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A B S T R A C T   

Epidemiological modeling is a key lever for infectious disease control and prevention on farms. It makes it 
possible to understand the spread of pathogens, but also to compare intervention scenarios even in counter
factual situations. However, the actual capability of decision makers to use mechanistic models to support timely 
interventions is limited. This study demonstrates how artificial intelligence (AI) techniques can make mecha
nistic epidemiological models more accessible to farmers and veterinarians, and how to transform such models 
into user-friendly decision-support tools (DST). By leveraging knowledge representation methods, such as the 
textual formalization of model components through a domain-specific language (DSL), the co-design of mech
anistic models and DST becomes more efficient and collaborative. This facilitates the integration of explicit 
expert knowledge and practical insights into the modeling process. Furthermore, the utilization of AI and soft
ware engineering enables the automation of web application generation based on existing mechanistic models. 
This automation simplifies the development of DST, as tool designers can focus on identifying users’ needs and 
specifying expected features and meaningful presentations of outcomes, instead of wasting time in writing code 
to wrap models into web apps. To illustrate the practical application of this approach, we consider the example of 
Bovine Respiratory Disease (BRD), a tough challenge in fattening farms where young beef bulls often develop 
BRD shortly after being allocated into pens. BRD is a multi-factorial, multi-pathogen disease that is difficult to 
anticipate and control, often resulting in the massive use of antimicrobials to mitigate its impact on animal 
health, welfare, and economic losses. The DST developed from an existing mechanistic BRD model empowers 
users, including farmers and veterinarians, to customize scenarios based on their specific farm conditions. It 
enables them to anticipate the effects of various pathogens, compare the epidemiological and economic outcomes 
associated with different farming practices, and decide how to balance the reduction of disease impact and the 
reduction of antimicrobial usage (AMU). The generic method presented in this article illustrates the potential of 
artificial intelligence (AI) and software engineering methods to enhance the co-creation of DST based on 
mechanistic models in veterinary epidemiology. The corresponding pipeline is distributed as an open-source 
software. By leveraging these advancements, this research aims to bridge the gap between theoretical models 
and the practical usage of their outcomes on the field.   

1. Introduction 

Mechanistic modeling has been broadly used in human, animal, and 
plant epidemiology, especially in the two last decades. It helps under
stand and predict the spread of infectious diseases, based either on 
mathematical (Hethcote, 2000; Keeling, 2005; Keeling and Rohani, 
2008) or agent-based methods (Amouroux et al., 2008; Bigley Dunham, 

2005; Roche et al., 2008). Mechanistic epidemiological models are also 
highly valuable to assess the efficacy of control measures or compare 
intervention scenarios (Ferguson et al., 2005; Halloran et al., 2008; 
Thulke, 2011). They became gradually more and more used in veteri
narian epidemiology to address epidemic livestock outbreaks, e.g. foot 
and mouth disease (FMD) (Webb et al., 2017). But, they also proved a 
powerful approach to manage endemic diseases, which have a lasting 
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impact on the livestock sector, such as bovine paratuberculosis (Beaunée 
et al., 2017; Bennett et al., 2010) or bovine viral diarrhea (Thulke et al., 
2018). Indeed, they can represent concrete on-farm intervention levers 
and account for epidemiological, but also social, economic or environ
mental considerations. This makes mechanistic models highly valuable 
to build up recommendations for decision makers (farmers, veterinar
ians, public health managers, etc.) (Ezanno et al., 2020). 

The development of mechanistic models for decision support has also 
increased drastically during the COVID-19 pandemic, leading to a 
multiplicity of open-source software tools (Danon et al., 2021; Hinch 
et al., 2021; Kerr et al., 2021; Reguly et al., 2022; Schneider et al., 2020). 
But, this also highlighted the difficulty to design, calibrate, validate, 
coordinate such models in a timely and transparent manner during 
major crises and use them for effective communication with decision 
makers (Barton et al., 2020; Meredith et al., 2021; Shea et al., 2023). 

Hence, non-trivial mechanistic models are in general difficult to use 
by decision makers in an autonomous way. Indeed, epidemiological 
models are mainly developed in academic contexts, focusing on 
providing insights on complex research questions. They aim at simpli
fying field situations to capture the core dynamics of underlying pro
cesses: hence, they try to stay as simple as possible, involving 
mathematical approaches with as few parameters as required, to 
reproduce typical situations rather than a single specific observation. 
This sometimes also requires introducing finer-grained processes and 
parameters that are useful to represent the mechanisms involved in the 
system (e.g., pathogen characteristics), but may be not directly 
observable in the real system or very far from the stakeholders’ practical 
concerns. Parameters play multiple roles, e.g., shaping the behavior of 
mathematical or rule-based processes involved in the core of the model, 
but also defining on/off switches for studying contrasted scenarios. The 
outputs of an academic model are composed of observables of interest 
with regards to the research questions and of additional variables that 
help characterize the behavior of the model a posteriori. 

To make such academic models evolve towards field applications, 
complementary processes must be taken into account, coming with more 
parameters. Such comprehensive models are more in line with expec
tations on the field, as decision makers expect to be asked for precise, 
concrete, and limited input information and provided with visual, un
ambiguous, and targeted output information, within tools that are suf
ficiently realistic for their conclusions to be meaningful in terms of 
farming and veterinary practices. But, as stated in (Divya et al., 2021): 
"comprehensive models may not be practical in field situations if they 
require inputs that are not easy to measure. The complexity of these 
comprehensive models makes them difficult to understand and more 
difficult to use and apply". Especially, the visualization of model results 
is particularly important (Dykes et al., 2022; Muellner et al., 2018). 
Besides, to be used as relevant DST, academic models need to be 
extended to account for a broader context, such as socio-economic issues 
(Sutherland and Freckleton, 2012). 

Actually, in the majority of the work cited so far, academic models 
are developed first, and then, some of their results are expected to guide 
interventions. To benefit from the capability of mechanistic models to 
address a broad range of research questions, the ideal approach would 
consist in building tools on the top of existing models, targeting a spe
cific practical issue for a dedicated category of users. This is feasible and 
has been done out on a case-by-case basis (Ezanno et al., 2020), but 
requires a long and tedious development effort to write the application 
that is able to interact properly with the underlying model and produce 
relevant and intelligible results. Indeed, models aimed to be useful for 
veterinary medicine involve several processes in addition to infection to 
accurately account for population dynamics and management, observ
able clinical signs, disease detection methods (visual appraisal, indi
vidual or collective tests, etc.), and the multiple interventions that can 
be implemented to mitigate disease impact. Thus they result in complex 
simulation codes which are difficult to write, check, maintain, and share 
with non-modelers, impeding both reproducibility and confidence in the 

models, which are seen as black boxes (Peng, 2011). Besides, updating 
the tool or the model requires to modify the whole software. 

To overcome those limitations, we developed a method for auto
mating the production of web applications based on existing mecha
nistic epidemiological models. Such applications can be co-designed 
with end-users such as veterinarians, farmers, technical advisors in the 
livestock sector, or public health services, to identify their practical 
concerns and formalize them in a structured text document. This text file 
is then automatically processed to produce the code for a web applica
tion which simulates and compare the users’ scenarios of interest and 
provides them with meaningful outputs. This work relies upon a com
bination of AI methods (knowledge representation, agent-based archi
tecture) and software engineering methods (domain-specific languages), 
both becoming increasingly important in animal health research 
(Ezanno et al., 2021). 

2. Materials and methods 

2.1. Leveraging AI for mechanistic epidemiological models 

In this study, we used the EMULSION framework (Picault et al., 
2019) to develop human-readable mechanistic epidemiological models 
while reducing development time. EMULSION is an open-source soft
ware, distributed as a Python module (on the PyPI repository and from 
https://sourcesup.renater.fr/www/emulsion-public). This generic 
approach is based on the combination of two AI methods: the repre
sentation of domain-specific knowledge through a dedicated language, 
and the use of a multi-level agent-based simulation architecture. 

First, the components of an epidemiological model (model structure, 
processes, epidemiological units, time scale, parameters, mathematical 
functions, initial conditions, observable variables…) are described as a 
structured text based on the YAML syntax (Ben-Kiki et al., 2009) which 
looks like a bullet-point document (mainly based on lists and key-value 
pairs – see examples later on Figs. 5, 7, 9, SI2, SI4, SI6, SI8). Indeed, it is 
crucial to keep the model human-readable as long as possible, because as 
soon as a model is implemented into computer code, its capability to be 
checked, discussed, revised, maintained but also turned into a DST is 
drastically reduced. Knowledge representation approaches, coming 
from symbolic AI (Russell and Norvig, 2010), make it possible to over
come this issue by providing methods to process explicit, 
human-readable descriptions of the content of mechanistic models and 
of their outcomes. EMULSION relies upon a domain-specific language 
(DSL) to formalize models. Contrary to a general-purpose programming 
language which can produce any kind of computation, a DSL is aimed at 
expressing the knowledge or processes attached to a reduced application 
field. DSLs are at the crossroads between AI and software engineering 
and proved a particularly efficient way to implement a "low-code" 
approach (Bucchiarone et al., 2021) that facilitates interactions between 
all scientists involved in the study of a specific pathosystem. 

Second, EMULSION models are read by a generic simulation engine 
to process the simulation. To do so, the simulation engine has to be able 
to cope with a diversity of modeling methods (individual-based vs. 
compartment-based, with dynamics driven by equations, probabilistic 
behaviors, decision rules, etc.) and scales (individuals, groups, pop
ulations, metapopulations). In the field of AI, the recent development of 
multi-level agent-based architectures (Mathieu et al., 2018) emerged as 
a solution for representing heterogeneous entities at various scales, 
endowed with behaviors of their own. This approach was implemented 
in EMULSION so that the simulation engine could read the DSL, 
dynamically create agents representing the required granularity levels 
with relevant behaviors and process the simulation. 

Since its first release (Picault et al., 2019), EMULSION has been 
extended to also account for complex population structuring (Sicard 
et al., 2021), which are quite common in veterinary epidemiology, such 
as the combination time, group and building constraints found in 
batch-rearing systems in the pig sector (Sicard et al., 2022a). This 
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multi-level agent-based approach has been incorporated in the simula
tion engine and declarative DSL of EMULSION recently (Sicard et al., 
2022b). 

2.2. Web application architecture for model-based DST 

The use of realistic mechanistic models in veterinary epidemiology 
may require a substantial computing power. Indeed, assessing for 
instance the effectiveness of eradication control measures, or accounting 
for the intrinsic variability of biological processes or for the small size of 
within-farm animal populations, lead to stochastic models. Thus, several 
stochastic repetitions of each scenario must be run to provide analysable 
results. Besides, using models to support decision also implies to 
compare many scenarios, e.g. a scenario with or without the disease, 
with or without interventions, etc. Thus, it is not reasonable to envisage 
DST based on mechanistic models as lightweight applications that could 
be installed by each end-user. Instead, web applications are an easy way 
of making information accessible, and they can be used from most 
platforms (desktop computers, laptops, mobile phones, under most 
operating system). 

Hence, to support such DSTs, we designed an architecture based on 
the interactions between a calculation server on which mechanistic 
simulations are run and their outcomes processed, and a web server 
which hosts DST applications. End-users are expected to submit specific 
information on practical cases, e.g., the population structure in their 
farm, the nature of vaccines or tests used, or economic values such as 
costs and prices. This information is processed by the web application to 
request simulations with specific parameters from the calculation server, 
which runs the corresponding scenarios from the mechanistic model, 
processes the raw outputs and sends back results to the app, which 
finally presents the relevant graphical outcomes to the users (Fig. 1). 

In that process, we assumed that the model had already been 
designed by a modeler, as much as possible in collaboration with po
tential or actual users (including other scientists). Three main tasks were 
left to the tool designer: first, identify DST features together with the 
end-users; second, produce the code of the web application from those 

specifications; and third, deploy the simulator on the calculation server 
and the web application on the web server. The deployment task should 
not raise issues but purely technical. As for the two others, we designed a 
declarative DSL to formalize the specifications of the web application in 
a human- and machine-readable format, and then a software engine to 
process them and automatically produce the code for the web applica
tion. The resulting framework, PASTE (Platform for Automated Simu
lation and Tools in Epidemiology), is described in the next section and 
summarized on Fig. 2. 

2.3. A declarative language for tool specification 

As in EMULSION, the DSL designed for specifying the features of the 
web DST is based on YAML to foster easy reviewing and revisions in a 
declarative way. The DSL aims at representing several aspects of the 
model-based application: the link with the mechanistic model to use 
(written with EMULSION), the input forms and tool parameters to pro
pose to users, the definition of the scenarios to compare (based on 
specific values for model parameters), the description of statistical 
treatments to perform on raw model outputs for each scenario and for 
scenario comparison, and finally the description of the graphical charts 
to display to the users. 

In this DSL, input parameters can be freely set by the user, picked 
within predefined values or ranges, or defined as a group in an external 
CSV file. For instance, several pathogens can cause the same disease 
independently. To make the model pathogen-specific, many parameters 
have to be defined but then the parameter set should be kept consistent 
for this specific pathogen and not allow parameters to vary one by one. 
Hence, it is easier to group them in a CSV file where each line defines a 
set of parameter values associated with the name of a specific pathogen, 
so that users just have to choose a pathogen name. Scenarios are built 
from the combination of components corresponding to a concern (e.g. 
the initial prevalence, combined with the possible interventions), which 
are associated with specific parameter values in the model. 

Due to the separation between simulation code and model descrip
tion in EMULSION, the name, role and default value of parameters and 
outputs used by the mechanistic model can be easily distinguished from 
those that are introduced in the DST, either to pilot the execution of 
specific simulations on the server with the proper parameter values, or 
to transform model outputs into results that make practical sense for the 
end-users. For instance, the model may involve a parameter for the 
initial disease prevalence, whereas the tool may rather ask the user for 
an observed prevalence: then, the link between both can be made e.g. in 
the scenario definition, to calculate a true prevalence used by the sim
ulations, based on additional knowledge on detection practices and their 
characteristics, such as the detection test sensitivity and specificity 
(collected as input parameters). Or, the tool may calculate financial 
losses or gains from parameters that are not present in the mechanistic 
model, such as the cost of veterinary interventions (visits, tests, vac
cines, treatments…), the purchase and selling prices of animals, the 
feeding cost, etc. This can be achieved e.g., by using summary statistics 
based on the raw model outputs, such as the distribution of the number 
and type of interventions, the occurrence and duration of health issues, 
etc. 

The specification of statistical treatments and graphs is inspired by 
the consecutive operations performed in the R library "dplyr", and by the 
addition of graphical layers in "ggplot2", respectively (Fig. 3). This helps 
tool designers who are already familiar with those libraries and is any
way close to classical request or graphic processing languages (e.g., SQL 
or D3JS). Examples of the PASTE DSL syntax are provided in the ex
amples below (Figs. 5, 7, 9, and also throughout the Supporting 
Information). 

2.4. A software engine to generate the web application 

The code architecture generated by the PASTE software engine is Fig. 1. Architecture of a web DST based on a mechanistic model.  
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based on Django, a broadly used Python framework (https://www. 
djangoproject.com/), for managing the whole web application, and on 
R (https://www.r-project.org/) and common libraries (tidyverse, R- 
Shiny) to handle the statistical operations on model outcomes and the 
presentation of the graphical outputs. 

The PASTE engine was designed to parse the YAML file containing 
the specification of the web application to build and generate the 
associated code, i.e. the Django objects and R scripts corresponding to 
DST components (Fig. 3). At each execution, this engine checks the 
validity of the statements with respect to the associated EMULSION 
model. First, the engine adapts existing templates and writes Python 
code where needed to create the input widgets (e.g., number inputs, 

sliders, checkboxes…) on the successive input forms (an example on a 
concrete application is provided on Fig. 4 with the associated part of 
YAML specification on Fig. 5). During that step, the PASTE engine also 
builds a representation of the parameters used in the tool and compares 
them to those defined in the EMULSION model. 

Then, the engine examines the definition of scenarios. Scenario 
components are based on model or tool parameters. They can either re- 
use parameter values from given by the user in the input forms or default 
values defined in the model, or override those values to represent a 
specific situation. For instance, if an input form asks for the initial 
prevalence, a scenario component can leave this value unchanged to 
calculate a reference scenario, while another scenario component can 

Fig. 2. Production of a DST as a web application by the PASTE software. (From an existing epidemiological model based on EMULSION). The key principle is to co- 
designed web tools as well as mechanistic models and formalize the result within a DSL. In EMULSION, the resulting model (a YAML document file) is usually 
processed for academic purpose; in PASTE, the tool specification (another YAML document) serves to generate the code for a web application, which in turn will use 
EMULSION engine to simulate the underlying EMULSION model with a specific setup and process the results to present what is relevant to the users’ concerns. 

Fig. 3. Overview of the successive steps to parse the tool specification file. After identifying the names of model parameters, model outputs and tool-specific pa
rameters, the workflow consists in generating Python/Django code for input forms, preparing EMULSION commands with parameter values set according to the 
definition of scenarios, and R scripts to calculate relevant outputs and graphs for end-users from simulation outputs. 

S. Picault et al.                                                                                                                                                                                                                                  

https://www.djangoproject.com/
https://www.djangoproject.com/
https://www.r-project.org/


Preventive Veterinary Medicine 228 (2024) 106233

5

automatically put the value to zero to represent a disease-free situation. 
Scenario components can also handle parameters which are not in the 
model, but just used in the user outputs (for instance, to explore high or 
low costs). The parsing of the scenario produces a web form where the 
users can choose what they want to compare (Figs. 6 and 7). It also 
produces a set of EMULSION commands, based on the proper parameter 
values, ready to be run on the calculation server when the tool will be 
used (Fig. SI1). 

Third, the PASTE engine parses a section dedicated to statistics, to 
produce R code aimed at processing raw simulation results directly on 
the calculation server. Such treatments can be performed for each sce
nario (for instance an aggregation over the stochastic repetitions) or 
between some scenarios for comparison purpose. The specifications 
found in the YAML file are designed to be quite directly translated into R 
instructions, based on the "dplyr" library. 

Finally, PASTE does the same for graphical results, based on the 
datasets produced by the statistical treatments. The plots can be 
distributed over several output pages or tabs to organize the results in a 

relevant way, and can either juxtapose or superpose scenarios (Figs. 8, 9 
and SI3). 

2.5. Proof of concept: an application to Bovine Respiratory Disease 

To illustrate our approach, we used an existing model of Bovine 
Respiratory Disease (BRD) within a fattening building composed of 
multiple simultaneous batches (Sorin-Dupont et al., 2023). The model 
accounted for the within- and between-batch spread of pathogens, the 
onset of clinical signs, the detection of diseased calves and their treat
ment. Young beef calves arriving on farm after weaning were charac
terized by a risk level (to represent various risk factors such as distance 
traveled, mixing between animal sources, etc. in an aggregated way). 
Initial conditions allowed either to mix animals from different risk levels 
within each batch, or to allocate animals with the same risk level to the 
same batch. Finally, the infection process was designed, and the related 
model parameters calibrated, to account for three contrasted pathogens 
involved in BRD: the Bovine Respiratory Syncytial Virus (BRSV), 

Fig. 4. First input form. The user can indicate specific fattening conditions, such as the risk levels of beef calves in the batch, the level of isolation between batches, 
and the dominant pathogens (masked here by the drop-down menu), the composition of the farm and batches, but also costs and prices. The corresponding pa
rameters are defined in the YAML file (L30–46 in Fig. 5) and the input form itself (L80–165 in Fig. 5). 
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Mannheimia haemolytica, and Mycoplasma bovis. The model was imple
mented with EMULSION 1.2. 

The DST we built on top of this model was intended to help fattening 
farmers assess the added value or risks associated with mixing young 
beef bulls, whatever their individual risk level of developing BRD. This 
indeed reflects current practices, as it is simpler to calculate fattening 
portions for batches of animals of similar weight, even coming from 

many distant farms. The proposed alternative was to allocate animals 
into batches based on their risk level. 

To make the results more meaningful to farmers, treatment costs and 
animal prices, as well as disease impact (reduction of the weight intake) 
were introduced to calculate the gain of each management strategy. We 
defined four distributions of risk levels by defining four sets of parameter 
values in a CSV file (and summarized as "mainly low", "mainly high", 

Fig. 5. Specification, based on the YAML syntax, of the input parameters and four first fields of the "initial conditions" building the input form shown on Fig. 4.  
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"balanced", "contrasted"). Similarly, we grouped parameter values 
associated with each pathogen. Finally, we also defined five graduated 
levels of batch isolation (representing biosecurity measures to limit 
between-batch transmission). 

The outputs were designed to present results at the batch and at the 
building scales. Screenshots of the resulting tool are presented in Section 
3.2 (and Fig. SI1–SI8), and the whole YAML file containing the specifi
cation of the tool is provided in the Supporting Information. 

3. Results 

3.1. Software architecture and code availability 

The PASTE software engine has been tested to automate the pro
duction of web applications built on top of existing EMULSION mech
anistic epidemiological models and aimed at supporting veterinary 
decision (see the BRD application example in the next section). PASTE is 
now distributed publicly as open-source software, under the Apache 2.0 
licence. It can be installed from the following Git repository: https:// 
forgemia.inrae.fr/dynamo/software/PASTE-public-release (which also 
contains the user guide and concrete examples of DST based on several 
EMULSION models). 

The web architecture generated from the YAML specifications by the 
PASTE engine is fully operational and easy to deploy on calculation and 
web servers. Once the YAML specifications have been written, the 
generation of the web code takes only 2–3 minutes. Then, the deploy
ment is twofold: the web architecture code (Django application and R- 
Shiny server) must be installed on the web server side, while the model, 
the EMULSION simulation engine, and the R software, must be installed 
on the calculation server side, as well as a task manager (currently, the 
Python package Celery) to manage the parallelization of simulations and 
scheduling of statistical treatments. 

The web applications produced by the EMULSION-PASTE pipeline 
should rather be considered beta-versions of DST. On the one hand, they 
provide a simplified and meaningful interface to an existing mechanistic 
model, but on the other hand, they may lack "professional" features, such 
as an institutional or corporate branding, a user authentication module, 
etc. Besides, though the tool specifications are easy to co-design with 
stakeholders, it is also very important to evaluate the ergonomics and 
relevance of the tool together with a panel of representative users. Their 
feedback is necessary to ensure the significance and usefulness of the 
tools, and it is easy to incorporate changes in the web application fea
tures and rebuild it in a couple of minutes. 

3.2. BRD application example 

The web tool based on the BRD model is produced from the YAML 
specification as explained above (2.4). The version presented here is 
provided together with the PASTE software as an illustration of what can 
be done with this tool generator, and the resulting web application has 
been presented and discussed with researchers in the veterinarian field. 
The tool is already fully functional, and we already planned to present it 
in focus groups with farmers and field veterinarians to identify feature 
improvements. 

Currently, the BRD tool starts with a first form to specify on-farm 
situation (Fig. 5), built from the YAML specification (Fig. 6). This 
form accounts for farming practices such as batch composition (in terms 
of risk levels, batch allocation), population (batch size and number of 
batches), dominant pathogens, and economic costs. 

After choosing scenarios to compare (here, using risk level or not to 
allocate beef calves to batches — see Figs. 6 and 7), the user can indicate 
execution settings (such as the duration of the simulation — see Fig. SI1) 
and launch the simulations. After the stochastic repetitions of all 

Fig. 6. Form that proposes a choice on the scenarios to compare. Scenario components and their combination into actual scenarios are defined L50–78 in Fig. 7.  

Fig. 7. Specification of scenario components and scenarios (combination of 
scenario components). The scenario component "health_conditions" contains a 
part which is not optional ("no_disease", L52–56): it will be run systematically 
to provide a baseline where no BRD cases occur (hence, not proposed to users 
in Fig. 6). 
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Fig. 8. One of the output pages, showing simulation results at batch scale. The figure presents the number of antimicrobial doses used in each batch (distribution 
over the stochastic repetitions) in two scenarios (left vs. right). The graph definition is L340–356, based on the treatment of simulation results specified L213–220 
in Fig. 9. 

Fig. 9. Specification for the summary statistics and the associated graphical representation (Fig. 8).  
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scenarios are finished and their outputs processed, statistics are pro
vided to the user, for instance a comparison between the distribution of 
antimicrobial doses at batch scale depending on how young beef bulls 
have been allocated to batches (Fig. 8, built from the specification of 
Fig. 9), or the average dynamics of severe BRD cases at farm scale in both 
scenarios (Fig. SI3, built from Fig. SI4), the distribution of antimicrobials 
doses at farm scale (Fig. SI5, built from Fig. SI6), or economic outputs 
(Fig. SI7, built from Fig. SI8). 

4. Discussion 

4.1. Flexibility and genericity 

To promote the use of DST based on mechanistic models in epide
miology, we advocate for automating the transformation chain to pro
duce web DST from existing mechanistic epidemiological models. The 
EMULSION-PASTE software pipeline is a first operational implementa
tion of this approach. It fosters co-design between modelers and other 
scientists, facilitates model assessment and revisions, reduces the risk of 
errors in the simulation code (shared within the simulation engine). 

A methodological principle underlies the whole EMULSION-PASTE 
approach: the separation of concerns (Picault et al., 2017). Modelers 
are in charge of designing and assessing the mechanistic models, while 
tool designers and stakeholders specify their needs. This ensures that the 
persons involved in each task have the proper skills. Hence, the model 
can be as complex as necessary to address multiple research questions 
and adequately account for disease transmission and management 
complexities, while tools can provide more focused views and incorpo
rate additional concerns (e.g., cost/benefit considerations, realistic 
parameterization to account for field situations). This principle is 
implemented through a separation between the concepts (model/tool 
structure and components, role, and values of parameters, etc.) and the 
code (simulation architecture and algorithms, web application). This is 
made possible using methods at the crossroads between AI and software 
engineering: knowledge representation (DSL) and generic software 
patterns (multi-level agent-based architecture, web framework such as 
Django). Besides, this separation between model description and the 
simulation code is crucial to make web code generation possible on top 
of existing mechanistic models. 

The main added value of this approach is that revisions of the tool 
can be made in a very reactive way when new features are required, as 
no additional development effort is needed. Indeed, it is difficult to 
produce a DST that covers a very broad range of farm conditions and 
users’ expertize. The development of a DST with PASTE can be carried 
out in consecutive iterations between the tool designer and the final 
users, until the tool features suit their expectations. When changes are 
incorporated in the tool specification, regenerating the code is imme
diate. Similarly, adapting an existing PASTE tool to other farming con
ditions (as long as they are covered by the underlying mechanistic 
model) takes little time. Also, the web application benefits from model 
updates, such as new knowledge on the modeled system, an increased 
accuracy of parameter values, or model components such as new control 
measures. 

The development of the web application does not require to write 
any code, which also reduces the time spent in chasing bugs. The reli
ability of the application is based upon the generic software chain, 
which is used (hence, tested and corrected) in many diverse situations to 
generate a diversity of web tools. The open-source nature of EMULSION 
and PASTE also accelerates the identification and correction of potential 
bugs by the community of software users. Also, customizing the tools 
produced by PASTE to go from the beta version to a final product can be 
done by any web developer, as the web architecture relies on broadly 
used technologies (i.e. Django and R-Shiny). As a result, PASTE will help 
non-modeler scientists and stakeholders to actively engage in the design 
of DST that fit their needs, in close collaboration with tool designers. A 
step-by-step installation manual is available on PASTE software web 

site: https://forgemia.inra.fr/dynamo/software/PASTE-public-release. 

4.2. Alternative approaches 

So far and to the best of our knowledge, there is no equivalent 
approach to foster such continuum between academic research in ani
mal health and on-farm applications. Regarding epidemiological 
modeling, DSLs have been proposed in only two platforms to represent 
mechanistic models: Kendrick (Bui et al., 2019) and EMULSION (Picault 
et al., 2019). In Kendrick, the DSL is a simplified version of the Smalltalk 
programming language and has a procedural syntax, i.e. the modelers 
have to provide instructions in the proper order to build the model. As a 
result, it is still very close to a classical high-level programming lan
guage. In contrast, in EMULSION the DSL is declarative, i.e. model 
components can be provided in any order as long as they organize in a 
consistent manner. SimInf (Widgren et al., 2019) is a R library that 
makes it possible to integrate with existing epidemiological data and 
animal movements, and used with the R Shiny library to build web 
applications, but at the expense of writing specific code by hand. The 
Java framework BROADWICK (O’Hare et al., 2016) can tackle complex 
epidemiological models at large scale but requires programming. Other 
simulation software can bring intrinsic limitations to the range of users, 
as they often require technical skills for installation, configuration, and 
execution of modeling programs, which are rarely mastered by decision 
makers. Wrapping a modeling software into a graphical user interface, 
such as a stand-alone graphical program or a web front-end, reduces the 
technicity of software usage but does not address the issue of the 
complexity of the model itself. An alternative consists in keeping model 
complexity low (by providing a small set of predefined model structures) 
to foster the exploration of scenarios, relying upon integration with 
external data and geographical information systems to enhance the re
alism of the simulations (Broeck et al., 2011). However, this approach 
assumes that the users of the web tool have enough modeling skills to 
understand the limitations of the underlying models and avoid over
interpretations of the results. Similarly, some general-purpose simula
tion platforms such as NetLogo (Wilensky and Rand, 2015), Repast 
(North et al., 2013) or GAMA (Grignard et al., 2013), provide great user 
interfaces, the capability to connect to geographical information sys
tems, and a high-level programming language. However, installing and 
configuring those platforms, developing epidemiological models usable 
in real situations, and running simulations with relevant outputs again 
requires technical skills in modeling and computer science which makes 
them difficult to be used by health managers in an autonomous way. 

As academic models are not directly usable as DST by non-modeler 
end-users, participatory methods (Voinov et al., 2018; Voinov and 
Bousquet, 2010) aim at the co-design of a model and the associated DST 
at the same time, by modelers and stakeholders, for a given practical 
question, often resulting in an improved engagement by stakeholders in 
the process and higher confidence in model outcomes (Lee et al., 2022). 
This however results in a model that focuses on a narrow 
application-oriented question, e.g. assessing the cost-benefit trade-off of 
control measures (Bennett et al., 2010), and thus limits the scope of 
research questions that can be addressed, though the development time 
is almost as long as for a broader model. 

4.3. Limitations 

There are currently three main limitations in our approach. The first 
one is that performance issues may arise, depending on the model 
complexity, but also on the technology used for the deployment 
(computing power of the calculation server, limited performance of 
EMULSION which is also written in Python). 

The second limitation comes from the necessity to specify the tool 
components in a text file. The YAML structure makes it easy to read, but 
the model designer also has to respect syntactic constraints (such as 
indentation) and to use the proper keywords (e.g. to define an input 
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form). This can be done based on the examples and manual provided 
with the software, but is prone to errors. So far indeed, there is no 
specific verification of the correctness of the specifications. To address 
this issue, we are developing a dedicated editor. 

The third one is that, so far, the PASTE approach is based on models 
written with EMULSION. However, the software could be adapted to any 
other simulation software. To do so, the tool developer should write a 
YAML document mimicking the sections of an EMULSION model that 
describe the list and default values of parameters, and outputs available 
produced by the simulation (assuming they are made available as a CSV 
file as in EMULSION). Then, the developer should specify the syntax for 
running the simulation program (instead of EMULSION) with proper 
parameter values. This can be done in the YAML file in a section called 
"emulsion_syntax" (L20–25 in SI Section 2). Another way to proceed is to 
use a script to mimic the EMULSION command syntax and transform 
options into the original syntax of the target simulation program. 

5. Conclusions 

The EMULSION-PASTE coupling involved symbolic AI methods, such 
as knowledge representation and agent-based simulation architectures, 
including multi-level simulation and organizational systems. AI is 
combined with software engineering, especially model-driven methods 
to define a meta-model and domain-specific languages to formalize the 
description of the system to tackle. 

AI does not make the complexity of designing epidemiological 
models and DST "vanish": it rather helps splitting the complexity in 
several sub-domains through a separation of concerns: designing the 
conceptual model, designing a relevant tool for end-users, implementing 
the model within EMULSION DSL, implementing the tool specifications 
within PASTE DSL, and of course incorporate in EMULSION and PASTE 
the algorithms and data structures which are required to do so. Each step 
is more focused on a single set of skills. 

This work is also aimed at facilitating the appropriation of academic 
research by stakeholders through an acceleration of the development of 
flexible web tools based on academic models. To go further, we are 
currently integrating the PASTE software into a model-driven engi
neering software, JetBrains MPS (Meta-Programming System), to pro
vide a dedicated standalone editor, featuring user-ready templates, 
completion, consistency verification, and more flexible code generation 
which should result in an enhanced experience for the tool developers. 

In the longer term, we plan to extend PASTE language and engine in 
two directions. First, we consider making it possible to connect web 
tools with data, which could for instance be used to update initial con
ditions, either from prior observation data, or from real-time informa
tion flow (Tedeschi et al., 2021). That would indeed enhance the realism 
of situations that the tools can handle and relieve users from updating 
the information themselves. Second, as scenarios are based on the 
combination of several components, the system could automatically 
identify the most efficient scenarios in respect of a given metric, and 
propose an explicit intervention ranking, which would provide not only 
a factual and "neutral" comparison between scenarios as in PASTE so far, 
but explicit and intelligible recommendations. 
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