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Personalized marketing strategy of DSPs (Digital Service Providers) relies upon the ‘
ability to determine the propensity to churn and target the right set of customers

Focusing on a personalized marketing approach will retain active customers and
active subscriptions

DSPs have been increasing their
investments in strategic
marketing to retain customers.
However, it is critical to justify the

The key to personalized marketing is to first identify the most probable churners and
their corresponding uplift metric, which determines their likelihood to respond to the

investments by targeting the marketing campaigns
right set of customers, who are
most likely to respond to the
marketing campaigns.

@ Thus, the uplift metric enables DSPs to target the right set of customers with
= WW@f@d@p’ﬁ@@w maximize marketing return on investment (ROI).

Personalized outreach is a key lever for DSPs to retain customers and increase DSPs’ marketing strategy should be based on four
revenue key criteria
Engagement 1. ldentify customers who are most likely to churn
voluntarily
Drive customer value | o\ o grow advocacy 15-40% absolute churn 2. Determine the propensity to churn 3
reduction 3. Identify customers with a higher probability to
respond positively to marketing campaigns
Personalize outreach and cross-sell | 1°~30% increase in revenue 4. Target those customers with personalized marketing
from cross-sell campaigns

Source: McKinsey & Company
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https://www.mckinsey.com/industries/technology-media-and-telecommunications/our-insights/a-new-path-for-telco-customer-engagement

Different approaches to determine the right set of target customers for

achieving higher marketing ROI

Different types of approaches to determine the right set of target customers

-

Types of customers based on their buying response to marketing [
campaigns

ing campaign

Buy with market

900

Yes

Customers who buy only when a
marketing campaign is served

] Manual spreadsheet
Persuadables Sure things based statistical modelling .

Outcome modelling

* The model provides a randomized and inaccurate list of target customers, which may
include all four types of buyers. This results in targeting the wrong customers
Results in low return on marketing investment

The model identifies the list of buyers and non-buyers. The model lacks
granularity in terms of categorizing the buyers into persuadable and sure things
* Results in medium return on marketing investment

which buyers are persuadables. This results in targeting only one type of customer —

The model identifies the list of buyers and non-buyers and provides granularity in terms of

Targeting them will generate Customers who'buy with o without a ML-based uplift modelling persuadables, thereby improving marketing efficiency and drive higher incremental revenue
incremental value marketing| campaign  Results in high return on marketing investment
[ Customers targeted vs marketing ROI achieved using different types of approaches
Lost cause Sleeping dogs WWW. p roda pt com
- a BN ML-based Uplift model
: :
4 B Outcome model
2
Customers who buy without ;5 Manual spreadsheet
Customers who would not buy marketing campaign. But would 5 based statistical model
irrespective of a marketing stop buying when a campaign is = /
campaign is sent to them or not targeted at them
1 I 1 I 1 I 1 I 1 :
No Yes 10 20 30 40 50 60 70 80 90 100
Buy without marketing campaign % of customers targeted
Recommendation Final outcome of Increase in uplift score: An increased uplift score
ML-Ibased uplift n}oiel pro(;nilses to deliye': highe; retul;rl'n on ma':keting igvestmen@. The sm:jccessfulh ) ML-based uplift determines which decile of customers has high probability
implementation of the model requires right set of enablers such as raw data acquisition, data engineering, to respond positively to marketing campaigns.
and lifecycle management using ML Ops. These enablers are presented in upcoming slides. model P P Y 9 paigns.
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Implementing 3 key enablers of the uplift model to achieve excellence in

targeted marketing
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Raw data acquisition

Determining the right type of data input
to get the right features and eventually
an accurate churn propensity

.

2]

Feature engineering

Selecting the best feature datasets from a
wide range of raw data, resulting in
enhanced Al/ML model accuracy

3

Al/ML model development

Developing an Al/ML engine to
increase the uplift and predict
the churn propensity
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[ Marketing function ]

Churn
propensity

decile with
uplift score

Targeted marketing
campaigns

@

With these 3 key
enablers, DSPs can achieve
an increase of 10%-18% in

the uplift score.

Furthermore, the return on
marketing investment for
DSPs would increase
drastically.
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Raw data acquisition: Selecting the best raw data to achieve accurate churn

propensity and improved uplift 0::

Landing layer — aggregation of raw data

Raw data
acquisition & T e i s s s e s f s s s s s s s s s s s s .

E > 2 years customers < 2 years customers s &b Aggregation of raw data:
- : " ) + Solution architects and domain experts
= . 1 1 . H 1 at-lon conversion .
E Neighbor footprint Neighbor footprint Metadat should collaborate to decide on data
Label data + Competitor churn « Competitor churn etadata . . ..
H validation ! l | 1Z
sets lidati aggregation strategies and finalize the type of
E neeenneererreeessennnieeeeees o Distance calculation raw datasets to be USEd.
| *fnternet connectivity metrics) | (Internet conmectivite metried)
o o i | i(Internet connectivity metrics Internet connectivity metrics) * * Select the raw data based on the past 2-3
It is critical to . = : * QOL-daily * QOL-daily H [Competitor footprint h he hi ical P
prioritize only [ wmaH ¥ - Device-category « Device-category : etk months trends. The historical trends depends
- N + Device-connection « Device-connection H on
transfer H
the most senice |2 | 3| © -+ Usage-daily © - Usage-daily : - Customers churn data
relevant and . e Detection-interface « Detection-interface A
the best raw HE « Detection-CPE . Detection-CPE : - Active customers feedback
4 Y « Detection device « Detection device ) - Customer response from marketing
data input, to datafiow [+% + Usage-hourl + Usage-hourl i
. : SN J Y J ge oy Feature campaigns
achieve an <> :| © Network 'Ef’\a/lff:]c‘dal“y © Network -Traffic-daily engineering + Select the raw data, which has high
accurate churn mapping label: | f[ ~ metrics " ENOUY metrics 'f’\t"'h“”y' influencing features such as distance between
propensity & telemetry >  Massive Outages | — : an active customer and churner, competitor
output and : Massive_outage o cMTS : footprint, hourly broadband usage, etc.
uplift score. . CMTS hourly upst :
P Telemetry & (= CMTS Upstr:aun:);nlftgffar:m . - .
technical |3 CMTS hourly upstream : Metadata validation to check the quality of
= Upstream interface H raw data:

* Perform metadata validation daily, as the raw

Fig: Raw data acquisition and landing layer L. R . .
data acquisition Is a continuous on-going

Recommended raw datasets for uplift model process.
« Device throughput « Competitor footprint » CPE performance * Metadata validation tool could be built using
» Massive outages * Interface status * Hourly stats of CM Python.
* Neighbor data « Daily traffic + Daily usage . .
o Calll camiar o Tideis « Hourly usage The raw data, once obtained, must be engineered to get

the best feature dataset, which would be fed into the
Al/ML engine to achieve churn propensity and uplift score.
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Feature engineering (FE): Leveraging data science to process raw data ‘
and select the best features 1 @ s |

( Cloud platform Y Significance of feature selection:
Enterprise data lake Nt + With feature engineering, the raw data is transformed into features that better represent

execution the underlying issue to the ML algorithm, resulting in enhanced model accuracy.
Data storage, archival and access layer
RECOMMENDATIONS
@ Feature engincerin R Engineer the raw data to determine high-quality features
Raw data 9 9 » Use the FE model to ingest and analyze the raw data to obtain a total of 3,000-11,000

vaUiS_it'il?f) — e — features. (Note: this number may differ based on raw data)
e e 6 . feaorgr:sre + Execute the feature selection process, using the Al/ML platform to select only the best
competitor shortlistedf T 1 into 400-1,000 final features (out of the 3,000-11,000 total features)
footprint data) features \ Al/ML
"""" | platform The most critical features for an effective uplift model are listed below:

> i ho are present within 30 meters from » Downstream hourly broadband
WWW. p O qamﬂggim usage in MB

* Ratio of competitor networks present closer to 200

Upstream hourly broadband

Airflow data orchestration meters of churners churned in 30 days usage in MB
G eI i e e s ey * Active churners who are present within 50 meters from » Power cycle detection
N\ ) possible churner and churner before last 15 days « Number of stations per interface
- — * Probability of churning to competitor X (hourly)
Fig: Feature engineering process * Probability of churning to unknown competitors * Broadband connectivity detection
BENEFITS FOR DSPs
The selection of few best features out of more than thousands of features }JseTg:t\:;c:‘lce h:; ;r;tf:gcgc!cﬂ?;fsgzjItclobaeu::;::tee;fa:Zt?:iarzlap::::r;\eestra tion and
increases the accuracy of churn propensity. This is not achievable in traditional B . 9 . T
manual churn modeling. scheduling platform such as Apache Airflow, which allows the FE data pipeline to be
Completely automated engineering allows the processing of any raw data, triggered automatically bi-weekly or monthly
irrespective of the occurrence of data bias or data shift, which occurs due to . . . . .
customer behaviour shifts. Thus, DSPs do not have to repeat the feature The features, once obtained, must be fed into the Al/ML engine to achieve churn propensity
engineering process depending on data variations. and uplift score.
Chase
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Example to illustrate feature generation using neighbor and competitor ‘
1 o 3 |A|3

footprint data

Active
Neighbor and competitor footprint data provide higher
number of influencing features, which are useful to achieve

Features
an accurate churn propensity and higher uplift score.

Neighborhood

¢ Within 30m of
! churner

,-" *  Within 31m to
;' 50m of churner RECOMMENDATIONS

rHse the neighbor and competitor footprint data to

M s
/ melﬁbfdapt'co determine the following:

Density of active and churned users in a neighborhood

_________ “--»| + None
Competitor footprint in the same neighborhood

(Repeat above process for 7 + Number of churners for every 7 days, 14 days, and 28 days

days, 14 days and 28 days)

Period of churn: date and time of a customer churn
Distance between a churner and active customer/subscriber

Note: m represents distance in meters

The above diagram shows the features generated based on the distance between a
churner and active customers, in a particular neighborhood. The features are
generated for every 7, 14, and 28 days and fed into the Al/ML model.

Prodapt.
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Al/ML model development: Al/ML engine increases the uplift score and ‘
enables DSPs to target the right set of customers 12 @

Cleadipla o Consumption The Al/ML engine uses the best features, from the feature engineering
ML execution layer pipeline, to predict the probability scores of the churners.

. Kubernetes (container

orchestration system) RECOMMENDATIONS

ch
pred;:::?on * Adopt multiclass classification-based Al/ML model, as a variety of

endpoint features are analysed to predict the churn
+ Implement custom hyperparameter tuning before the ML process
begins, as it helps in testing different configurations when training the
ML model
Churn . .
propensity * Implement Kubernetes, an open-source container-orchestration
Airflow data orchestration ilé wi )mystem, to automate the deployment and management of ML model

Continuous integration/Continuous delivery

Features Model ’ Validation & ’ Model
pipeline training optimization serving

O

Training pipeline

Interpretablllty Inference pipeline

Run supervised ML algorithm on the engineered features

* Run the engineered features through three ML algorithms —

. ) i) Variance inflation factor, ii) Random forest algorithm, iii) XGBoost model
| Sample representation * These algorithms analyze and select the top features, which is required

‘ Chert shows top 5% probable churners (X- axis) plotted against the to predict the churn propensity and increase the uplift
20 uplift scores (Y-axis)

|
os 4} ‘ i . . . .
oo I o I B B I!!!!@TTL"L{;T * The model sorts the probable churners into deciles, with the

° . .

corresponding uplift score
top 5 sum volChurn count volChurn pct volChurn fivepct pct customer base churn upli:;:.;:.s‘ . A hlgh upllf_t score detel’mlnes the CuStomer'S |Ike|lh00d tO respond tO
1758078 marketing campaigns

1.487113

Fig: Al/ML engine to predict churn propensity

o 1114.0 12904 0.086330
1 668.0 12904

12903

3 507.0 12904 0.039290
Ch a 451.0 12904 0.034950
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A leading DSP in the Americas implemented the ML-based uplift model to
achieve excellence in targeted marketing

. i The output is a .csv file which is used in the coding script to
Customers Device Cloud Cloud-backend processing determine the churn propensity decile with uplift score

# Lood the Libraries

)
’ rQ(%Q\ d’ 1. Raw data 2. Feature e

inport matplotlib.pyplot as plt

Raw data acquisition engineering inport saaborn as sns

O inport warnings

warnings. filterwarnings (' ignore’)
—>
oA 2 Fully automated oS o~ st S Si)
ﬁ 4 Model ML model print(“This is the valu count for volChurn", _predicted_customer( volchurn'].value_counts())
ol 3 Al ML model print(“shape of the customer base”, _predicted_customer.shape)
(Q(f\ validation and —— % o :»: is ¥:;§;.)u count for volChurn 0.0 250474
testing tralnlng Neme: volChurn, dtype: intéd
shape of the customer base (258073, 10)
A _predicted_customer(‘volChurn'] = _predicted_customer] 'volChurn'].fillna(e)
Marketing www.prodapt.com  Sample results v
function Output can be downloaded as an Excel 30
spreadsheet (representative data .
d (rep ) 25 ‘{ Chart shows top 5% probable churners (X-axis)
o | plotted against the uplif scores (V-axi)
o | cowmercomactdends | "’
LYYy Likelihood to Customer tomer contact details g ‘
Targeted respond to name 15
g9 Customer marketing Phone no. £ ‘
mc success campaigns 2,93 Customer 1 112233445 customer1@xyz.com < o
manager < . \
High 2.93 Customer 2 112233445 customer2@xyz.com 0s ‘
Q == 2.93 Customer 3 112233445 customer3@xyz.com 00 158
0 1 2 3 4 5 6 7 8 9 10 11 12 13 ¥4 15 16 17 18 19
&gm% 1.76 Customer 4 112233445 customer4@xyz.com top.5 sum_volChurn count.volChurn pet_volChurn_fivepet pet customer. base_churn  uplift_tops
. Medium 0 0 11140 12904 0086330 0020445 2931885
Technical 176 Customer 5 112233445 Customer5@xyz.com
team 1 1 6680 12904 0051767 0020445 1758078
Low { 1.49 Customer 6 112233445 customer6@xyz.com 2 2 565.0 12903 0043788 0029445 1487113
3 3 507.0 12904 0.039290 0.029445 1.334350
4 4 4510 12904 0.034950 0029445 1186966
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Benefits achieved by the DSP after implementing the ML-based uplift model ‘
Il T

10%-18% increase in uplift score resulted in targeting the right set of customers,
who would respond positively to the marketing campaigns

Uplift score of top 10,000
probable churners

47

o

347
ML-based uplift modelling 4.1
% increase in uplift score 18.2%

Improved customer retention due to personalized marketing campaigns

Improved targeted marketing
* Increase in marketing ROI
+ Reduction in time-to-market for targeted campaigns

@ Used Google Cloud Platform (GCP) for end-to-end execution of the ML-based
uplift model, which drastically reduced the architecture setup time

Implementing the 3 key
enablers as discussed in
this insight, resulted in the
following benefits.

e S
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