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Abstract—Surveys are a popular tool for decision-making
support. However, the quality of survey results significantly
affects the quality of decisions made on their basis. Firstly
based on Shannon’s formula, we evaluated the average amount
of information received from the group survey. Then we
analyzed the information loss caused by omissions and
duplication of answers to the questionnaire. Next on the
modeled data, we showed the existence of a sufficient
respondents’ number to reduce the effect of data distortion.
Finally, we proposed to use various types of dashboards for
visual assessing the appropriateness of data.
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I. INTRODUCTION

Often decision-makers while making decisions need to
use the survey results. Surveys are valuable, e.g., for
conducting market research, collecting feedback from beta
testers, evaluating courses to enhance the teaching quality.
The known issue concerning survey using is the quality of
the raw data. Poor quality of the raw data leads to the
impossibility of decision-making or to the complication,
which requires additional computing and human resources,
as well as resources of time, memory, etc. In some cases, the
wrong decision can be made due to low-quality data.
Therefore, the quality of survey data is essential for many
areas of human activity. The paper [1] addressed issues of
socio-democratic research and states that ‘“accuracy as
characteristic of data quality is perhaps the most important
issue of all.” The review [2] studied public health outcome
measurements and highlights that “data, data use, and data
collection process, as the three dimensions of data quality, all
need to be assessed for overall data quality assessment.”
Poor data documentation, especially superficial survey
reports, also negatively affect the used data quality. The
authors of [3] “believe that it is most important to base good
research on good data, and good data is distinguished by
meaningful methodological documentation.”

The decision-makers have to evaluate the survey results
to understand whether they are suitable for further use. The
data obtained as the survey result can be further processed
and used to make strategic decisions based on special rules
and specific mathematical methods, such as Analytic
Network Process and Linear Programming [4]. An effective
decision-making process requires an adequate environment
for compensating the existed subjectivities, uncertainty, and
inaccuracy [5, 6]. The quality of the data obtained as a
survey result is especially important in situations when it
comes to determining strategies for achieving long-term
goals. Data visualization provides a practical overview of
data specific because of well-designed dashboards increase
the power of visual information acceptance [7].
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The purpose of this paper is to examine information lost
due to the distortion of the raw data and the impact of the
respondents’ number on the survey results that can affect the
quality of the data used by decision-makers. The paper also
analyses the dashboards’ potential for data quality
assessment.

In the paper, we consider some properties of survey
results, including distortion in raw data, and evaluate the data
quality based on the amount of available information. We
restrict our consideration only to the answers given on the
Likert scale [8].

Il. ANALYSIS OF THE AMOUNT OF INFORMATION IN THE
SURVEY RESULT

Let there is a questionnaire with the set of questions Q,
K=|Q|. The answers given on the Likert scale can be marked
as 1, ..., m, where m is the number of possible ranges. In this
case, 1 corresponds to the worst value, and m corresponds to
the best value. The average amount of information received
per answer corresponds to its entropy and is estimated by the
well-known Shannon’s formula

la =H =—i(pi log, p;) (1)

i=1

where p; is the probability of the ith answer. In a particular
case, the answer options can be considered equally probable
with pi=1/m. Then the amount of information can be
estimated using Hartley’s measure as |=log.m. In the
general case, taking into account the background and current
survey conditions, we should consider situation pi£p;, where
iZ.

Let there is a representative sample of survey results from
R independent respondents on the general population of
questionnaires containing K questions. Consider the
questions in the questionnaire independent ones. The average
amount of information received from the group survey with
taking into account the additivity property is calculated as

Loy =—RxKxi(pi log, p;) ()

i=1

Thus the average amount of information is directly
proportional to the number of respondents and the size of the
questionnaire.

I11. DISTORTIONS IN THE RAW DATA

Often, for both paper and electronic questionnaires,
situations of the raw data distortion arise. Technical or



personal reasons can cause distortions. In any case,
distortions decrease the quality of the raw data. In the paper,
we consider typical data distortions and calculate the amount
of information for each type of distortion.

Data omission takes place while, for some reason, the
answer to some question is not specified. An electronic
questionnaire involves technical means that do not allow the
transition to the next question without an answer to the
current question. However, with a paper questionnaire, the
likelihood of such a distortion increases significantly.

Let N is the number of questionnaires that R respondents
filled out, ny,..,nn are the quantities of answers with
corresponding markers to some question qx. Let us estimate
the average amount of information received per response,
under omission one response with an arbitrary marker j.
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Taking into account the fact that the probabilities of
sample answers reflect the distribution of the general

population, we can assume that p; = pP™°, Vi =1,...,m .
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Because we do not know which answer option is missed,
we consider the worst-case:
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The obtained value AI°™ represents the information loss
in the absence of a single answer. Accordingly, for S missed
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Answers to questionnaire questions may contain
irrelevant or uncleaned data. While irrelevant data may be

valuable for another task, uncleaned data are not valuable at
all. Both cases could be brought to omissions.

While receiving the answers, the mismatch between the
time of giving the answer and the time of receiving the
answer can be discovered. There can be two types of
mistiming: delay when the respondent is not ready to answer
at the time of the survey, and technical data mistiming. Also,
data that require preliminary processing, e.g., data
normalization or data conversion to the required type, can be
obtained as the answer. Even if such processing is successful,
it takes some time. Thus, if additional resources to correct
the distortion are absent, all of the above cases can also be
brought to omissions.

Data duplication can appear when generalizing the
survey data. Duplication means that the elements of the set R
are not unique because the questionnaire of one respondent is
counted twice, or one respondent filled out a questionnaire
more than once. Let us consider the case of a single
duplication of the answer. In this case, the answer with an
arbitrary marker j becomes irrelevant; the duplicate should
be equated with omission and excluded from consideration.
Therefore, the number of useful answers with marker j is n;,
and the total number of answers for which resources have
been expended is increased by 1. Then the average amount of
information received per one answer is
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Taking into account the properties of a representative
sample, we can assume p; = p?',Vi=1,..,m. The

elimination of unnecessary duplicates allows maintaining the
quality of information:

190 3" (p; log, py) = 7

i=1

Thus, a priori information about the probabilities of
answers, which can be obtained based on conducted
questionnaire sessions or expert assumptions, allows
evaluating the amount of information lost due to distortion of
the raw data.

IV. IMPACT OF THE NUMBER OF RESPONDENTS

Because survey results are always generalized, increasing
the number of respondents can improve the data quality. Let
m;, my be the average values for answers to a particular
question received from n and n+1 respondents, respectively.
The change in the average value caused by adding one
respondent is calculated as
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The influence of one answer decreases with an increase
in the respondents’ number. It tends to zero as n tends to
infinity. We can assume, there always exists satisfied
sufficient respondents’ number njin that the excess of which
will not significantly affect the reliability of the result.

Let us determine the number njn analytically. Suppose
that respondents gave answers on the Likert scale, that is, a
set of possible ratings {1,2,3,4,5}. We consider a permissible
error of 5% of the minimum estimate, i.e.
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Consider a situation when an additional answer differs as
much as possible from the other ones, e.g., xi=...=x,=1,
Xn+1=5. In this case, the effect of the additional answer
becomes insignificant for n>79.

The analytical definition of njnm was made under acute
constrain. Consider the effect of the increase in the
respondents’ number on the result using model data. The
experiment was performed using the add-in Analysis
ToolPak for Microsoft Excel 2013. There were generated
and examined the sequences of random data under
symmetric, single-mode asymmetric, and bimodal discrete
distributions. For each distribution, there were generated 50
sequences of random integer numbers in the range from 1 to
5, simulating the answer to the question of the questionnaire.
For each sequence, we considered two dependencies —
average value as a function of the respondents’ numbers and
increment of the average value as a function of the
respondents’ numbers. Both studied dependencies showed
similar behavior on each sequence of a particular
distribution. Therefore, consideration one sequence of 50
ones under particular distribution will not lead to a loss of
generality. Fig. 1 shows the frequency distributions of the
sequences, which are discussed below. Each generated
sequence contains 50 random numbers.
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Fig. 1. Distribution histogram for analyzed sequences

Let us consider the dependence of the average value on
the number of answers taken into account:

m(n):%gxi . (10)

The change in the average values for each of the three
sequences is shown in Fig. 2. Each average value m(n)

converges to some value with an increase in the number of
answers. The tendency does not depend on the distribution of
random variables.
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Fig. 2. The changes in average values

Now we will consider how the increment of the average
value changes with the increasing of the number of answers;
for this, we introduce the function

A(n) = m(n) — m(n-1) (11)

The changes in increments A(n) for each of the three
seguences are shown in Fig. 3.
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Fig. 3. The changes in increments of average values

Fig. 3 demonstrates that with an increase in the number
of answers over 25, the increment of the average value is
within the statistical error.

Thus, we can conclude that there always is a sufficient
number of answers njm, the excess of which will not
significantly affect the reliability of the result. Therefore,
providing niim answers neutralizes the influence of possible
distortions in the source data.

V. VISUALIZATION FOR ASSESSING THE DATA QUALITY

When getting survey results, decision-makers require
some form of probing for assessing the appropriateness of
data. One approach at assessing the data quality is providing
summary visualizations [9] to get a sense of the data
distribution and anomalies.  Traditionally, various
information panels, or dashboards, are used to provide the
visual presentation of data grouped by one or more
characteristics. Dashboards contain diagrams, explanatory
statements, digital symbols, or other elements of
infographics.



The main characteristics for dashboards description
are [10]:

e (quantitative range of signs of different types,
acceptable for perception;

e ability to build a functional dependence on one or
more arguments;

o set of supported data types for display (numbers, text,
video, audio), etc.

Let us look at some examples demonstrated how to use
dashboards to assess data quality easily and quickly.

The quality of a survey result with respect to a particular
distortion d is quantified as the inverted ratio of the number
of determined crippled results Ng to the total results count N:

Qy =1-—4 (12)

Therefore, decision-makers should take into account as
many quality ratios as many types of distortions appeared.
Also, depending on the type of distortion, the data can be
classified as useful for decision-making, useless, and
potentially useful but needed additional processing. The
classification causes the hierarchy of quality ratios.

Instead, a pie chart presents the same information in one
picture (Fig. 4), which is more comfortable for humans.
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Fig. 4. Detailing the quality of the survey result with a pie chart

Sometimes a visual overview of data quality should be
provided. It should specifically convey proportional
information on potential errors detected in the answers on
particular questions. In such a case, it is convenient to use a
monochrome heat map. In the map, the color intensity
corresponds to the quality of a particular answer: the most
saturated color corresponds to the highest data quality. The
quality level for the particular answer is evaluated as

N, —(N_+N,, )

level = %100 (13)

N
where N., N, and N.. are contributions of useful, doubtful,
and useless data, respectively.

For example, Fig. 5 gives a visual overview of survey
results. The survey used the questionnaire with 100

questions. Each number in the cell indicates the quality level
of the answer to the particular question.

Fig. 5. Presentation of quality levels of particular answers with a heat map

After the identification and registration of the raw data
distortions, decision-maker should minimize their impact by
the selection and application of additional data processing or
various tactics designed to manage the sources of distortion.

VI. CONCLUSION

Data quality significantly affects the quality of decisions
made on their basis. We showed how distortions in the
survey results affect the amount of information. However, a
large number of answers can neutralize this impact. Since the
survey with a large number of respondents is resource-
intensive, a sufficient number of respondents is of interest.
Using modeled data, we showed that 25 or more respondents
could neutralize possible distortions in the data. Finally, the
issue of visualization for assessing the data quality was
considered. The visualization simplifies assessing the
appropriateness of data for decision-makers.
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