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Abstract

Personal informatics, a field that blends human-computer interac-
tion (HCI) and health research, has seen significant growth. This
paper reflects on key lessons learned from analyzing personal data
and offers insights to enhance the rigor of statistical practices within
this research community. Three core lessons are discussed: (1) the
distinction between ordinal data and interval data, especially with
Likert scales; (2) the importance of considering data structure, such
as nested data in longitudinal studies, and the necessity of using
multilevel analysis; and (3) the pitfalls of relying on the p-value.
These reflections aim to spark a broader discussion on the adoption
of better statistical practices in personal informatics. By fostering
statistical rigor, the field can advance towards more meaningful
conclusions that can benefit individuals in their pursuit of self-
knowledge and well-being.
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1 Introduction

Personal informatics has emerged as one of the most popular topics
in the HCI + health community [13, 14], with its motto of "self-
knowledge through numbers" [22] resonating deeply with many
researchers (myself included). As personal informatics researchers,
we are fortunate to have an abundance of analytical methods at our
disposal to make sense of continuously collected personal health
data. It has been a thrilling journey learning from various disci-
plines like statistics, psychometrics, and fundamental science. What
I have learned has come from analyzing my own data collected
with early generations of Fitbit wristbands, from digging through
literature, and yes, from those painful yet valuable journal and con-
ference reviews. In this paper, I hope to share some lessons I have
learned and spark reflections on how we, as an emerging research
community, can improve the rigor of our statistical practices.

2 Three Lessons I Have Learned (Among Others)
2.1 Not All "Numbers" Are Numbers

Psychometric questionnaires, particularly the Likert scale, have
been widely used in personal informatics research. Simple yet ver-
satile, these scales are often employed to capture subjective percep-
tions, such as how much participants agree with statements like
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"Fitbit sleep data reflect my true sleep quality" These scales com-
monly feature five levels (e.g., "strongly agree," "agree," "neutral,’
"disagree, and "strongly disagree"), which are coded with symbols
from 1 to 5, giving the appearance of natural numbers.

However, this numerical representation can be misleading. It is
tempting to compute means, standard deviations, or perform t-tests
on these ‘numbers’. Yet, in psychometrics, individual Likert scale
items are not treated as numbers. The distance between 2 (which
denotes "disagree") and 3 ("neutral") is not necessarily equal to the
distance between 3 ("neutral”) and 4 ("agree"). This is a key dis-
tinction: Likert scales provide ordinal data, while natural numbers
represent interval data.

This subtle difference has major implications for data analysis.
For instance, calculating an average Likert score, such as 4.45, feels
odd—what does this number actually signify? Is it 1.1% more "agree"
than 4.40? The decimal place lacks meaningful interpretation and
could be better rounded down (as Cohen advocates in the "less is
more" principle) [9].

Despite this, there is a silver lining. When multiple ordinal Lik-
ert items are aggregated into a scale, the Central Limit Theorem
comes to the rescue. Although the data remain ordinal, the summed
scores can approximate a normal distribution, thus allowing us to
apply traditional statistical methods [8]. This is why well-validated
psychometric instruments often combine multiple Likert items to
measure underlying constructs.

Given these considerations, I now resist the temptation to cal-
culate means and standard deviations for individual Likert items.
Instead, I use the median and quartiles, which are more appropriate
for ordinal data [8, 17]. Thave also developed the habit of inspecting
data distributions visually before performing any statistical analysis.
In my experience, a histogram or other graphical representation of
Likert scale data can often reveal far more than summary statistics
alone [16].

2.2 Many Datasets Are Nested

The rise of wearable devices, such as Fitbit, Apple Watch and Oura
Ring, has made it easier and more cost-effective to collect large
volumes of physiological, behavioral, and contextual data [7, 19].
With this new opportunity comes a shift from traditional cross-
sectional studies to more sophisticated longitudinal designs, where
multiple data points are collected from each participant over time.

However, this transition from "1-of-N" to "N-of-1" [12, 21] (and
eventually "N-of-N") necessitates a reevaluation of the statistical
analysis techniques we apply. While many personal informatics
studies naturally adopt repeated measures designs, researchers of-
ten mistakenly apply statistical methods intended for cross-sectional
data, which can lead to erroneous conclusions.

To illustrate this, in one of my previous studies, I tested three
different correlation analysis techniques on a nested dataset: (1)


https://orcid.org/0000-0002-2328-5016

CHI 25 Workshop on Envisioning the Future of Interactive Health, April 27th, 2025, Yokohama, Japan

Liang

& &
L ] » LK ]
L ]
. 016 , * .
0.20 » 0.20 o
. . .
[ 2 o *
o 3% o ° 00-14‘/ o
k; BERee . 3 . 5
%015* ,s"&\-\ 14 * . %0.15*
1 & R X ~
© e ~ © ©
= S5 Sy ® = _| . z
NIiE A 0.12
2.8 " . .
.?%$ ~ o . C.
0.10 - e, 0.10
oY .
Q. »
L S N 0.10
®se .‘
L Y *
0.05 * - 0.05
| | T I | | T
2 3 4 5 28 3.0 32 34 36 38 40 42 3 4 5 6 7
meanAbsChangeHR meanAbsChangeHR meanAbsChangeHR
rmcor =-0.23 smcor = 0.08 sscor =-0.08
p =0.001 p=0.777 p=0.225

Figure 1: Correlation analysis between the mean absolute change in heart rate and wake ratio using a nested dataset comprising
229 days of sleep, steps, and heart rate data from 16 participants using Fitbit wristbands [18]. Left: The repeated measure
correlation method correctly accounts for within-subject variance, revealing a weak negative correlation with a coefficient of
-0.23. Middle: When the dataset was flattened by averaging each participant’s data, and Pearson’s correlation was applied, no
correlation was found. This averaging masked valuable insights. Right: Ignoring the nested structure and applying Pearson’s
correlation directly to the raw data also resulted in no correlation. This example highlights how improper statistical techniques
and the failure to consider data structure can lead to misleading results.

Pearson’s correlation on individual data points (sscor), (2) Pearson’s
correlation after averaging each subject’s data (smcor), and (3) re-
peated measures correlation (rmcor) [4]. The results were revealing:
sscor and smcor might have shown correlations where none ex-
isted (or vice versa), whereas the rmcor technique, which properly
accounted for the nested data structure, provided more accurate
insights [18]. This reinforced the importance of accounting for the
nested structure in the dataset, as ignoring it can lead to faulty
conclusions.

The key takeaway here is that we must account for within-
subject variance when analyzing repeated measures data. Instead
of removing this variance through averaging, which can obscure
meaningful patterns, multilevel analysis techniques should be em-
ployed (e.g., mixed-effects models [3]).

The challenges become even more pronounced when applying
machine learning to nested datasets. Many machine learning algo-
rithms (tree-based models being notable exceptions [15]) assume
that data points are independently and identically distributed (i.i.d),
a fundamental assumption often violated in nested data structures.
While recent deep learning techniques, such as long short-term
memory (LSTM) neural networks [23], can accommodate temporal
correlations in longitudinal data, they still fall short in capturing
both within-person and interpersonal variances. This highlights

the need for new algorithms that integrate multilevel analysis prin-
ciples with machine learning techniques, a direction that future
personal informatics studies should pursue.

2.3 The P-Value Is Often Misinterpreted

Another important lesson that has come to the forefront of my
research is the growing criticism of the p-value and its role in
statistical analysis. Like many researchers, I relied heavily on the
0.05 threshold to determine statistical significance without fully
appreciating its limitations. I initially believed that if p > 0.05, we
could safely conclude that the null hypothesis was true.

However, I recently learned that all I could conclude from p >
0.05 was that I could not reject the null hypothesis; in other words,
I could "hardly conclude anything" [9] at all.

The over-reliance on the p-value has contributed to the replica-
tion crisis in science and is now considered one of the major pitfalls
in modern statistical practice [10]. The backlash against the p-value
has been ongoing for decades, perhaps ever since the concept was
invented [9]. But it was not until very recently, that consensus is
finally emerging across fields such as psychology [11], statistics [5],
and beyond [2]. Multiple publications in Nature have advocated for
redefining [6] or even abandoning the idea of statistical significance
altogether [1, 2, 20].
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Rather than discarding the p-value entirely, I now interpret it
with caution. A better approach, supported by the statistical commu-
nity, is to report effect sizes and confidence intervals [2, 11]. These
metrics provide a more nuanced understanding of the data and
help mitigate the risks of relying solely on p-values when drawing
conclusions.

3 Staying Current With Statistical Practices

Personal informatics is a rapidly evolving field that draws heavily
from more traditional research disciplines. However, this "method-
ological mimicry" can be a double-edged sword: while it opens up
new application avenues for statistical techniques, it also carries the
risk of perpetuating outdated or incorrect statistical practices. The
pace at which new methods are adopted can be slow, particularly
in fields like HCI, where researchers may not always keep up with
the latest developments in statistical analysis.

I have personally encountered this challenge. While my training
in informatics provided me with strong analytical skills, it left me
with gaps in statistical knowledge, and I have continued to learn and
grow in this area. As the field of psychology, for example, undergoes
significant reforms to improve statistical practices, I encourage
personal informatics researchers to collaborate and share updated
best practices. By doing so, we can develop guidelines that will help
newcomers in the field. By embracing better statistical practices,
we can improve the quality of our research and ensure that we
use the best possible methods to derive meaningful conclusions
from the data we collect. Incorporating statistical rigor into our
work can not only enhance the credibility of our findings but also
help advance the field of personal informatics in ways that benefit
individuals.
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