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Abstract

Database (DB) exploitation is an essential tool in medical and epidemiological research, enabling the extraction of hidden insights from
large volumes of information through statistical analysis. This work provides a methodological reflection on two critical aspects of such
studies, namely sample size and confounder detection via multivariate analysis. When working with databases, researchers must perform
statistical inference based exclusively on the available data and therefore often ask whether the fixed sample size is sufficient to detect

relationships of interest. In most cases, no threshold value separates valid sizes from invalid ones, as statistical power increases gradually

and depends on multiple parameters, with no fixed cutoff points. Even when the results are inconclusive (high p-values), possibly because

of limited sample size, their publication is essential to feed future meta-analyses that may provide more solid conclusions. DB analysis
requires discriminating between general and circumstantial associations. Although the relationships revealed by univariate analysis
maintain their descriptive value, the accuracy of their interpretation can be increased by identifying possible confounding factors.
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1. Introduction

Recent technological developments have enabled the
orderly collection and archiving of large amounts of infor-
mation in all areas of science (including medicine and so-
ciology) and life in general. These databases (DBs) con-
tain useful information that is not visible at first glance but
can be revealed by descriptive and inferential statistical re-
search. Access to data in this study variant has specific pe-
culiarities, such as selection bias, information bias, and data
quality, which merit careful attention and detailed com-
ments that may be addressed in subsequent articles. Herein,
we focus on two areas where researchers without statistical
training most frequently need specific advice, namely sam-
ple size and multivariate analysis—based confounder detec-
tion.

2. Sample Size

When working with DBs, researchers can only per-
form inference using the available individuals, i.e., the sam-
ple size is fixed. The corresponding p-values indicate the
degree to which the data contradict the null hypothesis pro-
posed at each moment and support the hypothesis that the
effect found in the sample also occurs in the population. If
the p-value is relatively large, i.e., if the significance of the
result is relatively low, the sample size cannot be increased,
although prospective and retrospective studies can be sub-
sequently conducted to test the same hypothesis.

Suppose that according to the examined DB, severe
migraine affects 10% of sedentary people and 3% of ath-

letes, the advantage in favor of sedentary people being 7
percentage points. Let us examine the effects of DB size on
the results of statistical inference. For 500 people in each
group, p < 0.00001, the 95% confidence interval (CI) for
the difference in population proportions is (4% and 10%),
and the effect size (Cohen’s /) is 0.29 with a 95% CI of
[0.163, 0.413], i.e., the result is very conclusive. For 50
people in each group, p = 0.16, the 95% CI for the dif-
ference in population proportions is (—3% and 16%), and
the 95% CI for the effect (Cohen’s 4) is [-0.108, 0.684],
i.e., the result is not conclusive, and more information is
required. However, the latter result deserves publication
because it could be very useful when evaluated alongside
other information on the subject—for example, helping a
meta-analysis yield more solid conclusions.

One often wonders whether a given sample size is suf-
ficient to detect relationships of interest. Contrary to a fairly
widespread error among researchers, there is no thresh-
old value that separates valid from invalid sample sizes
[1,2,3,4]. The basic logic of statistical inference indicates
that the ability to detect population relationships—that is,
the statistical power of the study—increases progressively
with sample size. This gradual transition has no cutoff
points or boundary values that separate sufficient sizes from
insufficient ones. For example, it is obvious that a power of
12% is very low and that of 97% is very high. However, it
is equally obvious that there is no tipping point separating
low- and high-power zones. The related decision-making
relies on basic logic that concerns both this parameter and
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many others in science and life in general. Moreover, the
statistical power of an investigation is NOT a fixed value
specific to each study but depends on sample size and other
parameters, which, in turn, are not univocally established
[5,6].

Therefore, in most cases, it is incorrect to say that
the DB size is (in)adequate to provide sufficient statisti-
cal power. The related misconception ecosystem is deeply
rooted in the research and should be addressed through sys-
tematic educational efforts focused on the following basic
concepts.

(A) No specific value separating sufficient and insuf-
ficient power exists.

(B) The power of a contrast depends on the variability
of the variability for a quantitative variable and the relative
frequency of those cured with placebo for a qualitative vari-
able, data that are not precisely known.

(C) The power of a contrast depends on the alpha value
that is agreed upon as significant; however, this value can
broadly vary.

(D) The power of a contrast depends on the magnitude
of'the real effect (that in the population), which is not known
by definition, as elucidating this magnitude is the aim of the
study.

(E) Every data analysis involves several variables,
each with its own estimates of variability, agreed alpha
value, and real effect taken as a reference.

However, indicative estimates can be made to deter-
mine what levels (approximately) of power correspond to
what levels (approximately) of the alpha value, real effect,
and variability. For example, if a certain dichotomous char-
acteristic in a population is found in 60% of women and
50% of men, for a DB with N = 1600, the power to de-
tect this difference with a p-value of <0.05 is ~97.3%. For
population percentages of 10% and 20%, respectively, the
power is ~99.9%. For a quantitative variable, the power to
detect (p < 0.05, two-tailed) a real mean difference equiv-
alent to 0.2 deviations is 97.5%.

Finally, although sample size determines the ability to
reach statistical significance, the clinical utility of a study
transcends the volume of data. The relevance of the find-
ings depends on the solidity of the research question, which
defines the relevance of the analysis; the frequency of the
results, essential to guarantee power in rare events; data
variability; and the required precision, which establishes the
margin of rigor necessary for a valid clinical interpretation.

3. Confounding and Intermediate Factors

The interpretation and practical impact of confound-
ing factors depend on the type of sampling and the objective
of each study phase. In general, general associations should
be distinguished from circumstantial associations in the cur-
rent sample [7]. Furthermore, the conclusion reached when
exploiting a DB may be different from that reached when

two or more independent samples are taken, as explained
below.

Suppose that according to our DB, severe migraine af-
fects 10% of men and 27.5% of women, with the explo-
ration of anemia as a possible confounding factor revealing
the following results (Table 1).

Table 1. Number and proportion of migraine cases according
to sex and presence or absence of anemia.

Men Women

Total Migraine Migraine (%) Total Migraine Migraine (%)

All 10,000 1000 10.0% 10,000 2750 27.5%
N

© . 8000 400 5.0% 1000 50 5.0%
anemia

Anemia 2000 600 30.0% 9000 2700 30.0%

(A) In people with anemia, migraine affects men and
women equally (30% in each sex).

(B) In people without anemia, migraine also affects
men and women equally (5% in each sex).

(C) In the raw data, migraine is more frequent in
women (27.5%) than in men (10%).

In this case, anemia is a clear confounding factor, and
the correct thing to do is ignore the raw effect and conclude
that sex and suffering from migraine are unrelated to each
other. Although this is true, the following nuances should
be considered.

If the higher proportion of anemia in women in the
sample (90% compared with 20% in men) reflects that at
the population level, we conclude that in the population, mi-
graine is more frequent in women because anemia is more
frequent in them, i.e., anemia is a part of the mechanism that
makes migraine more frequent in women. The fact that the
greater presence of anemia in women (90% vs. 20%) is the
cause of the greater presence of migraine in them (27.5%
vs. 10%) does not change this fact and its epidemiological
importance. Similarly, any other circumstantial association
between two variables does not have less relevance if it may
be mediated by intermediate factors.

Therefore, if the initial analysis of the DB aims to re-
veal empirical relationships between variables, the associ-
ations revealed by univariate analysis are not definitively
invalidated by possible confounders [8,9]. The clinical and
epidemiological importance of each relationship is not com-
promised by the detection of intermediate factors. In fact,
the identification of confounders through multivariate anal-
ysis can help better understand the action mechanisms in-
volved in each univariate relationship.

In a scenario where the data in Table 1 are not found in
a DB but refer to four random samples (8000 men without
anemia, 2000 men with anemia, 1000 women without ane-
mia, and 9000 women with anemia), the situation is very
different. In this case, we conclude that anemia appears
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more frequently in women because we have chosen to take
samples of these sizes, with the 90% of anemia in women
and 20% in men not reflecting any population value. We
find that in our samples, migraines are equally frequent in
both sexes, and there is no indication that the correspond-
ing frequencies are different in the population. In this case,
anemia is a confounding factor. The values of 10% and
27.5% in the first row, which suggest a general association
between sex and migraine, are numerical artifacts that do
not provide useful information because they do not repre-
sent population values.

The above reasoning is not mathematical but logical
and can be difficult to follow for professionals insufficiently
familiar with data analysis. Even statisticians need to make
efforts to capture the essence of these relationships and
draw correct conclusions, depending on the type of sam-
pling and study objective. Most doctors and other health
professionals need to make even greater and not always suc-
cessful efforts. Hence, information of this type is most ef-
ficiently analyzed when doctors and data analysts work to-
gether.

Consider another very intuitive example of circum-
stantial association: Among primiparous mothers, the per-
centage of newborns with hypoxia problems due to pro-
longed labor is much higher in a certain private hospital
A that serves high-economic-level women than in a pub-
lic hospital B that serves low-economic-level women. This
information is useful for making specialized care plans for
hypoxia-affected newborns. Multivariate analysis reveals
that age is a decisive confounding factor, as primiparous
women at A are much older on average than those at B.
This indicates that high economic level is not the cause of
the higher incidence of hypoxia; however, the proportion
of newborns with hypoxia is still higher in A, and knowing
this helps provide the necessary resources.

The following two statements are true and compatible,
although this is not obvious at first glance.

(A) The proportion of newborns with hypoxia is much
higher in hospital A than in hospital B.

(B) Giving birth in hospital A does NOT entail more
risk of having a newborn with hypoxia than giving birth in
hospital B. Each mother’s risk depends on her age, not the
hospital.

The data suggest that to minimize the risk of a birth
with hypoxia, the most effective strategy is not choosing
hospital B but advancing the maternal age.

4. Conclusions

When exploring DBs, researchers do not determine
the sample size but are rather tasked with performing statis-
tical inference on the set of available individuals. Contrary
to a common belief among professionals with little train-
ing in statistical analysis, no numerical threshold exists that
separates valid from invalid sample sizes. Conceptually,
there is no critical cutoff value, and questioning whether
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the DB size is sufficient to detect relationships of interest is
therefore inappropriate.

The interpretation of confounding factors and their
practical impact directly depends on the sampling nature
and objectives of each study phase. General associations
should be distinguished from circumstantial ones in the cur-
rent sample. The conclusions drawn for a single DB may
differ from those drawn when two or more independent
samples are taken. If the initial DB analysis aims to iden-
tify empirical relationships between variables, the associa-
tions detected byunivariate analysis retain their descriptive
value, although multivariate analysis can enrich the study
by helping explain the involved action mechanisms.
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