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Abstract: User satisfaction is an important aspect of human-computer interaction (HCI) – if a
user is not satisfied, he or she might not be willing to use such a system. Therefore, it is crucial
to HCI applications to be able to recognise the user satisfaction level in order to react in an
appropriate way. For such recognition tasks, data-driven methods have proven to deliver useful
and robust results. But a data-driven user satisfaction model needs labelled and reliable data,
which is not always easy in the case of user satisfaction, since it is not accessible directly. In the
investigation presented here, the users are asked directly about their satisfaction level regarding
their performance in a task during a close-to-real-life HCI. This results in a one-to-one mapping
between a satisfaction level and the expressed vocal characteristics in the user’s utterance. This
data is then used to build a model to recognise satisfied and dissatisfied user states – as a first
step towards a general model of the user’s satisfaction state.

Keywords: human-computer interaction, emotion recognition, speech processing, user
satisfaction

1. INTRODUCTION

If cognitive systems are to be used in everyday life, they
must provide a pleasant and enjoyable user experience.
This is especially important for companion-like cognitive
systems: i.e. systems that adapt their functionality and
behaviour according to the user’s state, including his or
her situation, abilities and requirements (cf. Biundo and
Wendemuth (2016)). One of the key aspects here is user
satisfaction, which is defined by Kelly (2009) as “fulfill-
ment of a specified desire or goal” that the user wants
to reach. Reliable automatic user satisfaction recognition
would be useful for a broad variety of HCI applications,
such as assistance for workers with different health-related
requirements described by Vox et al. (2016) or robot-
assisted physiotherapy described by Bächler et al. (2015).
The first step towards such a model is the acquisition of
useful, labelled sensor data for training and modelling. One
challenge is to obtain the ground truth on this matter –
the question is how to measure and label user satisfaction,
since there is often no “correct answer” that is accessible to
labellers, as satisfaction is a deeply subjective matter (cf.
Kiseleva et al. (2016)). The obvious solution is to ask the
user directly, e.g. by using questionnaires, as proposed by
Shriberg et al. (1992) and Jekosch (2005). Such approaches
are not always possible – for example, if the users are
children as described by Kotzyba et al. (2015). But even if
this is not the case, questionnaires are still not applicable
to real-world scenarios, since they require interrupting the
interaction. Another solution is to use labels of complex
social emotions like frustration and empathy (cf. Chowd-
hury et al. (2016)) or implicit measures – e.g. the success
of the task that the users try to accomplish (cf. Fox et al.
(2005)). But here another problem arises, since acquiring

this information for feature extraction might require offline
processing and is not always possible in real time. One
further source of information on user satisfaction used
in various approaches is user behaviour – like scrolling
and gazing behaviour (cf. Lagun et al. (2014)), and click-
through data (cf. Joachims et al. (2005)). This data can
be acquired directly, but the labelling process of such data
poses the same problems as in the case of using social
emotions.

In the investigation presented here, a different approach
is chosen: The used data was collected in a Wizard-of-
Oz (WOZ) experiment where users were asked directly
whether they are satisfied – but not with the interaction
as a whole, but with their own performance during the
task at hand. This differs from the previously mentioned
approaches, since in this case, the users speak about their
satisfaction regarding themselves and not regarding the
system. The most interesting aspect of this approach is
that it allows a one-to-one mapping of the user utterance
and his or her satisfaction level. This data can be used for
developing a model for a satisfied user state, being a first
step towards a general model of user satisfaction.

For this investigation, we develop two hypotheses. The
first hypothesis H1 is that it is possible to automatically
distinguish between satisfied and unsatisfied user states
using only acoustical features of user statements. The
second hypothesis is aimed at the question of how the
automatic classification can be improved and consists of
two parts. Our hypothesis H2a states that the results of
this classification depend on which parts of the utterances
are processed: For this, the model built only on voiced
frames, e.g. frames containing only the voice of the user,
is compared to the model built on whole user utterances



containing pauses, noise and silence. Here, the expected
outcome is that deleting the unvoiced frames leads to
better performance. Our hypothesis H2b states that the
results also depend on the features that are used for the
classification, and can be improved by employing a feature
selection routine to reduce the dimensionality of the data.
Here, the expected outcome is that using a reduced feature
set achieves at least the same performance as using the full
feature set.

The remainder of the paper is organised as described
below. First, the state of the art regarding user satisfaction
modelling is discussed. In Section 2, the data set used for
the experiments is described. In Section 3, the developed
labelling scheme is introduced, and the distribution of
classes among different groups of users is presented. The
experimental setup is explained in Section 4, including
the two employed feature extraction routines, the feature
set and the conducted experiments. The results regarding
both working hypotheses are presented and discussed
in Section 5. Finally, the investigation is concluded in
Section 6, and some possibilities for further research are
shown.

1.1 Related Work

Various investigations on the matter of user satisfaction,
its measuring, detection and prediction can be found in the
literature. User satisfaction is important in several fields,
for HCI (e.g. for search applications cf. Hassan and White
(2013), instant mobile messaging cf. Ogara et al. (2014),
etc.) as well as other areas (e.g. for data warehouses like
in the case of Soliman et al. (2000)).

Regarding results on automatic user satisfaction detec-
tion in the area of HCI, which is most relevant to the
investigations presented here, several approaches can be
found in the literature. Chowdhury et al. (2016) consider
positive, negative and neutral user satisfaction obtained
via measuring social emotions like frustration and empa-
thy in human-human interaction (HHI) experiments, and
achieve an F-measure of 40% - 61% for the classification
of the satisfaction levels by using acoustic features along-
side other, relatively sophisticated lexical and turn-taking
features. Kiseleva et al. (2016) focus on search dialogues
and use a self-assessment of users to investigate which
interaction signals can be used to predict user satisfaction.
They compare click, acoustic and touch features, achieving
61% - 79% F-measure. Feild et al. (2010) investigate the
opposite of user satisfaction – user frustration. In their
study, they develop a frustration model for users of a
search application based on data collected by a mental
state camera, a pressure sensitive mouse and a pressure
sensitive chair, and further interaction features like query
log (e.g. length of the query), scrolling behaviour and task
duration. Depending on the data used, they achieve 54%-
75% accuracy and 49%-80% F-measure for their predic-
tions.

In the approach presented here, the goal is to investigate
user satisfaction in the area of cognitive, companion-like
systems and spoken interaction. For this purpose, well
established, robust and easily obtainable acoustic features
and user satisfaction data collected in WoZ-experiments
are employed.

2. USED DATA - THE LAST MINUTE CORPUS

For the experiments presented here, the acoustic record-
ings of the multitmodal LAST MINUTE Corpus (LMC)
(cf. Rösner et al. (2012a); Prylipko et al. (2014)) are used
– the same recordings were object of examination for a
number of times, regarding affective state recognition (cf.
Frommer et al. (2012), Egorow and Wendemuth (2016))
as well as linguistic turns (cf. Rösner et al. (2012b) and
Siegert et al. (2014b)).

The LMC contains 133 multi-modal recordings of Ger-
man speaking participants (balanced regarding sex and
age) during WOZ-experiments, where the participants are
asked to accomplish close-to-real-life tasks with different
levels of complexity. The setup revolves around a journey
to the unknown place “Waiuku”, which the participants
have won. Each experiment takes about 30 minutes. Using
voice commands, the participants have to prepare the
journey, pack the suitcase, and select clothing. Most of
the experiments are transliterated, which enables the au-
tomatic extraction of certain speaker utterances.

Length: 10 Min 15 Min 5 Min

Personalisation Problem Solving Closure

free speech

command-

like speech

Conversation Style:

Fig. 1. Experimental design of the LMC, indicating the
three different models and the two different conversa-
tion styles.

The WOZ-experiments consist of three modules with two
different conversation styles: a personalisation module
(free speech), a problem solving module (command-like
speech) and a closure module (free speech). An overview of
the experiment is depicted in Figure 1. The personalisation
module, being the first part of the experiment, has the
purpose of making the users familiar with the system to
make their behaviour more natural. In this introduction
stage, the users are encouraged to talk freely. During the
subsequent problem solving module, the users are asked
to pack a suitcase for their imaginary journey. The dia-
logue follows a specific structure, where the users perform
certain actions (e.g. choosing an item) and the system
confirms these actions. This part of the conversation is
task-focused, therefore the users talk in a command-like
style, which leads to a more or less strictly regularised
interaction. The sequence of these repetitive dialogues is
interrupted by pre-defined barriers for all users at specific
points of the dialogue. These barriers are intended to
increase the stress level of the users. Details on the design
of the barriers can be found in Prylipko et al. (2014). Each
experiment is completed with a closure module, where the
system asks further questions about the task in general
and users’ satisfaction with their solution of the task,
encouraging them to talk freely. After the experiments,



Table 1. Examples of instances of the five satisfaction levels.

S+ (very satisfied) “very satisfied”, “extremely satisfied”, “absolutely satisfied”
S (satisfied) “satisfied”, “quite okay”, “fairly satisfied”
M (moderately satisfied) “moderately satisfied”, “so-so”, “reasonable”
U (unsatisfied) “unsatisfied”, “not very satisfied”, “less satisfied”
U+ (very unsatisfied) “very unsatisfied”, “absolutely not satisfied”, “not satisfied at all”

the participants could reflect their experience in semi-
structured interviews, in which they indicated, that they
experienced the system they interacted with as a hybrid
system with partly technical and partly human abilities –
a companion-like system (cf. Krüger et al. (2015), Krüger
et al. (2016)).

3. DATA LABELLING

For the investigation presented here, the last part of the
LMC experiments was chosen as data source. In this
so called closure module, the users were asked about
their satisfaction level. It should be emphasized that
they were asked about their satisfaction regarding their
own performance and not regarding the system. This
data was chosen purposefully, assuming that the answer
to this direct question represents a one-to-one-mapping
between the user satisfaction state and the expressed vocal
characteristics in his or her utterance.

As mentioned earlier, the first hypothesis of this investiga-
tion was that an automatic classification of the satisfaction
level is possible using only the acoustic features of these
answers. To label the data for this task, a labelling scheme
based on the content of the answers was developed. This
labelling scheme consists of five classes, namely the pos-
itive classes “very satisfied”, “satisfied” and “moderately
satisfied”, and the negative classes “unsatisfied” and “very
unsatisfied”. Some examples for the users’ expressions in
each of the classes are presented in Table 1.

For the experiments described here, a subset of 89 out of
a total number of the 133 LMC recordings was chosen for
audio quality reasons. These 89 recordings were then anno-
tated corresponding to the scheme described above. After
the exclusion of speakers with unclear or missing answers
on their satisfaction, a sub-set of 79 statements remained.
Since the instances are not equally distributed over the five
classes and some of the classes contain only few instances,
it was decided to condense them into two nearly balanced
classes – a positive class P, ranging from “very satisfied”
to “moderately satisfied” and containing 37 instances, and
a negative class N, including the categories “unsatisfied”
and “very unsatisfied” and containing the remaining 42
instances. The detailed distribution of classes over these
answers, as well as their aggregation into a positive and a
negative class, can be seen in Table 2.

Table 2. Distribution of classes over the 79 par-
ticipants: fine-granulated (Labelf ) and binary

granulated (Labelb)

Labelf U+ U M S S+
#instances 5 37 14 19 4

Labelb N P
#instances 42 37

Interestingly, the positive and negative classes are equally
distributed among female participants as well as young

participants, but there are more negative instances among
male participants as well as among elderly participants, as
can be seen in Table 3.

Table 3. Distribution of classes with respect to
sex and age of the participants.

P N

Sex
– male 14 21
– female 23 21

Age
– young 22 20
– elderly 15 22

4. CLASSIFICATION EXPERIMENTS

The classification experiments presented here were per-
formed using three different data pre-processing setups.
In the first setup, the feature extraction took place on
the users’ whole utterances, containing noise and pauses.
In the second setup, a voice activity detection procedure
was introduced as a pre-processing step to use only voiced
parts of the users’ utterances for the feature extraction.
In the third setup, again whole utterances were processed,
but with a reduced feature set, which was selected using a
random forest-based feature importance score.

4.1 Feature extraction

For the task of feature extraction, we decided to use the
well-known emobase feature set provided alongside the
openSMILE toolkit developed by Eyben et al. (2010),
since it proved to be useful in a variety of affect-related
investigations, on the LMC data employed here as well as
on other data (cf. Tickle et al. (2013); Pfister and Robinson
(2010)). The 988 features based on 19 functionals of 54
low-level descriptors (LLDs) were extracted on utterance
level. Since each user uttered only one statement regarding
his or her satisfaction level, this resulted in exactly one
feature vector per user. This setup allowed us to imple-
ment a user-independent evaluation in a simple way, with
each data instance corresponding to one feature vector
and thus one user. After dividing the obtained data in
training, development and test set, we standardised each
set separately to zero mean and univariance (µ = 0, σ = 1).

4.2 Voice Activity Detection

As mentioned above, we extracted the features from the
user’s whole utterance. But such user utterances can
contain filled as well as silent pauses, other sounds like
knocking etc., and noise. Therefore, we developed a second
hypothesis for our investigation, as already mentioned in
Section 1: we assumed that such artefacts have an influence
on the satisfaction recognition process. Our expectation



was that they impair the classification results. To investi-
gate this question, we employed a voice activity detection
procedure to ensure that only frames containing voice were
taken into account for feature extraction. For this task, we
used the voice activity detection tool developed by Eyben
et al. (2013) for the openSMILE toolkit. An example of the
voice activity detection routine is shown in Figure 2. Here,
the original sentence was “ah hm ja geht so” (“uh hm yeah
so-so”). The voice activity detection found no voiced parts
in the beginning of the utterance, and returned just the
segment containing “ja geht so” (“yeah so-so”) as voiced
segments of the original sentence. For all of our data, 23%
of the utterances included unvoiced segments which were
deleted by the voice activity detection routine.

After obtaining only voiced segments of an utterance, we
applied the feature extraction and the standardisation
routines explained above, resulting in a second set of data.

(a)

(b)

äh ja geht sohm

ja geht so

Fig. 2. An example for applying the voice activity detec-
tion routine: (a) shows the original statement (“uh hm
yeah so-so”), (b) shows the statement with deleted
unvoiced frames (“yeah so-so”).

4.3 Feature selection

Although the emobase feature set is widely used for a
variety of emotion recognition investigations, it has one
drawback: it has a relatively big number of features,
namely 988, which might be too many for cases with only
a limited number of data instances. To investigate this,
we applied a common feature selection routine based on
Random Forest (RF). RF is an ensemble learning method
developed by Breiman (2001). The classifier consists of
a number of decision trees, where in every node, a split
feature is chosen from a randomly sampled subset of all
the features – this split feature is the one that splits the
data into classes according to the labels in the best possible
way based on the impurity measure. Typically, measures
like the Gini index or information gain are used for this.
The RF training process can be used for feature selection,
choosing the features that decrease the impurity most. To
obtain the feature importance, a so called feature score is
acquired by calculating how often and at which level each
feature was selected in the individual trees of a trained
RF. This score is then normalised by subtracting a random
score – for this, the same procedure is run with shuffled
target values in order to obtain the random bias of the
data. The obtained difference indicates the importance of
the feature for the data set. The procedure is described
in detail by Chen and Lin (2006) and Silipo et al. (2014)
and was successfully applied in a variety of investigations,
e.g. by Menze et al. (2009), Statnikov et al. (2008) and
Granitto et al. (2006).

For the investigation presented here, the feature selection
procedure was applied to the training data set as described
above. The obtained features were then ranked according

to their score on the training data set. The top-most 10% of
the features (99) were selected as feature set FSRF . This
value was chosen after several evaluation rounds on the
development data set. The reduced feature set is based on
functionals of a subset of 33 out of the originally 54 LLDs,
such as certain MFCCs (e.g. MFCC[1] and MFCC[7]) and
certain LSP frequencies, and their derivatives. There is
also a remarkable amount of 21 LLDs that were not chosen
in the feature selection procedure, such as F0 envelope
(F0 env) and intensity. Figure 3 shows the selected LLDs
according to the frequency of their occurrences in the
reduced feature set.

Fig. 3. Word cloud of the selected features. For repro-
ducibility, the feature names supplied by openSMILE
are used.

4.4 Used classifier

For classification, Support Vector Machines (SVMs) as
described by Cortes and Vapnik (1995) were used. SVMs
are widely used in the area of emotion recognition, also
for benchmarking (cf. Tarasov and Delany (2011)). We
chose the libSVM implementation developed by Chang
and Lin (2011), and tested linear, polynomial and radial
basis function kernels with different parameters on the
development set for all three classification procedures –
with and without voice activity detection, and with the
reduced feature set FSRF . For the first two setups, the
linear kernel with C = 10 performed best. For the third
setup, the radial basis function kernel with γ = 0.001 and
C = 10 performed best.

4.5 Validation Strategy

In order to avoid overfitting, a user-independent evaluation
is needed: the data for training and testing the model must
not contain data of the same users. In general, there are
two ways to ensure this. The first way is a leaving-one-out
evaluation, where the training process takes place on the
data of all users but one – this last user is reserved for
testing. In the case of n users, the training and testing
process is then repeated n times, and the results are
then averaged over the n obtained models. This procedure
ensures a generalisable result, but has two important
drawbacks: first, it results in n different models instead
of one single model, and second, it complicates fine-tuning
the model’s parameters, since the fine-tuning procedure
would also have to be repeated n times and would lead
to n different models with n different sets of parameters.
Therefore, it was decided to choose the second way, a
leaving-one-speaker-group-out (LOSGO) evaluation. The



data was divided into three user-independent subsets: a
training set for training the model, a development set
for fine-tuning the model’s parameters and a test set
for evaluating the model. The development and the test
set contain statements of 8 users each, the training set
contains statements of the remaining 63 users. The three
sets have a nearly equal distribution of sex, age and classes,
as shown in Table 4. Since the different data sets include
data of different user groups regarding age and sex, this
setup ensures generalisability.

Table 4. Distribution of sex, age and class over
the training, development and test sets.

Sex Age Class
F M Y E P N

Training 35 28 33 30 30 33
Development 4 4 4 4 4 4
Test 4 4 4 4 4 4

Overall 44 35 42 37 37 42

According to the principle of LOSGO evaluation, the mod-
els were trained on the training set and the parameters of
the classifier were fine-tuned on the development set. After
choosing the best parameters, the model was evaluated on
the test set. This procedure was conducted for all three
setups: classification without voice activity detection, clas-
sification with voice activity detection, and classification
using the reduced feature set obtained by feature selection.

4.6 Performance Measures

For the evaluation, the established performance measures
recall, precision and their harmonic mean, F-measure, were
used. The measures were first calculated separately for the
two considered classes P and N, before averaging them
over these two classes, resulting in an unweighted average
value for recall, precision and F-measure.

5. RESULTS AND DISCUSSION

The results obtained in the conducted experiments are
shown in Table 5 in terms of recall, precision and F-
measure for each class as well as the unweighted average
for all obtained results: classification without voice activity
detection and with voice activity detection, and also the
classification using the reduced feature set FSRF .

5.1 Classification without voice activity detection

For the first data pre-processing setup – the one where the
whole user utterances without deleting unvoiced frames
were used – the classification achieved an unweighted av-
erage recall of 87.5% and an unweighted average precision
of 90%. The results on the test set are equal to those on
the development set, which shows that the classification
did not overfit to the development set. Overall, we can
say that the negative class N could be recognised better
than the positive class P (recall of 100% vs. recall of 75%,
respectively) – this is an interesting outcome, since in real-
world applications, it is more important to detect dissatis-
faction to be able to react to this user state appropriately.

Table 5. Classification results for the satisfied
(P) and the dissatisfied (N ) classes and their
unweighted average (UA) for development as
well for the test set: without voice activity
detection (w/o VAD), with voice activity de-
tection (with VAD) and with feature selection
(with FSRF ). The unweighted average results
on the test sets are highlighted in gray, the best

results are printed in bold.

w/o VAD Recall, % Precision, % F-Measure, %

Dev
– P 75.0 100 85.7
– N 100 80.0 88.9
– UA 87.5 90.0 87.3

Test
– P 75.0 100 85.7
– N 100 80.0 88.9
– UA 87.5 90.0 87.3

with VAD Recall, % Precision, % F-Measure, %

Dev
– P 50.0 100 66.7
– N 100 66.7 80.0
– UA 75.0 83.3 73.3

Test
– P 50.0 100 66.7
– N 100 66.7 80.0
– UA 75.0 83.3 73.3

with FSRF Recall, % Precision, % F-Measure, %

Dev
– P 75.0 100 85.7
– N 100 80.0 89.0
– UA 87.5 90.0 87.3

Test
– P 75.0 60.0 66.7
– N 50.0 66.7 57.1
– UA 62.5 63.3 61.9

5.2 Classification with voice activity detection

Considering the results for the second data pre-processing
setup – the one with deleted unvoiced frames – the clas-
sification did not perform as well as in the first condi-
tion. This finding contradicts to the working hypothesis
H2a assuming that pauses and noise impair the classifi-
cation performance. On the contrary, by excluding such
artefacts, an unweighted average recall of only 75% and
an unweighted average precision of only 83.3% could be
achieved, resulting in an F-measure decrease of 14% ab-
solute. Again, here we can find that the class N could be
recognised better than the class P (recall of 100% vs. recall
of 50%, respectively), as in the previous case.

5.3 Classification with feature selection

For the third condition – using a reduced feature set pre-
viously selected using RF – the results on the development
data set and the test data set differed remarkably. For the
development data set, the same results were achieved as
with the complete data set (i.e. the first condition). But on
the test data set, both the unweighted average recall and
the unweighted average precision dropped by 25% absolute
and 26.7% absolute, respectively. This is mostly caused by
the drop in recall for the class N (recall of 100% on the
development data set vs. recall of only 50% on the test



data set). This decrease in recall leads to a substantial
drop in precision for both classes.

5.4 Discussion

The presented classification experiments show that it is
possible to recognise high and low satisfaction from user
utterances with a feasible recognition rate using only the
acoustic content of the user statements on their satis-
faction. This proves our first hypothesis H1. The next
finding here is that processing whole utterances, including
silence and noise, does perform better than if removing
such unvoiced frames before feature extraction. This con-
tradicts to our hypothesis H2a. From this insight, we
conclude that besides the acoustics of the pure utterances,
the paralinguistic content such as filled and silent pauses
and discourse particles, is also an important source of
information for this task and their modelling should not be
neglected – similar to findings in Siegert et al. (2014b) and
Lotz et al. (2016). Another interesting result is the effect
of feature selection on the classification performance: after
the application of a common feature reduction method us-
ing random forests, the classification performance dropped
substantially. Our hypothesis H2b was that by reducing the
data dimensionality, the performance of the classification
will either reach the same level or even improve – but this
assumption was not backed by our experimental results. As
already mentioned above, the selected feature set contains
mostly MFCCs and LSP frequencies – in fact, 13 of the
99 features are related to the feature MFCC[1] and its
derivative, 12 are related to the feature MFCC[5] and its
derivative, summing up to over 25% of all the selected
features. Features based on other LLDs – such as other
MFCCs, voicing probability and intensity – occur rather
rarely or even do not occur at all. This leads to the
conclusion that even if a feature is not as important as
the random forest-based method suggests, it still can carry
information crucial to the classification.

The performance of the user satisfaction classification pre-
sented here is comparable to those of Chowdhury et al.
(2016) and Kiseleva et al. (2016), mentioned earlier. In
contrast to those approaches, we employ acoustic features
that can be extracted automatically and which are not
interaction-related or behavioural features. But the results
can hardly be compared directly, since the data bases and
events in the data are different. Chowdhury et al. use data
of HHI, namely a call-center corpus, with annotations of
complex social emotions like satisfaction, dissatisfaction,
frustration and empathy. Kiseleva et al. develop their
method on data of HCI gathered during search experi-
ments, by questioning the users on their experience with
the system (“how satisfied are you with your experience in
this task”). The first approach needs detailed annotations
done by expert annotators, since it is not an easy task to
recognise spontaneous, complex emotions even for humans
– it was shown by Scherer (1981) that for acoustic data
without context, human annotators achieve an average
accuracy of only 60%. One solution for this problem is
aiming for a high inter-rater reliability, which demands a
bigger amount of data (cf. Siegert et al. (2014a)). The
second approach does not have this problem, since the
satisfaction level is assessed directly by asking the user.
This case is similar to our case, the only difference here

is the subject of satisfaction – we considered the users’
satisfaction regarding their own performance.

6. CONCLUSION

The presented investigation shows that it is possible to
automatically classify the state of satisfaction from speech
acoustics, without including the speech content. For this
task, data acquired during spoken WoZ-interactions was
used. In this data, the users were asked about their satis-
faction with their own performance during a task. Using
the emobase feature set and SVM for classification, we
achieved an F-measure of 87.3% in a subject-independent
two-class setting. Surprisingly, deleting unvoiced frames
using a voice activity detection routine did not improve
the results – on the contrary, this procedure lead to a de-
crease in recall and precision, and thus also in F-measure.
Furthermore, feature reduction also did not improve the
results.

There are three main questions that are left for further in-
vestigation. One important question is whether the model
developed here can be used for other data, i.e. whether
the state of user satisfaction in case of satisfaction with
the user’s own performance is comparable to satisfaction
with the system’s performance. The next question is, which
and how many features are suited best for the task of user
satisfaction prediction. The approaches representing the
current state of the art in this regard use different kinds of
features, ranging from acoustic ones as in our case to be-
havioural ones, like turn-taking. For real-world-scenarios,
the obtainability of the features and the robustness of the
feature extraction should be in the focus – in this context,
acoustic features have proven to be easy to obtain in high-
quality audio data, but their robustness against noise in
“in the wild” scenarios should be further investigated. And
finally, there is the temporal aspect of user satisfaction: At
which point is it possible to say that the user is satisfied
or dissatisfied with a dialogue? If user dissatisfaction is
recognised early in the dialogue, the system can adapt
itself to the user’s state and act appropriately. These
questions should be addressed in further research.
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