelers and nonmodelers alike to enable nimble discussion
and use of model-generated knowledge in practical and pol-
icy decision-making. Technical protocols that describe a model
support the communication of the modeling process. In the
same way, we hope that PAVE enables communication of the
uestion of interest. For all audiences, PAVE distills the ele- 
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sefulness of modeling outputs among modelers and nonmod- 
lers alike. 

ntroduction 

he utility of any model rests on how well its essence, as- 
umptions, and outputs can be communicated to those who en- 
ounter it, and whether its purpose resonates with others. On 

he one hand, modeling tools can help to solve, as well as trans- 
orm understanding of, complex problems; to engage commu- 
ity members; and to build consensus around contentious issues 

Loblay et al. 2023 ). On the other hand, bringing together modelers 
nd nonmodeling stakeholders—including community members, 
ontechnical professionals, or decision-makers, among others—

s fraught with challenges (Voinov et al. 2016 ). Decision-makers 
ften understand models as “black boxes” (Brugnach et al. 2007 , 
orscheid et al. 2012 , Boschetti et al. 2018 ) and struggle with the 
otality of assumptions, uncertainty, and limitations that com- 
rise a model. A “gap” separating those who build models and 

hose who might use them is well documented (Borowski and 

are 2007 , Janssen et al. 2009 , Jones et al. 2020 ), with several key 
uggestions in the literature on how to resolve it. 

Most broadly, “more communication” between modelers and 

onmodelers is encouraged (Jones et al. 2020 ), at regular in- 
ervals and beyond the end of projects (Will et al. 2021 ), but 
more communication” alone will not always reduce the gap 

Arnejo et al. 2025 ). Good communication is audience- and 

roblem-specific, and should be in service of resolving confu- 
ions around model concepts, or reconciling different or incom- 
atible understandings of the overall system (Hall et al. 2014 , 
rnejo et al. 2025 ). 
Participatory approaches to modeling that engage nonmod- 

ling audiences are another key part of reconciling the gap 

Borowski and Hare 2007 , Brugnach et al. 2007 , Mannix et al. 2022 , 
lsawah et al. 2023 , Loblay et al. 2023 , Zellner 2024 ), building 
hared understanding and “demystifying” models and the model- 
ng process (Herman et al. 2019 ). Still, even participatory processes 
ave interfaces across knowledge domains that must be spanned, 
nd every participatory process has people on the outside look- 
ng in, needing to understand what has transpired. Boundaries 
etween modelers and model users are pervasive: differing under- 
tandings, different goals and objectives, and different timelines 
Borowski and Hare 2007 , Doyle et al. 2019 , Will et al. 2021 ). Where 
here are boundaries, boundary objects (artifacts that ground the 
ranslation between different perspectives; Star 2010 ) are nec- 
ssary (Vincenot 2018 ). We propose PAVE (Purpose-Assumptions- 
alidity-Exploration) as an ideal boundary object for the purpose 
f enabling discourse among those who build and implement 
odels, and those who wish to use models or make decisions in- 

ormed by their outputs. Participation on its own does not resolve 
he need to communicate the model to those who did not partic- 
pate in building it. 

Underlying the pushes for both participation and communica- 
ion is the need for a common language (Brugnach et al. 2007 , Gray 
t al. 2017 , Arnejo et al. 2025 ) to better enable a dialog among 
odelers and model users. One part of this would be unam- 

iguous language and concepts to describe models, model find- 
ngs, and the modeling process. Across different fields, modelers 
ave solved this part of the problem many times independently—
aterials modelers have the Modelling Data (MODA) standard, 

oxicology modelers have the QSAR model report format (QMRF) 
Kolokathis et al. 2024 ), whereas discrete event simulators have 
TRESS (Monks et al. 2019 ). In the domain closest to the au- 

thors of the present manuscript, agent-based modelers have the
Overview, Design concepts, and Details (ODD) protocol (Grimm
et al. 2006 ) and its many progeny (the ODD + D for models in-
cluding human decision-making, Müller et al. 2013 ; the ODMAP
for modeling species distributions, Zurell et al. 2020 ). Perhaps the
most careful efforts at standardized descriptions of models come
from those who need to connect different models together, such
as through the Basic Model Interface (BMI) in the geosciences
(Hutton et al. 2020 ), or the AgentBlocks approach now growing in
use among agent-based modelers (Filatova et al. 2025 ). However,
these efforts are largely prepared by modelers, for modelers, and
tackle the challenge of clear model communication across an au-
dience that largely speaks the same (modeling) language (Rosello
et al. 2025 ). We put some of these standards into focus in this
manuscript, to walk through what they do and do not do in terms
of communicating our models to others. (As a group of model-
ers engaged most closely in the modeling of human-environment
and socio-ecological systems modeling, we focus on standards
relevant to our fields. We expect, however, that similar frontiers
exist in other fields and that the reader might also consider
the analogs that shape model communication in their areas of
interest.) 

In our parts of the world of modeling and modelers, the ODD
protocol (Grimm et al. 2006 , 2010 , 2020b ; Polhill et al. 2008 ) is a
notable highlight for how rapidly it has been adopted as a stan-
dard (Vincenot 2018 ) for describing the purpose, design, and all
details of agent-based models. ODD stands for Overview (the big
picture), Design concepts (including theory and other assump-
tions), and Details (everything else that is needed to replicate the
model, its initialization, and its input of external data). The ODD
and ODD + D protocols provide a means for standard description
of modeling assumptions and details among modelers, but were
not tailored to the needs that nontechnical users of a model might
have. 

The TRACE document (“TRAnsparent and Comprehensive Eco-
logical modelling documentation,” Schmolke et al. 2010 ) is tar-
geted to more thoroughly communicate a model and its his-
tory. It was refined and streamlined in 2014 (Grimm et al. 2014 ),
with further guidance published in 2021 (Ayllón et al. 2021 ), and
is defined as “a tool for planning, performing, and document-
ing good modelling practice” (Grimm et al. 2014 ). TRACE docu-
ments are developed by a modeling team along their iterative
modeling process, to “provide convincing evidence that a model
was thoughtfully designed, correctly implemented, thoroughly
tested, well understood, and appropriately used for its intended
purpose.”

TRACE provides a clear and exhaustive reference guide to de-
scribe what is happening in a model, how it came to be that way,
and what the motivations are (Grimm et al. 2014 ), but (like the
ODD) its use at the policy interface or as a boundary object among
modelers and nonmodelers has not been documented. What
makes TRACE a useful tool for communication ∗among ∗ modelers
may well be what limits use outside of modeler communities—it
is rich, complete, and intimidating (or “excessive,” Daly et al. 2022 ,
p. 1), often comprising 20–30 pages or more. Some will dig in, but
many others—those who are senior, those who are in and out of
the project, those who have limited time to gather input for a de-
cision, or those who are just reading a published product—will
need something simpler, self-contained, and accessible. That is,
they will need an “executive summary” describing not just what
the model shows, but what it was asking and how. 

One step in this direction is POE (Grimm et al. 2020a ), which
points decision-makers to ask three screening questions before
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Figure 1. Observations and assumptions are fundamental ingredients in the building of models (as sets of assumptions for treating observations and 
data). Model outputs are the product of assumptions for translating observations (themselves derived from many different ways of knowing, and 
taking many different forms) into datasets, as well as of assumptions for representing real-world processes in the system of interest. 
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hey take any model output into account: What is the model’s 
urpose (P)? How is it organized (O)? Is there evidence that 
he model is realistic enough for its purpose (E)? POE was trig- 
ered by the use and abuse of models during the COVID-19 pan- 
emic where, in the surge of model development and publica- 
ion, models developed to demonstrate a certain concept (like 
flattening the curve”) were used for a different purpose (like 

aking predictions). POE is, however, still limited, in that to an- 
wer these questions, someone with modeling expertise has to 
elp. 

Although this expertise will always be needed when it comes 
o details, here we are trying to suggest a concise approach for 
alking about models that is more comprehensive than POE. We 
ropose a streamlined method for communicating key model as- 
umptions and findings, drawing on some strengths of the ODD 

rotocol on the one hand (simple, self-contained overview of 
odel components) and on some strengths of TRACE on the other 

description of modeling process). We suggest that our PAVE (Pur- 
ose, Assumptions, Validity, and Exploration) pathway, presented 

elow, may better create space for modelers to communicate their 
ork to nonmodelers, and for nonmodelers to interpret model 
ndings and participate in the iterative process of model critique 
nd development. 

ow do I PAVE? 

o begin PAVEing, we first present a working definition of what we 
ean by “model.”
We define models in the current work as the sets of as- 

umptions that describe what we believe about the real-world 

rocess or system we are interested in, and that help trans- 
ate our observations of that system into data and predic- 
ions (figure 1 ). This definition of model—as a representation 

f a set of real-world processes—places it close to but dis- 
inct from theory—as an explanation of real-world processes 
Martens 2020 ). 

These sets of assumptions typically do not come together from 

othing, instead emerging from iterative cycles of model develop- 
ent that commonly build upon or adapt existing theory or mod- 

ls to respond to novel purposes and questions. Within this cycle, 
urpose (P) and Assumptions (A) are model “building” processes—
rawing together novel assumptions along with (possibly) prior 
heory or models to inform a purpose—whereas V (Validity) and 

 (Exploration) are model “testing” processes—evaluating the fit 

P A V E
Purpose Assump�ons Validity Explora�on

Building 
processes

Tes�ng 
processes

Itera�ve modeling cycle

Figure 2. The PAVE pathway for describing findings from a modeling 
exercise. A PAVE description will always be a static snapshot of the 
iterative modeling cycle, which pairs theory building processes (stating 
problems and assembling assumptions into theory and models) and 
theory testing processes (testing validity of assumptions to inform a 
particular problem, and exploring the consequences of sets of 
assumptions in experiments). 

of this novel set of assumptions to the purpose (figure 2 ). Outputs
from both validity-testing processes (V; such as sensitivity analy-
ses, calibration, and validation exercises, or other—see appendix
1 ) and novel experiments and exploration (E) aimed at informing
the model’s purpose (P) can lead to changes in the question or
problem of interest (P), or the set of assumptions present in the
model (A)—setting up new demands for validity testing and new
opportunities for experiment. 

The iterative cycle implies that models are not ever finished;
however, sometimes they are ready enough to be used and shared.
Wherever model findings are shared or published, PAVE acts as a
snapshot of the current state of that iterative cycle, forming an
unbroken chain that always begins with the clearly stated purpose
(P). 

P—Purpose: What objective or question is your 
model informing? 
Whether you frame the purpose of your model as a problem, an
objective, or a research question to be answered, all good mod-
els have (at least) one, stated explicitly. There are many different
reasons to build and test models that may be predictive or ex-
planatory in nature (Hall et al. 2014 ). Perhaps the purpose is to
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redict a change in forest cover resulting from a new policy, or 
o identify how different strategies for managing risk pay off, or 
est whether one theory is more appropriate to explain an ecosys- 
em outcome than another. Edmonds and colleagues ( 2019 ) dis- 
inguish seven different model purposes (prediction, explanation, 
escription, theoretical exploration, illustration, analogy, and so- 
ial learning), whereas with POE, Grimm and colleagues ( 2020a ) 
istill and disentangle only three (demonstration, understand- 

ng, and prediction). Taking a different approach, Troost and col- 
eagues ( 2023 ) describe model purpose through six dimensions 
focus of interest, target situations, and requirements for model 
nteroperability, resolution and transparency, computational re- 
ource constraints, and precision and accuracy). These different 
onstructions of purpose all make the same critical point—a topic, 
bjective, or research question alone is rarely sufficient to un- 
mbiguously show the “why” of your model; research questions 
ommonly require qualifiers like “for whom” or “for what use.”
n this way, a model’s purpose also defines its scope, or domain 

f applicability. Using a model beyond this range is inappropri- 
te, but unfortunately quite common. For example, a team of re- 
earchers, planners, or managers developing a model to inform a 
uestion like “how will coastal flooding under future environmen- 
al change affect flood-prone homeowners?” might have the goals 
f (i) ranking possible options or investments based on some set 
f criteria; (ii) estimating uncertainty around outcomes like flood 

epth or duration; or (iii) identifying surprises or extreme events a 
lanner may wish to consider (adapted from Fischhoff and Davis’ 
014 discussion of the different modes of observing and commu- 
icating uncertainty). These are all related but different purposes, 
ied to the same question—they differ in how explicitly they em- 
ed goals and preferences, versus leaving users to formulate their 
wn. 

Moreover, these are only an illustrative few examples of the 
any different purposes one may have in building and applying 
 model. Whatever it is, the model’s stated purpose should bound 

hat set of assumptions is necessary for the model to include, in 

rder to inform it. Without knowing (unambiguously) the purpose, 
t will not be possible to assess whether your model assumptions 
A) make the model appropriate for its purpose (P in PAVE). 

—Assumptions: What set of assumptions 

theory or model) are you drawing together to 

nform your purpose (P)? 
mportantly, a model is chosen or assembled to respond to a spe- 
ific purpose, so a description of a model’s assumptions should 

llow a reader to see how the different parts of a model’s purpose 
r question are informed by it. If a purpose is given as a question 

ike, “How does X impact Y under conditions of D and E?” then the 
et of assumptions should capture existing theory or understand- 
ng of how conditions D and E influence X, Y, and the impact that 
 has on Y. 

How does the model developer describe their assumptions ap- 
ropriately for others outside their core discipline? This can be 
hallenging to do well, as the language that communicates un- 
mbiguously within one’s field may be impenetrable outside it. 

At a very general level, modeling and simulation build on one or 
oth of two fundamentally different approaches. The first is “ex- 
rapolation” from or “training” on observed system behavior with- 
ut explicitly mirroring internal system processes; this is often 

alled “data-driven” or “empirical” modeling. The second draws on 

nowledge about how the system works internally to build model 
omponents that mimic selected system processes. This is of- 

ten called “mechanistic,” “process-based,” or “theory-driven” mod-
eling. In practice, many models combine these two approaches
(Troost et al. 2023 ). 

It is key to communicate the assumptions regarding both ap-
proaches (figure 1 ): Within data-driven modeling, assumptions
about how to translate available observations into data, how to in-
terpret them, the expected continuity of observed behavioral pat-
terns and driving factors from observed to simulated cases, and
assumptions on identifiability, sampling, error and sampling bias
involved in estimation strategies must be made clear. To describe
assumptions about constructing and interpreting data, we sug-
gest answering the question “what needs to be true of these obser-
vations for them to be appropriate for your purpose?” as follows: 

(a) Observations must contain sufficient variation in variables
X, D, and E. 

(b) Observations must be about different points of time. 
(c) Observations must be independent of each other. 
(d) Observations must be normally distributed. 

Within mechanistic or process-based modeling, when com-
municating assumptions about processes in our system of inter-
est, we suggest recognizing that quantitative analysis (such as
modeling and simulation) is commonly about comparing inter-
acting (countervailing, amplifying, etc.) processes to understand
how they compound to produce an observed outcome (Frisch
1933 ). Economic analysis compares costs and benefits to antici-
pate choices. Physics compares gravity and lift to deduce whether
an object will fly. Ecologists compare mortality and fertility to de-
duce survival of a population, and the balance of competitive and
synergistic interactions across populations to predict the compo-
sition of a community. 

We suggest first to explain, in the modeler’s area of interest,
which counteracting processes influence the behavior of Y or the
effect of X on Y, according to established knowledge. Which pro-
cesses accelerate or increase the effect on variable Y? Which pro-
cesses dampen or decrease it? Then, secondly, explain which of
these processes are represented in your model and to what extent.
This clear separation of assumptions about real-world processes
and model description is essential for an understandable expla-
nation of assumptions. All too often this is mixed up and model
and real-world entities are not clearly distinguished. 

For a concise and understandable description of the model
itself, we suggest describing them concisely along the parts of
the Overview section of the ODD and ODD + D protocol (Müller
et al. 2013 , Grimm et al. 2020b ), which includes enumeration of
the model’s “Entities, state variables, and scales” and “Process
overview and scheduling” at a compact and concise level. To put
these in terms that may resonate beyond the modeling commu-
nity: describe the different pieces and key variables (quantities
that can rise and fall in the model), the processes that can change
them, and the way these are sequenced in the model. Many of
these pieces may themselves come from prior models or exist-
ing theory, so that links to their earlier homes in the literature
are critical reflections of the iterative modeling cycle. Where the
systems of interest are complex and words alone are insufficient
to communicate assumptions effectively, visualizations may be
helpful (as in the Visual ODD; Szangolies et al. 2024 ). For example,
system diagrams such as causal loop maps (with visual connec-
tions communicating system scales, processes and feedbacks, as
well as system boundaries and the movement of quantities across
them; e.g., Kim 1999 ) can enhance (but not replace) descriptions
in text. 
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Across both of these bundlings of assumptions (about obser- 
ations and about system processes), authors of model findings 
hould reflect both conscious and unconscious biases (e.g., as 
rimed through disciplinary training) and be explicit about the 
oncepts that shape your lens as a modeler. In what ways might 
ets of processes or observations be outside of your frame of ref- 
rence? Which factors did you leave out in your model that you 

iscussed explicitly, or that are included in similar models, and 

hy did you leave them out? 
This is a long set of things to ask for, and for complicated mod- 

ls or complex systems, a description of everything can become 
ong and cumbersome. We highlight our emphasis with PAVE on 

ommunication (rather than only description), and that the PAVE 
ummary might not need all model processes in detail. Similarly, it 
ay be helpful to communicate processes the model does ∗not ∗

nclude, that a layman might otherwise expect. Importantly, as 
art of PAVEing a place for your modeling work, the description 

f assumptions should give a simple, accessible narrative of pro- 
esses that plausibly are capable together of informing your pur- 
ose. Whether they ∗actually ∗ do or not is your next task to show. 

—Validity: How well can you demonstrate the 

ppropriateness of your set of assumptions (A) to 

nform your purpose (P)? 
odelers are often asked to “show me that your model works!”

air enough—models are by definition simplified representations. 
ow can we be sure that the factors we omit or simplify are not 

nappropriately biasing the model’s answer to our question? 
The words “validity” and in particular “validation” are challeng- 

ng to use in this context, as they are understood in so many differ- 
nt and sometimes even contradictory ways, that it has been rec- 
mmended to avoid them altogether (Augusiak et al. 2014 ). For our 
urposes, we use “validity” to mean: to what degree is the model a 
ood fit for its purpose. Importantly, validity is a measure of how 

ell a model informs a question in a particular context, and not 
n enduring property of the model itself (Troost et al. 2023 , Lim 

024 ). 
Showing the reader how well your assumptions match your 

roblem may take many forms. Many disciplines have established 

ethods to demonstrate one or more dimensions of validity. For 
AVE’s purpose of communicating to nonmodelers or across dis- 
iplinary boundaries, it will be key to take a step back from disci- 
linary habits and also communicate implicit conventions or tacit 
nowledge embedded in these methods in a simple way. We direct 
he interested readers to a list of key approaches in appendix 1 , 
nd focus here on the goals these validation efforts have in com- 
on. Troost and colleagues ( 2023 ) provide a comprehensive pro- 

ocol to find an adequate concept for demonstrating validity (or 
fit-for-purpose”) for any modeling context. Distilling this concept 
nto a simple communicable format leads to three essential parts 
or the V section in PAVE. 

First, show that the assumptions on model structure (what the- 
ry you have used, what you have left out) are adequate for the 
urpose that is the main outcomes are not driven by simplifica- 
ions you have made, but by core defensible assumptions or reli- 
ble data. This should involve theoretical arguments using shared 

nderstanding of real-world mechanisms (theory) as well as sen- 
itivity analysis and robustness checks. Communicate the varia- 
ion and uncertainty that characterize the system you are mod- 
ling. The literature on communicating uncertainty in technical 
nowledge is quite large and beyond the scope of our short com- 
unication; highlights include Brugnach and colleagues ( 2007 ), 

Fischoff and Davis ( 2014 ), Guillaume and colleagues ( 2017 ), and
Doyle and colleagues ( 2019 ). 

Second, explain whether it is meaningful or possible to com-
pare model outputs to empirical data and if yes, do so! This must
involve checking on representativeness of data, constancy of re-
lationships, and identifiability of estimated parameters (Troost et
al. 2023 ). 

Third, draw from what you have shown to put the model in
its place. Force yourself to qualify the “fit-for-purpose” with clear
language: “It can be used for…, as long as, …” “It should not be
used for…” “It will become invalid if … changes.” Tell a user or
a reader, “this is how well you should expect this model to fit
this specific purpose.” Do not expect nonmodelers to draw these
conclusions themselves. Especially, if prediction is the purpose,
be clear regarding what kind of precision and conditionality is
possible with the model: Unconditional or probabilistic predic-
tion with estimated accuracy (like a weather forecast or forecast
of election results)? Conditional projection of long-term statis-
tical averages (like climate projections)? What-if scenario anal-
ysis? Vague exploration of possible outcomes? (Marchau et al.
2019 ). 

Consider that your validity demonstration should match the
fidelity with which you run and interpret your experiment and
communicate whether experiment conditions fall within or out-
side of space included in your validity check. Without any such
qualification, we have no way of putting any experimental or ex-
ploratory results (E) into context. 

E—Exploration: Given (A) and (V), what exciting 

new thing can you show? 
You have done it. You have stated your purpose (P), described the
assumptions (A) you bring to bear on it in your model, and demon-
strated the fit of those assumptions to the problem with some
demonstration of validity (V). With this trust and shared under-
standing, you can now pivot to showing something new and ex-
citing, by trying to answer your original research question, and
perhaps even more. Maybe you have asked a question about for-
est fire and climate, described a model of forest cover that appro-
priately includes rainfall and burning, and showed how well that
model reproduces recent histories of fire and forest loss. Perhaps
now you might show what is expected for the coming decades,
given what we know about that forest and rainfall expectations;
maybe instead you will show how the last few years might have
been different if we had tried a different approach to brush man-
agement; or you might demonstrate a different theory or model
that reproduces some or all of the past history even better. What-
ever it is that you are doing, you are constructing modeling ex-
periments that—like experiments in any other branch of science
(Peck 2004 , Lorscheid et al. 2012 ), and heeding best practices in ex-
ploratory model analysis and its uncertainty (Kwakkel and Pruyt
2013 , Kwakkel 2017 )—should rigorously examine the response of
some outcome to careful variation in model inputs or conditions.
And whatever such experiments are, your efforts at demonstrat-
ing and communicating validity (V) make them easier to under-
stand and interpret. 

Importantly, though (E) comes at the end of the word PAVE, it is
not likely the end of our modeling process. Recalling our iterative
modeling cycle (figure 1 ), model exploration helps both to meet
the model’s purpose (P), as well as to better understand how the
modelled system works (i.e., how the answers that are obtained
with the model are emerging). Exploration may reveal issues that
challenge the assembled assumptions beyond what validity exer-
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ises suggested, or may lead one to revisit the very purpose (P) of 
he whole exercise. Wherever it might go next, the current PAVE 
napshot should make clear where (and why) that is. 

Box 1. A toy example of a PAVE summary for … an 

analog thermometer 
In this example, we provide a PAVE summary for the exciting 
finding of who had the best-heated soup. PAVEing real mod- 
eling findings might take up more space; here, we hope to 
highlight both the what and the why of P, the building blocks 
that make up A, and the critical distinction between activi- 
ties we undertake for V versus E. 

P (Purpose)—To find out whose soup is juuuuuust right, 
by constructing a measure of temperature with sufficient fi- 
delity to identify soup in the optimal temperature range for 
consumption. 

A (Assumptions)—We develop an instrument for mea- 
suring soup temperature by assuming (1) mercury expands 
roughly linearly with temperature and (2) incompressible 
fluids in a tube will flow up the tube as they expand. Thus, 
markings made along a clear tube with mercury inside can 

be used to indicate points in temperature associated with 

the current mercury level. We draw on previous research 

identifying the optimal temperature range for hot beverages 
like soup, which has been shown to be between 54 and 71◦C 

(Abraham and Diller 2019 ). 
V (Validity)—To calibrate our thermometer, we drew on 

two independently verified temperature-driven events—the 
freezing of water at atmospheric pressure (0◦C) and the boil- 
ing of water at atmospheric pressure (100◦C). We placed our 
thermometer near a block of ice and warmed the area until 
the water began to melt, marking the mercury level as 0◦C. 
We then let the thermometer sit in the water and continued 

to warm it until it boiled, marking the mercury level as 100◦C. 
We then assumed linearity in between these points. 

We then validated our calibrated thermometer with an in- 
dependently known point. We had our cousin Martin put the 
thermometer underneath his tongue for a minute, giving a 
measure of about 37◦C, which is what was expected. 

We do not have further reference points below 0◦C or 
above 100◦C, and do not know whether our thermometer 
will respond similarly outside of the range 0–100◦C. However, 
since our optimal range is between 54 and 71◦C, within the 
functioning range of our thermometer, we are able to use 
this model to determine ∗whether ∗ soup is within this range 
or not, while not having confidence at comparing beverages 
outside the range of 0–100◦C (e.g., to see which among sev- 
eral might be closer to optimal). 

E (Exploration)—After rinsing the thermometer, we took 
measures of the temperature of everyone’s bowl of soup. 
Mahdi’s was 89◦C, Violet’s was 43◦C, whereas Chip’s was ju- 
uuuust right at 68◦C (within the range of 54–71◦C identified 

by past research). 

Please see appendix 2 for further examples of PAVE summaries in 
ractice. 

iscussion 

e have presented the PAVE pathway as a distillation of the key 
lements of protocols such as TRACE, presented at an “Overview”

Figure 3. Acceptable and unacceptable partially PAVEd spaces. 

scale as defined in the ODD, to streamline the use and discussion
of model findings among modeling and nonmodeling profession-
als. In appendix 2, we present several short example PAVE uses.
We plan to collect more examples with support from the Stan-
dards Working Group of the Open Modeling Foundation (OMF, ww
w.openmodelingfoundation.org/), in which all authors are mem-
bers. OMF has the mission to develop a body of standards and
best practices among virtually all communities of modeling sci-
entists. We suggested in our opening words at least two distinct
groups in the audience for this contribution, asking questions
such as the following: 

(a) I’m not a modeler—what should I look for when I read a
modeling study, use modeling results, or join a participatory
modeling process? 

(b) I’m a modeler—how should I communicate my contribu-
tion to nonmodelers? 

For the group of nonmodelers, we hope that this document may
serve as a quick reference for the critical pieces necessary to put
a modeling contribution in context. The modeling process is an
iterative cycle of theory building and theory testing, but any one
set of model findings can be described by a PAVE snapshot—a clear
purpose or question (P), the set of assumptions applied to inform
that purpose or question (A), a demonstration of how valid that
set of assumptions is for informing the purpose or question (V),
and finally an exploration of something new (E). Importantly, as
we discuss further below, we cannot talk about what the model
shows us ∗until ∗ we have understood what the model is doing,
and how. 

For the group of modelers, we similarly hope that PAVE can help
to distill key pieces of your modeling process and documentation
into a narrative that nonmodelers can engage with and challenge,
with less of the burden of modeler-specific knowledge that proto-
cols like ODD and TRACE demand. In this, we are proposing that
PAVE may better function as a boundary object—a tool allowing
for cooperation among actors with different interests and under-
standings of a process (Star 2010 )—than other protocols that have
come before. 

Partially PAVEd spaces 

A further strength of PAVE as a snapshot of the modeling pro-
cess is the recognition that it is a chain of processes start-
ing always with a purpose. There are many ways in which
a part of this chain can stand on its own as a contribution,
but it must be unbroken from the left—no gaps (figure 3 ).
For instance , consider the following: 

(a) drawing on literature review to identify key questions for
future modeling work (P); 

(b) outlining an appropriate conceptual model to respond to a
research question (P-A); 

(c) demonstrating the possibility space of a model imple-
mented to respond to a specific question (P-A-V). 
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This manuscript itself is a partially PAVEd space. We present 
ur problem of finding a way to reliably communicate models be- 
ween those who did and did not build them (P), and present the 
AVE pathway as a set of assumptions about the way to move for- 
ard (A). We hope to observe how PAVE enables improved com- 
unication in different modeling groups, both including and not 

ncluding us, as well as in the reading and writing of modeling 
tudies, as ways of validating this model moving forward. 

The key to remember is that PAVE is a chain, and once an ele- 
ent is missing, nothing to the right of it can be treated as mean- 

ngful. For instance, consider the following: 

(a) A-V-E: Without a defined question, it is not possible to 
know whether a set of assumptions (conceptual model) 
is appropriate, nor how to interpret any findings of the 
model; 

(b) P-V-E: Without knowing what the underlying model as- 
sumptions are, it is not possible to make sense of any out- 
puts from the model; 

(c) P-A-E: Without knowing how well the assumptions of the 
model allow an interrogation of the question (i.e., what 
model outputs are possible in response to what inputs), 
it is not possible to put an experimental result in proper 
context. 

AVEing beyond models and simulation 

AVE has applicability beyond describing modeling and sim- 
lation applications. More broadly, instruments for data 
ollection/generation—questionnaires, experiments, or games—
ypically invoke some set of assumptions (theory or model) to 
enerate the outcome measure(s) of interest. PAVE could also 
ake developing, talking about, and understanding conceptual 
odels easier, with V and E marking out key “woulds”—what 
ould help demonstrate the fit of assumptions to the purpose, 
nd what new exploration would such a model enable? The ODD 

rotocol has been applied in just this way in psychology to make 
 certain conceptual model explicit, even with no intention of 
mplementing a computational model (Caldwell-Harris 2019 ). 
imilarly, Secchi and colleagues ( 2024 ) recommend to formulate 
heories in sustainability science using a clear interface (what 
e have called here a boundary object) for communication. PAVE 

ollows the same rationale, in a way that is less technical than 

he ODD. 
Very commonly, these instruments encourage respondents to 

tate or otherwise reveal some preference, belief, or behavior 
n a hypothetical (instrument) setting that is assumed to be 
 construct for a real-world outcome of interest—assumptions 
hat require clear explanation and some degree of validation 

efore they can be of use in making inferences. Like compu- 
ational models, these instruments are of greater value when 

he results of any experimental or exploratory work E are put 
n context through P, A, and V, and we hope PAVE can be 
f use in the “credibility revolution” that is building out the 
pace for construct and external validity alongside the better- 
easured internal validity in the experimental and empirical 

ocial sciences (Jiménez-Buedo and Russo 2021 , Esterling et al. 
023 ). 

AVEing beyond this manuscript 
ood practices emerge from evaluation and adaptation. Much as 

he ODD (Grimm et al. 2006 ) grew (Grimm et al. 2010 ) and then 

rew again (ODD + D; Muller et al. 2013 ) and again (Grimm et al. 
020b ), we see this as PAVE’s first step. PAVE’s next steps will in- 

clude structured experiments—(i) challenging modeler teams to
develop PAVE summaries for model findings and evaluating their
role in improving shared understanding across multi-actor teams
and (ii) challenging nonmodelers to use PAVE principles to shift
their ability to participate in model discourse. Across all such ex-
periments, careful characterization of the models in focus will
help us to identify where PAVE is more or less effective, and where
there is scope for iteration and update. 

Conclusions 

Gaps in communication persist among those who build models
and those who use or otherwise wish to understand them, a prob-
lem only partially addressed through participatory modeling pro-
cesses. Clear protocols for describing model theory, logic, and pro-
cess have been developed and refined over recent decades, with
the ODD and TRACE protocols as leading examples for documen-
tation standards that provide everything modelers need to im-
plement or extend a model (see Jakeman et al. 2024 for a re-
cent overview of standards and Good Modeling Practice). How-
ever, models and the modeling process are complicated, with doc-
umentation often being long and dense, so that the very strengths
of protocols like ODD and TRACE for modelers can limit their util-
ity as communication tools beyond the modeling community. We
propose the PAVE pathway as a streamlined narrative for describ-
ing findings from a model that draws on the strengths of ODD
and TRACE while functioning more as a boundary object to en-
able communication and cooperation across groups with differ-
ent goals and understandings. For nonmodelers, we intend for
PAVE to structure a narrative of everything they should ask and be
aware of as they interpret a specific set of findings from a model.
For modelers, we intend PAVE to make clear the basic descrip-
tive needs for a contribution based on their modeling work, to be
able to communicate effectively to those who did not build it, but
might make use of it. 
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Appendix 1. Examples of validation 

approaches 

In a general sense, “validity” has many dimensions so that assess-
ing whether a model “works well enough” is a multi-criteria as-
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essment. Lim ( 2024 ) provides a comprehensive typology of these 
imensions, including the following: 

(a) Face validity —Does the model appear to be reproducing 
patterns of interest? 

(b) Construct validity —Does the modeled outcome have a 
meaningful link to the real-world outcome of interest? 

(c) Internal validity —Can changes in the modeled outcome be 
meaningfully attributed to changes in model parameters? 

(d) External validity —Do the input parameter ranges and ob- 
served outcomes map well onto specific real-world contexts 
of interest? 

Different dimensions of validity will be more relevant in differ- 
nt exercises, and different models will perform differently across 
imensions of validity. Thus, demonstrating validity (V)—the fit of 
 set of assumptions (A) to inform a specific question or purpose 
P)—can mean many different things. Examples of common ef- 
orts to demonstrate problem-specific validity include the follow- 
ng: 

(a) Matching patterns in outcomes of interest . Observing 
whether expected relationships appear in model outputs—
for example, “when less rain falls, we see more fires and 

more severe fires.” Although this seems trivial, it is a first 
step for building trust in the internal validity of the model, 
sometimes called a “sanity test.” A challenge here is that 
there are commonly a large number of different mod- 
els that are able to generate the pattern in consideration 

(known as equifinality ); this can be a problem if those same 
models might generate very different patterns under other 
conditions. The pattern-oriented modeling (POM) approach 

(Grimm et al. 2005 ) addresses this by choosing larger num- 
bers of related but different patterns to match simultane- 
ously (e.g., matching migration rates but also labor sector 
participation and demographic distribution). Each pattern 

is used as a filter to reject unsuitable models, so that ulti- 
mately fewer models will match all of the different patterns 
well, raising confidence that the mechanisms included as 
assumptions are good fits to the question raised. 

(b) Sensitivity analysis . Systematic sweeps across allowable 
values for model parameters—either one at a time, or us- 
ing one of several approaches to varying all at the same 
time to observe interactions (Brugnach et al. 2007 , Thiele 
et al. 2014 )—to show that (1) model results are not overly 
sensitive to parameter uncertainty or values and (2) those 
parameters which are most sensitive are likely to be about 
those processes that dominate the model’s dynamics and 

response. 
(c) Calibration. Fitting a model to best reproduce a particu- 

lar range of outcomes by identifying parameter settings 
that minimize error between observations for those out- 
comes and model predictions. In cases where your obser- 
vations can ∗meaningfully ∗ be separated into independent 
subsets, a combined calibration and validation exercise may 
be performed by calibrating (or training) the model on one 
set, and validating (or testing) on the other—that is, us- 
ing part of the data to estimate what parameters fit the 
model best, but then measuring that fit based on the pre- 
diction error in the other part of the dataset (Windrum et 
al. 2007 ). There are further clever variations on this gen- 
eral approach. For example, Approximate Bayesian Compu- 
tation (ABC) finds good calibration parameters by gradually 
narrowing the range of possible values to explore, based on 

the ranges seen in strong-performing calibration runs (van
der Vaart et al. 2015 ). The “leave out part of the data for
testing” approach to validating can be explored iteratively,
breaking the dataset into k parts and exploring the features
of models tested on each of the k parts of the data after cal-
ibrating on the remaining k- 1 parts (known as k -fold cross-
validation; Fushiki 2011 ). 

These are examples drawn from a spectrum of approaches to
demonstrate model validity with varying fidelity. Different ap-
proaches for calibration and validation are reviewed in Windrum
and colleagues ( 2007 ) and Fagiolo and colleagues ( 2007 ), with a
wonderful walkthrough of what demonstrating validity can mean
for agent-based models found in Troost and colleagues ( 2023 ). 

Appendix 2. PAVE summaries of existing 

studies 

The following pages give three simple examples of explaining
model findings (one game experiment, one agent-based model,
and one example of explaining a communication protocol, the
PAVE pathway itself) using the PAVE pathway as simple one-page
narratives. These short summaries do not contain all of the de-
tails included in the full published works, but instead, shorter
overviews that make the linkages clear across the PAVE elements:

(a) P (Purpose) —What are we asking in this work? 
(b) A (Assumptions) —What theory or model(s) and other as-

sumptions are we assembling to inform our purpose? 
(c) V (Validity) —What indications do we have that the assem-

bled assumptions are appropriate to inform our purpose? 
(d) E (Exploration) —With our estimate of validity known, what

new interesting things are we learning from the work? 

These examples are not meant to be prescriptive of how to use
PAVE in your work, but rather, to demonstrate how the PAVE com-
ponents may be included in published work to create a usable
narrative. Some PAVE descriptions may lend themselves well to
bullet points and “highlights,” whereas others may work better
as prose. Some may function well with text narratives, but where
helpful, visualizations (such as in the assumptions of A2.2 below)
may help to communicate structure or findings. 

As a modeler, simple narrative summaries like these may be
helpful as you plan your experiment, or plan your finished prod-
uct. As a nonmodeler participating in a modeling project or read-
ing a modeling study, short narrative summaries like these that
you develop yourself or request from your colleagues might make
helpful aids as you consider what model findings could possibly
mean. As instructors or as students of modeling or the use of
model findings, they may similarly enhance thinking or discussion
around modeling or guide the development of research proposals.

Wherever you are in your modeling, analyzing, or reading, we
hope PAVE is a helpful lens to consider what you are learning or
doing. 

A2.1 PAVE summary for “Understanding pastoralist adapta-
tions to drought via games and choice experiments—field test-
ing among Borana communities” ( Bell et al. 2025 ) 

P (Purpose)—How does dry forage harvesting help to coordinate
use of pasture resources in pastoral systems facing uncertain and
variable rainfall? 

A (Assumptions)—We developed a game experiment called
“GreenReserve” in which six to eight players make herding
decisions in a shared 8 × 8 grid of pasture cells. Players iden-
tify what part of this grid is “shared reserve” in which all may
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Figure A1. Agents drawing on utility sources and connected through social networks within and across places in MIDAS. 
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se the land subject to unanimous agreement of all players, what 
art of the grid is “private” or homestead land for each individual 
layer, and what part of the grid is open and unrestricted. Play- 
rs then make decisions about how to apportion scarce house- 
old effort between moving household animals around the pas- 
ure space to graze and harvesting surplus fresh forage to set 
side in place as dry forage. Pasture grass growth is proportional 
oth to how much grass is present, and how much rain has 
allen, which is stochastic and only partially knowable to players. 
ommunication and coordination among players is allowed at all 

imes. 
V (Validity)—We have several indicators of construct validity 

n GreenReserve. First, we conducted a community debrief in all 
ommunities after our game play, with participants noting the 
any ways in which the structure of the game matched the dilem- 
as that they face. One particular example excerpted from the 
anuscript: “This game represents our daily lives. We have a commu- 

ity reserve and during the rainy season no one is allowed to herd near 
t. We also have helpers just like in the game. When it rained in a certain 
rea, we discussed among ourselves and decided how we would move. 
hen there was no rain, we returned to our own private reserves or near 

 water source or the community land to graze.” Second, we conducted 

 discrete choice experiment (where respondents demonstrate 
references by choosing among sets of differing, hypothetical op- 
ions) of herd effort and structure before and after game play, and 

bserved a significant shift in attention after game play on herd 

osses, suggesting an alignment of in-game herding activities with 

eal-life activities. Lastly, our pilot overlapped with a failed short 
ainy season, and we observed significant shifts in herding man- 

agement across groups as the drought persisted, again indicating
a linkage between in-game decisions and real-life herding deci-
sions. 

E (Exploration)—Our small study did not include different ex-
perimental treatments for the game (every participant played
the same, single game condition) but we are able to learn some
new things from heterogeneity analysis (identifying differences
in participant characteristics that explain variation in game out-
comes), some of which also contributes to our demonstration
of validity. We observed that game groups that included more
women had fewer conflicts (where the group disagreed about
whether some players should use the shared reserve or not),
and also used less of the open grass area and invested less in
grass harvesting. We observed that those who revealed in a dis-
crete choice experiment (DCE) that they had concerns about
bad-year herd losses tended to invest less in grass harvest, but
used more of the shared reserve and ended the game with
more surviving animals. We also observed that those who re-
vealed in the DCE that they were more willing to commit la-
bor to their herds were more likely to harvest grass for later
use. 

A2.2 PAVE summary for “Migration towards Bangladesh
coastlines projected to increase with sea-level rise through
2100” ( Bell et al. 2021 ) 

P (Purpose)—What will be the effect of increased sea level rise
(SLR) on migration toward the coast in Bangladesh over the com-
ing decades? 

A (Assumptions)—This application of MIDAS (Migration, In-
tensification, and Diversification as Adaptive Strategies) models
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angladesh as several thousand agents living across Bangladesh’s 
4 districts, occupying a portfolio of “utility sources” (think jobs, 
ssets, access to nature—things that people derive value from) in 

he place that they live. Agents share resources and information 

ith each other across social networks ( figure A1 ), and make reg- 
lar decisions about what the best portfolio of opportunities is for 
hem; when the best portfolio of opportunities is in another place, 
gents migrate. Agents consider the costs of accessing new things 
longside possible incomes, so that these decisions embed prop- 
rties of push (losses in opportunities in the current place), pull 
available opportunities elsewhere), and mooring (immovable op- 
ortunities in the current place) of push-pull-mooring (PPM) the- 
ry. 

Agents are boundedly rational, choosing from across a small 
umber of options, comparing their expectations for each op- 
ion into the future using a prospect-theory-based utility max- 
mizing decision. Opportunities in this MIDAS application are 
rawn from three waves of the Bangladesh Income and Expen- 
iture Survey (BIES, 2005–2015), distilled down to 13 different sec- 
ors with four different levels per sector, and resolved for each 

istrict. 
Flood shocks are estimated using the Global Tides and Surge 

eanalysis, and measured as the likelihood of exceeding flood 

epths from 1 to 5 m, by district by year under three different 
epresentative Concentration Pathways (RCPs)—2.6, 4.5, and 8.5. 
amages from these floods are estimated using best available his- 

orical data, an econometric estimation of the damage in wages 
xperienced by both agricultural and nonagricultural sectors in 

angladesh in the immediate period and year following the 1998 
flood of the century” flooding event. This function for wage dam- 
ges is combined with the flood shock prediction, and then sub- 
racted from the wages predicted by our BIES model to provide an 

stimate of flood-impacted wages over time. 
V (Validity)—We calibrated MIDAS to reproduce relative inter- 

istrict flow rates (i.e., proportion of moves between districts i 
nd j, across all i and j), weighted by population in places i and 

, and averaged across the period 2002–2011, for which data were 
vailable from the Bangladesh Sample Vital Registration Study, 
xplaining 26% of observed variation. We employed an Approx- 
mate Bayesian Computation (ABC) approach over approximately 
0 parameters. In an ABC approach, parameter values are drawn 

andomly from a defined range for a large number of simulations; 
he parameter values from a small number of high-performing 
imulation runs are used to refine the appropriate range for each 

arameter in a new round of simulations. This process of simu- 
ation and refining is repeated over several rounds of simulation 

ntil no further improvement in calibration performance is ob- 
erved. Migration rates are highly correlated in space and time, 
aking it impractical to separate out this dataset for independent 

alibration and validation. 
The calibrated application thus offers our best estimate of ex- 

ected migration response to changes in wage resulting from 

ooding, based on migration response to wages during the early 
000s and assuming (i) flood response would be similar to the 
esponse to 1998 flood, and (ii) economic opportunities out into 
uture decades would be similar to those available from 2005 to 
015. It would be inappropriate to apply outputs from this model 
pplication under conditions in future where these assumptions 
o not hold (e.g., economic impacts of sea level change do not mir- 
or past examples of flooding, or economic opportunities deviate 
rom conditions observed over 2005–2015). 

E (Exploration)—We compared overall migration rates toward 

he coast in Bangladesh under different climate forcing RCPs and 

different degrees of SLR. We found that migration toward the coast
persisted even under strong flooding, as our predicted wage dam-
ages were not sufficient to diminish coastal opportunities. We
also found that providing credit to agents did not always lead
them to move out of risky places, instead leading them in some
cases to invest in place and further moor themselves to their
location. 

A2.3 PAVE summary for “The PAVE pathway: how to talk
about models with people who built them, and people who
didn’t” (current paper) 

P (Purpose) —To provide an effective method to communicate
models between modelers and nonmodelers, and to allow non-
modelers to interpret the utility of the model findings. 

A (Assumptions) —The key assumption of the PAVE (Purpose,
Assumptions, Validity, and Exploration) pathway is that the gap in
model communication between modelers and nonmodelers can
be bridged. The existing protocols for model documentation were
designed for modelers, and thus those protocols may be ineffec-
tive in communicating models between modelers and nonmod-
elers. We assume that modelers can unambiguously reinterpret
their language so that the information provided to nonmodelers
is understandable, sufficient, and compact. 

V (Validity) —To be determined. 
(A first signal of the validity of PAVE as a construct for com-

municating model findings might be the successful publication of
this manuscript, surviving a peer-review process including those
who might consider themselves modelers as well as nonmodel-
ers. But peer review is blind, and the unknowable cannot stand as
validation. 

Instead, we will look toward the outcomes of future PAVE appli-
cations, across modeling domains and across various modeler and
nonmodeler partnerships, for signals of the degree to, and gen-
eralizability with which PAVE communicates model findings and
builds shared understandings across actors.) 

E (Exploration) —In the absence of any demonstration of valid-
ity (V), the PAVE pathway dictates that it is not possible to present
exploration (E). 
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