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Abstract 
The increasing ability to collect large amounts of human 

behavior data can inform technology that has the 

potential to help people improve their behaviors and 

thus improve the quality of their lives. To design and 

implement such technology requires understanding of 

those very behaviors that the technology is trying to 

diagnose and improve. However, existing methods to 

explore and make sense of human behaviors are not 

well suited to address the increasingly large amount of 

data collected in behavior logs. My research focuses on 

the domain of human routines where I model behaviors 

as sequences of actions people perform in specific 

situations. I leverage those computational models of 

routines together with different visualization tools to aid 

researchers and domain experts in exploring, making 

sense of, and generating new insights about human 

behavior in a principled way. My research informs the 

design of technology that helps people be productive, 

healthy, and safe. 

Context and Motivation 
Good routines help people be productive, healthy, and 

safe in a variety of contexts, ranging from people’s 

daily schedules to their driving routines. When people 

lack good routines or develop poor routines over time, 
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their wellbeing is negatively impacted. For example, 

poor sleeping or exercising routines can negatively 

impact people’s mental and physical health. Routines 

are made up of behavior instances—frequent and 

repetitive series of actions that people perform in 

different situations that are the cause of those actions 

[10]. Having an understanding of those causal 

relationships could inform technologies that detect the 

causes of poor routines and help improve people’s lives. 

To develop interventions that help people improve their 

routines requires careful understanding of how different 

routine variations, or different behavior instances 

characteristic of a routine, affect them and their goals. 

Such variations are different from deviations and other 

uncharacteristic behaviors that are not part of their 

routines. For example, to help students balance the 

demands of their academic life and their wellbeing 

requires an understanding of how their schedules 

impact their mental health. To coach them on how they 

can improve requires understanding how students who 

are successful and healthy manage their schedules. 

To understand human routines requires collecting and 

studying data about how people behave in their 

frequent, day-to-day tasks. The recent proliferation of 

sensors in the environment and people’s personal and 

wearable devices has significantly increased our ability 

to collect massive behavior log data compared to 

traditional journal-based data collection. However, 

unlike behavior data collected in journal-based studies, 

automatically collected behavior logs do not contain 

ground truth about people’s behavior. Researchers 

often have to perform tedious manual exploration of 

such large behavior logs to make sense of the data. 

As a result researchers are forced to manually pick only 

a small subset of available data for a specific statistical 

analysis to tests a particular preconceived hypothesis. 

Such approaches may work for hypothesis testing, but 

are difficult to apply to hypothesis generation for 

domain experts that may not be knowledgeable about 

data analytics approaches. This leaves a massive 

amount of data from behavior logs underutilized when 

researchers do not have a hypothesis they would like to 

test beforehand. To be able to explore and make sense 

of large behavior logs that we are able to collect 

nowadays requires new data exploration techniques 

that help researchers to first understand their data, and 

then generate and finally test their hypotheses. Thus, 

the goal of my research can be summarized in the 

following thesis statement: 

A rich computational model of human routine behavior, 
that captures causal relationships between 
situations and actions, can be used to describe, reason 
about, and act in response to human behavior, stored 
as event-driven data in large behavior logs. I 
hypothesize that such a model can aid domain 
experts and end users in sensemaking about behavior 
of individuals and populations. I also hypothesize that 
such a model can be used to automatically detect 
classes of behavior, such as poor 
routines, and prescribe changes, such as simulating a 
better routine. 

Background and Related Work 
The need for methods that help researchers understand 

human routine behaviors span different stakeholders 

and domains. For example, designers may build on 

such knowledge to design technologies that help people 

improve their routines [6]; individuals may wish to 
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reflect about their own routines for supporting behavior 

change [9]; clinicians may use such knowledge to 

explore the effects of treatments on their patients [12]. 

However, it is challenging to apply existing data 

exploration methods to understand data from large 

behavior logs. Using a visualization to manually explore 

data from such logs (e.g., [13]) does not guarantee 

that the user will be able to find patterns of behaviors 

that form routines as the number of data features 

grows. The lack of ground truth labels in large behavior 

logs makes it challenging to use existing supervised 

machine learning algorithms (e.g., [6]) to find behavior 

instances that are characteristic of a particular routine. 

This places burden on researchers to manually label 

enough data (even with semi-supervised methods [5]) 

to train such algorithms. Unsupervised learning 

methods (e.g., [8]) cluster behaviors without prior 

knowledge of labels, but offer no guarantees that the 

resulting clusters represent routines. 

Even when using existing routine models [1, 3, 4, 7, 

11] to automatically extract patterns of routine 

behaviors from behavior logs, manually exploring those 

individual patterns remains tedious. Furthermore, 

researchers and domain experts who lack intimate 

knowledge about such modeling methods face obstacles 

when trying to combine them together with other 

approaches to create their own data analysis pipelines. 

Thus, currently, without an ability to explore routine 

behaviors, we face significant obstacles in developing 

technologies that help people improve their routines. 

Research Objectives 
My goal is to design and implement a domain-agnostic, 

mixed-initiative method for exploring and making sense 

of complex human routine behaviors from large 

behavior logs. The method consists of a carefully 

curated pipeline of machine learning and data mining 

algorithms coupled with visualization tools that guides 

researchers through their exploration of behavior data 

to generate and test their hypotheses about behaviors 

in a principled way. At the highest level, the method 

helps researchers answer the following questions about 

routines of an individual or a population to generate 

their hypotheses: 

Q1: What are the variations that are characteristic of a 
particular routine? 

Q2: What are the situations and/or actions that are the 
cause of those variations? 

Q3: What are the differences between routine 
variations and deviations between different individuals 
and different populations? 

To allow researchers to answer those questions, the 

interactive pipeline will guide them from pre-processing 

their log data into behavior instances and automatically 

extracting routine variations and deviations from the 

logs for both individuals and populations, to providing 

them with an exploration-time feature selection method 

to find which features best describe the behaviors in 

the logs, and automatically detecting routine variations 

and deviations to allow them to explore people’s 

behaviors in different “what-if” scenarios. Once they 

form their hypotheses about human behaviors through 

model exploration, the pipeline will provide them with 

appropriate methods to test those hypotheses. 
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Research Approach and Methods 
To study how my proposed method aids researchers 

and domain experts in exploration of their data, I plan 

to develop a system that implements the pipeline and 

test it in a combination of lab and field studies in 

multiple domains. In the lab studies, we intend to 

evaluate the usability of the system to ensure that 

researchers across different domains that do not have 

extensive knowledge of machine learning and data 

mining can use the system. Field studies will allow me 

to gather qualitative data about how researchers make 

use of the system in their everyday data exploration. 

Dissertation Status and Current Results 
I have devised an algorithm for modeling routines [1] 

based on an existing Inverse Reinforcement Learning 

algorithm [14]. This model is at the core of the 

proposed pipeline and enables systems that can 

automatically reason about routines. Results from a lab 

study showed that the algorithm extracts meaningful 

patterns of routine behaviors in the domains of daily 

commutes and driving [1].  

I have also shown that my routine models can 

automatically detect and generate variations that are 

characteristic of a particular routine [2], which helps 

explore behavior data when ground truth labels about 

behaviors are not present in the logs. The model also 

enables algorithms that can automatically select 

important behavioral features that can guide behavior 

exploration. The next step in developing the system is 

to devise an algorithm that captures the procedural 

knowledge required to model routines using my 

approach. I will then implement a visual analytics tool, 

which incorporates these algorithms, and deploy it in 

the field to study its effects on researchers’ ability to 

make richer insights about their data when using my 

method compared to existing data analysis methods. 

Expected Contributions 
Aside from generating knowledge about routine 

behaviors, my method will produce models of routine 

behaviors that can directly power technologies that help 

people improve their routines. For example, my work 

that is currently in submission to a conference shows 

how aggressive and non-aggressive driving routine 

models can be used to automatically detect and raise 

drivers’ awareness of their aggressive behavior 

instances and coach them on how non-aggressive 

drivers would behave in the same situations. The 

method is grounded in statistical principles, which 

ensures it generalizes to multiple domains (e.g., health, 

fitness, productivity). It is uniquely positioned to 

increase the intelligibility and accountability of such 

systems because the algorithms that are at the core of 

the method help in understanding the behaviors they 

capture. My routine exploration approach will inform 

technology that benefits society by helping people 

improve their wellbeing. 
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