Problem area — customer loyalty and satisfaction (Net Promoter Score)
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Examples of action rules:

((Benchmark: All Overall Satisfaction, (1->10))*
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We've saved your rating! If this is correct no further
action is required. If not, you can change it below.
Also, we'd love your feedback on a couple

more questions.
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Net Promoter Score (NPS) is a widely-used measure of business customer
satisfaction and loyalty related to a product or service provider. Research It is built
on a scale 1 to 10 where 1 means very unlikely to recommend the provider and 10
means highly likely to recommend. Based on observations of customers, referral and
repurchase behaviors along such scale, customers' are divided into three logic levels:
promoter, passive and detractor, which present customers' satisfaction, loyalty and
likelihood of recommending 'iis provider in a descending order.

Promoters are loyal enthusiadts who are buying from a company and recommend
others to do so.

Passives are satisfied but unenthusiastic customers who are open to offers from
competitors, while detractors are the least loyal customers who may urge others to
avoid that company.

Customers are categorized into these three clusters based on their answers to the
questions in questionnaires. Generally customers falling into interval 9-10 are seen e on your recent experience, how ey areyou o
as promoters, into 7-8 as passives, and into 0-6 as detractors. The partition into use for future service work? Very unlikely
these three categories is widely accepted by business organizations. NPS is [+]2]s]a]s]o][7]8]o]0]

calculated by subtracting the percentage of customers who are detractors from the Very unlikely Very lkely
percentage of customers who are promoters.
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Based on your recent experience, how likely are you to
recommend to another person for service?
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Submit Survey

We Put Your Feedback to Work

Based on your recent experience, how likely are you to
recommend to another person for service?

Problem: Attribute analysis

The first problem we need to solve is to find out which
benchmarks are the most relevant for Promoter Status. There is
also a need to analyze how the importance of benchmarks
changed over years for different clients (locally) and in general
(globally), and additionally how these changes affected changes
in Net Promoter Score, especially if this score deteriorated (which
means customer satisfaction worsened). We need to identify
what triggered the worst NPS drops and the highest NPS
growths.

To realize the ultimate goal of adopting proper actions to improve the performance

of every single client, in other words, improve its NPS rating with the given dataset,
Flexible Query Answering System (FQAS) was initially designed to accept queries from a
client regarding how to serve customers better and giving actionable suggestions to resolve
such queries.

Hierarchically structured recommender systems are proposed - with leaves of

the tree representing personalized recommender systems. Each personalized recom-
mender system is responsible for providing valuable action rules for its corresponding
client. To make the quality of retrieved action rules as high as possible, Hierarchical
Agglomerative Method for Improving NPS (HAMIS) is proposed to maximally extend
the dataset representing each client by using data of some neighboring clients having
better NPS. It has been shown that the action rules generated from the extended
dataset are more useful than from original dataset as they provide more options to
clients, and have higher confidence.

Visualization

NPS (per chosen client's dataset in a given year).

year and client.
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Input: structured customer survey form

Approach: Granular Computing (reducts) +

The "Decision Reducts" matrix visualizes minimal sets of benchmarks (reducts) that determine

Each colored cell in the matrix represents benchmark that was found in a reduct for the given
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Input: unstructured text comments
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Bob stated that the service was done in a very timely manner.
Mr. Grewal stated that he really likes the qualtty of service tha...

Bob stated that he would like to see better tum around time fr...

He stated that he had no specffic reasons or suggestions.

Mohammed stated that . 3
Ben stated that, on all levels,

He said they are reliable and get the work done when promis...
He said he went back to the shop 3 times for the work to be ...
Sunny stated that " provides good service, ha...
Amar stated that —___ _
Wally stated he waked in they helped them, they had the par...

Dean said that on this experience and on every one over his ...

Jim stated that ..

______isfast

foced the truck but th...
is top notch. H...

Natural Language Processing — Sentiment Analysis

(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)))

The main procedures of FQAS: once a query from a client concerning the improvement of
NPS ratings is submitted to FQAS, its corresponding recommender system will attempt to
return action rules by following HAMIS. If action rules are not returned to clients, Query

The color scale corresponds to occurrence percentage: darker cells indicate benchmarks that
belong to more reducts than benchmarks represented by lighter cells. So, the darker the cell, the
stronger the impact of the associated benchmark on promoter score. Red cross in a cell means
that the benchmark has not been asked the client in the year. The average benchmark scores per

=>(Detractor->Promoter) sup= 5.0, conf=100.0

Visualized Recommender System (demo)

Developed for 38 clients across all the United States and southern Canada, for different types of surveys

Customer Loyalty Improvement Recommendations

Recommendations based on 2015 data for Service surveys

1. Select the entity you'd like to analyze by clicking on the applicable dot below

Adapter in FQAS would take over and a relaxed query is submitted to the recommender
system. At the end, action rules with their triggers will be returned to targeted clients and
tested for its effectiveness.
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year are visible after clicking on the client button and moving the mouse pointer over the cell.
Benchmark names are visible after pointing over the Benchmark Code.

Service

Service: Shop
Service: Field
Parts

v | Select Category:
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Service - Timeliness of Invoice

Net Promoter Score

Detract/Passive/Promot

Classification

To track the accuracy of the models built on the yearly client data we performed classification
experiments on each client’s dataset for each year. Evaluation was performed with 10fold

C

ross validation on decomposition tree classifiers. We saved results from each classification

task: accuracy, coverage, confusion matrix. Bar chart shows accuracy and coverage per yearly data.

Details on classification accuracy for different categories are shown in a confusion matrix (updates after
pointing over the accuracy/coverage bar for the corresponding year). Rows in this matrix correspond to
actual decision classes (all possible values of decision) while columns represent decision values as returned
by classifier in discourse. The values on diagonal represent correctly classified cases.
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Domain-specific feature dictionary

Feature Class

Subclasses

Examples of Seed Words

(‘E}lllplt.‘f eness

correctly, properly, well, completed, fixed

Service

timeliness

timely, earlier, time(s), days, weeks, months

proactiveness

would like, respond, heard back

Communication

ease of contact

difficult, hard, better, poor

timeliness timely, delay, quicker, slow, nobody
quality  (effec- | effectively, failed

tiveness)

kindness good, better, great, nice, friendly, gracious

Staff

knowledgeability

knowledgeable, clueless, diagnosis, skill, pro-
fessional, trained, inexperienced

resource

enough, available, resourceful, staffed

kindness

good, better, great, nice, friendly, gracious

Technician

knowledgeability

knowledgeable, clueless, diagnosis, skill, pro-
fessional, trained, inexperienced

resource

enough, available, resourceful, staffed

Invoice

ACCUracy wrong, right, correct, incorrectly, correctly,
incorrect, accurate, accurately

expectation match, matching, matched, expected

timeliness quick, quicker, quickly, slow, slowly, late,

timely, time

Price

competitiveness

high, expensive, outrageous, fair, fairly,

good, competitive, poor, excellent| reason-
able, excessive

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

Interface to Recommender System engine
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2. Rate Feasibility of Improvements ol - 79 | 12.2
Rate the feasibility of improving your company's performance in each area below, from 0 (not possible) to 10 (easy).
0.2
Price Competitiveness = 9 Y Service Done Correctly = S ¥ Proactive Communication = 9 Detractors
Technician Knowledge and Expertise | 9 7 Dealer Response Time 9 Y Care and Respect from Technician | 5 0.0- 2011 2012 2013 2014 2015 -
10
More Timely Invoicing 9 Y  Care and Respect From Staff 5 ¥ 9 .
Clustering
3 Vlew YOUI' Recommended Improvement optlons - In order to recommend items (actions to improve in the service, products), we need to consider
Review improvement options below. Click on a bubble to review details and customer comments 4 not only historical feedback of customers for this client, but we also propose looking at client
2 . . . . . . . .
J
Options Attractiveness (bubble size: number of action areas, color scale: green=attractive/red=not-attractive) 2 WI.'IO are similar in some way, but perfc?rn? b(?tter. We .use concept of seman'tlc similarity .to compare clients.
- 1 | Clients are compared in terms of the similarity of their knowledge concerning the meaning of three
0 P concepts: promoter, passive, and detractor. Clients who are semantically close to each other can have their
8% 27 18 08 . . . . .
datasets merged and the same considered as a single client from the business perspective (customers have
= | similar opinion about them). We use hierarchical clustering algorithm to generate the nearest neighbors of
g 4% each client.
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Proactive Communication 13685848 == Noel said that they communicated well to the customer. Cluster200) Clene.
13603456 == He stated good communication. R0 00y ctentso
len
13686554 == He stated that they communicated well throughout the whole cluster230 Clients
process clusterti ) cluster310) et
' ! Oclient20
12740469 == He stated they have good personal contact, they took time to cluster2 () I

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
with and had good communication.

Price Competitiveness

is reasonable.

Service Done Correctly

fimely manner.

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

13602587 == He stated that they provided great service. The technician was on
time, very knowledgeable and the pricing was good.
12262972 == He said they are very thorough, easy to work with, and the pricing

14969790 == Cole stated the job was done correctly the first time.
14027457 == He stated it was the way they handled the issue and got fixed in a

Clients form the domain for the agglomerative clustering algorithm based on their semantic distance.
Clients are compared in terms of the similarity of their knowledge concerning the meaning of three
concepts: promoter, passive, and detractor.

Clients which are semantically close to each other can have their datasets merged and the same
considered as a single client from the business perspective (customers have similar opinion about
them).

The dataset extensions are shown on dendogram (as colored client's nodes with corresponding number
of extension).

The resulting dendrogram is a skeleton for the collection of hierarchically structured recommender
systems. Lower the nodes in the dendrogram, more specialized the recommender systems are

and the same the classifiers and action rules used to build their recommendation engines have higher
precision and accuracy.

The recommendations are based on action rules which are extracted from the datasets assigned to all
nodes of the dendrogram.

Higher a node in the dendrogram, the dataset assigned to it is larger - it is built by taking the union of all
datasets assigned to the ancestors of that node.

technician was easy to get along

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
made sure the problem got fixed
quickly.

12994165 == Keith stated that the
technician was very friendly,

~¥ Hierarchically Structured Recommender System for Improving NPS — [m| X
J Owverview T HAMIS process T Meta-Action Miner ]
Settings
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