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Abstract. Estimations of correlation could be overestimated due to sample errors, measurement noise, and 
biases, but also because of the nature of the correlational coefficient. In particular, it is a dispute whether 
the correlation reflects a single common factor (or few), or that it may emerge from a huge number of com-
mon factors, including contextual ones, so many, that it is impossible to control them all and therefore, it 
is needless to explore them at all. It is a widespread method in psychology to use various questionnaires, 
assuming that they measure some not directly observable psychological constructs. In this context, some 
temporal factors like mood, the current condition, and some more stable ones like cultural or personal 
specifics may produce spurious correlations. Two known psychological biases – ends effect and favorite 
number effect, when answering to questionnaires were simulated and it is demonstrated how they could 
produce moderate spurious correlation.
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Introduction – correlations could 
be overestimated due to sample 
errors, measurement noise, 
and biases

In the context of replication crisis in psychol-
ogy, Stanley & Spence (2014) demonstrate 
that the measurement error alone might pro-
duce large discrepancies between the real 
value of a certain size effect and its empirical 
estimations and that this error could be in both 
directions. Loken & Gelman (2017) further 
on rebut the widespread assumption that both 
measurement error and sample error always 
underestimate size effects. On the contrary, 
small sample sizes and in general, low-pow-
ered studies might often cause overestimating 
it. Hong & Cheng (2019) specify how the lack 
of independence of two responses, combined 
with increasing the measurement noise (in the 
author’s example – by speeding the answers) 
may produce random fluctuation of the esti-
mation of the effect in both directions. In ad-
dition, the assumption that both measurement 
and sample errors are independent of the true 
scores is often questionable.

Any biases during the measurement proce-
dure could obviously produce additional dis-
placement of the estimation of any parameter 
from its real value in both directions. Some 
confounding variables could be source of spu-
rious correlations.

However, it is also possible that the dis-
crepancy between the true scores and their 
estimation is sometimes due to the nature of 
the correlational coefficient. In particular, it 
is a dispute whether the correlation reflects a 
single common factor (or few only), or that it 
may emerge from a huge number of common 
factors, including contextual ones, so many, 
that it is impossible to control them all and 
therefore, it is needless to explore them at all.

What does correlational coeficient 
mean?
Since the concept of correlation emerged at 
the second half of 19th century (see for ex-
ample Stigler, 1989 for a historical review), 
there was a considerable debate about its es-

sence. There are several different views about 
what does correlation mean.

Correlation reflects common factors
It is almost a dogma in psychology that any 
correlation has to have a reason expressed 
with few common factors (or a single one) 
underlying the correlated variables. Any cor-
relation between A and B means either that A 
causes B, or B causes A, or it is a third, per-
haps unseen factor C (latent variable), which 
influences both A and B. Following this view, 
there is a widespread method in psychology 
to use various questionnaires, assuming that 
they measure some psychological constructs 
with a high precision, and then to interpret 
eventual correlations among these question-
naires as being caused by additional not di-
rectly observable factors.

This view about correlation as a result of a 
common cause is advocated by Galton (1889), 
then by Spearman (1961/1904). Psychol-
ogy research still follows it assuming that the 
common cause consists of a single factor or 
at least only a few ones. Further on, Reichen-
bach (1956) explicitly formulated the Com-
mon Cause Principle of correlated events (i.e. 
P(A∩B)>P(A).P(B)) and formalized it math-
ematically, thus trying to expand the probabil-
ity theory, incorporating the Common Cause 
Principle axiomatically.

Independence as a point on a continuum
However, there are other opinions and coun-
terexamples. Starting from the Reichenbach’s 
description of correlated events and using 
the basic rules of probabilities, Hitchcock 
& Miklós (2020) propose radically different 
view of independence and hence, of correla-
tion (see Figure 1). 

There is a positive correlation between 
two events A and B if and only if the inequal-
ity P(AB)>P(A)P(B) is satisfied. What is 
important here is that a lack of correlation, 
i.e. independence of A and B does not mean 
that there are not common factors underlying 
them. In contrary, such a case will result in 
a strong negative correlation (see Figure 1, 
left). Independence is just a point on a con-
tinuum. When we move A and B horizontally 
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(Figure 1), their common area P(AB) changes 
from zero to P(A)1. Independence could be 
observed during this move only at the point at 
which p(AB) becomes exactly equal to P(A)
P(B). But there is nothing special according to 
the underlying common factors here (see for 
additional analysis on another examples also 
Lewis, 1973).

One can think on the scheme on Figure 1 
as a game of darts but also as photons hitting 
a scintillation screen after passing through a 
narrow slit. Finally, Figure 1 could be thought 
as a Venn diagram and hence the argument 
is valid for various types of events. Consider 
as well the following example: If we have a 
standard deck of 52 cards and pick a single 
card randomly, then the events “picking a 
heart” and “picking a queen” are independent. 
However, adding a single joker to the deck 
(which is neither heart, nor queen) destroys 
the independence and the two events become 
correlated. It is hard to imagine any common 
underlying factor(s) that can explain this cor-
relation.

Going back from the events and prob-
ability theory to the variables, consider time 
series correlations. Sober & Elliott (1984) for 
example point that sea level in Venice and 
bread prices in London have both been rising 
during last few centuries, thus they are cor-
related. It is very difficult to assume, however, 
any common factor that causes both risings. 
Researchers from the field of economy for ex-

ample know well this phenomenon – every-
thing rises and this causes correlations.

Pearson’s view of correlation
Being involved deeply in philosophy of sci-
ence, Pearson looks for answers of how to de-
tect causal relations. According to him, cau-
sality is nothing than correlation with tempo-
ral precedence (Pearson, 1892). Correlation in 
turn could be viewed as a weaker form of cau-
sation: “It is this conception of correlation be-
tween two occurrences embracing all relation-
ships from absolute independence to complete 
dependence, which is the wider category by 
which we have to replace the old idea of cau-
sation” (Pearson, 1892, p.157). Thus, Pearson 
actually expand the old concept of causation. 
According to him, causality is not yes or no 
phenomena but can have degrees and cor-
relation is the exact measure of that degree. 
Pearson’s view is in accordance with most of 
the research lines of contemporary economy. 
When the economists look for relationships 
between certain prices for example and vari-
ous other factors like weather, political situ-
ation, etc. they rarely look for any common 
causes. In such cases the causal models are 
more or less clear and non-controversial, thus 
correlation directly could be interpreted as a 
degree of causation.

Pearson, however, does not reject the 
role of eventual common factors for produc-
ing a correlation between two variables. On 
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Figure 1. On the middle panel – independent events A and B (P(AB) = P(A)
P(B)). If we shift the circles representing A and B horizontally, we will see either 
negative correlation (left panel) or positive one (right panel). Nevertheless that 
the independence has important properties, it seems like zero correlation (middle 
panel) is just a point onto a continuum.

1 Assume for simplicity that P(A)=P(B) and P(Ω)=1
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the contrary, he studies their role intensively. 
However, he opposes to the advocates of the 
common factor explanation of correlation re-
garding the number of the eventual common 
factors. Namely, he assumes that the number 
of common factors usually is not one, two, or 
few, but could be very large and even infinite 
(see for deeper details Aldrich, 1995). The im-
perative implication of this position is that it is 
not interesting to study common factors. Pear-
son’s position does not allow us to deduce any 
common factor, nor few such, from the even-
tual correlations among variables. Even more, 
a significant part of the observed correlations 
could be spurious, i.e. produced by uncon-
trolled common factors. For example: “We 
are thus forced to the conclusion that a mix-
ture of heterogeneous groups, each of which 
exhibits in itself no organic correlation, will 
exhibit a greater or less amount of correlation. 
This correlation may properly be called spu-
rious.” (Pearson, Lee, and Bramley-Moore, 
1899, cited by Aldrich, 1995, p. 369). Differ-
ent reasons for eventual spurious correlation 
will be shortly discussed in the next section.

Spurious correlations
Aldrich (1995) analyzes the dispute between 
Pearson, Yule, and others more than a century 
ago. In addition, he summarizes various rea-
sons for observing spurious correlation.

Probably the dispute between Pearson and 
Yule had been initiated from a Pearson’s cri-
tique of the analysis of one of his biologist 
colleagues, Weldon (Aldrich, 1995). Weldon 
(Weldon, 1892, cited from Aldrich, 1995) 
normalized the size of different animal’s parts 
in terms of body lengths. However, Pearson 
notices that if we pick randomly three types 
of bones from different animals and calculate 
two ratios – between the first and third type 
and between the second and the third type, we 
would obtain a spurious correlation. Gener-
ally speaking, if we take three random vari-
ables A, B, and C, there always be a correla-
tion between the ratios A/C and B/C, even if 
A, B, and C themselves are independent. This 
is because if a concrete value of C happens to 
be small, both concrete values of A/C and B/C 

would be large and vice versa. This simple 
observation, however, poses difficult ques-
tions. For example, is it correct to correlate 
entities like GDP per capita and birth rate per 
capita? Actually, many of the variables we use 
are normalized in one or another way. Yule’s 
answer was delicate – he argued the “organic 
nature” of some variables requires ratios, but 
of some other doesn’t. It seems that Pearson 
dislikes such subjective interpretations.

Some confounding variables could be ad-
ditional source of spurious correlations. For 
example, if a psychological research includes 
calculation of correlation between the perfor-
mance of two behavioral tasks and the partici-
pants do the tasks soon one after the other, the 
mood could be such a confounding variable. 
Even if it is no organic correlation between 
the two performances, some people would be 
in a good mood during the examination and 
would achieve good results of both tasks; 
some participants, vice versa, will be under-
estimated in both tasks. Obviously, this could 
produce a spurious correlation.

Let’s bring back to two of the different 
views about the nature of correlation. The 
modern psychology follows Spearman’s and 
Galton’s understanding of the correlation as 
an effect of a common cause. Pearson, how-
ever, realized that it is not necessary to as-
sume a single common cause, even few ones. 
The common causes could be (and in most of 
the cases are) huge number, maybe even infi-
nite number. When we observe a correlation 
between two psychological measures for ex-
ample, it could be due to a latent factor, but 
could be also due to a common context of the 
measurements.

In the next section, two possible sources 
of a common context when measuring psy-
chological constructs with questionnaires on 
Likert scales will be examined.

Psychological effects when testing 
with questionnaires
Ends effect
Batchelor & Miao (2016) propose a meta-
analysis of the so-called Extreme Response 
Style. Some people tend to respond more with 
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the extreme grades to questionnaires. Some 
other people, however, vice versa, avoid them 
and prefer the options from the middle. There 
are significant culture differences (Wang et. 
al, 2008). There are also demographic, racial, 
and maybe gender factors that influence the 
response style (Bachman et. al, 2010). There 
are pieces of evidence that the response style 
is relatively stable (Lau, 2008) but some re-
searchers argue that it depends on contextual 
factors like mood as well (Paulhus, 1991). 
When people have to grade some objective 
characteristics (like lengths of lines, etc.) on 
a Likert scale, there is a rigid tendency people 
to prefer the answers in the middle of the scale 
and to avoid the extremes (Petrov & Ander-
son, 2000, Petkov, 2013).

Favorite numbers
Another example of bias when people answer 
on Likert scales is the fact that often they have 
favorite numbers and arrange their answers 
close around them. The presented individual 
differences according to the preferences of the 
extremes or the middle points are examples 
for specific personal preferences. In addition, 
Moors (2008) find out that the number of the 
available grades (specifically, whether there 
are odd or even number of options) influence 
people’s preferences. Chan (1991) reports for 
dependencies of the order of presentation of 
the available response options to the response 
style of the people. Finally, social desirability 
bias differs in its strength among people and 
may provoke individual differences of consis-
tently lower or higher grades (see for example 
Garland, 1991).

Certainty, there are statistical methods for 
evaluating the strength of exactly these effects 
and hence, to eliminate them. However, these 
are just two arbitrarily chosen biases when 
people answer to questionnaires on a Likert 
scale. The context of filling the surveys may 
include huge number of similar biases. Even 
if we can evaluate statistically the strength 
of each concrete bias, it is challenging to ac-
count for all of them. At least, it is difficult to 
find evidence for separating the influence of 
contextual factors from those of (again not di-
rectly observable) latent variables of interest.

In the next section some computer-sim-
ulated experiments are presented, aiming 
to propose some evidences that the con-
text factors may produce significant spuri-
ous correlations between fully independent 
variables.

Simulations
The purpose of the simulations were to inves-
tigate further the role of the contextual fac-
tors of end effects and number preference on 
the correlation among results of judgment on 
Likert scale. Although the spinous correlation 
among rations A/C and B/C even when the 
variables A and B are independent themselves 
could be theoretically implied, the exact val-
ues of this correlation when the strength of 
the contextual factors vary, is difficult to be 
calculated algebraically. Thus, the simulations 
would give deeper picture of the impact of the 
factors explored. 

Procedure
First, two random variables were indepen-
dently generated from a uniform distribution. 
They were fitted algebraically to 1 to 7 Likert 
scale thus simulating independent (non-corre-
lated) ‘answers’ of a sample of people to two 
different surveys on a 1 to 7 Likert scale.

Second, additional variables were gener-
ated representing various contextual factors. 
Thus, for each simulated participant, we had 
two numbers representing their respective 
simulated latent values for the two question-
naires, as well some numbers representing 
their contextual situation.

Third, additional algebraic manipulations 
were performed, thus adjusting the original 
values to ‘answers’ of the two question-
naires according to the contextual factors. 
Finally, the Pearson’s correlational coef-
ficient between the modified ‘answers’ was 
calculated.

In the first simulation both preference to 
the middle and favorite number biases were 
simulated. The second simulation explored 
the role of the preference to the middle ten-
dency alone; the third simulation was about 
the favorite number alone.
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Simulation 1. Measuring non-correlated 
constructs on Likert scales with ends effect 
and favorite numbers
A set of 100 uniformly distributed random 
numbers were generated and were adjusted 
to discrete answers from 1 to 7 Likert scale. 
Thus, answers of 100 people to one-item 
questionnaire were simulated assuming uni-
form distribution. Let’s call these numbers 
answers of the A test.

The procedure was repeated and 100 inde-
pendent answers of B test were generated.

Not-surprisingly, there was not a signifi-
cant correlation between the two lists of 100 
random numbers. In order to obtain statistical 
results, the procedure was repeated 100 times.

On the next step, the following adjust-
ments were made: Two additional random 
variables were generated with 100 numbers in 
each. Let’s call the first variable “Skew_bias” 
and the second one “Mean_bias”. The Skew_
bias variable was extracted from an uniform 
distribution U[0,1). It represents the tendency 
of people to concentrate their answers around 
the middle of the scale. If we assume a simu-
lated person with Skew_bias = 1, then their 
resulting distribution would be uniform; if 
Skew_bias = 0, all their answers would be 
equal. The Mean_bias represent eventual fa-
vorite number of the simulated person. It was 
extracted uniformly from the whole numbers 
between 1 and 7.

Each of the original variables A and B was 
transformed as a weighted sum of the initial 
numbers and the Mean_bias, using Skew_bias 
as a weight:

A[i] = A[i]*Skew_bias[i] + Mean_bias[i]*
           (1 – Skew_bias[i])
B[i] = B[i]*Skew_bias[i] + Mean_bias[i]*
           (1 – Skew_bias[i])
for each i between 1 and 100.
Thus, the role of Mean_bias could be 

thought also as altering the mean of the origi-
nal variable; and the Skew_bias alters it’s 
variance. The essence of the simulations was 
to look for spurious correlations when alter-
ing the mean and the variance of two variables 
synchronically.

Thus, the resulting scores are still gener-
ated from random numbers but reflect the re-
spective Mean_Biases and Skew_Biases for 
each individual simulated person. The impor-
tant thing is that we assume that people dif-
fer each other on the degree of these biases. 
Thus, each person has their own values for 
both biases and these values reflect their both 
answers to A and B.

Not surprisingly, a moderate correlation 
between A and B was observed. A histogram 
of 100 runs of the simulation is presented on 
Figure 2. The correlation comes fully from 
the third and fourth of the variables, which 

Research Methods & Analytic Approaches                                               Psychological Research, Vol. 25, Nо 1, 2022

Figure 2. Histogram of the correlation coefficients between two 
adjusted lists of 100 random numbers (see text for details)
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participate in the algebraic calculations. How-
ever, they represent natural biases of people’s 
behavior when answering to questionaries’ on 
Likert scales.

Simulation 2. Exploring only the non-uni-
formity of the answers bias
During the second simulation only the Skew_
bias was varied, fixing Mean_bias for all 
simulated participants to the middle grade 4. 
The correlational coefficients vary in accor-
dance of a normal distribution, centered in 
0.0, thus no any spurious correlation had been 
observed.

On the next step, however, the Mean_bias 
was systematically varied among the num-
bers from 1 to 7. Thus, the same influence of 
Skew_bias was explored but for various fixed 
values of the Mean_bias. The results are rep-
resent on Figure 3.

Simulation 3. Exploring only the role of the 
favorite number
During the third simulation only the Mean_
bias varied (it was a generated random vari-
able), fixing Skew_bias to the middle value of 
0.5. The histogram after 100 runs is presented 
on Figure 4.
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Figure 3. The mean spurious correlational coefficients produced by the 
non-uniformity bias for various fixed values of the favorite number bias

Figure 4. Histogram of the correlation coefficients between two ad-
justed lists of 100 random numbers varying only the favorite num-
ber bias among the simulated participants
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On the next step, the Skew_bias system-
atically varied among the interval [0, 1) with 
step 0.05. Thus, the same influence of Mean_
bias was explored but for various values of 
the Skew_bias. The results are represent on 
Figure 5. 

Summary of the results and discussion
The first simulation demonstrates a moder-
ate spurious correlation (about r=0.50) when 
altering two independent variables algebra-
ically. The results of the simulation are not 
surprising. The findings could be proven ana-
lytically, thus the simulation could be viewed 
as a demonstration only. It is interesting that 
Pearson (1897) found out that correlations 
about 0.4-0.5 might arise when calculating 
rations of variables with equal variance. He 
argued that the null hypothesis should be set 
to the value of 0.5 of correlational coefficient 
instead of 0.0. Only correlations significantly 
above 0.5 should be interpreted. Otherwise, 
one could be a spurious correlation.

The altering of the independent variables 
in the first simulation resulted in similar value 
for the spurious correlation. This result came 
from algebraic manipulations with random 
variables, thus the setting could be interpreted 

as relatively close to a real-world situation.
Instead, during the next simulations the 

roles of the two biases were studied systemat-
ically. As seen from the second simulation, it 
seems the role of moving the mean have much 
greater impact than changing the variance. 
When we move each pair of the values of two 
independent variables on one or another di-
rection, obviously a correlation will emerge. 
When we move the variance only, however, 
there is no reason for that.

The third simulation, however, demon-
strates again the combined role of the two 
biases on the emergence of spurious correla-
tions. Changing the mean alone has a large 
impact. Changing the variance alone doesn’t. 
However, altering the variance modulates 
the effect of the mean changing. Actually all 
positive numbers from 0.0 to 1.0 are possible 
values for spurious correlation in certain cir-
cumstances.

Conclusions
The psychological program for looking for a 
net of latent variables that may explain a lot of 
the people’s behavior had been launched more 
than a century ago with the work of Spear-
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Figure 5. The mean spurious correlational coefficients produced by the 
favorite number bias for various fixed values of the non-uniformity bias
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man, Galton, and others. The general idea is 
that looking on the correlations among vari-
ous behavioral manifestations, we may de-
duce the existence of such latent variables. 
Further on, we may design questionnaires 
for a precise measuring these invisible latent 
variables. Even further on, we may produce 
for a network of psychological constructs and 
precisely calculate the distances among them.

Even Spearman had noticed some of the 
challenges of this ambitious program. His 
analysis of the previous studies resulted in a 
large list of methodological issues when do-
ing such psychological conclusions.

Nowadays, although the statistical tools 
are very advanced, still many of the stud-
ies could be criticized for methodological 
issues. There are hundreds of psychologi-
cal constructs proposed, with various dif-
ferent possible interconnections among 
them, without a clear consensus among the 
researchers almost everywhere. In addition, 
we witnessed the replication crisis in psy-
chology (see for ex. Maxwell et. al., 2015, 
Loken & Gelman, 2017) and the publication 
bias one (for ex. Easterbrook et. al, 1991). 
Most of these problems could be due to some 
bad scientific practices. However, we should 
admit that the research program for finding 
a clear rigid network of latent psychological 
constructs that may explain a lot of the hu-
man behavior is not much advanced from the 
earlier Spearman’s work. This failure could 
not be explained purely with some bad sci-
entific practices only, nor with methodologi-
cal issues. Maybe we should reconsider the 
essence of the program itself and in particu-
lar, the assumption that exploring the corre-
lational coefficients among some measures 
may lead us to understanding behavior in 
terms of invisible, latent factors.

The early Pearson’s work may guide us 
why this assumption could be wrong. He op-
posed to Yule, Spearman and others on the idea 
of an existence of a single factor (or few only) 
that could explain the correlations. Instead, he 
assumed that correlations may emerge from 
a huge number of common factors, so many, 
that it is impossible to control them all and 
therefore, it is needless to explore them at all.

In particular, it is a widespread method 
among the psychologists to use various ques-
tionnaires assuming that they measure with a 
high precision some psychological constructs 
and to correlate them to interpret eventual 
correlations as being caused by additional 
not directly observable factors. Following 
the line of thought of Pearson, however, the 
basic assumption of this method is question-
able. The correlational coefficients are due to 
all common factors.  Some of them could be 
the wanted variables, but others may come 
from the context. Part of this context could 
be temporal, like mood and the current con-
dition. Another part of this context could be 
more stable and could come from the culture 
or from some personal specifics.

The presented simulations explored two 
such possible contextual factors – the tenden-
cy of people to have preferred ratings and the 
bias for skewed, non-uniformly distributed 
answers. People differ each other on these bi-
ases depending on the culture, demographics 
and some personal specifics. Relatively large 
spurious correlations (about r=0.5) emerged 
in simulated settings for these biases only, 
without any hidden latent factors. Although 
the simulations were very simple (they are 
implemented on few lines Python code), they 
could be easily replicated and even analyti-
cally could be supposed that the results would 
be rigid.

Of course, the results from the simulations 
do not prove that many of the psychological 
conclusions based on correlations between 
questionnaires are wrong. The simulations 
show only that it is possible some of them to 
be not accurately estimated. Unfortunately, it 
is not easy to distinguish what portion of the 
correlational coefficient is due to important 
latent factors and what portion is due to con-
textual factors. 

There are some additional limitations of 
the presented simulations. For example, ad-
ditional effort is needed to judge whether the 
negative correlations, which are part of the 
psychological program for extracting a net-
work of interconnected not directly observ-
able psychological constructs, could be due 
to some contextual factors, irrelevant to the 
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concrete studies. Although there are a lot of 
evidences for the two simulated biases, addi-
tional empirical investigation of the assump-
tions behind the simulations would be helpful 
for better understanding of the problem.

Finally, the presented study is focused on 
the nature of the correlation itself, even with-
out the context of the psychological research. 
Correlation is probably the concept that is in 
the hearth of the whole statistics. It is definite-
ly one of the most important concepts and un-
derlies most of the statistical methods. Deeper 
philosophical understanding of the essence of 
this concept would result in a significant prog-
ress of research methods.
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