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There is growing interested in discovering how to incorporate human expertise in the analysis
process. One specific question centers on how to support an expert analyzing multimodal data of
human behavior over time in a way that facilitates locating subjectively relevant behavior patterns.
The process of supporting such an expert begins with a seed idea that evolves over time as one
investigates and searches the data. We call this kind of analysis Interactive Relevance Search and
Modeling (IRSM) [4].

Many search and discovery algorithms apply statistical analysis and machine learning to identify
trends in datasets. While the effectiveness of such approaches has been shown, they can alienate
the user from how trends and pattern structure are discovered. They may also hide pattern details
necessary to learn and identify additional trends. A transparent understanding of the underlying
patterns may aid the user in the identification and discovery of behavioral trends. This can also be
used to verify the functionality and accountability of the algorithm(s). Depending on a researcher’s
area of expertise, the functionality and limitations of the patterns used and operations of the
algorithm(s) may not be apparent. IRSM puts the expert in a position to steer the search and
discovery process and open the blackbox of trend/pattern identification.

We investigate the affect of making the pattern formation visible in order for researchers to
intelligently drive their own analysis and understanding of algorithm(s) operation. We aim to
better understand how the user analyzes, identifies, and discovers trends in their data. This then
informs how to transparently represent patterns, and supports algorithm accountability. To benefit
from this, one must understand how a user thinks about their data and the structure of relevant
trends.

We started with how human behavior analysts (psychologists and psycholinguists) view and

identify patterns of human behavior [1, 2]. For this kind of analysis, there was an over-arching



interest in the ordered and temporal relationships of behavior events. For example, a mutual gaze
between Person A and B. This can be formulated as A looks at B, then B returns the gaze, or
more precisely, <A gaze at B:s><within T seconds><B gaze at A:s>, where ‘:s’ represents the
start of the gaze event and T is time. In this case, the interest was in the temporal relationship
between the start of the two gaze events without a concern with when they end. This sequence of
human interactions was viewed as a behavior pattern, a pattern that encapsulates a relevant trend
in the data. Taking a step back, we realized the behavior patterns had a general formulation of the
ordered and temporal relationships between events in time, where an event is an instance in time
with some labeled description, as in above.

This observation was simple, and yet powerful for the human behavior analysts as they rep-
resented their patterns of interest by situating the labeled events along a timeline — creating an
intuitive visual representation. Given this visual representation, we developed a pattern search algo-
rithm that identifies patterns based on this visual representation (Structural and Temporal Inference
Search [3]). Hence, the underlying pattern representation used by the algorithm is transparent to
the user. What the user actually sees is how the pattern is stored and used by the algorithm. The
user can adjust the pattern as he/she searches for pattern occurrence(s) (i.e., trends) and visual
adjustments to the pattern are reflected in what the algorithm uses as input and, in turn, how the
algorithm operates. This is the embodiment of IRSM. Through three longitudinal case studies, we
observed how intuitive and effective IRSM can be in providing a view into users’ data, discovering

relevant trends, and placing the user closer to the operations of the algorithm.
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