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Abstract 
 
When dealing with the economic science quantitative approach, many researchers instantly think of resorting to a 
parametric analysis, be it based on simple or multiple regressions, Bayesian inferences or on other specific techniques. 
Unfortunately, this is not always possible, as the available data is sometimes, inappropriate for a parametric use. In 
such case, the non-parametric-based analysis becomes a key quantitative instrument at the disposal of researchers, 
which it encompasses a large range of items highly useful in revealing the non cause-effect correlational relationship 
between variables or for statistically testing various aspects specific to such type of data, elements described in brief 
in the present paper.  
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INTRODUCTION 

 

The quantitative analysis of data, as a complement 

or substitute of the qualitative approach of the same 

data, becomes very important in an increasingly 

data-based world, especially when we have to do 

with economic studies.  

Such data, emerging from questionnaires, focus-

groups, surveys, registrations, reports or from any 

other collecting form, provide us with all the 

necessary issues to deepen our purely theoretical 

analysis. They allow us to establish any possible 

cause-effect or no cause-effect relationship 

between items, processes or phenomena, to 

determine the level of influence of the same item 

on a given, endogenous item, process or 

phenomena or to predict the evolutionary trend of 

such elements, in the short, medium or long run, to 

mention just some, the most at hand, possibilities. 

However, when quantitatively dealing with data, 

various aspects should be carefully considered in 

order to get pertinent results and to be in the 

position of adequately grounding the stated facts. 

The first thing to do is to procure, by own efforts or 

from data collectors, data corresponding to our 

needs or rather, to the needs of our research. The 

next step is to identify the type or data we have got: 

nominal, ordinal or scalar, each such type of data 

being fit for specific forms of analysis. Moving on 

to the last category of data, we should see if they 

meet the requirements for their use by resorting to 

parametric instruments or a non-parametric set of 

tools if it is the only one available. 

As for nominal and ordinal data, certainly destined 

for non-parametric approaches, a clear 

understanding and, at the same time, a clear 

differentiation of the proper instruments to be used 

in such respect is, without any doubt, strictly 

necessary.  

For these reasons and not only, we decided to 

render thereafter, in brief, the main tools being at 

the disposal of researchers when dealing with non-

parametric data. 

As for their connection to economic studies, this 

emerged from the preconception that economic 

studies are based on statistical data allowing, for 

instance, for the carrying out of a regression-based 

analysis, or, generally speaking, allowing for a 

parametric approach and its related forms, the 

rejection of this possibility being construed as a 

lack of knowledge of the researcher.  

Apart from the fact that the distribution of variables 

collected for economic analyses might turn 

apparently parametric scalar data into data 

approachable via non-parametric instruments, the 

data can also be obtained, even in treating 

economic processes or phenomena (as the 

economic science is part of the broader category of 

social sciences), from questionnaires, for instance, 

such data being, in many cases, ordinal or even 

nominal by nature, the latter two cases imposing 

the use of specific non-parametric instruments. 

Therefore, everything in this paper is tangent to the 

non-parametric approach, revealed both from the 

perspective of the differentiation between the 

related tools, in section 2, and from the one of the 

brief depiction of the same, in sections 3 and 4, the 

last part being dedicated to Conclusions, 

summarising the main issues of the present study. 

 

 

NOMINAL VS. ORDINAL DATA ANALYSIS 

INSTRUMENTS 

 

Every time when we decide to resort to a 

quantitative analysis, we should perform a 

preliminary analysis of our data. How many 

observations do we have for our data? Are they 

cross-sectional or panel data? Are they nominal 

(dichotomous or not), ordinal or scalar (interval or 

ratio) data? Do they have a normal distribution or 

not? …and many other questions should be part of 

our concern. 

If we deal with nominal or ordinal data, or with 

scalar data not complying with the Gaussian 

distribution criterion, or involving a low number of 

observations (usually under thirty), we should, 

clearly, orient our attention towards non-parametric 

techniques. The question being raised at this stage 

is: Do all non-parametric techniques apply to non-

parametric data? And the answer is: No.  

We have specific parametric techniques when 

dealing with nominal data, ordinal data or ordinal-

assimilated scalar data. Of course, the techniques 

usable for nominal data (the weakest type of data) 

can also be applied to the other two categories, but, 

by acting in this way, we lose a lot of precious 

information. On the other hand, using ordinal or 

scalar data specific techniques for nominal data is 

not recommended, the output being subject to 

significant distortion, thus, being turned into 

incorrect and useless pieces of information. 

More precisely, when dealing with nominal data, 

our quantitative perspective is significantly 

restricted. The analysis of any central tendency 

indicators as well as of data variability indicators is 

meaningless.  

The only thing we can do as basic descriptive 

statistical operation is to determine the absolute 

frequency and the relative frequency for the related 

variables.  

In terms of analytical statistics, namely the study of 

the relationship between two or several variables 

out of which at least one is a nominal data 

(including dichotomous data) variable, we have the 

possibility to identify any possible contingency 

affecting the same, via the so called cross-

tabulation. This table provides us with useful 

information, supporting the identification of the 

association or non-association of certain variables, 
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issues effectively detectible via Pearsonχ2 

contingency coefficient (Pearson, 1900), tool 

specifically conceived for this purpose.  

Also known as χ2 statistical or concordance test, 

this indicator, which checks the association 

validity, fails to reveal the intensity of such 

relationship, the latter being in charge of other 

specific indicators (φ association coefficient, cc 
contingency coefficient, Cramer 𝜈 association 
coefficient or Goodman and Kruskal λ association 

coefficient). 

A series of statistical tests can also be used for 

treating non-parametric data, the one destined for 

nominal data being the above-mentioned χ2 test, 

useful not only for detecting the association 

between variables, but also for revealing the 

differences between the same, by comparing the 

observed versus estimated distribution of data, thus 

allowing for the acceptance or, on the contrary, of 

the null hypothesis. The same applies to a χ2 

derived statistical instrument, namely the 

likelihood ratio test. 

As for ordinal data variables, involving ranking, the 

frequency, median and mode are the most relevant 

elements of descriptive statistics to be considered, 

while the related mean, although sometimes taken 

into account when dealing with such analysis, is 

not quite meaningful, unless such scale is 

assimilated to an interval one (as sometimes 

encountered in Likert scale cases). 

In respect to the analytical statistics, the 

relationship between variables is approached at 

correlational level, the ranking specificity of data 

allowing for identifying to what extent the 

variables concerned vary together, as well as the 

direction of such variation and the significance of 

the same. In this respect, Spearman ρ, Kendall τor 

Goodman and Kruskal γcorrelation coefficients are 

the most frequently encountered choices, while 

Kendall Wconcordance coefficient might be used 

when dealing with the agreement or disagreement 

of different entities in terms of appreciation of a 

given individual, group, item, process or 

phenomenon. 

When approaching correlational relationships and 

not just simple associations of variables, a 

correlational graphical representation might be also 

relevant. If data are not scalar, but purely ordinal, 

the visual identification of such correlation might 

raise some difficulties. However, a Likert scale 

data analysis, with clearly delimited and equal 

distance ranks, for instance, doubled by a jitter-

based correlational representation, might shed 

some light on the matter. 

In terms of useful statistical tests for ordinal data, 

we should consider the median test, Mann-Whitney 

U(rank sum) test or, in case of several variables, 

Kruskal-Wallis H test (one-way ANOVA on ranks) 

(Kruskal and Wallis, 1952), applicable to 

independent samples, in order to determine the 

distribution-based homogeneity of data, if any, 

respectively the sign (sample median) test or 

Wilcoxon (signed ranked) test, for pair samples, 

usually usable for revealing the significance of the 

differences arising from two research cases relating 

to the same entries. 

 

 

INSTRUMENTS SPECIFIC TO NOMINAL 

DATA ANALYSIS 

 

As mentioned above, when coming to analyse 

nominal data from a quantitative perspective, 

various restrictions are encountered. 

Specifying, for instance, the number of 

observations presenting one characteristic or 

another or the number of respondents to a 

questionnaire adhering to or rejecting a given idea 

(a observations / b observations out of the total 

number of n observations), respectively their 

percentages of the same in relation to the whole 

sample (a% / b%), representing, in fact, absolute, 

respectively relative frequencies, are the only 

elements of descriptive statistics usable in case of 

nominal data. 

When making a bivariate or multivariate analysis, 

dealing with more than only one variable, and at 

least one of them nominal by nature, cross-

tabulation is an appropriate way of preliminary 

identifying a possible association between 

variables.  

Based on the information displayed by such table, 

namely the observed and estimated absolute 

frequencies, as well as the arising residuals, 

reflecting the difference between the same (the 

positive value of which gives some clues about a 

possible contingency), we can compute the 

dimensional and non-directional χ2 Pearson 

contingency coefficient (1), the latter either 

confirming or infirming our initial supposition 

related to the existence or non existence of such 

association.   

 

𝜒2 = ∑ ∑
(𝑓𝑟𝑒𝑞𝑜𝑏𝑠𝑖𝑗

−𝑓𝑟𝑒𝑞𝑒𝑠𝑡𝑖𝑚𝑖𝑗
)
2

𝑓𝑟𝑒𝑞𝑒𝑠𝑡𝑖𝑚𝑖𝑗

𝑧
𝑗=1

ℎ
𝑖=1 (1) 

with freqobs representing the observed absolute 

frequency, freqestim, the estimated absolute 

frequency, h, the number of ilines, and z, the 

number of j columns of the cross-tab 

For outlining the intensity of the association, the 

statistical significance of which is determined via 

Pearson χ2 contingency coefficient, we use one of 

the three χ2 originating items: φ association 

coefficient (for dichotomous variables) (2), cc 

contingency coefficient (for polychotomous 

variables) (3) or Cramer 𝜈coefficient (for both 

dichotomous and non-dichotomous variables) (4) 

(Opariuc-Dan, 2011) 
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𝜑 = √
𝜒2

𝑛
(2) 

𝑐𝑐 = √
𝜒2

𝜒2+𝑛
(3) 

𝜈 = √
𝜒2

𝑛[𝑚𝑖𝑛(ℎ,𝑧)−1]
(4) 

with min (nolin,nocol) representing the lower value 

between the number of cross-tab lines and 

columns. 

If the purpose of our nominal data-related study is 

to analyse how much of the variance of one 

variable we are able to forecast based on the 

variance of another one, we resort to Goodman and 

Kruskal λ association coefficient (5) 

 

𝜆 =
[∑ 𝑚𝑎𝑥(𝑓𝑟𝑒𝑞𝑖)

𝑧
𝑖=1 ]−𝑚𝑎𝑥(𝑓𝑟𝑒𝑞𝑗)

𝑛−𝑚𝑎𝑥(𝑓𝑟𝑒𝑞𝑗)
(5) 

with max(freqi) representing the maximum 

observed frequency per each line i of the cross-tab 

and max(freqj), the maximum total observed 

frequency per column j of the same. 

As the basic statistical test for nominal data, 

namely χ2 test, has been already rendered (1), the 

last issue to specify in relation to the testing of such 

type of data concerns χ2 based likelihood ratio test 

(6). 

 

𝐿𝜒2 = 2∑ ∑ 𝑓𝑟𝑒𝑞𝑜𝑏𝑠𝑖𝑗𝑙𝑛
𝑓𝑟𝑒𝑞𝑜𝑏𝑠𝑖𝑗

𝑓𝑟𝑒𝑞𝑒𝑠𝑡𝑖𝑚𝑖𝑗

𝑧
𝑗=1

ℎ
𝑖=1 (6) 

 

Of course, all statistical tests will be considered in 

relation to a significance level p˂ .05, the 

compliance with the same determining the rejection 

of the null hypothesis (stating that there is no 

association relationship between variables) whereas 

the non-compliance determines its acceptance. 

 

 

INSTRUMENTS SPECIFIC TO ORDINAL 

DATA ANALYSIS 

 

Going forward to ordinal data specific techniques, 

the basic descriptive statistics come with some 

new, although not so spectacular elements.  

Besides the previously mentioned absolute and 

relative frequencies, computable also for nominal 

data, we can additionally resort, in this case, to 

median (the value of the middle element out of the 

ones placed in ascending or descending order or the 

average value of the middle elements of the same, 

in case we deal with two such items) and to mode 

value (the most frequently encountered value – 

which is also identifiable via the cross-tab related 

absolute or relative frequencies).  

The directional rank correlational coefficients, fit 

for ordinal data, bring more power to the above 

described analysis concerning the relationship 

between variables.   

Spearman ρ correlation coefficient (usable for 

ordinal data or scalar data inappropriate for a 

parametric approach) (Gibbons, 1993) (7), Kendall 

τ correlation coefficient (specifically designed for 

ordinal data) (8) or Goodman and Kruskal γ 

(applicable for ordinal data-related predictions) (9) 

are largely used when undertaking to determine 

both the intensity and the direction of a statistically 

significant correlation between two variables at 

least ordinal as type 

 

𝜌 =
𝑛∑𝑟𝑘𝑥𝑟𝑘𝑦−∑𝑟𝑘𝑥∑𝑟𝑘𝑦

√[𝑛∑𝑟𝑘𝑥
2−(∑𝑟𝑘𝑥)

2][𝑛 ∑𝑟𝑘𝑦
2−(∑𝑟𝑘𝑦)

2
]

   (7) 

with rkx, respectively rky representing the ranks of 

the analysed variables. 

 

𝜏 =
𝑛𝑐𝑐−𝑛𝑑𝑐

√𝑛(𝑛−1)

2
−∑

𝛼(𝛼−1)

2
ℎ
𝛼=2 𝑎𝛼×√

𝑛(𝑛−1)

2
−∑

𝛽(𝛽−1)

2
𝑧
𝛽=2 𝑎𝛽

   (8) 

with ncc, respectively ndc representing the number 

of ranked elements concordant, respectively 

discordant pairs, 𝛼 and 𝛽, the number of elements 

having the same rank, for the variables x, 

respectively y, and a𝛼, respectively a𝛽, the number 

of associations, for 𝛼,respectively for𝛽, for the 

variables x and y 

 

𝛾 =
𝑛𝑐𝑐−𝑛𝑑𝑐

𝑛𝑐𝑐+𝑛𝑑𝑐
   (9) 

 

The Kendall W concordance coefficient (10), non-

directional as compared with the ordinal data 

specific coefficients, is mainly used when 

analysing the level of concordance between various 

individuals or groups of individuals as to a given 

feature of other individuals or groups of individuals 

or in respect to a given characteristic of an object 

or event.  

 

𝑊 =
12{∑ 𝑟𝑘𝑖𝑗

2ℎ
𝑖=1 −ℎ[

𝑧(ℎ+1)

2
]
2
}

𝑧2(ℎ3−ℎ)
   (10) 

with rkij representing the rank assigned by each of 

the z evaluators j to each of the h features or 

characteristics i. 

The median test (11), a variant of χ2 test, however 

dedicated to the testing of ordinal data-related 

variables, is usually recommended for small size 

independent samples, the moderate and large ones 

requiring rather other similar tools, such as Mann-

Whitney U test (12) or, in case of many variables, 

Kruskal-Wallis H test (13). 
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𝜒𝑚
2

=
𝑛(𝑓𝑏𝑚1

𝑓𝑎𝑚2
− 𝑓𝑎𝑚1

𝑓𝑏𝑚2
)
2

(𝑓𝑎𝑚1+𝑓𝑏𝑚1
)(𝑓𝑎𝑚1+𝑓𝑎𝑚2

)(𝑓𝑎𝑚2+𝑓𝑏𝑚2
)(𝑓𝑏𝑚1+𝑓𝑏𝑚2

)
 

(11) 

 

with fbm1, respectively fbm2 representing the absolute 

frequencies for the two categories of the exogenous 

variable, the values of which are below the median 

value of the entire range and fam1, respectively fam2, 

the absolute frequencies for the same, the values 

being, this time, the ones placed above the related 

median value  

 

𝑈 = 𝑚𝑖𝑛 (
∑ 𝑛1𝑖𝑟𝑘𝑖
ℎ
𝑖=1 −

𝑛1(𝑛1+1)

2
,

∑ 𝑛2𝑖𝑟𝑘𝑖
ℎ
𝑖=1 −

𝑛2(𝑛2+1)

2

)(12) 

with n1, respectively n2 representing the number of 

observations for each category of the exogenous 

variable andn1i, respectively n2i, the number of 

observations for each category of the exogenous 

variable with the same rank i(rki) out of the h ranks 

 

𝐻 = (𝑛 − 1)
∑ 𝑛𝑚[

∑ 𝑟𝑘𝑖𝑚
𝑛𝑚
𝑖=1
𝑛𝑚

−
(𝑛+1)

2
]

2

𝑠
𝑚=1

∑ ∑ [𝑟𝑘𝑖𝑚−
(𝑛+1)

2
]
2

𝑛𝑚
𝑖=1

𝑠
𝑚=1

   (13) 

with nm representing the number of observations 

for each of the categories of the exogenous 

variable, rkim, the rank of the observation i 

belonging to the category m, and n, the total 

number of observations of the exogenous variable. 

Instead, when treating ordinal data coming from 

pair samples, the tests recommended to be used are 

different, not the above mentioned ones, the most 

known being mentioned in section 2, namely the 

sign test (14-18) or Wilcoxon test (19-21).  

Such tests, usually involving a sample analysed in 

two different instances (before and after) are 

destined for the identification of the significance of 

the differences encountered between the two 

instance-related cases, if any.  

 

𝑆(𝑛, 𝑠)(14) 

𝑛 = 𝑛𝑝𝑜𝑠 + 𝑛𝑛𝑒𝑔(15) 

𝑛𝑝𝑜𝑠 = 𝑐𝑜𝑢𝑛𝑡𝑝𝑜𝑠(𝑣𝑎𝑓𝑡𝑖 − 𝑣𝑏𝑒𝑓𝑖)(16) 

𝑛𝑛𝑒𝑔 = 𝑐𝑜𝑢𝑛𝑡𝑛𝑒𝑔(𝑣𝑎𝑓𝑡𝑖 − 𝑣𝑏𝑒𝑓𝑖)(17) 

𝑠 = 𝑚𝑖𝑛[𝑛𝑝𝑜𝑠, 𝑛𝑛𝑒𝑔](18) 

with n representing the number of cases, s, the 

reference value, and npos, respectively nneg, the 

number of positive, respectively negative 

differences between the second instance value (vaft) 

and the first instance value (vbef),computed at the 

level of the entire range of observations i 

 

𝑊𝑐𝑜𝑥 = ∑ 𝑣𝑑𝑓_𝑧𝑒𝑟𝑜𝑖𝑟𝑘𝑑𝑓_𝑎𝑏𝑠𝑖
𝑛𝑑𝑓_𝑧𝑒𝑟𝑜
𝑖=1

(19) 

𝑛𝑑𝑓_𝑧𝑒𝑟𝑜 = 𝑐𝑜𝑢𝑛𝑡𝑑𝑓_𝑧𝑒𝑟𝑜(𝑣𝑏𝑒𝑓𝑖 − 𝑣𝑎𝑓𝑡𝑖)(20) 

𝑣𝑑𝑓_𝑧𝑒𝑟𝑜𝑖 = 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝑑𝑓_𝑧𝑒𝑟𝑜(𝑣𝑏𝑒𝑓𝑖 − 𝑣𝑎𝑓𝑡𝑖)(21) 

with ndf_zero representing the cumulated number of 

positive and negative differences between the 

second instance value (vaft) and the first instance 

value (vbef), computed for the entire range of 

observations i, vdf_zero, the level of such positive and 

negative values, computed for each and every 

observation, and rkdf_abs, the rank assigned to each 

and every vdf_zero, given such values in module. 

In these cases too, the significance threshold to 

which we relate our test values is p˂ .05, any 

compliant result standing for the existence of a 

correlational relationship between variables. 

 

 

CONCLUSIONS 

 

The present paper is mainly conceived as a support 

of research for those quantitatively dealing with 

economic analyses and not benefitting from data 

appropriate for a parametric approach. 

Although at first sight economists, be they 

practitioners, academicians or researchers, might 

think that the statistical data provided by various 

means, are exhaustive enough to avoid the rather 

restrictive circumstances when the more complex 

and permissive parametric techniques cannot be 

used we should definitely be prepared for such 

cases.  

The lack of sufficient observations or the high 

number of missing data, the absence of the normal 

distribution of variables or the inexistence of 

specific, customised data (sometimes forcing us to 

use interview/questionnaire-based, less powerful, 

nominal or ordinal data), are just few examples that 

place us in the position of resorting to non-

parametric instruments.  

By ignoring such cases and using, no matter what, 

the well known parametric tools, the output will be 

distorted, the arising comments making no sense.  

One more thing deserves to be mentioned herein. 

Irrespective of the limitations of the non-parametric 

tools, considering the almost absent, respectively 

rather poor descriptive statistics-related elements 

relevant for nominal, respectively ordinal data, the 

simple, no cause-effect analysis of the mere 

contingency relationship or of the more offering 

correlational relationship between variables 

belonging to the above mentioned categories, as 

well as the restrained number of independent and 

pair samples tests available for the same, we should 

get the most of what we have at our disposal, the 

emerging pieces of information being, in many 

cases, of a significant importance, therefore 

bringing additional knowledge to the economic 

field of research. 
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Besides these, we should also consider some other 

benefits of such non-parametric methods in terms 

of constraints: if the analysis instruments and the 

subsequent interpretation of results might be 

limited to a certain extent, we are, however, less 

limited in terms of the capacity to understand and 

use such techniques (Taylor, 2018), as, the non-

parametric approach, unlike the parametric one,  

does not involve making so many population-

related assumptions. 
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