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3 HCI and EdTEch
Designing interactive systems

from a socio-technical and learning perspective

Viktoria Pammer-Schindler, Institute of Human-Centred Computing
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Fessl et al. (2017) @IEEE TLT –
In-app reflection guidance…

Disch et al. (2022) @ACM CHI. Design 
Space for Knowledge Construction …

Wolfbauer et al. (2022) @IEEE 

TLT. A Script for

Conversational Refl. Guidance

…

Rivera-Pelayo et al. 
(2017) @ACM toCHI –
Mood tracking in a call
center …

Barreiros et al. (2019) @Int. J. Hum-Comp. 

Int. Planting the Seed of Positive Human-

IoT Interaction.
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Pammer-Schindler & Rosé 

(2021) @ijAIED. Data-

Related Ethics Issues …

Initiation and Ideation
Analytical and 

Feasibility

Implementation and 

Execution

Generating business model ideas.

Describe the business model idea and

show the potential and relevance for

investing time and resources to further

elaborate the idea.

Gate: Commitment to provide business 

resources for further elaborating BM idea
Gate: Decision to implement 

business model in a (sub-) market

Prototyping and 

Validation

Analytically analyze and evaluate the

business case. This stage requires

resources for the business model team

and supplementary functions

Testing the business model idea

(assumptions, hypothesis) through

successful MVP prototypes and

customer interactions.

Rollout the business model in at least a

sub-market and scale the business

model.

Controlling of the business model and

ensuring its sustainability.

▪ Business Model Canvas

▪ Value Proposition Canvas

▪ Data Map

▪ Data Product Canvas

▪ Data Service Cards

▪ Business Model Canvas

▪ SWOT, PESTEL Analysis

▪ Focus groups, customer or expert 

Interviews

▪ Market and competitor analysis

▪ Customer surveys / MVP field tests

▪ Business case calculation

▪ Business Model Risk Evaluation

▪ Scenario Planning / Technique

▪ BM Implementation Plan / 

Roadmap

▪ Metrics (e.g., customer 

satisfaction, market share, 

ROI, margin, …)

- Fit with strategic roadmap of 

company (strategic fit)

- Strategic importance

Technical gap, technical complexity

Required data sources

- Idea evaluation criteria

- Novelty of problem

- Novelty of solution

Supporting AVL strategy, required

competencies

- Possession of core competencies 

and dynamic capabilities

- Benchmark with competitors

- Alignment with market trends

- Potential customer demand

- Rough cost and revenue 

estimation

- Technological Complexity

- Technological Effort

- Commitment of stakeholders and 

key partners

- Successful prototyping and 

customer interaction, - Results from 

customer surveys or field tests

- Viable Business Case Calculation 

(ROI, Financial Plan)

- Technical proof of concept
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Information 

from tools 

inform the 

decision
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Gate: Decision to test business 

model sketch with a PoC prototype

Idea Description

▪ Decide in what direction you want 

to go with a data-driven innovation

▪ Analyze your current situation (data 

sources, customer pains, ..)

▪ Describe your business model ideaA
c

ti
v
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ie

s

Business Model Design & 

Evaluated customer demand
MVP Implemented business model

O
u
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▪ Implement and rollout the business 

model

▪ Continuously monitor the success 

of the business model

▪ Continuously adopt the business 

model to a changing environment

▪ Check technical feasibility 

▪ develop a minimum viable product

▪ Create a financial model

▪ Perform a risk evaluation

▪ Test your MVP with customer 

interactions

▪ Create a business model design

▪ Identify and test hypothesis in your 

business model design

▪ Evaluate your business model 

analytically

Fruhwirth & Pammer-Schindler 

(2023) @eBled. Towards a 

Process Model for DDBM.

Outstanding Paper

Disch et al. (2023) 

@Int J Hum-Comp Int. 

Using Knowledge 

Constr. Theory to

Evaluate…

White collar workEducation Manufacturing, 

electrical + metal

engineering

Health sector
Innovation + open 

science

Mirzababaei & Pammer-Schindler (2022) 

@EC-TEL. Best paper nomination

Mirzababei & Pammer-Schindler (2023) 

@IEEE TLT. Learning Engineering with LLMs

Fjadljevic et al., 

2020 @ACM LAK 

– Slow is Good…

Bangerl, David, Disch & 
Pammer-Schindler (2025) 
@ACM CHI. CreAItive
Collaboration…

Automation Assistance Scaffolding

Learning
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Fessl et al. (2017) @IEEE TLT –

In-app reflection guidance…

Rivera-Pelayo et al. (2017) @ACM toCHI –

Mood tracking in a call center …

Fessl et al., 2012 @EC-TEL. Mood

Tracking in Virtual Meetings.
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Pammer et al., 2015 @EC-TEL. 

The Value of Self-Tracking …

Pammer & Bratic, 2034 @CHI

LBW . Surprise, surprise, …-
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1) Data and UI represent relevant aspects of

workplace/life activities

2) Learning relates to ongoing professional/private 

life experience

Viktoria Pammer-Schindler, Institute of Human-Centred Computing

Data + Reflection prompts = Learning

Pammer-Schindler & Prilla (2021) @IwC.  The Reflection

Object
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6 Learning analytics „works“ in formal education settings – what are

additional/different challenges in professional learning?

General challenges in LA

▪ Data

▪ Analysis

▪ Interpretation

▪ Action

Additional challenges
(focus: informal professional learning)

▪ Data: Sensitivity and confidentiality of data

▪ Analysis: Contextualisation of data

▪ Analysis: Finding time and space to reflect

on data for learning

▪ Interpretation: What can reflection achieve

– not everything is a learning opportunity

▪ Action: Some insights may be out of scope

to implement

Viktoria Pammer-Schindler, Institute of Human-Centred Computing
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7 Data: Sensitivity and confidentiality of data
Pammer-Schindler & Rosé, 2021 @ijAIED

▪ Data-related ethics issues in field studies

▪ Ways forward: How might such issues be addressed by modern

AI and data-based research?

Data are the foundation of modern AI

➢addressing data-related ethics issues will be central to making LA and 

AIED work for informal and situated professional learning

Viktoria Pammer-Schindler, Institute of Human-Centred Computing
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8 Multiple cases study, secondary analysis

Cases 1,2: Reflection on time management based on 

activity logging data (Pammer et al., 2015; Fessl et al., 2017)

Case X: Cancelled due to concerns around workplace

surveillance rather than support for learning

Cases 3,4: Reflection on self-tracked mood data (Fessl et al., 

2012; Rivera-Pelayo et al., 2017)

Primary RQs around design and effect of interaction design 

incl data vis. + reflection prompts.

Secondary RQ: What ethics issues appeared in field

studies?

Viktoria Pammer-Schindler, Institute of Human-Centred Computing
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9 Issues around activity-log based data for reflection

▪ Sensitive data w.r.t. individual users

▪ Activity on multiple devices

-> challenges around data integration

▪ Sensitive data w.r.t. others

▪ Issues re-appeared in informal early design activities in the health sector, 

where data relevant for medical professionals‘ learning concerns patients.

▪ Confidential business/organisational data

▪ Review of automatically tracked sensor data is challenging
Viktoria Pammer-Schindler, Institute of Human-Centred Computing
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10 Issues around mood self-tracking for reflection

Supports social awareness and provides

side-channel communication in collaboration

and teamwork

▪ Show user names?
+ Makes data actionable, high interest in mood of others

− Changes the nature of „self-tracking“

▪ Self-tracking (mood stmt + contextual note)

gives high user control

➢No concerns about touching on privacy of others, or confidentiality.

Viktoria Pammer-Schindler, Institute of Human-Centred Computing
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11 Summary: Key themes
(Pammer-Schindler & Rosé, 2021 @ijAIED – Data-related ethics issues in technologies for informal professional learning)

Ch1: Data for learning is not only about the learner (cf. also Pammer-Schindler & Prilla, 2021)

Ch2: Manual tracking may be a conduit for user control
▪ In addition to facilitating learning by stimulating engagement.

▪ But sensitivity and confidentiality are still issues!

Ch3: Learning isn‘t a priori a shared goal of all stakeholders
▪ Re-contextualisation of data may be critical

▪ interpretation

▪ ownership, confidentiality: using data logged for performance tracking for learning

▪ workplace surveillance as barrier to learning

Viktoria Pammer-Schindler, Institute of Human-Centred Computing
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12 Ways forward: How might such issues be addressed by 

modern AI and data-based research?

W1: Manual notes in natural language as key data for LA

▪ High user control

▪ Logging as a reflection intervention

▪ New NLP capabilities (e.g., LLMs) support LA of such data.

W2: Socio-technical design processes

▪ ~ human-centred design; including identification of concrete data to be used or generated in 

design process. 

W3: Scenario-based data collection in labs

▪ Develop as a community rich scenarios of workplace learning

▪ That can be replicated and used to structure lab experiments

Viktoria Pammer-Schindler, Institute of Human-Centred Computing

ongoing

ongoing

???
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13 Ongoing: Manual notes in natural

language as key data for LA

Viktoria Pammer-Schindler, Institute of Human-Centred Computing

▪ Transfer from training to practice is challenging for

professionals

▪ Planning + reflecting on transfer helps

professionals

➢This is what the chatbot does for learners.

▪ Keeping track of what happens with information

from the training in practice is hard for teachers in

MOOC settings.

➢Getting such data is what the chatbot does for

teachers.

➢ Interaction log and content analysis chatbot data

can feed into LA-based systems.
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