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Many high-quality educational innovations are freely available, and some
are known to motivate evidence-based climate and sustainability action.
Typically, efforts to propagate educational innovations rely on outreach
and word-of-mouth diffusion, but these approaches tend to achieve little.

We develop and analyse a dynamic computational model to understand
why and to test other propagation strategies. Our analysis reveals that
outreach has limited impact and does little to accelerate word-of-mouth
adoption under conditions typical in higher education. Instead, we find
that community-based propagation can rapidly accelerate adoption, as
isalso shown by a small number of successful real-world scaling efforts.
This approach supports acommunity of ‘ambassadors’, facilitating

and rewarding their sharing the innovation with potential adopters.
Community-based propagation can generate exponential growth in
adopters, rapidly outpacing outreach and word-of-mouth propagation.
Without it, we are unlikely to rapidly scale the educational innovations
needed to build urgently needed capacity in sustainability.

The Earth systemis already well outside the “safe operating space” for
humanity as defined by the planetary boundaries'. For the key boundary
of climate change, society is now wellinto a “critical decade” to acceler-
ate climate action and cut emissions of heat-trapping gases by half>.
Net-zero emissions pledges now cover most of the global economy?, but
policies and actions to achieve those pledges lag”. Widespread sustain-
ability education to build capacity to understand and develop solutions
is needed to close the gap between pledges and implementation®.
After decades of investment in the development of educational
innovations by government agencies and foundations, there are many
freely available, effective educational innovations in sustainability>®.
Here we use ‘effective educational innovations’ broadly to refer to
instructional techniques that are clearly described and knownto deliver
desirable educational outcomes’. Their developers are typically con-
tent experts®, many of whom apply for grants to support innovation
developmentand propagation’. Some innovations are known to deliver
learning outcomes across students with diverse sociodemographic
traits and sociopolitical values'>™. For example, the World Climate

and Climate Action Simulations combine interactive climate policy
simulators and role-play to increase participants’ knowledge about
climate change and its potential solutions, their sense of urgency, and
their desire to learn and do more to combat it">', Rapid scaling of
educational innovations like these could help build the sustainability
capacity needed.

But despite the intentions of their developers and funders, most
educationalinnovations are not widely adopted’. Dissemination efforts
generally assume that outreach and word-of-mouth diffusion are suf-
ficient for widespread propagation™'°, Research shows they are not,
asuptake rates from dissemination, active outreach or word-of-mouth
diffusion among educators are rarely enough to support scaling".
Arecent review identified only 43 “well-propagated” STEM educa-
tional innovations out of many thousands’.

Here we develop adynamic decision-support model to understand
why most propagation efforts fall flat and to guide strategies to make
such efforts more successful. We focus on higher education because
ofthecritical roleit playsin building capacity to address sustainability,
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preparing sustainability professionals and increasing sustainability
literacy across professions'®. Sustainability higher education also
has strong potential for innovation and rapid growth®®. It demands
cross-disciplinary, active learning that enables students to understand
complex systems, solve problems and be agents for change’.

We build on prior research and the well-established Bass model
of innovation diffusion”, which shares key features with the propa-
gation of innovations in higher education, including outreach and
word-of-mouth diffusion. We use group model-building methods*
to build confidence in the model structure and extend it to include
community-based propagation. Through simulations, we identify
high-leverage strategies for propagation. We find that word-of-mouth
diffusion and outreach for propagation yield little impact. Instead,
community-based propagation® can achieve rapid scaling and sus-
tained impact.

Like the Bass model™**, our model includes potential adopters
(instructors who could use the innovation) and adopters (instructors
who use it). Initially, potential adopters become adopters because of
outreachactivities. But the proportion of educators convinced to adopt
fromthese effortsis typically low: adopters are neither provided with
sufficient information about how to use the innovation nor provided
with supportifthey decide to try it>*.

As the number of adopters grows, some of those adopters share
theinnovation with people they encounter and convince some of them
to adopt®. This creates a reinforcing word-of-mouth feedback that,
in theory, has the potential to drive exponential growth in adoption.
Strong word-of-mouth diffusion requires both a high rate of contact
between adopters and potential adopters and a high probability of
adoption from those contacts. The same underlying structure drives
exponential growth dynamics in epidemics, as the COVID-19 pandemic
made broadly familiar. Infection spreads rapidly when there is frequent
contact between infected and susceptible individuals (adopters and
potentialadopters, respectively) and when the probability of infection
(or adoption) from such contacts is high?. But these conditions are
rarely met for the diffusion of educational innovations. In normal fac-
ulty work, educators tend not to share their educational practices with
colleagues. They tend to interact with the same, small set of colleagues

|19,22

over alongtime. Thoseinteractions usually focus on sharing research
or managing service obligations, not educational innovations***, And
evenifthey do discuss educationalinnovations, adoption is unlikely***.
Word-of-mouth diffusion is generally low for innovations in higher
education™* ' because contact rates and ‘contagion’ are low.

In contrast, community propagation of educational innovations
canachieve rapid scaling”*. In this approach, acommunity of ‘ambas-
sadors’ uses the innovation successfully, believes inits value, shares it
with and supports potential adopters, and encourages some adopters
tobecome ambassadors. The ambassador community, inturn, is sup-
ported by a backbone organization that facilitates propagation, pro-
vides opportunities for collaboration and research, and rewards their
work through professional recognition and opportunities. We capture
the key dynamics of these community-based propagation approaches
inan extended Bass model that builds on prior research and uses system
dynamics methods? to develop asimulation model with the structure
showninFig.1(see Extended Data Fig. 1for the full model).

Several real-world examples show the potential of community-
based propagation. The InTeGrate project funded by the National Sci-
ence Foundation reached more than100,000 students between 2012
and 2018% using a community-based approach?-**. It built a national
community of sustainability educators by supporting the development
of innovations by cross-disciplinary, multi-institutional teams; offer-
ing visible ways to share those innovations online and in workshops
and conferences; and encouraging community members to use and
share each other’s innovations®. The POGIL project achieved wide-
spread propagation through a community-based approach in which
adopters are empowered to contribute new curricular materials and
lead regional networks that support implementation and draw new
members**. The community-based Learning Assistant Alliance has
2,953 members at546institutions representing 120 Learning Assistant
programmes®?. These efforts build communities of ambassadors who
use and share the innovation successfully.

Our interactive, quantitative simulation model enables educa-
tional developers and funding agencies to explore what-if scenarios
about propagation strategies without the cost and risk of doing so in
the real world. It can be used to understand the systemic reasons that
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Table 1| Parameter values and simulation outcomes for each strategy

Parameter Unit Base (WoM') Strategy 1a: Strategy 1b: Strategy 2a: Strategy 2b: Strategy 3a: Strategy 3b:
WoM'+ WoM+outreach WoM+outreach+ WoM+outreach+ WoM+community- WoM+community-
outreach (15yrfunding)  community- community- building building
(4yr funding) building building (4yr funding) (15yr funding)

(4yr funding) (15yr funding)

Switch for outreach effort  Dml? 0 1 1 1 1 0 0

Switch for community Dml 0 0 0 1 1 1 1

development

Duration of funding Years 0 4 15 4 15 0 0

for outreach

Duration of funding for Years (0] (0] (] 4 15 4 15

community-building

Impacton...inyear 4

Adopters Educators 59 84 84 170 170 132 132
Ambassadors Educators 4 4 4 48 48 38 38
Users Educators 63 88 88 218 218 170 170

Impacton...inyear 15

Adopters Educators 25 28 69 202 4,606 162 3,409
Ambassadors Educators 1 1 1 9 1,352 7 997
Users Educators 26 29 70 21 5,958 169 4,407
Maximum number of educators over the 15-year simulation period
Adopters Educators 61 84 86 291 4,606 231 3,409
(year 3) (year 4) (year 6) (year 8) (year 15) (year 8) (year 15)
Ambassadors Educators 8 8 8 48 1,352 38 997
(year 0) (year 0) (year 0) (year 4) (year 15) (year 4) (year 15)
Users Educators 65 88 89 316 5,958 252 4,407
(year 3) (year 4) (year 5) (year 8) (year 15) (year 8) (year 15)
Cumulative educators after 15 years®
Ambassadors Educators 8 8 8 63 2,047 51 1,512
Users Educators 187 229 337 950 9,654 759 7137

For comparative purposes, the impact of each strategy on the number of adopters, ambassadors and users at 4 and 15 years is shown, as is the cumulative impact at the end of the 15-year
simulation period. '"WoM, word-of-mouth from adopters in a higher-education setting. Dml, dimensionless. *Note that the cumulative number of adopters is hot shown here because doing so

would result in double-counting educators.

propagation of educational innovations succeeds or fails. And it can
guide developers and fundersto allocate limited resources to activities
that drive success.

Results and discussion

We used the model to test the impact of different propagation strate-
gies over al5-year period and focused on outcomes for three stocks:
adopters, ambassadors and total number of users (that is, the sum of
adopters and ambassadors, or all educators who are actively using
the innovation). We assumed that the developers serve as initial
ambassadors who generate and mentor an initial cohort of adopters
(Supplementary Tables 1-3). We tested several different propagation
strategies:

« Word-of-mouth alone (the base case)

« Word-of-mouth with outreach (Strategy1)

»  Word-of-mouth withcommunity-based propagation and outreach
(Strategy 2)

« Word-of-mouth with community-based propagation alone
(Strategy 3)

We used base-case parameter values and switched parameters
to activate given model substructures (Table 1 and Supplementary
Tables1-9).Strategies 1a, 2a and 3a assume active propagation for four
years (a typical length for US federally funded education projects),
while Strategies 1b, 2b and 3b assume 15 years.

The base-case scenario reflects the commonly held belief
that an educational innovation will become widely used through
word-of-mouth diffusion. Its parameter values reflect the low levels
of communication among educators about their instructional work?
and the low probability of adoption from those interactions”?. The
number of adopters increases initially, peaks after three years and
then declines® (Fig. 2 and Extended Data Fig. 2). The initial growth in
adopters may lead developers to falsely believe that word-of-mouth
propagation is effective. But word-of-mouth adoption is too weak
to overcome the losses in adopters who quit using the innovation or
retire. Instead, early growthis generated by the developers who serve
as initial ambassadors, sharing their innovation compellingly until
they step down. The base case generates only 187 cumulative users
over15years (Tablel).

Active outreach, including presentations, workshops or digital
campaigns, is considered ‘best practice’ for propagation'®”, Activat-
ingthe outreach substructure of the model for four yearsincreases the
number of adopters when compared with word-of-mouth diffusion
alone (Strategy 1a; Fig. 2 and Extended Data Fig. 3). But as the number
of adopters grows, so does the rate at which adopters quit. There
are only about one-third more cumulative users than in the baseline
(Table1). Note that the point change in the slope of adopters and users
results froman abrupt end to outreach activity as funding to support
outreach ends. Actual transitions may be smoother if prior contacts
with potential adopters generate new adopters for a brief time after
outreach ends.
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Fig.2|Number of users over time for each strategy. a,b, Behaviour over time for the number of adoptersin the base case and in Strategies 1a, 1b, 2a, 2b, 3aand 3b over

thefirst Syears (a) and full 15 years of simulation (b).

Extending outreach for 15 years helps, with nearly 340 cumula-
tive users after 15 years (Strategy 1b; Fig. 2, Table 1 and Extended Data
Fig.3).But the initial ambassadors eventually step down, causing the
rate of adopting to decline. Without an active effort to develop more
ambassadors, gains in new adopters cannot keep up with losses from
adopters quitting. The long-term behaviour of the systemis dominated
by feedbacksthat decrease the number of adopters (Fig.1, B2—Moving
on and B4—Stepping down).

Strategy 2 activates both outreachand community-based propaga-
tion. Ambassadors share the innovation with potential adopters and
mentor adopters, some of whom become ambassadors. Ambassa-
dors’activities strengthen two reinforcing feedbacks, R2—Community
propagation and R3—Community-building (Fig. 1and Extended Data
Fig.1), generating exponential growth in adopters and ambassadors
(Fig. 2 and Extended Data Fig. 4).

Strategy 2a assumes that funding for both outreach and
community-building stops after four years. With no funding, the
mentoring efforts of ambassadors are no longer supported, feed-
backsR2andR3 are deactivated, and ambassador development stops.
Ambassadors retire or step down to become adopters. Because of
the latter, the stock of adopters continues to increase for a while,
reaching its peak later than the stock of ambassadors (Fig. 2 and
Extended Data Fig. 4). But the rate of adopters quitting reaches and
then exceeds the combined rates of adoption and ambassadors
stepping down, causing the number of adopters to peak and then
decline. Cumulatively after 15 years, nearly1,000 educators have used
theinnovation.

In Strategy 2b, community-building and outreach activities are
funded for the full 15-year period, leading to continued exponential
growth thatis generated by thereinforcing feedbacks R2and R3 (Fig. 2
and Extended DataFig. 4). By year15, there are more than 9,600 cumu-
lative users. Over the long term, the impact of a community-building
strategy enables scaling of the innovation at alevel that far exceeds the
potential of outreach alone. Note that community-based efforts are
likely to be active for alonger time than asingle development project.
The community-based propagation efforts POGIL* and InTeGrate
(https://serc.carleton.edu/integrate/about/project_products.html)
were launched in 1994 and 2012, respectively, and continue gaining
adoptersin2024.

Strategy 3 is similar to Strategy 2, but with no direct outreach
effort (Table 1). It combines active community-building with passive
word-of-mouth diffusion. This strategy would shift often-limited
project resources away from outreach and towards building acom-
munity of ambassadors. Instead of focusing on project leaders pre-
senting and sharing the innovation with their own networks and

organizations, it works to form a backbone organization that sup-
ports ambassadors’ work.

Community-building generates exponential growth in both
adopters and ambassadors as long as it is active. Four years of
community-building alone (Strategy 3a) yields about three times as
many users as four years of outreach (Table 1, Fig. 2 and Extended Data
Fig. 5). Once active community-building ends, the stock of ambassa-
dors begins to deplete. But because ambassadors do not step down
immediately, it takes time for their numbers to decline. Throughout
the simulation, they continue to generate new adopters. Total users
in this strategy peak in year eight. After 15 years, there are more than
three times as many cumulative users than with Strategy 1a (Table 1).
Extending funding for community-building to 15 years (Strategy 3b)
results in continued exponential growth in adoption and more than
7,000 cumulative users, or more than 20 times more cumulative adop-
ters than outreach funded over the same time horizon (Strategy 1b;
Table1landFig.2).

The observed behaviour for the different strategies is especially
interesting given how the number of adopters develops over the
first five years of propagation (Fig. 2). During the first year, focus-
ing on outreach efforts (Strategies 1a and 1b) performs better than
community-building alone (Strategies 3a and 3b) because of the bal-
ancing feedback B1-Outreach, which, when activated, moves potential
adopters quickly toadopters. Only community-building with outreach
(Strategies 2a and 2b) is stronger. Beyond then, community-building
with or without outreach (Strategies 2 and 3) rapidly outpaces the
other strategies. Thereinforcing feedbacks R2and R3 (Fig. 1), activein
Strategies 2 and 3, take time to generate momentum. Early evaluation
of propagation outcomes may therefore lead decision-makers to focus
onoutreachinstead of community-building, even though outreachis
afarless effective strategy.

Sensitivity analyses
Sensitivity analysis allows us to test the full range of possible values for
poorly constrained parameters, investigate how changing parameter
values affects model outcomes and identify high-leverage parameters®.
Itenables decision-makers to test their own mental models about dif-
ferent propagation strategies and justify shifting scarce resources
towards high-leverage activities. It also guides research efforts for
improving propagation models by determining whether uncertainty
about a parameter matters for outcomes. If varying a parameter over
its full potential range has littleimpact, thenits precise value does not
need to be known.

For each propagation strategy, we assumed ranges for exogenous
model parameters that can be influenced by propagation efforts,
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the median values (white dots), interquartile ranges (thin black vertical lines) and
95% confidence intervals (thin black lines) of each distribution.

on the basis of prior research and our understanding of the system
(Supplementary Tables 10 and 11). The outcome we focused on is
the total number of users (that is, adopters plus ambassadors). We
used univariate sensitivity analyses to test the full range of values
for each parameter, thereby showing the probability density of the
resulting outcomes (Figs. 3 and 4). Testing one parameter at atime, we
simulated the model 200 times with independent randomly selected
parameter values from uniform distributions within their specified
ranges. Each propagation strategy was tested separately by using the
‘switch’ parameters to activate or deactivate model substructures
(Table 1). We also conducted multivariate sensitivity analyses to
assess the combined effects of varying different parameter values
for the different strategy sets simultaneously, as described in the
Supplementary Information.

When propagation relies on word-of-mouth alone (base case),
the mostinfluential parameters are the number of contacts that each
adopter reaches, c,, and the average number of years that adopters use
theinnovation, T, (Fig. 3). Varying c, acrossits full range of values leads
toamore thansixfoldincrease in the number of usersinyear 15, from
18to 188 educators. Varying T, acrossits full range yields 1to 144 users
by year 15. Developers may influence this parameter by continually
updating theinnovationto ensure that it remains relevant and thereby
increasing the likelihood that adopters continue to use it.

Without anintentional community-building effort, developers do
notworktodirectly influence either the number of adopters’ contacts,
c,, or the fraction of those contacts that adopt, f,. Note that they may
indirectly influence these parametersif their innovationis high quality
and easy to adopt and meets educators’ existing needs”, potentially
making it easier and more likely to be shared by adopters.

Strategy 1 adds outreach activities to word-of-mouth diffusion,
which most developers assume would increase propagation substan-
tively. But sensitivity analyses show that varying outreach parameters
does little. Instead, the parameters with the highest leverage remain
c,and T, (Fig. 4). Not surprisingly, a larger number of attendees per
presentation over a longer time horizon enhances adoption. But at
best, outreach impacts adoption linearly. In contrast, the reinforcing
feedback R1-Word-of-mouth generates exponential growth behaviour.

Strategies 2b and 3b activate community-building for 15 years,
generating as many as 75,700 educators (Fig. 4). The parameter T;,,
defines the time period that ambassador development is active and
is therefore critical for initiating all community-building activities.
Propagation outcomes are highly sensitive to Tg,,, illustrating the
impact of shifting project resources towards ambassador development
and community-building.

Sensitivity analyses show that when the reinforcing feedbacks
R2 and R3 around community-building are activated, the number of
contacts per ambassador, c,,, and the fraction of ambassador con-
tacts who adopt, f,,, are high-leverage parameters (Fig. 4). The long,
narrow tails of their probability distributions indicate that they con-
tinue to deliver gains in the number of users even as they approach
their maximum expected values. These parameters directly affect the
strength of reinforcing feedback R2, in which ambassadors drive new
adoption (Fig. 1). They indirectly affect the strength of R3, in which
ambassadors bring adopters into the ambassador community. When
community-buildingis active for the full 15-year period, the influence
ofthese parameters far outweighs that of any others. Not surprisingly,
if community-buildingis active for only four years, the average number
of years of implementation, T,, also has a high impact on the number
of users, similar to when only outreach is active in Strategy 1 (Fig. 4).
Note thateven four years of community-building yields far more users
than15years of outreach alone (Figs.2and 4).

As before, including outreach in a propagation effort with
community-building has littleimpact on the final number of users. With
orwithoutoutreach (Strategies 2 and 3, respectively), parameters that
affect community-building have the highest impact (cap, faa, Tran and
T, Fig. 4). Increasing c,, and f,, strengthens reinforcing feedback R2.
Increasing the number of years for community-building, T;,4, strength-
ens reinforcing feedback R3. The number of years that educators use
the innovation is also important: as it grows, the balancing feedback
B2isweakened, keeping educatorsin the stock of adopters foralonger
time, enabling more of them to become ambassadors and to reach
more potential adopters.

Including outreach with community-building yields slightly higher
numbers of users, but the differences are negligible if ambassador
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Fig. 4 |Sensitivity analyses of the impact of parameter values on the number of
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The violin plots also show the median values (white dots), interquartile ranges
(thinblack vertical lines) and 95% confidence intervals (thin black lines) of each
distribution. The results are shown for Strategies1a (a), 1b (b), 2a (c), 2b (d), 3a (e)
and 3b (f). Note that the results for Strategies 1a, 1b, 2a and 3a are shown onascale
from 0t01,400 users, while those for Strategies 2b and 3b are shown on ascale
from 0 to 80,000 users.

development is active for 15 years (Fig. 4), and the overall patterns of
sensitivity analyses are similar. This is because the balancing feedback
Blaround outreach affects the dynamics only at the beginning of the

propagation effort when it helps generate more rapid initial gains
(Fig.2). However, in the longer term, the reinforcing feedbacks R2 and
R3around the community dominate the systembehaviour. Multivariate
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sensitivity analyses (Supplementary Information and Supplementary
Fig.1) reinforce these findings: community-building approaches yield
higher numbers of users than outreach alone, even as multiple param-
eters are varied simultaneously.

Implications for practice

Even though successful scaling of educational innovations is rare®">'¢,
most developers continue to use conventional dissemination and out-
reach approaches”. Our analysis reveals why these approaches do little
to accelerate adoption under conditions typical in higher education.
In contrast, both model-based analysis and prior research show that
community-based propagation can achieve rapid scaling”*>*. Shifting
limited resources fromoutreach to activities that create, supportand
strengthen the impact of a community of ambassadors can generate
exponential growthin adoption. By supporting adopters, ambassadors
alsomakeit morelikely thatadopters will continue to use the innovation
(thatis, increasing T,; Fig. 1), helping overcome discontinuation, which
is aknown barrier to effective propagation®. Scaling efforts should
enable educatorstoshare theirinstructional strategies, supporteach
other tosustainadoption, mentor new ambassadors and find ways for
individuals to benefit from their shared successes. Ideally, these efforts
should be long-term efforts and would therefore benefit from policy
changes in funding programmes. Real-world examples™* of successful
scaling demonstrate the power of this community-based approach.

Limitations

Our stylized model of the diffusion of educational innovations enables
users to explore strategies and create what-if scenarios to improve
mental models and make better decisions. But it is clearly limited by
modelling assumptions, data availability toinform its parameter values
and the contextsin whichitcanbe applied. For example, thereis little
quantitative information about propagation outcomes available to
validate parameter values, especially over the time horizons needed
to validate the parameters of our model (that is, more than tenyears).
Our focusis on the propagation of innovations in sustainability higher
education. This context differs significantly from the propagation of
educational innovations in other settings, such as US secondary edu-
cation, where adoptionis strongly influenced by educational policies
and standards, teacher training and assessments, or widely used text-
books™. These factors do not apply to sustainability higher education,
nor are they capturedin our model, so they cannot be evaluated withit.

Implications for future research

One of the main outcomes of this work is to underscore the need for
more research and innovation in community-based propagation—an
approachthatisrarely usedinthereal world but that we find has strong
potential for rapid scaling. Our simulation modelis designed to capture
the core systemic structure that drives community-based propagation
(Fig.1and Extended Data Fig.1)—that is, acommunity that supports a
growing number of ambassadors who, inturn, compellingly share the
innovationwith potential adopters and support themintheir effortsto
use the innovation. We allow for broad ranges in sensitivity testing of
many variables because thereislittleinformation about their real-world
values. There are undoubtedly additional variables that influence the
ranges of those of parameters and that could beincluded in subsequent
models. For example, community-based efforts must provide incen-
tives for educatorstojoin the community and support that facilitates
their participation. Incentives depend on an educator’s academic posi-
tion or setting, which could be tested and captured in an improved
model of propagation. For example, tenure-track faculty members at
research universities may benefit fromacommunity that offers oppor-
tunities to collaborate on grants and peer-reviewed papers related to
the educationalinnovation. Teaching-focused faculty may benefit from
evidencethat their work asanambassadorimproved instructionin their
own and their colleagues’ courses. Our work points to much-needed

innovation and empirical testing of community-building approaches
that could then inform further model development.

Futureresearch could calibrate the model toreal-world data. Such
an effort could be a case study*® of a particular propagation strategy,
rather than a theoretical evaluation of different potential strategies,
and would require data on potential adopter, adopter and ambassador
numbers over time. However, univariate sensitivity testing shows that
many of those parameters have little influence on model outcomes.
Most parameters associated with word-of-mouth propagation and
outreach efforts have little impact on propagation outcomes when
they are varied over the assumed ranges of values. In contrast, several
parameters associated with community-building have high impact,
such asthe number of adopters that each ambassador mentors. Future
research should therefore focus on better defining factors that affect
community-building and whether and how high-leverage factors can
be enhanced.

Our model can be adapted to any other discipline and educa-
tional settingin which individual instructors drive adoption decisions.
We focus on modelling the diffusion of sustainability innovations in
higher education, which is central to preparing the next generation
of decision-makers and leadersinsociety*. Its educators are generally
freetoteach new contentin new ways, so that the propagation of edu-
cational innovations is possible without higher-level policy decisions.
With a growing number of sustainability-focused programmes** and
many disciplinary courses in which sustainability is relevant, itis fertile
ground for rapid scaling of educational innovations.

Especially given the individualistic, competitive culture of
academia®, realizing the potential benefits of community-based
propagation presents challenges. Most decisions to adopt curricula
in higher education are made by individual educators who must be
convinced that the additional time and effort needed to try something
new is worthwhile. The benefits of belonging to acommunity of trans-
formation must outweigh the time and effort it demands. The com-
munity’s educational innovations must be high quality and relevant
and must offer theinstructor benefits over other resources. Research
shows that social visibility and recognition motivate people to con-
tribute to the greater good** and that having a sense of belonging to,
identity with and satisfactionabouta community of practice motivates
its members to contribute to shared goals*. Community-building
efforts may therefore be more successful if ambassadors’ contri-
butions are recognized and celebrated, preferably by professional
societies they esteem. Communities can also encourage participa-
tion through annual meetings and online meetings that encourage
interactions among the members, offering opportunities for learning
and collaboration.

Methods

Model development

We began with interactive group model-building to adapt the Bass
model to the diffusion of innovations in higher education. Group
model-buildingis afacilitated process that elicits stakeholders’ mental
models of how acomplex system works and builds ashared understand-
ing of the structure that drives system behaviour?****_ It leverages
human capacity for recognizing interactions between system ele-
ments and uses the visual ‘language’ of system dynamics to depict
interacting stocks, flows and feedbacks®’. Group model-building is
oftentheinitial step in the system dynamics modelling process. It was
facilitated by the first author and included stakeholders with exper-
tise relevant to the propagation of higher-educational innovations,
including university-level educatorsin sustainability and related fields,
developers of educational innovations, educational researchers, and
researchers studying the propagation of higher-educational innova-
tions and system dynamics (Extended Data Table 2). The resulting
qualitative model depicts the participants’ shared understanding of
how the propagation of innovations works in higher educationonthe
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basis of group members’ prior research®***® and diverse experiences

asuniversity-level developers, educational researchers and educators.

We then developed a quantitative and interactive simula-
tion model and formulated mathematical equations for the vari-
ables, using differential equation modelling and continuous time
simulation to enable users to test expected outcomes from dif-
ferent propagation scenarios. We solicited further feedback on
parameter estimation and the model structure and behaviour from
stakeholders in educational innovation and propagation at profes-
sional meetings (for example, ref. 48) and reviewed the literature to
iteratively improve the model structure, underlying equations and
assumptions. The model is available for download*’ and can be run
using the Vensim model reader (freely available at https://vensim.
com/vensim-model-reader/). An interactive version of the model
is freely accessible at https://exchange.iseesystems.com/public/
florian-kapmeier/sustainability-education-propagation-simulator.

We focused on the diffusion of educational innovationsin the US
higher-education system, where most of the authors are based. Inthe
United States, there is growing interest in sustainability’, and deci-
sions to adopt educational innovations are largely made by individual
instructors. However, the modelis easily adaptable to the diffusion of
educational innovations in other countries, other disciplines and other
educational levels, as long as adoption decisions are made primarily
byindividual educators.

Modelstructure

Figure 1 shows an overview of the propagation model. The simula-
tion model* includes the formal specification of all model variables
and the interactions among those variables. The full model is also
shown in Extended Data Fig. 1. Supplementary Tables 1-3 show the
model equations, parameter values and parameter value sources.
The model captures three key groups, or stocks, of educatorsrelevant
to the propagation of educational innovations: potential adopters,
adoptersand ambassadors (Fig.1; P,Aand AA, respectively). Potential
adopters are higher-education instructors who could use the innova-
tion but currently do not. Potential adopters become adopters when
they begin using the innovation. If adopters quit using the innovation,
they re-enter the stock of potential adopters—and can potentially use
itagainin the future.

The purpose of the modelis to help decision-makers better under-
stand the dynamics of propagating educational innovations. We there-
forefocus onthe high-level drivers of diffusion and aggregate variables
that represent ease of adoption, quality of the innovation or relative
attractiveness of the innovation in more general parameters, such
as the fraction of potential adopters who adopt the innovation from
different outreach or diffusion activities (for example, the fraction of
adopter contactswhoadopt,f,, thefraction of adopters from different
outreachactivities, f,, andf,., and the fraction of ambassador contacts
who adopt, f,,; Extended Data Fig.1).

Ambassadors are members of acommunity who actively use and
propagate the innovation—that is, educators who have a higher level
of investment in the innovation, use it successfully and share their
success with others. For example, ambassadors use the innovation
more frequently and for alonger time than adopters (Supplementary
Tables 4-9). Compared with adopters, ambassadors also share the
innovation with more potential adopters and are more likely to con-
vince those educators to adopt. Ambassadors are therefore central
to community-based propagation. Adopters who become invested
in the innovation become ambassadors, and ambassadors who step
down revert to being adopters (Fig. 1; ambassador development and
ambassadors stepping down, respectively). The model captures the
four key processes that affect the propagation of educational innova-
tions: word-of-mouth diffusion, outreach, community-building and
community propagation (Fig.1and Extended DataFig.1). The fullmodel
accounts for additional flows such as potential adopters, adopters and

ambassadorsretiring or otherwise moving on from their instructional
positions; and hiring new educators who enter the pool of potential
adopters (Extended Data Fig. 1 and ref. 49; these are not included in
the model overview in Fig. 1 because they have little impact on model
outcomes and do not change our findings).

Thestock of potential adopters (P) increases when potential adop-
tersareadded (P,) (Extended Data Fig. 1) and when adopters stop using
theinnovation, reentering the stock of potential adopters (atrate A,),
as shown in Extended Data Fig. 1. Supplementary Tables 1-9 provide
details about the equations and parameters used to compute the rate
atwhich potential adopters are added, whichis dependent onthe rate
atwhichsustainability educationis growing in American universities*
and onthe need toreplace retiring faculty members.

The stock of potential adopters decreases as educators retire, P,,
whichwe assume by dividing the potential adopters, P, by the average
number of years that a US tertiary educator teaches, T, acknowledg-
ing that this number may differ substantially for tenure-track versus
adjunct or other temporary or part-time faculty members: P, = P/T,
(Extended Data Fig. 1 and Supplementary Tables 1-3). Furthermore,
the stock of potential adopters is increased by new potential adop-
ters, P,,and adopters who quit using the innovation. It is decreased as
educators adopt through three potential processes that we describe
inmore detail below: outreach efforts, a,, word-of-mouthvia current
adopters, a,, or ambassadors, a,,. Thus:

dp

E=P3+Aq_Pr_aOE_aA_aAA- (6]

We capture the dynamic nature of adopters, A, through the accu-
mulation processes that increase or decrease this stock of educators.
Adopters grow viathe conversion of potential adopters toadopters, 4,
(asdescribed above and inequation (1)): that is, from outreach efforts,
aoe, and word-of-mouth adoption via adopters, a,, and ambassadors,
ay,. The stock of adopters declines from adopters quitting, A,, and as
adoptersretire, A,. The stock of adopters also declines (through flow
AA,) when adopters become ambassadors, A,,, and grows (through
flow AA,;) when ambassadors nolonger actively share or promote the
innovation, AA,, and return to the adopter group. Thus:

dA

i@ =Aop +ap + app —Ag — Ar — App + AAgc. 2)

Adoption through outreach efforts, a,, includes two common
outreach approaches: interactive presentations or workshops and
digital campaigns. In both types of outreach, the fraction of educa-
tors who adopt, FA, is multiplied by the number of annual efforts,
OR, and the potential adopters reached through the outreach
effort, PAOR. So, adoption through presentation-based outreach is
Aorp = Fap X OR, X PAOR,,, while adoption through digital campaigns is
Apge = Fre X OR, x PAOR,. We added these to determine the total number
of educators that adopt per year due to outreach, PAOR,. Consist-
ent with the Bass diffusion model, we assume a,; by multiplying the
number of educators reached by a probability that they adopt, P/E,:
ao: = PAOR, x P/E,. Outreach efforts are typically active only if funded,
whichwe capture through the period of funding, T,

The feedback that outreach efforts create is balancing (B1-Out-
reach, Fig. 1): when the number of potential adopters, P, is not a con-
straint, this feedback accelerates the number of potential adopters who
adopt theinnovation. Over time, however, and when potential adopters
deplete, it gradually lowers the proportion of potential adopters to
total educators and the rate at which adoption occurs. Similarly, we
assume that adopters eventually stop using the innovation, creating
asecond balancing feedback, B2—Moving on (Fig. 1). Adopters who
stop using the educational innovation, A, are captured by dividing the
number of adopters by the average time that they use the innovation,
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T\ A, =A/T,. As the number of adopters grows, the rate at which they
quitusing theinnovationalso grows, depleting the number of adopters.

We assume the number of educators who learn about the innova-
tion via adopters by multiplying the number of contacts per adopter,
C,, by the fraction of adopter contacts who adopt, f,, the number of
adopters, A, and the proportion of potential adopters, P, to total edu-
cators, E,, or P/E,; thus, a, = c, x f, x A x P/E,. This process creates a
reinforcing feedback, R1—Word-of-mouth (Fig. 1), which accelerates
adoption as the number of adopters who contact potential adopters
grows. A similar reinforcing feedback (R2—Community propagation,
Fig.1) results from ambassadors sharing theinnovation with potential
adopters, increasing the number of adopters and, eventually, ambas-
sadors: a,, = Can X fan X AA x P/E,.Note that adoption through contacts
withboth adopters and ambassadors also creates two balancing feed-
backs, BOaand BOb—Depleting potentials (Extended DataFig.1). Asthe
number of potential adopters depletes, the proportion of alleducators,
E,,who are potential adopters, P, or P/E,, declines; thus, the adoption
rate decreases.

The model includes an explicit effort to build a community of
ambassadors, AA, who use the innovation successfully and share the
innovationwith potential adopters. The number of ambassadors grows
whenambassadors mentor adopters who thenbecome ambassadors,
AA,. It declines when ambassadors step down from a leadership role
but continue to use the innovation as adopters, AA,., or when they
retire from teaching, AA.:

dAA

W = AAA - AAnC—AAr. (3)

The rate at which adopters become ambassadors, AA,, depends
on the fraction of ambassador mentees who become ambassadors,
faap, the number of adopters each ambassador mentors, M,,, and the
number of ambassadors, AA (Supplementary Tables1-9). The number
of adopters who have the time, resources, ability and desire to become
ambassadors is limited, which is captured by the term A,,,, or the
maximum proportion of ambassadors, A4, to users, U, of the innova-
tion. As the actual proportion of ambassadors to users approaches
Aumax the development of new ambassadors approaches zero, so:
AA,= (1= (A/U)/Aumax) X fanp X Maa x AA. This equation closes the
third reinforcing feedback, R3—Community-building (Fig.1), acceler-
ating the development of new ambassadors as the number of ambas-
sadorsactively mentoring adopters grows. It also creates the balancing
feedback B3—Poolis drying out (Fig. 1), which eventually limits ambas-
sador development. Ambassadors revertback tobeing adopters, AA .,
after anaverage number of years, T,,, sothat AA,. = AA/T,,, closing the
balancing feedback B4—Stepping down (Fig. 1). We also capture the
need for funding to support community-building efforts, which stop
when the funding period, T;,,, expires.

We use ‘switches’ that are set to a value of one to activate or zero
to deactivate a given model substructure (Extended Data Fig. 1). This
formulation provides a simple way to test the impact of distinct strat-
egies, such as outreach or community-based propagation, or their
combinations by changing a single parameter (Table 1). Each switch
parameter is used to multiply relevant substructure outcomes by
zero or one (with adopting through outreach efforts, a,;, multiplied
by the switch for outreach efforts and ambassador development, AA,,
multiplied by the switch for ambassador development).

Parameter values

When possible, we drew parameter values for numerical simulation
from prior research on the propagation of educational innovations.
However, little or no quantitative dataare available for several relevant
parameters, such as the average proportion of educators who adopt
after attending a presentation or workshop about aninnovation. Rather
than excluding such parameters from the model—which would imply

that they have no impact—we included them and tested the sensitiv-
ity of model outcomes to a wide range of potential values for them.
Base-case parameter values and references or descriptions of their
sources are provided in Supplementary Tables 4-9. Supplementary
Tables10 and 11and Extended Data Table 1show the base case and the
range of values used for sensitivity analyses. Sensitivity testing is used
to determine whether parameters have high or low leverage on the
simulation outcomes’®. Such testing allows us to determine whether
poorly constrained parameters are important in determining propa-
gation success. It helps guide future potential research by indicating
which parameters areimportant to determine accurately. And it helps
guide propagation efforts by indicating which parameters—and types
of effort—have the potential to accelerate propagation.

Weinclude a scale indicating our level of confidence in the accu-
racy of each parameter value (Supplementary Tables 4-9). We have
a high level of confidence in parameter values in published research
or publicly available databases (category 4) and amuch lower level in
those parameter values for which our teamis relying on our own expert
opinions (category 1). For each parameter, we identified a most likely
value (thatis, the base case) and a full range of possible values toinclude
inthe sensitivity analyses.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Data outputs from the mainscenarios described here are available via
Figshare at https://doi.org/10.6084/m9.figshare.23948922.v7 (ref. 49).

Code availability

The model is available via Figshare at https://doi.org/10.6084/
mo.figshare.23948922.v7 (ref. 49) and can be interactively explored
using the freely available VensimReader (https://vensim.com/
vensim-model-reader/) with parameter settings that are specified
by users or by the associated data files. An interactive version of the
model is also online at https://exchange.iseesystems.com/public/
florian-kapmeier/sustainability-education-propagation-simulator.
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Extended Data Fig. 1| Stock-flow diagram for the full model structure.
Accumulations, or stocks, are shown as boxes. Flows are shown as pipes with
valves, while information feedbacks are shown as blue arrows. Self-reinforcing
feedback loops are marked ‘R, while balancing feedback loops are marked ‘B’.
Signs (‘+' or ") at arrowheads indicate the polarity of the causality: a ‘+'represents
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Variables are shown in black. Parameters involved in word-of-mouth activities
areshowninorange, those involved in outreachin dark blue, and those involved
incommunity propagation in maroon. Switches to activate model structures
are shownin pink and the time over how long the model subsections are active
indark green. Parameters involved in the growth in the field of sustainability are
showninlightgreen and initial values of the stocks in light blue.

variable to increase, ceteris paribus (and a decrease causes a decrease).
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Extended Data Fig. 2| Behavior over time for the base case scenario, with only word-of-mouth diffusion, over a time period of 15 years. Panel A: Adopters (A),
Ambassadors (AA), and Users (U). Panel B: Inflows and outflows to Adopters (A).
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Extended Data Fig. 3| Behavior over time for Strategies 1a and 1b with active
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quitting, ambassador development, and ambassadors stepping down) are shown
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Extended Data Fig. 4 | Behavior over time for Strategies 2a and 2b with

active community building with outreach thatis funded for 4 and 15 years,
respectively. Theimpact of 4 years of community building and outreach
isshown in panels A and B, while the impact of 15 years is shown in panels C and D.
Stocks of adopters, ambassadors, and users are shown in panels Aand C.

Adopting (Aa), Ambassador development (AAd),
Adopters quitting (Aq), Ambassadors stepping down (AAsd)

150 B I
Adopting (Aa)
_ 100 -
[
(]
z "
% Adapters quitting (Aq)
8
o 50 -
| Amb dev (AAd)
] /‘ ,// Amb stepping down (AAsd)
0 L L
0 5 10 15
Time (Year)

Adopting (Aa), Ambassador development (AAd),
Adopters quitting (Aq), Ambassadors stepping down (AAsd)

3000 o I
_ 2000 Adopting (Aa)~a, -
3
3
a Adapters quitting (Aq)
<)
()
& 10004 Ambassador development (AAd) L
Ambassadors stepping
down (AAsd)
0 L
0 5 10 15

Time (Year)

Their corresponding inflows and outflows (adopting, adopters quitting,
ambassador development, and ambassadors stepping down) are shown in panels
B and D. Note the different scales for the stocks on the top and bottom left; and
for the flows on the top and bottom right.
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Extended Data Fig. 5| Behavior over time for Strategies 3a and 3b with
community building without outreach for 4 and 15 years, respectively.
Theimpact of 4 years of community building is shown in panels A and B, while the
impact of 15years is shown in panels C and D. Stocks of adopters, ambassadors,
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and users are shown in panels A and C. Their corresponding inflows and outflows
(adopting, adopters quitting, ambassador development, and ambassadors
stepping down) are shown in panels B and D. Note the different scales for the
stocks on the top and bottom left; and for the flows on the top and bottom right.
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Extended Data Table 1| Sensitivity analysis: Switches and other parameter settings for the sensitivity runs

Model switches and w wo woc WwcC WOTfOmax WOCTfAAmax WCTfAAmax
parameter Word-of- Word-of- Word-of-Mouth  Word-of-Mouth + Word-of-Mouth  Word-of-Mouth Word-of-Mouth +
Mouth Mouth + + Outreach + Community + Outreach + + Community Building
(Base) Outreach Community Building TfOmax Outreach + + TfAAmax
(S1a) Building (S3a) (S1b) Community (S3b)
(S2a) Building +
TfAAmax
(S2b)
Switch for outreach 0 1 1 0 1 1 0
effort
Switch for project 0 0 1 1 0 1 1
ambassador
development
Years funded outreach 4 4 4 4 15 4 4
(Tro); (years)
Years funded 4 4 4 4 4 15 15
ambassador
development (Tsaa);
(years)

Note: We perform 200 runs in the multi-variate sensitivity analysis, drawing parameter values for the eight variables above within
the Min and Max range using a uniform distribution and noise seed value 1234.

Nature Sustainability


http://www.nature.com/natsustain

Analysis

https://doi.org/10.1038/s41893-024-01446-z

Extended Data Table 2 | Experts and stakeholders engaged in the group model-building effort

Name

M. Barlow

D. Ford
T. Gao

C. Henderson

F. Kapmeier

K. Kastens

K. McNeal

K. Rath

J. N. Rooney-Varga

M. Sobkowicz-Kline

L. Stuntz

Affiliation

University of Massachusetts
Lowell

Virginia Tech

University of Massachusetts
Lowell

Western Michigan University

ESB Business School, Reutlingen
University

Columbia University

Auburn University

Rath Educational Evaluation and
Research

University of Massachusetts
Lowell

University of Massachusetts
Lowell

Creative Learning Exchange

Title

Professor

Professor

Assoc.

Professor

Professor

Professor

Research

Professor

Professor

Director

Professor

Professor

Director

Relevant Expertise

Educator, climate change

System dynamics, higher education

Educator

Propagation of educational innovations;
STEM education researcher

System dynamics, corporate environmental
sustainability, higher education

Educational developer and researcher,
climate change and sustainability

Educational developer and researcher,
climate change and sustainability

Educational researcher
Educator, climate change and sustainability,
system dynamics

Educator, sustainability

System dynamics, educational developer
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