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During the early stages of the COVID-19 
pandemic, at a time when there was limited 
knowledge and evidence, many modelling 
studies were published over a short period of 
time that presented very different results (1–15). 
This raised concerns about the quality of the 
models and results of these studies given the 
limited knowledge and evidence available 
at the time (16–18). This guide was written 
to help public health professionals critically 
assess infectious disease modelling research 
for application in public health. It includes 
considerations and guiding questions about 
how a disease is modelled and interpreted 
for real-world settings. An appropriately 
structured mathematical model can simulate 
real-world population health scenarios. For 
public health planning, this creates possibilities 
to better understand the factors that can 
affect interventions and their outcomes, 
providing information for policy decisions 
and resource allocation. In the context of 
infectious disease spread, such factors include 
the diversity (heterogeneity) and contact 
patterns in populations; the type, intensity, 
and effect of interventions; and strategies 
for prevention, treatment, and elimination. 
However, mathematical models are limited by 
how well the causes (etiological), health burden 
(epidemiological), and clinical aspects of the 
disease are understood, what is known about 
interactions within the population of interest, 
and how these vary over time depending on 
demogrphic, geographic, and socioeconomic 
characteristics. 

This guide provides a way to assess the rigour 
and utility of modelling studies without being 
mired in calculations. It is designed to help 
readers think critically about the conclusions 
made by the authors of a modelling study and 
how the research can be applied to public health 
action.

About this document  
This document provides an overview of how 
to critically assess a research article which uses 
quantitative, data-driven mathematical modelling 
to examine infectious disease transmission. 
Included is a Quick Reference Guide which 
aligns with the process of quantitative model 
development and the format of research articles 
and is meant to assist in a critical review of the 
research. Additional resources on mathematical 
modelling for public health, including the 
Comprehensive Glossary for Infectious Disease 
Modelling, can be found in Appendix: Supporting 
Resources.

This document does not describe qualitative 
modelling methods or how to interpret the 
results of qualitative modelling studies. It also 
does not attempt to rank mathematical models 
or research articles. It supports a critical review 
of modelling research studies by providing an 
overview of how model analyses and outcomes 
can be useful for public health.

Preface

https://nccid.ca/comprehensive-glossary-infectious-disease-modelling/
https://nccid.ca/comprehensive-glossary-infectious-disease-modelling/
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Mathematical modelling research involves 
the development and analyses of models 
representing real-world phenomena to project 
and examine the outcomes for plausible 
scenarios or conditions. In public health, 
mathematical modelling can help to answer 
difficult questions and understand complex 
relationships among biological, epidemiological, 
demographic, and environmental factors in the 
context of infectious diseases.

Both qualitative (theoretical) and quantitative 
(numerical or data-driven) mathematical models 
can be useful for public health to examine how 
various interventions might perform under 
different conditions (19–22). Qualitative models 
are useful when empirical data is very limited, 
and a more generalizable analysis is useful. While 
quantitative models require much more data 
to inform parameters, the results tend to have 
more precision. Not all modelling studies are 
applicable to every setting or context, and all 
models come with limitations and are subject to 
uncertainty.

Despite limitations, modelling is an invaluable 
tool to understand the underlying mechanisms 
of disease spread and control and can inform 
evidence-based decision-making with 
transparency. The predictive ability of infectious 
disease models can be used to evaluate 
public health strategies and identify the most 
efficient and cost-effective interventions 
to control disease spread. For public health 
professionals, evaluating a model to determine 
whether it describes the real world accurately 
involves assessing the data sources and model 
assumptions to understand the model limitations 
and the constraints on the interpretations and 
conclusions.

Mathematical Modelling: what public 
health wants to know

The assumptions and uncertainties in 
models resulting from insufficient data or 
lack of evidence should be examined in 
a sensitivity analysis and addressed in the 
discussion section to prevent misleading 
conclusions for public health. 
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Infectious 
disease

Population structures 
and/or disease biology

Mathematical 
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model calibration

Interventions and 
sensitivity analysis

E�ect of interventions on 
disease spread

Policy decisions 
and resource 

allocation

Simplifying
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Mathematical Modelling and 
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In this guide: the modelling process

This Guide describes the quantitative modelling process to help answer common questions about: 

Figure 1. A simplified representation of the relationship between mathematical  
modelling and public health research (23,24).

QUALITY

How do I assess the 
scientific foundation of a 
mathematical modelling 

study?

RELEVANCE SIGNIFICANCE

How do I determine if the 
results of a modelling study are 

relevant to ongoing, past, or 
future public health concerns?

How do I efficiently 
identify and interpret key 
findings of the modelling 

study?

When assessing a modelling study, it is helpful to reflect on the steps used in model development and 
how these translate into a scientific article. Figure 1 shows the relationship between public health 
research and mathematical modelling. Table 1 provides an overview of what to look for at each stage 
depicted in Figure 1 and where to find it in a research article.
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The general framework for assessing a quantitative mathematical modelling research article.

Steps (and where to 
look in this Guide)

Where to look in 
the article

What to look for

1. Real-world infectious 
disease problem

(Sections 1-3)

Introduction • Rationale based on support from existing literature or other 
forms of evidence, including data

• Justification of how research outcomes can support public 
health to improve the health and lives of the population of 
interest

• Consideration of how the research goals can address the 
needs of equity-deserving populations

2. Simplifying assumptions

(Sections 1-3)

Introduction and 
Methods

• Discussion of relevance and quality of data (reliability and 
completeness) and parameter uncertainty 

• Description of biological and historical characteristics of the 
infection and disease transmission

• Description of sources of data, method of collection, ethics of 
data collection and use

3. Model development

(Sections 3-5)

Methods • Discussion of the model assumptions and variables with 
respect to the relevant biology

• Conceptualization of the model structure
• Description of model and parameter uncertainty to be 

addressed in sensitivity analysis

4. Model analysis

(Sections 5-6)

Methods and Results • Description of the model at a disease-free state and/or at 
disease equilibrium

• Description of statistical inference of model outcomes 
including interventions examined

• Discussion of sensitivity and uncertainty analyses of model 
structure, assumptions, and parameters

5. Interpretation of results 
and model limitations

(Sections 6-7)

Discussion and 
Conclusions

• Implications of the model outcomes for public health 
communication, policy, and program delivery 

• Comparison of findings with existing modelling research with 
similar structure or questions

• Discussion of model assumptions and uncertainty (i.e., data 
quality, depth of literature review) and how these may affect 
the interpretations of the outcomes

• Examination of how the study methods and results can 
address relevant issues related to the social determinants of 
health, socioeconomic disparities, and the needs of equity-
deserving populations

• Discussion of future applications

6. Application to the  
real-world problem

(All sections in the Guide)

Entire article, 
bibliography

• Appropriate use of existing data and/or relevant evidence 
published in previous studies 

• Model applicability and usefulness for public health
• Incorporation and interpretation of factors that can be related 

to systemic inequities in infectious disease modelling

Table 1.
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The research question will be the first indication 
of how applicable a modelling article will be to 
public health. The question should be stated 
clearly in the introduction of the article, which 
should also provide context and the rationale for 
the study. Some examples of research questions 
are:

 y What is the optimal rate of screening to 
decrease syphilis in an urban population?

 y What are the potential effects of three 
different interventions on tuberculosis 
incidence in a province?

 y Are new intervention strategies (such 
as vaccination) for protection against 
Respiratory Syncytial Virus (RSV) disease in 
older adults cost-effective?

When reviewing the introduction of a research 
article, look for clear answers to the following 
questions:

 y Who is the population of interest and what 
are the population characteristics?

 y What is the infectious disease of interest and 
which interventions are being studied? 

 y Where might the population of interest 
become infected with the disease 
(e.g., within communities, households, 
congregate settings, or place of 
employment)?

 y When was/is the period of possible disease 
transmission (i.e., time period to be studied 
in the model)? 

 y Why is the study significant for public 
health? What is the added value of the 
study? What are the gaps in knowledge 
being addressed?

The research question may refer to the existing 
evidence related to the population and disease 
of interest, the relevant literature and/or type of 
data to be used, and the type of mathematical 
model to be developed or adapted. It should be 
precise enough to be thoroughly investigated 
in the study (feasibility of the study) with 
the potential for future application. In short, 
assessing the relevance and clarity of the 
research question allows the reader to quickly 
determine if the study can help to address a 
public health problem. 

SECTION ONE

Research question
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Quantitative models for public health should be 
based on high-quality data or existing evidence 
from the literature relevant to the research 
questions. Mathematical modelling studies 
of infectious diseases often source data from 
epidemiologic investigations, health records, 
experimental and clinical studies, and population 
statistics. To ensure that the model outcomes are 
consistent with observed, real-life scenarios, the 
model parameters can be derived in a process 
known as fitting to the data. This is often referred 
to as model calibration, where parameters are 
estimated through a mathematical process so 
that the model output reflects the observed 
data. The data selected and the methods used 
to calibrate the model directly affect the model 
outcomes and the strength of the conclusions 
that can be drawn from it. 

Data sources should be:

 y Applicable to the study research questions 
(considering the population and disease of 
interest).

 y Sufficient for model calibration (i.e., consider 
if there is enough quality data, or if the data 
are too sparse, and if the data sufficiently 
represent the biological progression of the 
disease).

 y Publicly accessible or sufficiently described 
to allow the study design to be replicated 
(25). 

Calibration of a model with data that are not 
relevant to the research question (e.g., data 
from a different population which may not 
reflect the study population) (Section 8) or with 
poor-quality data could result in misleading 
conclusions. 

It can be difficult to procure high-quality data 
that can be used to calibrate all the model 
parameters (Section 4), and if the necessary 
data do not exist, a range of parameter values 
identified through an exhaustive literature review 
may be used in the model. Often, a combination 
of literature-informed and data-calibrated 
parameters are used in models. The amount and 
variation in the available data may contribute 
to parameter uncertainty and should be clearly 
described in the methods of the study (e.g., 
the study authors may comment on how noisy 
and complete the data are). Similarly, there may 
be uncertainty in parameters informed by the 
literature, and both literature-informed and data-
calibrated parameters require thorough review in 
a sensitivity analysis (Section 5)(26). 

SECTION TWO

Sources of data and evidence 
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The study introduction and methods should 
include a clear description of the biological 
processes which are relevant to the assumptions 
used to inform the model structure and variables. 
These may include the natural history and 
characteristics of the pathogen (e.g., different 
stages of illness, mode of transmission, infectious 
period, disease severity) (19), population 
demographics, and public health interventions. 
(e.g., vaccination, school closure, masking). The 
clarity and the precision of how the relationships 
between model parameters, variables, and the 
proposed interventions are described help 
determine the applicability and confidence of 
the results to the real-world problem. 

As previously mentioned, a model uses 
mathematical concepts to describe a simplified 
version of a real-world scenario (Section 2). These 
concepts (also called the structural framework) 
represent the relationship between the 
assumptions made about disease progression 
and transmission and the model variables (27). 
The authors should describe how the selection 
of model variables and structure allows for 
the research question(s) to be examined. The 
model variables may represent aspects of the 
disease biology or population characteristics 
that can influence the transmission of a 
pathogen. Interventions to be examined (e.g., 
vaccination, quarantine, social distancing) may 
also be incorporated into the model structure or 
parameters.

Figure 2 is an example of a simple model 
structure where the clinical progression of 
disease – susceptible, exposed (i.e., latently 
infected, non-infectious), infectious, and 
recovered health states – are represented by 
a series of compartments (a compartmental 
model) (19). The purple arrows between 
model compartments correspond to the 
rates at which individuals move from one 
health state to another; different rates can be 
represented by different parameters in the 
model. A more complex model might use 
separate compartments to include other clinical 
states of a disease (e.g., incubation period, pre-
symptomatic, symptomatic, asymptomatic) (19).

In the model development process, 
compartments may be added or removed based 
on the research question and the biology of 
the disease being represented. The addition 
of compartments in the model typically 
increases the number of parameters, which 
adds complexity and uncertainty to the model. 
However, if data are available or if parameter 
values already exist in the literature, the model 
can be expanded without significant changes to 
uncertainty.

SECTION THREE

Model variables and structure
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Latent
infection

Disease 
Progression

Incubation period Symptomatic

Pre-symptomatic

Asymptomatic

Non-infectious

Susceptible Exposed Infectious Recovered

Model Compartments

Figure 2. A simple compartmental model of susceptible, exposed (latent), infectious, and 
recovered health states and the corresponding progression of clinical disease (19).

In some cases, a specific model structure 
may not be able to accurately represent the 
observed patterns of a disease outbreak or 
epidemic. This may be due to a lack of model 
parameters or variables (e.g., important 
disease stages or population characteristics are 
missing), or because the assumptions used to 
create the model framework are inaccurate. 
Before conducting numerical analysis of the 
hypothetical scenarios, the authors may undergo 
a model selection process to determine which 
model framework is best able to represent the 
known biology of the disease and the real-world 
scenario (i.e., best-fit model). If a model selection 

process is used, the authors should describe the 
qualities of each model and the methods used to 
determine the best-fit model (usually provided 
in a table in the article). The selected model can 
then be used to analyze different scenarios (e.g., 
public health interventions). 

To ensure the study design is reproducible, the 
mathematical concept of the model should be 
included in the Methods section, supplementary 
materials, or other publicly accessible forums 
(e.g., GitHub). A schematic or simplified 
representation of the model structure is usually 
presented as a figure.
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A mathematical model establishes a relationship 
between variables and parameters intended 
to portray a real-life public health concern 
(28). The parameters in infectious disease 
modelling represent rates or probabilities of 
disease progression, disease spread, and/or the 
effect of interventions in the model. In Figure 
2, the arrows between compartments depict 
the transition between disease states and 
are associated with different rates of disease 
progression. 

Model parameters values can be informed 
through literature reviews or calibrated 
using empirical data that are relevant to the 
disease biology and epidemiology. The model 
parameters used in a research article may be 
found in:

1. A series of equations used to describe the 
disease in the model, represented by some 
mathematical symbols. 

2. A table with representative symbols, 
definitions/descriptions, values or ranges, and 
references/sources for their quantification.

Authors may compare models with different 
numbers of well-supported parameters to 
weigh model accuracy in representation of an 
infectious disease (i.e., through comparison 
of qualitative or quantitative models to the 
observed biology or available datasets) against 
model uncertainty (29). This comparison helps 
to identify the model structure and parameters 

SECTION FOUR

Model parameters

The number of parameters used in a model 
depends on many factors. First it is necessary 
to consider parameters that are directly related 
to the research question. It is also necessary to 
consider uncertainty in parameter values. This 
can be informed through literature reviews and 
the availability of representative data. There are 
times when a more complex model may fit the 
data better than a model with fewer parameters. 
However, this does not mean that a model with 
more parameters is more accurate; a model with 
parameters that have been “overfit” to data is an 
important example. 

A model can be overfit to data in various ways, 
which can include (28):

 y An overly complex model framework/
structure.

 y Alternative parameter values used to fit the 
data which may not be biologically relevant 
or have much uncertainty.

An overfit model is not useful for the analysis of 
public health interventions since there is little 
confidence in the model results given the large 
uncertainties lying within its framework and 
parameters.  

that are needed to represent the disease biology 
accurately while reducing uncertainty. Bayesian 
information criterion (BIC) and the Akaike 
information criterion (AIC) are examples of 
commonly used methods to compare models 
with different parameter sets (30).
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The usefulness of a mathematical model in 
public health decision-making depends on the 
model’s predictive value and the strength of the 
conclusions drawn from the model outcomes. 
Every model relies on simplifying assumptions 
due to the limited availability of empirical data, 
making uncertainty inevitable. 

Identifying the major sources of uncertainty in 
the model involves reviewing existing literature 
and logic and through assessing any available 
empirical data that can be used to calibrate 
unknown parameters. Researchers can try to 
examine the degree to which uncertainty in the 
parameters leads to variation in the outcomes 
of interest using a sensitivity analysis. Without 
addressing parameter uncertainty, it would 
be difficult for a reader to determine how 

applicable the simulated scenarios are for public 
health planning. Sensitivity analysis is an essential 
step in understanding how the reported 
outcomes should be interpreted and applied to 
real-world scenarios (28,34). 

Understanding sensitivity 
analyses
A sensitivity analysis measures how the model 
outcome changes when the literature- or 
data-informed parameter values are varied 
across plausible ranges of biologically relevant 
values. Univariate sensitivity analysis identifies 
the type of relationship between individual 
parameters and the model outcomes. Once 
these relationships have been determined, a 
multivariate sensitivity analysis can assess how 

SECTION FIVE

Model uncertainty

Models with fewer parameters that capture 
the key aspects of the disease and address the 
research question are more suitable, especially 
when the authors can satisfactorily explain 
their rationale for the assumptions (a more 
parsimonious model). Authors justify their 
assumptions based on the biology of the disease, 
the research question, and the availability of 
empirical data (31,32). Parameter uncertainty in 
the model should be addressed in the sensitivity 
analysis (see below)(33).
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the model outcomes change when multiple 
parameters are varied across their respective 
ranges simultaneously. Such analysis identifies 
parameters that have significant influence on the 
results when the uncertainty of all parameters 
is considered (35). Small changes to parameters 
may result in large variations in the model 
outcomes, which are important to consider in 
the interpretation of the model outcomes when:

1. The parameter is related to the biological 
process of the disease which influences 
transmission dynamics. The parameter should 
be well-informed using either high-quality 
data or drawn from existing literature, which 
can help to limit parameter uncertainty and 
strengthen the conclusions drawn.

2. The parameter is related to interventions 
in the simulated scenarios, and therefore 
determines how effective a particular 
intervention may be. 

Sensitivity analysis can play an important role in 
parameter estimation studies. It helps to identify 
parameters that have a high level of uncertainty, 
which may also have significant influence on 
model outcomes. This would imply that further 
collection of empirical data may be needed to 
better inform future models of the biological 
processes and interventions. A range of model 
outcomes as a result of parameter uncertainty 
may be presented with statistically calculated 
means and confidence intervals.

Interpretation and implications
The results section of the article will often 
describe the most influential parameters 
identified using sensitivity analysis. Depending 
on what a parameter represents in the model, 
an influential parameter can have different 
implications for the real-world scenarios. For 
example, if a vaccination rate is found to be the 
most influential intervention-related parameter 
in a model used to estimate epidemic size, 
increasing vaccination can further reduce the 
epidemic size compared to the other simulated 
interventions. The Discussion and Conclusions 
sections of the article should further elaborate 
on the implications of the range of outcomes 
resulting from parameter variation and how this 
may affect public health policy decisions.
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Initial conditions and model equilibria: 

 y Description of how the model captures key aspects of the disease-free state and/or an 
endemic equilibrium (when the number of infections neither dies out nor increases 
rapidly, or a steady state). In quantitative models, these conditions are related to the 
model parameters, which are calibrated using empirical data or derived from the 
literature. 

 y Presentation of parameter estimates which were fit to data (usually in a table). 

 y Description of areas (if any) in which the model output deviates from the empirical data.

Key findings related to the simulated scenarios of potential interventions and how 
they affect the model outcome of interest: 

 y Presentation of the range of potential outcomes depending on the scenarios explored 
using the model, usually with confidence/credible intervals, or some range of 
uncertainty (7). 

 y Description of how various degrees of intervention (in addition to other factors 
explored in the model) affect the outcome of interest. For example, the results 
can show how varying degrees of vaccine uptake can lead to a range of epidemic 
outcomes.

SECTION SIX

Model results
The results of a mathematical modelling study may present the estimated parameters and/or outcomes 
related to the disease processes, population dynamics, or the effect of intervention measures. The 
following is a general framework for the results section of modelling research, which may vary between 
studies:

Sensitivity analysis (more in Section 5):

 y Identification of the major sources of uncertainty in relationships between the 
parameters and the outcome of interest.

 y Quantification of the degree of influence the model parameters have on the outcome 
of interest (e.g., changes in a certain parameter may result in large fluctuations in the 
model outcome of interest).

The major findings of the study are generally presented in the text, tables, and figures, with a focus 
on how the model outcomes have addressed the research question(s). Generated results should be 
interpreted for application in public health in the Discussion and Conclusions sections of the article.
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It should also elaborate on the implications 
for public health programming as a result of 
differing results.

 y A discussion of how the model assumptions 
and the availability of high-quality data for 
model calibration may affect the model 
outcomes. 

This includes justification for important model 
assumptions, interpretation of the sensitivity 
analysis and how these factors may affect the 
implications of the study.

 y Description and justification of model 
limitations and how they were accounted 
for in the model assumptions and the 
interpretations of the model results.

 y Finally, the authors should address the gaps 
in knowledge which remain unaddressed, 
and how this study can be used directly 
or indirectly in subsequent work. This 
may include suggestions for further data 
collection that can be used to improve model 
calibration and development, expanding the 
current model framework to examine more 
components of the disease transmission 
system, and/or incorporating different 
intervention strategies.

The Discussion section is an opportunity for the 
authors to aid the reader in a critical assessment 
of the research conducted, but it is important 
to review relevant literature outside of what 
may be referenced in the study to inform the 
reader’s opinion of the validity of the model, its 
assumptions, results, and interpretations. 

The Discussion section interprets study results 
with an emphasis on the implications for public 
health decision-making and how the results of 
the current study compare to existing research. 
It should be clear how the authors arrived at the 
interpretations of the model results and include 
support and comparisons from other modelling 
studies. 

Depending on the research questions, the 
Discussion section of a modelling study should 
include the following: 

 y A brief review of the research questions 
that the authors aimed to answer, how this 
was achieved, and a summary of the key 
findings.

 y Interpretation of the study’s results and how 
the model outcomes can be applied to 
inform public health interventions, resource 
allocation, and policy decisions for real-
world scenarios.

 y Comparison of the current study methods, 
results, and interpretation with existing 
studies in the field and a discussion of 
the similarities and differences. Most 
importantly, any differences between the 
presented results and previous work should 
be further interpreted and justified. For 
example, the discussion should explain if 
the differences in the outcomes were due to 
different model assumptions, the parameter 
values used, different datasets used to 
calibrate the model and/or if different 
methods were used for this calibration. 

SECTION SEVEN

Discussion and conclusions
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Not all modelling studies are able to examine 
the disproportionate effects of an infectious 
disease on different populations, often due to a 
lack of data or privacy concerns. If not directly 
addressed in the research question, the model 
outcomes may have different implications for 
public health programming depending on 
the population of interest. The authors may 
provide alternate interpretations of the results for 
different populations in the Discussion section. 
Input from individuals in the population of 
interest and existing evidence from the literature 
may be provided to support the validity of these 
alternate interpretations.

Disaggregated data

Aggregated data are commonly used to inform 
model parameter values. Using aggregated 
data means that different sub-populations or 
communities may not be precisely represented 
in the model, and differences which may affect 
disease biology and epidemiology between sub-
populations may not be accurately accounted 
for. If the aggregated data come with some 
knowledge of the distribution of the study 
population (not just the mean, or average, of 
the population), this knowledge can be used 
to examine outcomes outside of the average. 
A lack of disaggregated data, or data which 
contains information from sub-populations or 
communities of interest, can also be accounted 
for in the sensitivity analysis. 

SECTION EIGHT

The determinants of health

Biological, social, economic, environmental, and 
structural determinants of health can influence 
the dynamics of disease transmission and 
the efficacy of public health interventions in 
different communities (36,37). When assessing 
the study research question(s), it is important 
to consider how the model outcomes may vary 
depending on the population being studied. 
The implications of the model outcomes for 
public health may also be different for equity-
deserving groups compared to those for the 
general population. Studies that focus on equity-
deserving communities should clarify how the 
research aims to address distinct priorities in 
these communities without drawing from or 
highlighting existing stereotypes and stigma. 
Click here for more information on the language 
of health equity (38).

The determinants of health (e.g., income levels, 
urban or rural residence, sex, and gender) should 
be considered in the model development 
and the proposed interventions whenever 
possible to best represent disease transmission, 
prevention, and control in the study population. 
Language and framing should recognize the 
context and nuances of the public health issues 
from the perspective of the individuals within 
the community for which the research is being 
conducted. 

Other considerations
Mathematical modelling with an equity lens

https://nccdh.ca/resources/entry/lets-talk-language-of-health-equity
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When there are sufficient data to use 
disaggregated data in modelling, the effects of 
different outbreak scenarios and the implications 
of interventions within sub-populations that 
were previously hidden may become visible, 
thus providing an equity lens. Modelling with 
an equity lens should highlight existing health 
inequities respectfully and responsibly through 
collaboration with the sub-population for which 
the research is being conducted, starting from 
the conceptualization of the research questions. 
The goal of modelling with an equity lens is 
to provide evidence for more targeted public 
health policies and intervention strategies to 
support equity-deserving communities.

Interpretation 

As discussed in Section 1 (Research question) 
and Section 2 (Data collection sources and 
selection), other determinants of health may be 
considered in modelling studies in other ways 
than modelling to the average population. If 
determinants of health were not addressed 
in the current study, the reader may ask the 
following questions:

 y Why was this study not able to apply an 
equity lens? Was it due to a lack of data or 
access to data? 

 y Could the interpretations outlined in the 
study be reasonably applied to equity-
deserving communities considering the 
determinants of health? 

 y How would the interpretations of the model 
outcomes for a specific equity-deserving 
population differ from the interpretations 
reported in the study?

If the study explicitly examines how 
determinants of health affects disease outcomes, 
transmission dynamics, and the effects of 
interventions, the reader may consider the 
following questions:

 y Is the representation of the public health 
issue affecting the population of interest 
appropriate? Do the research questions 
and model assumptions account for the 
determinants of health?

 y Are there any other factors (e.g., societal, 
historical, cultural) that the model or 
interpretation has not accounted for that 
may have different implications for public 
health? 

 y How might the interpretations of the model 
outcomes change if these other factors are 
accounted for?

 y How do the interpretations of this study 
compare to other studies that did not 
include an equity lens, and what are the 
public health implications?

In a good modelling study, questions like those 
above will have already been addressed in the 
Discussion section, even if the study did not 
directly examine specific determinants of health.

All models have uncertainty
All models have uncertainty, but uncertain 
models can still be insightful and useful for 
public health. The original aphorism “all models 
are wrong, but some are useful” is generally 
attributed to statistician George Box from his 
article, Science and Statistics published in 
1976, but the concept predates Box’s article 
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(32). The phrase ‘all models are wrong’ can now 
be updated to “all models have uncertainty, 
but uncertain models can still be insightful”. 
This updated phrase reflects our improved 
knowledge of mathematical modelling and 
the availability of new methods but retains the 
original meaning that a model cannot perfectly 
capture the complexity and uncertainties of real-
world situations. 

The usefulness of a quantitative model depends 
on the strength of the research question, the 
quality of the data used, the thoroughness of 
the analysis (including the sensitivity analysis), 
and a discussion of how the model assumptions 
could affect the results and interpretations of 
the model outcomes (more on uncertainty in 
Section 5) (25,26). Often, both reasonable and 
simplifying assumptions are used in models (find 
descriptions below). Wrong assumptions are 
those which do not align with the biology of the 
disease or the transmission dynamics and should 
therefore not be included in a model.

1. Reasonable assumptions are usually 
those supported by expert opinion/
observation and/or existing research and 
data in the field. Although reasonable 
assumptions should still be considered in 
the interpretation of the model outcomes, 
they may not cause the interpretation of the 
model outcome to differ significantly from 
the real-world scenario. 

2. Simplifying assumptions may be made 
during the modelling process, often due 
to a lack of existing data and knowledge, 
or a need to reduce the complexity of 
the model. With proper consideration 

and interpretation, it is not necessarily 
detrimental to have simplifying assumptions 
in a model. However, the study must 
acknowledge and discuss the influence of 
these assumptions on the model outcomes 
(32). 

When assessing model uncertainties and 
limitations, it is important to note that the goal 
of infectious disease modelling is to support 
the development of public health policies and 
not to generate exact predictions. Often, the 
reader’s and a review of the relevant literature are 
required to determine how adequate and useful 
a modelling study may be.
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The following resources provide additional information about mathematical modelling of  
infectious diseases.

Infectious Disease Modelling Terminology
 y NCCID Comprehensive Glossary of Modelling Terms 

https://nccid.ca/comprehensive-glossary-infectious-disease-modelling/

Mathematical Modelling in Public Health
 y Mathematical Modelling in Public Health 

https://nccid.ca/project-stream/mathematicalmodelling/ 

 y Mathematical Modelling in Public Health Planning: Flu Vaccine 
https://nccid.ca/publications/mathematical-modelling-in-public-health-planning-flu-vaccine/ 

 y Mathematical Modelling in Public Health: Tuberculosis 
https://nccid.ca/publications/mathematical-modelling-in-public-health-tuberculosis/ 

 y A Logical Modelling Framework for Influenza Infection 
https://nccid.ca/publications/a-logical-modelling-framework-for-influenza-infection/ 

Appendix: Supporting Resources

https://nccid.ca/comprehensive-glossary-infectious-disease-modelling/
https://nccid.ca/project-stream/mathematicalmodelling/
https://nccid.ca/publications/mathematical-modelling-in-public-health-planning-flu-vaccine/
https://nccid.ca/publications/mathematical-modelling-in-public-health-tuberculosis/
https://nccid.ca/publications/a-logical-modelling-framework-for-influenza-infection/
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Quick Refer-
ence Guide

How do the model limitations affect
interpretation of the outcomes?

What are the opportunities for future
research and data collection based
on the limitations of this model and
study?

What are the implications of the results
for your work in public health policy,
communication, and programming? 

What influential factors were identified in
uncertainty/sensitivity analysis that may
have implications for your work? 

How does the interpretation of these
model outcomes compare to existing
knowledge and other models? 

Production of this document has been made possible through financial contribution from the Public Health Agency of Canada. 
The views expressed herein do not necessarily represent the views of the Agency.

Use the questions in this guide to help critically assess
quantitative modelling studies for public health

QUICK REFERENCE GUIDE

How feasible and useful are the
proposed interventions and
model scenarios for public
health programming?

Are the data appropriate for the study
population and of sufficient quality to
address the research question?

What kind of model and methods are
used for analysis, and does it make
sense for the research question and the
population of interest? 

How well do the model structure and
parameters reflect the biology of the
disease and transmission dynamics? 

What are the model assumptions in this
study and and how are they justified? 

Does this modelling study consider any
disproportionate effects the disease may have
on different populations? If yes, how nuanced
is this representation?

If not, how can this model be applied to
better examine the needs of equity-
deserving populations?

RESEARCH QUESTION 

MODEL LIMITATIONS

INTERPRETING
MODEL OUTCOMES

DATA FOR
CALIBRATION

METHODOLOGY 

MODEL BUILDIING

MODELLING WITH AN
EQUITY LENS
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