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Abstract

Significant transformation of the operational activity of product and service distributors is driven 
by changes in data-receiving and processing technology. At present, the work of these companies’ 
representatives is digitized to a large extent: for example, the road time, the number and places of 
meetings with customers are automatically recorded. At the same time, the productivity of managers 
who do not make direct sales is usually evaluated with the help of surveys, experts and costly double 
visits, although the existence of large data samples makes possible the use of statistical analysis to identify 
both insufficient and inflated values of performance indicators. Source data: a relational database that 
accumulates information about 28 categorical, quantitative, geolocation and temporal parameters of 
sale representatives’ activities for the last year. Based on available data, we created synthetic features 
(the latitude and longitude features produced the index, region, street, and house features; based 
upon identifiers we calculated the sum of activities of sales representatives; according to temporary 
features we defined the season of the year, the day of the week and the period of day features). The 
methodology for statistical analysis consists of three main stages: collection and processing of primary 
data; summary and grouping processed information; setting statistical hypotheses and interpreting 
the results. A probabilistic approach was used to model the level of distortion of sale representatives’ 
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Introduction

A key performance indicator (KPI) 
system is most effective in large com-
panies, where it is more difficult to 

distinguish the contribution of each employee 
compared to small enterprises. The main posi-
tive aspect of KPI implementation is the abil-
ity to quantify employee activity and follow-
up planning. And one of the negative aspects 
is that in the absence of control, an employee 
adapts his performance to the requirements of 
the KPI.

The daily work of a sales representative (SR) 
within the framework of a product or ser-
vice promotional campaign consists of several 
meetings (activities) with customers when he\
she demonstrates promotional material in spe-
cial software. This software captures the date, 
start time and duration of the demonstration. 
It also determines the geolocation coordinates 
of an SR using GPS surveillance. After meet-
ings, each SR submits an activity report, set-
ting several additional parameters: 

activities. As a result, with the built tag cloud we highlighted: the most popular season for advertising 
campaigns; the most productive departments and sale representatives; days of the week with the largest 
number of contacts to customers. We established a significant number of records about meetings with 
clients at the weekends. As a result of the data mining, we made a statistical hypothesis about the 
possibility of identifying the sale representatives who distort the number and parameters of meetings. 
A set of synthetic integer, real and categorical features was created to identify hidden relationships. 
Doubtful data (such as working at weekends or at night) were revealed. The resulting aggregated dataset 
is grouped by a sale representative’s activity ID and the distribution of this feature is plotted. For each 
sale representative, integer and real features are summarized and outliers that characterize inefficient 
performance or distortion of data have been detected. Thus, the presence of a large sample of data 
on the history of movements and activities allowed us to evaluate the productivity of the distribution 
company’s sales representatives based upon indirect features. 
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 ♦ type of activity (e.g. individual, group, 
remote); 

 ♦ types of a customer in the workplace and 
specialty, concerning the product or service 
being promoted;

 ♦ recommended number of activities with this 
customer.

Therefore, the specificity of the work done by 
SRs is that their activities cannot be tracked by 
an employer, and values of additional parame-
ters in the activity reports are the private opin-
ion of an SR.

On the other hand, there are well-controlled 
feedback options, such as profit, sales vol-
ume, numbers of contracts, transactions and 
new customers; execution of plan performance 
indicators are irrelevant for SR only promot-
ing products or services. Thus, because of the 
inability to control the results, an employer is 
forced to move to control the process – those 
actions that are committed to achieving the 
goal. This includes the employee’s compliance 
with the company’s regulations, quality of ser-
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vice, and communication with customers, 
knowledge of a product, ability to make their 
own decisions. But the question of evaluating 
the productivity of SRs remains open.

1. State of the art

According to the data of Dimensions.ai [1], 
which provides access to worldwide informa-
tion about the results on grants, patents, publi-
cations, and other sources, the number of pub-
lications and patents in the field of evaluating 
the productivity of managers using modern data 
analysis methods is increasing from year to year 
(Figure 1). Some decline in 2020 was caused by 
a one-two-year period (on average) that lasts 
from submission of an article or an application 
to its publication or issue of a patent.

The article [2] assesses the performance of sales 
management approaches in three companies. An 
investigation was made into the validity of dis-
tribution of tasks and products between manag-
ers, the validity of focusing on certain territories 
and planning product presentations. Information 
for the study was obtained during interviews with 
sales and marketing managers, monitoring the 
medical representatives’ activities, and studying 
the organization’s reports and market data. 

The study [3] identifies performance con-
trol methods such as telephone calls, external 
and internal audits, double visits which assess 
the professional and communication skills of 
an employee, ability to present a product, daily 
reports in the CRM system, and their evalua-
tion, as well as evaluation of financial reports. 

The article [4] insists on intelligent plan-
ning of SR’s activities, since this staff is one of 
the most expensive in pay and training. It was 
revealed that the SR’s work is deeply digitized, 
because CRM-systems fix many parameters: 
from time in transport to the number of meet-
ings per month. Existing analytical solutions 
build routes to the clients based on travel time, 
possible cancellation of a meeting and other 
parameters, allowing us to determine the opti-
mal sequence of visiting clients. At the same 
time, a comprehensive analysis of the data col-
lected does not always work properly. Moreo-
ver, the key parameter of SR performance, the 
human factor, is difficult to analyze. 

The authors of [5] looked at the digital tech-
nologies applied in the health care field. The pro-
posed measures are related to the implementation 
of KPI monitoring systems to assess the activities 
of health care workers (e.g., the result of a con-
sultation, a telephone conversation of a clinic 
administrator). Using these systems, it is possible 
to determine a department that works most effec-
tively, a service that brings the most profit. 

The article [6] describes an application of a 
hybrid procedure based on the K-mean and the 
tree decision methods to predict employee per-

Fig. 1. Trends in the number  
of publications and patents

Existing studies evaluating the productiv-
ity of SRs, as well as identifying the depend-
encies between controlled parameters and per-
formance of employees are mainly based on 
analysis of standard methods of management, 
calculations of numerical performance indica-
tors, and usage of analytical and CRM systems. 
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formance for the next year. It operates with fac-
tors such as personality, punctuality, eloquence, 
etc. The algorithm predicts the number of 
employees selected to be promoted or fired and 
helps to identify ineffective employees. 

The article [7] is dedicated to describing 
human behavior as a chain of mathemati-
cal models (Kalman filters, ordered together 
by the Markov chain). These models are used 
to recognize a person’s sensory behavior and 
predict his actions (e.g., follow-up of drivers 
based on preparatory movements). In the arti-
cle, the authors applied a naive Bayesian clas-
sifier to a set of three years of sales data from 
a global transportation company. The classifi-
cation was conducted within three classes: fails 
to cope with responsibilities, copes, and shows 
outstanding results. The authors propose to use 
a naive Bayesian classifier to evaluate the work 
of SRs using as much information from CRM 
systems as possible. 

The paper [8] says that KPIs are formed 
based on fragmented knowledge about business 
processes. The authors of the article presented 
a method that allows us to validate KPI prop-
erties before implementation and to combine 
target and conceptual modeling.

Thus, our literature analysis showed that 
along with a high level of digitizing business 
processes, the SR’s activity in most cases is still 
being evaluated by surveys, opinions of experts 
and costly double visits. At the same time, the 
presence of a large sample of data allows us to 
use statistical analysis to identify both insuffi-
cient and inflated performance indicators of an 
SR activity.

2. Source data

The source data is accumulated by a B2B-
distributor of drugs and BADs. The company 
has two business units (RX and OTC) and 
five divisions (Т1, Т2, Т3, Т4, Т5). Market-
ing activities of the company are focused on 

familiarizing decision-makers with the char-
acteristics of products (within the framework 
of promotions). Parameters of meetings and 
parameters from SRs meeting reports are sent 
into a distributed database run by CRM. It 
keeps records of SRs, customers, products and 
services. The available sample contains more 
than three hundred thousand observations on 
28 different features, which include: 

 ♦ unique digital and/or symbolic IDs of SRs 
and their activities, IDs of clients and their 
companies, as well as promotions within an 
activity; 

 ♦ categorical features of activity and com-
pany types, specialty, division, category and 
the target group of customers, promotional 
campaign, flags of the activity performance, 
of the presence of an SR at an activity; 

 ♦ temporary features of beginning and end of 
an activity, duration of a presentation, an 
agreement on the brand, time of determin-
ing coordinates; 

 ♦ integer features (number of meetings, results 
of promotions, flags);

 ♦ real and geolocation features (longitude and 
latitude of the activity’s place).

Thus, there are moderately heterogeneous 
digital data with a predominance of service 
information (Figure 2a). Because of the data 
omissions, some types have not been identi-
fied correctly. After data type conversion (as 
explicit conversion, as well as determining the 
time of a day, the day of a week, the season of a 
year by the date of the meeting), the ratio of the 
integer, real, time, and categorical features has 
strengthened in favor of integer and categorical 
features (Figure 2b).

3. Technique  
of statistical analysis 

Traditionally, there are three stages of statisti-
cal study [9, 10]: 
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 ♦ the collection and processing of primary 
data; 

 ♦ a statistical summary and a grouping of pro-
cessed information; 

 ♦ setting statistical hypotheses and interpret-
ing the results. 

Table 1 details the main stages of the study 
using approaches proposed by data mining [11, 
12] and machine learning [13, 14].

The following are the main results from 
applying the proposed technique of statistical 
analysis.

4. Stage 1:  
Collecting and processing primary data

4.1. Data audit

Time series modeling suggests the investiga-
tion of the relationship between the values of 
features in time. Using a special type of scat-
ter plot – a lag plot [15], we studied autocor-
relation dependencies of two features with the 
defined observation lag (Figure 3). 

A greater number of points in the diago-
nal area suggests a stronger autocorrelation 
dependency. Points concentrated in the middle 
or distributed throughout the area of the figure 
suggest weak dependency. The undetectable 
chaotic structure of the chart points indicates 
that the data is random.

The results show the presence of a structure in 
values of both categorical features that speak of 
their non-randomness. The existence of auto-
correlation dependencies is emphasized by a 
second diagonal passing through the upper right 
and lower left corners. It has been established 
that for big data this type of plot is built much 
faster than the classic autocorrelation one.

4.2. Synthesis of time  
and geolocation features

According to the time features, storing 
moments of the beginning and end of presen-
tations, we synthesized an integer feature –  
the number of a day in a year and categori-
cal features: the day of a week; the season of a 
year and the period of a day when the activity 
was carried out. According to geolocation fea-
tures of latitude and longitude, we built a map 
of business units activity (Figure 4) in Tableau1 
software, and created synthetic features (the 
postcode, the address, and the region) [16, 17].

Float
Categorical 
Integer 
 Date / time
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Fig. 2. The ratio of the data types:  
(a) before the conversion; b) after the conversion

1 http://elearning.tableau.com/
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ID of activities

Table 1.
Stages of statistical analysis

1.
Collecting and processing  
of primary data

Data audit, outliers and omissions processing

Typification and encoding features

Synthesis of time and geolocation features

Building a tag cloud

2.
Summarizing and grouping 
the information proessed

Profiling features

Selecting the type and parameters of the features distribution

Selecting weakly correlated features

Grouping data

3.
Setting hypotheses and 
interpretation of results

Setting a statistical hypothesis

Modeling

Interpretation of results

Fig. 3. Non-randomness of feature’s data:  
(a) identifiers of SRs, lag is 30 observations; (b) activity identifiers, lag of 50 observations
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Based on mapping data, it can be concluded 
that, for example, most of the activities are 
carried out by the OTC unit. It also exclusively 
works on the territory of the Sakhalin and 
Kaliningrad regions. 

4.3. Tag cloud design 

To analyze values of 12 categorical and tem-
poral features converted to categorical, a tag 
cloud was built, using the WordCloud2 library 
of the Python language (Figure 5).

2 https://python-graph-gallery.com/wordcloud/
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Using the tag cloud, we selected:

 ♦ the most popular season for promotional 
campaigns is winter (autumn and spring sea-
sons go with a significant lag);

 ♦ the most popular meeting time with clients 
is afternoon (morning time takes second 
place); 

 ♦ the most productive business unit by activity 
number is RX;

 ♦ the preferred type of communication with 
clients is the visit (consultancy takes second 
place); 

 ♦ the days of the week with the highest num-
ber of contacts with clients are Tuesday and 

Thursday (in second place – Wednesday and 
Friday). A significant number of records of 
Sunday meetings have been established; 

 ♦ the most frequent clients are polyclinics and 
pharmacies.

5. Summarizing statistics  
and grouping  

of information processed 

5.1. Profiling features

Using the library named pandas-profil-
ing, we evaluated the relationship of features 
and built histograms of feature distributions  
[18–20]. Figure 6 shows the frequency of activ-
ities across two business units of the company 
according to client types.

The most interesting is close to the normal 
distribution of the ID of activity (Figure 7a). 
This random value successfully passes the nor-
mality test “normaltest” from the SciPy library, 
which combines tests of D’Agostyno and Pear-
son on excess and an asymmetry [21], if we 
reduce tails, removing outliers (Figure 7b).

We convert the normal distribution of the ID 
of activity to the standard normal distribution 
X

n
 by the formula:

Fig. 4. Activity map of two business units

Fig. 5. Tag cloud of categorical features
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                   (1)

where m
х
 – a mean of the ID of activity;

 – a standard deviation of the ID of activ-
ity.

The distribution of this feature allowed us 
to formulate a statistical hypothesis eval-
uating the level of distortion of the activity 
parameters.

6. Hypotheses  
and interpretation of results

To model the level of distortion of activity 
parameters, we use a probabilistic approach 
[22–24]. Let H

1
 is a hypothesis that an activity 

was carried out, and the alternative hypothesis 
H

2
 means that the activity was not carried out. 

Let the event A – hit the parameters of the con-
ducted or not conducted activity in the data-
base. Then by the formula of total probability 

Fig. 6. Distribution of the frequency of activities with different types  
of clients into two business units: а) ОТС; b) RX

Fig. 7. Distribution of the ID of activity:  
a) long right tail; b) outliers
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the probability of event A is calculated as fol-
lows:

   (2)

Let the level of the normalized ID of activity 
Х

n
 of a certain SR be p. Let the probability that 

this SR inputs parameters of a failed activity 
into the database be defined as P

m.
 Then, given 

(1), rewrite (2) as follows:

                       (3)

Since there are many SRs who input 
information about meetings in the distrib-
uted database, we deal with a flow of infor-
mation. For the initial model’s settings, it 
is desirable to know a portrait of an aver-
age SR, namely the level of his p. Let us say 
the most common situation is when the nor-
malized ID of activity of an SR equals 0.5. 
Let the normally distributed random value 
p  N (0.5; 0.1) model the input flow. It is 
clear that an SR cannot radically change 
the parameters of his activities, otherwise, 
they will become outliers. Let an SR change 
the normalized ID of activity by s times,  
s  [0; 1] concerning the average value, rais-
ing it to :

                           . (4)

As a result, with a probability P
m
 = (1 – p) s 

an SR distorts the data, and with a proba-
bility of 1 – P

m
 = p inputs undistorted data.  

Figure 8 shows the modeling results in the 
case when SRs distort the information about 
activities by 10%.

Further analysis is aimed at confirming the 
hypothesis that based on the existing data 
set it is possible to identify SRs whose input 
information is knocked out of the sample. 
Note that it is also possible to make predic-
tions on known models considering the time-
based features [25].

7. Discussion 

Initial features are grouped by the ID of 
SRs and we consider all observations related 
to a particular SR. At the same time, several 
patterns were identified to generate features 
by their semantic essence [26, 27]: numerical 
features denoting an amount were summa-
rized, and their average and median were also 
defined. Among these features are the dura-
tion of a presentation, an agreement on the 
brand, time of determining the coordinates 
of an SR. For the features that are identifi-
ers, we generated a feature of the number of 
unique values that were found among obser-
vations on an SR [28]. 

Thus, the new data (one observation – one 
SR) are obtained and it’s now possible to 
select the SRs whose numbers of numerical 
features are outliers (Figure 9).

It should be noted that the proposed 
approach based on the grouping of data and 
the passing of the statistical test is most effec-
tive for dropping out highly distorted param-
eters and is much less effective for identify-
ing poorly distorted parameters. Therefore, 
at this stage of the study, before the develop-
ment of a statistical test system or a separate 
mathematical model for identifying poorly 
distorted parameters, we propose to evalu-
ate the KPI of SRs on an integral character-
istic that takes into account both the results 
obtained under the proposed approach and 
peer assessments.

Conclusion

As a result of data mining, we set up a sta-
tistical hypothesis about the possibility of 
identifying sale representatives who distort 
the number and parameters of their meet-
ings with clients. A set of synthetic integer, 
real and categorical features has been created 
to identify hidden relationships in the given 
dataset. Doubtful data (such as working hours 
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at weekends and nights) have been revealed. 
The resulting aggregated dataset is grouped 
by the ID of activity and its distribution was 
built. A probabilistic simulation of the activ-
ity of SRs was carried out to assess the level 
of information distortion. For each sale repre-

0            20000       40000         60000         80000       10000 0           10           20           30          40            50          60

Fig. 9. Feature outliers: a) the brand agreement, units; b) duration of activity, days

sentative, the integer, real and categorical fea-
tures are summarized and outliers that char-
acterize inefficient productivity or distortion 
of data have been detected. A combination of 
statistical and expert assessments is proposed 
to reduce type II error. 
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Fig. 8. The result of distortion of 10% of activity parameters
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