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Abstract

This paper deals with the problem of quantitative description and improvement of the quality
of the service provided by taxi aggregator companies working on the Russian market. This problem
seems to be insufficiently addressed in open research publications due to its high specificity, though
some research aiming at searching the quality metrics have been conducted for some companies
worldwide. The goal of the current research is mathematical formalization of a rating system assessing
the driver service quality that allows one to design a parametrically tunable model. The proposed
mathematical model of the rating system is described by means of a state graph where the transition
from a vertex to another happens when the explicitly written conditions are satisfied. We show that the
rating evaluation for a driver remaining in the active can be carried out by means of linear filtration
performed as digital signal processing of the time series consisting of the scores which are given to the
driver by their passengers. The type and waveform of the filter impulse response is suggested. The A/B-
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test conducted for the group of drivers working with a taxi aggregator proved the fact that the integral

metric of service quality is sensitive to changes in the parameters of the proposed rating system; this

eventually led to a decrease in the rate of taxi rides accompanied with a negative client experience. The

rating system model developed can be utilized to increase the quality of the service provided by the taxi

aggregator by means of more effective differentiation of the drivers, while the subsequent optimization

of the rating system parameters can serve as a tool for achieving indicators supporting the strategic

goals of the company.
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Introduction

he service industry of a modern meg-

alopolis exists and evolves in an envi-

ronment of robust competition for
customers. Companies have to carefully mon-
itor the sentiment and customer preferences
of active and potential client groups, react to
changes quickly, constantly monitor the qual-
ity of services provided, search for growth
directions and seek to increase consumer value
of their products. The automobile passenger
market or, to put it simply, passenger taxi mar-
ket is quite large, diverse by client segments
and has its own history. Since the beginning of
the 2000s, the advancing taxi aggregator com-
panies inexorably push aside and gradually
supersede classic taxi companies with a taxi
depot and phone operator. Undoubtedly, the
cause of this phenomenon is the advancement
of digital technology resulting in universal
availability of mobile Internet in cities. His-
torically, the first taxi aggregator in Russia was
Uber, which entered the market in 2009; then
Yandex.Taxi and Gett-taxi appeared in 2011.
Over the course of the following ten years,
the Russian taxi aggregator market has been
continuously expanding; new companies have
appeared, including regional and local ones.

Broadly speaking, a taxi aggregator is a plat-
form that provides services by arranging taxi
rides based on a two-way mobile application
connecting passenger demand with driver sup-
ply [1], in other words, an aggregator company
provides communication between passengers
and drivers.

A typical aggregator company should seek to
maintain the positive value of its brand among
customers and to improve the quality of services
provided, thus facilitating an increase in brand
loyalty and retention of customers for as long as
possible. The specific aspect of the taxi aggre-
gator business is the fact that it is important for
a company to maintain loyalty of both passen-
gers and drivers at the same time so as to accom-
modate the interests of both groups. Drivers
are one of the key profit-generating resources
in the business model of taxi aggregators. Due
to increasing demand of core customers, the
companies study and test various methods to
attract qualified drivers (i.e. those who provide
good quality service to passengers) and to sub-
sequently retain them in the company. A rat-
ing system (RS) is one of the methods used to
evaluate quality and promote the company’s
attractiveness for drivers. For most taxi aggrega-
tors, RS is the main method of quality control



over drivers’ service to customers. The score in
such RS directly affects the driver’s income and
ability to continue working with the platform in
general, so it becomes the key factor for most
of the drivers. In study [2], it is noted that taxi
aggregators use a rating system as a tool to moti-
vate drivers to maintain the quality service level
standardized by companies. Note that the scores
are given not by the company’s own experts, but
by its clients (passengers).

Considering the importance of the rating
system for formation of driver and passen-
ger loyalty, attraction, retention and motiva-
tion of drivers, we may set the task to develop
a driver RS from the perspective of most par-
ties concerned. The drivers would like to get
a transparent and comprehensible RS, which
would be sensitive to factors that depend on
the drivers’ own efforts. The passengers would
like to get an illustrative RS to be able to
pre-evaluate the quality of drivers offered to
them. An aggregator would like to get an RS
that increases driver motivation by rewarding
their actions aimed at service improvement or
by punishing them for their breach of safety
and quality rules. Also, RS should be able to
provide the aggregator with interpretable and
quantifiable feedback signals from passengers
which may be used, after processing, for prep-
aration and implementation of changes in the
aggregator’s terms of service.

The RS that would be almost ideal for all
parties concerned should meet the following
requirements:

¢ it should influence the driver as a motivating
factor: rewards and punishments;

¢ it should provide a scalar value, which is cal-
culated on a comprehensible basis with sub-
stantive rationale;

¢ it should feature functions of parameteriza-
tion and configuration;

¢ it should provide a special starting period
allowing drivers to adapt to the system;

¢ it should provide for comprehensible feed-
back to the platform in order to make fur-
ther modifications;

¢ it should be sensitive to changes in the driv-
er’s behavior: if a driver changes his or her
behavior pattern, the RS should detect such
a change within a short period of time.

RS improvements may potentially improve
the quality of service provided by the aggre-
gator as well as the effectiveness of driver
differentiation, and also promote formation
of a comfortable working environment for
drivers.

The purpose of RS development as part of
the current task is to improve the effective-
ness of driver differentiation by quality of ser-
vices provided during rides, and, as a result,
to improve the quality of service and customer
satisfaction.

It is important to note that the problem of
developing an RS for taxi aggregators receive
little attention in scientific literature. This
is due to the quite narrow focus of such a
research subject. Thus, studies [3, 4] address
selection of indicators for sensitive qualita-
tive evaluation of passenger preferences in
taxi service quality evaluation. In study [5],
a selection of metrics is proposed for evalua-
tion of service quality based on entropy, and
study [6] contains a discussion of the influ-
ence of the service quality indicators used
on passenger behavior. Particular attention
should be given to analysis of regional pas-
senger markets in a megalopolis in the Mid-
dle East [7].

The main source of information for this
study is the research [8] done by one of the
coauthors of this study which provides a com-
prehensive analysis of the problem of RS
development for the benefit one of the taxi
aggregators in Russian market. The infor-
mational background provided by the above-
mentioned research was used in this study in
depersonalized form.



1. Taxi aggregator
service quality

Since one of the strategic goals of most com-
panies conducting business in a highly com-
petitive environment is to increase its market
share, each aggregator company is interested
in looking for effective ways to attract and
retain new drivers and passengers, i.e. to
uphold their satisfaction and loyalty. At least
once a year, a typical aggregator company
conducts comprehensive research of brand
loyalty through online interviews of clients.

To measure brand loyalty, one of the most
simple and common methods is used, the
Net Promoter Score (NPS). NPS determines
a loyalty index: the intention of users to rec-
ommend the platform, readiness to convey
their personal experience of interaction with
the company to new clients. Respondents are
asked to evaluate their readiness to recom-
mend the platform to other people on a score
from 0 to 10 (where 0 means “not ready to
recommend,” and 10 means “ready to recom-
mend”). After that, respondents are separated
into three categories: 1) promoters (score
9—10); 2) neutrals (score 7—8); 3) and detrac-
tors (score 0—6). Then the NPS index is cal-
culated according to a formula (1):

NPS=P —P, (1)

where Pp is the percentage of promoters in the
total number of respondents;

P _is the percentage of detractors in the total
number of respondents.

NPS values are distributed in the [-100%,
100%] range, and the higher the NPS value is,
the more loyal the audience is and the more
ready it is to recommend the platform.

The success of this metric is defined by its
simplicity (users are asked only one question
and offered an intuitive evaluation scale) and
correlation with long-term growth of the com-

pany [9], which allows one to set measurable
KPIs for increasing brand loyalty.

The designated metric for measurements of
customer satisfaction is the Customer Satisfac-
tion Index (CSI). This index defines the degree
to which the platform meets the requirements
and expectations of the market and the degree
of customers’ satisfaction from interaction with
the company. The calculation takes account
of certain company-defined attributes such
as: the company’s goodwill, customer value,
expectations, perceived quality, which affect
the consumer satisfaction and, as a result, con-
sumer loyalty to the company. Each attribute
has its weight, i.e. importance among all attrib-
utes according to respondent’s opinion, and a
rating, which are both given by respondents on
a 1 to 5 scale. The calculation algorithm can be
described with the following formula:

100% &
K %

CSI =

w,-p, (2)

1

where Kis the number of analyzed attributes;
W is attribute weight;
P is attribute rating.

CST values are distributed in [0%, 100%]
range; the higher CS/ value is, the more satis-
fied the customers are by interaction with the
company.

For comprehensive research of custom-
ers’ loyalty to a brand, NPS and CST values
are considered in conjunction. There are two
types of NPS and CSI: by market and by own
base. NPS and CST7 by market are calculated
based on data received from all customers who
were interviewed via a pre-selected Internet
platform, and then the company’s position
among competitors is identified. NPSand CS/
by own base are calculated based on responses
of customers of a particular service, and such
values demonstrate the change of the com-
pany’s attractiveness among the most active
audience.



Survey among own base of drivers has shown
that the CS7/index of market leaders, i.e. com-
panies working under such brands as Yandex.
Taxi, Uber, City-Mobil, showed almost no
change during the six months from Decem-
ber 2020 to June 2021 and remained within
40—50% range, as shown in Fig. 1. The lat-
ter six months of 2021 have shown a cer-
tain decline of Uber and City-Mobil indices
as compared to Yandex.Taxi as the leading
aggregator.

%

Figure 2 compares the dynamics of NPS
by own base for drivers of City-Mobil, Uber,
Yandex.Taxi for the period from December
2020 to December 2021. On the diagram, it
can be observed that the NPS index of Yandex
and Uber is much higher than City-Mobil,
which is indicative of a low satisfaction of
City-Mobil drivers from interaction with the
aggregator. City-Mobil drivers point out the
following downsides: low fares (and therefore
low income), problems with supervision and
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Fig. 1. Dynamics of passenger CSI by own base
for City-Mobil, Uber, Yandex.Taxi (December 2020 — December 2021).
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Fig. 2. Dynamics of NPS by own base for drivers
of City-Mobil, Uber and Yandex.Taxi (December 2020 — December 2021). Source: City-Mobil.



low number of orders in general (compared to
Yandex.Taxi and Uber).

The above-mentioned indices are designed
to evaluate the perceived quality of platforms
based on one-time passenger surveys carried
out by taxi aggregators. Apparently, the for-
mula of service quality evaluation for a com-
pany should be defined in a more strict way
and calculated on dynamically obtained data,
to which the company would have access at any
time.

After each ride, a passenger is invited to rate
the ride in the aggregator’s client mobile app
on a scale from 1 to 5 stars. Customers can put
a rating immediately after the ride, or they can
get back to it after a while. The passenger may
also select tags from the list provided or write
his or her own comment to substantiate the rat-
ing. Depending on the rating given, the offered
tags are changed: examples of tags for different
ratings are shown in Fig. 4.

The quality of service over time by days or
by weeks may be evaluated by a Bad Trips Rate
(BTR) value, which is calculated using the for-
mula:

BTR=P,,, (3)

where P, is the percentage of bad rides from
the total number of rides.

Bad rides include all rides, where: 1) the pas-
senger has put a rating of 1—3 (such scores are
perceived as a signal of unsatisfactory platform
use experience); 2) the passenger has contacted
customer support with a problem from “Qual-
ity Standard Violations” and/or “Safety Stand-
ards Violations.” Categories “Quality Standard
Violations” and “Safety Standards Violations”
include all problems related to drivers’ behav-
ior and skills (rudeness, smoking in the vehicle,
aggression, traffic violation, illness, inadvert-
ence, etc.), vehicle condition (dirtiness inside
the vehicle, bad smell, technical issues, etc.)
or order procedures (monetary cheating of the

client, no ride given, failure to pay change in
cash, etc.)

Unfortunately, this metric should not be
used as a quality indicator for a certain driver,
because additional research has shown that
it depends strongly on the driver’s number of
rides: the more rides, the lower BTR value.

In order to evaluate quality of a certain driver
without reference to the number of rides, one
more special metric can be used: CAD (Con-
version after Driver), which is customer conver-
sion to another ride after a ride with a certain
driver. CAD is calculated according to the for-
mula:

CAD = %4.100%, (4)
N

d
where ns, is the number of passengers who took
another ride within less than 60 days after a ride
with driver d

N, is the number of passengers who took a ride
with driver d.

The results of analysis of this metric can be
used to categorize drivers into two groups with
maximum difference in their influence on pas-
senger loyalty.

The first group consists of drivers with high
conversion rate CAD € [80%, 100%]. Such driv-
ers take orders with high rates, work fewer
hours per day on average (6 or less), are highly
discriminative in ride selection. But the main
thing is that they do rides of higher quality.
Also, such drivers work longer with the aggre-
gator.

The second group consists of drivers with low
conversion rate: CAD € [0%, 20%]. Such driv-
ers have lower income, work more hours per
day on average (seven or more), are less dis-
criminative in ride selection, but do rides of
lower quality according to feedback and ratings
given by passengers. Such drivers remain with
the aggregator for a shorter period of time.



Driver rating can be called the quality indi-
cator of service provided by the driver with
regard to satisfaction of passengers from the
services provided. That’s why for a passen-
ger, driver rating is a signal of how well a cer-
tain driver can satisfy a ride request in terms
of safety and comfort. When making an order,
passengers pay attention to the rating and
would likely reject the ride with a driver who
has a low rating (according to their value judg-
ment).

Research of drivers’ attitudes towards rat-
ings [8] has shown that around 60% of driv-
ers check their rating on a daily basis, since
they realize its importance for successful
work. They intend to maintain a high rating
by keeping the vehicle clean both inside and
outside, keeping smells in the normal range,
by politeness and proper conduct, careful
driving and passenger care. Research has also
shown that drivers are often unable to find
out why they got a bad rating, so they treat
the idea of a rating system negatively and
think that some passengers use it to humiliate
and discriminate against drivers. As a result,
a drop in their rating spoils their mood and
doesn’t motivate them to improve their qual-
ity of service.

2. Rating system model

Currently, all major companies in the Rus-
sian taxi aggregator market have their own
driver rating system which makes calculations
based on classical approaches of time series
analysis.

Time series is a collection of observations
generated sequentially over time [10]. Thus,
ratings of a certain driver d obtained from pas-
sengers are a random value which forms a dis-
crete random time series that can be denoted
as: {r,[t]}, where r, {1, 2, 3, 4, 5}. The time
series {r,[f]} can be treated as an implementa-
tion of a certain random process quantified by

the driver’s ratings r,[7] generated by a hidden
probabilistic mechanism. In this study, we do
not make assumptions on the nature of the pro-
cess under consideration, in particular regard-
ing its stationary or a more complex non-sta-
tionary behavior [11, 12].

Let us define the axis of discrete running time
t, integer values of which will mean sequence
numbers of rides done by drivers. Let us denote
the rating of driver d at the moment of time ¢
as R [7]. Value R [7] is formed on the basis of
processing a time series of r,[7] ratings with
account taken of the following variables:
S [¢] means the driver’s state in RS;

Am,[t] means the number of the drivers’
amnesties at the moment of time #;

TH is the threshold value R, [7], at which the
driver is allowed to work with the platform;

TA,[t] is the moment of the driver’s latest
amnesty since the decrease of his/her rating
below the threshold value;

MA means the maximum number of amnesties
for a driver;

NA means the duration of adaptation and
recovery period;

RN means a novice’s rating during the adapta-
tion period;

RA means the driver’s rating immediately after
amnesty, which is valid during the recovery
period.

2.1. Monitoring of driver state
within the platform

The variable describing the driver state moni-
tored by RS assumes values from a finite alpha-
bet {N, A, B, C}:

N (newbie) — the driver works with the platform
and has a newbie status;

A (active) — the driver works with the platform
in rating calculation mode;



B (blocked) — the driver is blocked: this state
appears when R [¢] < TH on a certain step;

C (correction) — the driver works with the plat-
form in a recovery period, i.e. within a certain
period after amnesty.

Figure 3 demonstrates a finite state machine
graph implementing the driver’s transition
between the states. The square brackets con-
tain the conditions for transition to another
state. If neither of the transition conditions
is met, the driver’s state remains the same:
S[t]1=S8,[t—1].

{N, A, C} forms a subset of states, in which the
driver is allowed to do rides, and time 7increases
by one with every ride. States in this subset dif-
ferentiate by rating calculation method and time
duration measured by the number of rides dur-
ing which the driver can remain in every state.
The driver may potentially stay in active state A4
for an infinite period of time, unless and until
an exit condition is triggered due to a low rating.
At the start of work of each unique driver d, the
system performs initialization: Am [f] = 0, TA,
[¢] = 0. The accepting state of the graph is state
B, in which the driver loses the ability to do rides
if the number of amnesties received by him/
her has not exceeded the maximum number
of amnesties MA set in the system. If the num-

[t > NA

[> TA,[1] + NA]

ber of amnesties received by the driver does not
exceed MA, then the driver may leave this state
if he makes an amnesty request. REQA denotes
a Boolean variable assuming ‘true’ value when
a driver makes such a request. After that, the
driver usually has to undergo additional train-
ing provided by the aggregator in order to get
the amnesty officially, and only after that he/she
would be able to work with the platform again.
However, the process of such training will not be
reviewed in this study, and the state graph actu-
ally demonstrates this event as continuation of
the driver’s work in state C after the amnesty.

2.2. Linear rating
calculation model

Linear digital filtration is a simple but effec-
tive way to process the time series of ratings
given by passengers to a driver. Such a pro-
cedure allows for effective smoothing of a
sequence of ratings by generating an average
value. This provides an opportunity to reduce
the influence of random situational factors on
the overall driver rating.

The formula for calculation of the current
value of rating R [7] depends on the driver’s
state S [7], as shown in (5):

[R,[1] < TH]

[REQA & (Am,[f] < MA))]
{TA 1] =1, Am_[1] = Am [1] + 1}

Fig. 3. Driver state graph in the rating system.
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S winlr, [ -,

n=—0

(Sd[t] =A)V(Sd[t] =B);
RN, NS,[t]=N;
RA’ Sd[t] = C;

R,[1]= (5)

where w[n] are the ratios of a weighing func-
tion, which, taken together, comprise an
impulse response function (/RF) of an equiv-
alent linear time-invariant (L77) filter [13]
that converts the input digital signal 7 [7] into
output signal R [7] by linear digital convolu-
tion.

The choice of IRF w[n] completely defines
the LTI filter’s behavior, and in certain sit-
uations, in case of quite general qualitative
description of the desired conversion, it hap-
pens to be possible to set requirements for /RF.
Since, in order to form the driver rating R, [7]
in active state (A4) based on observation over
his/her ratings r,[f] for a certain preceding
period of time, the LTI filter responsible for
such formation must perform a smoothing
conversion. In this case, the following require-
ments apply to its /RF.

Firstly, the applied LT7T filter must be a causal
system [14], i.e. at n < 0: w|n] = 0, which is

due to the impossibility of knowing the values
of the input signal in future moments of time
when calculating the output value in the cur-
rent moment of time.

Secondly, /RF readings must be non-nega-
tive: vn: w|n] =0, which is due to the semantic
content of overall rating as a result of accumu-
lation of a time series of rating values.

The third requirement for the filter’s /RF is
the condition of its norming;:

iw[n] =1,

n=—o

(6)

which allows one to receive values of rating
R[] within the range of rating values ., [¢].

The simplest selection of /RF for calculation
and semantic interpretation is an /RF imple-
menting a smoothing filter of a simple moving
average, SMA, calculated based on the last W
readings of the input signal:

1
—0<n<W-1
win) = SMA, [m =W " .

0,n>W.

(7)

Table 1shows driver rating calculation meth-
ods used by major taxi aggregators present in
the Russian market as of January 2022.

Table 1.

Rating calculation by major aggregators
in the Russian market in January 2022

e Smoothening  Averaging Threshold Adaptation
method window width W value TH period NA
Yandex.Taxi [16] Weighted moving average 150 44 50
Uber [17] Simple moving average 500 46 100
Gett [18] Simple moving average 150 46 50
City-Mobil [19] Simple moving average 200 46 30

76



3. Example of a driver’s
rating evaluation

As an example, let us consider the following
parameters of a rating system: we use a simple
moving average window (7) with parameter
W = 200, threshold value TH = 4.6, adapta-
tion period duration NA = 30 and maximum
number of amnesties MA = 3. Figure 4 shows
the rating time series of a driver from the group
with high conversion rate. It can be noted that
such a driver’s rating has never decreased to
less than the threshold value marked by the
dashed line on the diagram. The initial section
of continuous rating 4.9 is due to the adapta-
tion period. In addition, the diagram shows
the value of the estimated rating which can be
obtained by using the first line of formula (5)
without regard to the driver’s actual state in the
system.

Figure 5 shows the rating time series of a
driver from the group with a low conversion
rate. It can be noted that such a driver’s actual

Rating, R, [7]

5.0

49

48

47

46

rating has never decreased below the thresh-
old value marked by the dashed line on the
diagram, immediately upon expiration of the
adaptation period. After an amnesty, the recov-
ery period has started, during which the driv-
er’s rating was set equal to RA=4.7.

4. Estimation of rating
system effectiveness

A/B test carried out in February 2022 [15]
provided an opportunity to check whether or
not the theoretical evaluation of the effect of
implementing the new rating system is con-
firmed by actual changes of service quality
metrics.

The A/B test was carried out on a group of
drivers who had done at least 250 rides in City-
Mobil for the period from November 2021 to
January 2022 in St. Petersburg [8]. The test
was carried out during five weeks, since in that
period drivers were getting enough ratings for
calculation of overall rating in various ways. In

0 50 100

| | | Trip number, ¢

150 200 250 300

Actual rating

Estimated rating

Fig. 4. Variation of rating of a driver with high conversion rate.



Rating, R

4.0

Deeveeey
Teee

Trip number, ¢
150

Actual rating

Estimated rating

Fig. 5. Variation of rating of a driver with low conversion rate.

that period, a sufficient quantity of observa-
tions was accumulated for evaluation of statis-
tical significance.

For test group A, the rating was calculated
with the use of an RS having the following
parameters: W= 100, T= 4.6, A= 2. For test
group B, the rating was calculated with the use
of preselected parameters: W= 200, T = 4.6,
A = 3. The main metric that was checked for
variation was the driver’s BTR. Such a choice
is due to the fact that the drivers selected for
testing had almost an equal number of rides.
The hypothesis for the A/B test was formu-
lated as follows: the BTR value in a test group
would undergo statistically significant reduc-
tion, because the rating would become more
sensitive due to the reduction of moving aver-
age window width, and drivers would monitor
the quality of service provided better, while the
main parameters of drivers, such as a driver’s
number of rides per day, percentage of accepted
orders from the total number of orders, do not
change.

The selected drivers were randomly split into
groups A and B in 50/50 percentage. Five weeks
later, the results were analyzed. The metric in
test group A turned out to be 23.52% less than
in test group B, while the main parameters
showed almost no change. The values obtained
for the main metric for the groups are shown
in Fig. 6.

BTR %
25 _

20 -

15—

10_ .................

mean(BTR_A) mean(BTR_B)

Fig. 6. Comparison of average BTR values
of two groups of drivers.




Nevertheless, it is also important to check
the statistical significance of the observed
variation in order to make sure that it was not
caused by a mere accident. It was required
to check null hypothesis H about equality of
average distributions { BTR} ,and {BTR} , i.e.
H: mean(BTR,) = mean(BTR,). In this case,
a parametric test was used for hypothesis
check — Student’s t-test. As a result, the esti-
mated value p = 0.034 attests to the fact that
the null hypothesis is rejected when choos-
ing typical significance level a = 0.05, since
p<a.

Therefore, variations in the metric by groups
may be deemed statistically significant, while
mean(BTR,) > mean(BTR,). This allows us to
conclude that the approach reviewed in this
study provides an opportunity to build a rating
system in which variation of parameters can
have a statistically significant influence on the
quality of service provided by the taxi aggre-
gator.

Conclusion

The rating system model proposed in this
study is built upon the driver state graph, which
implements the driver’s transition between
states upon fulfillment of expressly defined
conditions. The method of driver rating cal-
culation depends on the driver’s current state.
It was shown that for the basic active state of
the driver, the task can be formalized as a task
to determine a digital filter described by its
impulse response function. The basis of digi-
tal filtering of a time series of ratings is formed
by a smoothing procedure intended to form a
value which would integrally reflect the quality

of service provided by the driver within a cer-
tain period of time. This provides an oppor-
tunity to reduce the influence of random and
situational factors on the overall driver rating.
The advantage of the resulting rating system
model is that its adaptation can be achieved by
using a limited set of parameters that define its
operation: the form and duration of impulse
response function of a digital filter, threshold
value of rating, permitted number of amnes-
ties, duration of periods of driver’s adaptation
and recovery after amnesty.

The results of effectiveness analysis of the
proposed rating system performed on actual
data through an A/B-test on a group of driv-
ers have shown that the new rating system
would allow a company to improve service
quality indicators by at least 5% due to selec-
tion of other parameters of the rating system.
This may potentially improve such an indica-
tor as lasting value of a company due to the
attraction of new drivers and passengers. It
is important to note that development of a
mathematically formalizable model of a rat-
ing system is an important step that opens
up opportunities for further research in this
direction, and specifically for optimization
of rating system parameters in order to obtain
quality indicators ensuring the achievement
of strategic business goals of a taxi aggrega-
tor company. m
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