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Popular CX Measurements 

Net	Promoter	Score	(NPS)	Customer	Satisfaction	(CSAT)

Customer	Effort	Score	(CES)

How	likely	are	you	to	recommend	our	company/	
product/	service	to	your	friends	&	colleagues?



Quantitative measures alone mask sources of frictions 
and complaints 
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“I	would	like	someone	
from	XXXXXX	to	read	
the	comments	in	this	
survey and	come	out	
and	inspect	the	
machine	and	discuss	it	
because	I'd	asked	for	an	
extended	warranty	on	
the	machine	because it	
wasn't	right	for	several	
months…”	

I'm	due	to	replace	them	next	year,	the	
communication	from	the	sales	person	is	
bad.	I	have	never	seen	or	spoken	to	an	
area	manager.	They	only	ever	want	to	
talk	to	you	when	the	contract	is	up.	
Commitment	to	the	customer	is	poor”	



Frictions are still exist with loyal customers 
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Loyal customers sources of frictions: price value (15.8%), 
process adherence (11.3%), parts (8.3%), quality (5.8%) and 
communication (5.5%) 
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NPS do not correspond to customer actual 
behavior



Comparing NPS and RFM (profitability 
measures) Equivalent

Misclassified NPS 2012 2013 2014

Promoter → Detractor 291 522 524

Passive → Detractor 126 185 218

Promoter → Passive 135 147 104

Passive → Promoter 44 18 32

Detractor → Promoter 10 2 3

Detractor → Passive 9 8 10

% of customer misclassified 72% 85% 82%

Using one measurement leads to misclassified 
customers



Predicting promoters is difficult

Combined RFM Rank / NPS Targets
Rank Class Recall Precision F-measure

B Detractor 0.78 0.80 0.79
A Detractor 0.81 0.76 0.78
D Detractor 0.68 0.83 0.75
E Detractor 0.72 0.78 0.75
A Passive 0.75 0.73 0.74
C Passive 0.73 0.70 0.72
C Detractor 0.71 0.72 0.71
B Passive 0.73 0.69 0.71
A Promoter 0.68 0.70 0.69
E Passive 0.66 0.72 0.69
D Passive 0.60 0.72 0.65
B Promoter 0.77 0.50 0.61
C Promoter 0.48 0.64 0.55
D Promoter 0.37 0.66 0.48
E Promoter 0.35 0.63 0.45

Detractors and passives are 
by far easier to predict (at 
any RFM rank)

Promoters are harder to 
predict

[A] ranked promoters can be 
reasonably well predicted, 
but this is also the most 
valuable category!

Good news for 
early-warning 
systems, [A] 

ranked 
detractors and 
passives are 

easy to predict

Results seem 
to suggest a 
heterogeneity 
problem for 
higher value 

targets



Combined RFM Rank / Loyalty Targets
Rank Class Recall Precision F-measure

E At-Risk 0.84 0.86 0.85
D At-Risk 0.81 0.80 0.80
A At-Risk 0.75 0.79 0.77
A Vulnerable 0.78 0.74 0.76
C At-Risk 0.72 0.80 0.76
B Vulnerable 0.77 0.71 0.74
B At-Risk 0.69 0.78 0.74
C Vulnerable 0.71 0.72 0.71
D Vulnerable 0.62 0.77 0.69
E Vulnerable 0.64 0.71 0.67
A Loyal 0.66 0.67 0.67
B Loyal 0.76 0.47 0.58
C Loyal 0.41 0.65 0.50
D Loyal 0.39 0.65 0.48
E Loyal 0.36 0.65 0.47

Detractors and passives are 
by far easier to predict (at 
any RFM rank), this is the 
same as per the NPS results

Loyals are harder to predict

[A] ranked loyals can be 
(borderline) reasonably 
well predicted, but this is 
also the most valuable 
category!

Good news for 
early-warning 
systems, [A] 

ranked at-risks 
and vulnerables

are easy to 
predict

Again, results 
seem to 

suggest a 
heterogeneity 
problem for 
higher value 

targets

Identifying loyal customers is difficult



Sentiment scores are another simple scores that 
mask details that matter 





Focus on customers’ comments using 
sentence-level analysis 

Comments Sentence-Level	Coding	

I	think	the	service is	very	very	good	at	the	
moment,	only	problem	has	been	in	last	

couple	of	months	that	some	of	key	service	
technicians were	missing.	But	even	if	they	
cannot	help	you	with	the	first	visit,	they	
keep	you	informed	and	try	to	solve	the	

problem

I	think	the	service	is	very	very	good	at	the	
moment

only	problem	has	been	in	last	couple	of	
months	that	some	of	key	service	technicians	

were	missing

But	even	if	they	cannot	help	you	with	the	
first	visit,	they	keep	you	informed	and	try	to	

solve	the	problem

They	need	to	be	competitive	with	the	
pricing	

They	need	to	be	competitive	with	the	
pricing	

Resource	
company

Resource	
Customer

Activity	
Customer

Activity	
Company

Emotion
Positive	

Emotion
Negative Touch	

Point Interaction Interaction	
Duration Suggestion	 Customer	

Role	
Evaluation Root	Causes

Service very	very	
good Field at	the	

moment Receiver	 Compliment Process	Adherence Field	
Service

key	service	
technicians

only	
problem	/		
were	
missing

Field	 In	last	couple	
of	months	 Receiver	 Complaint Service	Capacity Manpower

competitive	
with	the	
pricing

Overall They	need	to	
be Receiver	 Suggestion	 Price	 Value	 Product	



Forward Feature Selection Approach
RFM and NPS RFM and Loyalty

# Added feature Accuracy 
Added % # Added feature Accuracy 

Added %

13 Preparation -0.10% 13 Suggestion_Count 0.00%

12 Suggestion_Count 0.00% 12 Preparation 0.20%

11 Responsiveness -0.20% 11 Complaint_Count -1.80%

10 Compliment_Count 2.90% 10 Responsiveness 3.70%

9 Complaint_Count 1.90% 9 Compliment_Count 2.30%

8 Repurchase 1.70% 8 Quality 0.20%

7 Overall Sat# 3.40% 7 Availability 5.30%

6 Duration 4.70% 6 Communication 4.40%

5 Communication 4.40% 5 Neutral_Count 4.30%

4 Quality 6.70% 4 Repurchase 4.10%

3 Availability 4.70% 3 Duration 7.60%

2 Neutral_Count 3.90% 2 Overall Sat# 5.50%

1 Referral 26.60% 1 Referral 24.40%

Referral will naturally 
contribute the most 
given the NPS basis

Contribution of sentiment 
features varies

Here, quality is the 
second most 
important feature Here, duration is the 

second most 
important feature

In both cases, the last 
three added features 
either do not increase, 
or decrease the 
results

Train the machine learning model with RFM and 
attitudinal measures 



Capture customers’ suggestions 



Focus on customer journey stages and 
touchpoints  

Summary Categories

Satisfaction



Focus on customers’ discrete emotions 

Shaver	et	al.	1987



Capture customers’ rage-associated 
emotions (CRE)



Tweet CRE S	> 0 SIoL MC MLA

got	my	daughters	@ThreeUK	sim	contracts.	
Reminds	me	of	the	phrase	'if	you	pay	peanuts	
you	get	monkeys'.	 Thoroughly	incompetent.	

wont	renew

RAS ang X

@O2	one	bar	only	 in	@wembleystadium	?!	
! Get	your	act	together	because	
@VodafoneUK	is	full	 4G	coverage

RAS ang X

I	have	some	next	hatred	towards	Vodafone!	
Fucking	idiots	"

RET rag

Once	piece	of	advise	don't	 ever	use	
@VodafoneUK	!

RET ang X

@EE	Absolultley	 appalling	customer	service	
from	your	upgrade	team	a	loyal	customer	of	
EE/orange	of	14	years	lost		@ThreeUK	I'm	

coming	to	you

RAS ang X X

SIoL Stated	Intention	of	Leaving

MC Mentioning	 Competitors

MLA Mentioning	 Legal	Action 17

Capture comments have intention to 
leaving, competitors and legal actions 



Understand your customers 'culture  



Capture customers’ comments in real-time 
and recover failure quicker  



Combine attitudinal and behavioral data 
to predict customer loyalty  

NPS Loyalty Sentiment

RFM Rank (A,B,C,D,E)
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Reporting


