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Modelovani pomoci rozhodovacich stromii

& Voice to Text analyza

Veronika PocCerova



Motivace



Proces reaktivni retence — zachranovat chceme
pouze klienty:

kteri maji vysokou pravdepodobnost, ze budou
zachranéni (akceptuji retencni nabidku)

ktefi zUstanou profitabilni i po poskytnuti retenéni
slevy



Voice to Text a Text Mining— chceme se rozkoukat
v nestrukturovanych datech abychom:

mohli kategorizovat prichozi a odchozi hovory

poznat nejlepsi operatory a vyuzit jejich
schopnosti i pro ostatni

zlepsit fungovani callcentra na zakladé
identifikovanych patternu v Uspé&snych hovorech



Rozhodovaci stromy
Teorie



Rozhodovaci stromy

Teorie
kofen
v 7 4 r XE 5 H1
« Hierarchicky usporadana rozhodovaci pravidla
- Koren, hrany, uzly, listy @ deefiny
uzel
« Binarni x nebinarni A= a X, < ay
« Kilasifikacni x regresni
I I I
v . X3=4,B.C Ay=D
Méjme strom T s listy t = (ty, ..., ty). 2 1]
U klasifikacniho stromu jsou pozorovani t f
kategorialni zavisle proménné Y s J kategoriemi
zafazeny do nékteré z kategorii ¢ = (cy, ..., ¢;), kde
j>2 Graficka struktura rozhodovaciho stromu CART. Indexy u
a terminalnich wuzlii udavaji, v jakém poradi doilo k oddéleni jednotlivich
Pokud je zavisle proménna spojita Y = (y4, ..., yn) termindlnich uzlii. Prediktory X\, X> a X, jsou spojité, prediktor X, je
) reey /

pozorovanim je pFifazena hodnota predikovana ktegoridini s kategoriemi A,B,C.D.

modelem ¥; a vysledny strom bude regresni.



Rozhodovaci stromy
Teorie

Pozorovani proménné Y jsou rozdélena do uzld hodnotami vysvétlujicich proménnych (prediktord)
Xl, ey XM.

Kategorické prediktory

Odpovidame na otazku, které pozorovani y; patri do mnoziny, kde x; € A, pricemz A je neprazdna vlastni
podmnozina mnoziny vsech hodnot veliCiny X.

Spojité prediktory

Y rozdélujeme pomoci hodnoty daného prediktoru X. V tomto pfipadé pozorovani y; patfi do prvniho uzlu,
pokud je x; > a a do druhého uzlu pokud je x; < a.

« K danému vétveni stromu je pouzito vzdy jen jednoho prediktoru. Stejny prediktor véak mGze byt vyuzit v dalsim
vétveni.

« Kazdé pozorovani y; tak patri pouze do jednoho terminalniho uzlu a je mu prirazena kategorie (klasifikacni strom) nebo
primé&r hodnot (regresni strom) zavisle promé&nné Y tohoto uzlu.

« Stromy nekladou naroky na rozloZeni dat (napt. konstantni rozptyl, normalni rozloZeni, nezavislost prediktorQ).



Rozhodovaci stromy
Konstrukce stromu - kritérium pro véetveni (kriterialni statistika)

Gini index
J
GI = z ptc(l - ptc)
c=1
Entropie
J
H=- Z Ptc 1082 Dec
c=1
Informacni zisk (GAIN)
k
N; .
GAIN oy = H — Z—H(l)
i=1 Ne

kde p,. je podil pozorovani y; s kategorii ¢ v uzlu t z celkového poctu vSech pozorovani y; v tomto uzlu neboli
pravdépodobnost kategorie ¢ v uzlu t.



Rozhodovaci stromy
Konstrukce stromu - kritérium pro véetveni (kriterialni statistika)

Chi-kvadrat

2
X =
i=1j=1

2

(pij — 0i))
Oij

kde i a j je oznadeni Fadkud (resp. sloupct) v kontingenéni tabulce, p;; je pozorovana frekvence, o;; oCekavana
frekvence, n je celkovy pocet pozorovani, R; je pocCet pozorovani v radku i, S; je pocCet pozorovani ve sloupci j.

Minimum kvadratické chyby (Least Square Deviation)
_ 1
Ve = EE Yi(t)

Nt
1
Q1) = 3 )01 = 70
i=1

kde N; je pocCet pozorovani v uzlu t a y; jsou hodnoty zavisle proménné v uzlu t.



Binarni stromy - algoritmus CART (Classification and Regression Trees)
Uvod

Kategorialni i regresni ulohy

RAst na zakladé rekurzivniho bindrniho déleni \

X L E O Iy
2 A ! ©
i O
7 7 v 7 7 = v Vé O A : O O A
Problém: Hledame rozdeleni zavisle promenne B Ao o O Xy<ayg
Y prediktorem X, aby hodnoty proménné Y byly . l S B
gy V - V a7/ V4 \Y4 . 10
uvnitr uzlu co nejhomogennejsi a zaroven mezi A AA A 2 5 2
uzly co nejrozdilnéjsi. NN A X,<as /

- v v/ 7 - - /7 7 A B A
Homogenitu merime pomoci Kriterialni A DA A A A 5 E
statistiky — nejéastéji se pouziva Gini index 2 _
nebo entropie. %

as 1

Obr. 2.3 Grafické zndzornéni rozdéleni pozorovdani do kategorii A a B zdvisle promeénné Y s pouZitim dvou
spofitveh prediktori X;, Xo.
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Binarni stromy - algoritmus CART (Classification and Regression Trees)
Algoritmus rustu stromu

1. Rozdél soubor na trénovaci a testovaci. Tento pomér se urcuje na zakladé poctu pozorovani a Ucelu studie.

2. Najdi nejlepsi rozdéleni kazdého z prediktory:

— Pro spojité proménné - serad hodnoty kazdého prediktoru (spojitého nebo ordinalniho) od nejmensi po nejvétsi. Projdi
vSechny hodnoty prediktoru X a spocitej kriterialni statistiku vSech moznych rozdéleni proménné Y na dva potencialni
dceriné uzly. Hledame minimum.

— Pro kategorialni prediktor se za Uucelem nalezeni nejlepsiho rozdéleni projdou vsechny mozné kombinace, tvorené
jednotlivymi kategoriemi prediktoru a hodnot nebo kategorii zavisle proménné. Opét se pouzije déleni s nejnizsi
hodnotou kriterialni statistiky.

3. Rozdél soubor na dva dceriné uzly t1 a t2 podle kroku 2.

4. Opakuj krok 2 a 3, dokud se déleni nezastavi na predem definované hodnoté (dokud neni dosazeno
nékterého z pravidel pro zastaveni rlstu stromu — minimalniho po&tu pozorovani v listu, maximalniho
unosného poctu vétvi, maximalni hloubky stromu, velikosti chyby v potencialnich uzlech).

5. Pouzij testovaci soubor k ovéreni vhodné velikosti stromu, a pokud je strom pfrilis velky, prorez strom.
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Binarni stromy - algoritmus CART (Classification and Regression Trees)
Vybér optimalniho stromu

Optimalni velikost stromu (underfitting, overfitting) 030
Trénovaci & testovaci soubor 0.25| o (onovact soubor
0.20
Prorezavani & krizova validace £ o015
£
1. Nechat narust libovolné veliky strom o1
2. Rozdélit soubor na k podsoubor(: k-1 vyuzit pro
trénovani a jeden pro testovani, sestavit k modelu 005
3. Odhadnout « tak, aby strom mel co nejvetsi presnost, 00 T T 12 1 16
ale zaroven mel co nejmensi rozdil v chybe mezi potet terminalnich uzId

testovacim a trénovacim souborem

Rozdil ve velikosti chyby mezi testovacim a trénovacim souborem pri
riizné velikosti stromu, dané pectem terminalnich uzln. Nejprve byla spocitana

Ca' (Tl) =D Tl +a | Tl | chyba (procento chyvbné zaklasifikovanych pozorovani) na testovacim a
trénovacim souboru pro strom s 16 termindlnimi uzly. Postupne bylo vidy zpétné
kde |T1 | Je poc‘fet termina'/nl'ch uzlﬁ a DT Je Chyba stromu. odstranéno posledni rozdéleni uzlii, ¢imz se sniZil pocet termindlnich uzlit o jedna.
. v . | . 1 . S, v , Pro takto zmenseny strom byla opét spoéitana chyba pro oba soubory. Takto se
Parametr « Vy]adI‘UJe kompl‘omIS mezi Ve/IkOSl‘.'I d pl‘esnOStI postupné strom zmensoval, az zbvl pouize jeden uzel —koren stromu.

stromu
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Binarni stromy - algoritmus CART (Classification and Regression Trees)
Méreni presnosti

Celkova spravnost

n
0A=-=L
n

kde n, je pocet spravné klasifikovanych pozorovani a n je celkovy pocet pozorovani

Korekce na velikost kategorii: OAkateg = %Z] el

c=1 ne

kde J je celkovy pocet kategorii, n,. je poCet spravne klasifikovanych pozorovani v kategorii c a n. je pocet
vSech pozorovani v kategorii ¢

Koeficient determinace

_ variabilita vysvétlena modelem residualni variabilita i —9)?

2

celkova varianbilita Y B celkova variabilitaY ~ =~ X (v —y)?

kde $; = y, je prumér v pfisluénych terminalnich uzlech a odchylka od priméru uzlu ¢ je spocditana vzdy pro
pozorovani y; zarazené do tohoto terminalniho uzlu
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Nebinarni stromy - Algoritmus CHAID (Chi-squared Automatic Interaction Detector)
Uvod

r S 2
. P : 2 _ (pij — 0i))
Zejména pro kategorialni prediktory X = 0;;
i=1j=1
Strom nemusi byt binarni R;:S;
Oij =
- L 4 ’ - - ’ 14 - - 7 n
Kriteridlni statistika: Pearsondv chi-kvadrat statisticky test kde i a j je oznaceni radkl (resp. sloupct) v
kontingencni tabulce, p;; je pozorovana frekvence, o;;
Vhod nejsi pro vetsi datove soubory oCekavana frekvence, n je celkovy pocet pozorovani, R;
je pocet pozorovani v fadku i, S; je poCet pozorovani ve
sloupci j.

kategorie prediktoru X

Jj 1 2 S Celkem

i

t P11 Pz P1s R,

.io: 2 P21 P22 v Pas R

>

S

£
r Pr Pr2 “ee Prs R,
Celkem S S, S. n
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Nebinarni stromy - Algoritmus CHAID (Chi-squared Automatic Interaction Detector)
Algoritmus rustu

1. Vytvor kontingencni tabulku kategorii zavisle proménné a prediktoru

2. Pokud je pocet kategorii prediktoru > 2, utvori se dvojice z kategorii prediktoru. Najde se takova dvojice,
kterd si je co do hodnot zavisle proménné Y nejvice podobna neboli dvojice, jejiz x? test ma nejvyssi p
hodnotu.

3. Dvojice s nejvyssi p hodnotou, ktera neni statisticky vyznamna nebo jejichz p hodnota je vétsi nez «, se
slouci do jedné skupiny. Pokud je i po slouceni pocCet kategorii > 2, algoritmus se vrati do kroku 2. Pokud ne,
algoritmus pokracuje krokem 5.

4. Kazda kategorie, ktera ma velmi malo pozorovani je spojena s nejpodobnéjsi kategorii

5. Vybere se prediktor s nejmensi adjustovanou p hodnotou. Tento prediktor s optimalné sloucenymi
kategoriemi je pouzit k rozdéleni uzlu. Pokud vyznamny prediktor nelze nalézt, uzel se jiz dale nedéli a je
povazovan za terminalni.

Bonferroniho multiplikator

(r-i)s
iM(r-i)!

s—1

o Kategoridlni proménné: B.giegoriai = Li=o(—1)"

OrdindIni proménné: B,rainai = (
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Rozhodovaci stromy
Vyhody a nevyhody

Vyhody
Snadné grafické znazornéni, jednoducha interpretace
Neklade zadné podminky na typ rozdéleni zavisle promé&nné ani prediktord

Zavisle proménnd i prediktory mohou byt viech typu (kategorialni, ordinaini i spojité) — CART

Nevyhody

Nestabilita

Udinky jednotlivych prediktord nelze ,scitat"

Stromy jsou nevhodné pro maly polet vzorkl a velky pocet kategorii zavisle promé&nné

Vysledkem je nespojita plocha (pfevazujici kategorie nebo prumér pro kazdy terminaini uzel)

16



Pouziti rozhodovacich stromu v praxi
Propensity to Save model



Propensity to Save model pro klienty s uvérem

Specifikace modelu Propensity to Save Model (PtS)

* |[dentifying segments worth specific treatment in Reactive retention

* Focusing on customers with potential to be retained and maintain revenue
CLV * Result of an objective statistical analysis of over 2000 derived attributes

Customer lifetime value (Successful retention = customer has been retained and maintained
revenue at least 100CZK after the retention)

0
2,2%
successrate
Loan refinanced/consolidated

_ A
r \

Portfolio

No Yes
ient’s total del Refinanced /
Ret e CI st:mrtm:dllgistb; months Consolidated
campaign , .
P t C Pt S Lessthan 44 000 CZK 44000 CZKand more
Predlctlve retentlon predlctlng WhICh Decrease?uctessrate
H Low Outstanding Change of ATM transactions
Churnlng Customers amountin IaAst4months
a re I | k e Iy to b e Stable ordecreasing Significantlyincreasing
successfully retained -+
The ratio of customer’s Increase Of
revenue vs. outstanding ATM transactions
< 2,’2% >= 2‘,2%

Average success rate Decreased success rate
Low ratio revenue High ratio revenue
vs. outstanding vs. outstanding
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Propensity to Save model pro klienty s uvérem

Vysledny model

Legend:
g success rate
% of retention camp.

*Retention campaign = customers entering the
retention campaign, without current delinquency (as
of the period 07/2015 — 11/2015)

*Success rate = % of customers in retention
campaign, marked as retained, and maintaining
revenue at least 100CZK after the retention

* The PtS model is a result of statistical analysis,
relevant to a static point in time (evaluating portfolio
07/2015 — 11/2015). Thus strong monitoring of the
model is needed to be implemented and adequate
model maintenance to be in place.

2000 prediktori

9 7819

Loan refinanced/consolidated
by the bank
A

1t \
No Yes

Y 1.4% v 69,9%

9 98,8% a 1,2%

Client’s total debt in the bank, Develop specific VIP
summed last 2 months prioritization in IVR/SAN
A

r \
Less than 44 000 CZK 44 000 CZK and more

Y 06% Y 18%

9 31% 9 68%

Improve X-selling Change of ATM transactions

of the segment .
9 amount in last 4 months

A
( \

Stable or decreasing Significantly increasing

v 1,4% \/ 3,4%

9 56% a 12%

Prioritize in IVR/SAN

The ratio of customer’s :
Support with X-sell camp.

revenue vs. outstanding

A
( \

<2,2% >=2,2%

@ 24%

Improve retention X-sell consumer loans
Competitive offering Loans from cards 19




2,2%

Propensity to Save model pro klienty s uverem

Segment: “Increase of ATM transactions”

“Increase of ATM transactions” @ 3 4%

II F @ outstanding 88 000 CZK
206 43% — > outstanding 17mio CZK
A ° ;44 @ revenue/month 1600 CZK
e
& Number of clients 192
Opt-out 1,6% N
2 s ke
S 3 x
][] . ‘mB
z
o & I 2l 2 outstanding 46 000 CZK
S E m,_ '} S outstanding 9,5mio CZK
= % @ credit limit 66 000 CZK
T Yy —
@ = @ months on books 55
© § 4mu @ # of credit cards 206
§ 8 I ﬂ: @ outstanding 99 000 CZK
S o =
s > - . .
;_, g E.,- _ M0 S outstanding 7,5mio CZK
£ . B @ disbursed amt. 130 000 CZK
§ § l I @ months on books 14
S & - .. course # of consumer loans 75
~ v av st v | of tenor

by BNP PF
r A \
No Yes
Increase d success ra e
Client’s total debt in BNP PF, Refinanced/
summed last 2 months Consolidated
A
r N
Lessthan 44 000 CZK 44 000 CZK and more
Decrease d success raf te
Low Outstanding Change of ATM transactions
amountin last 4 months
r A \
Stable or decreasing Significantly increasing
Increase d success ra te
The ratio of customer’s Increase of
revenue vs. outstanding ATM transactions
r A N
<22% >=2,2%
Average success rate Decrease d success raf te
Low ratio revenue High ratio revenue
vs. outstanding vs. outstanding

Segment characteristics

Customers with increased amount of ATM transactions
Increasing utilization of credit card
Often without consumer loan

Typical treatment

Prioritize segment in IVR/SAN
X-sell consumer loans to the segment
Focus on further credit card utilization

20



2,2%

Segments

- - ’ )4 success rate
Propensity to Save model pro klienty s uverem
. N . . ” No ' Yes
Segment: “Low ratio revenue vs. outstanding +
N ] . ) ” / 0 ’ summedlafthonths ‘ onsolidate
Low ratio revenue vs. outstanding” (@) 2,0 )0 Lessmani:wm 44000 2K ansmre
'nl F ¢ OUtSta ndlng 160 000 CZK T::a::t::::i:: Changeof_A'II'M tr‘tansactti‘ons
! z OUtStanding 83mi o CZK Stableor;ecreasmg ' Slgnlﬂcant)ymcreasmg
62% 38%
@ revenue/month 2 200 CZK .
Age 244 . : , “increasoof
Number of clients 531 o, ATM transactions
Opt-out 2,8% N . X \
g < <22% >=22%
I E I § Averagesu‘ccess rate Decreased!ucc sssss te
1] [ | .. ] IR | | - e ety O iy’
A B C1C2C3D1D2 E § +++ ++ + = - ae e C 1st 2nd 3rd 4th
w
S & I %ﬂi @ outstanding 42 000 CZK Segment characteristics
bS] S M=
o S 2 outstandin 19mio CZK . . .
S &5 -Ev—*- " o3 ; gt _tg 63 000 C2K « Customers with low ratio between revenue and outstanding
+ ] credit limi . . .
i & months on books 42 * Long term consumer loans, with high disbursed amount
o D . s . .
O % _ € #ofcreditcards 445 - Increasing utilization of credit card
§ g I gu; @ outstanding 160 000 CZK Typical treatment
S o -
— o > - . .
2 outstandin 65mio CZK . . . . .
s &l . - éd_ e & 120 000 2K + Continuously make improvements in retention call-script
E Isbursed amt. and retention offer - allocated core capacity of retention
a S @ months on books 20 t
& 3 .I # of consumer loans 397 eam
] o] C
O 3| = I | oFtoner « Standard priority in IVR/SAN




Voice to Text analyza
Teorie



V2T PROCESSING - OUTCOMES

textual file token file

e Textual transcription e tokens from call ¢ 4 identified
of call enriched with emotions:
e This is plain text file metadata: e Apathy
of transcribed text e timing, e Neutral
from recorded call e speaker, e Low excitement
* Every single line of e order, « High excitement
file contains * probability e 4 call patterns:

transcribed text
from one speaker.

e Interruptions
¢ Hesitations

e Responses

e Speeches

<s2> TAM SI KLIKNETE MATE TAM FORMULE KTERY
BY JAKO ANO PARDON </s2>

<sl> NO TAKY TE MAME KDYZTAK ZAVOLEJTE </sl>

T=383 ST=145.67 ET=146.25 W=ZAVOLA P=1 C=1
T=384 ST=146.25 ET=146.61 W=SDELI P=1 C=1
T=385 ST=146.61 ET=146.94 W=VSECHNY P=1C=1
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TEXT MINING PROCESSING

Document-
Tokenization Lemmatization Term

N-gram Collocation

: identification identification
Matrix

- Tokenization - In lexical analysis we will parse a document collection in order to quantify information about the terms that are
contained therein. Lexical analysis of text is the process of breaking a stream of text up into words, phrases, symbols, or other
meaningful elements called tokens (tokenization). Tokenization will simplify searching through all texts.

- Lemmatization - Lemmatization is the process of identifying a single term called lemma for different inflected forms of a token
so that they could be analyzed as a single item. The objectives of lemmatization are to reduce inflectional forms and sometimes
derivationally related forms of a word to a common base form and to reduce computation complexity.

- Document-Term Matrix - Document-Term Matrix (DTM) is a mathematical matrix that describes a collection of analyzed
documents in terms of the frequency (or different metric) of particular terms in the collection. In a DTM, rows correspond to
documents in the collection and columns correspond to lemmas (terms) in the collection. The value w;; that each entry of i-th
row and j-th column in the DTM should take reflects the frequency (or different metric value) of the particular tokens in the
documents. There is many options for choice of metric e.g. term frequency weighted by inverse document frequency (TF-IDF) in

, N
whole data set. The formula for TF-IDF is tfldfi]- = Wi - log (n_) -
i

- N-gram identification - N-gram is a contiguous sequence of n tokens from a given collection of textual documents. The
relevancy of n-gram can be evaluated by TF-IDF metric.

- Collocation identification - Collocation is a sequence of tokens that co-occur more often than by chance. Collocations are
suitable for identification of topics in analyzed collection of documents.
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Pouziti Voice to Text analyzy v praxi
Analyza hovoru Call Centra



V2T - AFTERSALES EMOTIONS - BEST OPERATOR

Finding
The best operator in aftersales is Mary. Her success influences her positive attitude and her
arguments that she used in calls about early repayment. She could be the emotional
pattern for others.

Top collocations on Rebound Emotionally )
«  Collocations: kreditni karta, osobni pj¢ka, dluzny ¢astka, aktudlni dluzny ¢astka, ha|_3py: She is
mainly happy

kreditni karta — successfully solves the early repayment and consolidation.
+ The main call purpose: consolidation

during the call
(4% vs. 1%

avg) with a
~ Emotions - Mary _~\_positive attitude.
Mary is the Emotions of Call Agents e
Rebound rate best s e

operator in B (0w e tement
20% aftersales ap 3ty

(rebound o B hioh excitemnent
15%

10%
5%
0%

*\rate 18%)
6%
4%
I 2%
00 o0 o0 ™

0%

< >
2L &P

971617
971636
971610

971625
971453

971474
971411
971401
971626
971624
971410
97162
97163
97141
97163

15t nd 3rd ath Stn
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V2T — RETENTION TEXT MINING - TOP 5 FREQUENT COMPETITORS

Each operator is better in the rebound rate in the calls against a specific competitor. Operators may well complement in

others.

Finding

retention calls each othe

Rebound rate of operators

Operator Competitor 1 | Competitor 2 | Competitor 3 | Competitor 4 | Competitor 5 | Competitor 6
John 22,7% 28,4% 30,2% 47,4% 36,8% 22,7%
Angel 40,6% 25,4% 38,0% 56,9% 13,1% 56,9%
Peter 22,7% 37,9% 21,2% 37,9% 11,4% 37,9%
Ami 0,0% 34,1% 42,5% 0,0% 22,7% 38,9%
Charles 11,4% 0,0% 19,6% 35,5% 19,0% 23,7%
Veronica 56,9% 3,5% 27,0% 39,8% 36,2% 32,5%
Total Rebound 25,7% 21,5% 29,7% 36,3% 23,2% 35,0%
Source of knowledge Veronica Peter Ami Charles John Angel

Typical treatment
« The operator with the best rebound rate in the calls against a specific competitor may be a source of knowledge for

« Analysis of the rebound rate and the frequency of the specific competitors in retention calls, we can determine the best
allocation of operators.
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V2T - RETENTION - CUSTOMERS CALL PATTERNS (RESPONSE, SILENT, SPEECH,

HESITATION)
Finding
The more customer responses and hesitations are in the call it is more successful. = The

more short questions from the operator that the customer can shortly answer
leads to success.

. : : ™\
Number of customer responses 7 Rebound rate ) Total duration of customer silence (sec(Rebouncl rate is
response_cnt is highest in sitent highest in calls
g calls with g _ when the
g | more s ~_~#\ customeris
- customer i . more silent.
21 pauses before P pan B R B J
5 | starting 2
c | answer the o |
° question from :

[t}
L

the operator. . . ‘ . : : ‘
[-Inf,306) [306,388) [388.487) [487 617) [617.815) [815,1.21e+03) \

[-Inf,2) 2,3 [3.4) [4.6) [6,9) [9,14) [14, Inf), NA|
/ Rebound

Min. duration of customer speech (seconds) Number of customer hesitations rate is
highest in

speech_min Rebound \ hesitation_cnt Ca||S When

g rate is ST g the customer

s | highest in g makes more

) calls when . hesitations in

I s 7 e | the shortest 2 speech. )

g | customer g B

] speech is .

] very short N :

R (eg; yes, o . , , , , , -

[-Ini,2) [3.6) [6.9) [9.13) [13,16) 8621 [21,28) no) . [Hnf 1) [1,2), NA [2,3) [3.5) [5.8) [8, Inf)




V2T - TOP CUSTOMERS COLLOCATIONS

Finding
When customer says in retention calls collocations: nabidka, nabidnout or kreditni karta the call have higher
rebound rate than calls in which customer says collocations: doplatit, presny Castka or dluzny Castka. Average
rebound rate of retention calls is 15 %.

Typical treatment

 Focus on offer in every
Rebound rate by collocations retention calls. Customer
25% collocations that leads to
uwr : . 0
success: nabidka (21% rr),
nabidnout (19% rr),

Nabidnout

0% Nabidka : Kreditni kreditni karta (17% rr).
L2 karta
. «  Focus on care and
usage campaigns that
15% 15% 15% . 15% could avoid the

13% 1. 6 | customers reasons to

early repayment.
Collocations that leads to

Rebound ratl

10%

. » “ lower rebound rate:
oplatit Dluzny &astka > doplatit (9% rr), presny
s% . 6% ééstka (2% rr), dluzny
castka (5% rr).

Pfesny Castka -
2% . ’ JRebound rate 95 % confidence interval width )
0% —_— measures how accrued is the rebound rate with
respects to the number of calls observed.
Rebound rate of collocations on the left hand
side are more accrued then rebound rate of
collocations on the right side.




Shrnuti



Propensity to Save model, ktery prioritizuje
klienty pro reaktivni retenci:

Klienti, kteri maji vysokou pravdepodobnost, Zze budou zachranéni (akceptuji retencni
nabidku) & ktefi zUstanou profitabilni i po poskytnuti retenéni slevy

Pocet prediktori Gini Klienti s prioritou 1
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Voice to Text a Text Mining:

Na zakladé analyzy probéhl workshop pro operatory na téma Uspéesny hovor.

Pomoci textové analyzy se podafrilo identifikovat nejvétsi konkurenci, kam klienti
odchazeji.
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