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Introduction

Metrics that help quantify customer experience are extremely valuable for informing data-driven
management of customer success. Once viewed primarily as a cost center, the nature of customer
support is changing, due in part to the proliferation of subscription-based services [1]. Given the
ability to switch between competing services more easily than ever before, effective customer
support is critical for customer retention [2].

The transition to a subscription economy has been especially rapid in computer software, with the
emergence of software-as-a-service (SaaS) offerings. While infrequent surveys of customer
satisfaction may have sufficed for selling traditional software licenses, such a cadence is inadequate
for SaaS companies that must continuously earn their customers’ loyalty, month after month. The rise
of open-source software also means that in many cases, the software product itself has been largely
commoditized, shifting the real value to support and services.

Many customer feedback metrics have been proposed, discussed, and evaluated in the academic
literature, business publications, and online forums. We first review the main ideas behind these
metrics. We then discuss their various advantages and disadvantages, distilled from several sources,
and synthesize some key takeaways.

info@supportlogic.io 1



Challenges and Limitations of Customer Survey Metrics SupportLogic

Customer Survey Metrics

In practice, companies typically survey customers to produce metrics such as customer satisfaction
(CSAT) scores, the Net Promoter Score (NPS), or the Customer Effort Score (CES). Each of these
metrics has passionate champions and harsh critics.

Customer Satisfaction (CSAT) scores are by far the most common metric, used as the primary score
by nearly 80% of customer-service organizations [3]. A typical customer survey asks a question of the
form "How satisfied are you with [X]?"”, with responses ranging from “very unsatisfied” to “very
satisfied” on a 5-point scale [4. Some surveys ask multiple questions probing satisfaction related to
particular aspects of products or services, and some use different multi-point scales. For example, the
influential American Customer Satisfaction Index (ACSI) is calculated using a weighted average of
responses to three survey questions (overall satisfaction, meeting expectations, and comparison to
ideal) on a 10-point scale [5]. However, research has shown that a single “overall satisfaction” question
exhibits a high correlation (above 90%) with such multi-question surveys [41. Similarly, many
researchers recommend using a simplified scale with fewer choices to improve response rates.

SURVEY

How satisfied are you with our service?

Very Very
Unsatisfied Satisfied

Figure 1. Example CSAT Survey
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The Net Promoter Score (NPS) was introduced by Reichheld in 2003 as a metric designed to gauge
customer loyalty more accurately than CSAT [¢]. His research claims that for most industries, asking a
more forward-looking question is a better predictor of customer loyalty and company growth.

“ The only path to profitable growth may lie in a company’s ability to get its loyal
customers to become, in effect, its marketing department.

— Frederick F. Reichheld, Creator of NPS and the author of Loyalty Rules!, in Harvard Business
Review [5].

The NPS survey question asks “How likely is it that you would recommend [X] to a friend or

colleague?”, using an 11-point scale, where zero means “not at all likely”, ten represents “extremely
likely”, and five is neutral.

SURVEY

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

Not at Extremely
all likely likely

Figure 2. Example NPS Survey

A distinguishing characteristic of NPS is its unusual scoring methodology. A response is classified
into one of three clusters: promoters (9-10), passively-satisfied customers (7-8), and detractors (0-6).
The NPS score computes “net promoters” as the percentage of promoters minus the percentage of
detractors. Reichheld claims that focusing on the most enthusiastic customers in this manner avoids
“grade inflation” issues that plague traditional CSAT assessments, and is more intuitive than
computing statistics such as standard deviations.

The Customer Effort Score (CES) was introduced by Dixon, Freeman, and Toman in 2010 as a metric

intended to reflect customer impressions at a transactional level, and to better capture negative
experiences as well as positive ones [3].
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@ @ To re2lly win their loyalty, forget the bells and whistles and just solve their
problems.

— Matthew Dixon (Chief product and research officer at Tethr), Karen Freedman (Managing
director at Corporate Executive Board), and Nicholas Toman (Practice leader of CEB’s sales
practice), in Harvard Business Review [3].

The CES survey question asks “How much effort did you personally have to put forth to handle your
request?”, using a 5-point scale ranging from “very low effort” to “very high effort”.

SURVEY

How much effort did you personally have to
put forth to handle your request?

Very Low Very High
Effort Effort

Figure 3. Example CES Survey

Their research claims that CES has superior predictive power compared to CSAT and NPS in terms of
customer loyalty, spending, and positive word of mouth. In particular, they note that while customer-
service experiences are responsible for most customer disloyalty, they actually account for only a
small portion of loyalty, far behind product quality and brand. By focusing on customer effort, CES
captures customer resentment that causes disloyalty, such as needing to repeatedly contact a
company to resolve an issue.

Comparison of Survey Metrics

There is no shortage of strong opinions regarding the relative merits of CSAT, NPS, and CES as
customer-feedback metrics.
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-

NPS CSAT CES

Figure 4. Which is the right metric?

Relative Merits of NPS and CSAT

A comprehensive statistical study from the University of Groningen [7] paints NPS in a favorable light,
and offers some valuable insights. Examining the predictive power of several customer feedback
metrics for customer retention, NPS was determined to be an effective predictor. However, top-2-box
CSAT scores — the fraction of customers responding with the two highest points on the CSAT scale
performed slightly better overall. In general, across multiple metrics, the authors found that
“focusing on the extremes is preferable to using the full scale”. As a result, they suggest
transforming response scales to capture the proportion of the most-satisfied customers (like top-2-
box CSAT) or segmenting customers into groups (like NPS promoters and detractors), instead of
relying on a conventional linear scale. Such nonlinearity is also consistent with research showing that
customers tend to focus on extreme experiences. Similarly, customers are generally more hesitant to
provide negative feedback than positive feedback, dubbed the “Mum effect” [8]. Overall, this
provides justification for the NPS scoring methodology that ignores the middle of the scale, although
others have found NPS is often highly correlated with the simple average of NPS response values [9].

Limitations of NPS

An award-winning longitudinal study failed to replicate Reichheld’s findings regarding the superiority
of NPS, concluding that CSAT is at least as good at predicting growth, and noting that Reichheld had
acknowledged “imperfections” in his own original data analysis [10]. Additional studies have also
failed to support Reichheld’s claims [11]. Byron Sharp, a professor of marketing science at the
University of South Australia, goes further, claiming that NPS is “based on sloppy research and
thinking”, and concluding that it is “snake oil, fake science” [12]. Others have complained about the
unusual difference-based NPS scoring calculation and its counterintuitive numerical behavior, where
small incremental changes can cause dramatic swings [9, 13]. For example, if all responses to the
“would recommend” question are 8s, the NPS score is zero (no promoters, no detractors); if all are 9s,
the NPS score is maxed out at +100 (all promoters).
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Limitations of CES

A University of Groningen study found that CES fared the worst among the metrics they considered,
concluding that “CES in itself has little or no predictive power and performs the worst of all customer-
feedback metrics studied” [71. The authors highlight the time dimension of different metrics,
classifying them focusing on the past (CES), present (CSAT), or future (NPS). The poor performance
of CES is largely attributed to its backward-looking survey question, plus its narrow focus on a single
aspect of the overall customer experience (effort).

Combining NPS, CSAT, and CES

Given the inherent strengths and weaknesses of various customer feedback metrics, it is natural to
ask if combining multiple metrics is more effective than relying on a single score. Intuitively, this
seems reasonable. For example, despite the availability of numerous metrics in the medical field —
such as body-mass index (BMI), glucose level (A1C), and blood pressure (BP) — we know that there is
no single best value to quantify overall health. Similarly, the complex nature of organizations makes
over-reliance on a single measure of business success unwise [14].

Indeed, both researchers and practitioners have proposed combining multiple customer feedback
metrics, instead of focusing narrowly on a single score [15]. Plotting two metrics against each other
and examining clusters of responses can reveal additional insights.

Poor Support

; Advocates
Experience

NPS Score

Churn Risks Wildcards

CSAT Score

Figure 5. Example chart demonstrating how customers could segmented by combining NPS and
CSAT scores as referenced in “NPS Analysis: What Your Net Promoter Score Isn't Telling You” [14].

As one example, Chambers recommends plotting NPS vs. CSAT, and grouping the responses into
advocates (high CSAT, high NPS) — loyal customers with great customer experiences; wildcards (high
CSAT, lower NPS) — satisfied but disloyal customers, with high churn risk, perhaps due to a single
bad experience; promoters with bad experiences (high NPS, lower CSAT); and the wasteland of lost
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customers (low CSAT, low NPS) [16]. Quantitative statistical analyses have confirmed that combining
diverse metrics and investigating multiple dimensions of customer relationships can improve
customer-retention prediction accuracy [7].

Evaluation Criteria

Finally, it is important to realize that there are also disagreements about the proper criteria for
evaluating different metrics, with some authors focusing on customer retention and others
concentrating on how well a given metric predicts sales growth. Most studies examine customer
retention, since it seems more directly attributable to customer interactions than sales, which also
vary due to numerous confounding effects [7]. However, Reichheld argues that the ability to predict
sales growth and profitability is ultimately more important, since retention rates primarily track
customer defections — “the degree to which a bucket is emptying rather than filling up” [6].

Common Challenges of Survey Metrics

Aside from the details of particular survey questions and response scales, there are fundamental
challenges common to all survey-based feedback metrics, including:

e \Wrong survey audience
e  Poor survey timing

* Low response rates

e  Statistical bias

e  Gaming susceptibility

Wrong Survey Audience

The customer filling out a survey may not be the decision maker responsible for purchasing or
referrals. For example, Reichheld discovered that the NPS “would recommend” question was largely
irrelevant for companies providing database software or computer systems, where vendors are
typically selected by senior executives who are not represented in surveys of end users [¢]. Similarly,
companies that conduct both CSAT and NPS surveys often find large discrepancies between the two
scores, due to different survey respondents. For example, in B2C surveys, the consumer completing
a survey is typically the buyer, while in B2B surveys, the end-user and purchasing manager are
frequently different, resulting in lower correlations.

Other research has found that the predictive power of various customer-feedback metrics varies
considerably across different industries [7]. For example, NPS is a poor predictor of growth in
industries dominated by near-monopolies, where customers have little choice [6].
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Poor Survey Timing

It is important to consider the timing of the survey itself, in addition to the time dimension implied by
a survey question. Traditional customer satisfaction surveys are sent after fixed time intervals, or after
a series of many interactions, making it difficult to attribute customer feedback to particular events.

Ideally, surveys should be sent soon after each interaction, when the experience is still fresh in the
customer’s mind [15]. For example, some companies solicit incremental feedback by embedding a
lightweight “thermometer” widget in every email interaction [17]. However, a narrow emphasis on
individual touchpoints risks creating a distorted view of the overall end-to-end customer journey,
which is ultimately more important [18].

Low Response Rates

Unfortunately, frequent surveys are likely to burden or annoy customers, resulting in low response
rates. Post-task surveys regularly achieve only a 4% to 7% response rate, and scores can be gamed by
discouraging frustrated customers from responding [13]. Increasing response rates is challenging, as
customers are “drowning in a blizzard of customer satisfaction surveys”, and the resulting irritation is
causing many consumers to shut them out entirely [191.

“ ... customers are subjected to so many survey requests that they shut them
out entirely, creating a negative feedback loop. — Martha C. White, in Money.com [19].

Statistical Bias

The fact that customers choose whether or not to respond to a survey introduces the significant
problem of self-selection bias, also known as volunteer bias. This form of bias has famously caused
incorrect predictions in election polling, such as during the 1996 Arizona Republican primary, when
three major TV networks incorrected determined that Pat Buchanan would win, due to efforts by his
supporters to be over-represented in the polling sample.

Unless responders represent a truly representative sample (and they rarely do), it is difficult to draw
conclusions that are statistically valid (7, 8, 201. Customers who are very angry or extremely happy
typically take the time to provide feedback, while low response rates are indicative of ambivalence
[21]. Worse, many surveys also suffer from survival bias, failing to capture the sentiment of ex-
customers who abandoned the company [8].
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“ Surveys are commonly solicited to existing customers and fail to capture the
sentiment of the customers who abandoned the service. — Preet Inder Singh Rihan

et al., in Proceedings of the Thirtieth International Florida Artificial Intelligence Research Society
Conference [8].

Ideally, actionable feedback should be available for most individual customers, in addition to
aggregate results that are statistically meaningful.

“ Unfortunately, a closer look at the feedback process reveals biases in customer
feedback data that lead to overly positive and incorrect conclusions about
customer satisfaction. — Preet Inder Singh Rihan et al., in Proceedings of the Thirtieth

International Florida Artificial Intelligence Research Society Conference [g].

Gaming Susceptibility

Unfortunately, numerous examples of gaming have been reported in survey metrics, including
encouraging only the most positive customers to provide feedback, or effectively bribing customers
with incentives to elicit high scores [4].

“ If your bonus is tied to an increase in the NPS ratings, offering a $100
incentive is a great way to raise your scores. — Jared M. Spool, CenterCentre/UIE, in

Medium.com [13].

Surprisingly, in a 2016 interview, Reichheld revealed that even he has become disillusioned with
survey-based feedback — including NPS! His change of heart is attributed to fatigue from
inescapable, ubiquitous surveys, as well as pressure exerted by companies focused on eliciting
perfect scores, making them meaningless. Reichheld expressed his frustration by saying “The instant
we have a technology to minimize surveys, I'm the first one on that bandwagon.” [22.

@ @ The instant we have a technology to minimize surveys, I'm the first one
on that bandwagon. — Frederick F. Reichheld, Creator of NPS and the author of Loyalty Rules!,

in Bloomberg.com [22].

Data collection methods may also introduce errors. It is well known that the precise ordering or
phrasing of survey questions can result in biased responses [20].
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SURVEY

Please indicate the extent to which you agree or disagree with the statement:

| am extremely satisfied with the customer service team.

Neither
Strongly : Somewhat Somewhat Strongly
. Disagree : agree nor Agree
Disagree Disagree i Agree Agree
disagree

Figure 6. An example survey that uses poor phrasing which can result in biased responses

Online survey results may also be influenced by confusing user-interface artifacts that can taint
responses, such as a poorly-designed form that causes customers to misenter data. Similarly, some Ul
designs may subtly encourage positive feedback, either accidentally, or as part of a deliberate
attempt to game survey results.

SURVEY

How likely are you to recommend
our product to a friend?

10

Figure 7. An example Ul that clips the entire range of scores from which a user can select

Fortunately, powerful software tools such as SurveyMan [23] are now available to help design, deploy,
and automatically debug surveys, improving their accuracy and trustworthiness.
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Al and NLP to the Rescue

Fortunately, it is possible to side-step the most challenging problems associated with surveys through
automated analysis of customer-support interactions. This approach is based on employing Artificial
Intelligence (Al) and Natural Language Processing (NLP) techniques to analyze the raw content of
interactions themselves, such as the text of support tickets and email, or audio recordings of support
calls.

When there is no explicit survey, there are no concerns about survey timing or the time dimension of
survey questions. Instead, analysis of each individual interaction provides continuous, fine-grained
feedback. Continuous feedback enables early interventions to address support issues before they
escalate. Similarly, low response rates, selection bias, and gaming are no longer a problem when all
individual interactions are analyzed.

SupportLogic employs sophisticated natural language processing algorithms and machine-learning
models to extract information about customer sentiment and urgency automatically from the text of
customer-support interactions. This data is combined with other features, such as the timing
between interactions, dynamic sentiment trends, and other relevant patterns based on detailed
models. Implicitly-derived support metrics offer a new way to form a more accurate and holistic
understanding of customer experiences, behavior, and challenges.
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Figure 8. SupportLogic uses Al and NLP to extract signals from customer
support tickets, eliminating the need for customer surveys
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Conclusion

Customer-feedback metrics, such as CSAT and NPS, provide valuable information that helps predict
customer retention and sales growth. Combining multiple metrics can improve prediction accuracy
and provide additional insights. However, due to their reliance on explicit customer surveys, existing
feedback metrics suffer from fundamental limitations, including serious issues related to bias, timing
and lack of integration into your business processes. Poor customer-feedback metrics and response
rates can yield inaccurate customer feedback that may lead to poor business decisions. A future
follow-on article will examine Al and NLP techniques capable of addressing these problems by
extracting customer feedback automatically from raw customer interactions and how these
techniques will help you to integrate customer heartbeats into your business.
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