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Abstract 

 

The current deconstruction of paradoxes is one among several signs that a profound renewal of 

methods for clinical and epidemiological research is taking place; perhaps for some basic life 

sciences as well. The new methodological approaches have already deconstructed and explained 

long puzzling apparent paradoxes, including the (non-existent) benefits of obesity in diabetics, 

or of smoking in low birth weight. Achievements of the new methods also comprise the 

elucidation of the causal structure of long-disputed and highly complex questions, as Berkson’s 

bias and Simpson’s paradox, and clarifying reasons for deep controversies, as those on estrogens 

and endometrial cancer, or on adverse effects of hormone replacement therapy. These are signs 

that the new methods can go deeper and beyond the methods in current use. A major example of 

a highly relevant idea is: when we condition on a common effect of a pair of variables, then a 

spurious association between such pair is likely. The implications of these ideas are potentially 

vast. A substantial number of apparent paradoxes may simply be the result of collider biases, a 

source of selection bias that is common not just in epidemiologic research, but in many types of 

research in the health, life, and social sciences. 

 The new approaches develop a new framework of concepts and methods, as collider, 

instrumental variables, d-separation, backdoor path and, notably, Directed Acyclic Graphs 

(DAGs). The current theoretical and methodological renewal –or, perhaps, “revolution”– may 

be changing deeply how clinical and epidemiological research is conceived and performed, how 

we assess the validity and relevance of findings, and how causal inferences are made. Clinical 

and basic researchers, among others, should get acquainted with DAGs and related concepts.  
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Introduction 

 

The past few years have been times of silent and intense paradox deconstruction. In some 

clinical areas, paradoxes have been deconstructed, explained and, sometimes, demolished. The 

process of deconstruction, which continues, may never have been so intense in clinical and 

epidemiological research, where apparent paradoxes have always been observed and questioned, 

as in other fields.
1
 Of course, the causal interpretation of medical paradoxes was often, 

inherently, dubious. Yet, many mysteries lasted decades, while others remain bewildering. 

Clinical and epidemiological paradoxes are now regularly shown to have little or no causal 

significance. Or worse: to be nothing, to not exist. The pace of deconstruction is due to a 

formidable underlying process: the development and application of new, more formal and 

powerful methods to formulate hypotheses, analyse data (in particular, control biases), interpret 

results, and make causal inferences. The new methods already achieved several feats. They 

deserve the attention of clinicians interested in research methods. 

 

 

One weight paradox 

 

A remarkable example of the potential and actual achievements of the new methods is the 

deconstruction of some paradoxes involving body weight, such as the putative benefits of 

obesity in diabetics. While obesity is a well-established risk factor for type 2 diabetes (T2D), 

among people who already developed T2D the obese are often observed to fare better than T2D 

individuals with normal weight. Obese diabetics appear to survive longer and to have a milder 

clinical course than non-obese diabetics. But it is now being shown that the observation lacks 

causal significance. (Yes, indeed, an observation may be real and yet lack causal meaning).
2,3

 As 

we will further see below, apparent paradoxes involving weight are diverse and complex, and 

some may reflect real causal processes. In some critical situations, being obese may confer 

advantages.
4
 

 

The new methods are building methodological knowledge upon methods and knowledge 

previously generated by graph theory, computer science, artificial intelligence, statistics or 

epidemiology itself.
2,5-13

 One way to explain why observations as the mentioned “obesity 
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paradox” lack causal significance is that “conditioning on a collider” (in our example, focusing 

only on individuals who developed T2D) creates a spurious association between obesity and 

survival.
2,3,5-15

 

 

A collider is a variable directly affected by two or more other variables in a causal diagram
3
 

(Figure 1); in our example diabetes is a collider since it is affected by obesity and, 

independently, by an unknown variable U (e.g., some environmental chemicals or genetic 

variants).
16

 Conditioning on a collider means attempting to control for the collider through 

restriction (in the design or in the analysis), stratification, or regression adjustment; such action 

will tend to induce a noncausal association (often referred to as collider bias) between the 

shared causes of the collider.
2,3,5-7,14,17,18

 

 

The idea is highly relevant and rather broad: when in the design or in the analysis of a study we 

condition on a common effect of a pair of variables, then a spurious association between such 

pair is likely. The implications of this idea are potentially vast –not just for clinical and 

biomedical research, but for research in most health, life, and social sciences. 

 

Figures 1 and 2 present Directed Acyclic Graphs (DAG),
2,5-9

 a causal diagram now commonly 

used. Figure 1 includes only the three arrows that are necessary for collider bias to occur: an 

arrow from obesity (the exposure) to diabetes (the variable that the analysis is being stratified 

on), an arrow from U to diabetes, and an arrow from U to mortality (the outcome).  

 

For simplicity of presentation, Figures 1 and 2 omit some important arrows, including those 

from diabetes and low birth weight to mortality, as well as some common causes for the 

variables on the causal diagrams. While an arrow simply indicates the possibility of a causal 

connection, a missing arrow represents a claim of zero effect and a conditional independence; 

for example between U and obesity. In causal diagrams, causal assumptions are also encoded in 

the missing arrows. Like all model frameworks, causal diagrams are only as good as the 

assumptions on which they are based. 

 

Now, imagine that obesity and the environmental chemicals are the only two independent causes 

of diabetes. In this situation, all diabetic persons would have been exposed to obesity or the 
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environmental chemicals (or both). Thus, all diabetics that are not obese would necessarily have 

accumulated the chemicals, a fact that (let’s assume) is associated with a higher mortality than 

obesity (which is not implausible).
16

 Therefore, there would be an inverse association between 

obesity and mortality among diabetic persons. This would be so even if, as assumed in Figure 1, 

obesity has no causal effect on mortality. Conditioning on a collider is a form of selection 

bias.
2,6,12,14,18

 Nevertheless, where the collider is affected by a cause of the outcome (as in 

Figures 1 and 2), some authors consider it also a type of confounding.
2
 

 

By the way, should we recommend persons with T2D to remain overweight? Clearly, no.
19

 Until 

now we already felt the ‘no’ was right, but we couldn’t figure out why as exactly as DAGs 

allow. 

 

Nevertheless, whether conditioning on a collider exacerbates or reduces bias in estimating a 

specific causal effect depends on the causal relations among variables affecting the collider and 

on the nature of their joint effect (additive or multiplicative) in the risk scale. For example, in 

Figure 1 there is no arrow from U to obesity, in accordance with the assumption (which is not 

the only plausible one
16

) that obesity is independent of U in the population. Yet, if we added an 

arrow from U to obesity in the DAG in Figure 1 (i.e., because we think that the available 

evidence supports the hypothesis that U directly affects obesity
16

), then selection on the collider 

diabetes might reduce bias in estimating the effect of obesity on mortality. 

 

The bias just mentioned becomes particularly common when we deal with an outcome that is in 

fact a combination of diseases –e.g., breast cancer–, each of which has different etiologies and 

prognoses. 

 

In the methodological sense mentioned above, collider is a term almost unheard of in the 

biomedical literature until recently. It will soon be quite common. The new approaches not only 

explain paradoxes, they provide a new framework of concepts and methods that it is already 

inevitable to critically consider and, often, use. 
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Directed Acyclic Graphs (DAGs): the flagship of the new methods 

 

Alluring, DAGs are just the most visible component of the new methods. But collider, common 

causes, causal diagrams, instrumental variable (and the related Mendelian randomisation), d-

separation rules, backdoor path, identifiability, transportability, positivity, ignorability, 

collapsibility, exchangeability, g-estimation, potential outcome, negative controls, immortal 

time bias...
3
 these are the new concepts –some, not so new in mathematics, physics or 

economics– that many clinical and epidemiological researchers –and some basic scientists as 

well– may now need to learn. No kidding. Which should be fun to many, though the learning 

and incorporation will not be as easy as it may seem: the ongoing methodological 

“revolution”
20,21

 is partly founded on complex mathematics, concepts as “counterfactuals”, 

techniques as inverse probability weighting (IPW), and, yes, rules to draw the attractive DAGs 

(Figure 1). Attractive, but less intuitive than they may look. Very important: causal diagrams are 

a way to encode the researchers subject-matter knowledge, and assumptions, about the 

qualitative causal structure of a problem. In clinical and epidemiological research, and in other 

sciences, diagrams have been used to encode knowledge about systems of variables for 

decades.
5,7

 When such knowledge is limited (and why perform research if it is not?), DAGs help 

make explicit the ignorance, uncertainties, hypotheses, and plausible causal scenarios. Thus, 

only experts
8,9

 –e.g., on medicine, obesity, genetics, and environmental chemicals– may suggest 

whether in Figure 1 an arrow should link U and obesity (some forms of obesity may be 

influenced by sets of genetic variants, some environmental chemicals may be obesogens).
16

 

 

Hence, DAGs are not a new “black box”: they are as transparent as our knowledge, 

assumptions, and hypotheses. Yet, their functioning and reasoning are often difficult to follow, 

beyond intuition, and beyond classic reasoning on confounding. To follow a DAG concentrating 

and thinking hard is necessary, but not sufficient: you must also know the subject, and the rules 

to formulate and interpret them.
2,5-9,13,14,18

 

 

Indeed, DAGs must be drawn and interpreted following stricter rules than the informal, heuristic 

graphs that we all use intuitively, and which have a long tradition in health research.
7,22

 As 

currently proposed DAGs are important, and fun, because they force us to make explicit our 

knowledge, hypotheses, and assumptions. Regrettably, out of ignorance, laziness, and other 
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priorities many of us will stay away from the mathematical foundations of some of the new 

methods, as IPW, pseudopopulations, randomisation in observational studies, and the like; 

consequently, it is yet unclear how often some of the new methods will be used, and 

misused.
18,23

 Nevertheless, since they require more of us, they may well spare us from “quick 

and dirty” approaches to complex clinical problems. The challenge for clinical researchers is 

thus to understand the basics of the new language and concepts, and to work with 

epidemiologists and statisticians with deep knowledge of the methods. In turn, the challenge for 

methodologists is to work with clinicians in integrating the complex biological, 

pathophysiological, social and environmental mechanisms of human diseases.
3,22,24-31

 

 

Of course, it is not the aim of this paper to provide a tutorial on DAGs and related methods, nor 

to cover in depth their possible uses, and limitations, which they have. As structural models of 

bias, DAGS cannot accommodate important biases such as random confounding or multivariate 

measurement error. DAGs are also limited or unable to handle the time sequence of events, 

interactions among variables, or the magnitude and functional forms of their relations, which are 

all important for establishing causality.
2,5,6,13,14,17,18,32

  

 

As all scientific tools, the new methods have indications, contraindications, and limitations 

(needless to say?). Valid causal inference, in particular, most often requires a plurality of 

approaches.
2,3,5,6,15,26-33

 Nowhere in the most representative works of the leaders of the current 

theoretical and methodological renewal do we find claims that there is only one way to perform 

causal inference or other related scientific endeavours.
2,5,6-15,17-23,26,33-40 

 

 

The low birth weight paradox 

 

Another prominent example involving weight, the ‘low birth-weight paradox’ stems from the 

following apparently paradoxical observation: low birth weight infants in groups exposed to a 

prenatal factor that increases the risk of low birth weight typically have a lower mortality rate 

than unexposed low birth weight infants. For instance, low birth-weight children born to 

smoking mothers have a lower infant mortality rate than low birth-weight children of non-

smoking mothers. Should mothers at risk of delivering a low birth-weight child be 



– 8 – 

recommended to smoke? No, because: a) among children born with normal weight, those born 

to smoking mothers have a higher mortality rate than those born to non-smokers; and b) the 

spurious association between survival and smoking is due to collider bias. In captivating studies, 

Wilcox et al. have assessed the birth weight paradox by using empirical curves of the birth 

weight distribution and birth weight specific mortality.
41

 And more recently, Hernández-Díaz et 

al. used DAGs as a conceptual framework to discuss empirical evidence on the birth weight 

paradox.
10,11

 They have hence showed that the birth weight paradox can be explained by the 

presence of other unmeasured factors that reduce birth weight and increase mortality. In terms 

of DAGs, the apparent paradox could be the result of selection bias due to stratification on the 

collider low birth weight, which is affected by the exposure of interest (smoking) and shares 

common causes with the outcome (infant mortality) (Figures 2a and 2b). While causal DAGs 

facilitate discussion among subject-matter experts, they do not provide the final answer.
6,10,11,18

 

 

Of course, in “pre-DAG” times there was path analysis, and structural nested models.
7
 And 

scholars who thought in-depth and developed fine conceptual models. Brian MacMahon or 

Allen Wilcox are among those who worked elegantly to unravel the birth weight paradox. 

However, tellingly, none came up with the concept of collider and its derivatives. For example, 

a paper from 1997 underlines the importance of conceptual models (as DAGs do),
42

 and 

recommends not to adjust for mediators, which today remains a common mistake in the 

literature. While the authors were not brilliant enough to discover collider bias,
42

 they did 

propose an explanation for low birth-weight paradox, which remains valid: low birth-weight 

babies from smoking mothers may be more likely to have intra-uterine growth retardation, 

whereas low birth-weight babies from non-smokers may be more likely to be preterm, and 

therefore the latter are more likely to die.
42

 The authors did not recommend smoking for high-

risk mothers. 

 

Conditioning on antecedent causes may also distort causal estimates. For instance, smoking 

starts a carcinogenic process that leads to lung cancer: the carcinogenic process is the cause of 

the protein pattern that the investigators seek to discover with proteomics.
43

 Thus, matching 

(i.e., conditioning) on smoking is likely to increase the prevalence of the protein pattern among 

the controls and attenuate or mask the association between relevant protein patterns and cancer. 
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This is another example of the contributions of causal diagrams in providing simple visual 

explanations for difficult methodological issues.
44

 

 

Paradoxes deconstructed and clarified so far −which often involved obesity− include the 

following: a survival advantage of being obese in populations diagnosed with a medical 

condition (e.g., the higher mortality among normal-weight people with dysglycemia is not 

causal but a product of the closer inverse association between obesity and smoking in this 

subpopulation);
45

 the lower mortality among post-diagnosis overweight patients with colorectal 

cancer compared with normal weight patients;
46

 positive effects of obesity on mortality among 

individuals with cardiovascular disease;
47

 telling patients with chronic disease to gain weight;
19

 

better survival of patients with dementia and a higher BMI than patients with dementia and low 

BMI.
48

 The range of disorders in which false obesity paradoxes (again: observed for real but 

lacking causal meaning) may mislead clinicians, scientists and citizens is quite wide: it includes 

chronic kidney disease, chronic heart failure, chronic obstructive pulmonary disease, and acute 

coronary syndrome.
49

 Others are likely to ensue: obesity will not be the only variable at fault.
50

 

And, surely, DAGS will not explain all paradoxes: many have reasons in the limitations of our 

subject-matter knowledge. Yet, let’s just consider again the possibilities of reviewing the 

assumptions and methods of studies that show this kind of “paradox”:  

 

 Individuals with a disorder exposed to a factor that increases the risk of the disorder have 

a better clinical course than individuals with the disorder unexposed to the risk factor. 

 

Did they by any chance condition on a collider...? 

 

Two additional examples of paradoxes that the new approaches have helped deconstruct are 

‘survivor bias’ and a selection bias built in hazard ratios (HRs).
2,51

 An example of the survivor 

bias paradox is the black-white mortality crossover: mortality is greater for blacks and other 

disadvantaged groups relative to whites at younger ages, but the pattern reverses at oldest ages. 

The effect may occur if there is confounding by an exposure or by unobserved factors that 

conferred a survival advantage.
2
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An example of the selection bias built in HRs can be given in the context of a randomised 

controlled trial.
51

 In such context the apparent paradox is that the HR for a harmful exposure can 

go from greater than 1.0 to less than 1.0 during follow-up. Subjects more susceptible to the 

outcome of interest are preferentially excluded from the treatment arm as they develop the 

outcome over time –precisely because they received a therapy with harmful effects to which 

they were susceptible (all other factors to which they were susceptible are equally distributed 

between the 2 arms). With time, the proportion of susceptible subjects progressively increases in 

the placebo arm relative to the treatment arm. The bias due to the differential permanence of less 

susceptible subjects over time, because of differential depletion of susceptibles, is the built-in 

selection bias of period-specific HRs. This bias may explain that after some years of follow-up 

the HR is less than 1.0 even if treatment has no truly preventive effect in any individual at any 

time.
51

 This built-in selection bias of the HR has also been deconstructed using causal 

diagrams.
52

  

 

 

Real and potential achievements of the new approaches  

 

Amazingly, but not surprisingly, the new approaches provide insights that are beyond many 

methods in current use. In particular, the new methods can take us deeper and beyond the 

methods of “modern epidemiology”, the methodological and conceptual current that eclosed in 

the 1980s.
53

 Methods and ideas promoted by modern epidemiology, for instance, contributed 

substantially to increase the validity and relevance of clinical research, and favoured the 

emergence of clinical epidemiology, first, and then evidence-based clinical care. Now a no less 

profound change is taking place. But as Miguel Hernán sometimes warns, senior scholars may 

not have noticed it, since they seldom have sufficient quality time to study new, complex 

methods; in the meantime, the younger generation is naturally learning and using them. DAGs 

are becoming a common feature in the landscape of medical articles. Again, just a sign. 

 

Actually, we recently saw a tweet −yes, in Twitter− celebrating “A DAG in The Lancet!”. A 

deserved surprise: it appeared to be the first DAG in a major clinical journal –albeit in a humble 

letter to the editor, perhaps symbolically.
54

 But it was not such ‘first’: another DAG was 

published in 2011 raising exactly the same issue.
55

 The aim of the letter was to improve the 
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estimation made by a previous paper of the proportion of cardiovascular disease due to adiposity 

that can be explained by metabolic mediators (high blood pressure, cholesterol, and glucose). 

The excess risk mediated can be estimated with and without adjustment for the mediators. 

Confounders of the association between adiposity and cardiovascular disease were considered, 

but confounders of the mediator-outcome relation were not. Family history of cardiovascular 

disease, diet and physical activity could be some of such confounders.
54

 

 

We think it will not be long before the ongoing methodological innovations become mainstream 

in clinical research, as they are becoming in epidemiologic research. And why should they not 

affect some areas of basic research as well, even if the rules of inference are different?
 3,27

 For 

instance, the idea that when one has conditioned (implicitly or explicitly) on a common effect of 

a pair of variables, or on a descendant of such collider, then a spurious association between such 

pair is likely seems also relevant for mechanistic microbiological research. Why or under what 

circumstances would it not be? Some biochemical and genetic relationships currently considered 

causal –and not even perceived as paradoxical− could be due to problems as collider-

conditioning bias. 

 

Thus, we live exciting days of profound methodological renewal. The deconstruction, 

explanation, or demolition of some paradoxes is just a symptom of it, or a product. A very 

important one, in any case. But there are other signs alerting us that something relevant is going 

on, as the elucidation of the causal structure of long-disputed and highly complex questions. 

Two such questions are Berkson’s bias or fallacy,
12,18

 and Simpson’s paradox.
56

 Another issue 

that DAGs have helped clarify is the controversy on estrogens and endometrial cancer that 

ravaged during the 1980s.
8
 Or the results of observational and experimental studies on some 

adverse effects of hormone replacement therapy.
57

 

 

In fact, the signs of the methodological renewal include the explanation of why very smart 

scientists did not understand each other and strongly disagreed.
 8,12

 Why was that? Because the 

mix of formal and intuitive tools they used could not go as deep as the current one goes in 

elucidating the causal structure of the problems at stake.
18

 When new theories, concepts, 

methods, and techniques are able to clarify such controversies… whew, they deserve our 

attention. With power and elegance, DAGs are helping understand complex issues that we 
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addressed unsatisfactorily using words, probabilities, heuristic or intuitive diagrams, and 

complex epidemiological methods. Not least, DAGs have clarified the previously murky 

relationship between selection bias and confounding.
2,3,6,12,18

 

 

Furthermore, the new methods are bridging the long annoying gap between experimental and 

observational designs. No less. Annoying because we always felt that there are many 

fundamental relationships between the two main types of designs. And because we sensed that 

sometimes the benefits of randomisation do not last long: all sorts of clinically meaningful 

protocol deviations –often, just minutes or days after randomisation– transformed more than one 

randomised clinical trial into a cohort study.
3
 Now it is more clear why and how sometimes 

experiments must and can be analysed as observational cohort studies; and, perhaps (this is less 

evident) why and how some observational studies can be analysed as experiments −provided 

that a number of strong assumptions about the absence of residual confounding are made.
6,57

 

 

The new methods are also strengthening the connections among clinical and epidemiological 

research and other branches of science. First, as mentioned before, because DAGs can obviously 

help address problems relevant in many fields of scientific inquiry. Second, for instance, 

through a formal treatment of negative controls,
3
 which bench scientists employ in their 

experimental studies to rule out non causal interpretations of results. Methodologists have now 

defined the conditions under which the use of negative controls for exposure and outcome may 

detect confounding, selection bias, and information bias in observational studies in some basic, 

clinical, and epidemiological settings.
58

 

 

 

Beyond paradoxes 

 

In addition to the accomplishments mentioned above, recent developments in methodology 

correspond to important changes in the understanding and practice of causal inference in 

medicine. The 1940s and 1950s saw a burgeoning of the randomised clinical trial as a paradigm 

for causality, with emphasis on single causal factors (treatments or otherwise “actionable” 

agents). This was in line with the microbiological tradition; in fact, the first trials were on 

antibiotics. In Hernán and Robins’ language (see below) the prevailing paradigm was the 
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“counterfactual” interpretation,
6
 based on the notion that elimination of the cause would lead to 

the disappearance of the effect or several effects (if the patient has been treated, counterfactual 

is the absence of treatment). 

 

Many years ago, guidelines for causal inference in observational contexts were inspired by 

Henle-Koch’s rules, which were originally developed for microbiology. Austin Bradford Hill 

and others weakened such rules to adapt them to chronic multifactorial diseases.
3,27

 Still, many 

historical examples of causes of chronic diseases involved single, powerful agents such as 

tobacco and asbestos. Though these exposures were not “necessary causes”, their association 

with the effect was strong, and it was thought that the concomitant exposure to interacting 

agents or effect modifiers was able to complete the causal picture (a sort of “implicit, undrawn 

DAG”), and explain disease occurrence.
30

 

 

In the last two decades, however, we have learnt that “weak” causal agents (e.g., some 

carcinogens and endocrine disruptors) actually contribute to cause chronic diseases; this is 

largely in contrast to the classical examples of “strong” agents as tobacco or asbestos.
59

 One 

prominent example is air pollution, now recognised as a human carcinogen.
60

 Etiology is 

currently better understood as a process involving the complex interplay of numerous agents 

that act along several mechanistic pathways, thus creating the opportunity for many colliders to 

bias the results. This is not extraneous to clinical practice: patients’ response to therapies is also 

more complex than we thought 50 years ago, and it depends on complex networks that include 

co-morbidities, co-exposures, and individual susceptibility. Thus, both in etiologic research and 

in clinical medicine we acknowledge that an occurrence in a single patient can be due to the 

concomitant action of several component causes within the causal process; understanding and 

influencing such process often requires an appropriate mechanistic dissection of its 

pathways.
31,61

 Not just epidemiology, clinical research has also become strongly 

“mechanistic”.
3,24,62

 This is an important substantive change that also underlies and fuels the 

methodological revolution. A change that has implications: a) weak causes have an impact on 

disease occurrence, and we need to face them (e.g., through preventive policies)
63,64

; b) causes 

may act through several pathways and, thus, the study of such processes (e.g., through 

biomarkers and omics) is relevant to identify intermediate steps where intervention may be 

effective; and c) distinguishing genuine from artefactual causes, and fundamental from ancillary 
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causes, requires complex reasoning that integrates biological, clinical, environmental, social and 

methodological knowledge (e.g., through DAGs and other frameworks).
2,5,6,15

 

 

In a more formal way, there are two basic ways to look at causality in this changed scenario.
6
 

One is called by Hernán and Robins
6
 the “sufficient-component-cause framework”, and 

considers sets of actions, events, or states of nature which together bring about the outcome 

under consideration. The model is able to account, and gives an account of the multiple causes 

(including weak causes) that in their combination lead to a particular effect. It means that the set 

or complex itself is sufficient to produce the effect, but none of the component elements, which 

can be weak and remote, is. For example, lung cancer in an individual may be explained by 

smoking, plus past exposure to asbestos, plus inherited susceptibility related to some SNPs in 

DNA repair genes; none of these factors is necessary and none is sufficient, but the complex of 

factors is sufficient to cause cancer in that single individual. In this context it is clear that weak 

risk factors can fit as contributing causes, that risk factors are causes (if they are true risk 

factors, unbiasedly estimated); a weak and probabilistic cause is no less a cause; in medicine, 

epidemiology, physics or economics a cause is no less a cause because it is not necessary nor 

sufficient.
3
 And the study of pathways and mechanisms thus acquires relevance.  

 

A second approach to causality is based on the “counterfactual model”, which focuses on one 

particular cause or intervention, and gives an account of the various effects of that cause. In 

contrast to the sufficient-component-cause framework, the potential outcomes framework 

addresses the question, “What would have occurred if a particular factor were intervened upon 

and thus set to a different level than it in fact was?” The counterfactual framework does not 

require a detailed knowledge of the mechanisms by which the factor affects the outcome.
6
 Thus, 

in a randomised trial typically we investigate a single cause, we are interested in its multiple 

effects, and we are not necessarily preoccupied with mechanisms. 

 

 

Conclusions 

 

We do not believe, imply or suggest that it is not possible to perform causal inference or other 

scientific tasks without DAGs or other components of the new methods. As all scientific tools, 
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the new methods have limitations; sometimes, alternatives; in some instances, they are simply 

not required (e.g., because they do not challenge or improve upon previously available 

methods). Valid causal inference, in particular, most often requires a plurality of approaches. 

 

The current theoretical and methodological renewal –or perhaps “revolution”– seems to be 

changing deeply how clinical and epidemiological research is conceived and performed, how we 

assess the validity and relevance of findings, and how causal inference is understood and 

practised. Clinical researchers better get acquainted with DAGs and related concepts. Paradox 

deconstruction shows the scientific power and substantive relevance of the new approaches. 

Such power and relevance are also shown by the elucidation of the causal structure of long-

disputed questions among leaders in science, and by the new sets of concepts and methods. 

Long accepted or puzzling paradoxes and other biased beliefs will continue to crumble 

−tomorrow and in the foreseeable future. 
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Figure legends 

 

Figure 1. Directed Acyclic Graph (DAG) representing the causal structure between obesity, 

diabetes, mortality, and an unknown variable U (e.g., some genetic variants or environmental 

chemicals). Here, diabetes is a collider since it is affected by obesity and, independently, by U. 

Conditioning on the collider means attempting to control for the collider through restriction (in 

the design or analysis), stratification, or regression adjustment; such conditioning will tend to 

induce a noncausal association (collider bias) between obesity and U, the shared causes of 

diabetes. 

 

Figure 2. Directed Acyclic Graph (DAG) representing two possible causal structures between 

smoking, low birth weight, mortality, and an unknown variable. The birth weight paradox can 

be the result of selection bias due to stratification on the collider (low birth weight), which is 

affected by the exposure (smoking) (Figure 2a), and shares common causes with the outcome 

(infant mortality) (Figure 2b). Figure 2a is the same as Figure 2b under the causal null 

hypothesis of no direct effect of the exposure on the outcome. 
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