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Oral history collections can form a rich digital resource for researchers
from various disciplines. The CroMe collection [1], for example, consists of
audiovisual testimonies on war-related experiences in Croatia’s past. These
stories are personal of nature and can be very emotional. This collection
could be of interest to researchers working in the domains of emotional ex-
pressions and storytelling, because audiovisual testimonies are not the typi-
cal datasets used in these fields. However, it is a challenge to make such col-
lections suitable for multidisciplinary use since different research disciplines
may not share the same goals and analysis methods. In this presentation,
we highlight how psychology and computer science could potentially use oral
history collections as a resource. We discuss how narrative psychologists and
researchers in automatic behavior analysis investigate narratives and human
expressive behaviors, how synergy can occur, and which requirements col-
lections such as CroMe should meet to reach the full potential for this type
of multidiscplinary work.

Narrative psychologists are interested in how humans tell and structure
their life stories. The expression of emotions plays an important role in this
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analysis [2, 3]. Emotions also play a key role in automatic human behavior
analysis [5] where the aim is to automatically recognize and interpret human
behaviors in terms of affective [6] and social [7] signals based on nonverbal
information.

For our experiments, we took six interview transcripts from the CroMe
collection and created segments of one minute. The amount of positive and
negative emotion words for each segment was determined using the Linguis-
tic Inquiry and Word Count (LIWC) [4], a tool commonly used in psychology
for analyzing emotions in conversations. The same six interviews were ana-
lyzed using an automatic human behavior analysis approach, for which we
used two existing tools [8, 9] to classify emotions based on the facial and vo-
cal channel. Further, we automatically measured pause, pitch, and intensity
usage in speech [10]. The relation between both approaches was addressed
by calculating correlations between the LIWC scores and the nonverbal clas-
sifications and measurements. We discuss possible explanations for the low
correlations obtained.

Despite this result, we believe that synergy between the two approaches
can take place in future steps. Narrative psychology research is typically
based on transcripts without much attention for timing and nonverbal infor-
mation information that automatic behavior analysis could provide. Auto-
matic behavior analysis in turn could benefit from validated interpretations
of certain human behavior provided by psychologists.
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