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Many pieces of policy research use statistical inference to estimate (i.e., do a “smart
guess” about) the effects of policy interventions, based on data. As more and more data
are becoming available and, accordingly, statistical modeling (aka data science) is
becoming more common, it is crucial to understand the underlying assumption, or
“nuance,” of statistical estimates, for better evidence-based policymaking.
In this context, this short paper focuses on one of the reasons why caution is necessary
when we interpret statistical estimates for the effects of policy interventions: uncertainty
around these estimates. As the word “estimate” implies, there is always uncertainty
around statistical estimates. In other words, estimates may or may not turn out to be
correct, although it is possible to compute, and therefore evaluate, the degree of
uncertainty for these estimates.
Scientific jargon and technicality often make it difficult for non-experts (and even experts)
to see the full nuance of uncertainty around statistical estimates. Failure to see this
nuance could give a false impression that a study is definite about the presence or absence
of an effect, resulting in unwarranted overconfidence.
I discuss three common concepts that describe statistical estimates and are associated
with uncertainty: (1) “statistical significance,” (2) “statistical insignificance,” and (3) the
“mean.” To make the discussion concrete, I use two studies in conflict research as
examples. More detailed (but also more technical) discussion of mine can be found in
Suzuki (2020a, 2020b).

1. “statistical significance” does not mean you can be sure that the effect of a policy
intervention is real
The first example study is Nielsen et al. (2011). It examines the effect of a large sudden
decrease in foreign aid on the likelihood of the onset of armed conflict in recipient
countries. It provides a logical and detailed explanation of how a large sudden drop in
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foreign aid can affect a power balance between the government and rebels in the
recipient country, thereby increasing the likelihood of armed conflict (221-222). Then, the
study analyzes data statistically to examine whether a large sudden decrease in foreign
aid indeed has had such an effect. The analysis finds the effect of a large sudden drop in
foreign aid “statistically significant” (225-229). The study concludes the statistical analysis
supports its argument. The policy implication is that, to prevent greater likelihood of
armed conflict, donor countries should not decrease foreign aid suddenly in a large scale.
Like Nielsen et al. (2011), many other studies in policy research argue that there is
evidence for the effect of a policy intervention because the statistical estimate of the
effect is “statistically significant.” Statistical significance is determined based on a
statistical measure of uncertainty, usually something called a p-value.1 The p-value takes
a value between 0 and 1. Conventionally, if a p-value for the statistical estimate of an
effect is smaller than 0.05, the estimate is considered statistically significant.
The p-value itself is a continuous measure of uncertainty (Lew 2012). A smaller p-value
implies lower uncertainty, but it is usually impossible to eliminate uncertainty entirely. In
other words, even if a p-value for the statistical estimate of the effect of a policy
intervention is smaller than 0.05 and therefore considered statistically significant, there
is usually still some uncertainty left, over whether the effect is real. Indeed, it is rare that
we can be sure the effect is real, only by looking at a p-value.
The American Statistical Association once issued a statement on p-values, saying “No
single index [such as a p-value] should substitute for scientific reasoning” (Wasserstein
and Lazar 2016, 132). In other words, to evaluate the credibility of an argument in policy
research, it is insufficient to look only at the presence or absence of statistical significance.
It is also necessary to evaluate the explanation of why and how a policy intervention is
expected to have a stated effect. The argument by Nielsen et al. (2011) is plausible not
just because they find the statistically significant effect of a large sudden decrease in
foreign aid on the likelihood of armed conflict. It is also because Nielsen et al. (2011)
provide a convincing explanation of why.
It is also important to note that a statistically significant effect, if indeed credible, does
not necessarily mean that the effect is also practically significant. In other words, even if
the uncertainty of the estimate of a policy intervention’s effect is low and therefore
considered statistically significant, the size of the effect might be too small to be
practically useful. I elaborate on this point of effect sizes later.

2. “statistical insignificance” does not mean you can be sure that the effect of a policy
intervention is null
Nielsen et al. (2011, 225) also report that they find no evidence for a large sudden increase
in foreign aid causing greater likelihood of the onset of armed conflict in recipient
1

An alternative measure to determine statistical significance is a confidence/credible interval, but
my argument here equally applies to it (for greater detail, see Suzuki 2020b). Here, for simplicity, I
focus on the p-value.
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countries. The argument is partly based on the statistical estimate of the effect of such an
increase being not statistically significant, but also accompanied by a detailed discussion
of why a large sudden increase in foreign aid might not be conflict-provoking (Nielsen et
al. 2011, 230).
Research papers occasionally say that there is no evidence for the effect of a policy
intervention because it is “statistically insignificant” (a synonymous expression is “not
statistically significant”). Conventionally, if a p-value is not smaller than 0.05, it is
considered statistically insignificant. However, again, the p-value is a continuous measure
of uncertainty. Thus, even if a p-value is not smaller than 0.05, it does not mean we can
be sure that there is no effect. It is rare that we can be sure the effect is null, only by
looking at a p-value. A p-value greater than 0.05 only means there is greater uncertainty
over whether the effect is real, than when a p-value is smaller than 0.05. And how
“greater” the uncertainty is also depends on how large a p-value is. For example, if a pvalue is 0.51, the degree of uncertainty is barely different from when a p-value is 0.49,
although the former means statistical insignificance while the latter means statistical
significance. Indeed, some scholars have raised objections to the simplistic dichotomy of
statistical significance vs. insignificance (e.g., Amrhein, Greenland, and McShane 2019).
It is also important to note that the absence of evidence does not mean evidence for the
absence of an effect. It is possible that the effect of a policy intervention is real but
statistical analysis fails to find its statistical significance, at least for two reasons. First, if
the effect were small, more data would be necessary to identify such a small effect.
Second, if the effect were heterogeneous, i.e., positive in some cases and negative in
other cases, the averaged effect could be nearly zero. In such a case, separately analyzing
these two types of cases would be necessary to identify each type of effect independently.

3. The “mean” is not the only plausible value
Now, I introduce the second example study to explain the remaining statistical concept I
discuss. Ruggeri, Dorussen, and Gizelis (2017) study the effect of peacekeeper
deployment in a particular locality on the chance of the termination of local conflict. Its
statistical analysis estimates that the deployment of 500 United Nations (UN)
peacekeepers in a particular locality decreases the likelihood of the continuation of local
conflict, in comparison with their absence, on average from 0.9 to 0.48, i.e., by 0.42
(Ruggeri, Dorussen, and Gizelis 2017, 179).
Like Ruggeri, Dorussen, and Gizelis (2017), when considering the size of the effect of a
policy intervention rather than merely the presence or absence of the effect, research
papers often focus on the average, or the mean of statistical estimates, as the reference
point. The mean should not be considered, however, as the only plausible value. Indeed,
these papers also usually report an interval estimate (the so-called “confidence” or
“credible” interval) to present other plausible values.
The interval estimate covers all plausible values around the mean under a specific
“confidence” or “credible” level; the conventional level is 95%. Ruggeri, Dorussen, and
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Gizelis (2017) also report a 95% confidence interval; it ranges approximately between 0.36
and 0.45 (Ruggeri, Dorussen, and Gizelis 2017, 179, Figure 4). In short, the estimate
suggests that the deployment of 500 UN peacekeepers in a particular locality is likely to
decrease the likelihood of the continuation of local conflict, by between 0.36 and 0.45.
Table 1 presents these values in a compact format.

Table 1: Summary of the mean and interval estimates reported in Ruggeri, Dorussen, and
Gizelis (2017)
95% confidence interval
mean

lower bound

upper bound

Effect size 0.42 decrease 0.36 decrease 0.45 decrease

I will not elaborate here on the detailed definition and interpretation of the
confidence/credible interval (for these, see, for example, Amrhein, Greenland, and
McShane 2019; Kass 2011; Kruschke and Liddell 2018). Rather, I emphasize the point that
the mean should not be the only reference point when the size of the effect of a policy
intervention is discussed.
The mean may sometimes be the most plausible value within the interval estimate. In the
aforementioned example, the deployment of 500 UN peacekeepers in a particular locality
might indeed be most likely to decrease the likelihood of the continuation of local conflict
by the mean 0.42, rather than any other value in the interval of 0.36 and 0.45. Even so,
some other values around the mean may often be just slightly less plausible than the
mean.
The values close to the upper and lower bounds of the interval are usually the least
plausible values within the interval. But it is sometimes possible that the mean is not the
most plausible value and a value closer to the upper or lower bound is more plausible
than the mean (Kruschke 2015, 342–43).
It is also important to note that the plausibility of the most plausible value may not be as
high as the sum of the plausibility of all other values within the interval. For example, in
the aforementioned study, the plausibility that the mean 0.42 is the true effect size, may
be smaller than the plausibility that any value between 0.36 and 0.45 other than 0.42 is
the true effect size.
Finally, it is even possible that a value outside an interval estimate would turn out to be
the true value when we eventually found out the truth. In the case of the aforementioned
study, although the confidence interval ranges between 0.36 and 0.45, it is not entirely
impossible that the true effect size is something outside the interval, for example, 0.34 or
0.48.
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Of course, because we cannot know the truth a priori (or ever), we do statistical
estimation to do a smart guess. What is important to remember is that an interval
estimate, even if correctly used, only implies a value outside the interval is less plausible
to be the true value than the values within the interval, when we do not know the truth.

4. Alternative approaches
Given these nuances of the common statistical concepts that are associated with
uncertainty, one might wonder whether there is a clearer way to express uncertainty. I
have been working to develop such a way. One possible approach is to present the
probability that a policy intervention has a certain minimum size of effect (Suzuki 2020b).
Probability is an intuitive continuous scale of uncertainty, as often used in everyday life
(e.g., in a weather forecast). For example, one could compute the probability that
peacekeeper deployment will reduce the likelihood of armed conflict at least by 0.05.
A more elaborated approach is to compare an expected cost when a policy intervention
is done, and the one when it is not. These expected costs can be computed based on the
practically useful size of the effect of a policy intervention, the probability that the policy
intervention has such an effect, and the cost of the policy intervention and the cost of
leaving the status quo untouched (Suzuki 2020a). Such an approach enables the direct
evaluation of statistical estimates in light of practical consideration, i.e., a cost-benefit
perspective. For example, one could compare whether it is overall optimal to deploy
peacekeepers in a particular locality, given the statistical estimates of its effect size and
probability to reduce the risk of armed conflict, and the cost of peacekeeper deployment
and the cost of leaving the risk of armed conflict unchanged.
A brief summary of these methods and their applications in a computer program is
available in a blog post in the Connected_Politics Lab at the School of Politics and
International Relations, University College Dublin (Suzuki 2020c).

5. Conclusion
Statistics is the science of uncertainty and allows us to do a smart guess based on
statistical theory. Such a smart guess may be more likely to be right than a random guess.
But it is just “more likely” and not guaranteed to be right. Caution is necessary.
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