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Abstract

Natural Language Processing has long been
used in customer support to automate and aug-
ment human agents. Despite its long-standing
use and clear practical relevance, most scien-
tific evaluations rely on intrinsic evaluations
and metrics such as accuracy or Fl-score. In
this paper, we argue that such evaluations often
fail to reflect real-world system impact. We
present a case study of an NLP system for
email-based customer support evaluated both
intrinsically and extrinsically via a before-and-
after study in deployment. While the system
achieves strong intrinsic performance, we ob-
serve no measurable improvement in key oper-
ational metrics such as average handle time per
email. These results highlight a mismatch be-
tween benchmark performance and real-world
effectiveness, supporting calls for more system-
atic extrinsic evaluation of NLP systems.

1 Introduction

Natural Language Processing (NLP) has been suc-
cessfully applied in customer support for decades,
to automate and augment the work of customer
support representatives. Early systems focused on
rule-based dialogue management and information
retrieval, while more recent approaches leverage
machine learning and large language models to
enable tasks such as intent detection, automated
response generation, ticket routing, and conversa-
tional assistance (see Section 2). Across these de-
velopments, the overarching goal has remained con-
sistent: to improve efficiency, reduce operational
costs, and enhance customer experience.

Despite this long-standing application and clear
practical relevance, the scientific evaluation of NLP
in customer support has been predominantly fo-
cused on intrinsic evaluation. Systems are regu-
larly assessed based on measures such as accuracy
and F1-score on narrow tasks. (Jones and Gal-
liers, 1995) While such metrics provide insights

53

into model performance on these isolated tasks,
they often fail to capture the broader, real-world
impact of these systems once deployed.

This limitation is not specific to customer sup-
port but reflects a broader issue in NLP research.
In We Should Evaluate Real-World Impact, Reiter
(2025) highlights the lack of extrinsic, real-world
evaluation across the field and calls for a shift in
evaluation practices. He argues that, if NLP sys-
tems are intended to be deployed and provide tangi-
ble benefits, it is essential to assess their impact on
real-world key performance indicators (KPIs) un-
der production conditions, because intrinsic metrics
alone are insufficient proxies for practical success.

In this paper, we present a case study of a real-
world NLP system for email-based customer sup-
port evaluated both intrinsically on annotated test
data and extrinsically in deployment using a before-
and-after study. While the system achieves strong
intrinsic performance (accuracy 0.85 - 0.90), these
results do not translate into improvements in KPIs
such as average handle time per email. This discrep-
ancy illustrates that intrinsic evaluation not only
provides an incomplete picture of system perfor-
mance, but can in some cases be a poor predictor
of real-world impact altogether. The findings re-
inforce the need to complement traditional bench-
marks with evaluations grounded in practical out-
comes, supporting the broader call by Reiter (2025)
to also assess the real-world effectiveness of NLP
systems.

2 Related Work

NLP has long been applied to customer support
for email handling, helpdesk systems, and con-
versational agents. Early work focused on text
classification and information retrieval for support
requests, such as automated email categorization
(Cohen et al., 2004; Carvalho and Cohen, 2006)
and helpdesk call routing (Garfield and Wermter,
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2002). These systems are typically evaluated using
intrinsic metrics such as accuracy, precision, recall,
and F1-score on annotated datasets.

More recent approaches leverage neural models
and large-scale datasets. For example, Kannan et al.
(2016) introduce Smart Reply, a system for auto-
mated email response suggestion, mainly evaluated
using prediction accuracy and ranking metrics, de-
spite the fact that the system was actually deployed.

Similarly, modern conversational systems (Xu
et al.,, 2017; Hardalov et al., 2018; Farea and
Emmert-Streib, 2025; Farnaz and Huyck, 2026)
are commonly assessed using benchmark datasets
and automatic metrics such as BLEU, dialogue
state tracking accuracy, or response selection accu-
racy. While these evaluations enable comparison
across models, they remain largely detached from
real-world usage conditions.

A smaller body of work considers extrinsic eval-
uation in deployed environments. Jain et al. (2018),
for example, analyzed aspects like the total interac-
tion time in actual conversations of a chatbot or the
count of messages, as well as asking users directly
about their satisfaction. Kagan et al. (2025) mea-
sure the KPI of chatbot uptake in a context where
users can choose between talking to a human cus-
tomer support representative or a chatbot in a series
of A/B tests. Our work adds to this line of research
by focusing on the comparison of intrinsic and
extrinsic evaluation outcomes, demonstrating that
strong intrinsic performance does not necessarily
translate into measurable real-world improvements.

3 Business Context

The case study was conducted at a company that
brokers and manages energy contracts for con-

sumers. The revenue of the company is gener-
ated through commissions for brokered contracts.
Therefore, customer support is one of the most im-
portant aspects of the business. Due to rapid growth
of the company, the service department was strug-
gling to keep up with demand. At the beginning
of the collaboration, the customer support of the
company received up to 1200 emails per day.

Because the existing software used for handling
the emails was based on legacy technology, the
company wanted to introduce a new software and
in this process also introduce new automation and
support features in order to reduce the time that em-
ployees spend answering an individual email and
reduce the waiting time for customers, particularly
for urgent request. We scientifically accompanied
the deployment and evaluation of the system.

Through a series of interviews with the head and
the deputy-head of the customer service department
existing workflow was discovered and formalized.
As shown in Figure 1, the customer support mainly
relies on two systems in their workflow: a webmail
client and a lead system. The webmail client is a
simple mail client that is connected to the support
email address of the company. Employees log into
the system, pick an email, assign themselves to the
email, and then take the necessary steps based on
the content. The lead system is a CRM system that
contains all customer data and information about
existing contracts. One noteworthy specificity of
the described workflow is that answer templates ex-
ist, however they are stored in the lead system and
have to be copied manually from the lead system
to the webmail client.

In the interviews, five main customer service
workflows were identified based on the topic of
incoming emails: data changes (e.g. updates to ad-
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Feature name NLP Product Class Acc. Prec. Rec. F1  Supp.
Integrate lead data X Bonus 0975 0.875 0.636 0.737 11
Integrate lead actions Cancellation 0.938 0.500 0.462 0.480 13
Integrate response templates X Data Change 0.867 0.826 0.422 0.559 45
Topic classification X X Other 0.768 0.751 0.899 0.818 148
Lead data augmentation X X Revocation 0951 0.864 0.731 0.792 26
Response template suggestion X X Status 0.947 0.647 0.688 0.667 16
Prioritization X X Total 0.901 0.753 0.753 0.753 259
Automatic assignment
Outlook link for provider contact X Table 2: Topic Classification Performance
Sentiment detection
]ﬁzzitf;ﬁgggts ))2 Class Acc. Prec. Rec. F1  Supp.
Advanced filtering Low 0.855 0.882 0.681 0.769 373
Normal 0.833 0.751 0.798 0.774 386
Table 1: Implemented (NLP) features in the final soft- ;I(l)tgéﬂ 8223 8;23 8323 8%8 1?3;

ware

dress information or electricity meter readings), re-
vocations of newly signed contracts, bonus-related
inquiries (e.g. contractual bonus payments), sta-
tus requests regarding ongoing orders, and con-
tract cancellations. An analysis of 1,300 consec-
utively received emails showed that these topics
covered 56% of the incoming mails. Among the
other emails, no other frequently (i.e. more than 10
emails) reoccurring topics could be identified.

4 System Design

Through the interview process, 13 new features
were identified that could be added to the new sys-
tem in order to improve operations in the customer
service department. Table 1 shows an overview of
the features and the nine features that ended up in
the final product. Of those features, four are based
on NLP models, on which we fill focus. These fea-
tures are: topic classification of incoming emails
according to the categories described in Section 3,
linking emails to the lead database (e.g. via contract
or customer ID), automatic selection of response
templates, and prioritization of requests based on
their urgency.

After several rounds of pre-experimentation
within the company, a decision was made to use
a rather simple combination of Tf-idf encoding of
incoming emails and their subjects together with a
Stochastic Gradient Descent classifier for both the
topic and priority classification. For the lead data
augmentation, a rule-based system was developed
that extracts information like customer IDs, order
IDs, invoice numbers, and addresses from incom-
ing emails and matches them against the existing
lead data, which will then be displayed in the mail
system. Finally, the suggestion of the response
templates is based on the identified topics.
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Table 3: Priority Classification Performance

5 Intrinsic Evaluation

For the intrinsic evaluation of the developed
NLP features, a standard evaluation approach was
adopted in which real customer emails were anno-
tated by employees, and the models were subse-
quently evaluated against this annotated data using
standard metrics such as accuracy, precision, recall,
and F1-score.

5.1 Topic Classification

For the topic classification, a total of 1,295 emails
were manually annotated with their respective topic.
In addition to the five classes described in Section 3,
a sixth class “other”” was introduced for all emails
that do not fit in any of the classes. 80% of the set
was used for training and 20% for testing. The re-
sult of the intrinsic evaluation are shown in Table 2,
a Table with a confusion matrix can be found in the
appendix. Overall, the simple approach performed
well in the intrinsic evaluation with an overall ac-
curacy of 0.901.

5.2 Priority Classification

Similarly, for the priority classification, a data set
of 5,707 was annotated with three priority classes:
low, normal, and high. The set was again split into
80% training and 20% test. The results are shown
in Table 2. With an overall accuracy of 0.849, the
intrinsic evaluation again revealed good results.

5.3 Information Extraction

Finally, since the information extraction is per-
formed in a rule-based fashion, no training data
was needed. Therefore, only a test set, consisting
of 107 emails with 254 items of relevant informa-
tion to be extracted was annotated. The result of



Label Prec. Rec. F1  Support
Invoice Nr 1.00 1.00 1.00 1
City 1.00 090 0.95 21
Contract Nr  0.33 050 040 2
Date 091 0.77 0.3 39
Meter Nr 1.00 056 0.71 9
Money 1.00  0.65 0.79 23
Order Nr 1.00  1.00 1.00 4
Person 094 0.87 0.90 102
ZIP 1.00 092 0.96 12
Time 1.00 050 0.67 4
Vendor 097 085 091 37
Total 095 0.82 0.88 254

Table 4: Information Extraction Performance

the intrinsic evaluation is shown in Table 4.

6 Extrinsic Evaluation

The goal of the extrinsic evaluation was to assess
whether the introduced NLP features had an impact
on day-to-day operations in the customer support
department. We considered two KPIs: average han-
dle time per email, i.e. the time required to respond
to an email, and first contact time for high-priority
emails, i.e. the time until a customer receives an
initial response.

Since the NLP features were introduced together
with a new email client, the evaluation was con-
ducted as a before-and-after study in four phases,
with an initial eight-week adaptation phase in
which employees familiarized themselves with the
tool. The introduction of both a new tool and the
NLP features could limit the conclusions that can
be drawn from a before-and-after study, therefore
the generous familirization phase was added.

1. Phase 1: Introduction of the new webmail

client (8 weeks)

Phase 2: Baseline period without NLP fea-
tures (10 days)

Phase 3: Evaluation period with NLP features
(10 days)

Phase 4: Post-evaluation without NLP fea-
tures (10 days)

The fourth phase was introduced because during
phase 3 we saw a spike in customer requests com-
pared to phase 2 and we wanted to make sure that
effects that we measure between the two phases are
not caused by the increased number of requests.

To compute the KPIs, the webmail client was
instrumented with logging functionality during
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phases 2 to 4. The system recorded: when an
email was opened, when an email was marked as
solved, when a reply was sent, when and which
response template was used. In addition, it was
logged whether employees modified the automati-
cally assigned topic and priority labels.

6.1 Observations

An average of 486 per Day were opened during
Phase 2, 546 during Phase 3 and 677 during Phase
4. In the same period 8,011 emails were sent
through the system. Of these replies, 53.84% did
not use any of the templates. The increase in email
volume between phases could potentially influence
processing times. Therefore, as mentioned above,
the fourth phase was introduced, so that the mail
client without NLP features was used during both
a low- and a high-load period.

6.2 Correction of System Predictions

During phase 3, in which the NLP features were
activated, more than 10,000 emails were received.
For 8,998 emails, the automatically assigned pri-
ority was confirmed and for 1,591 it was changed,
implying an accuracy of 0.85, which confirms the
findings of the intrinsic evaluation. The topic clas-
sification was changed 1,545 times and was con-
firmed 9,321 times, leading to an accuracy of 0.86,
which is slightly lower than the result in the intrin-
sic evaluation, however still on a level that would
be considered acceptable.!

6.3 Average Handle Time

The average handling time was:
* 3m 19s in phase 2,
* 2m 39s in phase 3, and
* 2m 25s in phase 4.

On a per-user level, we observe substantial vari-
ation: some employees remain consistently fast or
slow across all phases, while others vary strongly
over time. As noted earlier, the email volume in-
creased during the evaluation period, and we ob-
served a negative correlation between workload
and handling time, i.e. higher workload is asso-
ciated with faster responses. Overall, there is no
clear evidence that the NLP features had an effect
on average handling time.

'For some emails one or both predictions were neither
actively confirmed nor changed.



Question

Avg. Agreement

Feature-related

I can orient myself more quickly within an email when a topic has been assigned.
I generally use the suggested response template when replying to an email.
I can understand why a particular response template was suggested.

I generally trust the suggested response template.
Comparative

I see more disadvantages than advantages in the topic recognition feature.

I see more disadvantages than advantages in the priority recognition feature.
I am more productive with Webmail-B than with Webmail-A.

I enjoy working with Webmail-A more than with Webmail-B.

0.26
0.32
1.16

0

-0.63
-0.89
-0.05

0.32

Table 5: Average agreement to statements from strongly disagree (-2) to strongly agree (2)

6.4 First Contact Time

Finally, the first contact time for high priority
emails was reduced in the phase with the NLP fea-
tures by 11% (from 293 minutes to 260 minutes).
Given that the average handle time was not reduced,
that meant on the other hand that the first contact
time for low priority emails increased, namely from
300 minutes to 491 minutes on average.

7 Survey

After the extrinsic evaluation was concluded, the
19 participating employees received a survey. The
survey contained a System Usability Scale (SUS,
Vlachogianni and Tselios (2022)) for the client
with NLP features (internally named Webmail-A),
some questions about specific features, as well as
some specific question about the version without
NLP features (internally named Webmail-B), and
some comparative questions like “With Webmail-B
I am more productive than with Webmail-A”. The
whole survey can be found in Appendix A.

With a SUS score of 70, the NLP-enabled client
is slightly above the commonly reported average
SUS score of around 68 (Vlachogianni and Tse-
lios, 2022). Given the nature of the SUS items,
this result is likely influenced more by the user in-
terface of the newly introduced client than by the
underlying NLP features.

While none of the feature-related questions, and
thereby the underlying features, were rated nega-
tively, the results indicate only a slightly positive
attitude overall (see Table 5). In the comparative
question, a stronger signal emerges that the version
with NLP features is perceived as overall more
helpful and more enjoyable to work with.

Therefore, it is not surprising that, when asked
directly, a majority of 59% would prefer to use the
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new webmail client with NLP features in the future.
Only 11% would prefer the new client without NLP
features. The remaining 30% would prefer the
legacy system.

8 Conclusion

The results of both evaluations show that, despite
the fact that NLP features were successfully fulfill-
ing the tasks they were designed to do, the impact
on the KPIs was limited, specifically with regard
to the most important KPI, the time that is needed
to work on customer requests.

There are plenty of potential reasons that can
be identified. For example, more than half of all
incoming emails fall in the topic category “other”,
severely limiting the potential impact the topic clas-
sification can have, even when working perfectly.
This is a fact that was already clear during the de-
sign phase, but would have also been highlighted
by a purely intrinsic evaluation. Similarly, less than
half of the email replies are based on one of the
existing template, limiting the potential advantage
that the automatic selection of said templates can
have.

Nevertheless, had the system been helpful for the
remaining half of the emails, as suggested by the
intrinsic evaluation, an improvement in the KPIs
would still be expected. We believe that this case
study illustrates the need for extrinsic evaluations
of NLP systems in addition to intrinsic evaluations,
as purely intrinsic evaluations are not necessarily
good predictors of real-world impact. This is be-
cause they do not account for the practical rele-
vance of the selected tasks (e.g., topic classification
in this case) within the overall real-world process.



Limitations

This study has several limitations that should be
considered when interpreting the results:

* The before-and-after design is susceptible to
confounding factors. In particular, changes
in workload. Although we reacted to the in-
crease in workload, there was no comparison
possible between two phases with the exact
same amount of workload.

The introduction of the NLP features was
linked to the introduction of a new webmail
client. This introduces additional confounds
that may affect user behavior independently of
the NLP functionality. We tried to minimize
such effects by introducing an eight week pe-
riod for the employees to familiarise them-
selves with the new system.

The evaluation focuses on just two KPIs,
namely average handle time and first contact
time. While these are important indicators of
efficiency, they do not capture other relevant
dimensions such as customer satisfaction and
response quality.

Finally, the NLP techniques used in this sys-
tem are relatively simple. However, despite
their simplicity, the techniques proved suffi-
ciently effective in the intrinsic evaluation.
Optimizing model architectures or achiev-
ing state-of-the-art performance on individ-
ual tasks was not the goal of this study, but
comparing the results of intrinsic and extrinsic
evaluation.
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A Survey

A.1 Webmail-A

This section concerns only the current version, Webmail-A.

1.

10.

I think that I would like to use the system frequently.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

I found the system unnecessarily complex.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

I found the system easy to use.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

I think that I would need the support of a technically skilled person to use the system.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O 0 O O O

. I found the various functions in this system to be well integrated.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

I think there was too much inconsistency in the system.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O (] O O O

I imagine that most people would learn to use this system very quickly.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O 0 0 0

. I found the system very cumbersome to use.

Strongly Agree Agree Neutral Disagree Strongly Disagree
0 O 0 g 0

I felt very confident using the system.

Strongly Agree Agree Neutral Disagree Strongly Disagree
g O 0 0 0

I needed to learn a lot before I could get going with the system.

Strongly Agree Agree Neutral Disagree Strongly Disagree
g O g g 0
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11. On a scale from 0 to 10, how accurate is the content recognition for priority?
(10 = very accurate, 0 = very inaccurate)

12. On a scale from 0 to 10, how accurate is the content recognition for fopic?
(10 = very accurate, 0 = very inaccurate)

13. How easy is it for you to read an email in Webmail-A?

Very Difficult Very Easy
0 O 0o o o od (|

14. How easy is it for you to reply to an email in Webmail-A?

Very Difficult Very Easy
g O 0o o o d (]

A.1.1 If the Topic of an Email Was Correctly Recognized
1. I can orient myself more quickly within an email when a topic has been assigned.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

2. 1 generally use the suggested response template when replying to an email.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

3. I can understand why a particular response template was suggested.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

4. I generally trust the suggested response template.

Strongly Agree Agree Neutral Disagree Strongly Disagree
0 O 0 0 0

A.1.2 If the Topic of an Email Was Incorrectly Recognized

1. Tlose time because I expect a different context.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O (] O O O

2. T'lose time because I manually correct the incorrect topic.

Strongly Agree Agree Neutral Disagree Strongly Disagree
0 O g g 0

3. The consequently incorrect response template does not affect the time required to compose a reply.

Strongly Agree Agree Neutral Disagree Strongly Disagree
g O g g 0
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A.2 Webmail-B

This section concerns only Webmail-B.

1. How easy is it for you to read an email in Webmail-B?

Very Difficult Very Easy
0 O 0o o o d (|

2. How easy is it for you to reply to an email in Webmail-B?

Very Difficult Very Easy
g O 0o o o od (]

A.3 Final Questions

1. T am more productive with Webmail-B than with Webmail-A.

Strongly Agree Agree Neutral Disagree Strongly Disagree

U (] U U U

2. I enjoy working with Webmail-A more than with Webmail-B.

Strongly Agree Agree Neutral Disagree Strongly Disagree

g (] g g 0

3. If you had to choose, which webmail variant would you prefer?

o Webmail-A
o Webmail-B
o The previous version

4. T see more disadvantages than advantages in the topic recognition feature.

Strongly Agree Agree Neutral Disagree Strongly Disagree

O (] O O O

5. Same question, assuming the recognition accuracy were higher.

Strongly Agree Agree Neutral Disagree Strongly Disagree

g (] g g g

6. I see more disadvantages than advantages in the priority recognition feature.

Strongly Agree Agree Neutral Disagree Strongly Disagree

O (] O O O

7. Same question, assuming the recognition accuracy were higher.

Strongly Agree Agree Neutral Disagree Strongly Disagree

O (] U O U

8. Which functions would you keep activated in Webmail-A?

0 Priority column in the folder view
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U] Topic column in the folder view

[J Automatic selection of a response template

(] Color highlighting of relevant lead data

0] Direct provider contact through the Outlook button

9. How often do you use the webmail system?

o Continuously
o A few times per day
o A few times per week
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