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Abstract

Mobile phone service providers are currently experiencing high churn rates. As a result, service providers are trying to
develop ways to predict churn rates and uncover why subscribers’ churn occurs. However, the task of predicting churn in
the mobile phone industry is complicated due to the large, sparse, and unbalanced nature of the data especially when
competing risks are confounded by time-dependent covariates.

This paper aims to develop a semi-parametric model (the adjusted Cox model) by adjusting the extended Cox proportional
hazards model to model competing risks confounded by time-dependent covariates and uses data from three mobile
phone service providers in Mombasa and Kilifi Counties in Kenya to analyze and evaluate the validity and performance
of the model.

The paper establishes that the adjusted Cox model is a better model for predicting subscriber’s survival outcomes as well
as for detecting the most influential covariates when competing risks are confounded with time-dependent covariates.
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1. Introduction

For many mobile phone service providers, finding reasons for losing subscribers,
measuring subscriber loyalty, and regaining subscribers are issues of concern. The
service providers organize a variety of research and campaigns to avoid losing
subscribers.

The ability to predict whether a particular subscriber is at high risk of churn when
there is still time to act represents a significant additional potential source of revenue
for the service providers. (Customer Churn Prediction & Prevention Model, 2021,
December 22). Predictive churn modeling techniques seek to understand subscriber
behavior and attributes that indicate the risk and timing of a customer’s churn.

If there are no competing risks and only time-invariant covariates are used, the
Cox proportional hazards model (Cox, 1972) is expressed as follows:

A(D) = Ao (t)exp{BTX} (M

and can be used to estimate the probability of an event occurring at any time.
However, the assumption that the hazard is constant, prevents us from integrating
time-dependent variables into the model (Austin et al., 2019).

To model competing risks, Prentice et al. (1978) adapted Equation 1 to
T
A (t1X) = Lo (Dexp{B;"X] @)

where j represents a competing risk, to analyze the cause-specific hazard functions
based on different event types. The cause-specific approach, however, suffers from
the assumption of independent censoring for subjects that are not censored but failed
due to competing events.

To overcome this, Fine and Gray (1999) developed the following equation:
3 3 T
A (tX) = Aj0(0exp{B; X} 3)

to model the cumulative incidence function by imposing the proportional hazards
assumption onto the sub-distribution hazards. The Fine and Gray model, however,
can only model competing risks using time-invariant covariates.

For time-dependent covariates, Therneau and Grambsch (2000) developed the
extended Cox model as follows:

A (EIX(8) = Ao(Dexp{B;"X(®) +v," X} @)

The model, however, produces inaccurate estimates in the presence of competing
risks and therefore cannot be used to model competing risks.
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Beyersmann and Schumacher (2008) proposed ad hoc approaches within the sub-
distribution in a time-dependent framework to extrapolate the internal time-dependent
covariates. However, the use of such techniques leads to an implicit definition of the
sub-distribution hazard that may be difficult to interpret.

This paper develops a semi-parametric model of churn for when competing risks
are confounded with time-dependent covariates.

The paper also contributes to the existing literature on modeling churn when
competing risks are confounded with time-dependent covariates and also forms the
basis for further study in other areas such as employee turnover within a business,
components, and equipment longevity, duration of unemployment, and cause of
death among patients when competing risks are confounded with time-dependent
covariates.

The paper is organized into five sections as follows: Section 1 provides the
introduction, Section 2 presents the methodology, Section 3 explains the data
and empirical results, and Section 4 shows the findings. Section 5 discusses the
conclusions.

2. Methodology

To develop a semi-parametric model (-adjusted Cox model-) for modeling,
detecting the most influential time-dependent covariates and predicting subscriber’s
survival outcomes when competing risks are confounded with time-dependent
covariates, Equation (1) is adjusted as:

exp{(Bj+r;) X(®)}
xp((B; X (V) )F(O+exp(v;TX(®))S(V )

A(EX®) = 3(0)-

where

X(¢) represents the time-dependent covariates of age, marital status, occupation,
education level, and residence; j represents competing risks such as network quality
churn, service quality churn, price sensitivity churn, carrier responsiveness churn,
and fraud churn; B and y; are regression coefficients; S(7) is the baseline survival
function calculated as:

5
S@) = Hj:l Sj(t) (6)
F(?)is the baseline cumulative distribution function calculated as:

F(t) =%, ( Jy A;(w)s (u)du) (7)
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where 4; (7) is the baseline cumulative hazard for the j™" cause, and Equation (5) is
the adjusted Cox model.

The unknown parameters 6={(f,;, 4; )j=1....,5} in Equation (5) are estimated
as follows: For n = 6000 observations, let /=830 weeks be th~ ~hservation time, d;
the churn indicator (1 if a subscriber churned, 0 if censored), Ji Ji the cause of churn
index (takes a value of between 1 and m =5 for subscriber churn and is undefined for
censored cases), and x,(¢) the vector of time-dependent covariates, then the likelihood
function for the unknown parameters of

O={(B;-yj» 4; ), j=1,...,5} would be:
Ly (0) = T1720° 1321 2, (ty, x; () Y exp{ —4; (£, x:())} ®

where

exp{(B;+v) X(s)) a(s)

A (tl; xl(t)) = fO exp(ﬂjTX(S))F(S)+€Xp(YjTX(s))S(S) (9)

The logarithm of the likelihood function then becomes:

£,(0) = 2O ¥ 4, (0% + diy (85 +7;) X(®) — £ (exp (B X@®)F(®) +

exp(YjTX(t))S(t)) — 60000t 10

with the vector § being obtained by maximizing the likelihood function as

57 tn(6) = B S5, dy2, (0t = 0,

(11)
6000 5 _ exP(ﬁjTX(t))F(t) _
Tl(e) - Z =1 dl]X(t) (exp(ﬁjTX(t))F(t)‘Fexp(YjTX(t))S(t) - (12)
and
T
_{; 0 6000 5 diX(t exp(y;TX(1))s(®) _
n(0) = =17y ® - exp(ﬁjTX(t))F(t)+exp(y,-TX(t))s(t) (13)

The estimates of the unknown parameters,g = (j{;’ﬁ}'f/}) are obtained using the
Newton-Raphson method. The estimators 4B and 7, are asymptotically normal with
the asymptotic mean respectively equal to 49, B and y; with the asymptotic variance
shown respectively as follows:

_yeoys o®
dijAjo (O™ (14)
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1 g (exp(ﬁ,-oTxct))F(w+exp(y,-TX<t))s<t)>
Lys |

6000 exp([)’ ]-OTX(t))F(t) (15)
and

Ly exp(B;"X(O)F () +exp(yjo X (0)S®)

6000 ~J=1 exp(vjoTX())S(t) (16)

Thus, the distribution of the maximum likelihood estimators 4B and 7, can be
estimated using normal distributions with the respective means 4, f;y and y;y with
the variance being defined by Equations 14, 15, and 16.

Equation (5) has now been fully specified and is usable for modeling and
predicting subscriber’s survival outcomes when competing risks are confounded by
time-dependent covariates. The most influential time-dependent covariates will have
a p<0.05.

3. Data and Empirical Results

To assess the model’s adequacy and performance, a churn dataset is used with
five time-dependent variables (age, marital status, occupation, education level, and
residence) and 5 competing risks (network quality, service quality, price sensitivity,
carrier responsiveness, and fraud) from November 2003 - July 2019. The weekly
churn rate for this period is used to determine the extent of customer churn mong
Safaricom PLC, Airtel Networks Limited, and Telkom Kenya Limited.

The population size for the study includes all present and past active mobile
subscriptions in Kenya. The sample size (n=6000) was calculated using the stratified
sampling technique as well as the random sampling method of Yamane (1967).
The latest national census data from 2019 was used as a sampling framework for
identifying the subscribers.

Primary data were gathered through close-ended questionnaires to find out if
subscriber churn had occurred based on: subscriber, residence, age group, marital
status, occupation, and education.

The customers were monitored for 830 weeks. The minimum follow-up time was
0 weeks and the maximum was 830 weeks. Of the subscribers, 1128 churn events
(18.80%) occurred during the monitoring, with 678 (60.11%) happening within 207
weeks, 956 (84.75%) within 265 weeks, and 1093 (96.90%) within 623 weeks of line
activation.
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4. Findings
Table 1

Demographic factors of categorical covariates.

Status of censoring or event

Demographic factors
grap Total Churn Censored Event/Churn  Weeks to
Percentage churn
Married 3,371 633 2,738 19% 202
Marital status
Single 2,629 495 2,134 19% 207
Tertiary 1,417 285 1,132 20% 199
Secondary 746 111 635 15% 219
Level of Education
Primary 3,620 684 2,936 19% 204
None 217 48 169 22% 204
18 — 25 years 778 146 632 19% 165
A 26 — 35 years 2,416 438 1,978 18% 205
ge
36 —45 years 2,241 441 1,800 20% 208
46+ years 565 103 462 18% 240
Employed 2,841 617 2,224 22% 206
Occupation Unemployed 771 144 627 19% 201
Self-employed 2,388 367 2,021 15% 203
Urban 2,169 416 1,753 19% 199
Place of residence
Rural 3,831 712 3,119 19% 208

Table 1 shows, the average time until churn to have been 202 weeks for married
subscribers and 207 weeks for single subscribers. Both subscribers had equal odds
of churning.

Of the total sample population 20% with tertiary education, 15% with secondary
education, 19% with primary education, and 22% with no formal education, churned.
The average time until churning was 199 weeks for subscribers with tertiary education,
219 for those with secondary education, 204 for those with primary education,
and 204 for those with no formal education. Subscribers with no formal education
had a higher propensity to churn followed by subscribers with tertiary education.
Subscribers with secondary education had the least probability of churning.

Of the total sample population, 19% of those between 18-25 years, 18% of those
between 26-35 years, 20% of those between 36-45 years, and 18% of those 46 years
or older had churned. The average number of weeks to churn was 165 for subscribers
between 18-25 years, 205 for those between 26-35 years, 208 for those between 36-
45 years, and 240 for those 46 years or older. Subscribers between 36-45 years old,
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had a higher propensity to churn, while subscribers between 26-35 years, and those
46 years or older had the least probability of churning.

Of the total sample population, 22% of employed, 19% of unemployed, and 15%
of self-employed subscribers churned. The average number of weeks until churning
was 206 for employed, 201 for the unemployed, and 203 for the self-employed
subscribers. Employed subscribers had a higher propensity to churn, while self-
employed subscribers had the lowest.

For residence, 416 subscribers living in urban areas and 712 subscribers living
in rural areas had churned. The average time to churn was 199 weeks for urban
subscribers, and 208 weeks for rural subscribers, showing both to have equal odds
of churning.

Table 2 shows that, of the total sample population, 17% of Safaricom, 22% of
Airtel, and 24% of Telkom subscribers had churned, with their respective average
times until churning being 203, 210, and 193 weeks. Telkom subscribers had a higher
propensity to churn while Safaricom subscribers had the least.

Table 2

Status of the censoring or event for the mobile phone providers.

Status of censoring or event

Subscriber Total Churn Censored Event/Churn Percentage Time to churn
Safaricom 3,871 657 3,214 17% 203
Airtel 1,728 374 1,354 22% 210
Telkom 401 97 304 24% 193

Table 3 shows, 502 subscribers churned due to network quality, 350 due to service
quality, 113 due to price sensitivity and carrier responsiveness, and 50 due to fraud.

Table 3

Number of Subscribers who churned based on competition

Event Censored Netw?rk Servgce Pl:l?e' Can:ler Fraud
quality quality  Sensitivity  responsiveness

Number of 4872 502 350 13 13 50

Subscribers

Figure 1 reveals most churn events to have occurred between 150-250 weeks after
line activation. Safaricom subscribers had the lowest chance of churn, while Telkom
subscribers had relatively a higher chance of churn.
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Figure 2(a) shows those living in urban areas to have stayed loyal longer than
those living in rural areas.

Figure 2(b) shows subscribers between 18-25 years of age to have been less loyal
compared to those 46 years or older.

Figure 2(c) shows no statistically significant difference to have occurred regarding
churn rates between married and single subscribers.

Figure 2(d) shows self-employed subscribers to have stayed loyal longer compared
to employed subscribers.

Figure 2(e) shows subscribers with secondary education to have remained loyal
subscribers longer compared to subscribers with no formal education.
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Table 4 and Figure 3 show the cumulative incidence function for network quality

churn (the risk of network quality churn in the presence of service quality churn, price

sensitivity churn, carrier responsiveness churn, and fraud churn) after 600 weeks to

be 0.08.

Table 4

Summary of the results of the CIF for the adjusted Cox model

Cumulative incidence function - Estimates

Cause 200 400 600 800

Network quality churn 0.0483 0.0705 0.0800 0.0837
Service quality churn 0.0350 0.0495 0.0562 0.0583
Price sensitivity churn 0.0110 0.0152 0.0185 0.0188
Carrier responsiveness churn 0.0112 0.0152 0.0180 0.0188
Fraud churn 0.0047 0.0073 0.0078 0.0083

83



EKOIST Journal of Econometrics and Statistics

Similarly, the cumulative incidence function for service quality churn (the risk
of service quality churn in the presence of network quality churn, price sensitivity
churn, carrier responsiveness churn, and fraud churn) after 800 weeks was shown to
be 0.0583.

0.15

— 1Censored
-=== 1 Network quality churn
=1 Senvice quality churn
- 1 Price Sensitivity n
1 carrier resporiSiveness churn

Cumulative incidence
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0.05

0.00

Weeks
Figure 3 Overall cumulative incidence
Table 5 gives a comparison of the cause-specific hazards model and the adjusted
Cox model.

From the table, the cause-specific hazards model for network quality churn inflates
the model coefficients for all the covariates except for marital status compared to the
adjusted Cox model.

In both models, only subscriber occupation is statistically significant (p<0.05) for
network quality churn.

Table 5.
CSH model for Network quality churn and the adjusted Cox model
Cause-specific hazards model for Adjusted Cox model for Network

Covariates Network quality churn quality churn

Coef p-value SE Coeff. p-value SE
Residence -0.0953 0.3040 0.0928 -0.0650 0.4800 0.0930
Age group -0.0149 0.7830 0.0540 -0.0098 0.8500 0.0532
Marital status -0.0125 0.8900 0.0902 -0.0156 0.8600 0.0904
Occupation -0.2078 0.0000238 0.0492 -0.1795 0.00029 0.0495
Education -0.0314 0.535 0.0507 0.0292 0.5700 0.0515

The cause-specific hazards model for network quality churn has a likelihood ratio
test of 19.02, while the adjusted Cox model for network quality churn has a value of
14.
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5. Discussion and Conclusion

The model identified the most influential (statistically significant) of the covariates
of residence, age group, marital status, occupation, and education, to be subscriber
occupation. One’s occupation highly influences their general social status such as
place of residence, education, marital status, and age group, and may be significant
in determining behaviors such as churn.

Mobile phone service providers should support the government’s policy of free
day secondary education, as well as encourage and support subscribers to engage in
blue-collar jobs due to the subscribers with secondary education levels and those who
are self-employed having lower propensities to churn.

In addition, service providers will need to intensify promotional activities geared
towards holding onto subscribers during years 3-5 after line activation.

Furthermore, mobile service providers should make deliberate efforts to provide
the best network quality and improve service quality.

When testing the overall significance of the model, the null hypothesis that the
two models (i.e., adjusted Cox model and cause-specific hazards model) are equal
was tested against the alternative hypothesis the adjusted Cox model is better at
predicting subscriber’s survival outcomes when competing risks are confounded
with time-dependent covariates and the most influential covariates are detected. This
study asserts the adjusted Cox model to be better at predicting subscribers’ survival
outcomes compared to the cause-specific hazards model when competing risks are
confounded with time-dependent covariates and the most influential covariates have
been detected as the adjusted Cox model’s computed test statistic was calculated as
10.04 at a 95% confidence level, which is less than the critical value of 11.07.
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