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Abstract
In call centers, since callers range from novices to experts with
respect to what they are asking about, callers should be treated
differently depending on their knowledge levels. To extract dia-
logues of callers with a certain knowledge level for an analysis,
we propose a method to estimate callers’ levels of knowledge.
We focus on features related to vocabulary, utterance timing and
duration, and information exchange and use a machine learning
technique to learn a classifier that distinguishes the knowledge
levels. Experimental results show that our method achieves a
precision of 0.8 or better while retaining a moderate recall of
around 0.5 in extracting the dialogues of novice callers.
Index Terms: dialogue, call center, knowledge level

1. Introduction
When people face problems or encounter something they cannot
understand, they contact call centers to get help or information.
Since the callers range from novices to experts with respect to
what they are asking about, they should be treated differently
depending on their knowledge levels. Novice callers in particu-
lar are in need of special care, such as explanations in extremely
easy terms or metaphors to describe less-familiar concepts. For
the purpose of analyzing interactions with novices, it is nec-
essary to efficiently collect a large number of dialogues with
novices. Therefore, to determine whether a caller is a novice,
we propose automatically estimating callers’ knowledge lev-
els. The proposed method uses a machine learning technique
to learn a classifier that distinguishes the knowledge levels of
callers. We propose three types of features that would be effec-
tive for estimating callers’ levels of knowledge: features related
to vocabulary, utterance timing and duration, and information
exchange.

2. Preliminary study
2.1. Definitions of knowledge levels

We conducted a preliminary study to ascertain whether a caller’s
knowledge level can be determined objectively. First, we pre-
pared a tentative criterion to annotate callers’ knowledge levels.
The criterion consists of these four levels:
Level 1 With no prior knowledge
Level 2 With only essential knowledge
Level 3 With some but not sufficient knowledge
Level 4 With the same knowledge as an operator
Here, we introduce the concept of essential knowledge, which
we define as knowledge that operators presume callers who in-
tend to have a conversation in the domain concerned should

Table 1: Agreement of annotators’ judgments

Agreement Rate κ-value
4 levels 0.52 0.25
2 levels 0.70 0.41

have as common sense. For instance, in a call center of an Inter-
net service provider, operators presume that their callers must
know that they need to have an Internet connection in order to
enjoy any Internet-based service. In other words, it is essen-
tial for a caller to recognize the necessity of the connection. A
caller who does not recognize this would mean that the caller
lacks this essential knowledge.

2.2. Agreement of judgments

As a corpus, we used call center dialogues regarding callers’
inquiries and applications for service. Using the criterion
above, two independent annotators annotated knowledge levels
of callers in 261 dialogues. All of the dialogues are in Japanese.
Each of the two annotators, who were not the authors, was in-
structed to listen to the dialogues and judge the knowledge level
of the caller in each dialogue. Table 1 shows the agreement
rate and κ-value (Cohen’s Kappa) of the judgments made by
the two annotators. The agreement rate means the proportion of
the calls where the annotators’ judgments agreed. When judged
on the basis of the four knowledge levels, the agreement rate is
0.52 and the κ-value is 0.25. Since these values are rather low,
we consider that it is difficult to categorize callers’ knowledge
into one of the four levels.

Consequently, we created another criterion for distinguish-
ing callers’ knowledge on two levels by integrating the four lev-
els into two. In particular, levels 1 and 2 are integrated into one
lower level, and levels 3 and 4 are integrated into a higher level:

Lower level With no or only essential knowledge

Higher level With essential knowledge plus some additional
knowledge

As Table 1 shows, when judged on the basis of this new crite-
rion, the agreement rate and the κ-value rose to 0.7 and 0.41, re-
spectively. Here, the κ-value of 0.41 indicates moderate agree-
ment. From this result, we concluded that it is possible to cate-
gorize callers’ knowledge into two levels and decided to use this
two-level criterion for our classification of the callers’ knowl-
edge levels in our proposed method.
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3. Related work
In dialogue systems research, Komatani et al. used various fea-
tures, such as the number of filled slots and barge-ins, in order
to detect the skill/knowledge level of their system’s users [1].
We do not adopt their features, however, because they cannot
be directly applied to human-human dialogues. With respect to
human-human dialogues, Zablotskay et al. conducted research
about speakers’ verbal intelligence and their speech behaviors
using discussions on German education [2]. They define verbal
intelligence as the ability to use language for accomplishing cer-
tain goals. They analyzed features such as the number of words,
short and long utterances, and silences and interruptions. Since
these features would be effective for estimating callers’ knowl-
edge levels, we adopt them and ascertain how they work in es-
timating callers’ knowledge levels. In the field of information
retrieval, a previous study has found that the average difficulty
of a user’s web search queries estimated by a measure similar to
the inverse document frequency (IDF) is effective for estimat-
ing the user’s knowledge level [3]. We also use and evaluate
this feature in our study.

4. Proposed method
Supervised machine learning is used to learn a classifier that
distinguishes calls in which the knowledge level is lower (calls
from novices). In this paper, we use three types of features,
namely, features related to vocabulary, utterance timing and du-
ration, and information exchange. The total number of features
is 64, which are listed in Table 2. In the table, V, T and I rep-
resent the features related to vocabulary, utterance timing and
duration, and information exchange, respectively. The features
include those we newly propose (features related to information
exchange and features related to linguistic knowledge markers,
which we include in the vocabulary features) as well as those
adopted from or inspired by previous studies.

4.1. Features related to vocabulary

4.1.1. Features to capture vocabulary richness/poorness

We assume that the richness/poorness of callers’ vocabulary
would reflect the callers’ levels of knowledge, as was indicated
in a previous study about verbal intelligence [2]. For this type
of feature, we use number of words and number of unique words
uttered during a dialogue. In addition, we use and evaluate the
ratio of the number of unique words to the number of words
[type-token ratio (TTR)]. The TTR has been used as an indi-
cator of lexical richness in research of language acquisition by
children [4] and second language learners [5].

4.1.2. Features related to difficulty of vocabulary

The difficulty of vocabulary would also reflect one’s knowledge
level. To capture the degree of difficulty of the words a caller
utters, we use IDF, following a previous study [3]. We calcu-
late the average IDF of the words an operator and a caller utter
in a single dialogue. The IDF score can be calculated by the
following formula:

idfw = log
N

dfw
,

whereN is the total number of dialogues and dfw is the number
of the dialogues where the word w occurs.

Table 2: List of features. OP means an operator and CL a caller.
See Section 5 for the meanings of INQ and TS.

Selected features
INQ TS

OP CL OP CL
V-1 Number of words (all words)

√ √
V-2 Number of words (nouns only)

√ √
V-3 Number of unique words

(all words)
√

V-4 Number of unique words
(nouns only)

√
V-5 TTR (all words)
V-6 TTR (nouns only)
V-7 Average IDF (all words)

√
V-8 Average IDF (nouns only)

√
V-9 Number of that-type deixes

√
V-10 Number of the-type deixes
V-11 Number of this-type deixes
V-12 Number of deixes in total

√
V-13 Number of quotation markers
V-14 Number of subject case markers

√
V-15 Number of topic markers

√
V-16 Number of paraverbal expres-

sions

√

V-17 Number of operator’s words
repeated by caller

T-1 Number of short utterances
T-2 Number of long utterances

√
T-3 Average duration of an utterance
T-4 Total duration of utterances

√ √ √
T-5 Caller’s dominance
T-6 Number of silences

√ √ √
T-7 Number of silences

(1.5 sec. or longer)
√

T-8 Number of interruptions
√ √ √ √

T-9 Average duration of a silence
T-10 Average duration of an interrup-

tion
T-11 Average duration between turns
I-1 Number of questions

√
I-2 Number of wh-questions

√
I-3 Number of explanatory utterances

√ √ √
I-4 Number of backchannels

√ √
I-5 Number of utterances

√ √

4.1.3. Features related to linguistic knowledge markers

According to linguistics literature, whether the entities that oc-
cur in a dialogue are known or unknown is marked by the par-
ticipants [6]. For example, in Japanese, using expressions for
quotation, such as toiu and tte, speakers can linguistically mark
entities they do not know or they are not familiar with. Simi-
larly, entities a speaker encounters for the first time in a dialogue
can be marked with the deixis corresponding to it or the in En-
glish. On the other hand, entities commonly recognized among
the participants of a dialogue can be marked with the deixis cor-
responding to that in English. If an entity is directly seen by a
speaker, it should be marked with the deixis corresponding to
this in English. We count the number of each type of deixis as
this type of feature. In addition, in Japanese, since subjects or
topics are often omitted after the second occurrence, we sup-
pose that the occurrences of subjects or topics could reflect the
amount of information that is newly introduced during a dia-
logue. In Japanese, since subjects and topics are marked with
the specific particles wa and ga, we count the number of subject
markers and topic markers as features.
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4.1.4. Features related to paraverbal expressions

We assume that callers’ lack of confidence that arises from the
lack of knowledge about what they are talking about is likely to
be reflected to the paraverbal (paralinguistic) expressions they
use. As this type of feature, we use the number of expressions,
such as eeto, which correspond to fillers like well or let me see
in English. In addition, we count the number of an operator’s
words restated by a caller, following a previous work [2].

4.2. Features related to timing and duration of utterances

The timing and the duration of participants’ utterances are con-
sidered to be a good indicator of how well the participants com-
municate. For example, in a previous study, speech intervals
between adjacent utterances were used to estimate a dialogue
participant’s anger [7].

As features related to the timing of utterances, following
the previous study [2], we focus on silence and interruptions
between an operator and a caller’s utterances. To extract the
features of timing, we count the number of silences and inter-
ruptions between an operator’s and a caller’s utterances. We
also use the average duration between turns. Following the pre-
vious study [2], we also count the number of short utterances
(not longer than 1 second) and long utterances (longer than 10
seconds). In addition, we calculate a caller’s dominance in a
dialogue by dividing the total duration of the caller’s utterances
by the total duration of the dialogue.

4.3. Features related to information exchange

We consider that information exchanges are the core com-
ponents of the interactions of call centers. The features re-
lated to information exchange consist of the numbers of utter-
ances where the speaker’s intention is question, explanation, or
backchannel.

To extract the features, we first tag each utterance with an
utterance intention label using regular expression-based rules.
Then, the numbers of each intention in a dialogue are counted
as features. Here, we use simple pattern-based detection of user
intentions, but we plan to use more sophisticated statistical ap-
proaches, such as [8], when we accumulate more data.

4.3.1. Number of questions

A question is regarded as a strategy for a speaker to acquire
information from a person. Therefore, we assume that the num-
ber of questions occurring in a dialogue must be closely related
to the amount of information that the speaker has or, in other
words, to the speaker’s knowledge level. We tag an utterance
with question if the utterance ends with a Japanese interroga-
tive marker such as desuka or kashira.

4.3.2. Number of wh-questions

Most pure requests for information generally involve wh-
expressions. We therefore use the number of wh-questions as
one of the features. Since questions can be used to confirm
the veracity of information, questions as pure requests for in-
formation must be distinguished from those used as confirma-
tion strategies. We tag an utterance with wh-question when
it is question and it additionally contains one or more wh-
expressions, such as the expressions nani or naze corresponding
to what or why.

4.3.3. Number of explanatory utterances

We regard an utterance as an explanatory utterance when it is
intended to deliver some information to a listener. In particu-
lar, we define three types of utterances as explanatory: copular
sentence, explanation of reason and presentation of information
contributing to a listener’s decision making.

The first type serves to give some attribute to an entity or to
identify the entity to which a description corresponds. The sec-
ond type of explanation is generated by a speaker to express the
reasons that underlie what he/she said in a previous utterance.
An utterance is considered to be the third type of explanation
when it helps a listener make some decision. We focus on these
three types because, from our experience, they are frequent ex-
planatory components in call center dialogues.

To tag explanation, we use the following rules: If an ut-
terance ends with the auxiliary verb of assertion desu, it is an
copular sentence. If it ends with a particle to express a reason
(e.g., node or kara), it is an explanation of reason. If it ends with
a conjunctive particle corresponding to though, such as kedo or
keredo, it is an utterance of presentation of information con-
tributing to listener’s decision making.

4.3.4. Number of backchannels

We use the number of backchannels as a feature. A listener’s
backchannels have functions such as letting a speaker con-
tinue to speak or showing that the listener acknowledges what
a speaker has said [9]. Therefore, the number of backchannels
would be related to the extent the dialogue participant acts as a
passive listener and to the level of understanding of the content
of the dialogue. We tag an utterance with backchannel if an ut-
terance ends with an expression corresponding to uh-huh, such
as hai, un and ee.

5. Experiment
We conducted an experiment to estimate callers’ knowledge
levels in call center dialogues, focusing on accurately extract-
ing the dialogues of callers with lower knowledge levels (novice
callers). We consider the extraction precision to be of primary
importance because there are a large number of call center di-
alogues and a small proportion of them becomes sufficient for
analysis in many cases; that is, the extraction should be as ac-
curate as possible.

As a machine learning algorithm, we used logistic regres-
sion. As corpora, we used two dialogues domains: callers’ in-
quiries and applications for services (INQ) and troubleshoot-
ing of products and services (TS), which comprise 180 and 144
dialogues, respectively. The corpora include only dialogues to
which the two annotators assigned identical labels following the
procedure explained in Section 2.2. The INQ corpus consists
of 94 dialogues labeled lower and 86 dialogues labeled higher.
The TS corpus consists of 98 dialogues labeled lower and 46 di-
alogues labeled higher. The agreement rate and the κ-value of
the two annotators’ labels for the TS corpus are 0.75 and 0.46,
respectively. The statistics of the corpora are shown in Table 3.

The dialogues were first processed by a speech recognition
engine VoiceRex [10], which performs automatic speech recog-
nition with the character correct rate of around 85% for oper-
ators’ speech and around 70% for callers’ speech for our INQ
and TS corpora. Then, from the speech recognition results, 64
features (see Table 2) were extracted for all dialogues. Except
for features V-17 and T-5, every feature was extracted for the
operator and the caller. Each of the extracted features was nor-
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Table 3: Statistics of corpora

INQ TS
Total number of dialogues 180 144
Avg. length (min.) of a dialogue 8.2 20.3
Avg. num. of operator’s utterances 47.5 241.1
Avg. num. of caller’s utterances 66.7 320.3

malized using a Z-score. Then, a classifier was trained using the
normalized features. We performed feature selection. We first
calculated precisions for each of the 64 features and then incre-
mentally added one feature at a time. The features were added
in the order of their precision scores. We stopped adding fea-
tures if the feature to be added next did not further improve the
precision. Here, the performance was calculated using ten-fold
cross validation.

5.1. Evaluation measures

We use two evaluation measures: precision and recall. They are
calculated by the following formulae:

precision =
C

E
, recall =

C

T
,

where E represents the total number of dialogues estimated to
be lower, C represents the number of dialogues correctly esti-
mated to be lower, and T represents the total number of dia-
logues labeled lower in the corpus.

5.2. Baseline

For comparison, we created a baseline that uses the operator’s
and caller’s number of utterances (UTT), which we consider to
be one of the simplest ways to capture the amount of informa-
tion transferred between an operator and a caller.

5.3. Results

Table 4 shows the classification results of the baseline and our
proposed method that uses the selected features shown in Ta-
ble 2. In Table4, Proposed represents the set of features that
scored the best precision. As shown in the table, we achieved
a precision of 0.81 and a recall of 0.51 for the INQ corpus and
precision of 0.86 and recall of 0.44 for the TS corpus. Over-
all, the proposed method achieved high precision and moderate
recall, outperforming the baseline (UTT). The high precision
was achieved because of the small number of false positives;
the false positive rate of the proposed method was significantly
lower than that of UTT for the INQ corpus (p<0.05, by a pro-
portion test). A statistical tendency was observed for the TS
corpus (p<0.09). We regard the precision of over 0.8 as good
enough for quality and statistical analyses of interactions with
novice callers. We adjusted the threshold of classification to
further examine whether there is a point at which the UTT ex-
ceeds the precision of 0.8. For the TS corpus, we found that its
precision cannot reach 0.8. Although the INQ corpus can reach
a precision of 0.8, its recall goes down to 0.05 at the same time.

5.4. Post-analysis of features

The features selected are check marked in Table 2. As shown
in Table2, for the INQ corpus, the features related to timing

Table 4: Results of the experiment

INQ TS
Prec. Rec. Prec. Rec.

Proposed 0.81 0.51 0.86 0.44
UTT 0.68 0.52 0.77 0.47

and duration occupy seven out of the 13 effective features, and
the features related to information exchange occupy four out of
the 13 features. From our additional examination using a t-test,
we found that the numbers of silences and interruptions in calls
from novices are significantly larger than those in calls from
non-novices (T-6 and T-7: p<0.001, T-8: p<0.01). We sup-
pose that those features indicate the awkwardness of interaction
between an operator and a caller, which could result from the
difference between the actual knowledge level of the caller and
the level the operator expected. In addition, the occurrences of
explanatory utterances and backchannels were also found to be
good indicators of novice callers’ dialogues. We found that their
numbers of occurrences are significantly larger in calls from
novices (I-3 and caller’s I-4: p<0.001, operator’s I-4: p<0.01).
We suppose they reflect the amount of information that a caller
obtained in a dialogue, which is equivalent to the information
that the caller did not know before the dialogue had started.

The feature set selected for the TS corpus is greatly dif-
ferent from that of the INQ corpus. As shown in Table 2, the
features related to caller’s vocabulary were found to character-
ize novice callers well in the TS corpus (they occupy 11 out
of the top 21 features). Data indicate that novice callers use
a significantly larger number of words (V-1 and V-2: p<0.05)
and unique words (V-3 and V-4: p<0.01), even though their
number of utterances are not significantly different from that
of non-novices (I-5: p<0.09). In the troubleshooting task, we
can conclude that the features related to the caller’s vocabulary
would reflect the amount of effort the caller makes to explain
his/her troubling and problematic situation. In addition, the
number of wh-questions an operator uttered was found to be a
good indicator of calls from novices. In calls from novices, op-
erators utter a significantly larger number of wh-questions (I-2:
p<0.01). In the troubleshooting task, we consider that the op-
erator’s wh-questions reflect the amount of effort the operator
makes to figure out what the caller’s problem is.

6. Summary and future work

We proposed a method for estimating callers’ knowledge levels
from call center dialogues using the features related to vocabu-
lary, utterance timing and duration, and information exchange.
With these three types of features, we successfully achieved a
precision of 0.8 in extracting dialogues of callers with lower
levels of knowledge. We used various features that have been
introduced in previous studies in the fields of linguistics, in-
formation retrieval, and speakers’ verbal intelligence, as well as
those we newly introduced in this work. We found our proposed
method is effective in estimating callers’ levels of knowledge,
even though the characteristics of novice callers differ greatly
depending on the types of call center tasks. As future work, we
want to analyze the characteristics of expert callers and improve
the performance of our method.
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