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Making personal health data actionable is a nuanced multi-step process wherein system and user agency can be harnessed in varied 

ways using a combination of computational and interaction techniques. However, personal informatics systems pay inadequate 

attention to how data-driven reflection and decision-making unfold. Consequently, a systematic understanding of designing for the 

multi-step process of making data actionable is lacking. In this position paper, we describe a framework called episode-driven data 

interaction and use it as a lens through which we can better envision the design space of AI-assisted data interaction to help make 

multidimensional personal health data actionable. We briefly describe the framework; and the requirements and challenges it presents 

for supporting AI-powered personal data interaction.  
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1 INTRODUCTION 

Personal informatics (PI) systems have explored various ways of making multidimensional data useful towards objectives, 

such as general wellbeing, and chronic disease management. Despite the research attention that PI has received, PI 

systems are often critiqued for limited actionability. For instance, exploratory tools involve considerable cognitive burden 

in generating actionable insights [5,6,9,13]. Systems that provide recommendations or predictions suffer from 

interpretation related issues (e.g., misinterpretation, counterintuitive insights, misrepresentation of lived experiences) 

[7,11,12,14,15,18]. One reason for limited actionability afforded by these systems could be their poor understanding of the 

process of reflection, that is how data is translated to relevant insights and actions [1,10]. Tools often focus on what 

insights users want or what data they want to track but not on the nuanced tasks involved in making decisions from the 

data. As PI tools begin integrating artificial intelligence (AI) capabilities, we must understand what tasks, as carried out 

by users, need to be automated to support decision-making; and the ways in which human and AI capabilities can 

cooperate to accomplish those tasks. To better understand and represent the nuances of making data actionable, we 

present a framework called episode-driven data interaction that identifies different tasks involved in making decisions 

from personal health data in the context of Type 1 diabetes management. We briefly describe the components of this 

framework. We then discuss the challenges and opportunities for embodying this framework in the design of AI-powered 

PI systems. 
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2 FRAMEWORK: EPISODE-DRIVEN DATA INTERACTION 

Our framework represents data-driven decision-making involved in managing Type 1 

diabetes (T1D), which happens based on three primary types of data – blood glucose 

(BG), carbohydrates, and insulin. The framework resulted from an analysis of 71 data 

review sessions between caregivers of teen T1D patients and their clinicians. It is 

anchored in the concept of episodes, which we define as phases of suboptimal 
management indicated by recurring or one-time events in outcome or behavior data. 

The framework describes ways in which an episode, as an analytic lens, governed how 

data was understood and acted upon through four tasks - episode detection, episode 

elaboration, episode classification, and episode-specific recommendation generation.  

Episode detection: It involved identifying phases of suboptimal management and characterizing them for severity 

and concern. An episode could depict a recurring suboptimal outcome (e.g., a high BG event after lunch on several days, 

a low BG event at bedtime on weekends) or suboptimal behavior (e.g., missed insulin dose at lunch for several days). 

Episodes could also indicate a one-time occurrence of an unusual outcome or behavior. 

Episode elaboration: This involved explaining an episode detected in one data stream (e.g., blood glucose) in terms 

of other data streams (e.g., carbohydrates, insulin). It happened by creating narratives guided by clinical heuristics that 

map an episode to patient behaviors and corrective interventions (e.g., overnight high blood glucose is usually caused by 

insufficient long-acting insulin – increase long-acting insulin), and that guide user attention to different subsets of data.  

Episode classification: It involved considering different characteristics of the episode, such as severity and confidence 

with which it could be explained, to gauge the need and feasibility of fixing it. It resulted in episodes that could be fixed 

and needed to be fixed, ones that could be fixed but need not be fixed, and ones that should be fixed but cannot be fixed.  

Episode-specific recommendation generation: For an episode that was feasible to fix and that required a fix, different 

types of recommendations could be identified - one-time changes, situational changes, and anticipated changes to 

regimen or behaviors.  

3 DESIGNING FOR AI-POWERED EPISODE-DRIVEN DATA INTERACTION  

Designing tools embodying the episode-driven framework would require providing support for each framework 

component and for bringing the components together. The individual components represent computational problems 

that are largely considered solved. For instance, pattern recognition and anomaly detection techniques can help identify 

episodes [20]. Given the role of narratives in episode elaboration, automated narrative generation approaches could be 

applied [3]. With labelled data, classification algorithms could identify different episode types based on the need and 

feasibility of an intervention [20]. A knowledge-based recommender technique can be used to generate episode-specific 

recommendations [8]. The primary research challenge then is not how to automate the different tasks that the framework 

components represent but to what extent these should or could be automated; and how information generated by them 

can be brought together and delivered to the user. In this context, we discuss two questions towards the design of AI-

powered episode-driven data interaction tools. 

3.1 What are the different combinations in which AI and human abilities can operate within and across 
framework components (or decision-making tasks)? 

In choosing to implement a certain combination of human and AI abilities, research can draw from Parasuraman et 

al.’s model for types and levels of automation [16]. Individual components of the framework can be automated to varying 
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extents and can be brought together through different levels of automation. We contrast two approaches to design for 

episode-driven data interaction – a human-driven approach and an AI-driven approach. 

Human-driven AI-in-the-loop approach: Data savvy users might benefit from an AI-in-the-loop approach to episode-

driven data interaction wherein they drive data-driven reasoning by drawing upon AI abilities as helpers in a decision-

making scenario. These AI capabilities would correspond to different components that the episode-driven framework 

outlines and that correspond to different computational tasks – pattern recognition or anomaly detection, automated 

narrative generation, pattern classification, and recommendation generation. Here, the role of AI would be to moderate 

data selection and presentation to the user in the context of a decision-making scenario. For instance, given a specific 

type of episode, AI could extract meaningful data and select the most suitable visualizations to present that data. 

AI-driven human-in-the-loop approach: Users who are relatively less data savvy or who want little cognitive burden 

will benefit from a human-in-the-loop approach wherein AI drives data-based reasoning calling human attention to the 

results of the different components of the episode-driven data interaction framework when required and to the extent 

required. Here, the potential role of AI would be to moderate the type of user engagement required to generate value 

from data, which could adapt depending on the confidence score associated with the computational units corresponding 

to the different components of the framework. For e.g., with a higher confidence score, the recommendation generation 

component might simply present a recommendation without the need for the user to interact. With a lower confidence 

score, it might want to present episodes enhanced with additional data, such as causal events and potential 

recommendations, while guiding user attention and input in identifying the most suitable recommendation. In guiding 

users, AI systems can borrow mechanisms used in visual analytics systems for guiding data experts in generating insights, 

such as orienting the user, directing the user, and prescribing certain tasks or insights to the user [4]. 

3.2 What types of support could we envision in helping users consume and interact with the results of the 
computational components – individually or taken together? 

Here we describe two challenges and the need to design beyond automation to help users leverage the results generated 

by an intelligent system. 

Handling multiplicity and inaccuracy of results: Computational approaches to provide insights (e.g., 

recommendations, predictions) from data might result in multiple insights. For instance, in the context of the episode-

driven framework, an AI system might result in detection of multiple episodes, provision of multiple recommendations 

in the context of an episode, or provision of conflicting recommendations for two different episodes. How might AI 

capabilities help the user select and prioritize relevant insights? Systems could benefit from surfacing examples of data 

behind AI-generated insights. Additionally, characterizing insights in terms of properties, such as evidence strength, and 

necessity, might help users in making informed judgments. 

Explaining AI-generated results to users: AI-driven insights may not be self-explanatory, more so when they are not 

representative of users’ lived experiences and have scope for misinterpretation (e.g., oversimplification of correlations) 

[11,12,17]. Systematic techniques are emerging to explain the inner workings of AI systems to users [19]. For instance, 

providing examples has shown to aid users’ understanding of the system [2]. The data associated with the different 

components of the episode-driven framework can be used as the building blocks for explaining AI-generated results, 

especially recommendations for an episode. To present relevant data, there is a need to develop techniques for identifying 

the most representative data in the context of a particular insight (an episode, a recommendation, a narrative); and 

strategies for presenting it to the user for different objectives, such as explaining a recommendation, comparing 

recommendations or episodes, and ranking recommendations or episodes. 
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