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Abstract. Temporal analysis of learning data is attracting the interest of
researchers, and a growing body of Learning Analytics (LA) research applies lag
sequential analysis. However, lack of methodological frameworks that guide the
data gathering and analysis poses multiple conceptual, methodological, analytical
and technical challenges. While observation as a technique has been already used
in LA, systematic observation methods and designs have not been applied so far,
and parameters often used in the observational domain (such as order and dura‐
tion) are still under-researched. In this paper we propose a methodological frame‐
work, and illustrate its potential by applying it in the analysis of a Knowledge Forum
dataset. Results show the potential of the proposed method to uncover behavioral
patterns prospectively (lag +1 to lag +5) or retrospectively (lag −1 to lag −5), and
to reduce this information through polar coordinate analysis. Moreover, as illus‐
trated in this paper, observational methods offer a rigorous framework for LA data‐
sets, enabling the replicability, validity and reliability of the results.
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1 Introduction

Observational methods have been used in education for decades. While humans have
traditionally mediated observations, current Learning Analytics (LA) solutions provide
automatic means to assist the data collection and analysis process. We could consider
LA as “modern” data gathering and analysis technique that support the observational
process, either by reducing the workload (thanks to the automation of the process) or
enriching the datasets with data coming from digital spaces. Thus, the combination of
both human and computer-mediated observations could offer a complementary view of
educational contexts [1, 2], which is needed when teaching and learning process happen
across spaces [3]. Even though LA offer new insights in the educational domain, current

© Springer Nature Switzerland AG 2018
V. Pammer-Schindler et al. (Eds.): EC-TEL 2018, LNCS 11082, pp. 617–621, 2018.
https://doi.org/10.1007/978-3-319-98572-5_58

http://orcid.org/0000-0002-6466-5525
http://orcid.org/0000-0001-8639-1257
http://orcid.org/0000-0003-0723-1955
http://orcid.org/0000-0002-1196-2892
http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-98572-5_58&domain=pdf


solutions often lack of systematic methodological frameworks, compromising the repli‐
cability, validity and reliability of the results [4]. In this paper, we hypothesize that
systematic observational methods [5, 6] could contribute to alleviating these challenges.

As Ochoa et al. [8] mention, three methodological challenges threaten the develop‐
ment of LA: (1) the difficulty of rigorously assessing the research results; (2) the studies
are rarely comparable; and (3) sub-optimal methodologies and tools are often applied
when better alternatives exist. These issues only recently have come to the foreground
of LA research challenges, and evaluation frameworks have been proposed to assess the
users’ subjective impression of using an LA system [9] and to provide a more diagnostic
view of the performance of such systems [10]. Moreover, a few cases involve several
data sources for triangulation, and even more rarely, data from physical spaces [3, 11].
Eradze et al. [2] analyze the difficulties of integrating observational records into multi‐
modal datasets, highlighting the need for a systematic procedure that defines the nature
of the data and the unit of analysis, so that the observational design and the parameters
to be registered are adjusted accordingly. This need could be addressed through indirect
observation, a concept recently coined in the area of observational methods and
considers studying both verbal behavior and textual material, whether in the form of
transcripts or original material produced by the participants in a study [12]. The
approach already applied to both conventional and new forms of communication (What‐
sApp, Twitter, blog posts messages) [13] involves the analysis of data generated in
physical or digital settings.

2 Proof of Concept and Discussion

In this “proof of concept”, to assess the added value of applying a systematic observa‐
tional approach, we have chosen a publicly available dataset previously analyzed by
other authors [7]. The dataset contains information about 1101 notes in 50 threads
supported by Knowledge Forum (http://www.knowledgeforum.com). Since we work
with a predefined dataset, we will tackle the same research question posed by Chen et al.
[7] in their data analysis i.e.: “What are the underlying behavioral patterns that could
distinguish productive knowledge-building dialogues – dialogues with apparent
attempts to advance collective knowledge?”. In order to answer the question, we will
apply lag sequential analysis to better understand the temporal relations and patterns,
while in a slightly different manner. Our proposal for data transformation is novel as it
is supported by observational methods devoted to analyze participants’ behavior in an
authentic setting using ad hoc observation instruments [5]. This scientific procedure is
suited for the analysis of social interaction and it temporal evolution [5, 15].

3 Data Analysis

Lag sequential analysis was used to investigate sequential relationships between discrete
behaviors (events) and interactive states. Additionally, we apply polar coordinate anal‐
ysis [16, 14], this technique allows for data reduction by using the Zsum statistic
(Zsum = Σz/√n), where Z represents the independent values obtained from the adjusted
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residuals found for the respective lags of −5 to −1 and 1 to 5, with n as the number of
lags. To carry out this analysis we used SDIS-GSEQ software package v. 5.1 [6] and
HOISAN v. 1.6 [17].

4 Results

To illustrate the potential of polar coordinate analysis for the data reduction, we show an
example focused on the Supporting Discussion (SD) behavioural category. As Fig. 1
depicts, in non-productive (or improvable) there was a significant mutual inhibition
between posts coded as Supporting Discussion (SD) and Questioning (Q) (see Quadrant
III, radius = 3.74, p < .01), while in the productive threads Supporting Discussion (SD)
significantly activated Questioning (Q) (see Quadrant IV, radius = 2.57, p < .05). Simi‐
larly, Supporting Discussion (SD) posts had a significant inhibition on Theorizing (T) in the
non-productive threads while no impact was detected on productive threads. Finally,
Working with Information (WI) posts significantly activated the focal behaviour (SD) in
the productive threads while in the non-productive threads a non-significant inhibition was
detected on the focal behaviour (SD).

Fig. 1. Polar coordinate analysis results for Supporting Discussion (SD) as the focal behavior.
Significant relationships between focal and conditional behaviors marked in red (p < .01) and
purple (p < .05) colors (Color figure online)

5 Discussion

This paper proposes the application of systematic observational methods [5, 6] as a way
to alleviate the methodological and analytical challenges of the Learning Analytic
community identified before [8]. The example also provides a proof of concept for the
informative potential that polar coordinate analysis may have for data reduction in the
field of LA. The application of a rigorous observational design allowed us to uncover
behavioral patterns prospectively (lag +1 to lag +5) or retrospectively (lag −1 to lag 5),
and to reduce this information through polar coordinate analysis [16]. Thus, this tech‐
nique may have a remarkable potential in order to interpret the analysis of big datasets,
which is common in LA. Moreover, aligned with the open-source movement and the

Observational Scaffolding for Learning Analytics 619



existence of public datasets in LA, the application of open-source software widely
adopted by the community of observational methods (e.g., SDIS-GSEQ, HOISAN or
THEME) could contribute to address the assessment and comparison challenge reported
by Ochoa et al. [8].
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