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What we had to do

Build

Recommender System
for each client

(34 clients) helping to
increase its revenue

Build Personalized
Recommender System
for each shop helping to
increase its revenue



NPS is correlated with company revenue growth

Net Promoter Score (NPS) —
today’s standard for measuring customer loyalty

How likely is it you would recommend us to a friend?

Extremely Notat
lkely 1 9 8 7 6 5 4 3 2 1 0 all likely

. Promoter -{9,10}
\ ; _

Passive — {8,7}

O % ‘% — NPS Detractor —{1,2,3...,6}



NPS rating for all clients
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NPS rating for all shops
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Customer Satisfaction Problem
Solutions Overview

Approach

Conclusions

Customer Satisfaction Software Tools

Customer Satisfaction Software Tools
Recommender Systems
Text Analytics and Sentiment Analysis Tools

POPSURVEY @ Survey design

@ Feedback collection

(3 .
@ Score trend analysis

over time
k. surveygizmo customer @ Limited analytics and
insight
CLIRS ¢=mm Our Software $
Wz
UNC CHARIOTTE
= = = = = Qv



Home How It Works Ideas Pricing & Sign Up Login

Improve customer satisfaction over time

Temper measures how your customers feel about your business so you know what to improve

Start measuring & improving customer experience right now.

Temper: https://www.temper.io/


https://www.temper.io/

How It Works

4 )
1 Create Questions 2 Add Them Anywhere 3 Get Ratings 4  Analyze and Change

Put together a questionin Dropinatiny bit of code on your Watch the ratings rollin from Pinpoint areas that need
seconds that helps you identify site or in emails where you want your customers, giving you real- improvement & when changes to
an area, interaction, page or the question to appear. time feedback about which areas your product helped or hurtthe
feature where you could of your business delight or experience. Then do something,.
improve. disappoint.

- J

Temper

Collecting Limited Analytics
Customers Data


https://www.temper.io/

Clarabridge CX Analytics [http://www.clarabridge.com/]

Key Features:
Deep Natural Language Processing (NLP) - Accurately analyze mountains of unstructured data to
zero in on aspects of business that drive customers’ dissatisfaction.
Linguistic categorization - Intelligently groups customer comments into topic buckets for smarter analysis.
Emotion detection - Decipher the emotional state of customers based on the tone of the feedback.
Context-sensitive sentiment analysis - Understands the intensity of feelings expressed by using deep
Natural Language Processing, adjusting for industry and source-specific nuances.

Advanced discovery tools {Get to the core of customer issues using single click root cause analysis;

unearth previously unknown topics using fully automated topic detection engine.
Speech analyticsfPCapture customer’s voice, literally, by analyzing call recordings in the same
platform as all Pour other data sources.

e Does not discover
actionable knowledge

e Data analytics does not
provide any recommendations
which guarantee NPS improvement

TATA Company: collects not only customers text data but also voice & video



Customer Satisfaction Problem
Solutions QOverview
Ap

Conclusions

Introduction
Net Promoter Score
Motivation

Structured and unstructured feedback

CLIRS e=== OurSystem

v HiGgH
/ . PERFORMANCE
L2 EQUIPMENT

@ Score ratings - 0-10 scale,
"star” ratings

@ Unstructured: free-form text

e thoughts
o feelings
e expectations

UNC CHARLOTTE



Initial Dataset — provided by Consulting Company

About 100,000 records representing answers to a questionnaire

collected from over 35,000 randomly chosen customers in 2010 -2013.

Customers use services provided by 34 clients .
Currently ~ sampling of

A questionnaire consists of: 300,000 records per year
2010-2017

Information about the customer

Customer’s name, location, phone number...
Information about the service

’

=== Personal

nt, service t .

Information on customers’ feeling about the service
was the job completed correctly
are you satisfied with the job

likelihood to refer to friends

< Benchmarks




Decision Table built from customers survey

2011 textl Promoter
2012 M 8 10 8 text2 Promoter
2013 F 8 5 8 text3 Detractor
2014 F 5 7 7 textd Passive
New attributes can be derived Text Mining & Sentiment Mining

can be used to build new attributes



Sentiment
analysis

« Different levels of sentiment analysis:
« Document level

general sentiment of all notes combined as a whole

« Sentence level

Distinguishes between subjective and objective sentences

* Entity and aspect level

« What exactly people liked and did not like
Y

Daniel



Sentiment
analysis tools

 Python NLTK Text Classification demo

« Demo uses classifiers trained on both twitter sentiment as
well as movie reviews

 The results will be more accurate on text that is similar to
original training data

« general sentiment analysis tools do not work very well

Y

[heDanielbroup


http://text-processing.com/demo/sentiment/

Sentiment analysis tools

Text Analysis APl Demo Plans Documentation SignUp Login

Rapid Miner demo (+ AYLIEN tool)

Classification by Taxonomy | & pecumentation

Classification by Classifies a piece of text or an URL according to a pre-defined taxonomy, such as
Taxonomy IPTC SubjectCodes or IAB QAG.

» |PTC News Codes - International standard for categorizing news content
e JAB QAG - The Interactive Advertising Bureau'’s quality guidelines for
classifying ads

NLP Stanford Parser

Input

Things to try

=) :
= Language: » “TeslaModel S can
now drive without

Eng b
= you" - TechCrunch
Entiti
-z Maciee 2016
& Taxonomy: golf article
ntity ion

» Afashion article

Document-Level

1AB QAG

Conclusion: General sentiment analysis tools are not domain-specific


https://developer.aylien.com/text-api-demo?text=&language=en&tab=sentiment
http://nlp.stanford.edu:8080/parser/

013

UNC CHARLOTTE S cs RapidMiner
experiment
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TheDanielsGroup Customer Datasets

Sentiment polarity indicated by program Actual Promoter Score




PLAN FOR TODAY’s PRESENTATION

CLIRS - Customer Loyalty Improvement Recommender System

Definitions/Concepts needed to understand how CLIRS is built & works:

1) Reducts in Decision Systems
2) Action Rules and Meta-Actions

3) Decision Tables & Their Semantic Similarity

Emy Structured Recommender System For Improving NPS W STE %

Settings

Please select a category that you intend o query* © Service O Parts I
|2sc s Load dendrogram
Please o
¥ optional) Start Expanding... Q
Expanding status Adapter

e Please 3dd a new dataset

Newly Added Client Size of New Dataset NPS Ratings of New Data

2.8C 133 0765 0

“aNC 217 0784

+6.PA 3466 0785

1L 4327 0795

<13 HL 4955 0793 X

Adtion Rules Confidence | Change of Decision Value: | Detractor->Promoter v

((Benchmark Service - Final invoice Matched

((Benchmark Sendce - Final Invoice Matched .. 100.0
((Benchmark Senvice - Final Invoice Matched .. 100.0
((Survey Type,(Shop->Shop))*(Benchmark S.. 100.0
((Survey Type,(Shop->Shop))*(Benchmark All.. 100.0
| | | (Survey Type (Shop->Shop))*(Benchmark S.. 1000

((Client Name (Blanchard->Blanchard))"(Ben... 100.0
((Client Name, (Blanchard->Blanchard))*(Ben... 100.0
((Client Name (Blanchard->Blanchard))"(Ben... 100.0

Meta-Actions

Atomic actions in the selected rule

- Repair C 110)
Benchmark Service - Final Invoice Matched Expectations(10->1)

NPS Impact Calculation and Improvement Options

2. Rate Feasibility of Inprovements

Rate the feasibifty of improving your company’s performance in each area below, from 0 (not possiie) 10 10 (edsy).

Price Competitiveness 5 ¥ ServiceDoneComecty 5 ¥ Proas o munication
Techniian Knowledge anc Expertse 5 ¥ Dealer Response Tme Care anc Respect from Technician | 5 ¥
More Timely lnvoiing 5 ¥ Core and Respect From Statt 5 ¢ 3
3. View Your Recommended Improvement Options 5
Review improvement oplions beiow. Click 0n a bubble 1o review detals and customer comments
OpUIONS AFACTIVENess (DUDDI SZ6 NUMDE! Of ACHON AIEAS, COII SCAE Qreen=atiactve/eIsnot-aacive)
m
|4
) @)
e
3
g«
P
2 PR
~ 8"
less < Aracivensss > more

Reset AL



Decision System - Granules

Benchl Bench2 Promoter Status
x1| al b2 promoter
x2| al bl passive
x3| a2 b3 passive
x4| a2 b3 promoter
x5| a3 b4 passive
x6| al b4 promoter
X7| a3 b4 passive

-

{x2}, {x5,x7}

e
{x3,x4}

{x1}, {x6}

\
N <

Promoter
Decisio nules: .
Passive

{X1,x4,x6}, {x2,x4 X6}

Classification Granules:

Benchl: {x1,x2,x6}, {x3,x4}, {x5,x7}
Bench2: {x1},{x2},{x3,x4},{x5,x6,x7}
Smallest Granules:
{x1},{x2},{x3,x4},{x5,x7},{x6}

Figure 1

Passive
. Informal Definition:
Promoter/Passive Reduct — smallest subset
of classification attributes
which preserves distribution
— Promoter of objecCts in Figure 1



Decision System & Reducts (Rough Sets)

Reductl = {Muscle-pain,Temp.}

U Headache Muscle Temp. Flu U1,U4 | Yes Normal |No
. pan ‘ u2 Yes High Yes
Ul |[Yes Yes Normal No U3,U6 | Yes Very-high | Yes
U2 | Yes Yes High Yes U5 No High No
U3 |[Yes Yes Very-high | Yes
U4 [No Yes  [Normal [No Reduct2 = {Headache, Temp.}
U5 |No No High No
U6 [No Yes Very-high | Yes #
Ul |Yes Norlmal [No
" ookine for rules describ U2 |Yes High Yes
F/5 i?\rfe:)n:)s Igfg szvzzvce;e, Eilrslc/l; iain, Temp. U3 | Yes Very-hlgh Yes
U4 | No Normal No
U5 [No High No
U6 |No Very-high | Yes




ACTION RULES & META ACTIONS

Action Rules Miner:

Action4ft-Miner module in LISP Miner
http://lispminer.vse.cz/procedures/index.php?system=Ac4ftMiner
[developed by Jan Rauch (Univ. of Economics, Prague, Czech Republic]

Meta Action Miners: Only Domain Specific
I (parts of domain specific software)

Triggers of Action Rules


ActionRules.ppt
http://lispminer.vse.cz/procedures/index.php?system=Ac4ftMiner

Semantic Similarit

Ry = {r«;: i€ I} set of rules extracted from decision table D, and [c, ;, sy ]
denotes the confidence and support of rule r; for all i € |, k=1,2
With Ry, the number K(Ry) = 2{ c; - s¢; I € ||} Iis associated.

Assume that Ry = {r;: ie I} is set of rules extracted from decision table
Dy and R, = {r,;. Je J} set of rules extracted from decision table D,
Also, assume that R=[R, - R ] U [R, - R{]J U [R, " R{],

R1=[Re- Ry =4y s2tle M}, R29[R;, - Ry = {6 pi 12€ 12},

R3=[R, N Ry{] ={r3 i3: 13€ I3}

The semantic distance dist(D,,D,) between decision tables D, and D,,, is
defined as X{Cqj1 -Sqj1: I n€R1} + Z{ Cojp - S2ip 1 1o peR2MH+
Z{|c3j1 —C3j2| | S31 — S3j2l : I3 i3€ R3}

R1 R3
Dk




Coming back to our customers feedback dataset

Rough Set REDUCTS have been used to identify features having the strongest impact on Promoter

Benchmark All Overall Satisfaction

Benchmark All Likelihood to be Repeat Customer
Benchmark All Dealer Communication

Benchmark Service Repair Completed Correctly
Benchmark Referral Behavior

Benchmark Service Final Invoice Matched Expectations

Benchmark Ease of Contact
Benchmark All Does Customer have Future Needs

Benchmark Service Tech Promised in Expected Timeframe
Benchmark Service Repair Completed When Promised
Benchmark Service Timeliness of Invoice

Benchmark Service Appointment Availability
Benchmark Service Tech Equipped to do Job
Benchmark All Contact Status of Future Needs
Benchmark Service Tech Arrived When Promised
Benchmark All Has Issue Been Resolved

Benchmark All Contact Status of Issue

Benchmark Service Technician Communication
Benchmark Service Contact Preference

Benchmark CB Call answered promptly

Benchmark Service Received Quote for Repair

Benchmark CB Auto attendant answered by correct
department

Benchmark Service Call Answered Quickly

Benchmark All Marketing Permission

35
34
33
32
31
31

30
28

26
26
25
24
23
22
21
19
17

6
3
1
1

Randomly chosen customers are
asked to complete Questionnaire.
It has questions concerning
personal data + 30 benchmarks

To compute NPS we calculate average score
of selected benchmarks for all customers.
Knowing the number of promoters and
detractors we know NPS.



Customer Satisfaction Problem
Solutions Overview

Approach

Conclusions

Introduction
Net Promoter Score
Motivation

Motivation

@ Insight into the entire anatomy of feedback

@ Discover hidden trends and patterns

Select Client: | All v | Select Category: [ Service v

Reducts: All Service. Shop
Sevice. Field 3 g0 gie 811 12 813 B1s Net Promoter Score

: ;
..-..ﬁ ] [] .. I

etract/Passive/Promot

De

Visualization for yearly trends in customers' sentiment analysis towards different aspects - benchmarks, for chosen client and

<
survey type, and the impact on NPS “ r,
UNC CHARLOTTE



RECOMMENDER SYSTEM CLIRS

based on semantic extension of a client dataset
created by adding datasets of other semantically similar clients



Classical Approach
Data

!

Data Preprocessing (including reduction of benchmarks)

!

Knowledge Extraction
(Classical Tools - WEKA +
Our Software for Extracting Action Rules & Their Triggers)

!

Recommender Systems




Classification
Selection of Best Classification Algorithm

0.4 0.405 0.41 0.415 0.42 0.425 0.43 0.435
PART IIII‘IIIIII‘IIII‘IIIIIIII‘IIIIIl"ll"irll‘leLfalken(secs)
Accuracy
RBF oo
BayesNet [
NaiveBayes |
L S—
RandomForest
s =

PART | RBF | BayesNet | NaiveBayes | KNN | RandomForest | J48 *
Accuracy 2 3 4 1 5 7 6
Time Taken 2 4 6 7 3 1 5
Total score 4 7 10 8 8 8 11

13

AN
NCCHARLOTTE



Two Options

1
Initial Clients Datasets - Recommender Systems

local approach
2 l global approach

Using Information about 34 Clients to Enlarge these Datasets

2 global approach

More Powerful Recommender Systems



FIRST APPROACH for Dataset Enlargement

Semantic Distance between Clients

J48 classifier extracted from J48 classifier extracted from
dataset D1 of Client-1 dataset D2 of Client-2 Dataset for Client-2
Dataset for Client-1
attr2 attr3 attrl attr3
I_I_| ‘

I_I_| |

l attr3 l attrd Il attr2 l attr3 l attrd l attrl

(o

More similar these two classification trees, more close semantically the clients are




Height

Cluster Dendrogram

for Service

dist.mat
helust (*, "complete™)

Semantic distance based dendrogram



Recommender System Engine based on Semantic Similarity of Clients

Start with n1. ﬁ
If NPS(n1) has to be improved, “move to n3”

I NPS(n2) > NPS(n1), then ‘

Table3 := Tablel U Table 2 is assigned to n3. ! :

l Table 5, Classifier5

Table3
3 Classifier3
n sor@

NPS(n1) NPS(n2)
Tablel Table2
Classifierl Classifier2
F-scorel F-score2

Classifier from Table3 is extracted and its
F-score is computed.

If F-score3 > F-scorel,
then “moveto n5”, otherwise STOP




Now, from the enlarged Decision Table, we extract action rules

Examples of action rules:

((Benchmark: All Overall Satisfaction, (1->10))*
(Benchmark: All Dealer Communication, (1->5)))
=>(Detractor->Promoter) sup= 5.0, conf= 100.0

((Benchmark: Service-Repair Completed When Promised, (8->3))*

(Benchmark: All Dealer Communication, (1->10)))
=>(Detractor->Promoter) sup= 5.0, conf= 100.0

NPS



Experiments with Semantic Dendrogram

« Performance of HAMIS on 34 clients with
semantic similarity based dendrogram.

M Original dataset B Extended dataset
} —
é =
8 [—
19—
1
—
2 i —
%3 e ———
e r—
58
%? —
%g ]
30 mm
3 —
v -
0 4,000 8,000 12,000 16,000 32



Comparison of sets of action rules extracted from
dataset of Client 2 before/after HAMIS.

QOriginal Dataset

Extended dataset

Action Rule Comparison for Client 2
B Samerules M Initial rules [ Improved rules from initial ones
B Different rules1 |l Different rules2

l

0 4,000 8,000 12,000 16,000

31

N

UNCCHARLOTTE



Expansion with Geographical Dist.

* Motivation:

— Limitations of applying HAMIS with semantic
similarity based dendrogram.

— Merging with the most semantically similar
clients may not be the only choice.

Take weighted combination of semantic & geographic distance

Now, when the dataset (decision system) is built,
we will start extracting action rules



Action rule

)

t

To make change happen

JJraditional” rules:
|F Benchmarkl =3 AND Benchmark2 =7
THEN Detractor P .l

|F Benchmarkl =6 AND Benchmark2 =9
THEN Promoter ”
NI/ 4

Show simply”

N ‘-‘x-IV*:‘:'-“.‘; ,.._,.,— P ;
assocIalions.

UNC CHARIOITE



But...

;f g 0/f

t&* "I” -
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Meta actions:

* External, ,higher-level” events that trigger
changes in Benchmarks

VIETe

ACHON
IF Benchmark1 (3->6) AND Benchmark2 (7->9)
THEN Detractor -> Promoter




But...




Customerl Detractor 3 He stated that he feels the prices are high.
He also stated that gettingthemon the
phone is not easy. He stated that when he
calls, he needs parts right awayand

sometimes he gets transferred todifferent
locations and Amarilloisclosest to him.

b She stated she never has problemsand the
parts are good quality. She stated she
receives good customer service and good
communication as theyare prompt
sending back emails.

L4

Wz

UNC CHARLOITE




Mining detractor’s sentiment:

Competitiveness

x ]

,He stated that he feels Ehe Ences are h@ |He

also stated that getting them on the phone is
(not easy.|He stated that when he calls, he needs

parik right away and sometimes he gets
transferred to different locations and Amarillo is
clospst to him.”

N/

UNC CHARLOTTE



Mining promoter’s sentiment:

good customer serviceland ¢

ey araépromp sending

UNC CHARLOTTE



1. Action rules:
* Are mined from large datasets with data mining

algorithms
* Can be understood as patterns in the dataset

®* Each rule is characterized by:
* ... —how many customers can be changed
: | — probability of changing a customer

IF Benchmarkl (3->6) AND Benchmark2 (7->9)
THEN Detractor -> Promoter, . GO

10 customers can be changed in this way with
the probability of 90% 7z



2. Meta action mining:
e

* _He stated that he feelsithe prices are high.|He
also stated that getting them on the phone is
(not easy.|He stated that when he calls, he needs

Customerl Detractor 3 He stated that he feels the prices are high,
He also stated that getting them on the
phone is not easy. He stated thot when he
calis, he needs parts right away ond
sometimes he gets tronsferredto different
focations and Amarillo is closest to him.,

Customer2 Promoter 6 «She stoted she never hos problems and @ —
the parts are good quality. She stated she
recelves good customer service and good she statet”she never has problems and the
communication as they are prompt (PO’ ts are good quahl}ﬂ She stated she receives

sending back emails.” igood customer serviceiandigood commumcauoj
as they araorompt sending back ema

D

fic
Qe zhrv

IF Benchmarkl (3 >6) AND Benchmark2 (7 >)
THEN Detractor -> Promoter N/

UNC CHARLOTTE

e

-
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Extracting Meta-Actions

DATASET Guided Folksonomy &

Sentiment Analysis

Meta-Actions

Extracting Comments

‘ c1 C2.Ca Knowledgeable
Customer Benchl Bench2 Bench3 Comments Prom_Stat / c2 Staff
CustL | high | med | high | C1,C2 Prom G| —
c4 C1,c3 | Friendly Staff
Cust2 med med med C2,C3| Pass

C1 refers to Bench2
Cust3 C4, C3 C3 refers to Benchl
C2,C4 refers to Bench3

Benchmark Values ={low, medium, high}

1 Extracted Rules (example)

R1=[ (Bench1=high)&(Bench2=med) .................. = (Prom_Stat = Prom)] sup(R1)={Cust1,..}; Let’s say Confidence=90%
R2=[ (Bench1=med)& ................ (Bench3=med) = (Prom_Stat = Pass)] sup(R2)={Cust2,..}; Let's say Confidence=95%

l Action Rules

( R=[(Benchl, med ->high)&(Bench2=med) = (Prom_Stat, Pass -> Prom)] Sup(R)={Cust2,..}; Confidence=90%*95%=85.5%. )

Recommendation: Staff has to be more friendly (R will be activated)



How to construct optimal sets of meta-actions (triggers activating Threshold for adding triggers =6

changes in customer NPS)
- Seeds

i j Sup=160
We add single trigger s

one by one following
their order with respect ™ .

. ~ .
/ N\ N
™~ . \ N

to Suppor‘t /‘/,,,,." . B ;t_

(TR1TR4}

{TR5,TR1} {TR5, TR2} TR5, TR3}

RN
.

Triggers activating changes in customer NPS

Sup=184 | Sup=189 . Sup=185 l

{TRS,TR1,TR2} {TR5,TR1,TR3} {TR5,TR1,TR4}
1 2 3 4

TR5 {TR1,TR4} {TR5TR1TR3}
{TR5,TR1}



Search for the best sets of meta-actions

for Client-2

idx Meta-actions effect idx Meta-actions effect
0 * ensure service done correctly 2.00 22 * ensure service done correctly 15.07
: * competitive price
1 * ensure service done correctly 7.62 « improve price competitiveness
* improve price competitiveness « sufficient staff
2 ‘ ensure servic.e dqne correctly 5.0 23 » ensure service done correctly 15.00
* properly.set Invoice * improve price competitiveness
expectations(slightly high) « properly set invoice
3 * ensure service done correctly 2.0 expectations(slightly high)
. Sufficient staff . Sufficient Staff
7 « ensure service done correctly 11.13 24 * ensure service done correctly 13.13
* improve price competitiveness * improve price competitiveness
* reasonable invoice
8 * ensure service done correctly 10.66
« improve price competitiveness 25 * ensure service done correctly 11.66
« sufficient staff * improve price competitiveness
* reasonable invoice
9 * ensure service done correctly 9.99 . sufficient staff
* improve price competitiveness
« properly set invoice 46 * ensure service done correctly 19.41
expectations(slightly high) * competitive price
* improve price competitiveness
10 * ensure service done correctly 8.62

* improve price competitiveness
* keep proactive communication

* properly set invoice
expectations(slightly high)
* sufficient staff




Recommender System

ly Structured Recommend System For Imp im_,NPS\ : =l

—
Please select a category that you intend to query*: (@® Service Q Parts
Please select a client whose NPS you want to improve: [2_SC » | Load dendrogram...
Please select a shop owned by the client you selected above (optional): v
Please select a season you want to explore (optional): v Start Expanding... &
Expanding status Adapter
. " ~ 5
% ] Please add anewdataset | Addanew dataset
Newly Added Client | Size of New Dataset | NPS Ratings of New Data... |
2_SC 1133 0.765 A
+4_NC 2217 0.784
+6_PA 3466 0.785
+1_IL 4327 0.795
+13_H 4955 0793 ¥

Action rules extracted from the expanded dataset.

f R
Action Rules | Confidence Change of Decision Value: | Detractor->Promot: v
((Benchmark Service - Final Invoice Matched ... 100.0
((Benchmark Service - Final Invoice Matched ... 100.0 EJ Meta-Act
((Benchmark Service - Final Invoice Matched ... 100.0 Sla-netons
((Survey Type,(Shop->Shop))*(Benchmark S...  100.0
((Survey Type,(Shop->Shop))*(Benchmark All... 100.0

i ((Survey Type,(Shop->Shop))*(Benchmark S...  100.0
((Client Name (Blanchard->Blanchard))*(Ben... 100.0
((Client Name,(Blanchard->Blanchard))*(Ben... 100.0
((Client Name, (Blanchard->Blanchard))*(Ben... 100.0
Atomic actions in the selected rule 7\
Benchmark Senvice - Repair Completed Correctly(1->10)
Benchmark Service - Final Invoice Matched Expectations(10->1)



Recommender System 6-11/RecommenderSystem.jar

User-Friendly Interface

2. Rate Feasibility of Improvements

Rate e feasibiny of Improving your company’s performance in each area boiow, from 0 (not possie) 10 10 (casy)

Price Competitiveness > ¥ SernviceDoreComecty 5 ¥ Proactive Communicatn 5 ¥

Technican Knoaledge and Expertse 5 ¥ DealerResponse Tme 5 ¥ Care anc Respect from Technician | 5 7 ]
10
More Timely Invoiding & ¥ Care and Respect From Stat 5 ¥ 4
8

3. View Your Recommended Improvement Options

Review mprovement oplions beiow. Click on a bubbdle to review detals and customer comments

Options Attractivaness (Dubbie sizé numbes Of Action areas, Color sCale’ greensatiracive/redsnot-atraciive)
™S

% .

EO-NUI-MO\

NPS Impact
i3 3

:

B

...Qsﬁ ’

P %0 e ¥ < 0
less < Altractivensss -> more


http://webpages.uncc.edu/ktarnows/47458cjbw8e329fnuef98q23bhohqwfqobaeyow7e3b2qo8fahfpa/nps.html

Examples of Comments with Sentiment Orientation

staff+++++,best manager=112

staff-----,bad experience because diagnosis=108

staff+++++,good technician=96
staff+++++,nice guy=87
staff+++++,excellent mechanic=85
staff+++++,great guy=83
staff+++++,excellent technician=79
staff+++++,good guy=74

staff+++++ wonderful dealer=71
staff+++++,good team=66
staff+++++,honest guy=60
staff+++++,pleased with manager=40
staff----- not available technician=34
staff-----,wrong diagnosis=16
staff+++++,best mechanic=12
staff+++++ knowledgeable mechanic=6

invoice+++++,outstanding bill=141
invoice+++++,they billed properly=65
invoice+++++,fine invoice=61
invoice-----,refused pay bills=29
invoice+++++,happy with bill=12

price-----,not fair pricing=108
price+++++,good price=108
price+++++ fair pricing=87
price-----,aggressive pricing=66
price-----,unreasonable charge fee=37
price-----,not satisfied with price=35
price+++++,better pricing=27
price-----,expensive amount charged=12
price+++++,the charged fairly=12



Customer Satisfaction Problem

Solutions Overview _ll)_eg:'iﬁ"“s
Approach echniques
Conclusions Proposed solution

Summary generation

Action Areas
08

Proactive Communication

Price Competitiveness

Service Done Correclly

Positive Comments

13685848 == Noel said that they communicated well to the customer.
13603456 == He stated good communication.

13686554 == He slated that they communicated well throughout the whole
process

12740469 == He stated they have good personal contact, they took time to
explain everything and completed everything in a timely manner

13976889 == He stated the communication between the 2 offices and his point
of contact at carter. He stated the communication works well

14811290 == Kenneth stated that the service manager stays in contact with him
and provides good communication on status of repairs.

14922398 == John said contact is good.

14649902 == James said they have good communication and kept him informed
12489864 == Peter said technician was easy to get along
with and had good communication

13602587 == He stated that they provided great service. The technician was on
time, very knovdedgeable and the pricing was good.

12262972 == He said they are very thorough, easy to work with, and the pricing
is reasonable.

14959790 == Cole stated the job was done correctly the first time.
14027457 == He stated i was the way they handled the issue and got fixed in a
timely manner.

12490730 == Joel stated the technician is efficient, came out right away and able
1o get right to the job and repair it correctly

Negative Comments

15098796 == Boog stated that they
repaired the machine and got it
going, but it is high priced.
15146035 == Hank stated while
they are fast, and have good
service, he feels the prices are too
high.

13741853 == Robert stated they
mace sure the problem got fixed

Quickly 'S

12994165 == Kelth stated that the ‘
NI+
C

technician vas very friendly,
UNC CHARLOTTE
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Making tables from comments

.

Opinion analysis of comment :

sentiment + feature
ex : negative opinion of staff knowledge : {-1) +

“Knowledgeable Staff”
® Goal :

.

L J

| Bucket | Bucket | Bucket | Bucket | Bucket | Bucket | Bucke! |
1 3 4 5 6 7
[ ) 0

UNC CHARLOTTE
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Recommender System

NPS

- Before
B Ater

0 250 500 Miles

I |

Columns in blue color
show minimal expected
improvement in NPS after
following advice given

by recommender system
on clients level


http://webpages.uncc.edu/ktarnows/47458cjbw8e329fnuef98q23bhohqwfqobaeyow7e3b2qo8fahfpa/nps.html

CAC = $10 (basic product)
mterested . 10%

105,;- SHyEes $—: Fyears -— —
30% 10,540
350000 (s | 7,378 remains after 3 years p
)'( J h (if we lose 1% per month)
g KEEP
34 (LTV)> 10 (CAC) 3.4 »1
Viral Loop

GET KEEP and GROW






