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Abstract
Languages encode the future differently, such that languages can be sorted into different types. When
making future predictions, Strong Future Time Reference (FTR) languages often require marking
future-time, whereas weak FTR languages do not. The Linguistic Savings Hypothesis predicts this
difference will affect people’s patience, perhaps because weak FTR languages make the future feel
closer. Three recent articles have reported significant effects on individual patience as well as
firm-level income smoothing and investment efficiency. However each paper includes controls which
increase bias, rather than reduce it. Due to data sharing limitations, I can only publish a reanalysis in
one case; fixing the problem leaves smaller and non-significant effects. This problem does not affect
all research on the Linguistic Savings Hypothesis, but the effects are not as large or widespread as
previously reported.
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1 The Linguistic Savings Hypothesis

Languages describe the world in different ways. While they share common linguistic building blocks,
they differ in what is obligatory. For example, in German you could say the equivalent of ‘tomorrow
it is raining’. In English you would need to mark the future explicitly, such as ‘it will rain’ or ‘it is
going to rain’. A distinction can then be drawn between weak and strong ‘future time reference’
(FTR) languages (Chen, 2013; Dahl, 2013). German is called a ‘weak FTR language’ because it can
use the present tense to describe the future, whereas in English a future tense is often obligatory to
refer to the future.1

The Linguistic Savings Hypothesis is that someone’s time preferences will differ according to
whether they speak a strong or weak FTR language (Chen, 2013). The original evidence includes
higher savings rates and less risky activities (e.g. smoking) amongst speakers of weak FTR languages.
This was both across countries and within countries between speakers of languages that differ, with
reasonably large and significant differences in a range of samples.

This potentially has consequences for a range of important behaviour, with recent research
examining possibilities at the firm-level including the use of variable pay, CSR performance, and tax
avoidance (see Cao et al., 2024, for references). Since the Linguistic Savings Hypothesis was first
proposed, I identify three relevant publications in high level general interest journals, comprising all
research on the topic of the Linguistic Savings Hypothesis published in Management Science and
the Proceedings of the National Academy of Sciences2 (Kim et al., 2021; Cao et al., 2024; Ayres
et al., 2023). All three articles suffer from the problem of bad controls, affecting their inferences and
conclusions. I proceed by discussing the statistical problem.

2 Defining Bad Controls

Researchers wishing to identify the effect of some X on Y must decide whether to include controls Z.
Aware of the problem of omitted variable bias, they tend to include many controls, hoping to increase
the precision of their estimate. Some are relatively less aware of ‘bad controls’, situations in which
controls increase the bias of their estimate. To help researchers in this choice a common rule-of-thumb
has gained some traction “Do not control for post-treatment variables” (Gelman & Hill, 2006, p. 188).

This rule of thumb is misleading; it is “neither necessary nor sufficient for deciding whether
a variable is a good control” (Cinelli et al., 2022, p.3). Rather, Wooldridge (2024, p.1) provides
an excellent two-sentence summary of his previous three-page paper (Wooldridge, 2005): “... I
formally showed how, when a treatment assignment is randomized, unconfoundedness fails when
control variables are included whose distributions differ by treatment status. Specifically, if W is the

1The precise distinction is subtle, and simplified in the text in the service of readability. Dahl (2013) categorised languages
as Strong FTR if future predictions in the main clause, without intention, require the use of marking future-time. But English
can use the present tense to refer to the future in some instances, such as ‘The train leaves at 9pm tomorrow’. As such, the
distinction is perhaps better thought of as a spectrum than a binary distinction, with Chen (2013) and others relying on Dahl
(2013)’s categorisation, which captures common usage. For more on modality and usage, see Robertson & Roberts (2023)
and Robertson et al. (2025).

2I searched for “Future Time Reference” and (separately) “Linguistic Savings Hypothesis” in Management Science, PNAS,
Science and Nature for the period 2013-2024. These three papers are the only articles which ask whether FTR affects some
outcome measure.
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Figure 1: Playful Example of Bad Controls
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treatment variable and X is the vector of control variables, D(X|W ) ̸= D(X), where D(·) denotes
distribution, provides a working definition of “bad controls” in randomized controlled trials.” This
definition of bad controls is also helpful for observational studies, and shows that the older advice
can create problems. Some pre-treatment variables’ distributions differ by treatment status, even
if they were determined long before treatment. They should therefore be excluded, or they will
introduce bias. The more useful, and correct, rule of thumb is therefore whether the distribution
of a control variable differs by treatment status. If it does, it should not be included if we wish to
estimate the total effect of X on Y .

Consider a playful example, as per figure 1. Imagine that a person’s weight is a simple formula
based on calories consumed minus calories burnt. You wish to see whether your gym helps you lose
weight, so collect data. After every gym visit you cannot resist a smoothie, which has as many calories
as you burn in an average gym visit. If we just think of the effect of going to the gym on weight, we
would then estimate something like weight = constant + βg · gym visits + error and find the total
effect of visiting the gym, correctly concluding that gym visits don’t help (β̂g ≈ βg ≈ 0). A bad control
might condition on the snack, estimating weight = constant + βg ∗ ·gym visits + βs · snack + error.
This would no longer find the total effect of the gym visit, parcelling out the snack and exercise
elements, and mistakenly lead you to increase your visits to no avail. Whilst the coefficient may be
labelled gym visits, it would actually be capturing only the exercise part.

Alternatively, we could control for the very mechanism through which we expect the treatment
to work. In this case, calories burnt. Here we would estimate weight = constant + βg · gym visits +
βc · calories burnt + error, and conclude gym visits are the reason for putting on weight! Again, the
coefficient would be labelled gym visits, but here it would be capturing only the effect of snacks. In
either case, including a bad control (distribution differs by gym visits) means we do not estimate the
total effect of gym visits.
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Figure 2: A hypothetical DAG,
illustrating bad controls
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Table 1: A regression using simulated data,
illustrating bad controls

(1) (2)
FTR 1.012*** 0.00324

(112.95) (0.46)
Control -0.504***

(-159.19)
Constant 0.000411 0.00133

(0.09) (0.27)
N 100000 100000

Note: t statistics in parentheses. Significance at the 10, 5,
and 1% levels are denoted by 1, 2, and 3 stars, respectively.
The dependent variable is ‘Outcome’. The simulated data adds
random noise to both control and the outcome, with a mean of
0 and a standard deviation of 1.

Now let’s be a little more formal. There are many kinds of bad control (see Cinelli et al., 2022,
for a clear taxonomy using a DAG framework); my focus is what is variously called concomitant
variable bias, included variable bias, over-control bias and inappropriate control (respectively, see
Rosenbaum, 1984; McElreath, 2020; Elwert & Winship, 2014; Wysocki et al., 2022). Let us consider a
stylised example: Figure 2 shows that speaking a weak FTR language has an effect on some outcome.
There is also a control which is affected by FTR, which in turn affects the outcome (βm ̸= 0, βx ̸= 0).
If we want to see the total effect of FTR on the outcome, we should not include the control in the
regression: “...we want to leave all channels through which the causal effect flows ‘untouched’ ...
Controlling for Z [Control] will block the very effect we want to estimate (the total effect of X [FTR]
on Y [Outcome]), thus biasing our estimates...” (Cinelli et al., 2022, p.8). Using figure 2 to build
intuition, imagine the true values are known such that βt = 1, βm = 2 and βx = −.5 (see Clist,
2025, for the code). The true total effect of FTR on the outcome is 1 + 2 × −.5 = 0. Table 1, column
(1) shows that if we run a regression of the form Outcome = α + βt · FTR + βx · Control + ϵ, we
will estimate β̂t ≈ 1, and mistakenly conclude that FTR significantly increases the outcome.

This article is designed to apply this insight, correcting a weakness in important research. Omit-
ting the bad controls removes over-control bias - in the hypothetical example above, column (2) of
Table 1 shows the results from a regression of the form Outcome = α + βF T R · FTR + ϵ correctly
estimates β̂F T R ≈ 0, leading to the correct inference of the total effect of FTR. (I do not claim
it removes all other biases, of course.) Whether the control was determined before or after the
treatment does not affect the bias, only whether or not its distribution differs by treatment status.

This hypothetical example illustrates a case where bad controls mistakenly lead to significant
results. The opposite effect is also possible, where researchers mistakenly conclude there is no
significant effect. This would happen if, for example, βt = 0.1, βm = 2 and βx = 1. Researchers,
including the bad control, would conclude that the effect of FTR is small at 0.1, when the true total
effect is 0.1 + 2 × 1 = 2.1. The signs on each path determine the direction of the bias. In cases of
multiple bad controls, the direction of the bias will be particularly difficult to predict.
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Partial effects are, of course, sometimes of interest in their own right. To return to the playful
example, researchers may be interested in whether exercise affects weight. A control is bad when a
partial direct effect is interpreted as though it were the direct effect. In each case we discuss, the
estimated direct partial effect of FTR is interpreted as though it describes the total effect of FTR.

We now move to real examples of bad controls, starting with observational evidence.

3 Non-Experimental Evidence, With Bad Controls

Kim et al. (2021) ask whether FTR affects firm-level investment efficiency. They posit that weak
FTR speakers will have a lower discount rate on future returns and so underinvest less, but have an
ambiguous prediction on overinvestment. Their main analysis is cross-country, but they supplement
this using two within-country analyses, exploiting the multilanguage environment in Switzerland,
and the different countries of birth of US CEOs. They report large effects in the cross-country analysis
(a 6% difference in underinvestment), and in the Swiss (17%) and US (11%) intra-country analyses.
Each effect is reported significant at the 1% level.

Their main analysis has two stages. They first run a regression of lagged sales growth on capital
expenditure, scaled by lagged property, plant, and equipment. If a firm is in the top quartile of
residuals - essentially if they invest more than the simple model predicts - they are classified as
overinvesting, the bottom quartile are classified as underinvesting, with the middle two quartiles
the benchmark group. This dependent variable is then used in the main cross-country regressions,
where FTR is included alongside 23 other control variables, as well as fixed effects for continent,
industry and year.

If the article’s arguments are correct, the results suffer from over-control bias. The authors
explicitly expect two controls will be affected by FTR, and so meet the definition of a bad control.
The first is Long Term Orientation. The authors posit FTR will affect investment efficiency because
“weak FTR speakers perceive future events to be less distant and thus tend to apply a lower discount
rate” (Kim et al., 2021, p.2610). By controlling for long term orientation, they then bias the estimate
of the total effect of FTR. The second is financial reporting quality. The authors argue “languages
may also affect investment efficiency indirectly through their effects on financial reporting quality”
(Kim et al., 2021, p.2613), noting that they found this differed by FTR in a previous article (Kim
et al., 2017). Kim et al. (2021, p.2614) then conclude “[t]hus, in all our regressions, we control
for financial reporting quality...”. The rationale appears to be that because it is important it should
be controlled for. As Wooldridge (2005, p.1028) writes “... it may seem clear that one should not
include in x variables that are themselves responses to treatment, but this can get lost...”

Each of the regressions in the paper include at least one of these bad controls, akin to controlling
for exercise in the playful example discussed earlier. Without the underlying data, we cannot test
the arguments that these control variables really do vary by FTR (and so should be excluded), nor
examine other controls, nor recover an unbiased estimate. With the information available we can
merely state that the presence of a bias seems very likely, but we cannot know the direction.
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The second example also uses observed data. Cao et al. (2024) are interested in whether there is
a difference in income smoothing for firms headquartered in countries that speak weak or strong
FTR languages. Further, they hypothesise that the effect will be more pronounced if firms have
longer-term relationships with major stakeholders. The analysis includes bad controls. This is clear
from the text, which reports: “...the means and medians of most control variables differ between
firms in weak- versus strong-FTR countries... These significant differences underscore the importance
of including the control variables in our main regression model.” (Cao et al., 2024, p.7).

This shows that the authors are not trying to nefariously mislead the reader - the authors (and
presumably referees and editors) appear to simply be unaware of the problem of bad controls.
The intuitively plausible reasoning of the authors appears to be that the control is important and
therefore should be taken into consideration. Angrist & Pischke (2009, p.64) frame the problem
of bad controls using an experiment, which may help develop the intuition: “[b]ad controls are
variables that are themselves outcome variables in the notional experiment at hand. That is, bad
controls might just as well be dependent variables too.” If we are interested in the total effect of FTR
on income smoothing, bad controls hinder our efforts.

Whilst Management Science now requires datasets and code to be made available, the legal
‘terms of use’ preclude running and reporting any code other than the original without the permission
of the authors. It was not forthcoming in this case, apparently due to data rights, and insufficient
detail was provided in order to reconstruct the data from original sources. This means that we
cannot report a result excluding bad controls.

In both cases, we have partial effects erroneously discussed as though they were total effects.
The data sharing policy has improved, but not enough to recover and report an unbiased estimate.

4 Experimental Evidence, With and Without A Bad Control

I now discuss an experimental example, recovering an estimate without bad controls. Ayres et al.
(2023) analyse three experiments, seeking to answer whether and why FTR affects individuals’ time
preferences. Their innovation is to randomise language using bilingual subjects who speak both a
strong and a weak FTR language. This builds on previous work which randomised phrasing within
the same language (Chen et al., 2019) or used bilinguals for one language pair (Clist & Hong, 2023).
In experiment 1, Mturk subjects are randomly allocated to a language, and asked if they want $3
today, or if they’d prefer to wait a week for a larger amount. The experiment elicits the smallest
amount that subjects would happily wait for, between $3.05 and $7. A smaller reservation price
(e.g. $3.05) means subjects are more patient.

The analysis of experiment 1 appeared, prima facie, to avoid the problem of bad controls. A
number of typographical errors in the original manuscript have since been corrected (the sign of a
regressor, confusing significant at 5% with significant at 10%, and confusing significant at 1% and
10%), but the original table implied the only control that is always present, language proficiency,
did not differ significantly by FTR. However, there was a typographical error in this table, as the
standard deviation was called a ‘standard error’. Inadvertently, this masked the large difference
in language proficiency by FTR, meaning language proficiency is a bad control, and the reported
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results are biased. The average proficiency score in strong FTR languages (8.11) is different from
weak FTR languages (7.48) at the 1% level (t = 9.57, N = 1130, unpaired test, p < 0.0000). This is
on a scale that runs 6-9, as all those scoring 1-5 were dropped from the data. As McElreath (2020,
p.170) writes, “[i]ncluded variable bias is real. Carefully randomised experiments can be ruined just
as easily as uncontrolled observational studies.”

How can one’s proficiency be a bad control, if it is predetermined? In this case, it is not a problem
of randomisation, but rather more subtle. Treatment does not change proficiency scores but which
proficiency score is included in the regression. People’s proficiency in weak FTR languages is about
0.63 units lower. As these proficiency scores differ significantly by treatment, and patience varies by
proficiency, controlling for proficiency in the allocated language fits the situation described in figure
2 and the rest of section 2.

Thankfully, the underlying data and code are available (Ayres et al., 2022), so the unbiased
results can be estimated (with all code available; Clist, 2025). Whilst one may normally wish to
cautiously investigate Conditional Randomization Tests in this case,3 there appears to be a problem
of construct validity. There are large differences in the proficiency scores by language, with those
responding in English getting much higher scores (an average of 8.5 out of 9, whereas the other
languages all have averages between 7.3 and 8). This difference in scores may be due to the way the
proficiency test is implemented. It appears a single test was translated into all languages, where
subjects complete 9 multiple choice questions. In some languages, the ‘correct’ answer appears
ambiguous, potentially lowering the average score in that language. As a further indicator of a
potential problem, self-identified natives score somewhat lower on proficiency. In a regression of
being native on proficiency, β̂ = −0.228, t = −3.33 and p = 0.001.

To recover an estimate without over-control bias, Table 2 shows the results with and without
the bad control. The original result is significant at the 1% level. Removing the source of bias
leads to a total causal estimate that is smaller, and insignificant. To ground the interpretation of
the size of the coefficient, the average reservation price for those in the strong FTR treatment is
3.97, compared to 3.85 for those in the weak FTR treatment. The results in table 2 closely resemble
the hypothetical example discussed in table 1 and figure 2 as only one bad control is included. To
compare, β̂t = 0.5, β̂x = −0.44, and β̂m = 0.7. The overall estimated effect of FTR on patience is
not 0.5, but 0.5 − 0.44 × 0.7 ≈ 0.18 (with the difference due to rounding and censored data).

3Caution is warranted as even advocates of such strategies warn that they can be used to p-hack, making the inference
invalid. Johansson & Nordin (2022) recommend an algorithm to be used in conjunction with a preanalysis plan.
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Table 2: FTR and Individual Patience, With and Without a Bad Control

Bad Controls: Yes No
(1) (2)

FTR Strong 0.50*** 0.18
(0.15) (0.14)

Proficiency -0.44***
(0.06)

Constant 6.74*** 3.49***
(0.47) (0.10)

Sigma 2.16*** 2.38***
(0.19) (0.21)

Observations 523 523

Note: The dependent variable is the reservation wage, which measures impatience. A tobit model is used, censoring at 3.05
and 7. Standard Errors are provided in parentheses. Significance at the 10, 5 and 1% levels are denoted by 1, 2 and 3 stars,
respectively.

Whilst reported results always include proficiency as a control, it is not the only control used. A
reader may wonder whether the other controls also vary by treatment. In figure 3 I test all eight
controls, plotting whether they vary by treatment status. Some have multiple levels, e.g. the control
variable race has 5 levels, hence the total of 26 rows. I standardise each control to ease comparison,
so the beta reports the difference in means between treated and untreated groups, in standard
deviations of the control.
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Figure 3: Testing Bad Controls: Effect of Treatment on Each (Standardised) Control
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Note: In each case, I regress the treatment on the control in a bivariate regression. The figure then plots each beta with its
95% confidence interval. As per Wooldridge (2005), a bad control is defined as varying by treatment. We test for differences
in means, rather than distributions, as this is easier to report. As a less powerful test, failing it provides a strong indication of
problems.

We can see here that proficiency varies by 0.6 standard deviations by treatment status. No other
variable is close in magnitude: it appears there is only one bad control, which unfortunately is the
only control always included.

A reader may wonder whether the reported specifications are cherry picked to show unusually
significant or insignificant results. Using the eight controls selected by Ayres et al. (2023), there
are 28 = 256 possible combinations of controls. In figure 4 I report a specification curve for all
combinations, with betas ordered by size (see Simonsohn et al., 2020, for more on this method).
The second panel shows which control is included, albeit with so many combinations, this is difficult
to read. The important element is easy to grasp. All specifications including the bad control
estimate larger effects than all specifications excluding it. Specifications including proficiency are
all significant at the 5% level, with an average effect size of 0.52. Specifications excluding the bad
control average 0.19, and are all insignificant at the 5% level.
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Figure 4: Specification Curve: Including the Bad Control
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Note: Each dot represents one beta, plotted with 90 and 95% confidence intervals. The 256 combinations are ordered by
effect size. The largest half all include proficiency, the smaller half do not.

In short, the claim of a significant difference in patience by FTR hangs on including the only
control which varies by treatment, i.e. the only variable which meets the definition of a bad control.

I have focused on the strategy used in Ayres et al. (2023), where covariates are added because of
a lack of balance. Mutz et al. (2019) argue this practice has no basis in statistical theory, and with a
sufficient number of possible control variables, can lead to any conclusion. In a comment on my
original submission, the authors of Ayres et al. (2023) propose an alternative strategy of selecting a
subsample on the basis of the bad control, arguing that significant effects imply we should not be
concerned about overcontrol bias. Unfortunately, this is the same strategy in a different guise. This
can be seen if we recall the playful example in section 2. Selecting a sample of only smoothie-drinking
people will wrongly lead you to estimate a positive effect of gym-going on weight loss, as you com-
pare gym-going-smoothie-drinkers to gym-avoiding-smoothie-drinkers. Adjusting for a bad control,
or using it to select a subsample, are similar strategies that will tend to lead to biased results. Mutz
et al. (2019) discuss the related idea of post-stratification (i.e. using many subsamples, and averaging
over these), arguing it is largely analogous to adjusting for a bad control, and is likely to increase bias.

5 Discussion and Concluding Remarks

The issues of errors, replication and reanalysis are now more well known, with various attempts
at mitigation now in place (e.g. Davis et al., 2023). We can reflect a little on progress, using these
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three papers. Management Science now requires data and code to be made available, and employs
a data editor to ensure the results can be reproduced (Simchi-Levi, 2020). Whilst they can be
mechanically reproduced, the process did not catch several errors in how results were reported, nor
catch the problem of bad controls. PNAS has a Statistical and Methodological Review Committee
but no data editor. Further, whilst data should now be made available, the licence means it can-
not be used for any process other than a mechanical reproduction, which places greater emphasis
on catching statistical problems. In short, whilst there is progress, there appears to be some way to go.

The worry in this case is that the error of including bad controls has been normalised for a field of
research. The next barrier is error correction, as Brown et al. (2018a, p.2569): argue “[n]ormalizing
error correction is necessary to advance the [scientific] enterprise.” Smaldino & McElreath (2016)’s
argument is relevant here; error correction on its own is unlikely to be sufficient to push against the
prevailing forces, such as journals’ desire to publish significant results. If ‘bad science’ (to borrow
their term) can produce significant results more efficiently than good science, bad science will tend
to be rewarded over time. My hope is that this article helps readers, authors and editors to more
quickly spot this particular mistake: we should only control for variables which do not vary by
treatment. The problem is related to a focus on publishing significant results, as a less biased effect
estimate would probably be harder to publish (Bakker et al., 2012; McShane et al., 2019).

Given the errors discussed, how should we think about the Linguistic Savings Hypothesis?
Imagine a reader was interested in the topic, but had only read the top general interest journals
Science, Nature, the Proceedings of the National Academy of Sciences and Management Science.
They would have only seen the three articles I discuss here, which report large, significant but bi-
ased effects. Where we can recover unbiased total effects, outcomes vary by FTR but not significantly.

The last decade has of course seen other relevant research on the Linguistic Savings Hypothesis.
Some work has focused on the original observational evidence, seeking to account for relatedness
between languages (Roberts & Winters, 2013; Roberts et al., 2015). Other work has found FTR
to significantly affect the individual time preferences of people that live in the same country but
speak different languages. This is true for children in Italy (Sutter et al., 2018) and high-school
students in Switzerland (Herz et al., 2021). In more applied settings, some studies use the language
of migrants to try and isolate the effect of language, whilst comparing amongst people that live
in the same country. There are significant effects of FTR on college attendance in the US (Galor
et al., 2020), and on self-employment in Switzerland (Campo et al., 2023). Note that these studies
could potentially be confounded by culture (Brown et al., 2018b), as well as an argument that
historical culture affected grammar, which in turn affects preferences (Galor et al., 2017). There
are also studies which show null effects (Falk et al., 2018; Clist & Hong, 2023), but I am not aware
of studies which show significant effects in the other direction. It is therefore plausible that the
effect is somewhat smaller and less significant than sometimes claimed, but that it does exist. There
is also more fundamental research on the difference between languages that points to the role of
modality, which contains information on probability, and not tense marking in FTR per se (Robertson
& Roberts, 2023; Robertson et al., 2025). Future research should refine our understanding of the
true effect sizes and causes in different domains. In future, bad controls should be avoided, and
main effects should ideally be established without any controls, or at least without any that differ by
the treatment variable.
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