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Abstract

An observational study might support a causal claim if the association found cannot be explained
by bias due to unconsidered confounders. This bias depends on how strongly the common
predisposition, a summary of unconsidered confounders, is related to the factor and the outcome.
For a positive effect to be supported, the product of these two relations must be smaller than the
left boundary of the confidence interval for, e.g., a standardised mean difference (d). We suggest
means to derive heuristics for how large this product must be to serve as a confirmatory threshold.
We also provide non-technical, visual means to express researchers’ assumptions on the two
relations to assess whether a finding on d is explainable by omitted confounders. The ViSe tool,
available as an R package and Shiny application, allows users to choose between various effect
sizes and apply it to their own data or published summary results.
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Psychologists usually avoid appealing to causality outside of experimental studies
(Rohrer, 2018). At the same time, associations in observational studies are often reported
as if they were plausible proxies for causal effects, which gives them more meaning
(Alvarez-Vargas et al., 2023; Grosz et al., 2020). Causal meaning is then denied again
when, after conducting an observational study, authors remind the readership that ‘cor-
relation is not causation’ (Pearl & Mackenzie, 2018). Through this assertion, readers are
urged to be cautious when a factor of interest, such as child maltreatment, cannot be
subjected to manipulation or randomization. Yet the causal relations that form theories
must be investigated (Hernan, 2018), as does the potential of interventions (Pearl &
Mackenzie, 2018).

We argue that associations can still be informative for causal analysis if one predicts
an association of a certain size that allows for a reasonable amount of bias. Then a study
is conducted to test whether the association exceeds that size. In contrast, just taking
the association as a proxy means testing only that it is greater than zero, which may
constitute a poor test that undermines the hypothesis’s falsifiability. The critical question
is how large the association needs to be to withstand bias.

We focus on bias due to confounders (common causes), which is the specific issue
of causal inference (Pearl, 2009). Such bias depends on the strength of the confounders’
influence on both the factor and the outcome, for example, when estimating the effect
of child maltreatment on adulthood internalising problems (Kisely et al., 2018). Research-
ers can adjust for some confounders to remove bias from factor-outcome associations;
however, unconsidered confounders may still introduce bias (Hernan & Robins, 2020). An
extensive toolbox of formal methods has been developed to identify which confounders
to consider and how exactly to do adjustment in analysis (Hernan & Robins, 2020), but
has been underutilised in some fields including psychology.

In this paper, we propose a visual approach that offers a more accessible alternative
for researchers who find these methods challenging. After discussing simple means
for deriving heuristics on the amount of bias that an association must exceed, we
present ViSe, a graphical tool, implemented as R package and Shiny app. The tool allows
researchers to illustrate under which assumptions on unconsidered confounders a causal
effect is supported (Buchanan, 2024). Our focus is on associations measured by the mean
difference between two groups, or effect size d. However, our approach can also be
applied to other effect sizes, as the tool facilitates their conversion into d. Note that we
do not address within-group effects, since these differ both technically and conceptually
(confounders that remain constant over time are inherently accounted for by design).
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Method

Generative Model

Data do not ‘speak for themselves’. Between the causal effects operating in reality and
the observable data lie processes such as confounding, selection, and measurement. Rely-
ing solely on data presumes that these processes either do not exist or do not influence
the estimate of an effect. Instead of relying on these undefendable assumptions, one

can model these processes, which justifies a causal interpretation, provided the model
holds (Greenland, 2005). ‘Model’ means firstly that one builds a generative model of these
processes. We use the common method of directed acyclic graphs (DAGs) for this. DAGs
are based on simple qualitative assumptions of which variables influence both factor and
outcome and what causal relations between them exist, represented with arrows. No
assumptions on the size and functional form of the effects and on the distribution of the
variables are necessary (Torchiano, 2020).

Figure 1 shows our DAG model. Its assumptions on confounders might apply to
many effects in clinical psychology. The model supposes that a common predisposition,
summarised in a single variable (U) and labelled ‘unconsidered confounders’, affects both
factor (X) and outcome (Y). The factor-outcome association may already be adjusted for
some variables, ‘considered confounders’ also summarised in a variable (Z).

Figure 1

A Generative Directed Acyclic Graphs Model lllustrating the Effect of a Factor (X) on an Outcome (Y)

Unconsidered confounders (U) Considered confounders (Z)

g

Factor (X)

Outcome (Y)

Note. We use the example of child neglect (X) on internalising problems in adulthood (Y). Socio-demographic
variables (Z) have been adjusted for, as indicated by the box around Z. Other confounders including parental
and bonding characteristics (U) may affect both X and Y. If these cannot be explained by Z, bias arises in
estimating the effect of X on Y. Arrows represent causal relations.

Other variables may also influence the outcome, but they can be omitted from the DAG if
they do not also influence the factor. DAGitty (Textor et al., 2016) is a valuable R package
and Shiny app for graphing and evaluating DAGs, such as identifying which variables
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require adjustment. In addition, it allows one to assess the compatibility of a DAG with
the data by showing all the associations predicted by the model (Glymour et al., 2019).

Most importantly, one cannot have no generative model. In observational studies, a
factor of interest, like child maltreatment, is influenced by its natural causes, including
parental and bonding factors, which may also impact the outcome, e.g., adult mental
health problems. Not adjusting for confounders implicitly assumes that none exist. If
this assumption holds, Figure 1 would exclude both ‘considered’ and ‘unconsidered’
confounders. Considering only unspecific variables, like sex and age, as common, sup-
poses that child maltreatment and later mental health issues share no other causes
beyond these variables—thus eliminating ‘unconsidered confounders’ from Figure 1. Such
assumptions lack transparency, may go unrecognized, and are generally undefendable,
undermining effective scientific communication (Deffner et al., 2022).

In epidemiology, various methods of ‘sensitivity analysis’ have been developed to
unravel the impact of quantitative assumptions on the results of causal analyses and
require at least basic mathematical understanding (D’Agostino McGowan, 2022; Fox et
al., 2021). Most of these methods focus on binary outcomes and effects measured on
the risk or odds ratio scale. Here we present, a) a means of deriving simple heuristics
for determining how large an association must be, and b) a completely non-technical,
visual approach. Our focus is on interval-scaled outcomes, which are common in clinical
psychology where non-randomized groups are compared on mental health measures. We
also assume that the common disposition (U) is an interval-scaled continuum.

Variable Omission Model

Before we can quantify and visually assess the impact of assumptions, we must complete
the model, the nonparametric DAG from Figure 1, with quantitative (parametric) assump-
tions. For an interval-scaled outcome (Y), the following ‘variable omission model’ has
been widely applied in the literature (Cinelli & Hazlett, 2020; D’Agostino McGowan,
2022; Gelman & Hill, 2006). This model suggests that bias in estimating the factor-out-
come (X-Y) effect arises from omitting unconsidered confounders (U) in the linear
regression of Y on dummy-coded X, possibly adjusting for some confounders Z. The
model relies on three regression equations:

. Y~X+U(@H+7Z)
2. Y~X(+2Z)
3. U~X

The bias in estimating the effect of factor X on outcome Y equals simply the product
Buy * Pxu, where Byy is the regression coefficient of Y on U, and Byy is the regression
coefficient of U on X. Thus, bias depends on two factors: the effect of unconsidered
confounders U on, 1) X and 2) Y. Since U is a latent variable with an arbitrary scale,
we may assume it to be standardised (variance = 1). Also, the observed outcome Y may
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be scaled in standard deviations, in which case the associational mean difference is a
standardised mean difference, dyy. (Note that, we omit the adjustment on Z; for example,
dxy might actually imply dyyz). For ease of notation, we refer to it as d, a member of
the ‘d Family’, which comprises effect sizes that ‘express the mean difference in standard
deviation units’, but differ in how the standard deviation used for standardisation is
computed, yielding Cohen’s d, Glass’s delta or Hedge’s g (Kraemer et al., 2003).

Now, the bias in the estimated causal effect of factor X on outcome Y on the standar-
dised mean scale, d, through disregarding the confounders U, can be written as:

(*) ¢ = dxp + corryy.

dxy is the confounder-factor effect on the Cohen’s d scale (i.e., by how many standard
deviations does outcome Y differ between factor groups X = 0 and X = 1?), and corryyis
the confounder-outcome effect on the standardised scale (i.e., if the confounder summary
U increases by one standard deviation, by how many standard deviations does outcome
Y change?). We abbreviate it as ‘corr’, because it is scaled like a correlation.

Precisely, the variable omission model adds the following parametric assumptions to
the DAG:

1. The confounder summary U is normally distributed (or can be imagined to be
transformed to a normal distribution) in both factor groups X = 0 and X = 1 with
equal variances (set to 1, perhaps after adjusting for Z). (Regarding U as ‘common
predisposition’ stresses that the variables contributing to U must precede X, because
otherwise they could be mediators of the effect of X on Y, in which case they must
not be adjusted for).

2. In both factor groups, X = 0 and X = 1, the confounder U and the outcome Y are
linearly related with equal slope.

dyx describes how much the distribution of confounder U in X = 1 (e.g., individuals
with child maltreatment) is shifted as compared to X = 0 (individuals without child
maltreatment). The smaller the difference, the better the groups are balanced in analogy
to randomised studies, where dx can only differ from 0 by chance, and thus, is expected
to equal 0 (Cinelli & Hazlett, 2020).

lustrative Explanation

Suppose that factor X has a positive effect on outcome Y. The relation (*) then essentially
says that the associational mean difference d must exceed ¢ = dxy; - corryy to allow for
bias due to unconsidered confounders (in case of a negative effect it must be less than c).
To also account for random error, the left boundary of the confidence interval for d must
exceed c (see below).
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In summary, a high estimated d together with a small assumed dxy; or corryy supports
a causal effect. If this is the case, an association between X and Y cannot be explained by
common causes. In particular, the simple relation (*) has the following implications:

« Unconsidered variables (U) must affect both X and Y to produce bias ¢ # 0.

- Bias c is large only if both dxy; and corryy are large, thus unconsidered confounders
have large effects on both factor and outcome. The meaning of ‘large’ is initially vague,
but will become clearer the more researchers are enabled to assess these quantities.

« If dyyand corryy have the same sign, that is, the effects of unconsidered variables on
factor and outcome are both positive or both negative, bias is upward, ¢ > 0; if they have
different signs, bias is downward, ¢ < 0.

Applied to our example, it has been hypothesised that poor parenting, mental disorders,
adverse life events, poor social skills, and other unfavourable or detrimental conditions
are generally positively related (Hofler et al., 2021). Under this assumption, we would
expect ¢ > 0 for effects, for instance, of child maltreatment on later mental health
problems.

Determination and Heuristics on ¢

(*) provides a simple formula to calculate c¢. We conceptually refer to it as the confirma-
tion threshold. Theoretical considerations may guide the specification of its factors dyy
and corryy. In the example, the groups may be poorly balanced beyond sociodemograph-
ic variables, with greater exposure to adverse conditions, such as parental and parenting
factors, among those experiencing maltreatment. This might suggest a medium dyy
around 0.65, which is the average of the typical range for medium effect sizes (0.5-0.8).
Adverse conditions also affect internalising and externalising problems, but since these
issues develop later, corryy might fall within the small to medium range—around 0.20,
according to common standard. Combined, ¢ might be chosen around 0.13.

In the absence of such a specific theoretical foundation, one might refer to the
hypothesis in behavioural science that ‘everything correlates with everything’ due to a
vague underlying multivariate causal structure (Orben & Lakens, 2020). Their literature
review suggests that a correlation of 0.30—seen for variables occurring not far apart
in time—is the highest plausible value. Thus, this value can serve as a conservative
choice. According to (*), causal effects may be smaller than correlations, particularly if
all undesired conditions are positively related (Hofler et al., 2021). If three variables are
pairwise correlated at 0.30, the partial correlation between any two variables, adjusting
for the third, is 0.23. Assuming that this value is roughly applicable to the proximal
predisposition-factor (U-X) relation, converting to d yields dyx = 0.33. Now, the causal
correlation for the more distal predisposition-outcome (U-Y) relation might be smaller
than 0.23, perhaps by %, %, or %, giving corryy = 0.15, 0.12 and 0.08, respectively (con-
servatively rounded). Thus, without specific theoretical assumptions, a crude heuristical
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¢ might equal 0.05, 0.04 or 0.03, giving a conservative choice of 0.05. Importantly, due

to the weak substantive foundation, this choice is not warranted if there is substantive
grounds for higher thresholds. Uncertainty in the existence of confounders with strong
effects on factor and outcome does not justify acting as if they definitely do not exist. We
generally suggest a conservative approach in the spirit of severe testing (Lakens et al.,
2024), choosing the highest plausible c.

Hypothesising a Causal Effect May Predict an Association

Epistemically, in the Popperian tradition of science (Lakens et al., 2024; Popper, 2002),

a hypothesis about an effect predicts an association of a certain magnitude if the pre-
sumed model assumptions (here the DAG and the variable omission model with the two
specified bias quantities) hold. The hypothesis is then falsified if an association of that
magnitude is not found (at least it is not confirmed). The notion of magnitude here is
akin to Bradford Hill’s (1965) consideration that the larger the association, the more
likely a causal effect is.

How to Obtain d and Statistical Inference On It

Before computing what we will call the ‘sensitivity plot’ to visualise whether a causal
effect is supported, we need to mention some technical issues about d. Researchers typi-
cally aim to show that the factor-outcome association is greater than 0 through testing
Hy: d < 0 against H;: d > 0. This test is equivalent to the left bound of the one-tailed 1 -
a confidence interval, 1, (shortly 1) exceeding 0. (For alleged negative effects, Hy: d 2 0
against H;: d < 0, and the right bound of the one-tailed 1 — o confidence interval must be
less than 0. The implementation in ViSe allows changing the sign of d in the hypothesis).

While we focus on one-tailed tests, our approach and its implementation can also be
using two-tails, which applies if the direction of the association has not been predicted.
In this case, d has to be replaced with its absolute value, |d|, and 1, with 1,,,; thus |d| or
1./, can be entered into the computation of a sensitivity plot in ViSe. In the absence of
confounder adjustment, the left bound 1 can be taken from an analysis that calculates d
and a confidence interval for it, for example with the R package effsize (Torchiano, 2020).

In case of adjustment, linear regression of the outcome on the factor (dummy-coded)
and the considered confounders is often used. Robust linear regression accounts for
violated assumptions (non-normal distributions, extreme values, unequal variance; Mair
& Wilcox, 2020). If the outcome is standardised beforehand (divided by its standard
deviation), the estimate of the B for the factor-outcome relation can be interpreted on
the d-scale. Such an estimate is (noncentrally) t-distributed, and the left bound 1 is
computed from that distribution, given standard error (SE) and degrees of freedom. In
large samples, the distribution of an estimate of § may be approximated with a normal
distribution (Severini, 2000). In this case, 1 is simply calculated as:
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1 = estimate - ®(1- o) * SE

® = cumulative of standard normal distribution, with o = .05, ®(0.95) = 1.64.

ViSe provides both the normal and noncentral t-distribution estimates for the lower
bound 1, as well as a two-sided confidence interval if one wishes to be conservative. Now,
to demonstrate a causal effect based on the above generative model, 1 > ¢ must be found.
Thus, the confirmation threshold (c) is the amount of correction in the associational test.

Empirical Anchoring to Determine the Confirmation Threshold

The above theoretical and heuristic considerations for determining ¢ are a priori, that

is, they must precede, or at least be independent of the data analysis. Another but post
hoc method is worth mentioning. It makes use of the analysis’ result, namely the change
in the estimate of d through adjusting for the considered confounders. This change
provides an anchor for assessing potential bias from other factors (Cinelli & Hazlett,
2020). The method reveals the maximum possible size of ¢ relative to this change, but
requires a large study with small random error. For example, if a study estimated the
lower bound of d at 0.20, but adjustment for confounders reduced it to 0.15 (a change of
0.05), then unadjusted confounders would need to account for at least three times this
change to nullify the result (0.20 - 0.05 - 0.15 = 0). However, if the adjustment reduced d
to 0.05 (change = 0.15), unadjusted confounders would only need to account for one-third
of the change (0.20 - 0.15 - 0.05 = 0). In the first case, one might accept the effect if theory
suggests that unadjusted confounders are unlikely to dominate, while in the second case,
one might reject it. In situations where anchoring is insufficient to determine c, it is
necessary to evaluate the quantities affecting c, as we do visually below.

Testing for a Smallest Effect Size of Interest

If the goal is to show the effect exceeds not just 0 but a threshold A, e.g., the ‘smallest
effect size of interest’ (Anvari & Lakens, 2021), the lower bound 1 must exceed ¢ plus A.
Adding A ensures the effect exceeds the minimum size of interest, commonly A = 0.2. For
proper confirmation, ¢ (and A) must be specified a priori, which can be verified through
pre-registration (Lakens et al., 2024). As shown in the online Supplement (Hoéfler et al.,
2024), adding A may necessitate a much larger sample size.

Determination of the Quantities With Visual Aid

So far, we have used nonparametric (Figure 1) and parametric assumptions (variable
omission model) to shed light on the bias due to unconsidered confounders. Still, how
well correcting statistical inference by requiring the lower bound I to exceed ¢ (+ A)
rather than just 0 (A) works, depends on how accurately researchers can narrow down
the two quantities that determine the confirmation threshold c.
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We use graphical means for this, because visual perception of thoughtfully designed
graphs facilitates researchers’ choices and avoids the obstacles inherent in quantitative
choices (e.g., Eberhard, 2023). Visual methods have also been proposed to support causal
analysis (Guo et al., 2023). A sensitivity plot like the following post-hoc illustrates which
combinations of the confounder-factor relation (dxg) and the confounder-outcome rela-
tion (corryy) yield a lower bound (1) that exceeds the confirmation threshold (c). The plot
uses 1 = 0.09 as found in the example (Kisely et al., 2018) that we will address in detail in
the next chapter.

The plot in Figure 2 is enhanced by visual tools that assist in the specifications of
the confounder-factor and the confounder-outcome relation. The specified values are
mapped into the sensitivity plot; for example, ‘based on your choices, ¢ equals 0.2, and
this value is (in)consistent with the causal hypothesis’.

Figure 2

Sensitivity Plot With I = 0.09 and Two-Tailed a = .05

0.5

0.0

Correlation

-0.5

0
Standardized Effect Size

Note. The shaded light blue area represents all combinations of the standardised effect size (x-axis) and
correlation (y-axis) that support effect > 0 (c = dxy * corryy < 1). The plot was created with the following
specifications using the ViSe package: visualize_c(dlow = 0.09, lower = TRUE).

Specification of the Bias Quantities

In the example unconsidered confounders (U) summarise parental and bonding character-
istics, a predisposition for both the factor child maltreatment and the outcome adulthood
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internalising problems. The first quantity, dxy (effect of the predisposition on child mal-
treatment), can be expressed and converted into different effect sizes. Providing multiple

options helps to approximate its value and addresses the current lack of knowledge on

which effect size works best for this.

1.

dxy can be directly visually represented by the amount of shift in the U distribution
between the factor groups (X = 0 and X = 1). This shows how much more disposition
due to parental and bonding characteristics those with childhood maltreatment are
assumed to have than those without.

dxy may be converted into the proportion overlap between the U distributions in X =
0 and X =1, given by 2 * ¢(-1/2 * |dx]), where ¢ is the cumulative of the standard
normal distribution (Pastore & Calcagni, 2019). This quantity equals the fraction of
the disposition that is believed to be shared by those with and without child
maltreatment. Researchers, however, might find other effect sizes more appealing:
U1, the proportion of non-overlap across both distributions; U2, the proportion in
one group that has higher scores than the same proportion in the other group; U3,
the proportion of one group that is smaller than the median of the other group
(Cohen, 1988).

Superiority (or ‘common language effect size’ or ‘area under the ROC curve’) is the
probability that an individual in X = 1 scores higher in U than an individual in X = 0
and can be calculated as ¢(|dy]| / v2). (Furukawa & Leucht, 2011). Superiority
indicates how much more likely an individual with child maltreatment is to have a
larger disposition than an individual without child maltreatment.

dxy can also be obtained by its relation with the number needed to treat (NNT), the
number of individuals who, if there were truly a causal effect of X on Y, would (in
expectation) have to undergo X = 1 in order to achieve a superior U than an
individual with X = 0 (Furukawa & Leucht, 2011). NNT = 1 /(2 * ¢(|dxg| / V2 - 1)). It
indicates how many more individuals maltreated as a child would cause one more
individual with a larger disposition.

Besides, dxy can be converted into common variants, f; %, and r using f= |dy| / 2,
and the approximation of d to rusing r = |dxy| / ¥(|dxyf® + 4). R can be interpreted
similarly to a correlation, or alternatively the explained variance r* may be specified.
All of the above effect sizes can be displayed together to force a coherent choice. This
is achieved by a ‘donut chart’, where the selection of one effect size automatically
adjusts the circles representing the other effect sizes and their corresponding values
(Calin-Jageman, 2018). For example, choosing dy; = 0.5 gives proportional overlap =
80%, superiority = 64%, and NNT = 3.62. Presenting these conversions side by side
may help narrow down the quantity, as a value on one scale (e.g., 80% overlap) may
seem small but is equivalent to a medium effect size of dxy; = 0.5 by common
standard.
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The following Figure 3 shows the donut chart as implemented in ViSe:

Figure 3

Donut Chart Computed From d = 0.50

\ \ y
0.50 0.24 0.06

r f

3.62

NNT

64 %

Superiority

80%

Proportional

33 % 60 % 69 %

Note. Use visualize_effects(d = .50, circle_color = "blue", percent_color = "blue", text_color = "blue") in ViSe to
create this chart.

Note that the conversion formulas above assume a normal distribution with equal var-
iance, similar to the variable omission model. Each choice results in a different (dxy,
corryy) point on the sensitivity plot, which may or may not fall within the region
confirming a causal effect. (Also note that through conversion into dyy, results reported
on other effect sizes than dyy can be handled with the methods described in this paper,
although this may be a bit crude).

For specifying the second bias quantity, the confounder-outcome relation corryy (ef-
fect of the predisposition on adulthood internalising problems), there are fewer options,
most importantly scatterplots. We use scatterplots with points that represent linear rela-
tions, i.e., slopes and equivalent correlations of varying magnitudes. In the example, the
standardised slope indicates by how many standard deviations mental health problems
in adulthood changes per increase in disposition due to parental and bonding factors
by one standard deviation (in both of the groups). The square root of the standardised
slope equals the variation in mental health problems explained by disposition (since R? =
corryy?).
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Finally note that all these ViSe’s visualisation and conversion features can also be
used before data collection to inform the choice of the confirmation threshold c.

Results

Example

We now illustrate in detail the use of the ViSe tool with the example of child maltreat-
ment’s effect on internalising behaviour at around age 21 (using the Youth Self-Report,
YSR, scale). The study by Kisely et al. (2018) used a general population sample in
Brisbane, Australia, comparing 3,554 mother-child pairs without ‘substantiated child
maltreatment’ to 73 pairs with child neglect. We chose child neglect among other mal-
treatment that the study has investigated because of its suitability for demonstrating
the tool. Maltreatment was assessed ‘by linking to data from state child protection
agencies’. The study reports unadjusted and adjusted mean differences, adjusting for
sociodemographics including gender, parental ethnicity, and maternal education (likely
using ordinary least squares regression, though not specified). We divided the reported
mean differences by the standard deviations of the total sample to obtain the estimates
and 95% confidence intervals on the d scale (via d = Mgigerence / SDTotal) (s€€ Table 1).

Table 1

Mean Outcome Values Reported in Table 1 (Kisely et al., 2018)

Internalising score

Difference Unadjusted Adjusted spb
Reported (raw difference) 3.68 (1.73-5.62) 2.73 (0.77-4.69) 8.29
Transformed® (standardised 0.44 (0.20-0.68) 0.33 (0.09-0.57) 1

difference, d)

2 Note that the boundaries of the confidence intervals are conservatively rounded. The left boundaries are
rounded down; the right boundaries are rounded up (the point estimates are rounded numerically). ® Standard
deviation of the total sample.

The unadjusted d score equals 0.44 with a confidence interval of 0.20 (rounded down)
to 0.68. After adjustment, d is lowered to 0.33 (0.09-0.57). The left bound 1 = 0.09 leaves
some room for bias due to omitted confounders. While the theoretical confirmation
threshold ¢ = 0.13 from the last chapter is clearly not passed, the heuristic thresholds
(0.04-0.06) would be. However, there is no evidence for an effect of sufficient size of
interest with A = 0.20 in any case.

With regard to the anchoring approach to determine ¢, adjustment for socio-demo-
graphic variables reduced d by 0.11 (0.20—0.09). Thus, bias from unconsidered confound-
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ers must be less than 82% of this change (0.09 / 0.11). Unconsidered confounders may
include prior parental mental disorders, genetic factors, maltreatment history, stress,
social support, attachment patterns, and parent-child relationship quality (Danielsdottir
et al., 2024).

Now, what values of dyand corryy (or a conversion) would pass the confirmation
threshold allowed by the result of 1 = 0.09? Figure 4 is a sensitivity plot with nine joint
specifications of dxg; (0.2, 0.5, 0.8) and corryy (0.1, 0.3, 0.5). The plot covers wide ranges,
allowing users to assess the plausibility of the displayed quantities. Four out of nine
specifications [dyy; (0.2) & corryy (0.1, 0.3, 0.5) || dxy (0.5) & corryy(0.1)], indicating
modest bias, support an effect of child neglect on adult internalising problems.

Figure 4

Sensitivity Plot for the Effect of Child Neglect on Adult Internalising Problems With Various Specifications for Bias
Quantities d and r
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Note. The plot was created using the ViSe package with the following settings: visualize_c_map(dlow = 0.09,
r_values = c(.1, .3, .5), d_values = ¢(.2, .5, .8), lower = TRUE).

The Supplement (see Hofler et al., 2024) describes the implementation and use of ViSe. It
provides further examples to illustrate the specification of the bias quantities.
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Discussion

We outlined how to derive confirmation thresholds that cannot be explained by uncon-
sidered confounders. This overcomes the common practice of only testing if an associa-
tion exceeds 0. We also provided visual guidance on how to determine the necessary
quantities: the effects of a common predisposition on both the factor and the outcome.
Initially, when visual bias assessment is new to many researchers, solid examples are
essential for training. Such examples can serve as anchors for specifying the two
quantities and their product (extent of bias). To train their usage, general examples
from previous causal (meta-)analyses (Mathur & VanderWeele, 2022) and specific cases
where a causal effect is well understood should help. Well-understood examples enable
empirical investigation into the most effective specification of the quantities, and which
of the convertible effect sizes work best for this. An interesting application for better
thresholds to suggest causality is network analysis to identify causal structures (Glymour
et al,, 2019). In their algorithms, the usual association threshold of 0 can be replaced by a
defensible choice.

The proposed method for specifying bias quantities and graphically assessing their
impact on causal inference has focused on binary factors, interval-scaled outcomes and
the effect size d. Possible extensions include:

1. Explicit assessment of effect sizes for non-standardised or binary outcomes and
interval-scaled factors (rather than crude conversion into d).

2. Generative Models that include other sources of bias, such as selection processes
(Deffner et al., 2022) and measurement error (Fox et al., 2021), and jointly address
multiple bias (Greenland, 2005). Together with quantitative assumptions, this
would open the door for confirmation thresholds in more complex situations, which
might turn out to be larger or smaller.

Note that selection can be partially addressed within the framework provided here. This
holds if selection is related to the factor, but not to the outcome—beyond considered and
unconsidered confounding factors. By studying a selective, homogeneous population, the
relations of unconsidered confounders with factor and outcome (dx and corryy) are
expected to be larger, since homogeneity means smaller SDs in their denominators. Thus,
the confirmation threshold must be set higher.

By initially focusing on a specific type of bias, namely confounding, we aim for our
work to contribute to the establishment of stricter and more defensible confirmation
thresholds in psychology and other disciplines (Hofler et al., 2022). Our basic approach
involves specifying and multiplying only two quantities, a process that can be performed
across scales and is supported by straightforward visual evaluation.
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