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1. Introduction

The origins of directed acyclic graphs (DAGs) date back to the emergence of ‘graph
theory’ in the early 1700s (Biggs et al. 1986). DAGs are conceptual or literal, diagrammatic
representations of causal paths between variables which are constructed — as their name
suggests — on the basis of two over-riding principles: first, that all causal paths are ‘di-
rected’ (i.e. for each pair of variables, only one can represent the cause, while the other
must be its consequence); and second, that no direct cyclical paths, or indirect cyclical
pathways (comprising sequences of consecutive paths) are allowed, such that no conse-
quence can be considered its own direct or indirect cause (hence ‘acyclic’; Law et al., 2012).
As such DAGs reflect the knowledge, presumptions, assumptions and/or speculation of
the analyst(s) concerned regarding the causal relationships between each of the variables
included therein. Current convention dictates that variables are represented as nodes/ver-
tices, and that any causal paths between variables are represented as directed
arcs/edges/lines, often in the form of arrows (see Figure 1). Although each arc indicates
the presence and direction of a known/presumed/assumed/speculative causal relation-
ship between the two variables concerned, drawing an arc does not require the sign, mag-
nitude, precision or shape of the relationship to be known or declared (Tennant et al.,
2021). In this respect, DAGs provide a simple, uncomplicated, accessible and entirely non-
parametric approach for postulating causal relationships amongst any variables of inter-
est even when these are uncertain, unknown or entirely speculative (Ellison, 2020). None-
theless, as a result of the parametric constraints imposed by the presence/absence of pos-
sible arcs within any given DAG, these also reflect and support a number of more sophis-
ticated statistical applications which make it possible to use DAGs to inform the design of
multivariable statistical models that reflect the causal structure(s) involved — albeit with-
out the need to know or understand the mathematical technicalities on which these are
based (Lewis and Kuerbis, 2016).
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Figure 1. A comprehensive or “universal’ DAG (following Ellison, 2021: see Supplementary materials) summarising all of the
conceivable variables (both known/measured and unmeasured/unknown/latent) that envelop the ‘focal relationship” (i.e. the
postulated causal relationship of interest) in what Pearl (1988) might have called a ‘Markov blanket’, comprising all possible
variables affecting either the specified ‘exposure’ (or cause of interest) and the specified ‘outcome’ (or consequence/effect of
interest). Except for the exposure and outcome variables, all covariates are represented as ‘sets’ (hence the double line surrounding
these ‘super-nodes’; as Tennant et al. 2020 described these) to indicate that more than one such covariate might co-occur during the
period before the ‘exposure’, after the ‘outcome” and the period in between. Because some of the covariates within each set of
‘manifest’ and ‘latent” covariates might occur before those in another, a “universal’ DAG of this nature must include causal paths
operating in both directions between each set of (measured and ‘latent’) ‘confounders’, ‘mediators’ and ‘consequences of the
outcome’.

These features make DAGs attractive cognitive, educational and analytical tools for
strengthening the epistemological, theoretical and empirical basis of causal inference, and
there has been a recent proliferation in the use of DAGs across a range of applied scientific
disciplines (e.g. Knight and Winship, 2013), and an associated upsurge in analytical meth-
ods training (e.g. Elwert, 2011; Gilthorpe, 2017; Hernan 2018; Roy, 2021; Hiinermund,
2021). This Chapter reflects on a decade of delivering medical statistics training to under-
graduate medical students at the University of Leeds between 2012-2021 in which the
third year research, evaluation and special studies module (‘RESS3’) has used DAGs to
support the development of applied statistical skills relevant to the extended student-se-
lected research and evaluation projects (ESREP) students undertake in their fourth and
final years (Ellison, 2021; Ellison et al., 2014a,b).

Based on successive iterations of the structure and content of the RESS3 module, to-
gether with notes made during formal and informal planning and review meetings with
module leads, lecturers, tutors and students, we draw on the claims and criticisms made
of DAGs in the epidemiological literature to identify a number of explicit strengths (and
associated, often implicit. weaknesses) that are central to their use in prediction and causal
inference modelling. While using DAGs requires (and benefits from) a clear understand-
ing of their non-parametric nature and parametric implications, the weaknesses of DAGs
seem likely to reflect both: the challenges inherent in the modelling of data generating
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processes when these are imperfectly understood; and troublesome cognitive and heuris-
tic tendencies common to all analytical tools — in which the tool facilitates the task in hand
by reducing the necessity (and benefits of) exploring uncertainties and identifying as-
sumptions. These, more epistemological considerations appear particularly challenging
for medical undergraduates to grasp (Ellison, 2021), but also appear poorly understood
by many established analysts and clinical epidemiologists (Ellison, 2020).

2. The Strengths and Benefits of DAGs

As we have seen, DAGs offer “principled’ representations of causal pathways that are
known, believed or postulated to exist — or not to exist — amongst any conceivable varia-
bles that are available for consideration; each of which might play distinct roles of specific
relevance to the causal processes concerned. These include any context-relevant variables
for which measurements have been made/are available (the so-called “known knowns’;
Luft and Ingham, 1955); and those for which measurements have not been made or are
unavailable (i.e. the ’known unknowns’ and — when unacknowledged or inconceivable,
the “unknown unknowns’). As such, a DAG not only represents but also reflects (and can
help reveal) the premise — and its associated assumptions (both explicit and implicit) —
upon which the causal model has been constructed, provided this has been undertaken in
line with two strict and inviolable principles (or rules). These are that: any constituent
causal paths are directed (i.e. uni-directional); and none of the direct or indirect paths are
circular (hence acyclic — a property that reflects what is known as the topological ordering
or topological sorting of uni-directional paths, and which is a definitive feature of DAGs;
Zhou and Miiller, 2003; Kader, 2013).

These features imbue DAGs with a number of specific properties that make them
potentially useful tools to assist in the conceptualisation and operationalisation of causal
processes, particularly in non-experimental (i.e. observational) contexts where the causal
processes involved are incompletely understood, somewhat uncertain, or completely un-
known. Indeed, even where there is empirical evidence and substantial consensus on the
form such processes take, both are vulnerable to what has been dubbed “unsubstantiated
certainty” (NHSE, 1999). Nonetheless, analysts have long sought to use multivariable sta-
tistical modelling to extract meaningful information from such data, based on their best
estimation of the underlying data generating mechanism(s) concerned; and it is in this
regard that DAGs — which offer principled representations of these mechanisms — have
their potential to add value to the conceptual and statistical modelling of observational
data to support prediction and causal inference. Of these, causal inference has perhaps the
most widespread application and potential for impact, since improving understanding of
functional mechanisms is necessary for identifying, selecting and refining interventions
that aim to prevent, pre-empt, attenuate or reverse undesirable processes that might oth-
erwise cause harm (or, indeed, enhance those processes that are likely to do good). How-
ever, causal inference is also critical to the portability of prediction models beyond the
contexts, periods and datasets on which these have been developed (Piccininni, 2020). To
date, robust causal inference has relied upon experimentation (i.e. the deliberate manipu-
lation of ‘exposures’ using ‘interventions’ to evaluate their subsequent effect on ‘out-
comes’). Yet experimental studies are often resource intensive, have limited utility for
complex exposures/interventions, and face substantial ethical constraints (Frieden, 2017).
For these reasons it is worth examining, in some detail, what the potential (and realised)
strengths and benefits of DAGs might be within quantitative observational analyses, fo-
cussing in particular on the contributions these might make to causal inference, but also
thereby to causality-informed prediction.

2.1. Transparency

A key strength of DAGs is their ability to reveal conceptual and analytical assump-
tions that might otherwise remain unspecified, unclear and/or uncertain to both:
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(i) the analysts concerned (who might otherwise have: not intended to make such as-
sumptions; been unaware of these; and/or overlooked their implications); and

(ii) third parties/others, including: peers; reviewers and end-users (who are then able to
examine, and evaluate the validity and plausibility of, any such assumptions).

While transparency is, in and of itself, a tangible benefit of using DAGs (not least in
terms of enhancing the reproducibility and replicability of scientific research; CRRS, 2019),
it has direct methodological utility to the design and conduct of both: primary studies
seeking prediction or causal inference from analyses of observational data (see 4 (i)-(v),
below); and secondary studies seeking to critically appraising and/or synthesise ostensi-
bly comparable (yet potentially incomparable) findings generated by previous primary
analyses (see 4 (vi), below).

2.2. Simplicity

The ability of DAGs to improve the transparency of analysts’ assumptions benefits
from substantial consensus regarding the principles that govern both: what DAGs can
(and cannot) represent; and how these features are represented. As theoretical and non-
parametric representations of causal processes, DAGs neither reflect nor dictate the para-
metric features of the individual causal paths involved (i.e. the sign, magnitude, shape or
form of their parametric relationships; Tennant et al. 2020) — except where the omission of
a causal path imposes/reflects a specific parametric value on the relationship between the
variables concerned (i.e. that the associated path coefficient = 0.0). And while DAGs need
not necessarily be operationalised as graphical diagrams (e.g. Textor et al., 2016; Fiore and
Devesas Campos, 2013; Geneletti et al., 2009), all DAGs contain directed causal paths (i.e.
unidirectional paths from preceding causes to subsequent consequences/effects) and all
are acyclic (i.e. no circular paths are permitted through which a cause might directly or
indirectly become a consequence/effect of itself). Ostensibly, these two simple principles
appear easy to understand and apply, making DAG construction a task that is accessible
even to those with little technical expertise or experience (Ellison, 2021).

2.3. Flexibility

While the twin principles of ‘unidirectionality’ and ‘acyclicity’ impose strict con-
straints on the form(s) that DAGs can take, the rationale applied in deciding precisely
where causal paths exist (and where they do not) can: accommodate a number of very
different (and potentially contradictory) considerations; and be used in both theoretical
and practical applications. In applications where DAGs are used to represent entirely hy-
pothetical causal relationships amongst variables, the presence/absence of causal paths
can be determined on an entirely speculative basis. However, in applications where DAGs
are intended to represent real-world ‘ground truths’ (i.e. the underlying ‘data generating
mechanism’ involved), robust theoretical (i.e. contextual and functional) knowledge is
used to determine where causal paths are believed/known to exist (and where they do
not). And even in applications where such knowledge is equivocal, uncertain, unknown
or contested, temporality alone can be used to determine where causal paths might exist
(and where they cannot), simply on the basis that causes must precede any subsequent
consequences or effects. In this way, the decision as to where causal paths are situated in
any given DAG can be informed by speculation, knowledge, temporality or any combina-
tion thereof, making them flexible tools for a range of applications which involve the mod-
elling of subjective, hypothetical and/or a-theoretical (and ostensibly objective) conceptu-
alisations of the underlying data generating mechanisms involved. As will become clear
below, this flexibility lies at the heart of considerable uncertainty regarding the potential
utility of DAGs, and may require substantial improvements in the detail analysts provide
when using and reporting DAGs.

2.4. Methodological utility
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Improving the transparency of the (acknowledged, unacknowledged and uninten-
tional) assumptions that analysts make can help to improve the methods they use at every
stage in the research cycle — i.e. during problem/hypothesis identification, study design,
sampling, measurement, analysis, interpretation and synthesis (i.e. in the critical appraisal
and meta-analysis of primary studies):

2.4.1. Hypothesising:

Where hypotheses rely on the presence or absence of specific causal pathways, DAGs
can help in exploring and evaluating the potential implications and consequences of the
causal assumptions involved, and the plausibility of each of these hypotheses. In this way,
and even in the absence of data or analysis thereon, DAGs are tools that can improve the
key conceptual phases of the research process — phases that are likely to extend the appli-
cation of DAGs from the modelling of observational data to the design of experimental
studies (see for example: Tafti and Shmueli, 2020).

2.4.2. Sampling:

Where the research involves a choice of secondary datasets, or the prospective col-
lection of data de novo, prior specification of a DAG can help identify the potential risk of
collider bias (Griffith et al., 2020) that might be involved in selecting datasets, or generat-
ing new samples, likely to have been affected by, or vulnerable to, unrepresentative sam-
pling procedures.

2.4.3. Data availability/collection:

Prior specification of a DAG can likewise help identify which covariates might need
to be measured/available (as ‘knowable knowns’) for inclusion within the covariate adjust-
ment set(s) used in multivariable statistical models where the intended estimands are ei-
ther: the total causal effect (Hudgens and Halloran, 2008); and/or the naive direct causal
effect between a specified ‘exposure’ and ‘outcome’ (Baron and Kenny, 1986;
VanderWeele, 2014) — where adjustment for covariates acting as potential confounders or
mediators are required, respectively (Groenwold et al., 2021).

2.4.4. Data analysis:

DAGs have particular utility in helping analysts identify measured (and unmeas-
ured) covariates acting as colliders (including mediators and consequences of the out-
come; Viswanathan et al., 2013) or potential confounders (Al-Jewair TS et al., 2017). The
risk of bias due to collider adjustment or unadjusted/unobserved confounding can then
be mitigated (through the exclusion of colliders, and the inclusion of measured confound-
ers, in the covariate adjustment sets used in the study’s multivariable statistical analyses;
van der Zander et al., 2014). And wherever the speculative, theoretical and/or temporal
rationale(s) applied when constructing DAGs involves the omission of causal paths where
these might nonetheless exist (i.e. without introducing cyclical causal paths), a number of
alternative yet equivalent adjustment sets may exist, each containing a different selection
of covariates; Greenland et al. 1999). Under such circumstances, it is then possible to opti-
mise the adjustment set selected on the basis that this contains covariates offering the most
detailed and most accurate information available on potential confounding (i.e. from
those sets of covariates that capture the most variance in confounding and have been
measured with the greatest accurately; Law et al., 2012).

2.4.5. Interpretation:

DAGs also have substantial utility in interpreting findings generated by multivaria-
ble statistical analyses where either: adjustment for one or more colliders is necessary or
unavoidable; or where one or more potential confounders have not or could not be meas-
ured (and therefore could not be included in the covariate adjustment sets). The former
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(collider bias) may occur when adjustment for mediators is used to generate naive esti-
mates of direct effects between the specified exposure and outcome (e.g. Dondo et al.,
2020), or when consequences of the outcome are mistaken for competing exposures and
included in the covariate adjustment set to improve the precision of the path coefficient
estimated for a focal relationship (a practice that can even undermine the validity of ex-
perimental studies; Freedman, 2008). Endogenous selection bias may also make adjust-
ment for colliders inevitable wherever it is likely that the sample of data available/gener-
ated for analysis is unrepresentative of the population to whom the analyses’ findings are
intended to apply (i.e. when the sampling procedures used generate a dataset that condi-
tions on a collider; Elwert and Winship, 2014). Likewise, the latter (unadjusted/unob-
served confounder bias) may occur whenever unmeasured/latent confounders are likely
to be present and are therefore omitted from the covariate adjustment sets within the
study’s multivariable statistical analyses. Indeed, in most multivariable analyses of obser-
vational data, undeclared/unacknowledged naivety extends beyond the inappropriate ap-
plication of simplistic mediator-adjustment procedures to estimate direct causal effects,
since it is implausible that: all sampling procedures generate absolutely representative
samples that do not (unintentionally) condition on potential colliders; any covariate ad-
justment set can include all potential confounders (given these will include not only the
so-called ‘known knowns’ and ‘known unknowns’ but also the ‘unknown unknowns’);
and that all confounders included in any given covariate adjustment set have been meas-
ured with absolute precision (‘residual confounding’ being that proportion of potential
confounder bias remaining after the adjustment for confounders that can be attributed to
random or systematic measurement error).

2.4.6. Critical appraisal and synthesis:

Although as yet unrealised (Mueller et al., 2018; Dekkers et al., 2019; Sarri et al., 2020),
DAGs have substantial potential utility for strengthening the critical appraisal and syn-
thesis of findings generated by previous studies if only by facilitating assessments of the
risk of bias therein. Indeed, even where the original studies concerned have not used
DAGs to inform the methodological approach(es) adopted (or have not described/re-
ported the DAG[s] used in any/sufficient detail; Tennant et al., 2021), critical appraisal can
be applied to discrete focal relationships within carefully defined contexts based on spec-
ulation, theoretical knowledge and/or temporal/probabilistic considerations concerning
the underlying data generating mechanism(s) from contexts that are likely to be similar.
In such instances, DAGs can be developed de novo simply on the basis of the covariates
available to any of the primary studies concerned, augmented by consideration of any
potential unmeasured covariates (particularly those positioned before the specified expo-
sure which might thereby act as sources of unadjusted/unobserved confounder bias in the
coefficient estimates reported for the focal relationship involved; Alfawaz, 2017). Such
DAGs can then be used across multiple studies to assess the risk of bias in their multivar-
iable statistical analyses that might arise from: endogenous selection bias or unrepresenta-
tive sampling (collider bias); under-adjustment for potential confounders (confounder
bias), and particularly those measured by, or available to, some but not all of the studies
examined; or over-adjustment (for consequences of the outcome or mediators; e.g. Dek-
kers et al., 2019; Sarri et al., 2020).

2.5. Consistency evaluation

In those studies where DAGs are intended to: inform multivariable statistical anal-
yses capable of supporting causal inference; and/or accurately reflect the underlying data
generating mechanism involved, it may also be possible to use these as a basis for evalu-
ating DAG-analysis, and DAG-dataset, consistency. DAG-analysis consistency can be
evaluated for any DAGs, regardless of their structure or the rationale(s) involved in con-
structing these. Such evaluations involve examining whether the covariate adjustment
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set(s) used in the associated multivariable statistical analyses only include an appropriate
selection of: measured/available and latent/unmeasured confounders sufficient to opti-
mally mitigate the risk of confounder bias; any relevant mediators (where the estimand(s)
concerned include naive estimation of any direct causal effects); and any covariates iden-
tified as competing exposures (where the precision of the causal estimates generated is
considered sufficiently important to warrant the potential risks involved). In contrast,
DAG-dataset evaluations are only possible for DAGs in which the speculative, theoretical
and/or temporal rationale(s) applied when constructing these support the omission of one
or more causal paths where these might nonetheless exist (i.e. without breaching the prin-
ciple of acyclicity). In these instances, the non-parametric features of the DAGs concerned
impose testable parametric constraints on the data these DAGs are intended to represent
(Textor et al. 2016). It is therefore possible to establish whether such constraints actually
apply within these datasets and to identify a comprehensive set of any (and all) alternative
DAGs which are consistent with the datasets concerned (regardless of whether any of
these DAGs reflect [m]any of the features of the DAG proposed by the analysts con-
cerned).

Although these assessments do not represent formal ‘tests’ as to whether any given
DAG is consistent with any given dataset, they can help to evaluate: whether DAGs con-
structed on theoretical, speculative and/or temporal grounds might actually reflect the
real-world data (assuming, of course, that the analysts’ DAGs were actually intended to
accurately reflect the data generating mechanism concerned); and the range of DAGs that
might be (parametrically) plausible for the dataset(s) in hand (thereby prompting subse-
quent consideration of the basis on which one or more of these DAGs might actually/bet-
ter/best reflect the underlying data generating mechanism involved).

2.6. Epistemological

For those studies engaged in generating causal hypotheses, analyses and inferences
from observational data, DAGs have benefits that extend beyond their impact on the co-
herence and consistency of multivariable statistical modelling. Indeed, the cognitive and
conceptual impact of DAGs on collective understanding of data generating mechanisms
(and on how these might be modelled using statistical techniques to generate insight and
foresight) may prove to be just as important (if not more so) for identifying and elucidat-
ing hitherto poorly understood, under-acknowledged or completely hidden/unknown an-
alytical opportunities and sources of bias. These benefits are evident in: the role that the
concept of ‘colliders” have played in understanding the impact of unrepresentative sam-
pling and selection procedures on biased causal inference (hence the name ‘collider bias’);
and the recent identification of “M-bias” and ‘Butterfly-bias’ — two forms of bias whose
nomenclature stems from the shapes these take when elucidated within topologically ar-
rayed DAGs (Ding and Miratrix, 2015). Ongoing applications of DAGs within causally-
infused prediction models (Piccininni et al., 2020) are likewise capitalising on the cognitive
and conceptual value that these bring to understanding the data generating mechanisms
on which interpolative and extrapolative predictive modelling rely.

3. The Limitations and weaknesses of DAGs

Despite the many potential (and realised) benefits of using DAGs — to enhance the
transparency, reproducibility and analytical integrity of efforts to generate causality-en-
hanced prediction, and robust causal inference, from observational data — variation in
their uptake and application (Tennant et al., 2021) suggest there are multiple limitations
and weaknesses (in both the conceptualisation and operationalisation of DAGs) that war-
rant further consideration. This is important not least because: such limitations/weak-
nesses might undermine the willingness of analysts to consider using DAGs; and the mis-
application of DAGs reduces not only their evident utility but also the perceived improve-
ments in analytical practice they might otherwise enable. Indeed, at present, the use of
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DAGs in analytical studies offers little in the way of reassurance that the analyses con-
cerned have been any less inappropriately designed (or that they have better conducted
or more robustly interpreted) than traditional/established practices (in which numerous
biases and errors remain commonplace, routine and widely accepted/overlooked — as de-
scribed by: Pocock et al. 2004; von Elm and Egger 2004; Blair et al. 2007; Detweiler et al.
2016; Ellison, 2021; Griffith et al., 2020). As such, were analysts, reviewers or end-users to
naively accept/interpret references to, or the use/inclusion of, DAGs as evidence of sophis-
ticated, advanced or robust analytical practice, these might simply serve to further distract
attention away from improvements in technique that are long overdue.

These concerns affect any advances in technique that require specialist understand-
ing, knowledge and/or skill; and it seems likely that much of the poor quality analytical
practice that pervades contemporary studies involving prediction or causal inference
from observational data might simply reflect the paucity of expertise (amongst analysts
and reviewers) required to recognise and prevent this. Since the use of causal path dia-
grams (and particularly DAGs) constitutes a substantial departure from established ana-
lytical practice, the potential for misuse and mis-application is likely to introduce limita-
tions and weaknesses across all of the strengths and benefits summarised above (see Sec-
tion 2). It is therefore worth considering each of these (putative/potential benefits and
strengths) in turn to identify those where: variation (in understanding and/or practice)
might benefit from greater consensus or standardisation; and this simply requires greater
clarity regarding:

(i) the inherent flexibility and adaptability of DAGs;

(if) their potential utility across a range of applications (i.e. not simply to strengthen the
modelling of observational data to support prediction and causal inference); and

(iif) substantive limitations (both conceptual and operational) that might either require
and benefit from further development, or might pose enduring constraints on the
contributions DAGs can make to future analytical practice.

3.1. Transparency

Revealing analytical assumptions that might otherwise remain unspecified, unclear
and/or uncertain is undoubtedly a key potential benefit of using DAGs to support the
modelling of observational data. Nonetheless, their utility in this regard is constrained not
only by the understanding of the analysts concerned (and of peers, reviewers and end-
users), but also by: the size and complexity of the DAGs themselves (which can be chal-
lenging to represent in diagrammatic form); and the accessibility (readability and inter-
rogability) of the form(s) in which they are presented. Physical constraints will inevitably
place limits on the number of variables and causal paths that can be presented in any finite
space, while there will be similar constraints on the ability of the human eye to interpret
cluttered and fine-grained images of complex diagrams. Indeed, in Tennant et al.’s (2021)
review of 144 published DAGs — all of which had been published/presented as fixed/static
two-dimensional figures — the co-authors/reviewers involved made more errors recording
the numbers of variables and paths in those DAGs containing larger numbers of variables
and/or larger numbers of paths; and such errors occurred in well over a third (39%) of the
DAGs examined. However, data extraction errors were lower amongst DAGs drawn us-
ing specialist DAG-specification software (www.daggity.net; Textor et al., 2011; Textor,
2020), and amongst those that were topologically arrayed (though only when their causal
paths had been aligned vertically [i.e. top <> bottom] or horizontally [i.e. left <> right], and
not those arranged diagonally). It is tempting to conclude from these findings that the
benefits of DAGs in supporting greater transparency will be limited to leaner, simpler
DAGs, and those amenable to specification using specialist software. Yet Tennant et al.’s
(2021) review did not include DAGs presented in alternative formats (such as the list-wise
representation developed by Stacey et al., 2019 (see Figure S1 therein) or those summa-
rised using specialist technical notation which has the added benefit of being machine-
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readable (hence its utility within the R package ‘daggity’; Textor et al. 2016). While it
seems unlikely that the former can address the inherent space constraints and risk of clut-
tered and indecipherable images (a risk that undermines the utility of large and complex
DAGs presented as static, two-dimensional images); the latter clearly offers greater scope
for readability/interrogability, albeit at the cost of simplicity and accessibility to non-spe-
cialists and those unfamiliar with any software required.

3.2. Simplicity

The apparent simplicity of generating diagrammatic representations of causal path
diagrams based on two ostensibly accessible principles (that the paths therein are directed
and acyclic) masks the more complex conceptual challenges this entails (Ellison, 2021).
Indeed, regardless of the application involved (and notwithstanding their apparent flexi-
bility; see 2.3, above and 3.3, below), the use of DAGs to support the modelling of obser-
vational data relies upon an understanding of what these diagrams aim to represent —
namely the underlying ‘data generating mechanism(s)’ responsible for the relationships
observed between all conceived and conceivable variables. These variables include not only
those for which measurements are/are not available (the known knowns and the unknown
knowns) but also those for which measurements are not available because the analyst is
(as yet) unaware of their (possible) existence (the so-called unknown unknowns). Since all
three sets of variables are required to comprehensively characterise the underlying data
generating mechanism(s) involved, analysts need to be able to apply this as perhaps a
third (hitherto undeclared) principle, namely that: DAGs which seek to represent real-
world causal processes need to include all potential variables necessary to inform predic-
tion and/or generate robust causal inference (with particular emphasis on ‘all’). In apply-
ing this principle, analysts require not only: a substantial degree of humility (given our
limited and incomplete understanding of the functional mechanisms involved in most
real-world systems — except, perhaps, those where the systems concerned are discrete ar-
tefacts of deliberate human designs, or are based on established physical laws); but also
an awareness of the critical role that context can play, and how contexts themselves vary
over time and space.

These considerations aside, wherever ‘robust causal inference’ involves considera-
tion of a finite number of causal paths between variables (i.e. one or more ‘focal relation-
ships’ between specified exposures and specified outcomes), then it is usually unneces-
sary to generate extensive or comprehensive DAGs (such as those detailing all possible
interactions amongst variables acting as potential confounders) since all that may be nec-
essary to mitigate the most important biases (the ‘tigers” as opposed to the ‘mice’, as the
statistician George Box described them; Box, 1976) will be a focus on the “‘Markov blanket’
of key influences that precede and surround the focal relationships concerned (Pearl,
1988). Arguably, such considerations detract from the perceived simplicity of DAGs, or at
least require far greater thoughtfulness and attention when constructing, reporting and
reviewing these — an issue that is also necessary to ensure that the flexibility of DAGs (i.e.
their utility for a range of applications relevant to the modelling of observational data)
does not undermine their transparency (see 3.3, below).

3.3. Flexibility

The implicit conceptual considerations that belie the apparent simplicity (and much
vaunted transparency) of DAGs extend to their flexibility; and, therein, to those applica-
tions whose specific intention is to strengthen the modelling of real-world observational
data. This is because:

(i) DAGs can be developed on the basis of speculation, theoretical knowledge, tem-
poral/probabilistic considerations, or a combination of all three; and

(ii) the rationale involved in DAG development sets constraints on their likely (internal)
validity and (external) applicability.


https://doi.org/10.20944/preprints202210.0084.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 October 2022 doi:10.20944/preprints202210.0084.v1

10 of 17

Thus, where DAGs are constructed on the basis of entirely speculative causal rela-
tionships between each of the constituent variables, these can still be conceptually valid
even when they bear little relation to the observational data available. Likewise, where
DAGs are constructed on the basis of theoretical (be that mechanistic and/or empirical)
knowledge of the causal relationships believed to be present (or absent) amongst each of
the variables involved, then these DAGs will offer valid representations of the theoretical
causal structure concerned even when these are at odds with the real-world data the DAG
is intended to represent. Indeed, those analysts who apply temporal/probabilistic consid-
erations (in which the time-point at which each of the constituent variables occurs or crys-
tallises determines their potential causal relationships with every other variable) - to gen-
erate ostensibly a-theoretical and objective DAGs that reflect the probabilistic causal pro-
cesses involved — may still find that their DAGs deviate from the data for which they were
generated. Yet, in each of these three examples, assessing whether the analysts concerned
have generated DAGs that fit their intended (speculative, theoretical or temporal/proba-
bilistic) application(s) requires that these intentions are clearly reported/declared, since
any given DAG - regardless of how this is represented (whether as a static, two-dimen-
sional diagram or in machine-readable notation) — does not, in and of itself, reveal the
rationale involved when deciding what variables to include (see 3.2, above) and which
causal paths do/do not exist between and amongst these.

For this reason, knowing the rationale involved is critical when interpreting the likely
value, insight and inference that might be drawn from the modelling of observational data
based thereon. Indeed, encouraging analysts to declare the intended application(s) of their
DAG(s), and the associated rationale involved, when presenting these for dissemina-
tion/publication might represent another, fourth, principle: Analysts using DAGs which
seek to represent real-world causal processes need to report the applications for which
these were designed and the rationale(s) involved when constructing these. Like each of
the three earlier principles, adopting such an approach when reporting the development
and application of DAGs would: not only help others (peers, reviewers and end-users)
better understand and critically appraise the decisions made, and the likely internal and
external validity of any modelling based thereon; but might also prompt analysts to more
carefully reflect on the (explicit and implicit) rationale(s) applied and any assumptions
and potential inconsistencies involved therein. The latter may be critical given that spec-
ulation, theoretical understanding (whether formal, informal or empirically derived), and
temporal/probabilistic considerations all rely on cognitive reasoning (involving conscious
and unconscious heuristics that are prone to error and bias; Hume, 1738). All of the deci-
sions made regarding the presence/absence of causal paths informed by any of these ap-
proaches will therefore be vulnerable to confusion and conflation, as well as to error and
bias. These include those decisions based on temporality, wherever there is uncertainty as
to the precise point in time that a variable occurs or its value crystallises relative to the
exposure and outcome (see Figure 1); and particularly when the variables involved are
time-variant features of distinct entities/processes rather than discrete (time-invariant)
phenomena that can be conceptualised (or operationalised) as ‘time-stamped’ events.

3.4. Methodological utility

To a large extent, the methodological utility of DAGs relies upon the competency,
thoughtfulness, diligence and open-ness of the analysts concerned, which together deter-
mine their ability to generate principled representations of data generating mechanisms
offering valid summaries of the speculative, theoretical or temporal/probabilistic ra-
tionale(s) involved, and the subsequent applications for which these were intended. Be-
yond the constraints these considerations also place on the transparency, simplicity and
flexibility of DAGs (and how improved reporting might be required to secure and en-
hance each of the related potential benefits; see 3.1-3.3, above), the methodological utility
of DAGs extends beyond their internal validity (i.e. whether, as specified, these accurately
reflect the assumptions involved, rationale[s] used and application[s] intended) to their
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external validity. Following George Box’s (1976) adage that “all models are wrong, but some
are useful”, the potential methodological limitations of DAGs principally stem from the
challenges involved in generating and applying DAGs as (imperfect/'wrong’ but none-
theless “useful’) representations of one (or more) unknown and uncertain, underlying data
generating mechanism(s). Indeed, assessing whether any such models are nonetheless
‘useful’ should clearly involve evaluating whether these are capable of supporting im-
proved estimates through prediction (i.e. interpolation and extrapolation) and/or causal
inference. Put simply, incorrectly specified DAGs that do not closely (or, at the very least,
usefully) represent the underlying data generating mechanism(s) involved are unlikely to
provide a useful basis on which multivariable statistical models can be designed that gen-
erate causality-enhanced predictions or valid causal inference.

However, unlike the considerations brought to bear on transparency, simplicity and
flexibility (see 3.1-3.3, above), methodological concerns are primarily relevant only to
those applications where DAGs are intended to strengthen statistical estimation of varia-
bles or focal relationships (through analyses of data to generate predictions or causal in-
ferences); rather than more conceptual, theoretical and potentially nebulous considera-
tions undertaken in the absence of data (such as those necessary to speculate the existence
of M-bias and ‘butterfly-bias’; Ding and Miratrix, 2015). As such, the methodological
strengths of using DAGs relies upon the careful application of the most realistic (and prag-
matic) assumptions and rationale available to: minimise the extent to which any model-
ling based thereon might be wrong; and strengthen the extent to which the model’s find-
ings might be useful (Box, 1976). In most contexts, speculation, theoretical understanding
(based on empirical and experiential knowledge), and temporal/probabilistic considera-
tions may all be appropriate and necessary in this regard — not least because (and as dis-
cussed earlier, and despite the apparent benefits of a temporal/probabilistic rationale), op-
erationalising variables as phenomena/events requires both theoretical understanding
and speculation to specify precisely where (with respect to all other variables) each indi-
vidual variable is believed to have occurred/crystallised. Importantly, incorporating a
temporal/probabilistic rationale when generating DAGs (either exclusively or in combi-
nation with theoretical and speculative considerations) imposes two substantive conse-
quences on the methodological utility of all such DAGs:

(i) first, this tends to require that all DAGs intended to represent uncertain, real-world
data generating mechanisms are ‘saturated’ (i.e. contain all possible arcs, such that
each variable is assumed to cause all subsequent variables, while ensuring that all
paths are directed and directly/indirectly acyclic; Foraita et al., 2014); and

(ii) second, this eliminates the possibility that any variables might operate inde-
pendently of (all) previous variables — except those variables situated at the very be-
ginning of any causal process (any preceding causes for which may therefore not
have been measured, considered, or even imagined/conceived).

Although neither of these consequences (and the assumptions they entail) may accu-
rately reflect the data generating mechanisms operating within (m)any given real-world
contexts, some (though not all) of their impacts on multivariable statistical models de-
signed to support prediction or causal inference may prove to be trivial, while some (if
only a few) may require careful consideration:

3.4.1. Prediction modelling:

In prediction modelling of observational data, the value of DAGs lies primarily in
identifying covariates that might potentially contribute or reflect (either directly or indi-
rectly) information relevant to those causal pathways associated with the target variable
for which the model aims to generate accurate predictions. And while covariates with
strong (direct or indirect) causal links to the target variable often provide substantial in-
formation of value to the prediction model (information that warrants their consideration
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as ‘candidate predictors’), they are routinely excluded from models where their net con-
tribution comes at the cost of simplicity, accuracy or precision (Rothman and Lash, 2020).
However, where ‘transportability” is considered a critical feature of the prediction models
concerned — such that optimising accuracy over time, or across a range of contexts, is con-
sidered more important than optimising accuracy at any single point in time or within
any discrete context — the utility of DAGs lies in prioritising information from candidate
predictors whose contribution to the model stems, in some/large part, from the direct and
indirect causal role(s) they play within the underlying data generating mechanism (Pic-
cininni et al., 2020). Under these circumstances, using a temporal rationale that assumes
that preceding variables are probabilistic causes of all subsequent variables risks priori-
tising consideration of more covariates as candidate predictors in DAG-informed (and
transportability-focused) prediction modelling than is likely to have been the case had the
DAG concerned been formulated using a purely theoretical and/or speculative rationale.
However, since prediction modelling routinely examines multiple combinations of alter-
native candidate predictors (or groups thereof), preferencing covariates for consideration
therein on the mistaken assumption of (indirect/direct, probabilistic) causal involvement
seems unlikely to affect the performance of the optimum model(s) available or selected —
though it might perhaps complicate/extend the process required to identify these; and this
issue warrants further investigation, not least within machine-generated prediction tech-
niques.

3.4.2. Causal inference modelling;:

In contrast, the principal benefit of using DAGs to generate causal inference from
observational data stems from the way these facilitate the identification of covariates act-
ing as potential confounders (see 2.4 (iv), above). Facilitating the identification of such
variables ensures that all can then be considered for inclusion in the covariate adjustment
sets of multivariable statistical models to mitigate bias in the estimation of total causal
effects between any given exposure and any given outcome. In this regards, an a priori
assumption that all preceding variables should be viewed as possible (if not likely proba-
bilistic) causes of all subsequent variables — at least in the absence of unequivocal evidence
to the contrary — might seem unlikely to compromise the ability of DAGs to identify po-
tential confounders and to assist in mitigating the impact of confounder bias through their
inclusion in covariate adjustment sets of any multivariable statistical models. This is be-
cause all variables interpreted as having occurred/crystallised before the specified expo-
sure will commonly be viewed as likely to be probabilistic causes of both the exposure and
any subsequent outcome.

Likewise, adjustment for covariates that do not actually cause the exposure, or the
outcome (or either) might seem unlikely to affect the strength or direction of the path co-
efficient between exposure and outcome (the ‘focal relationship”). This is often considered
to be the case for covariates acting as ‘competing exposures’ (see Figure 1 in Tennant et
al., 2021) which are defined as having a causal effect on the outcome but no direct/indirect
causal relationship with the exposure — features which have led some analysts to include
such covariates within the adjustment sets of multivariable statistical models on the basis
that they should not affect the strength or direction of the path estimate between exposure
and outcome, but can help to improve its precision. Setting aside the inappropriate con-
flation of confidence intervals and precision with hypothesis testing that such practices
reveal (Gardner and Altman, 1986), these also risk overlooking the possibility that com-
peting exposures are actually: caused by the exposure; or caused by one or more media-
tors; or, on occasion, may actually represent ‘consequences of the outcome’” — such that
any improvement in precision comes at an increased (and some might argue, unneces-
sary) risk of bias. In this instance, assuming that all variables should be considered prob-
abilistic causes of all subsequent variables would help to militate against the risk of bias
associated with the inclusion of competing exposures within the covariate adjustment sets
of multivariable statistical models. This is because no such variables would exist within
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DAGs drawn using a primarily or exclusively temporal/probabilistic rationale (except in
the highly unlikely/improbable scenario where there is unequivocal evidence that the
competing exposures concerned had 7o causal relationship with any [measured, unmeas-
ured or unknown] preceding variables).

Nonetheless, beyond the benefit of discouraging (unnecessary or risky) adjustment
for competing exposures, assuming that all possible (directed and acyclic) causal paths
exist between preceding and subsequent variables might nonetheless risk introducing ad-
ditional/alternative sources of bias. In particular, in the case of “mediator-outcome con-
founders” (MOCs; Tennant et al., 2021; see Figure 1 therein) — which are covariates that
have no direct causal relationship with the specified exposure, but have an indirect causal
relationship with the outcome through a mediator that is itself a consequence of the expo-
sure — adjustment for such covariates would introduce the risk of biases associated with
mediator adjustment (i.e. the reversal paradox and collider bias; Tu et al., 2008; Schister-
man et al., 2009; Richiardi et al., 2013). Whether such risks are common or have substantive
impact on the estimated path coefficient between exposure and outcome will depend not
only upon the strength and direction of each of the constituent (causal) paths involved,
but also on whether the apparent MOC actually occurred/crystallised prior to the expo-
sure (in which case it would represent a misclassified confounder) or after the exposure
(in which case it would represent a misclassified mediator). As such, the issue that will
inevitably prove most critical to the benefits and risks of assuming that all variables (are
assumed to) act as probabilistic causes of all subsequent variables will be accurately iden-
tifying when each variable occurred/crystallised relative to all of the other variables con-
sidered. In most (but not all) current applications of DAGs within causal inference mod-
elling, this issue relies less on temporality/probabilistic considerations than on speculation
and theoretical knowledge. Exploring how the misspecification of ‘when’ and ‘where’
each variable sits within a DAG’s temporally dependent pathways affects the risk of bias
(from under-, over- and inappropriate covariate adjustment) remains an area worthy of
further exploration.

3.5. Consistency evaluation

As mentioned previously (see 3.4, above), a further consequence of the assumption
that variables be considered probabilistic causes of all subsequent variables is that the
saturated DAGs these create are not amenable to DAG-data consistency assessment using
the R package ‘dagitty’ (Textor et al., 2016). For these reasons, the rationale(s) used when
generating DAGs (be this on the basis of speculation, theoretical knowledge or tem-
poral/probabilistic considerations) dictate both DAG-theory and DAG-data consistency
assessment. Greater clarity and precision regarding the intended application for which,
and/or the rationale(s) on which, analysts have generated their DAG(s) will ensure these
can support DAG-theory consistency assessment. However, DAG-data assessment will
not be available for any DAGs in which temporal/probabilistic considerations constitute
the only (or pre-eminent) rationale involved and thereby impose saturation thereon.
DAG-data assessment of these DAGs will only be possible where analysts are prepared
to speculate (i.e. consider the possibility) that one or more of the causal paths are missing,
or are confident that definitive theoretical knowledge exists to support such an assump-
tion. Whether DAG-data consistency evaluation might retain the capacity to address any
uncertainty regarding precisely when (relative to other variables) each of the included
covariates occurred/crystallised (relative to one another and to the specified exposure and
outcome) remains to be seen.

3.6. Epistemological

Finally, while it is true that using DAGs has helped analysts to identify potential
sources of bias (particularly those relevant to colliders, as mentioned under 2.4, above)
that had proved challenging to conceptualise or operationalise, it is also possible that
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DAGs might lead to levels of abstraction that — though theoretically and methodologically
insightful — bear little relation to the forms that observational datasets might plausibly, or
most commonly take. In this regard, it seems likely that many of the possible roles that
variables might play within DAGs — such as competing exposures and mediator-outcome
confounders (MOCs; Tennant et al. 2021) — might be illusory or very unlikely to exist in
real-world contexts. Certainly, from a temporal/probabilistic perspective neither of these
roles could exist within a saturated DAG; and provided this perspective is not itself an
abstraction of reality (which would be ironic given it makes assumptions that are gener-
ally intended to be plausible, objective and likely), then such roles constitute an unneces-
sary, and perhaps unhelpful, distraction to models that aim to reflect the underlying, real-
world data generating mechanism(s) involved. Further research may be warranted to map
all of the potential additional roles that covariates might play within an otherwise simplis-
tic and unsaturated DAG (i.e. one that simply includes: an exposure; an outcome; and one
or more confounders, mediators and consequences of the outcome), and evaluate both:
the potential risk of bias each of these additional roles might pose to robust modelling of
causal inference; and their likely occurrence in real-world contexts (based on understand-
ing informed by theoretical knowledge, speculation and/or temporality/probabilistic con-
siderations).

4. Conclusion

DAGs - like all analytical tools — benefit from doubt, circumspection and careful de-
liberation to ensure their thoughtful specification can harness the opportunities they pro-
vide for ‘discovery’ (alongside the self-evident contribution their careful application
should make to ‘translation’ through greater consistency, competency and transparency).
Although many analysts, educationalists and students may be drawn to DAGs as accessi-
ble tools for conceptualising and operationalising data generating mechanisms, the two
ostensibly simple principles involved (of unidirectionality and acyclicity) still require
thoughtful consideration and careful application — not least when DAGs are used for very
different purposes, and are specified on the basis of very different rationales (i.e. on the
basis of speculation, theoretical knowledge, and/or temporal/probabilistic considera-
tions).

For this reason we conclude that to ensure the use of DAGs optimises the benefits in
competency, consistency and transparency they should provide, all analysts need to pro-
vide greater detail of the rationale(s) used when specifying their DAGs and the applica-
tion(s) for which their DAGs have been designed. Where these applications involve the
need to represent real-world (rather than entirely speculative) causal processes so as to
mitigate the risk of bias in the modelling and estimation of causal relationships (or when
optimising the portability of causality-enhanced prediction models), we recommend that
— regardless of the role that speculative, theoretical and/or probabilistic/temporal consid-
erations might play therein — such DAGs need to include all possible/conceivable varia-
bles necessary to generate robust causal inference and/or inform prediction — where ‘con-
ceivable’ will include both ‘known/know-able knowns’ and ‘unknown/unknow-able
(un)knowns’. Specifying all such variables will not only help analysts and educators to
acknowledge the inherent and irreducible uncertainties that bedevil our understanding
of most real-world data generating mechanism(s); but will also prompt both analysts and
students to more fully explore and address the potential biases that these unacknowl-
edged uncertainties might otherwise conceal.

As Mark Twain is often quoted as saying (though he may have been unfairly credited
with ideas promulgated by many others; including Josh Billings/Henry Wheeler Shaw in
1874; Artemus Ward/Charles Farrar Browne before his death in 1867; Kin Hubbard/ Frank
McKinney Hubbard in 1958; and Will Rogers in 1978; O'Toole, 2018):

“It ain’t what you don’t know that gets you into trouble. It’s what you know for sure that just
ain’t so.”
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