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Assumptions tested 

From: Key Concepts for assessing claims about treatment effects and making well-informed 

treatment choices (Version 2022) 

2.2d Consider whether important assumptions were tested. 

Explanation 
Sometimes treatment claims are based on chains of evidence, or models. For example, the effects of 

using a diagnostic test may depend on how accurate the test is, assumptions about what will be 

done based on the test results, and evidence of the effects of what is done. Similarly, evidence of the 

effects of public health and health system policies sometimes comes from models that combine 

different types of studies and assumptions; and assumptions are sometimes made when fair 

comparisons are combined in systematic reviews. When treatment comparisons depend on 

assumptions, it is important to consider their basis and to test how sensitive the results are to 

plausible changes in the assumptions made. For example, a model used to compare the effects of 

using different diagnostic tests on outcomes that are important to patients might require 

assumptions about what actions doctors or patients will take, based on test results. If that is 

uncertain, it is important to consider whether changing the assumptions has a substantial impact on 

the estimated difference in outcomes important to patients. 

During and prior to the Covid-19 pandemic there have been few randomized trials of public health 

measures used to control spread of infections, such as school closures [Glasziou 2021]. As a result, 

estimates of the effects of those interventions have frequently been based on models and non-

randomized studies. The modelling studies make many different assumptions and often suggest 

different effects. For example, some modelling studies have suggested that school closures can 

reduce community transmission of the coronavirus, while others disagree [Walsh 2021 (SR)]. These 

models depend on many assumptions, and changes in these assumptions can change the results. 

Different models make different assumptions about per-contact transmission probabilities, how 

many parents go to work or work at home when schools are closed or opened, changes in contacts 

outside of home because of schools closing or opening, what other protective measures are in place, 

what happens during holidays, what proportion of infected people have symptoms, how long they 

are infected before they have symptoms and are tested, how long the symptoms last, contact 

tracing, how many people without symptoms are tested, the accuracy of testing, delays in getting 

test results, and compliance with and effects of isolation and quarantine. Because of all these 

assumptions and important uncertainty about many of them, the results of these modelling studies 

are very uncertain.  

Early in the pandemic, some assumptions were empirically informed, such as how populations are 

distributed spatially. However, other assumptions were seemingly anecdotal, such as an assumption 

that children were twice as likely as adults to transmit the coronavirus. That assumption helped 

justify school closures. However, subsequent epidemiological studies suggested, if anything, children 

may be less likely to transmit the virus [Reddy 2020]. In addition, some models did not consider 

health consequences beyond deaths from coronavirus or how social and economic consequences 

might affect health. Models can be helpful when there is extreme uncertainty, but it is important to 

recognise their limitations and uncertainty. 
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Basis for this concept 
Many different types of models are used to estimate treatment effects. One type is marginal 

structural models, which are increasingly used in analyses of routinely collected data. These models 

take account of confounders arising during follow-up when patients switch or stop treatments, as 

well as baseline differences. Like all non-randomized study designs, the underlying assumption is 

that all relevant confounders are known, measured, and correctly integrated in the analyses. A 

systematic review compared treatment effects found in marginal structural model studies with 

those found in randomized trials for mortality and other outcomes [Ewald 2020 (SR)]. The review 

found important differences, including effects going in the opposite direction for eight of the 19 

included comparisons. 

New medicines are normally approved for marketing based on the results of randomized trials. A 

systematic review of medicines that were approved for marketing without randomized trials found 

that the majority of models that were used to estimate effects were based on “historical controls” 

(how patients were treated in the past) without any adjustment for differences in patient population 

(see Concept 1.2e), with a high risk of bias [Hatswell 2017 (SR)]. 

Modelling studies combine information from a variety of sources to compare treatments. Expert 

judgement is often used when there is limited or conflicting evidence about a variable or 

“parameter” included in a model. Systematic reviews of the use of expert judgements in modelling 

studies in health research and in health technology assessments found extensive use of expert 

judgement, but most modelling studies did not provide adequate details of how expert judgements 

were elicited [Cadham 2021 (SR), Grigore 2013 (SR)]. This makes it difficult to assess the reliability of 

those judgements and the findings of the modelling studies. Expert judgements may be misleading 

due to cognitive biases, overconfidence, and the choice of experts [Morgan 2014]. To reduce the risk 

of misleading judgements, there should be a protocol for selecting experts, helping them make 

systematic and transparent judgements, and combining (or not combining) judgements from 

different experts [Morgan 2014 , Schunemann 2019] (See Concept 1.4c). 

When direct evidence is lacking, models can be used to link together evidence of the effects of 

screening (see Concept 1.3e) or diagnostic tests on outcomes that are important to people [Petitti 

2018]. However, these models also can be misleading [Koleva-Kolarova 2015 (SR)]. Overall, the 

certainty of these models corresponds to the certainty of the weakest link in the chain of evidence 

[Schünemann 2019]. 

Modelling is unavoidable in evaluations of the cost-effectiveness of treatments and decision 

analyses [Buxton 1997]. However, these models can be misleading. For example, a systematic review 

of models assessing the cost-effectiveness of antipsychotic medication for schizophrenia found 60 

models [Jin 2020 (SR)]. The models varied greatly, and the quality of the models was generally low 

due to failure to capture the health and cost impact of adverse effects and input data from the best 

available source.  

Challenges with modelling studies include choosing which technique to use (and not making an 

arbitrary or biased choice), avoiding arbitrary (or biased) ranges for variables (parameters) when 

examining the impact of uncertainty, and making details of the model available when that is in 

conflict with the “intellectual property” generated by a substantial investment in developing a model 

[Caro 2012]. The trustworthiness of a model depends on transparency and validation [Eddy 2012]. 

Unfortunately, both are often lacking, making it difficult to judge how much confidence can be 

placed in the findings of a model. Sensitivity analyses can be used to assess the uncertainty of a 

model from the assumptions that are made. Sources of uncertainty include uncertainty about the 
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values or data used as input for each variable (parameter) in the model, uncertainty about the 

model (how the variables are combined), and uncertainty about how the model compares to other 

models using different methods). A systematic review of 406 cost-effectiveness analyses found that 

most analyses only addressed one of those sources of uncertainty (most often uncertainty about the 

variables) and that sensitivity analyses were often poorly reported [Jain 2011 (SR)]. 

In summary, modelling studies can provide valuable information about the effects of treatments and 

treatment choices, but when they are used to assess the effects of treatments or to inform 

decisions, their reliability and uncertainty need to be carefully assessed and reported [Briggs 2012 , 

Brozek 2021 , Egger 2017]. 

Implications 
Whenever treatment comparisons depend on assumptions, consider whether the assumptions are 

well-founded and how sensitive the results are to plausible changes in the assumptions that are 

made. 
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