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Abstract: Recent advances in the computing power have brought the processing of Big Data 
at the door step of an individual at a personal level. Pattern recognition, decision making, and 
modelling are some of the few skills that can be employed to make sense of personal data. In 
this short paper, we summarize some of our findings that highlight data literacy as a critical 
competency for ‘smart learning’. 
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1. Introduction 

By 2030 it is predicted that automation, globalization and flexibility will change what we do in every 
job. With changes in the demands due to changes in job processes and advanced digital capabilities it 
is also predictable that society on average will spend considerable amount of time on learning skills 
on and at the job. This is not only a concern for the future; even current employers are looking for 
creativity and enterprise skills among their potential employees and they are ready to pay a premium 
to provide these skills. Job market research shows that the demand for critical thinking has increased 
by 158 percent in the last three years (FYA, 2017, p. 23). With algorithms and intelligent machines 
automating decision making processes, what key ‘human’ skills we need to carry to our jobs that can’t 
be automated is the key question that is puzzling many minds. 

We locate our current thinking on smart learning within the broader context of smart skills and 
the big data environment around us. Our positioning on data literacy goes beyond statistical learning 
and the construction of meaning from data through computational algorithms that try to make sense 
through mean, median, mode, deviation and related pattern finding mechanical procedures. We see 
the data, storyteller, and the context within which data is collected (or missed) as inseparable entities. 
Each of these entities is critical in the pursuit of sense making and discovery of knowledge hidden 
within data. Within this setting we consider data literacy as a form of mathematical literacy and 
critical thinking that is not confined and limited to the parameters of spreadsheets. 

When words combine in a particular way, they make sentences that in turn combine in 
different ways to tell different stories, as do numbers and data. Stories, words and data combine, make 
sense. The woven stories engage and appeal to our imagination at a personal level. Combine these 
stories with visuals, graphs and colorful displays and we get engagement, emotions and a sense of 
meaning. Data literacy in this paradigm can be triangulated within the space of data, emotional 
literacy and mathematics/statistics. While emotional literacy can be understood as the ability to reflect 
on and exercise our own emotions, mathematics enables us to exercise our mind to draw conclusions 
objectively on the basis of pure logic and reasoning. It is therefore vital in the development of data 
literacy skills to make the link between data visualization and various mathematical representations 
and our emotional intelligence. Emotions distinguish humans from robots. Decision making for 
humans happens at both levels – emotional and reasoning. How many of our likes or dislikes are 
based purely on quantification? 

The following discussion provides an overview of the issues drawn from our research over a 
period of last two years that focused on the topic of data literacy. For us, becoming data literate is 
about being data smart. 
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2. Data Literacy as a critical skill 

The cognitive abilities required, in different jobs as listed by O*NET (a database that stores and 
updates information on skills required in different occupations sponsored by US Department of 
Labor), are: 

• Deductive Reasoning 
• Flexibility of Closure (ability to identify or detect a known pattern e.g., a figure, object, 

word, or sound, that is hidden in other distracting data) 
• Speed of Closure (the ability to quickly make sense of…) 
• Information Ordering 
• Mathematical Reasoning 
• Number Facility (ability to do basic operation on numbers quickly) 
• Problem Sensitivity (involving seeing a hidden problem with in the problem) 
• Selective Attention 
• Visualization (the ability to imagine changes when parts are moved) 

The New Work Smarts report (FYA, 2017, p. 22) provides data that show a critical low in 
some of the key skills required for work in the future. The report points out that lower level 
percentages that exists in Problem Solving, Digital Literacy and Mathematics proficiencies being 
around 35%, 27% and 45 % respectively. The figures are much higher for low socio-economic and 
Indigenous students. It is important to teach these skills within the curriculum or across curriculum 
during a student’s school and educational life before the job instead of inculcating them at the job. We 
propose these skills and capabilities be considered as aspects of data literacy and taught cross-
curriculum as a multi-disciplinary skill. 

3. Black Box Artificial Intelligence, Algorithms and Mathematical Modelling 

In order to avoid bias human decision-making more objective machine intelligence and algorithms 
have been employed. Machine intelligence is based on mathematical modeling. In a recent issue of 
MIT Technology Review Knight (2017) states that “Opaque and potentially biased mathematical 
models are remaking our lives”. Likewise, a group of researchers researching social impacts of 
artificial intelligence has announced the AI Now Initiative in which one of the main research questions 
under study is Bias and Inclusion (Artificialintelligencenow.com, 2017): 

Data reflects the social and political conditions in which it is collected. AI is only able to 
"see" what is in the data it's given. This, along with many other factors, can lead to biased 
and unfair outcomes. 

The bias in intelligent machines and algorithms has potentially negative consequences for 
disadvantaged communities and minorities. Even if the data is not influenced intentionally, the 
algorithms designed to predict patterns and correlation needs be carefully analyzed and not just 
believed to be correct. 

The underlying assumptions based on which the systems are making their choices are not clear 
even to the systems’ designers. It’s not necessarily possible to determine which algorithms are biased 
and which ones are not (Spielkamp, 2017). 

Algorithms are becoming ubiquitous on the web. The mathematical models and automated 
risk assessment that drive them are deciding who to call for job interviews and who to sanction in loan 
applications. Even judges are using these systems to decide on whether to grant bail applications 
(Center, 2017). 

If the important decisions the algorithms make go unchecked, the financial and legal 
implications might be serious for equitable society and its social and cultural fabric. For a just society, 
it is vital that decision making is transparent and clear and not opaque. 



625 

In 2016, in a study by ProPublica – a nonprofit news organization that produces investigative 
journalism – conducted a study on risk scores on more than 7,000 persons arrested in a county in 
Florida between 2013 and 2014. ProPublica tested to find out how many of these people were charged 
with new crimes over the next two years, using the same weightings used by an algorithm (COMPAS) 
that is used by some judges in US court system. The result of the finding was that predictions for a 
repeat of violent crimes were only 20% in agreement with what actually happened. ProPublica’s 
findings also highlighted ‘significant racial disparities’ (Julia A., 2017). They found: 

Black defendants were 77 percent more likely to be pegged as at higher risk of 
committing a future violent crime and 45 percent more likely to be predicted to commit a 
future crime of any kind. 

The report also highlighted two key findings: 

• The formula was particularly likely to falsely flag black defendants as future criminals, 
wrongly labeling them this way at almost twice the rate as white defendants. 

• White defendants were mislabeled as low risk more often than black defendants. 

The results for other similar risk analysis algorithms were found to be biased as well. 
Legal systems have a long history of trying to predict of the chances of recommitting of 

crimes by the criminals about to be released. The racial factors such as race, nationality and skin color 
were often used to make such predictions. As late as late twentieth century this practice was common 
(Harcourt, 2016). These factors might have now seeped into machine algorithms and models design 
and the big question with big data algorithms, that follow no regulations is -How do we know? As 
technology progresses we soon cross a point in future where it would be impossible to explain the 
reasons how decision making happens within the algorithms and using AI may require – a leap of 
faith based on how smartly our human intuition and sense making are trained. 

4. Smart Pedagogies and Australian Curriculum 

With round-the-clock access to smart technologies our young generation is interacting with enormous 
amount of data these days. On one hand, they are recipients and consumers of data and information 
they can’t make sense of and on the other hand, unknowingly and unwittingly, they act as a subject for 
the big data collection projects of corporations such as Facebook and Google. How do they make 
sense of this data, is a critical question. Many of the young adults neither have the tools nor being 
taught how to understand the data they are coming across or are part of. 

Smart learning has been defined as involving metacognitive aspects of learning: “It’s not 
just what you know. It’s what you know about what you know” (Paul, 2017). 

Mathematics curriculums, presently, confines and limit data literacy to the teaching of 
statistical skills. They don’t provide skills to students –framing of questions. What and which 
questions to ask, or recognize when data is presented in a misleading way or how the visualization of 
the data and the way it is graphed might have been manipulated. Students are required to be skilled to 
be skeptical and be better discriminators of information (Mason, Khan, and Smith, 2016). 

Sense making happens when teachers allow lessons to be flexible, when they permit curiosity 
to take over their lessons. Teachers need to help students create and ask questions based on students’ 
interaction with data. The National Council of Teachers of mathematics’ Math Forum describes this 
aspect in the following words: 

The process of sense-making truly begins when we create questioning, curious 
classrooms full of students' own thoughts and ideas. By asking: What do you notice? 
What do you wonder? We give students opportunities to see problems in big-picture 
ways, and discover multiple strategies for tackling a problem. Self-confidence, reflective 
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skills, and engagement soar, and students discover that the goal is not to be "over and 
done," but to realize the many different ways to approach problems. (Mathforum.org, 
2017) 

Example 1 

A content descriptor on data learning for year 3 and 4, within Australian Mathematics Curriculum 
describes that the student at this level: “Recognize different types of data and explore how the same 
data can be represented in different ways”. In the elaboration of the descriptor it has been explained 
under visual knowledge that student need to understand how visual elements create meaning (V7-
5.australiancurriculum.edu.au, 2017). A food for thought for teachers is how to teach this and what 
activities to select to elaborate this particular aspect. 

The New York Times (2017) recently acknowledged the need by creating two series within 
their learning network: “What’s Going On in This Picture” (WGOITPicture) and “What Is Going On 
in This Graph” (WGOITGraph). In the first weekly series, the New York Times invited teachers to 
discuss some of the pictures posted without any description within their class. The idea behind the 
series was asking students how they make sense of what they see when they look at an image, 
especially if that image comes with no caption, headline, links or other clues about its origins? Can 
constructing meaning from an image teach them something? Specifically, the following questions are 
what students can post their comments on: What is going on in this picture? What do you see that 
makes you say that?, and What more can you find? 

Students are then supposed to post their remarks and read other students comments on New 
York Times. They are then able to participate with a facilitator teaching students ‘visual thinking 
strategies’ by paraphrasing comments and linking to responses to help students’ understanding go 
deeper. At the end of the week the newspaper reveals the real information about the photo to help 
students understand, how the reading of the caption and story help people see the image differently. 
An example of a graph that can serve to discuss refugee crisis is the following: 

 

Figure 1. Source: (International Organization for Migration, 2017) 

Each circle in above represents an incident, sized by the number of dead or missing within 
Mediterranean Sea around Libya. Without mentioning what the circles represent teachers may initiate 
a discussion on this world issue and then at a suitable stage explain the meaning of the circles. 
Unfilled circles are reports that have only been partly verified. 

Example 2 

Recently, in (Washington Post, 2017) in an editorial column it was reported that: 
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North Korean dictator Kim Jong-un] has shown no interest in talks — he won’t even set 
foot in China, his biggest patron. Even if negotiations took place, the current regime has 
made clear that “it will never place its self-defensive nuclear deterrence on the 
negotiating table, as one envoy recently put it. [Emphasis added] 

Jon Schwarz (2017), in a news article for The Intercept, reported what North Korea’s Deputy 
UN Ambassador Kim In Ryong, actually had said: 

As long as the U.S. hostile policy and nuclear threat continue [emphasis added], the 
DPRK, no matter who may say what, will never place its self-defensive nuclear 
deterrence on the negotiation table or flinch an inch from the road chosen by itself, the 
road of bolstering up the state nuclear force. 

This is a case of (intentionally) missing data to create a different story for the unprepared 
minds of readers. Due to the lack of skills in understanding the importance of missing data public can 
be manipulated to design and influence policies. Such examples can be taught in sociology or history 
classes to teach data literacy capabilities within the curriculum. An example that describes this in a 
mathematics class it may be explained is following – 

Example 3 

A teacher in year 11 or year 10 mathematics class asks students to simplify the following: 

 

She asks one student to check the answer on WolframAlpha where the student finds the 
answer as follows: 

Figure 2. Problem solution by algorithms -WolframAlpha 

However, she gave a completely different answer to the class via (all mathematically correct and 
verifiable) steps as follows:  
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Figure 3. Problem solution by teacher 

A discussion on the design and assumptions on algorithms working behind the scenes may be 
initiated regarding the apparent and complete difference in the answers to the same question – Why 
are the two processes (digital and manual) giving contradictory answers? What assumptions are 
made within mathematical paradigm of the digital technology? 

5. Position and summary of results 

Research has shown that by improving a skills match to best practice can drive a 2% to 7% increase in 
the productivity in countries like Australia (OECD, 2015). The skills required were measures by 
OECD and found very closely linked to include written communication, maths, problem solving and 
digital literacy (OECD, 2015). Through our research (Khan, Mason, 2016; 2015; Mason et al., 2016) 
we found that in spite of rapid development and deployment of data analytics tools in recent years, 
there is a general lack and agreement on a common understanding on what skills are necessary for a 
data literate citizen and smart learning within the discourse on 21st century skills and competencies. 
The following is a summary of our positioning, and extends our previous list of points (Khan & 
Mason, 2016): 

• As metaphor in reverse – data needs to be considered as guilty until proven innocent. 
• As the giant Internet corporations take greater control of the entire data production and 

consumption lifecycle there is much at stake at a personal level. 
• As a term, data is as much as data are – and academic pedantry will not change that; 
• Data is not (necessarily) neutral. 
• Data can be misused and misunderstood. 
• There is an erroneous belief among data scientists that more data means more accurate 

predictions. It has been established time and again, with several examples that larger the 
data-higher the risk of error by coincidence due to of spurious correlations. 
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• Misrepresenting the patterns that may come by chance in one’s data and thereby drawing 
‘false links’ is a big concern with algorithms dealing big data. 

• Cultural and ethical dimensions need to be considered as key aspects of data literacy. 
• Emergence of the era of data-driven everything presents new challenges for human 

sense-making. 
• Story and the storyteller are contextually bound and cannot be separated; 
• Asking key questions of the data is an art and science. 
• Smart learning should shift the focus from digital to data literacy. 
• Post-truth, the fake news era and big data analytics brings new realities in which any mix 

of data, information, and knowledge demands scrutiny and validation. 
• What is missing from the data is at least as significant as what has been presented. 
• Educators need to identify essential questions that require deep investigation both at 

cognitive and computational levels. 
• To be data smart we need to create new and also refine the existing protocols for 

informed inquiry necessary in an age enabled and disrupted by digital innovation and 
ubiquitous data. 

• Data literacy can be subsumed within a core skill of being discerning and discriminate. 
• Data literacy is a form of Mathematical thinking that includes statistical literacy but not 

completely defined by it. 
• Three literacies – information, data and statistical – are interrelated. 
• Being data smart through learning skills in data literacy is missing from educational 

curricula. 
• Teaching data literacy should involve combining, discriminating and aggregating 

different sources of data and in posing new questions and discovering new angles. 
• As Big Data is moving from group predictions to individual predictions there are many 

unanswered questions. What happens to people’s rights? Who owns ‘my’ data? Is there 
any my data? 

• What are the ethical dimensions of selling personal data to others without person’s 
explicit consent? 

• What is the future of ‘smart decision making’? With advances in Artificial Intelligence 
‘how do we know decisions are fair and just’? 

6. Conclusion 

It is imperative that the new programs and educational frameworks are crafted to improve data 
literacy skills and recognize it being critically and fundamentally linked to the decimation of effective 
knowledge. The challenging part is to think creative ways and discover new and smart pedagogies that 
enable and make us data smart. 
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Abstract: This study recognises the role of collaborative problem solving (CPS) as an important 
21st century skill for a higher quality workforce. This study aims to develop performance 
measures of individuals CPS ability while being engaged in collaborative problem solving tasks 
online with another human (H2H). With this aim in mind, the authors propose a new CPS Process 
Framework. The proposed framework portrays CPS as a consolidation of collaboration and 
problem solving frames. Indicators of observable behaviours are designed for coding and later 
scoring those behavioural indicators mapped to this framework. Empirical data including student 
observation will be used as evidence to explore the validity of this new framework. It is expected 
that the use of multiple data and phases of analysis will enable and provide insight how CPS 
processes among H2H dyads evolve during CPS assessments in an online collaborative 
environment. 

Keywords: collaborative problem solving, CPS, collaboration, computer-supported, 
collaborative, problem solving, process, peer interaction, CPS framework, student observation, 
log file, process data 

1. Background of the Study 

Collaborative problem solving (CPS) is now well recognised in industry as a core competency of today’s 
knowledge economy and has taken a central role in recent theoretical and technological developments in 
education research. It is a relatively new research area and its concepts, methods, and research ideas link 
collaborative learning, problem solving, data mining, and psychometrics (Kozma, 2009). The OECD 
decision to assess CPS in the Programme for International Student Assessment (PISA, 
www.oecd.org/pisa) in 2015 and the pioneering work in Assessment and Teaching of 21st Century Skills 
study (ATC21S™, www.atc21s.org) has stimulated interest in CPS research as a 21st century skill 
suitable for formative assessment. The construct has been situated in the zones of education, psychology 
and employment, often in the context of discussion of 21st century skills. According to ATC21S study, 
21st century skills did not all need to be new (Griffin, 2012; Griffin, McGaw & Care, 2012), rather it was 
argued to be those that must be brought to bear in today’s worlds of education, living and work for 
individuals to function effectively as students, workers and citizens. Collaborative problem solving 
(CPS) combines critical thinking, problem solving, communication and collaboration (Griffin & Care, 
2015). CPS is a joint activity where groups execute several steps to transform a current state into a 
desired goal state, in which a group may require varied knowledge, expertise and skills, both in terms of 
interpersonal dynamics as well as in cognitive processes, which is unlikely to be possessed by any one 
individual. Where a concept has this level of complexity, tasks designed to measure the construct may 
present challenges both in terms of how a group of individuals might approach that task as well as in 
terms of what processes the individuals might use to contribute to the resolution of the task, and in terms 
of finding ways to observe the characteristics in an unconfounded way. CPS thus can be truly be 
recognised as the “new smarts” in both the assessment and learning domain. 
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From the outcome of these two pioneering studies, it became evident among researchers that a 
change to coding and scoring of such complex assessment is required. During the ATC21S experience, 
repeated attempts to scale score performances using the Hesse et al. (2015) framework have been 
frustrating and expensive because each time a new CS task was developed the whole process of coding, 
calibration and scoring was required to be done separately. There is a desperate need for generic 
indicators that would cover multiple tasks and more than that, enable new tasks to be developed to 
automatically generate the new indicators. This has not been true for either PISA or ATC21S CPS tasks. 
The research (Griffin, Care & Wilson, 2015) under the Australian Research Council Grant is focused on 
identifying efficiency of scoring as a response to the two crucial deficiencies identified in the previous 
model. The first is a lack of generic scoring encoding procedures and the second is a matter of group size 
and the differences are of ability between individuals within a group. This paper addresses the first of 
those issues – issue of a generic scoring encoding system. The answer to this issue was not perceived in 
the PISA structure, since PISA tasks examined individual persons within a group collaborating to resolve 
the problem space. As a consequence, task design is implicated in that with four people in a group 
resolving the problem, tasks need to be designed with unique contribution for four people. This primary 
focus of this paper is to identify generic coding system which remained overlooked in both ATC21S and 
PISA. 

2. CPS Process Framework 

The theoretical understanding of this new framework (Griffin et al., 2015) is derived from observation of 
people resolving collaborative problem solving. Both PISA and ATC21S lead on from previous 
theoretical concepts (O'Neil, 1999; OECD, 2012; Polya, 1957) in defining collaborative problem solving 
within an educational setting. But the result was not efficient. In PISA conceptual framework the 
dimensions of collaborative problem solving move away from Polya’s mathematical problem solving 
model into a more exploratory and undeclared complexity of problems. Although sharing some 
similarities with the PISA model, the new framework developed here is different. It's based on direct 
observation of people solving problems and explanation of the process why and how they were solving 
the problems and the way they did, including how they collaborated with their partners. Collaboration 
itself became more clearly defined as a result of this process to indicate it is a combination of a single 
shared goal, participants being able to make a unique contribution to the problem resolution, a capacity 
of people to depend upon each other, and a realisation that each member benefited from the work and 
contribution of other members. This clearly separated from teamwork and from such things as the PISA 
human to agent model (H2A) and even from the ATC21S human to human model (H2H). The decision 
to test the direct observation using the steps of exploring defining, planning, implementing, evaluating 
and reflecting on the process and structure of common goal, dependence, benefit, and contribution meant 
that a new matrix similar to that of the PISA was derived. There were essential differences which are 
explored in this paper. 

Table 1 presents the new theoretical CPS Process Framework proposed. Each of the boxes in the 
framework represents the criteria for identifying the demonstration of the indicator within each 
capability. It will be clear from description in the following sections that PISA’s dependence upon Polya 
and its necessity for linking it to their 2012 individual problem solving meant that it was compromised in 
terms of its scoring and capabilities. Alternatively, ATC21S framework was based upon collaborative 
learning and computer-assisted collaborative learning but not on collaborative problem solving. It was a 
worthwhile addition to the initial configuration of collaborative problem solving that the researchers of 
this study believe the need for a new model. 

2.1. Capabilities 

The proposed framework describes the CPS process as consisting of six capabilities Exploring, Defining, 
Planning, Implementing, Evaluating, and Reflecting. 

Exploring refers to participants searching and probing both the social and problem space in a task 
for building an understanding and perception of the problem. During this process, individuals must deal 
with queries like “What do we have?”. It is assumed that individuals’ initial reaction to a problem is 
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likely be to engage and explore the task space to familiarise themselves and to build an understanding of 
the problem. Both their actions and role within a task could guide their understanding on the importance 
how their own contributions could achieve success in the given task. In addition, the ability to interact 
with their partners and realising the need for such interaction is expected to support in their success. 
There is less coverage seen for this capability from other available frameworks. 

Defining focuses on students jointly outlining the problem. In this process, individuals will find 
answers for “What is the problem?”. In real-life scenarios, problems are often vague. For good 
collaboration in like conditions, it is vital to establish a shared vision of the problem (Barron, 2000). To 
achieve such a common ground, individuals need to identify any gaps in their understanding through 
managing own resources; sharing, requesting and interpreting information received, and integrating 
resources to build their mutual understanding of the problem and what is required to solve it 
(Dillenbourg, 1999; Hesse, Care, Buder, Sassenberg, & Griffin, 2015). This capability extends 
familiarising beyond self by including others to build and maintain a joint understanding. The idea of this 
capability is well informed by existing literature of both PS and CPS. 

Planning is the process of deliberating a prearranged course of actions or set of steps required to 
accomplish a certain goal or target (Hayes-Roth & Hayes-Roth, 1979) while at the same time revealing 
students’ ability to develop strategies based on the steps required to solve the problem (Miller, Galanter, 
& Pribram, 1986). At this stage, individuals will likely ascertain “What is the plan?”. For planning, 
individuals need to address a shared problem representation by organising information, analysing the 
problem and setting a goal to provide the basis for a coordinated solution and to formulate hypotheses for 
stages of steps required in achieving the desired joint goal (Hesse et al., 2015; Weldon & Weingart, 
1993). Researchers consider this capability crucial in solving problems whether independently or 
collaboratively (Hayes-Roth & Hayes-Roth, 1979), and has been reflected throughout many research 
studies. 

Implementing refers to the way in which individuals approach collaborative tasks and their 
execution of plans for solving the problem. In this process, individuals join force to utilise their 
knowledge and expertise to test their hypotheses and execute plans from their previous planning process. 
Here the focus of individuals is to find “How do we implement our plan?”. The focus of this capability is 
mainly selecting appropriate actions for setting their join plan transferred into action. For a better 
collaborative work during this phase, individual participation and contributions are perceived as pre-
requisite characteristics. This process has similarities with PISA’s collaborative component “taking 
appropriate action to solve the problem” which refers to the joint effort of individual to act and follow 
appropriate steps to solve the problem (OECD, 2013); and with Polya’s and PISA’s problem solving step 
“carry out the plan” and “executing” respectively. 

Evaluating focuses on the shared progress of the problem throughout the task. In this context, 
individuals are required to periodically evaluate their progress throughout their CPS journey to identify 
what is working and what is not, recognise any deviances from agreed plan, and rectify 
misunderstandings before they impede their joint work (Dillenbourg and Traum, 2006; Roschelle & 
Teasley, 1994). During this process, individuals may review “How did we do?”. Checking progress at 
different stages of CPS can provide collaborators helpful feedback for forcing necessary adjustments and 
shaping their future activities. Researchers believe that this process is critical to collaboration (Roschelle 
& Teasley, 1994), as understanding evolves. In evaluating progress individual are thought to be able to 
identify connections between information and use this to inform future steps for both current and other 
tasks. This process overlaps with some of the existing frameworks. 

Reflecting refers to individuals need for manifesting both their own and others understand to 
ensure they are aligned. Here individuals would contemplate on “What do we learn?”. While reflecting 
individuals may consider if alternative approaches to a problem are more suitable, whether attempted 
solutions are appropriate, and revisiting initial hypotheses and assumptions (OECD, 2013). If adaptions 
or modifications is required, individuals may return to the joint planning stage to reorganise information, 
alter hypotheses, amend plans or set alternative goals. This process has received almost no coverage in 
existing PS frameworks, but has similarities with PISA’s collaborative component “monitoring and 
reflecting” which refers to the joint effort of individual to act and follow appropriate steps to solve the 
problem (OECD, 2013).
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Table 1. Theoretical CPS Process Framework (Griffin et al., 2015) 

Criteria 

In
di

ca
to

rs
 

 E
. 

  

 

Examines shared 
resources 

 

 

Agrees on definition of 
problem (N) 

 

 

Develops plan 
together; Allocate 
roles (N) 

 

 

Follows sequential 
action steps of plan 
(N) 

 

Evaluates plan (N); Agrees 
on what they have finished; 
Returns to planning if 
solution has not been reached 

 

 

Implements alternative 
approaches together 

 D
. D

ep
en

d 

 

 

Asks others questions; 
Asks others about their 
resources 

 

 

Making adjustments to 
what is relevant and 
what is not (N) 

 

 

 

Agrees to plan (N) 

 

Asks for 
feedback/contribution 
from others; Takes 
turns to identify 
outcomes of trialling 

 

 

 

Negotiates finishing; 
Develops a common 
judgement of the outcome 

 

 

 

Discusses alternative 
approaches 

 C
. B

en
ef

it Take and uses others 
resources; Responds to 
others questions 

Identify others 
resources that are useful 
(N) 

 

Discusses the plan 
(N) 

Integrates other 
contributions into own 
actions (N) 

 

Suggests they both finish; 
Integrates others’ evaluations 

 

Asks others for feedback 
on task outcome 

 B
. C

on
tr

ib
ut

e Give own resources / 
information to others; 
Describes own 
resources to others 

 

 

Tells others relevant 
parts of the problem 

 

 

Suggests plan 

 

 

Directs others; 
Reporting to others 

 

Tells others they have 
finished; Tells others results 
of evaluation 

 

 

Tells others task outcome 

A
. F

oc
us

 
(I

nd
ep

en
de

nt
)  

 

Engage with own 
resources 

 

 

Identifies parts of the 
problem 

 

 

(Trialling 
resources) 

 

 

Identifying own 
outcome of plan 

 

 

Decides you’ve finished; 
Evaluates own choices 

 

 

Reviews task before 
completing 

 1. Exploring 2. Defining 3. Planning 4. Implementing 5. Evaluating 6. Reflecting 
Capabilities 
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2.2. Proficiency Levels 

The proposed framework in addition to its six capabilities, is inclusive of five proficiency levels: 
Focusing, Contributing, Benefiting, Depending, and Metacognitive. These levels are contemplated at 
varying levels of proficiency across each of the six capabilities. Focus represents the lowest 
proficiency level whereas metacognitive is considered the highest level of proficiency. In focus level 
individuals work independently demonstrating very little, if any, collaboration, but are focused on 
their own tasks. In metacognitive level individuals demonstrate meticulously constructed actions that 
will likely enhance activities in achieving the goal. Levels of proficiency of individuals may vary 
based upon the capability that is being measured. For example, an individual may demonstrate as 
‘Depending’ during Exploring, but exhibit less proficiency as ‘Contributing’ while Reflecting. It is 
assumed that the most proficient collaborative problem solvers would demonstrate Metacognitive 
levels across all the capabilities. 

3. Methods 

3.1. Participants 

The research participants (n=20 students) were students of Year 9 from a secondary school in 
Victoria, Australia. The students were randomly assigned into their dyad pairs (p=10 pairs). 

3.2. The Tasks 

In this study, student pairs completed one bundle of assessment online developed at the Assessment 
Research Centre at the University of Melbourne during the ATC21S project (Care, Griffin, Scoular, 
Awwal, & Zoanetti, 2015; Griffin & Care, 2015) for formative assessment of mapped to the CPS 
framework (Hesse et al., 2015) and is based on human-to-human (H2H) approaches to assessing CPS. 
In the tasks, student pairs are given a unique subset of resources and information required to solve the 
problem jointly. Students must rely on their partner to fully comprehend the problem space and to 
identify all necessary resources to solve it (Care et al., 2015). The communication between the dyads 
takes place via free form chat interface. 

The bundle used in this study comprised of three tasks, lasting approximately 30 minutes. 
During the tasks, student pairs (A and B) were seated back to back in the same classrooms to ensure 
that the only means of communication was the chat interface. In this study, the bundle comprised the 
following tasks (see Care et al., 2015): “Laughing Clowns”, which is content-free task, and “Plant 
Growth” and “Balance Beam”, which are content-dependent tasks. 

 

Figure 1. Screenshot of the Laughing Clowns task (showing both individuals’ perspective). 

The first task, Laughing Clowns, from the administered bundle is the focus of this paper. This 
task has been designed as symmetric (i.e. both individuals in a collaborative pair are presented with 
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same information and resources, in other words, same stimulus content and actionable artefacts within 
the online task space), whereas the other two are asymmetric (i.e. individuals in a pair is presented 
with different information and actionable artefacts). In Laughing Clowns task, two participants are 
presented with a clown machine each and 12 balls to be shared with them. The goal for them is to 
determine whether their clown machines work in the same way. For this to be accomplished, both 
need to share resources and negotiate how many balls should each use, find patterns, discuss and form 
rules, and consent on a decision. The students must place the balls into the clown’s mouth while it is 
moving to determine the rule governing the direction the balls will go (Entry: Left, Middle, Right, and 
Exit= position 1, 2, 3). Each student must then indicate whether they believe the two machines work 
in the same way (see Figure 1). Students do not have access to each other’s screen, so without 
communication and sharing information are unable to determine the rule governing the other’s clown 
machine. 

3.3. Data Collection 

3.3.1. Process Data: Log file 

In the Laughing Clowns task, there is only a handful of activities is possible for students including the 
feature to drag any ball, to stop dragging, to drop any ball into their clown’s mouth, and to check or 
uncheck a box to indicate decisions on how their machines worked. Apart from these provisions that 
are unique to this tasks, a few other common events applicable across all the task in the bundle 
include indications of the beginning and end of a task, system confirmation messages of individuals’ 
actions, navigational system messages for multiple page tasks, and free-form chat messages for 
communication with partners. Data for each event is recorded automatically as a single row in a log 
file (records of student–task interactions) and tagged with corresponding student identifier, task 
identifier, page identifier and role allocation of the acting student in the collaborative session with 
time-stamping and appropriate indexing (see Table 2). All activities and interactions that are possible 
within the assessment environment, if recorded systematically as a session log file, can provide salient 
solution processes in an unobtrusive way (Bennett, Jenkins, Persky, & Weiss, 2003; Zoanetti, 2010). 
These recorded detailed interactions between the problem solver and the problem environment can be 
linked to level of proficiency and used to evaluate the process and efficiency with which problem 
solvers complete games (Pelligrino, Chudowsky, & Glaser, 2001; Williamson, Mislevy, & Bejar, 
2006). Individuals’ activities in a collaborative session generated log file and patterns in these data 
were used to assess individuals with the scoring based on their interactions with each other (e.g. 
occurrence of chat to collaborate etc.) and the task environment (e.g. movement of artefacts etc.). 
Evidence from the log file indicates activities between the collaborating partners and indicates the 
level of participation from each to elicit their proficiency level (Awwal, Alom, & Care, 2016). 
Although not used for this paper, data in the log file also get automatically coded by the scoring 
engine on Rasch-model as indicators of CPS, producing information on individuals’ social and 
cognitive skill levels (Adams et al., 2015). 

Table 2. Excerpt from the log file for the Laughing Clowns task. 
736785 auvmir0047 auvmir0047a 6 103 B 0 request-page 1    2016-08-03 16:02:19 
736786 auvmir0047 auvmir0047b 6 103 A 0 request-page 1    2016-08-03 16:02:20 
736787 auvmir0047 auvmir0047b 6 103 A 1 chat put a ball in now    2016-08-03 16:02:53 
736789 auvmir0047 auvmir0047a 6 103 B 1 move-resource ball5 L B-L B-L 2016-08-03 16:03:12 
736791 auvmir0047 auvmir0047a 6 103 B 1 chat on L it go 1    2016-08-03 16:03:48 
736793 auvmir0047 auvmir0047a 6 103 B 1 chat you try    2016-08-03 16:04:01 
736794 auvmir0047 auvmir0047b 6 103 A 1 move-resource ball11 L A-L A-L 2016-08-03 16:04:05 
736796 auvmir0047 auvmir0047b 6 103 A 1 chat me too    2016-08-03 16:04:13 
736798 auvmir0047 auvmir0047a 6 103 B 1 chat i try M    2016-08-03 16:04:32 
736800 auvmir0047 auvmir0047a 6 103 B 1 move-resource ball4 M B-M B-M 2016-08-03 16:04:42 
736801 auvmir0047 auvmir0047b 6 103 A 1 chat ok let me know result    2016-08-03 16:04:49 
736804 auvmir0047 auvmir0047a 6 103 B 1 chat M go 3    2016-08-03 16:05:07 
736806 auvmir0047 auvmir0047b 6 103 A 1 move-resource ball10 M A-M A-M 2016-08-03 16:05:15 
736807 auvmir0047 auvmir0047b 6 103 A 1 chat me too!    2016-08-03 16:05:22 
736810 auvmir0047 auvmir0047a 6 103 B 1 move-resource ball3 R B-R B-R 2016-08-03 16:05:33 
736811 auvmir0047 auvmir0047b 6 103 A 1 chat try R    2016-08-03 16:05:38 
736813 auvmir0047 auvmir0047a 6 103 B 1 chat R go 2    2016-08-03 16:06:02 
736815 auvmir0047 auvmir0047b 6 103 A 1 move-resource ball9 R A-R A-R 2016-08-03 16:06:18 
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736816 auvmir0047 auvmir0047b 6 103 A 1 chat my (R) went to 1....    2016-08-03 16:06:33 
736818 auvmir0047 auvmir0047b 6 103 A 1 chat Not the same    2016-08-03 16:06:41 
736819 auvmir0047 auvmir0047a 6 103 B 1 chat our machines are different?    2016-08-03 16:06:54 
736820 auvmir0047 auvmir0047b 6 103 A 1 chat yes    2016-08-03 16:06:59 
736822 auvmir0047 auvmir0047a 6 103 B 1 select-choice machines-same different   2016-08-03 16:07:03 

3.3.2. Student Observations: Screen, Audio and Video Recordings 

In this study, the collaborative sessions were both audio and video. In addition, students’ screen 
activities were captured for mouse operations and chat discussions along with the recorded tapes 
during these assessment sessions. The sessions were held at the University of Melbourne in Science of 
Learning Research classroom that is equipped with such state of the art facilities. The video 
recordings captured both the students’ face as well as all activities on their screen. Students were 
probed with “Concurrent Oral Reporting”, where researchers prompted them strategically for 
simultaneous commentary, without causing distractions during the completion of the task or 
inadvertently leading them to any problem solving approach (Ericsson & Simon, 1993). These cues 
were recorded in the transcripts but not used for any analysis, as students were less verbally 
responsive during those cues. 

Figure 2. Example of video recording of two students working on the Laughing Clowns task 

3.4. Coding and Scoring 

A cohort of students was observed while completing the tasks and were scored using the criteria in the 
theoretical CPS framework (i.e. taking notes on the actions observed for each box in the matrix). This 
data is analysed using a Guttmann chart. Information identified on the perceived processes undertaken 
and when will be noted are cross referenced with the log files for verification. 

Ten pairs (i.e. 20 students) were video and audio recorded completing one bundle of CPS 
tasks. An example of the video set up is presented in Figure 2 (students faces have been covered in 
accordance under our research ethics agreement). Student A can be viewed in the top left quadrant, 
and their screen perspective in the top right quadrant. Student B can be observed in the bottom left 
quadrant, with their screen perspective in the bottom right quadrant. In addition to typing their 
communication to one another in the chat box, they were asked to speak aloud their thought processes 
as they worked through the task. 

The researchers observed the recordings of the collaborative sessions and scored each 
dichotomously using the theoretical framework. Student chat box communication, actions and speak 
aloud communication was used to score. A score per criterion was provided for each student across 
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the whole assessment (all three tasks). For example, where a student was observed describing their 
own resources to others (Defining/Contribute), they received a 1 in that box, or a 0 if this behaviour 
was not demonstrated. The researchers discussed the differences in their opinion or observations 
where appropriate and condensed their scoring into one scoring chart (see Table 3). Each row presents 
a student, and each column presents a criterion. The numbers in the third row correspond to the   
coding system presented in Table 1. For example, 1A represents the capability Exploring (1) and the 
indicator Focus (A). For ease of reference, the criteria descriptions are also presented. Totals for each 
student and item are provided. 

3.5. Data Analysis 

The consolidated scoring chart was sorted into a Guttman chart to enable a visual representation of the 
scoring. The Guttman chart orders student performance according to student demonstrated 
proficiency, and orders assessment items according to their difficulty (Guttman, 1950). As can be 
observed in Table 3, scores of red have been highlighted red to assist with visibility. The rows were 
sorted, according to student total from largest to smallest (top to bottom) so that the most proficient 
student on the assessment is now at the top, and the least proficient student on the assessment is now 
at the bottom. In addition, the columns were sorted, according to their totals, from largest to smallest 
(left to right) so that the easiest item is presented on the left, and the hardest item that is the highest 
score is on the right. 

The modified Guttman analysis allows a qualitative review of the framework and its capacity 
to be used as a scoring mechanism for CPS assessments. The extent to which the data aligns with the 
theoretical interpretation of the constructs can be analysed. In addition, the video and audio recording 
data was triangulated with the log file data. Sections of log files were highlighted from each team that 
were perceived to be relevant to each of the capabilities in the process. This log file analysis 
demonstrated evidence of the criteria in the framework. This process has been iterative to inform 
additional evidence regarding the construct and the framework of CPS. 

If the categories and levels illustrated in the Gutmann chart are listed, even with very limited 
data it is evident that there is a general progression going from the first indicator with steadily rising 
levels of element. Additional data is required to reinforce the notion that the vertical axis of Table 1 to 
be forming a hierarchical sequence consistent with the construct of collaboration. On the other hand it 
does appear to be in hierarchical relationship emerging within each of the five stages of collaboration. 
More data would be required to test whether this is result of a single dimensional construct. However 
with more data it could be expected that the construct illustrated in Table 1 appears to be supporting 
the hypothesis that through developing an independent focus on common goal, the capacity to make 
an independent contribution; an awareness that there is benefit in what the partners in other 
collaborators are doing; an acceptance that they depend upon other members of the group and to some 
extent learn to trust and finally they are able to examine their own thinking in terms of the 
collaboration. Hence it may well be some beginning evidence of the construct for collaboration but at 
this stage describing the process of problem-solving has not yet obtained sufficient data to make a 
conclusion. 

4. Discussion and Conclusions 

CPS Process Framework is a unique contribution as proposed in the main study by Griffin et al., 
(2015). The idea presented in the study on the framework is that proficient collaborative problem 
solvers will begin by exploring both the social and problem space. They are then expected to move 
forward into sharing their joint resources to develop mutual understanding in defining the problem. 
Students will then progress in developing a plan together and implement it. Proficient students are 
then likely follow it up by evaluating and reflecting on the consequences of their results and consider 
alternative hypotheses where possible. The entire process is possibly repetitive where students may 
regress to a previous process given the complexity of the imminent activity. 

The aim of this study was to present the general idea of the process framework for CPS and 
present the initial validation done through a series of observations. Using the evidences collected (e.g. 
log files, recordings, oral reporting and physical observation) researchers could observe student 
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playing the tasks, identify where they move from one process to the next, then map their judgements 
to the log files. As an ongoing study, further research is in progress to investigate the validity 
evidence for this new theoretical CPS Process framework with empirical data. 
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Table 3. Modified Guttman analysis of the scored categories
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