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Time series are critical data which drive countless decisions in finance, healthcare, and sci-

ence. However, multimodal NLP research has mostly focused on images and video. Here I

enumerate barriers towards such models and describe my work towards mitigating them. I

detail new multimodal NLP tasks for reasoning about time series, describe an LLM-powered

agent that can answer questions about time series, and present methods for pretraining time

series encoders. I also share work on using language models for code generation to assist

scientists.
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Here there is something we call elucidation
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Chapter 1

INTRODUCTION

Time series data are easily ignored yet critically important to the day to day function of

finance, healthcare, and science. Daily revenue for a small business, your heart rate during

a run, polling data over the course of a campaign, the S&P 500, and the 100 petabytes of

data collected from the Large Hadron Collider are all expressed as strings of numbers whose

patterns vary with time.

Drawing conclusions from these data requires substantial expertise. Visualization tools like

line plots offer some measure of interpretability for single dimensional time series, but poorly

encode features besides minima, maxima, and simple trends [Albers et al., 2014]. In practice,

time series analysis on most real data is a challenging undertaking. Most data are messy,

multi-correlated, and noisy and require an understanding of the dynamical system that

generated the data – an understanding that is exceptionally rare and developed by analysts

in single domains over long careers. Describing the market data that made him his fortune,

the father of quantitative trading Jim Simons said, “Patterns of price movement are not

random. However, they’re close enough to random so that getting some excess, some edge

out of it, is not easy and not so obvious – thank God. God probably doesn’t care. Thank

whoever.”

In the last few years language models have shown promise as powerful tools for extracting

information from loosely-structured data. These systems make it feasible to digest and

synthesize information from text, code, images, audio, and tabular data cheaply and at scale.

While much remains to be seen about the validity and future promise of these technologies,
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they are unquestionably effective tools that have upended the scientific order and accelerated

the information economy. Just three years ago it would have been impossible to imagine

developing an application that gave fashion advice from selfies, or summarized a year’s

worth of journal entries, or built an Excel spreadsheet from a PDF of earnings data.

And yet, progress on multimodal models for time series and text has been minimal. Why

is it hard to work on models for time series? To understand, let’s compare time series with

images. The typical multimodal computer vision recipe goes something like this:

1. Begin with a dataset of images. Since the dawn of the ImageNet era [Deng et al., 2009]

sufficiently large-scale diverse datasets are readily available to any researcher with the

hard drive space to store one. If a dataset that fits your need isn’t available, then

scrape one. Nearly every webpage on the internet contains images neatly delimited by

HTML tags (although some cleverness might be required to find images relevant to a

particular domain).

2. Given your dataset, train an encoder. Due in part to the availability of data, this

process is well-researched. Training objectives [Goodfellow et al., 2014, Radford et al.,

2021], architectures [He et al., 2016, Dosovitskiy et al., 2021, Jaegle et al., 2021], and

data mixes [Gadre et al., 2023] are well established, though of course the devil is in the

details. Better yet, rather than rolling your own pretrained vision encoder download

the weights from one of the many readily available models and tune it as necessary to

match your use case.

3. Given your pretrained encoder, align it with a language model to suit your task. Op-

tions include CLIP-style models [Radford et al., 2021], or for more advanced tasks like

visual instruction tuning advances methods tuning adapters with a larger language

model, as in Flamingo [Alayrac et al., 2022] and LLaVA [Liu et al., 2023a]. In order

to do this you’ll need text that describes the relevant properties of your image. Often,

as is the case with image captioning, this text can be scraped from the same webpage
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as the image. Otherwise, hire data annotators to label the data for you.

Unfortunately each of these steps “breaks” when we switch our attention to time series.

Problem 1: Tasks for multimodal time series models are not well established.

What would we want to do with a multimodal time series model? In computer vision we

have visual question answering [Antol et al., 2015], image captioning [Farhadi et al., 2010],

text-to-image generation, etc. But what (if any?) analogues exist in the time series domain?

Problem 2: Large time series datasets are not readily available online. While some

repositories of time series data do exist [Tan et al., 2020, Dau et al., 2018, Bauer et al., 2021,

Grauman et al., 2023] it is not obvious that these data represent sufficient diversity to be

useful for training generalized models. For example, The Monash Time Series Forecasting

Repository [Tan et al., 2020] contains time series sampled from just thirty different settings.

It is hard to build datasets because time series can not be found online as easily as images.

Problem 3: Labels for time series data are hard to obtain. Beyond issues with

collecting sufficient data for self-supervision, time series are rarely found in close proximity

to relevant text captions. Furthermore, data are costly or impossible to post-hoc label. For

example, it would be extremely challenging for even a human expert to know whether a

three-axis accelerometer signal corresponded to a user walking or riding their bike - this

label must instead be collected at the time of signal capture.

Problem 4: Techniques for pretraining general-purpose time series encoders are

underdeveloped. Even if data were readily available, architectures and objectives for

pretraining models on time series are not well understood.

In this thesis I describe my work towards mitigating these barriers to multimodal models for

time series.

In response to Problem 1, in Chapter 2 I detail my work towards establishing tasks for
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multimodal time series models. I also address Problem 2 with a new method for mitigating

data scarcity by generating synthetic time series data. Finally I evaluate the zero-shot

performance of several language models on these tasks.

In response to Problem 4, in Chapter 3 I describe an agenic system that uses code generation

to analyze activity traces from Fitbits. I show that by using code to manipulate time series

it is possible to answer some advanced open-ended questions about time series without the

need for a dedicated encoder.

Also in response to Problem 4, in Chapter 4 I present novel pretraining and transfer learning

techniques for time series and demonstrate that these methods allow model trained on Fitbit

data to generalize to new diseases. These methods also address Problem 3 by generalizing

learning to regimes with few labels.

Finally, in Chapter 5 I present work on training language models for code generation to assist

scientists.

This work paves the way for advanced multimodal models of time series and text that can

explain, forecast, and interpret complex systems that vary with time.
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Chapter 2

LANGUAGE MODELS STILL STRUGGLE TO ZERO-SHOT
REASON ABOUT TIME SERIES

This work was previously published at EMNLP ’24.

Time series measure how systems change over time and contain information that is un-

common in language. They are a critical data modality in healthcare [Morid et al., 2023],

finance [Sezer et al., 2020], agriculture [Kamilaris and Prenafeta-Boldú, 2018], economics

[Nerlove et al., 2014], political science [Beck and Katz, 2011], astronomy [Benson et al.,

2020], signal processing [Jagannath et al., 2021], and beyond. As the scientific community

races to bring language models (LMs) to these domains, we must ensure LMs can support

decisions about these sources of valuable information. If successful, LMs could perform novel

tasks like citing patterns and events in time series as evidence for observations and inferences,

drawing interpretable conclusions from complex dynamical systems, or learning to recognize

and respond to temporal patterns.

Several recent works have shown that LMs can be used for zero-shot time series tasks, though

nearly all focus on forecasting. These works typically forecast by structuring historical

observations as raw text [Liu et al., 2023b, Xue and Salim, 2023, Zhang et al., 2024, Gruver

et al., 2023] or images [Li et al., 2023]. This is promising work, and suggests language models

may someday demonstrate the same remarkable zero-shot performance that they do with

text and images. But it remains unknown whether non-trivial forecasting implies that LMs

can reason about time series, as opposed to simply generating matching temporal patterns

that appear in their inputs. In fact, recent works indicate that a LM’s ability to generate
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a) Etiological Reasoning

c) Context-Aided Forecasting

Question: What scenario could 
have produced this time series?

Daily step counts after 
a New Year’s resolution

Minutes of sunlight per 
hour over two days

✅

❌

or

b) Question Answering

Context: A drug  
company tracks 
symptoms in a drug 
trial. After 60 weeks, a 
mutation makes 
symptoms dramatically 
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Yes, the trend 
continues upward or
✅

No, the trend is 
interrupted
❌

Figure 2.1: Three forms of time series reasoning (Section 2.2).

data does not imply deeper reasoning [West et al., 2024, Hessel et al., 2023].

In this work, we develop, apply, and release a framework to ultimately find that despite

excitement about using LMs for time series analysis, current language models are re-

markably bad at zero-shot time series reasoning. We propose three components of

time series reasoning. First, for a LM to reason about time series it must be able to consider

the etiology (the set of possible causes) of a time series through etiological reasoning (Fig-

ure 2.1(a)). Second, a successful model should excel at question answering and be able to

address queries about time series and how they relate to one another (Figure 2.1(b)). Finally,

time series reasoning implies context-aided forecasting, wherein a language model can

leverage its world model and natural language context to aid in forecasting (Figure 2.1(c)).

To evaluate LMs we create a first-of-its kind dataset that contains 230k time series multiple

choice questions and 8.7k pairs of synthetic time series and text captions that describe the

series and the context in which it was observed (Section 2.3). These data span a diverse set

of time series scenarios across including health data, transport and traffic trends, finance,

and more.
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We use this dataset to evaluate etiological reasoning by tasking models to select the most

probable time series caption given the observed time series (Section 2.4) and find that hu-

man annotators outperform language models by a margin of up to thirty percentage points,

with otherwise strong language models like GPT-4 barely doing better than random chance.

Then, we test models on a question answering task by augmenting our dataset to include

230k question-answer pairs (Section 2.5). Again, we find that human annotators significantly

outperform language models, indicating that language models have limited capacity to inter-

pret the information in time series. Finally, we evaluate language models on a context-aided

forecasting task (Section 2.6). We find that even with text descriptions of what will happen

in future, GPT-4 struggles to incorporate this information, resulting in negligible improve-

ments over models without additional context. Taken as a whole these results indicate that

despite modest time series forecasting ability, current language models fail to reason about

these ubiquitous, critical data despite considerable human performance on the same tasks.

2.1 Related Work

Datasets for Time Series and Language. Dozens of time series classification and

forecasting datasets aggregate data from diverse domains [Tan et al., 2020, Dau et al., 2018,

Bauer et al., 2021, Grauman et al., 2023]. Unlike these works, we evaluate the relationship

between time series and text and motivate time series reasoning as an area of research beyond

forecasting and classification. Some datasets focus on single-domain question answering with

time series. Oh et al. [2023] and Xing et al. [2021] provide question answering datasets based

on templated questions about ECGs and activity recognition, whereas Xie et al. [2023]

present templated questions that concern tweets and stock price data. Jhamtani and Berg-

Kirkpatrick [2021] provide simple captioned time series, but these are abstract shapes with

no semantic grounding and simple captions like “consistent in the first two thirds” or “slightly

climbs up at the end”.
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Language Models and Time-Series. Recent work demonstrates that LMs can perform

time series forecasting [Gruver et al., 2023] and classification [Zhou et al., 2023]. These meth-

ods be categorized into two paradigms. The first involves fine-tuning LMs, such LlaMA-7B,

for specific tasks and datasets [Zhou et al., 2023, Jin et al., 2024, Cao et al., 2024]. The second

approach entails inputting specially tokenized time series into an LM for forecasting, impu-

tation, and classification tasks [Gruver et al., 2023, Xue and Salim, 2023]. Most methods

require fine-tuning the model with domain-specific data. In cross-domain tasks, the strategy

often involves fitting one dataset and then transferring to another [Jin et al., 2024, Cao et al.,

2024, Zhou et al., 2023, Wang et al., 2023a]. This approach is not suitable for our dataset,

where each time series originates from a different setting. Therefore, to evaluate our entirely

cross-domain dataset, we utilize the latest state-of-the-art zero-shot method, LLM-Time

Gruver et al. [2023], as our baseline.

2.2 Forms of Time Series Reasoning

Here we propose a rigorous (though non-exhaustive) definition of time series reasoning.

Consider a univariate uniformly-sampled time series of n observations, x = {x0 · · · xn},

x ∈ Rn. Suppose that an autoregressive language model M is able to represent this time

series as input and produce time series observations and text as outputs. That is, M estimates

the probability p of an output token sequence Y given some context tokens C and the time

series: pM(Y |x, C) = M(Y, x, C).

Definition 2.2.1 (Etiological Reasoning). Etiological reasoning is the property by which

language models are able to hypothesize about the cause of a time series. That is, given

a time series x, textual instructions as context C, a correct description D+ of how x was

generated and an incorrect description D−, a language model should assign higher probability
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to D+:

pM(D+|x, C) > pM(D−|x, C) (2.1)

Language models that can reason about time series should also be able to answer questions

about the behavior and implications of a time series.

Definition 2.2.2 (Question Answering). We define question answering as a model’s ability

to use information in the time series x to interpret queries about the time series or the events

surrounding the scenario it represents.

For the sake of evaluation, the questions should be time-series-dependent—correct answers

should be unattainable without interpreting x. For example, given an ECG, a dependent

question might be, “Does this signal demonstrate atrial fibrillation?” while a trivially non-

dependent question would be, “Who was the first president of the United States?” Formally,

given a question Q and a correct answer A+, the model should predict

p(A+|x, Q) ≫ p(A+|Q) (2.2)

A language model should be able to exploit this information. In a multiple-choice setting,

given a correct answer A+ and an incorrect answer A−:

pM(A+|x, Q) > pM(A−|x, Q) (2.3)

Finally, for an LM to reason about time series it should be able to integrate relevant infor-

mation from text into forecasts about how the time series will behave in the future.

Definition 2.2.3 (Context-Aided Forecasting). Context-aided forecasting is the property by

which a language model can use additional outside information about a time series to guide

its forecasts. Given the first t observations of a time series and a relevant text description
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D, the model should predict:

pM(xt+1 · · · xn|x0 · · · xt, D) > pM(xt+1 · · · xn|x0 · · · xt) (2.4)

Note that D must provide some meaningful information about the behavior of x.

2.3 Dataset

Evaluating these forms of time series reasoning requires pairs of time series and highly-

relevant text descriptions. Without a strong relationship between the two, it is impossible

to determine if a model’s failure to reason about time series is due to poor fundamental

capabilities or a poorly-designed evaluation. However, there is no general corpus of time

series and natural language descriptions that captures such relationships (Section 2.1). To

address this challenge, here we contribute a first-of-its-kind dataset of synthetic multi-domain

time series and highly relevant text captions.

2.3.1 Dataset Generation

We prompt GPT-4 to generate descriptions of environments that change over time alongside

executable Python functions that generate corresponding time series. A naive solution is to

generate a time series as text, however autoregressive language models struggle to generate

text with long range interactions [Bubeck et al., 2023] and demonstrate poor numerical

reasoning [Akhtar et al., 2023, Dziri et al., 2023]. Accordingly, time series that are generated

as text exhibit poor coherence and are of overall low quality (Figure 2.2). Instead, we leverage

recent language models’ capacity to generate code [Zhong and Wang, 2023, Chen et al., 2021,

Wang et al., 2023b]. We prompt GPT-4 to produce data generating functions in the form of

Python scripts. We ask the model to “imagine a scenario” that would produce a time series.

We then yield the following data for each scenario:

• A caption of the scenario that generated the time series.
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• Five characteristics of a time series which matches this description.

• A data generating function which, when executed, returns the time series as an

array.

• Metadata about the time series, including its start and end timestamp, its sample

rate, units, a short caption of less than five words which summarizes the scenario.

To encourage diversity during generation, we append the latest twenty short descriptions to

each new prompt and ask the model to a generate a scenario that is as distinct as possible

from these previous generations. Empirically, this step is important for maintaining variety

in the generated results. Finally, we filter the scenarios by removing multivariate time series

and those with complex, missing, or infinite values, resulting in 8.7k scenarios. Next, we

feed 100 captions into GPT-4 and ask the model to categorize these time series into ten

domains. We then automatically apply these categories to the remaining 8.7k scenarios

(Figure 2.3). We manually reviewed 50 scenarios and found no substantial inaccuracies

between the captions and the time series.
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Figure 2.2: By simulating time series with GPT-4-generated code (rather than generating the
series directly from the model itself) we’re able to produce substantially more complex data which
better represent realistic scenarios. Checks indicate desired characteristics are captured by the time
series.
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2.3.2 Evaluating Data Quality

The quality of our synthetic data relies on the realism of the generated time series as well as

the relevance of the associated text captions. To systematically quantify the quality of this

relationship we recruited ten experienced PhD-level data scientists with relevant time series

experience for human evaluation. The ten participants were each shown 50 unique time

series line plots with four possible captions each (for a total of 500 examples). One caption

was the model-generated ground truth, while the other three were randomly sampled from

other, irrelevant time series. Annotators selected the correct caption 66.1% of the time, far

above random chance of 25%. We note that skilled humans often struggle to interpret even

simple time series plots [Albers et al., 2014], and so human performance on this task may

not represent the upper bound of possible performance. Later, in Section 2.4, we will use

this performance as a baseline for etiological reasoning.

Is this performance good enough? We conducted an error analysis to contextualize this result

by manually annotating 50 incorrectly answered questions. We found that participants’ errors

fell into three categories:

• Hard (27) - There is exactly one correct answer, but annotators were not able to identify

it. Common reasons for wrong answers are (a) signal noise (e.g, trends are hard but

not impossible to pick out), (b) ignoring the scale of the data (e.g. the data is in the

range 20-25 and the caption describes ambient temperature in degrees Celsius), and

(c) misinterpreting sample rate (e.g the sample rate is visibly very high and all but

one caption describes a lower frequency reading). Additional annotator training could

potentially eliminate these errors.

• Flawed (13) - The correct caption has some flaw, although may not be entirely incorrect.

• Ambiguous (10) - at least one other caption is plausibly correct, although the ground

truth answer remains a strong option.

While these results indicate some ambiguity, over half of errors are attributable to human
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Consider a scenario of rainfall measuring agency operating in a region known to be affected by
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Energy and Resource Consumption
The scenario involves monitoring the daily power usage of a data center over a period of two
years, recorded every day at midnight. Any increases in the usage could likely be related to
additional servers being added or peak periods of client activity. Summer heat waves could also
boost air conditioning use and hence power consumption.
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Over a period of two years, the time series is developed to observe and understand the pattern
in the footfall count at a movie theater. Here, the external event is the release of blockbuster
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This scenario tracks the daily followers count of a rising Instagram influencer over a 2-year
period. The influencer starts with modest followers but gets a significant boost after being
featured in a viral video on a popular YouTube channel. The time series is sampled daily and
the sample rate is 1 sample per day.
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The scenario involves tracking the number of trains passing a particular station per hour over
one month. An external event such as a railway strike could result in a decreased number of
trains during the strike period. The time series data is sampled every hour.
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A time series measuring daily steps of a fitness enthusiast. He promised to increase his daily
steps due to the new year's resolution starting from January 1. The series will track his steps for
365 days, sampled daily. The external event here is the New Year.
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Agriculture and Food
This scenario involves the monitoring of temperature in an agritech controlled environment
where special hybrid crops are grown.  Let's say on the 3rd day, a power outage occurred,
having an impact on the heating system, thus this event will influence an unusual decrease in
the temperature.
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This scenario involves the tracking of honeybee population in a particular hive over one year.
The external event could be a pesticide spray in nearby fields, resulting in a decline of the
population. The sample rate is measured weekly, resulting in about 52 observations in a year.

Beehive Population
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A tech vlogging YouTube channel decides to create a daily series about coding tutorials in
Python. The channel launches the series targeting especially beginners. The series gets
popularity upon the introduction of a new trending Python library for Machine learning during
the month, causing a spike in viewership. The time series will be recorded on a daily basis over a
duration of 180 days (6 months).

Youtube Python Tutorials

Figure 2.3: Five examples of synthetically generated time series scenarios.

skill and not noise in the underlying data (“Hard”). As discussed in Section 2.4, our human

subjects dramatically outperformed language models on this task. The gap in performance

(32.6% in Table 2.1) cannot be explained by the frequency of flawed or ambiguous ques-

tions ((100% − 66.1%) ∗ (13 + 10)/50 = 15.6% < 32.6%). Importantly, this implies that

even if we assume adversarially imperfect scenarios there is still substantial room for model

improvement.

2.4 Etiological Reasoning: Near Random Performance

Our dataset allows us to evaluate the capacity of LMs to reason about these ubiquitous data.

Reasoning implies an ability to provide explanations for observed phenomena. In our context

if a model can reason about a time series then it should be able to hypothesize about how

that series was generated. For example, given a time series with a strong daily seasonality
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“sunlight intensity” is a more likely description than “Nvidia stock price since 1999.”

We evaluate etiological reasoning by tasking an LLM to select the correct time series caption

from a set of four, with three incorrect captions (Figure 2.1(a)). We sampled incorrect

descriptions by randomly selecting three captions from the remainder of the dataset. To

encourage the models to focus on the time series itself and not on metadata like the series’

units or start and end timestamps we only provided the values of the time series. For pure

language models, time series were encoded into text using the method from Gruver et al.

[2023] which uses separate schemes for LlaMA and GPT-4. We also experiment with

representing time series as images of plots and passing them to GPT-4-Vision, as in as Li

et al. [2023].

We evaluated human performance by showing 10 participants (who were PhD-level data

scientists with time series analysis experience) 50 time series line plots with four possible

captions each. One caption was the model-generated ground truth, while the other three

were randomly sampled from other, irrelevant time series. Annotators selected the correct

caption 66.1% of the time, far above random chance of 25%. We note that skilled humans

often struggle to interpret even simple time series plots [Albers et al., 2014], and so human

performance on this task may not represent the upper bound of possible performance.

Our results show that all models perform remarkably poorly relative to the human baseline

(66.1% accuracy), with some models performing at or near random chance (e.g LlaMA with

27.3% accuracy) (Table 2.1). GPT-4-Vision performs best (34.7%) while still falling short of

human performance by over 30 percentage points. These results indicate that current

language models are poor zero-shot judges of time series etiology.
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2.5 Question Answering: Trailing Behind Human-Level

Proficiency

A LM that can reason about time series should be able to answer questions about a time

series and the implications of the scenario it describes. A good candidate for these questions

are counterfactual “what-if”-style queries that ask the LM to interpret how the time series

might be different if its related scenario were changed. For example, given a time series of

coffee shop sales over the course of a day with a peak at 2pm, a good “what-if” question

might be, “If half as many customers visited the shop at noon, would the peak sales change?”

We evaluate this ability by presenting LMs with Multiple Choice Questions (MCQs) with

four options – one correct and three incorrect.

We evaluate question answering using the same techniques as etiological reasoning. Human

performance was again assessed using a team of ten data scientists who annotated 500 time

series plots using the exact same data as the LMs (metadata, time series [as a plot], and the

short description).

2.5.1 Time Series Questions

All models showed near-random performance (except the one generating the

MCQs). To create time series MCQs that cannot be answered by LMs without attending

to the time series itself, we first create ‘what-if’ scenarios for a time-series alongside a second

time series that materializes this counterfactual scenario. We create these MCQs using a

three-step procedure.

• For each time series x (Section 2.3) we query GPT-4 to produce a ‘what-if’ scenario

and a corresponding generative function for x, which reflects that scenario.

• We use the ‘what-if’ scenario, short captions, time series x and x, and their generating

functions to generate MCQs about similarities and differences between x and x.
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Model/Task Etiological
Reasoning

Question Answering

Original Perturbed

Random baseline 25% 25% 25%
Human 66.1% 67.0% 61.7%

LlaMA-7B- No TS N/A† 24.7% 25.6%
LlaMA-7B 27.3% 25.2% 24.3%
LlaMA-13B- No TS N/A† 26.3% 25.6%
LlaMA-13B 27.8% 25.8% 25.6%
GPT-3.5- No TS N/A† 29.8% 26.3%
GPT-3.5 33.5% 27.4% 27.7%
GPT-4- No TS N/A† 51.3%* 28.4%
GPT-4 33.5%* 52.7%* 28.4%
GPT-4-Vision 33.5%* 53.6%* 30.5%

∆ Human, Best LM 32.6% 13.4% 33.3%

* GPT-4 generated all data and its performance should be
considered an upper bound of true capability (Section 2.3).
† These results are not included for etiological reasoning be-
cause in this task models only have the time series (and no
metadata) as input.

Table 2.1: Accuracy of LMs on Etiological Reasoning and Question Answering. Human perfor-
mance was evaluated on a subset of data (N=500). No TS indicates that the model was evaluated
without the time series as input (i.e. with only metadata in the prompt).
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• To ensure that all MCQs are answerable only in the presence of both time series, we

filtered out questions that GPT-3.5 could answer in the absence of any time series,

which led to almost half of the MCQs being discarded. In total, this process generated

over 130k MCQs, with one correct and three incorrect answers each. An example

question is in Figure 2.1.

We also experimented with generating questions about a single time series, but found that

language models could successfully answer these questions even without the time series,

making them poor tools for evaluating time series reasoning.

We make the following observations: (1) All LMs, other than GPT-4, had close to random

performance (Table 2.1). (2) Only GPT-4 achieves non-trivial performance on this MCQ

task. However, performance does not meaningfully increase when the time series is added

to the LM input. Again, the fact that GPT-4, with and without time series, achieves non-

trivial performance may be because GPT-4 was used to generate these scenarios. (3) Human

performance, when given the exact same information as the LMs is significantly higher than

all LMs at 67% which perform at near-random performance (other than the aforementioned

GPT-4 and GPT-3.5 exceptions). This gap to human performance demonstrates that

higher LM performance should be possible given the information available.

One potential reason for LMs performing just as badly even with a time series representation

is that these time series may not contain any relevant information. However, since human

performance is substantial at 67% we can rule out this possibility. The only model achieving

meaningful levels of performance in the MCQ task with multiple time series is GPT-4, and

we have to caution again that GPT-4 was used to generate these MCQs and this evaluation

is likely to overestimate generalization performance of GPT-4.
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2.5.2 Manually-Perturbed MCQs

Minor manual perturbations in MCQs eradicate above-random zero-shot perfor-

mance for any LM, including GPT-4 which generated all data. Upon first inspection

it is notable that GPT-4 achieved non-trivial levels of performance in question answering.

However, we show that this performance is possibly explained by GPT-4 being the model

used to synthetically generate these data and MCQ tasks, casting significant doubt on any

actual time series reasoning ability of GPT-4, and therefore all of the LMs evaluated in this

study.

We demonstrate this by taking 144 samples from the previously described MCQ dataset and

make manual perturbations to the answers. For each question we select the correct answer

for the MCQ and create a similar incorrect answer as a distractor by editing the numerical

values so that they are similar while still incorrect.

Context:

(1) … cyclical pattern, with consumption increasing 
during daytime hours and decreasing during nighttime.

(2) The electricity consumption might be slightly higher 
during the morning and evening, corresponding to   …

❌

✅

��������������
����������������

���
	���

Figure 2.4: An example of forecasting with context. This data is sampled every 15 minutes from
0:00 to 23:45, with electricity usage dropping sharply near midnight. Forecasting starts at 19:15.
The left side displays the captions in our dataset and the right side presents the performance of
LLM-Time (GPT-4) which fails to incorporate this highly-relevant information.

Prior to the manual perturbations, GPT-4 and GPT-4- No TS answered over half the MCQs

correctly. However, after only minor changes to MCQ options performance decreases to near-

random performance as well (Table 2.1). This strongly suggests that GPT-4’s above-random

performance in all prior time series MCQ tasks is due to the fact that it created the data

and MCQs itself, and that does not generalize to slightly varied settings. We hypothesize

(i.e., do not claim or prove) that the prior non-trivial performance is explained by the model

recognizing likely correct answers due to artifacts of the distribution that this LM models.
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In summary we show that LMs exhibit near-random performance on meaningful QA tasks

while human evaluations demonstrate that significantly better performance is possible. In

none of these zero-shot evaluations did LMs perform better with than without

the time series, suggesting that current LMs cannot integrate information from

time series to answer questions.

2.6 Context-Aided Forecasting

We next evaluate whether LMs can leverage relevant textual context when forecasting future

time series values. We build on recent works that find LMs can non-trivially zero-shot

forecast time series [Gruver et al., 2023, Xue and Salim, 2023]. Using the same zero-shot

forecasting method as LLM-Time [Gruver et al., 2023], we experiment with prepending

different corresponding textual context alongside the time series. We randomly select 2000

time series with their captions, descriptions, and metadata, feed the first 80% as context and

forecast the remaining 20% of the timesteps. This textual context contains highly-relevant

information, including future information about the series’ behavior. To understand how

well these methods compare to a simple baseline we include the “Predict Median” baseline,

which simply computes the median of the first 80% of a time series’ values then repeats it

for the forecasting window.

We measure forecasting success using the common metrics Mean Absolute Error (MAE)

and Mean Squared Error (MSE). Since the values of the time series in our dataset span

several orders of magnitude we min/max and z-score normalize values before computing

these metrics so that error on high-magnitude series does not dominate perceived model

performance.

Highly-relevant captions barely change LM forecasts. As shown in Figure 2.5, adding

all textual context only marginally improves MAE. Of 2,000 zero-shot samples, only 1,040

show improvement in MAE when the full context is shown and in the remaining time series
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(a) MAE with max-min normalization
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LLM-TIME (GPT-4)
w/ all Context

(b) MAE with z-score normalization

Figure 2.5: After adding contextual information corresponding to the time series, forecasting
performance improved marginally and is still the same or worse than a simple baseline that only
predicts the median of the historical signal (Section 2.6).

MAE increases.

This lack of improvement is surprising and demonstrates a clear gap in these LM-powered

methods’ capacities to leverage relevant text when forecasting time series. Further, neither

forecasting method clearly outperforms the simple “Median Prediction” baseline. We note

that because our series were intentionally designed to contain interruptions from external

events (Section 2.3) median prediction is a particularly weak baseline on our dataset. This

experiment shows that current LMs largely fail to use context to inform fore-

casting.

2.7 Limitations

One limitation of this work is its reliance on synthetic data. While we go to great care

to manually validate the quality of the data (Section 2.3.2) and provide examples of our

scenarios (Figure 2.3) we nonetheless recognize that questions may arise about our data’s

realism. It is important to remember that no “real” dataset of diverse time series and highly

relevant text exists. By providing our dataset, tasks, and evaluations we provide progress

that would not be possible without synthetic data. We leave it to future work to mine and

document a similar “real” dataset.
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A related limitation is that because GPT-4 was used to generate data (and some questions

in Section 2.5) it is possible that the performance of this model (and this model only) is

an over-estimate of true ability. We provide evidence to this end in Section 2.5.2, where we

show that manually perturbed MCQs are harder for GPT-4 but just as difficult for humans.

Nevertheless, even if we assume that this is an overestimate the substantial gap between

human and GPT-4 performance on all tasks indicates significant room for improvement.

2.8 Conclusion

We identified three forms of time series reasoning and used them to create a first-of-its-kind

dataset of time series and highly relevant text. We then used this dataset to assess etio-

logical reasoning, question answering, and context-aided forecasting. Given the substantial

gap between language model and human performance on the first two tasks, and mediocre

performance on the third, we identified opportunities for the NLP community to develop

models that can deeply reason about these critical data.
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Chapter 3

ANSWERING OPEN ENDED PERSONAL HEALTH
QUESTIONS USING LARGE LANGUAGE MODEL AGENTS

This work is under review.

Personal health data, often derived from personal devices such as wearables, are distinguished

by their multi-dimensional, continuous and longitudinal measurements that capture granular

observations of physiology and behavior in-situ rather than in a clinical setting. Research

studies have highlighted the significant health impacts of physical activity and sleep patterns,

emphasizing the potential for wearable-derived data to reveal personalized health insights

and promote positive behavior changes [Althoff et al., 2017, Strain et al., 2020, Anderson

and Durstine, 2019, Medic et al., 2017, Stamatakis et al., 2022]. For example, individuals

with a device-measured Physical Activity Energy Expenditure (PAEE) that is 5 kJ/kg/day

higher had a 37% lower premature mortality risk [Strain et al., 2020]. Those with frequent

sleep disturbances were associated with an increase in risk of hypertension, diabetes and

cardiovascular diseases [Buxton and Marcelli, 2010, Medic et al., 2017]. A large meta-analysis

suggests that activity trackers improve physical activity and promote weight loss, with users

taking 1800 extra steps per day [Ferguson et al., 2022].

Despite these gross benefits, using wearable data to derive intelligent responses and insights

to personal health queries is non-trivial. These data are usually collected without clinical

supervision and users often do not have access to the expertise that could aid in data in-

terpretation. For example, a common question of wearable device users is “How can I get

better sleep?”. Though a seemingly straightforward question, arriving at an ideal response
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would involve performing a series of complex, independent analytical steps across multiple

irregularly sampled time series such as: checking the availability of recent data, deciding on

metrics to optimize (e.g. sleep duration, or regularity, or disturbances), calculating average

sleep metrics, identifying anomalies in the individual’s sleep pattern over a reasonable period

of time for statistical precision (e.g., one month), contextualizing these findings within the

broader spectrum of the individual’s health, integrating knowledge of population norms, and

offering tailored sleep improvement recommendations. These steps not only involve numer-

ical analysis but also an interpretation of what constitutes healthy sleep under the nuances

of an individual’s overall health profile.

Until recently it would have been optimistic to think that a machine learning model would

be capable of all of these steps. Large language models (LLMs) demonstrate some capacity

to generate language for complex tasks that require reasoning and decision-making [Xi et al.,

2023]. In the health domain LLMs have increased access, efficiency and accuracy in tasks

ranging from medical question-answering [Singhal et al., 2022, Tu et al., 2024, Singhal et al.,

2023, Saab et al., 2024], medical education [Swan et al., 2023, Dan et al., 2023], electronic

health record analysis [Yang et al., 2022, Shi et al., 2024a, Guevara et al., 2024], mental health

interventions [Sharma et al., 2023a, 2024, 2023b, Lin et al., 2024], interpretation of medical

images and assessments [Tu et al., 2024, Lee et al., 2023] to generating diagnoses [Galatzer-

Levy et al., 2023, McDuff et al., 2023].

LLMs can be augmented with additional software tools to extend their capabilities, examples

of which include code generation to analyze data [Yao et al., 2023, Liu et al., 2024] and infor-

mation retrieval to increase reliability [Zhuang et al., 2024, Lewis et al., 2020]. These tools

have enabled LLM-based agents that can interact with and reason about the world [Sumers

et al., 2023]. Their modular design, with information storage and decision-making proce-

dures, enables agents to dynamically interact with their environment [Schick et al., 2024,

Qin et al., 2023]. As such, LLM agents represent a significant opportunity when it comes to

deriving insights from personal health data, including wearable-derived data. If an agent can
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autonomously decompose complex tasks, reason using both internal knowledge and external

tools, and generate safe, actionable insights, then it could present real utility to individuals,

and collectively population health.

In this paper, we address personal health data analysis by introducing the first LLM agent for

deriving personal health insights, called Personal Health Insights Agent (PHIA). PHIA incor-

porates advanced code generation, web search integration, and the ReAct agent framework

[Yao et al., 2023] to facilitate iterative reasoning in order to address thousands of real-world

health queries.

Specifically, the key contributions of this paper are to:

• Introduce the first LLM-based health agent framework that utilizes multi-step iterative

reasoning, code generation and web search tools for in-depth analysis of thousands of

health insight questions.

• Conduct a 650-hour human evaluation of more than 6000 model responses with 19

human annotators and an automatic evaluation of 12,000 model responses to demon-

strate the superior capabilities of LLM agents in open-ended reasoning about wearable

health data compared to non-agenic models.

• Release a set of high-fidelity synthetic wearable data, sampled from high-volume anonymized

production data.

• Release a personal health insights evaluation dataset, comprised of over 4000 closed

and open-ended questions across multiple domains for both automated and human

evaluation.
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3.1 Related Work

3.1.1 Personal Health Insights

While we develop and evaluate the first LLM agent for personal health insights, prior work

has focused on understanding the needs of wearable users and facilitating the exploration

of user data through conventional means (i.e., without LLMs). Researchers have deployed

on-device wearable apps to collect personal health queries from users in situ [Rey et al., 2022,

Amini et al., 2017]. These studies found that wearable users are interested in questions that

analyze trends, compare values across time, summarize data, and provide coaching advice

and that current wearable systems do not adequately address this curiosity [Pal et al., 2020].

The queries in our dataset of open ended questions fall into similar categories, supporting

and extending these findings with an accompanying dataset of wearable data that can be

used to respond to these queries. Researchers have also explored using visualization to help

wearable users interpret their own data [Aseniero et al., 2020, Choe et al., 2017, Epstein

et al., 2014, Neshati et al., 2021]. In contrast with these works, we explore LLMs as tools for

interactive analysis and propose that future extensions of PHIA could use code generation

to create custom visualizations in response to user queries. Jörke et al. [2024] equip LLMs

with limited template-based analysis tools for wearable data, but are more focused on which

conversational strategies agents can support behavioral change than they are on underlying

analysis capabilities.

3.1.2 Agents for Health, Tabular Data, and Time Series

In this paper, we focus on the effectiveness and implications of agents for analyzing personal

health data while building on prior methods for agents. Recently agents have demonstrated

their effectiveness for exploring tabular data by generating code (typically SQL) in response

to user inputs [Ye et al., 2023, Chen et al., 2024, Guo et al., 2024, Chakraborty et al., 2024,

Hong et al., 2024, Jiang et al., 2023]. However, these works focus on simple objective queries
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that can automatically be evaluated and do not use domain-expert data scientists to evaluate

performance on complex open ended queries, as we do here. Shi et al. [2024b] investigated

code-writing agents for solving queries about electronic medical records, but these queries

are objective enough to afford automatic evaluation (e.g. “What is the maximum total

hospital cost that involves a diagnosis named “compoth vasc dev/graft” since 1 year ago?”).

In contrast, our queries require substantial domain knowledge and reasoning ability to turn

data into personalized, actionable insights, motivating our comprehensive human evaluation

described in Chapter 3, Section 3.4.

3.2 Personal Health Insights

Wearable health trackers typically provide generic summaries of personal health behaviors,

such as aggregated daily step counts or estimated sleep quality. However, these devices do

not facilitate the generation of interactive, personal health insights tailored to individual

user needs and interests. In this paper, we introduce three datasets aimed at evaluating how

LLMs can reason about and understand personal health insights. The first dataset comprises

objective health insights queries designed for automatic evaluation (Section 3.2.1). The

second dataset consists of open-ended health insights queries intended for human evaluation

(Section 3.2.2). Finally, we introduce a dataset of high-fidelity synthetic wearable users to

reflect the diverse spectrum of real-world wearable device usage (Section 3.2.3).

3.2.1 Objective Personal Health Insights

Definition. Objective personal health queries are characterized by clearly defined responses.

For example, the question, ”On how many of the last seven days did I exceed 5,000 steps?”

constitutes a specific, tractable query. The answer to this question can be reliably determined

using the individual’s data, and responses can be classified in a binary fashion as correct or

incorrect.
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Dataset Curation. To generate objective personal health queries, we developed a frame-

work aimed at the systematic creation and assessment of such queries and their respective

answers. This framework is based on manually crafted templates by two domain experts,

designed to incorporate a broad spectrum of variables, encompassing essential analytical

functions, data metrics, and temporal definitions.

Consider the following example scenario: a template is established to calculate a daily av-

erage for a specified metric over a designated period, represented in code as daily metrics

[$METRIC].during($PERIOD).mean(). From this template, specific queries and their corre-

sponding code implementations can be derived. For instance, if one wishes to determine the

average number of daily steps taken in the last week, the query "What was my average

daily steps during the last seven days?" and the code daily metrics["steps"]

.during("last 7 days").mean() can be used to generate the corresponding response. It

is worth noting that during() is a custom function to handle the date interpretation of the

temporal span of a natural language query. A total of 4000 health insights queries were

generated using this approach. All of these queries were manually evaluated by a domain

expert at the intersection of data science and health research to measure their precision and

comprehensibility. Examples are available in Table 3.1.

3.2.2 Open-Ended Personal Health Insights

Definition. Open-ended health insights queries are inherently ambiguous and can yield

multiple correct answers. Consider the question, ”How can I improve my fitness?” The inter-

pretation of ”improve” and ”fitness” could vary widely. One valid response might emphasize

enhancing cardiovascular fitness, while another might propose a strength training regimen.

Evaluating these complex and exploratory queries poses significant challenges, as it requires

a deep knowledge of both data analysis tools and wearable health data.

Dataset Curation. A survey was conducted with a sample of the authors’ colleagues, all

of whom had relevant expertise in personal and consumer health research and development
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Objective Health Insights Queries
Example

What was my step count yesterday?
How many times have I done yoga?
What was the average number of minutes I spent in deep sleep over the past 14 days?
What is the total time I spent swimming for sessions lasting 40 minutes or less?
What was my percentage of light sleep on the most recent day I used the treadmill?
Total Count 4000

Table 3.1: Examples of objective queries used in our automatic evaluation.

Open-Ended Health Insights Queries
Query Type Count Example

Correlation 40 How does my sleep duration correlate with my daily
steps?

General Knowledge 35 What’s a good meal for breakfast, that will meet most
of my nutritional needs for the day?

Problematic 30 Does not eating make your stomach look better?
Personal Min/Max/Avg. 18 What are my personal bests for different fitness metrics,

such as steps taken, distance run, or calories burned?
Trend 14 Is there a noticeable reduction in stress and has my

mood stabilized?
Summary 11 What is my fitness like?
Compare Time Periods 9 What are my sleep patterns during different seasons?
Compare to Cohort 8 Is my resting heart rate of 52 healthy for my age?
Anomaly 7 Tell me about anomalies in my steps last month.
Total Count 172

Table 3.2: A summary of open-ended queries used in our human evaluation.

to solicit hypothetical inquiries for an AI agent equipped with access to their personal wear-

able data. Participants were asked, ”If you could pose queries to an AI agent that analyzes

your smartwatch data, what would you inquire?” Participants were also solicited for “prob-

lematic” questions that could lead to harm if answered, such as “How do I starve myself?”

This survey generated approximately 3,000 health insights queries, which were subsequently
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manually categorized into one of nine distinct query types (Table 3.2). For evaluation feasi-

bility reasons, a smaller test dataset was created, comprising 200 randomly selected queries.

From this subset, queries with high semantic similarities were excluded, resulting in a final

tally of 172 distinct personal health queries. These were intentionally excluded from agent

development to avoid potential over-fitting.

3.2.3 Synthetic Wearable User Data

Definition. To effectively evaluate both objective and open-ended personal health insights

queries, high-fidelity wearable user data is essential. To maintain the privacy of wearable

device users, we developed a synthetic data generator for wearable data. This generator is

based on a large-scale anonymized dataset from 30000 real wearable users who agreed to

contribute their data for research purposes. Each of the synthetic wearable users has two

tables – one of daily statistics (e.g. sleep duration, bed time and total step count for each

day) and another describing discrete activity events (e.g. a 5 km run on 2/4/24 at 1:00PM).

The schema of these tables are available in subsection A.6.1.

Dataset Curation. We aggregated user data over 31-day periods, requiring a minimum

of 10 days of data availability for inclusion. We used a Conditional Probabilistic Auto-

Regressive (CPAR) neural network [Patki et al., 2016, Zhang et al., 2022], specifically de-

signed to manage sequential multivariate and multi-sequence data, while integrating sta-

ble contextual attributes (age, weight and gender). This approach distinguishes between

unchanging context (i.e., typically static data such as demographic information) and time-

dependent sequences. Initially, a Gaussian Copula model captures correlations within the

stable, non-time-varying context. Subsequently, the CPAR framework models the sequential

order within each data sequence, effectively incorporating the contextual information. For

synthetic data generation, the context model synthesizes new contextual scenarios. CPAR

then generates plausible data sequences based on these new contexts, producing synthetic

datasets that include novel sequences and contexts. To further enhance the fidelity of the
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synthetic data, we incorporated patterns of missing data observed in the real-world dataset,

ensuring that the synthetic data mirrors the sporadic and varied availability of data often

encountered in usage of wearable devices such as Fitbit and Pixel Watch devices. A total

of 56 synthetic wearable users were generated, from which 4 were randomly selected for

evaluation.

3.3 PHIA: The Personal Health Insights Agent

Language models in isolation demonstrate limited abilities to plan future actions and use

tools [Bubeck et al., 2023, Wang et al., 2023c]. To support advanced wearable data analysis,

as Figure 3.1 illustrates, we embed an LLM into a larger agent framework that interprets

the LLM’s outputs and helps it to interact with the external world through a set of tools.

Iterative & Interactive Reasoning. PHIA is based on the widely recognized ReAct agent

framework [Yao et al., 2023], where an ”agent” refers to a system capable of performing ac-

tions autonomously and incorporating observations about these actions into decisions (Fig-

ure 3.1-D). In ReAct, a language model cycles through three sequential stages upon receiving

a query. The initial stage, Thought, involves the model integrating its current context and

prior outputs to formulate a plan to address the query. Next, in the Act stage, the language

model implements its strategy by dispatching commands to one of its auxiliary tools. These

tools, operating under control of the LLM, provide feedback to the agent’s state by executing

specific tasks. In PHIA, tools include a Python data analysis runtime and a Google Search

API for expanding the agent’s health domain knowledge, both elaborated upon in subse-

quent sections. The final Observe stage incorporates the outputs from these tools back into

the model’s context, enriching its response capability. For instance, PHIA integrates data

analysis results or relevant web pages sourced through web search in this phase.

Wearable Data Analysis with Code Generation. During an Act stage, the agent en-

gages with wearable tabular data through Python within a customized sandbox runtime
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environment. This interaction leverages the Pandas Python library, a popular tool for code-

based data analysis. In contrast to using LLMs directly for numerical reasoning, the nu-

merical results derived from code generation are factual, and reliably maintain arithmetic

precision. Moreover, this approach can help reduce the risk of leaking user’s raw data, as

the language model only ever encounters the analysis outcome, which is generally aggregated

information or trends.

Integration of Additional Health Knowledge. PHIA enhances its reasoning processes

by integrating a web search based mechanism to retrieve the latest and relevant health infor-

mation from reliable sources [Lewis et al., 2020]. This custom search capability extracts and

interprets content from top search results from reputable domains. This approach is doubly

beneficial: it can directly attribute information to web sources, bolstering credibility, and it

provides the most up-to-date data available, thereby addressing the inherent limitations of

the language model’s training on historical data.

Mastering Tool Use. A popular technique for augmenting the performance of agents

and language models is few-shot prompting [Brown et al., 2020]. This approach entails

providing the model with a set of high-quality examples to guide it on the desired task without

expensive fine-tuning. To determine representative examples, we computed a sentence-T5

embedding [Raffel et al., 2020] for all queries in our dataset. Next we applied K-means

clustering on these embeddings, targeting 20 clusters. We then selected queries closest to

the centroid of each cluster as representatives. For each chosen query, we crafted a ReAct

trajectory (Thought → Action → Observation) that demonstrates how to produce a high

quality response with iterative planning, code generation, and web search.

Choice of Language Model. For all of the following experiments we fix Gemini 1.0 as the

underlying language model. Our goal is not to study which of the dozens of popular language

models are best at our task. Rather, we explore the effectiveness of agent frameworks and

tool use to answer subjective, open-ended queries pertaining to wearable data.
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“Is my resting heart rate improving?”

Sex: F
Age: 68

“Let’s compare resting heart rate between the last two 
weeks”

Thought

df[-14:-7][“resting_heart_rate”].mean()
df[-7:][“resting_heart_rate”].mean()

Action: Code Generation

Observation:  67.3, 65.7

Observation: 
Brisk walks, aerobics, swimming

“Now let’s look for ways to improve even more.”
Thought

Search(Recommended Activity to improve 
resting heart rate for 68 year old)

Action: Search

"Your average resting heart rates for the last two 
weeks are 67.3 and 65.7. It is trending down. Good 
work! You can do more exercises like aerobics and 
brisk walking to improve your resting heart rate even 
more!"

Answer

“What is my max sleep 
duration in this month?”

“What’s my average heart rate in the past 
30 days?”

“How many minutes have I exercised 
in the past 10 days?

C) Curating Synthetic Wearable Users from 
30000 Real Users

A) Curating Objective Personal Health Insights Questions
for Auto Evaluation

Sex: F
Age: 68

“Are there any anomalies in 
my health?”

“How can I improve my sleep?”

“How can I get stronger without 
gaining mass?

B) Curating Open Personal Health Insights Questions
for Human Evaluation  

Tablet 
Android 

Mobile Friendly

“What has my 
resting heart rate 
been like recently?”

Thought

df[-5:][“heart_rate”].mean() 

Action: Python

Search(Recommended Activity 
to improve resting heart 
rate)

Action: Search
67

Observation

Brisk walking, running, 
swimming, cycling…

Health Insights Question

Health Insights & 
Knowledge

Search / Code 
Generation

Thought & 
Planning

Answer

D) The Framework of Personal Health 
Insights Agent (PHIA)

E) An Example of PHIA’s 
Reasoning and Response

Sex: M
Age: 25

Figure 3.1: An overview of the Personal Health Insights Agent (PHIA). (A)-(C):
Examples of objective and open-ended health insight queries along with the synthetic wearable user
data, which were utilized to evaluate PHIA’s capabilities in reasoning and understanding health
insights. (D): A framework and workflow that demonstrates how PHIA iteratively and interactively
reasons through health insight queries using code generation and web search techniques. (E): An
end-to-end example of PHIA’s response to a user query, showcasing the practical application and
effectiveness of the agent.



33

0 10 20 30 40
Average Improvement of Overall Reasoning Score

Compare to Cohort

Summary

General Knowledge

Compare Time Periods

Correlation

Anomaly

Trend

Problematic

Personal Min/Max/Avg.

Qu
er

y 
Ty

pe

Figure 3.2: PHIA Enhances Reasoning Across Query Types. PHIA’s performance sur-
passes the Code Generation baseline in “Overall Reasoning“ for each query type. Average Improve-
ment of Overall Reasoning Score is the mean difference of “Overall Reasoning” between PHIA and
Code Generation.

0 10 20 30 40 50 60
Count of Queries with Code Errors (Lower is better)

Code
Generation

PHIA

Hallucination
General Code Errors
Misinterpretation of Data

Pandas Operations
Other

Figure 3.3: Code Error Category Analysis. PHIA makes substantially fewer errors than the
Code Generation as determined by expert annotators.

3.4 Evaluating Responses to Queries

Dataset Curation. A survey was conducted with a sample of the authors’ colleagues, all of

whom had relevant expertise in personal and consumer health research and development to

solicit hypothetical inquiries for an AI agent equipped with access to their personal wearable

data. Participants were asked, ”If you could pose queries to an AI agent that analyzes your

smartwatch data, what would you inquire?” Participants were also solicited for “problematic”

questions that could lead to harm if answered, such as “How do I starve myself?”. For
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evaluation feasibility reasons, a smaller test dataset was created, comprising 200 randomly

selected queries. From this subset, queries with high semantic similarities were excluded,

resulting in a final tally of 172 distinct personal health queries. These were intentionally

excluded from agent development to avoid potential over-fitting.

Synthetic Wearable Data. To effectively evaluate both objective and open-ended personal

health insights queries, high-fidelity wearable user data is essential. To maintain the privacy

of wearable device users, we developed a synthetic data generator for wearable data. This

generator is based on a large-scale anonymized dataset from 30000 real wearable users who

agreed to contribute their data for research purposes. Each of the synthetic wearable users

has two tables – one of daily statistics (e.g. sleep duration, bed time and total step count

for each day) and another describing discrete activity events (e.g. a 5 km run on 2/4/24 at

1:00PM). We aggregated user data over 31-day periods, requiring a minimum of 10 days of

data availability for inclusion. We used a Conditional Probabilistic Auto-Regressive (CPAR)

neural network [Patki et al., 2016, Zhang et al., 2022], specifically designed to manage se-

quential multivariate and multi-sequence data, while integrating stable contextual attributes

(age, weight and gender). This approach distinguishes between unchanging context (i.e.,

typically static data such as demographic information) and time-dependent sequences.

Evaluating Open-Ended Insights Reasoning with Human Raters. Open-ended per-

sonal health queries demands precise interpretation to integrate user-specific data with expert

knowledge. To assess open-ended reasoning capability, we recruited a team of twelve inde-

pendent annotators who had substantial familiarity with wearable data in the domains of

sleep and fitness. They were tasked to evaluate the quality of reasoning of PHIA and our Code

Generation baseline in the open-ended query dataset. Due to annotators’ minimal experi-

ence with Python data analysis, two domain experts developed a translation pipeline with

Gemini Ultra to translate Python code into explanatory English language text. Annotators

were also provided with the final model responses.
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Annotators were tasked with assessing whether each model response demonstrated the fol-

lowing attributes: relevance of data utilized, accuracy in interpreting the question, person-

alization, incorporation of domain knowledge, correctness of the logic, absence of harmful

content, and clarity of communication. Additionally, they rated the overall reasoning of each

response using a Likert scale ranging from one (“Poor”) to five (“Excellent”). All responses

were distributed so that that each was rated by at least three unique annotators, who were

blinded to the method used to generate the response. To standardize comparisons across

different metrics, final scores were obtained by mapping the original ratings on a scale of

1-5 into a range of 0-100. Subsequent scores for “Yes or No” questions are the proportion

of annotators who responded “Yes”. For example, an answer of “Yes” for domain knowledge

would indicate that the annotator found the response to show an understanding of domain

knowledge. In total, more than 5500 model responses and 600 hours of annotator time were

used in this evaluation.

3.4.1 Baselines

Is a multi-step agenic framework really necessary to derive health insights from wearable

data? To evaluate the necessity of the framework and tools (i.e., code generation, web

search), we constructed two language model baselines to demonstrate PHIA’s performance

as illustrated in Figures 3.5, 3.2, 3.3, and 3.6. An example of responses from our baselines

alongside PHIA can be found in Figure 3.4.

Numerical Reasoning. Since language models have modest mathematical ability [Bubeck

et al., 2023, Anand et al., 2024] it may be the case that PHIA’s code interpreter is not necessary

to answer personal health queries. In this methodology the user’s data is structured in the

popular Markdown table format and directly supplied to the language model as text, coupled

with the corresponding query. Markdown has previously been shown to be one of the most

effective formats for LLM-aided tabular data processing [Lu et al., 2024]. Analogous to PHIA,

we designed a set of few-shot examples to guide the model to execute rudimentary operations
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Tablet 
Android 

Mobile Friendly

“What has my 
resting heart rate 
been like recently?”

Thought

“First, I want to add up all the sleep minutes for the last 
30 days:

460.68 + 501.54 + 497.70 + 557.04 + 493.82 + 479.38 + 
554.39 +357.86 + 406.81 + 427.96 ……..+ 518.17 + 416.14 + 
419.26 = 13064.32 minutes

Next, I'll divide by 30: 13064.32 minutes / 30 days = 
435.48 minutes. Therefore, the average sleep in the 
last 30 days is 435.48 minutes.”

Answer

I’m worried about my sleep relative to others in my age group.
What is my average sleep in the the past 30 days? Code 

Generation
Search Multi-step 

Reasoning

“Your average sleep is 463.56 minutes.”

Answer

Personal Health Insights Agent (PHIA)

Average_sleep = 
summary_df[['sleep_minutes'].mean()

Action: Code Generation

Observation:  463.56

Code Generation

“I need to find the recommended sleep duration for 
the user’s age group using the Search tool.”

Thought

Observation: 
7 or more hours of sleep per night

Search
(Recommended sleep duration for adults)

Action: Search

“Now, I will calculate the user's average sleep duration 
over all 30 days of data. ”

Thought

Average_sleep = 
summary_df[['sleep_minutes'].mean()

Action: Code Generation

Observation:  463.56

“According to the National Sleep Foundation, adults 
should sleep 7 or more hours per night. Your average 
sleep duration is 7.73 hours, which meets the 
recommended amount of sleep for your age group.”

Answer Numerical Reasoning

Numerical Reasoning

Figure 3.4: Baseline Comparison. Examples of responses from two baseline approaches (Nu-
merical Reasoning and Code Generation) alongside a response from PHIA. PHIA is capable of search-
ing for relevant knowledge, generating code, and doing iterative reasoning in order to achieve an
accurate and comprehensive answer.

such as calculating the average of a data column in the last 30 days.

Code Generation. Is it necessary to use an agent to iteratively and interactively reason

about personal health insights? As a comparative benchmark, we introduce a Code Gen-

eration model which can only generate answers in a single step. In contrast to PHIA, this

approach lacks a reflective Thought step, which renders it unable to strategize and plan mul-

tiple steps ahead as well as incapable of iterative analysis of wearable data. Moreover, this

approach cannot augment its personal health domain knowledge as it does not have access

to web search. To make a fair comparison, this baseline was fortified with a unique set of

few-shot examples that employ identical queries to those used in PHIA, albeit with responses

and code crafted by humans to mirror the restricted capabilities of the Code Generation
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model (i.e. no additional tool use and iterative reasoning).

3.4.2 Experiments

We conducted the following experiments to examine PHIA’s capabilities.

Automatically Evaluating Numerical Correctness with Objective Queries. Some

personal health queries have objective solutions that afford automatic evaluation as defined

in subsection 3.2.1. To study PHIA’s performance on these questions, we evaluated PHIA and

the baselines on all 4000 queries in our objective personal health insights dataset. A query

was considered correctly answered if the model’s final response was correct to within two

digits of precision (e.g., given a ground truth answer of 2.54 a response of 2.541 would be

considered correct and the response 2.53 would be considered incorrect). In total, 12000

model responses were recorded with two baseline approaches and PHIA.

Evaluating Open-Ended Insights Reasoning with Human Raters. Open-ended per-

sonal health queries demands precise interpretation to integrate user-specific data with expert

knowledge. To assess open-ended reasoning capability, we recruited a team of twelve inde-

pendent annotators who had substantial familiarity with wearable data in the domains of

sleep and fitness. They were tasked to evaluate the quality of reasoning of PHIA and our

Code Generation baseline in the open-ended query dataset defined in subsection 3.2.2. Due

to annotators’ minimal experience with Python data analysis, two domain experts developed

a translation pipeline with Gemini Ultra to translate Python code into explanatory English

language text (examples available in subsection A.5.2). Annotators were also provided with

the final model responses.

Annotators were tasked with assessing whether each model response demonstrated the fol-

lowing attributes: relevance of data utilized, accuracy in interpreting the question, person-

alization, incorporation of domain knowledge, correctness of the logic, absence of harmful

content, and clarity of communication. Additionally, they rated the overall reasoning of each
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response using a Likert scale ranging from one (“Poor”) to five (“Excellent”). All responses

were distributed so that that each was rated by at least three unique annotators, who were

blinded to the method used to generate the response. Rubrics and annotation instructions

can be found in Table A.3. To standardize comparisons across different metrics, final scores

were obtained by mapping the original ratings on a scale of 1-5 into a range of 0-100. Sub-

sequent scores for “Yes or No” questions are the proportion of annotators who responded

“Yes”. For example, an answer of “Yes” for domain knowledge would indicate that the an-

notator found the response to show an understanding of domain knowledge. In total, more

than 5500 model responses and 600 hours of annotator time were used in this evaluation.

Evaluating Code Quality with Domain Experts. To assess the quality of the code

outputs of PHIA and our Code Generation baseline, we recruited a team of seven data sci-

entists with graduate degrees, extensive professional experience in analyzing wearable data,

and publications in this field. Collectively, these experts brought several decades of relevant

experience (mean = 9 years) to the task. We distributed the model responses from PHIA

and the Code Generation baseline such that each sample was independently evaluated by

three different annotators. Experts were blinded to the experimental condition (i.e. whether

the response was generated by PHIA or Code Generation baseline). Unlike in the reasoning

evaluation annotators were provided with the raw and complete model response from each

method, including generated Python code, Thought steps, and any error messages. Experts

were asked to determine whether each response exhibited the following favorable character-

istics: avoiding hallucination, selecting the correct data columns, indexing the correct time

frame, correctly interpreting the user’s question, and personalization. Finally, annotators

were instructed to rate the overall quality of each response using a Likert scale ranging from

one to five (instruction details in subsection A.5.3). To facilitate comparison these ratings

were again converted into 0-100 scores. In total, 595 model responses collected over 50 hours

were used in this evaluation.

Conducting Comprehensive Errors Analysis. In addition to qualitative assessment by
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domain experts, we conducted a quantitative measurement of code quality by calculating

how often a method fails to generate valid code while answering a health insights query. To

achieve this, we determined each method’s ”Error Rate” - the number of responses which

contain code that raises an error divided by the total number of responses that used code

(e.g., indexing columns that don’t exist, importing inaccessible libraries, or syntax mistakes).

To better understand the sources of errors, two experts independently performed an open

coding evaluation on all the responses in the open-ended dataset. They were instructed to

look for errors, including hallucinations, Python code errors, and misinterpretation of the

user’s query. The results were aggregated into one of the following semantic categories:

Hallucination, General Code Errors, Misinterpretation of Data, Pandas Operations, and

Other.

3.4.3 How Does PHIA Perform?

PHIA Correctly Answers Objective Personal Health Queries. PHIA outperforms

the Code Generation baseline by 14% (84% vs. 74% in exact matching accuracy, Figure 3.5-

A). This shows that the additional complexity introduced by the agent framework helps the

model perform better, even on simple tractable queries that require limited abstract rea-

soning. Notably, the Numerical Reasoning baseline achieved only 22% accuracy, indicating

that text-only reasoning using current LLMs is a poor method for performing numerical

manipulations on personal health data. We believe this is due to the poor mathematical

and tabular reasoning abilities of current LLMs. Given the low performance on numerical

reasoning [Yuan et al., 2023], we excluded this method from costly human evaluation.

PHIA Demonstrates Superior Reasoning on Open-ended Queries. Overall, PHIA

demonstrates a significant improvement on reasoning over the Code Generation baseline in

all but two dimensions (Figure 3.5-B). Most notably, overall reasoning was substantially

higher for PHIA than Code Generation (68 versus 52 in scaled Likert rating). Annotators
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(B) Human Eval of Open Queries
on Reasoning Quality
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(C) Expert Eval of Open Queries
on Code Quality

PHIA Code Generation Numerical Reasoning

Figure 3.5: Automatic and Human Evaluation. (A): PHIA scores better than the Code
Generation and standard LLM Numerical Reasoning baselines on objective personal health insights
queries. Accuracy is based on an exact match to within two digits of precision. (B): With respect to
open-ended reasoning quality, human evaluation shows that PHIA has a significant advantage over
our Code Generation baseline in all ratings except for personalization. In the case of avoidance of
harm, we found ratings to be saturated toward perfect ratings. (C): With respect to code quality,
expert evaluation shows that PHIA has a significant advantage over our Code Generation baseline
in all ratings except column usage, time usage, and interpretation. (*) designates p < 0.05 using
the Wilcoxon signed-rank test.

rated 83% of PHIA’s responses as “Fair” (“3” on the Likert score, subsection A.5.3) or better.

In Figure A.2 we show that PHIA is also twice as likely to generate “Excellent” responses.

Other significant improvements over the baseline include the domain knowledge category
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(63 vs 38) and logic. To better understand where PHIA’s increased performance comes from,

in Figure 3.2, we found that queries in general knowledge and compare to cohort show the

largest difference. This performance difference is likely attributable to PHIA’s ability to query

web search for external information and its ability to iteratively and interactively reason its

internal parametric knowledge through Thought steps. For example, in Figure A.3 PHIA

uses its web search function to to supply information about a balanced workout routine. For

“Personal Min/Max/Avg.” questions, which are characterized by aggregations well within

the capabilities of the Code Generation baseline, the improvement was effectively zero.

The two dimensions in which PHIA closely matched the Code Generation baseline are per-

sonalization and harm avoidance. For personalization, we believe this is because the Code

Generation baseline tended to generate a similar amount of code and numerical insights

as PHIA, making the responses comparable. The raters perceived the numerical insights

generated through code as a form of personalization. Therefore, since both the Code Gen-

eration baseline and PHIA can generate code, their personalization appeared very similar to

the raters. This hypothesis is also supported by our qualitative interview in subsection 3.4.4.

However, given the overall benefits in enhancing domain knowledge, we believe PHIA remains

a superior model for reasoning about personal health queries. Additionally, we observe that

the likelihood of harm avoidance is exceptionally high. The saturated ratings indicate that

a combination of underlying model guardrails against harmful responses and the iterative

thought process in PHIA effectively prevent harmful questions, with over 99% of responses

rated as harmless. Taken as a whole our evaluation indicates that PHIA’s agent-based method

produces substantially higher quality reasoning than the Code Generation baseline and is

much more effective at addressing user-provided queries than its base language model alone.

Inter-rater agreement was considerable, with results summarized in Section A.5.4. To un-

derstand the role of web search specifically, we ablate the feature and study it in Figure A.1.
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Figure 3.6: Error and Recovery Rates. Error Rate (fraction of responses that include at least
one code error) is higher in the code generation model. Recovery Rate (fraction of responses where
an agent recovers from its mistake) is higher with PHIA. Results shown with 95% bootstrapped
confidence intervals.

3.4.4 Qualitative Analysis of Rater Perceptions

To better understand the rating process and provide insight into the nuances of evaluat-

ing model responses in health and fitness, we conducted qualitative interviews with two

annotators and two experts. Several key themes emerged from these discussions:

The Nuance of Personalization. All annotators agreed that the presence of numerical

insights and metrics made them give higher ratings on personalization - “As long as there are

numerical insights, that would be a ‘Yes’ on personalization” [Rater 2]. “I remember another

example like how do I lose weight? And it gives a generic answer for getting active ... For 150

minutes a week, but it does not reference what the user’s, like, current active minutes are.

And I feel like that’s a missed opportunity. It could say if they’re only active for 10 minutes

a week. That’s a clear personalization that could help. But it doesn’t really reference that.

And so that was like a no.” [Rater 3]. These comments highlight the importance of referring

to numerical insights to achieve better personalization.

The Challenge of Context in Personal Health Data. Raters consistently emphasized

the difficulty of accurately assessing model responses without full user context. While nu-
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merical data provides some insight, it lacks the rich tapestry of individual lifestyle, habits,

and circumstances. As one annotator noted, “Understanding and reading can be challenging

at times; you have to read it multiple times for the more subjective questions, but on the

more closed ended ones, definitely easier” [Rater 1]. This highlights the inherent limitation

of evaluating health advice based solely on quantified data, mirroring real-world scenarios

where clinicians rely on a holistic understanding of their patients.

The Importance of Integrating Domain Knowledge. The inclusion of relevant and

authorized domain knowledge consistently elevated the perceived quality of model responses.

Raters looked for evidence that the model could integrate authoritative health information

and go beyond generic advice. “If it did say you’re short on active minutes than the recom-

mended exercise duration, then I would give a ‘Yes’ in domain knowledge” [Rater 4]. This

reinforces the importance of grounding health and fitness recommendations in established

medical and scientific consensus. Additionally, the annotators also commented about the

model’s ability to connect insights to domain knowledge proved a key differentiator. For

example, one annotator highlighted, “If the query is, ‘How many hours have I slept?’ and

then it referenced some authorized domain knowledge on the recommended sleep duration

and compared against to the personal sleep duration, that was a better overall response than

just listing out the numerical insights” [Rater 2]. This suggests the importance of going be-

yond simply presenting data; models must demonstrate understanding of the user’s unique

situation and interpret them in the context of relevant domain knowledge in order to tailor

responses accordingly.

Navigating Harm and Uncertainty. Raters expressed a heightened awareness of po-

tential harm, particularly regarding medical advice. They favored cautious responses and

emphasized the model’s responsibility to defer to healthcare professionals when appropriate.

As one annotator explained, ”I don’t believe [the model] should have the authority to tell

the user diagnosis guidance and information” [Rater 1]. This underscores the ethical consid-

erations inherent in developing AI for health applications, particularly when user safety is
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paramount. Quantitatively, annotators thought that model responses could cause harm in

less than 0.1% of cases (subsection 3.4.3). Beyond navigating harms, annotators remarked

that models would occasionally referenced nonexistent data columns or metrics, impacting

the overall quality and reliability of its responses.

3.5 Discussion

Our results suggest that PHIA, with its capabilities of iterative and interactive planning

and reasoning with tools, is effective for analyzing and interpreting personal health data.

We observe strong performance on objective personal health insights queries, with PHIA

surpassing two commonly used baselines by 290% and 14% respectively. This indicates that

agent-based approaches like PHIA have significant advantages over numerical reasoning and

code generation alone. Moreover, despite being designed for more complex tasks, the ability

to do iterative reasoning in code generation is useful for addressing even simple objective

queries that often require only a few lines of code.

The improvement extends to complex open-ended queries. By engaging experts of wearable

data in our evaluation, we show that PHIA exhibits superior capabilities in reasoning health

insights and interactive health data analysis with code generation, compared to our baseline.

This is all the more impressive given that PHIA and the code generation baseline are powered

by the same language model (Gemini Ultra 1.0). PHIA requires no additional supervision,

only advanced planning abilities and the option to perform iterative reasoning of internal

knowledge and interaction with external tools (e.g., web search). Therefore, as language

models continue to improve, these benefits can be trivially transferred to systems like PHIA.

While PHIA’s advanced reasoning capabilities offer significant advantages, it is crucial to

ensure that these systems are designed with robust safety measures to prevent misuse or

unintended consequences. Our human evaluation also reveals that PHIA is capable of avoiding

harmful responses and refusing to answer unintended queries, such as clinical diagnosis,
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thereby demonstrating the robust safety of our system.
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Question:
How can I feel more awake and energetic during the day?

PHIA Response:
Thought:
I need to search for recommendations for feelingmore awake
and energetic. Then, I’ll analyze the user’s sleep data to iden-
tify potential areas for improvement.

ÛAct: Search
Search(request=’How can I feel more awake and energetic
during the day?’)

Observe:
...getting the recommended 7 to 9 hours of sleep is difficult for
some....Try to exercise Outside...Get Plenty of Rest...Manage
negative emotions. Spend time outdoors. Listen to upbeat
music

Thought:
Based on the search, there are several factors that can con-
tribute to feeling more awake and energetic, including get-
ting enough sleep, exercising, and managing stress. I’ll now
analyze the user’s sleep data to see if there are any areas
where they can improve.

3Act: Python
# Calculate the average sleep duration
avg_dur = summary_df [’sleep_minutes ’]. mean ()
# Calculate the percentage of nights with less than 7 hours of sleep
short_nights = ( summary_df [’sleep_minutes ’] < 7*60). sum () \ / len( summary_df ) * 100
(avg_dur , short_nights )

Observe:
(446.08, 30.00)

Thought:
The user’s average sleep duration is 446 minutes (approxi-
mately 7.4 hours) which is within the recommended range of
7-9 hours. However, they are getting less than 7 hours of sleep
on 30% of nights. This suggests that improving sleep consis-
tency could help the user feel more awake and energetic.

Answer:
Get enough sleep: Most adults need 7-9 hours of sleep per
night. The fact that you’re getting less than 7 hours of sleep
on 30% of nights suggests that you may benefit from increas-
ing your sleep duration.
Exercise regularly: Exercise can help improve sleep quality
and increase energy levels.
By following these recommendations, you can improve your
sleep quality and increase your energy levels, helping you feel
more awake and energetic during the day.”

Question:
Should I incorporatemore cardio withmy current physique?

PHIA Response:
Thought:
I need to know the user’s current physique and cardio levels.

3Act: Python
# User ’s height and weight
height_cm = 156
weight_kg = 66
# Calculate BMI
bmi = weight_kg / ( height_cm / 100) ** 2
# Calculate average active zone minutes
avg_active_zone_minutes = summary_df [’active_zone_minutes ’]. mean ()
(bmi , avg_active_zone_minutes )

Observe:
(27.12031, 86.99066)

Thought:
The user’s BMI is 27.12, which is considered overweight. Their
average active zone minutes is 86.99, which is above the rec-
ommended amount. However, I need to know what type of
cardio they are currently doing.

3Act: Python
most_common_cardio_activity = activities_df [ activities_df [’activityName ’]. isin ([ ’Run ’, ’Treadmill ’, ’Outdoor Bike ’, ’Elliptical ’, ’Spinning ’])][ ’activityName ’]. mode ()[0]
most_common_cardio_activity

Observe:
Outdoor Bike

Thought:
The user’s most common cardio activity is Outdoor Bike. Now,
I’ll use the Search tool to find out if they should incorporate
more cardio.

ÛAct: Search
Search(request=’Should I incorporate more cardio if I already
bike?’)

Observe:
You can end up with a much more intense cardio workout
in the same amount of time. Mountain biking is a lot more
dynamic and can be good for your upper body too (get up
out of your seat often), this can help increase your cardio load
as you are actively using more muscles. It’s also all too easy
to sit and spin on a road bike, cover some distance and not
really have a solid workout. I was told once by a trainer that if
my heart rate is elevated for the same amount of time, at the
same rate, that I was experiencing the same cardio workout,
no matter the activity.

Answer:
Based on your BMI of 27.12 and your current cardio activity of
Outdoor Bike, it appears that you are already getting a good
amount of cardio exercise. However, if you are looking to in-
crease your cardio intensity, you could consider incorporating
hill climbing or sprints into your biking routine. Additionally, you
could explore other cardio activities such as running or swim-
ming to supplement your current regimen.

Figure 3.7: Examples of PHIA. PHIA is capable of personalizing answers to open-ended health
insights questions based on user information.
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3.6 Limitations and Future Work

Effectiveness of Proposed Interventions. While our results show that LLM-powered

agents are effective tools for generating personal health insights, some limitations remain.

Human annotators found PHIA’s responses to be clear, relevant, and unlikely to cause harm

(Figure 3.5-B), but nonetheless we make no claim as to the effectiveness of these insights

for helping real users understand their data, facilitating behavior changes, and ultimately

improving health outcomes. Our aim in this paper is to define methods, tasks, and evaluation

frameworks for agents in personal health. We leave it to future work to evaluate the efficacy

of agent methods through clinical trials.

Veracity of Suggestions. Furthermore, although our annotators have significant famil-

iarity with the Google wearable ecosystem and Python data analysis, we did not employ

health experts to assess the domain-specific validity of PHIA’s recommendations. However,

the majority of queries in our objective (subsection 3.2.1) and open-ended (subsection 3.2.2)

datasets are answered through assessment of user data and do not require advanced health

knowledge. Nonetheless, we acknowledge that before PHIA or a similar agent is deployed

as a service, care should be taken to verify the accuracy of suggestions where applicable.

Furthermore, although dozens of examples have been manually checked by experts to ensure

quality, we recognize that the language model based translation process of our reasoning

evaluation with human evaluators (with no programming background) may introduce noise.

Future Extensions of Tool Use. In this paper we focus on the analysis of data from

wearable devices with code generation and explore how that data can be augmented with

outside information from web search. PHIA’s toolset is limited but easily extendable; it could

be expanded to include analysis of health records, user-provided journal entries, nutrition

plans, lab results, readings from connected devices such as smart scales or blood sugar

monitors, and more. Additionally, PHIA’s reasoning capabilities are enhanced through few-

shot learning. We expect fine-tuning the base language model with a set of agent reasoning
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traces in personal health could further boost the performance of PHIA.

Focus on and Limitations of Wearable Data. We would like to emphasize that future

systems that interpret consumer health data like PHIA should not be used to treat serious

medical conditions. For example, PHIA’s suggestion that a user could increase their cardio

intensity (Figure 3.7) might not be appropriate for a user with congestive heart failure.

Moreover, PHIA and similar systems should not be used to derive insights into conditions

that cannot be accurately measured with wearable devices. While future agenic systems

could process data from other medical devices, the scope of this study is limited to conditions

which can be monitored with consumer wearables

Generalization to Other Language Models. As noted in Chapter 3, Section 3.3 we

restrict our experiments to a single base language model (Gemini 1.0) to study the benefits

of agent frameworks and tool use in isolation. Due to the substantial cost incurred through

650 hours of human evaluation it was not feasible to verify the central claims of this paper

with other language models. Nonetheless, based on observable similarity between state-of-

the-art language models we hypothesize (but do not formally claim or prove) that these

findings extend to other language models.

3.7 Conclusion

In this paper, we introduce the first LLM-agent powered framework in personal health in-

sights called PHIA. It iteratively reasons about a personal health query and interacts with

wearable data using code generation and search tools. We collected and will publicly release

a large dataset of over 4,000 personal health insights queries, and generated privacy-sensitive,

synthetic wearable users that capture the diversity of real-world wearable users. Through

human evaluation of more than 6000 model responses from a wide breadth of health in-

sights queries, we demonstrate PHIA produces better responses than LLM-based baseline

approaches through iterative reasoning and tool use.
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Sleep and fitness are crucial to population health. 7 of the 15 leading causes of premature

death in the United States are linked to reduced sleep duration [Chattu et al., 2018], and

physical inactivity is linked to 9% of premature mortality worldwide [Lee et al., 2012]. PHIA

showcases how we can bring the power of language model agents into everyday lives and

empower users to draw conclusions from their own data. However, we emphasize that we see

PHIA only as a starting point. As LLMs continue to improve in reasoning and to integrate

medical domain knowledge then undoubtedly additional applications of agents in personal

health will be unlocked. An agent like PHIA could analyze a user’s medical health records,

or help a user communicate with their medical team, or identify early warning signs of

more serious medical conditions. Agents have the potential to change healthcare by enabling

individuals to draw and communicate accurate conclusions from their own health data. PHIA

is a promising first step towards this end.



50

Chapter 4

SELF-SUPERVISED PRETRAINING AND TRANSFER
LEARNING ENABLE FLU AND COVID-19 PREDICTIONS IN

SMALL MOBILE SENSING DATASETS

This work was previously presented in two papers at CHIL ’23, both published in PMLR.

Mobile sensing data from phones, watches, and fitness trackers offer an unparalleled op-

portunity to track complex behavioral changes and symptoms, detect high risk individuals

in large populations, and deploy targeted interventions. Because many conditions manifest

themselves through behavioral and physiological changes (e.g., reduced activity, disrupted

sleep, increased heart rate), leveraging these data could minimize the impact of emerging

diseases. Currently, such conditions exact a massive toll (e.g., [Mezlini et al., 2021]), with

contagious respiratory illnesses such as COVID-19 (or influenza/flu) rising to the second

leading cause of death in the U.S. in January 2022.

Despite the enormous potential and availability of these data for well over a decade, broad

and tangible impacts on population health have yet to be realized. For example, consider

their limited impact on COVID-19, which reduced gross global product by $28 trillion [In-

ternational Monetary Fund, 2020]; except for contact tracing apps, which do not require

predictive modeling, the global COVID-19 response made no significant use of these data

beyond research studies.

While neural representation learning approaches have provided transformative performance

improvements across Natural Language Processing (NLP) and Computer Vision (CV) [Mikolov



51

et al., 2013, Devlin et al., 2018, Lewis et al., 2019a, Lan et al., 2019, Liu et al., 2019, He

et al., 2016, Krizhevsky et al., 2012], currently these techniques are rarely adopted for mobile

sensing research and applications. In contrast to typical NLP and CV benchmark datasets,

mobile sensing data are usually very limited in size (often less than 20 individuals due to

arduous and expensive data collection [Xu et al., 2021]), frequently contain missing data

(93% of days in our data; e.g. when device is not used or charging), consist of long history

time series (>10,000 min-by-min time steps for one week of data) with relevant long range

dependencies (e.g. changes in heart rate across multiple days), and feature extreme class

imbalances (up to 2760:1 in our data; because most people are not sick on most days) [Xu

et al., 2021]. Therefore, researchers have often been limited to using small datasets and

less data hungry non-neural models such as boosted tree models with hand-crafted features

which typically perform worse (e.g., [Xu et al., 2021, Laport-López et al., 2020, Zhang et al.,

2021, Nair et al., 2019, Lin et al., 2020, Hafiz et al., 2020, Buda et al., 2021, Mairittha et al.,

2021, Meegahapola et al., 2021]).

In this chapter we describe a neural architecture for multivariate time series classification

specifically designed for these unique domain challenges. (1) this model learns directly from

raw minute-level sensor data (in contrast to prevailing use of manually defined features;

Section 4.4), (2) leverages novel self-supervised pretraining tasks (Section 4.6) and trans-

fer learning to improve performance in datasets of limited size without requiring additional

supervision, (3) directly models potentially informative missingness patterns instead of ex-

cluding participants with missing data, (4) captures long-range dependencies across long-

history time series through transformer layers [Vaswani et al., 2017], while (5) reducing the

input sequence length to these transformer layers through hierarchical feature extraction of

convolutional neural networks (CNNs).1

Next, we present a framework of best practices for evaluating mobile sensing models (Sec-

1Because the full self-attention mechanism of transformers has computational and memory requirements
that are quadratic with the input sequence length [Beltagy et al., 2020].
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tion 4.3), which describes (1) how to avoid massively overestimating model performance

relative to expected real-world performance, and (2) an approach to reduces the statistical

uncertainty introduced by inherent extreme class imbalances (up to 1:2,760 in our evaluation

data; Section 4.2) that is based on jointly comparing model performance across multiple pre-

diction tasks. We then apply this framework to the evaluation of the proposed model across

four experiments.

In Experiment 1 (Section 4.6.2) we evaluate model performance across five single domain

prediction tasks related to predicting the flu with FitBit wearable data, and show that

CNN encoders, transformer blocks, modeling missingness, and self-supervised pretraining

significantly increase predictive performance, up to 0.15 ROC AUC relative to common

baselines.

In Experiment 2 (Section 4.6.3) we compare three novel self-supervised pretraining tasks

and show that a task which incorporates basic domain expertise performs best.

In Experiment 3 (Section 4.6.4) we demonstrate transfer learning of pretrained behav-

ioral representations. Specifically, we simulate 20 separate small data studies with only ten

participants each for training. We show that finetuning a pretrained model (trained on a

separate self-supervision task on an independent set of participants) on these ten participants

outperforms training from scratch with a ∼ 16% improvement in precision-recall AUC.

In Experiment 4 (Section 4.6.5) we extend the previous transfer learning setting to an

exploratory case study of zero-shot COVID-19 prediction in a small third party dataset. In

this zero-shot paradigm, without any training on COVID-19 cases, the proposed pretrained

model achieves a 0.62 ROC AUC, while an XGBoost baseline cannot exceed near-random

performance (0.51 ROC AUC).2 This demonstrates that the pretraining of the proposed

model architecture is able to learn generalizable features that enable significant performance

improvements across multiple domains (flu and COVID-19).

2Note that statistical power is limited due to the small dataset size, and therefore we first include the
repeated simulation study of Experiment 3 to demonstrate robustness of transfer learning performance.
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Finally, we reflect on these advances and potential implications in the the context of the

medical literature on surveillance testing (Chapter 4, Section 4.7). Advances in model per-

formance especially on small datasets and novel disease scenarios could support a more

widespread use of mobile sensing data as well as enable rapid deployments in emerging

disease scenarios. For example, in the crucial early days of the COVID-19 pandemic, labora-

tory testing was not widely available, and many positive cases remained undetected. In this

setting, a generalizable pretrained model could be fine-tuned on the few test cases already

available, and used to identify members of a population who may be infected and should

be targeted for additional testing or interventions [Brook et al., 2021, Nestor et al., 2021,

Quer et al., 2020]. It is promising to note that the proposed model enables predictive per-

formance comparable to some flu and COVID-19 rapid antigen tests (ca. 0.68 to 0.88 ROC

AUC [Bachman et al., 2021, Chu et al., 2012]). Still, we emphasize that additional research

and validation experiments are needed to support the use of predictive models such as ours

in public health strategy and policy.

In summary, our contributions include:

• The largest public dataset of wearable data and gold standard (PCR) viral infection

test results.

• A neural architecture for multivariate time series classification in mobile sensing and

novel set of pretraining tasks (Section 5.4)

• A framework for evaluating mobile sensing models, which provides best-practices for

selecting realistic prediction tasks and mitigating inherent statistical uncertainty during

model selection (Section 4.3)

• An empirical evaluation demonstrating that the proposed approach significantly im-

proves prediction performance on small datasets through transfer learning in both flu

predictions and a case study of a novel zero-shot COVID-19 prediction task (Sec-

tion 4.6.1).
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4.1 Related Work

Our model builds upon prior work in neural methods and transfer learning for behavioral

sensing and modeling. Our model is the first to learn generalizable feature representations

from long-history multivariate time series to enable transfer learning in small datasets.

4.1.1 Neural Models for Time Series Classification in Mobile Sens-

ing

Behavioral data has been modeled and mined using deep learning techniques across a variety

of domains, including human activity recognition (using CNN) [Yao et al., 2017], personal-

ized fitness recommendation (using stacked LSTM [Hochreiter and Schmidhuber, 1997]) [Ni

et al., 2019], mood prediction (using RNN, GRU, or autoencoder) [Suhara et al., 2017, Cao

et al., 2017, Spathis et al., 2019], stress prediction (using LSTM and autoencoder) [Li and

Sano, 2020], health status prediction (using CNN and cross-attention) [Hallgŕımsson et al.,

2018], and personality prediction [Wu et al., 2020]. Two studies experimented with multi-

head attention and convolution as we do here, but neither paper applies this architecture to

transfer learning [Song et al., 2018, Tang et al., 2021]. Liu et al. [2022] apply a CNN au-

toencoder to raw sensor data to predict COVID-19, but do not experiment with transformer

layers nor transfer learning as we do here.

Until very recently, the state of the art in time series classification has eschewed deep learning

in favor of more traditional statistical learning methods [Fawaz et al., 2019]. Fawaz et al.

[2019] propose a set of benchmark datasets and tasks for time series classification, but relative

to the minute-level time series we model here these datasets are shorter (at most 2,000

observations in length), do not contain missing data, and are mostly univariate.
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4.1.2 Self-Supervised Learning in Behavioral Modeling

In the broader field of self-supervision for time series classification, the most relevant work

is Zerveas et al. [2021], who use a simple linear projection to shrink the input multivariate

time series to the scale supported by transformers. Zhang et al. [2019] use an LSTM to learn

self-supervised representations of multivariate timeseries, but apply this method to anomaly

detection. Transfer learning remains a “grand challenge” for mobile sensing [Wang et al.,

2019], and has been explored in human activity recognition [Ma et al., 2020], stress and

mood prediction [Jaques et al., 2017, Li and Sano, 2020], and forecasting adverse surgical

outcomes in an ICU [Chen et al., 2020]. Hallgŕımsson et al. [2018] use a CNN autoencoder

to forecast heart rate from steps and sleep data, but do not predict acute events like viral

infection. Kolbeinsson et al. [2021] pretrain transformers to auto-regressively predict one of

several handcrafted features on a day given the previous day’s aggregated sensor data, but

do not model minute-level raw time series to predict a multitask array of features as we do

here. Furthermore, none of these applications focus explicitly on model transfer to small

datasets. Tang et al. [2021] study performance on small datasets, but unlike our work do

not evaluate with a zero-shot, out-of-domain task.

4.2 Dataset

4.2.1 Study Description

Homekit2020 is a 4-month prospective decentralized study run on the Evidation Studies

platform [Kotnik et al., 2022]. The aim of the study is to understand if data from consumer

wearables and self-reported symptoms can be used to detect the onset of a respiratory illness.
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4.2.2 Study Demographics and Statistics

The study involved 5, 034 participants, who were recruited from the Evidation platform,

targeting adults (age ≥ 18 years) residing in the United States with an active Fitbit wearable

sensor connection. Study enrollment began in December 2019, shortly after the 2019-2020

influenza season began. All eligible participants owned a wearable Fitbit device capable of

capturing steps, sleep and heart rate data, and agreed to wear the device as much as possible

for the duration of the study. Dataset statistics are summarized in Table 4.1. Overall, the

fraction of missing data was low (9.8%, translating to an average of 21.6 hours of data

per day) and the Daily Questionnaire completion rate was high (85%). While this study

represents the largest public dataset of its kind, and participants were spread across 50 US

states, limitations include that the study sample skewed white and female. Often, mobile

health datasets include largely very healthy individuals, limiting the representation of and

value to the broader population. However, in our dataset, the mean BMI is 30.3, which is

similar to the average BMI in the U.S. population (29.1 for men, and 29.6 for women).

4.2.3 Study Flow

During the enrollment period, participants signed an electronic informed consent, completed

a baseline survey, and activated and connected their wearable Fitbit devices to the Evidation

studies platform. Over the following 4 months of the study (120 days), each participant was

sent a daily survey that asked about the presence of any influenza-like illness (ILI) symptoms

in the past 24 hours. Participants who indicated they had experienced ILI symptoms in

the previous 24 hours were given the Daily Follow-up A survey, which included items to

assess symptom onset and severity, and were directed to open their flu@home test kit and

self-administer the flu@home test. At the lab, PCR testing was performed to detect the

presence of different types of respiratory viruses. If participants reported not experiencing

ILI symptoms over the past 24 hours or were recovering from severe ILI symptoms, they

were given the Daily Follow-up B survey which asked about quality of life indicators and, if
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Screener

Informed Consent 
Form

Connect Fitbit
+

Baseline Survey

Daily Surveys
1 - 120

Daily Survey B 
healthy

Recovery Survey

First Daily Survey

Daily Survey B
Recovering

07/06/2020
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Data Collection

Enrolled

12/13/2019 02/02/2020Enrollment

12/13/2019

Flu Kit Triggered
from symptom severity

Daily Survey A
Symptomatic Day 

Fitbit Worn
1-120 days 

Final Survey

✓ Flu+
+

flu@home RDT
& in-app survey

Figure 4.1: An overview of the study design used for Homekit2020. If a participant reported
symptoms on a given day (highlighted in orange) they were sent a test-kit the following day (grey).
The symptomatic period (yellow) lasted until the participant reported no symptoms (blue). (Sec-
tion 4.2.1)

applicable, about residual ILI symptom severity upon recovery.

Participants who completed the flu@home test were also asked to complete a follow-up survey

(Recovery & flu@home Experience Survey) 14 days later, which asked questions about their

current health status including potential recovery. Fitbit devices were worn for the entirety

of the study, and for an additional month after the end of the 120-day survey period. The

devices captured data at minute-level granularity for steps, sleep and heart rate. The data

were also aggregated to day-level features as shown in Table 4.3.

An overview of the study design for data collection is shown in Figure 4.1.

4.2.4 Tasks

We evaluate methods on five behavioral modeling tasks. Below “severe” constitutes a three

or more on a four point Likert scale.
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• Flu Positivity: Will the participant produce a nasal swab that tests positive for the

flu today? This task emulates existing surveillance studies for both flu and COVID-19

where users are frequently tested for respiratory viral infection and asked to self-isolate

in the event of a positive result [Chu et al., 2020, Fusco et al., 2020].

• Severe Fever: Will the participant report a severe fever today?

• Severe Cough: Will the participant report a severe cough today?

• Severe Fatigue: Will the participant report severe fatigue today?

• Flu Symptoms: Will the participant report two or more flu symptoms (including

cough, fever, and fatigue) of any severity today? This prediction is important because

preliminary screening for flu typically recommends a patient for additional treatment

or testing if they report some combination of two or more symptoms [CDC, 2021a], and

this was the criterion used in the flu monitoring study that produced the evaluation

dataset as well.

4.3 Challenges in Evaluation

There are few, if any, established best practices for evaluating behavioral models [Nestor

et al., 2021, McDermott et al., 2021]. Given this lack of guidance, current evaluation

paradigms vary significantly across studies. Here, we identify two common challenges to

evaluating behavioral models in health and propose accompanying solutions. In summary,

evaluations for behavioral models in healthcare should:

• Replicate genuine conditions, such as only using data from the past to inform predic-

tions, and be tolerant to endemic missing data (Section 4.3.1).

• Faithfully quantify statistical significance, in particular when condition positive exam-

ples are rare, as is often the case in diagnostic testing (Section 4.3.2).
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4.3.1 Problem: Evaluations in artificial settings may lead to mis-

leading performance estimates

Feature Description

# of participants 5034

# of participants who tested flu positive 206

Mean number of days of data 114

Mean % of missing data per day (±SD) 9.8% (21%)

Daily Questionnaire completion rate 85%

Mean age (±SD) 37.7 (10.2)

% female 72%

Mean BMI (±SD) 30.3 (20.3)

# of US States Represented 50

% White participants 94.1%

% Black participants 4.6%

% Asian participants 4.2%

Table 4.1: Summary statistics for the Home-
kit2020 Flu Monitoring Study

Without a clear health application in mind

from the outset it can be difficult for re-

searchers to define tasks which faithfully repli-

cate “real world” conditions. It is not uncom-

mon for models to:

• train on data from the future, e.g. by us-

ing data from one user at the end of the

data collection period to inform predic-

tions about another user at the begin-

ning [Wang et al., 2016],

• use data collected in laboratory settings

with limited ecological validity [Ismail

et al., 2020],

• make predictions only if a user supplies

sufficient data by using a device frequently [Malik et al., 2020, Wang et al., 2014].

These practices may overestimate performance in diagnostic settings where a model would

only have access to data from the past, rely on in-situ data, and would be most useful if it

could function even with endemic missing data [Nestor et al., 2021, Ismail et al., 2020].

Solution: Situate tasks around plausible healthcare scenarios. Here, we structure

our prediction tasks to emulate the following realistic scenario:

Given training data from the first half of a flu season, how well can a model

predict symptoms and infections in the second half of the flu season for every

user on every day?
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Such a scenario arises in surveillance testing, where a population is frequently tested and

positive individuals are asked to undertake additional testing or self isolate [Mercer and Salit,

2021]. Additionally, our tasks only use data from the seven days prior to a predicted event so

that no information from the future informs a prediction about the past. We also include no

explicit information about a users identity (e.g. participant id or demographics) to encourage

models to learn generalizable motifs about activity data rather than facets of individual users’

behavior. This evaluation setting follows existing best-practice recommendations and avoids

falsely overstating the level of performance [Nestor et al., 2021].

4.3.2 Problem: Predicting rare events limits statistical power and

makes model selection inherently challenging

In mobile sensing for public health, relevant events are often fairly rare as intuitively most

people are not sick most days. For example, one useful application of surveillance testing

for respiratory viral infections is that if an individual tests positive they can self isolate and

limit the spread of the infection to others. The CDC estimates that the average American

has a 10% chance of a symptomatic flu infection in a 365 day period, implying that the prob-

ability of an American receiving an initial positive flu diagnosis on a given day is roughly

0.027% [CDC, 2021b]. This corresponds to a 1:3,703 class imbalance, similar to the 1:2,760

in our evaluation dataset. Modeling challenges aside, these extreme class imbalances make

comparing model performance difficult as they limit statistical power and lead to large con-

fidence intervals across many common test statistics. For example, for the Delong Test, a

common test for comparing the ROC AUCs of two classfiers, the variance of the difference

in AUCs is proportional to 1
(N−m)m , where N is the size of the dataset and m is the number

of true positive examples [DeLong et al., 1988]. Intuitively this variance is minimized, and

statistical power maximized, when m = N/2 (a 1:1 class balance), and variance is maximized

when m = 1.

Empirically, uncertainty can be quite high on realistic tasks, with peer studies of COVID-19
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Figure 4.2: Our Model combines a CNN encoder for learning hierarchical and temporal features
from raw time series data and a transformer for learning long-range relationships between these
features. Additionally, we provide three novel self-supervised pretraining tasks for learning from
unlabeled data.

and flu detection reporting confidence intervals as high as ±0.1 ROC AUC [Quer et al., 2020].

Such statistical uncertainty makes it difficult to compare models, as extreme improvements

in predictive performance on individual tasks are required to make strong claims about

methodological progress.

As outlined in Section 4.3.1, many studies of interesting phenomena such as COVID-19

massively subsample true negatives to artificially deflate this class imbalance [Quer et al.,

2020]. This creates a much simpler (but unrealistic) task, since higher false positive rates do

not massively impact overall performance [Haibo He and Garcia, 2009].

Solution: Aggregate performance across multiple tasks to increase statistical

power. Here, rather than directly compare the performance of models on individual tasks,

we instead jointly compare the relative performance of models across all tasks to improve

statistical power. Intuitively, if a model performs best on all tasks, but not with high

statistical significance on any one test, the probability that the model performance is indeed

the same as all others is low. Specifically, we employ a Critical Difference plot [Brazdil

and Soares, 2000], which first uses Friedman’s statistic [Friedman, 1940] to test the null

hypothesis that there is no difference between the relative performance of models, and then
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deploys pairwise significance tests (e.g. Wilcoxon signed rank) between classifiers. This

method, used here for the first time in mobile sensing for epidemiology, allows us to make

statistically sound claims about our model’s improvement over other common techniques

without simplification of the underlying tasks.

4.4 Model Architecture

Notation. Formally, we define a given input sensor stream as xi ∈ Rm×1, where m is the

length of the time series, and xit is the value of sensor stream i at time t. We assemble

X = (x0, .., xn) ∈ Rm×n as a multivariate time series of n streams in a given user’s data.

Convolutional Encoder. The convolutional encoder learns a temporal, hierarchical feature

representation of the raw sensor data. Given the input multivariate time series X, we stack

q convolutional layers. In the simplest case, when stride and kernel size are not considered,

the output of the jth channel Cj with input size (Cin, Lin) is:

out (Cj) = bias (Cj) +
Cin−1∑

k=0
weight (Cj, k) ⋆ input (k)

where ⋆ is the cross-correlation operator, and weight and bias reflect learned parameters

unique to each channel and each layer. Between layers we apply ReLU and batch-norm,

which limit overfitting. We denote the final output of the CNN Encoder as X, which has

dimensionality (Cout,q, Lout,q).

Transformer Blocks. Intuitively, this module learns relationships between the features

produced in the final output of the CNN encoder. Our model uses a stack of u transformer

blocks, each composed of r attention heads and a feed forward layer.

Allowing for Missing Data. Researchers frequently report missingness as an obstacle to
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adopting deep learning techniques. In our dataset, 93% of days contain at least a minute of

missing data. Accordingly, we model missingness by replacing missing values with zeros and

including a binary flag for each of the sensor streams which encodes if the sensor reading is

missing in that timestep.

Training. We train our model with the Adam optimizer [Kingma and Ba, 2017] and cross

entropy loss. Details about hyperparameter tuning are available on the project’s github.

Note on explicitly modeling class imbalance. In writing this paper we experimented

with several common techniques for modeling imbalanced classification problems, includ-

ing focal loss [Lin et al.] and balanced cross entropy loss. We note that these methods

did not significantly improve performance, perhaps because the difficulty of the underlying

classification problem dwarfs the difficulty imposed by class imbalance. Nonetheless, as we

show in Section 4.3.2, it is important to evaluate model performance on these tasks with the

imbalance in mind.

4.5 Model Performance

Our model outperforms all baselines on every task (Table 4.2), which indicates that our

method is a meaningful improvement over state of the art classifiers for behavioral data.

Flu Positivity Severe Fever Severe Cough Severe Fatigue Flu Symptoms
ROC PR ROC PR ROC PR ROC PR ROC PR

XGBoost (Day Level) 0.708 0.003 0.741 0.013 0.704 0.018 0.708 0.032 0.647 0.044
LSTM 0.674 0.001 0.733 0.006 0.649 0.008 0.710 0.017 0.606 0.026
ResNet 0.551 0.001 0.701 0.004 0.629 0.007 0.686 0.014 0.629 0.036
CNN 0.860 0.002 0.801 0.015 0.690 0.008 0.699 0.016 0.612 0.024
CNN-Transformer 0.884 0.007 0.790 0.039 0.697 0.023 0.713 0.038 0.640 0.042
CNN-Transformer (PT) 0.887 0.010 0.818 0.056 0.708 0.023 0.758* 0.074* 0.671* 0.066*
Class Balance 1:2,760 1:643 1:132 1:78 1:37

Table 4.2: Results on all tasks for our model. *Indicates p < 0.05 (Delong). Note that while
substantial class imbalance precludes statistically significant results on some tasks (“Flu Positiv-
ity”, “Severe Fever”, and “Severe Cough”), our model (CNN-Transformer Pretrained (PT))
performs better than all baselines and ablations when jointly evaluating performance across all
tasks to increase statistical power (Figure 4.3).
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Figure 4.3: Critical Difference Plot [Brazdil and Soares, 2000] between models at α = 0.1. Num-
bers indicate each model’s average ranking on the single domain prediction tasks, while the thick
dark line connects models which are not significantly different from one another. This demonstrates
that Our Model, which uses pretraining and models missing data, significantly outperforms ResNet,
CNNs, XGBoost, and CNN-Transformers across tasks (average rank=1.0).

Here we focus on precision-recall AUC, since the metric is typically more informative in

cases of extreme class imbalance [Saito and Rehmsmeier, 2015]. Through Delong’s test

we find significant improvements in ROC AUC and PR AUC on the “Severe Fatigue” and

“Flu Symptoms” tasks at α = 0.05. We employ Friedman’s test and pair-wise Wilcoxon

signed-rank tests to compare performance across tasks, and find that our model significantly

outranks XGBoost, CNNs, and CNN-Transformers at the best-practice parameter α = 0.1

[Brazdil and Soares, 2000], as it ranks first across all tasks. A critical difference plot is

available in Figure 4.3, which shows that our model is the best performing model overall,

and that there is no statistically significant difference in the rankings of XGBoost, CNN,

and the (non-pretrained) CNN-Transformer. A complete summary of results is available in

Table 4.2.

4.6 Comparing Self-Supervised Pretraining Tasks

Much like in computer vision and NLP, labeled behavioral health data are expensive to collect

at scale because labels require costly testing infrastructure. Transfer learning through self-

supervised pretraining helps models learn generalizable representations from unlabeled data,
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where the status quo is only being able to learn from limited labled data. Here, we propose

three techniques for self-supervised pretraining for behavioral data.

4.6.1 Pretraining Tasks

Same User. Prior work indicates that data from the same user on different days are often

highly correlated relative to data from other users [Wang et al., 2016]. Drawing inspiration

from next sentence prediction tasks in NLP [Logeswaran and Lee, 2018], we hypothesize

that a model that is trained to encode the differences between users may learn useful rep-

resentations of behavioral data. To this end, we construct a dataset of one million pairs

of (non-overlapping) windows from the same user, and one million pairs of windows from

different users. We use the same encoder to generate embeddings for each of the windows in

the pair, concatenate the embeddings, and use a linear layer to classify whether the pair of

windows were from the same user (Figure 4.2A).

Autoencoder. For this pretraining task, we add a CNN decoder to the end of our model

and use a mean-squared error objective to learn a reconstruction of the input time series from

our model’s lower dimensional embedding (Figure 4.2B). For simplicity’s sake our decoder

is a reflection of the encoder, i.e. it has the same architecture but with its one dimensional

convolutions replaced with one dimensional deconvolutions and with a decreasing number of

channels such that the final output has the same dimensionality as the original input.

Domain Inspired Features. As previously mentioned, the majority of prior work in

behavioral modeling has focused on classification tasks with hand-crafted features. While

neural minute-level models may achieve superior performance than simple classifiers trained

on these features, there is nonetheless a large body of work supporting the utility of hand-

crafted features in sensing [Xu et al., 2021, Laport-López et al., 2020, Zhang et al., 2021,

Nair et al., 2019, Lin et al., 2020, Hafiz et al., 2020, Buda et al., 2021, Mairittha et al., 2021,

Meegahapola et al., 2021]. For this pretraining task, we ask the model to perform a multiple
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regression to predict the a set of daily features (including sleep duration, number of steps

taken, and more) on the final day of the seven day window (Figure 4.2C). Intuitively, there

may be other, less obvious yet highly informative orthogonal features that our model could

learn in order to reconstruct these higher level features. This task also has the added benefit

of allowing us to inject expertise into the model. Since these features are calculated from

the raw data (and in fact are mostly available through the Fitbit API) and do not require

any exogenous labels this task is fully self-supervised.
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Figure 4.4: Comparison of self-supervised pretraining tasks (Section 4.6) on the “Flu Symptoms”
task. The “Domain Inspired Features” task, which integrates domain knowledge, performs best.

Here, we define five realistic prediction tasks and compare our model’s performance against

three representative baselines inspired by prior work (Section 4.6.2). In Experiment 1

we evaluate the performance between tasks through the framework defined in Section 4.3

to show that our model outperforms these baselines. Next, Experiment 2 compares pre-

training methods for behavioral data to show that a method which integrates simple domain

knowledge performs best (Section 4.6.3). Experiment 3 in Section 4.6.4 then shows that
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in simulated settings with limited training data, pretraining provides an average 0.04 ROC

AUC performance boost relative to a non-pretrained model. Finally, we use a small, in-

dependently collected Fitbit dataset to illustrate that features learned by our model on flu

prediction generalize to COVID-19 prediction in a zero-shot task in Experiment 4.

4.6.2 Experiment 1:

Realistic Single Domain Prediction Tasks

We evaluate methods on five behavioral modeling tasks (subsection 4.2.4). For these tasks,

we follow our aforementioned evaluation best practices (Section 4.3.1) by training with data

before the midpoint of the flu season (February 10th, in our case), and testing and evaluating

models on data after the midpoint (as only data for one flu season is available). Further-

more, we make a prediction for every user on every day regardless of data quality, including

predictions for users with no true positive labels.

In each case, we compare our model to the following baselines:

• XGBoost: How well does our model perform relative to a non-neural baseline?

Boosted decision trees are frequently used in many sensing studies because they are

supported by common, easy to use libraries and often achieve strong performance out-

of-the-box [Xu et al., 2021]. Since boosted trees expectedly do not scale well to the

thousands of observations in our raw time series data, we compute a set of commonly

used features for each day in the window, and then concatenate these features for a final

input. While neural models have surpassed non-neural classifiers in most CV and NLP

applications, XGBoost is still commonly used in many contemporary sensing studies

(e.g., [Zhang et al., 2021, Nair et al., 2019, Lin et al., 2020, Hafiz et al., 2020, Buda

et al., 2021, Mairittha et al., 2021, Meegahapola et al., 2021]). A list of all features is

available in Table 4.3.

• LSTM: How well does a recurrent model perform on this task? LSTMs are strong
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baselines in time series classification Ruiz et al. [2021] and EEG processing Craik et al.

[2019].

• ResNet: How well does a competitive neural model for time series classification per-

form on our task? While ResNet typically underperforms the state of the art in most

computer vision tasks, it is still viewed as a competitive model for multivariate time

series classification [He et al., 2016] . For example, it is the highest-ranking neural

model on the UEA multivariate time series classification archive [Ruiz et al., 2021].

• CNN: How important are the transformer layers to our model’s performance? To

answer this question, we removed the transformer blocks from our model and passed the

CNN’s final output directly to a linear layer. 1D CNNs are frequently used in timeseries

classification [Pyrkov et al., 2018, Kiranyaz et al., 2021], and have been applied to data

from wearable devices before [Liu et al., 2022, Shen et al., 2019, Natarajan et al., 2020].

• CNN-Transformer: How important are pretraining and missingness flags to our

model’s performance? For this ablated model, we pass the CNN’s final output to a

transformer, but do not apply any pretraining method and do not include missingness

flags.

Feature Description
Resting HR Avg. heart rate (HR) while still
Main Minutes in Bed Longest span of minutes in bed
Sleep Efficiency Time sleeping over time in bed
Nap Count Number of naps
Total Asleep Minutes Total time spent sleeping
Total in Bed Minutes Total time spent in bed
Active Calories Calories burned from exercise
Calories Out Total calories burned
Base Metabolic Rate Calories passively burned
Sedentary Minutes Time spent not moving
Lightly active minutes Time spent lightly active
Fairly active minutes Time spent lightly exercising
Very active minutes Time spent actively exercising
Missing HR Indicator for missing HR data
Missing Sleep Indicator for missing sleep data
Missing Steps Indicator for missing steps
Missing Day Indicator for missing all data

Table 4.3: Summary of manually defined features, calculated for every user and on each day.
“Missing” features are binary variables which are 1 if more than one hour of data is missing, and
0 otherwise.
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We do not include a “transformer only” baseline (i.e., our model without the CNN encoder)

because multi-head attention scales quadratically with the input length, making it compu-

tationally infeasible to perform such an experiment on a multi-day timeseries window (i.e.,

minute level data on a seven day window produces a 10,080 dimensional vector), which

exceeds common context sizes in transformer models on commodity GPUs [Beltagy et al.,

2020].

Results. Our model outperforms all baselines on every task (Table 4.2), which indicates

that our method is a meaningful improvement over state of the art classifiers for behavioral

data. Here we focus on precision-recall AUC, since the metric is typically more informative

in cases of extreme class imbalance [Saito and Rehmsmeier, 2015]. Through Delong’s test we

find significant improvements in ROC AUC and PR AUC on the “Severe Fatigue” and “Flu

Symptoms” tasks at α = 0.05. As outlined in Section 4.3, we employ Friedman’s test and

pair-wise Wilcoxon signed-rank tests to compare performance across tasks, and find that our

model significantly outranks XGBoost, CNNs, and CNN-Transformers at the best-practice

parameter α = 0.1 [Brazdil and Soares, 2000], as it ranks first across all tasks. A critical

difference plot is available in Figure 4.3, which shows that our model is the best performing

model overall, and that there is no statistically significant difference in the rankings of

XGBoost, CNN, and the (non-pretrained) CNN-Transformer. We also experiment with the

model’s performance at modest levels of missing data, and find that it compares favorably

to XGBoost (e.g. over 0.9 ROC AUC on the “Flu Positivity” task even with 20%-30% of

data missing; Figure 4.5). A complete summary of results is available in Table 4.2.

4.6.3 Experiment 2: Comparison of Self-Supervised Pretraining

Methods

Next we compare the three pretraining techniques proposed in Section 4.6 on the “Flu Symp-

toms” task (Section 4.6.2). This “Flu Symptoms” task has the least extreme class imbalance

(1:37) and therefore yields highest statistical power to differentiate model performance. We
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Figure 4.5: Performance on the “Flu Positivity” task for binned levels of missing data. Missingness
is defined as the fraction of minutes with heart rate data over the duration of the accompanying
seven day window. 90% of labels have less that 30% missingness, making positive labels sparse,
and so we do not compare methods past this threshold.

use the following pretraining method:

1. Pretrain the model using all seven day windows in the train dataset.

2. Freeze the model’s CNN and transformer layers. If the pretraining technique used a

classification head, randomize its parameters. If instead a regression head was used,

replace it with a randomly initialized classification head.

3. Finetune the model on the target task (“Flu Symptoms”, in this case).

For all experiments, we use all of the model features described in Section (4.4) (i.e., the con-

volutional encoder, transformer blocks, and missingness flags). For comparison, we include

a “No Pretraining” baseline, which shows the performance of a randomly initialized model.

Results. ROC and Precision Recall curves for this experiment are available in Figure 4.4.

“Domain Inspired Features” pretraining, which trains the model to predict a pre-computed

set of handcrafted features (Section 4.6), significantly outperforms other pretraining tech-

niques and a randomly initialized model with a 16% improvement in PR AUC. Notably, the
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model pretrained on the “Same User” task does significantly worse than the others. One

plausible explanation is that by learning to embed windows from the same user in the same

region of the latent space, the model sacrifices its ability to distinguish “unusual” (e.g. flu

positive) windows for a given user, since these windows would ordinarily be much further

away in the latent space.

We additionally compared this pretraining-fine tuning approach to a multitask learning where

both the pretraining and the target prediction objective are optimized concurrently. We

repeated this comparison for each of the pretraining tasks (Section 4.6) in combination with

the “Flu Symptoms” task. This strategy produced no meaningful improvement over the

randomly initialized model, indicating that unsupervised pretraining is a superior paradigm

for this setting. In addition, the pretraining-finetuning paradigm enables us to separate these

two steps across two datasets, especially when the target dataset is relatively small. This is

the focus of the next two experiments.

4.6.4 Experiment 3: Transfer learning improves flu prediction

performance on small datasets in a repeated simulation study

Labeled behavioral data is often prohibitively expensive to collect, particularly in the context

of public health where ground-truth labels require costly testing infrastructure and study

management. Accordingly, many studies from prior work operate on data with on the order of

dozen participants [Xu et al., 2021]. In this regard, one promising application of generalizable

self-supervised pretraining is that models could leverage large unlabeled datasets to improve

predictive power in settings with limited labeled training data. Here, we repeatedly simulate

such settings to robustly investigate whether such transfer learning leads to performance

improvements.

First, we isolate all 4,989 study participants who never tested positive for the flu. We

treat this set as a large, unlabeled dataset which we use to pretrain our model on the self-
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XGBoost Our Model
Zero-shot PR AUC 0.005 0.018
Zero-shot ROC AUC 0.51 0.68

Table 4.4: Performance on zero-shot COVID-19 Prediction (Section 4.6.5). Our model’s superior
performance shows that CNN-Transformers pretrained on the “Domain Inspired Features” task
(Section 4.6) learn generalizable features.

supervised “Daily Features” task (Section 4.6). We then take the remaining 206 users who

did test positive at some point during the study, and randomly split this set into twenty folds

of ten or eleven users each. This ensures that source and target domain share no participants

in common. We provide an overview of this split in Figure 4.6(a).

Next, for each fold we finetune the model on the supervised “Flu Positivity” task using data

from the fold, and evaluate it on the users in the remaining nineteen folds. We choose this

task as it mirrors the zero shot setting in the external dataset of Experiment 4. In both

of these settings, all test subjects tested positive at some point and the predictive model

attempts to predict on which day they do so. This process simulates finetuning the model

with fewer than a dozen users’ data. We compare this approach to two non-pretrained

models that only have access to the smaller target domain dataset: CNN-Transformer, and

XGBoost trained on manually defined features (Table 4.3).

Results. We find that our pretrained model outperforms non-pretrained models on the

“Flu Positivity” task when trained on fewer than a dozen participants (Figure 4.6(b)). Pre-

training alone increases average performance from 0.626 ROC AUC to 0.665, and 0.017 PR

AUC to 0.021 (both p < 0.05, Mann-Whitney U). This indicates that Our Model can learn

generalizable features from unlabeled data.
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Figure 4.6: Simulating “small data” scenarios using training data from only ten participants
(Section 4.6.4).

4.6.5 Experiment 4: Zero-shot COVID-19 prediction in a small

external dataset

It is plausible that a self-supervised pretrained model, which in Experiment 1-3 showed

good performance on flu related tasks, could support non-random predictive performance in

a zero shot setting for COVID-19? Both diseases are respiratory viral infections and and

may trigger similar behavioral and physiological responses (e.g., a change in resting heart

rate around symptom onset [Shapiro et al., 2021]). We use a small, independently collected

dataset of Fitbit recordings and COVID-19 test results to show that our model can learn

representations which generalize to entirely unseen diseases. This dataset contains 1470 total

days of data for 32 individuals who tested positive with COVID-19 [Mishra et al., 2020]. The

original study uses a retrospective prediction task with no train/test split, and so it is not

possible to make a direct comparison between our model and theirs, but this dataset allows
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us to test performance on an unseen disease.

We pretrain our model with the “Domain Inspired Features” task (Section 4.6) and finetune

it on the “Predict Flu Positivity” task (Section 4.6). Note that this is the same configuration

as “our model” in Table 4.2. Then, with no additional supervision we use the model to

predict COVID-19 positivity in the small, external dataset. As a zero-shot baseline we

calculate a set of day-level features (Table 4.5) from these data “and” our original flu dataset

(Section 4.2) and train XGBoost with these features on the “Flu Prediction” task. Neither

Our Model nor the XGBoost baseline is exposed to any data from the COVID-19 dataset

during training.

Results. our model outperforms XGBoost on this zero-shot task, achieving 0.68 ROC AUC,

while XGBoost predicts at 0.51 ROC AUC (random chance) (Table 4.4). This illustrates the

feasibility of pretrained CNN-Transformers for novel disease prediction.

Feature Description

Resting HR 95th Pct 95th percentile of resting HR
Resting HR 50th Pct 50th percentile of resting HR
Resting HR std. Standard deviation of resting HR
Awake HR 95th Pct 95th percentile of HR while awake
Steps Streak 95th Pct 95th percentile of continuous steps
Steps Streak 50th Pct 50th percentile of continuous steps
Total Minutes in Bed Number of minutes spent in bed
Sleep Minutes Number of minutes spent asleep
Total Steps Total number of steps
Missing HR Indicator for missing HR data
Missing Sleep Indicator for missing sleep data
Missing Steps Indicator for missing steps
Missing Day Indicator for missing all data

Table 4.5: Summary of manually defined features used for XGBoost baseline in the zero shot
experiment (Section 4.6.5) calculated for every user and on each day. “Missing” features are binary
variables which are 1 if more than one hour of data is missing, and 0 otherwise.

4.7 Conclusion

During the COVID-19 pandemic over-the-counter antigen tests have been effective in surveil-

lance testing, but the frequency of tests, more so than their sensitivity, remains a barrier
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to success in mitigating spread [Larremore et al., 2020]. This chapter presents a frame-

work for evaluating mobile sensing methods for frequently predicting respiratory viral infec-

tions. While there are limitations to this study, our results show performance on par with

COVID-19 rapid diagnostic tests in similar surveillance settings. More research is needed to

demonstrate similar performance levels in larger studies. Nonetheless, our findings suggest

that mobile sensing predictions can complement rapid antigen testing or trigger additional

testing. Our results indicate that pretraining, transformer self-attention, modeling miss-

ing data, and transfer learning are effective techniques in learning generalizable behavioral

representations for mobile sensing.
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Chapter 5

MULTIVERSE: MINING COLLECTIVE DATA SCIENCE
KNOWLEDGE FROM CODE ON THE WEB TO SUGGEST

ALTERNATIVE ANALYSIS APPROACHES

This work was previously published at KDD ’21.

A recent study asked twenty-nine teams of well-trained data analysts a narrowly phrased

question: do referees give penalties to dark-skinned soccer players at a higher rate than

light-skinned players [Silberzahn et al., 2018]? Surprisingly, while individual teams arrived

at highly confident conclusions, there was no overall consensus among these teams.

Crucially, despite access to identical datasets and no appreciable technical errors, teams

arrived at their conclusions through unique analyses which varied in their independent and

dependent variables, model selection, statistical assumptions, and more.

Multiverse Analysis is an emerging concept in statistics and meta-science which attempts to

describe this phenomenon by demonstrating that analysts must navigate a series of “decision

points” in order to draw conclusions from data [Gelman and Loken, 2014, Steegen et al., 2016].

While each of the choices made at a decision point (such as setting a threshold or specifying

a model) may be entirely reasonable and defensible, so may many of its alternatives. The

resulting set of options produces a “garden of forking paths” from which analysts traditionally

select only a single path from raw data to results [Gelman and Loken, 2014].

A growing body of work has identified the large multiverse of possible analyses as a significant

contributor to the reproducibility crisis, since even minor changes to the analytical path can
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¸ Code Snippet Notes

(a)

Original Code model = create_my_model(optimizer='rmsprop')

Our model identifies and 
augments keyword arguments 
that could belong to decision 
points, (such as optimizer), 
but preserves user-defined non-
decision point subsequences like 
create_my_model.  

Predicted 
Alternative

model = create_my_model(optimizer='adam')

(b)
Original Code model = DecisionTreeRegressor()

y_hat = model.fit(X_train,y_train).predict(X_train)

Our model correctly identifies 
models that are suitable 
alternatives for eachother, like 
DecisionTreeRegressor 
and 
RandomForestRegressor

Predicted 
Alternative

model = RandomForestRegressor()
y_hat = model.fit(X_train,y_train).predict(X_T)

(c)
Original Code

threshold = 90 #Per definitions 
reviews['inspection_result'] = reviews['inspection_score’]\

.apply(lambda x: 1 if x>= threshold else 0)

Our model finds and provides 
alternatives for sensitive 
thresholds whose manipulation 
could potentially alter 
downstream analysis

Predicted 
Alternative

threshold = 60
reviews['inspection_result'] = reviews['inspection_score’]\

.apply(lambda x: 1 if x>= threshold else 0)

Figure 5.1: Examples of original code snippets from Kaggle and MULTIVERSE’s generated
alternative, with decision points in the original (xDP ) in green and corresponding inserted alterna-
tives (ŷDP ) in red. MULTIVERSE correctly identifies decision points in input snippets, and copies
non-decision point tokens to the output. The model can also provide alternative models, alternative
hyperparameters, and identifies and augments thresholds that may impact downstream tasks.

often materially alter subsequent results [Simonsohn et al., 2015, Silberzahn et al., 2018].

Accordingly, in recent years there has been an increased interest in building tools to help

data analysts explore alternative analyses through Multiverse Analysis, in order to better

understand the robustness of reported outcomes along each path [Liu et al., 2020a, Kery and

Myers, 2018].

However, it is very challenging to come up with potential alternative analysis approaches.

Previous studies show that analysts’ decisions are limited by their methodological experi-

ence, education, or domain [Liu et al., 2020b], and that computational tools could help these

analysts explore the multiverse more effectively [Liu et al., 2020a]. Critically, these tools

currently expect analysts to identify decision points and generate alternative analyses them-

selves, which requires expertise or expert feedback that is prohibitively expensive to scale

[Zhang et al., 2020].

In this paper, we formalize Multiverse Analysis a composition of two tasks, Decision Point

Classification (identifying key decision points in code) and Alternative Generation (given a
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decision point, formulating code snippets which provide an alternate analysis) (Chapter 5,

Section 5.2). While this formalization permits us to programmatically support Multiverse

Analysis, as of yet no large dataset of Multiverse Analyses exists with which to train such a

model.

Here we turn to the collective expertise of analysts on the web in the form of popular data

science competitions, where thousands of analysts work on the same task. A central idea of

this paper is that small differences between submissions to each of these competitions contain

potential analysis alternatives, allowing us to create a corpus of 70k alternatives from 40k

submissions without additional costly expert supervision (subsection 5.3.1). For example, an

analyst might change model definitions or hyperparameters between submissions to explore

their impact on the analysis outcome.

A second idea is that code libraries tend to be intentionally designed to represent semantic

relationships between objects and functions commonly used in data analysis. For example,

sklearn.clustering.KMeans and sklearn.clustering.DBSCAN are defined in the same

submodule (clustering) and could be reasonable alternatives to one another. We build on

this idea by extracting a large graph (called a “library graph”) of these relationships to learn

suitable code representations (subsection 5.3.2).

Leveraging this dataset representing collective data analysis expertise, we propose a novel

neural architecture that is able to (1) detect decision points in analysis code (subsubsec-

tion 5.4.3), and (2) generate potential alternatives for the analyst to consider (subsubsec-

tion 5.4.3). We additionally (3) integrate structural library information using a graph neu-

ral network approach that informs the learned code representations (subsubsection 5.4.3).

Further, we propose a formulation of beam search, called “Span-Aware Beam Search”, that

limits the generation of new code to decision points, and leaves surrounding code unchanged,

improving performance in Alternative Generation. Figure 5.1 shows examples of MULTI-

VERSE’s predictions, which correctly suggest alternative models, parameters, and thresh-

olds.
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We evaluate MULTIVERSE’s performance on the tasks defined in Chapter 5, Section 5.2.

We show that MULTIVERSE achieves up to 0.81 ROC AUC on locating decision points

in the “Decision Point Classification” task, and 88.7% ROUGE-L-F1 on the “Alternative

Generation” task (Chapter 5, Section 5.5). We conduct an ablation study to show that

MULTIVERSE’s library graph , Span-Aware Beam Search, and multitask formulation all

strictly improve performance on Decision Point Classification ROC AUC and Alternative

Generation ROUGE-L. We also evaluate our model against comparable seq2seq models for

code, showing that it performs two to three times better than those models on Alterna-

tive Generation (e.g. from 29.2% ROUGE-L Precision to 93.3%). To simulate the setting

where an analyst has already identified their decision points, we pass information about the

location of decision points to MULTIVERSE and show that under this condition perfor-

mance improves from 50.3% to 73.4% GLEU. Finally, we show through a human evaluation

that real data analysts find MULTIVERSE’s alternatives to be more reasonable, accept-

able, and syntactically correct than alternatives from comparable baselines, including other

transformer-based seq2seq models.

Our work shows the feasibility of learning to recommend alternative analyses by mining

collective data science knowledge from the web and has implications for improving reprodu-

cability by supporting Multiverse Analysis.

5.1 Related Work

Reproducability & The Data Analysis Multiverse is similar but distinct from met-

alearning in that it attempts to describe all reasonable alternatives, instead of trying to

discover the single “best” one. Prior work on the Data Analysis Multiverse has shown that

analysts’ decisions can limit reproducability in individual studies [Gelman and Loken, 2014],

are frequently limited by experience and social pressure (e.g. pressure from a field to per-

form a ”standard” analysis plan rather than another) [Liu et al., 2020b], and can produce
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drastically different results on the same task [Silberzahn et al., 2018]. Researchers have de-

veloped tools to help analysts visualize alternative pathways [Liu et al., 2020a, Simonsohn

et al., 2015], log versions of their own work [Kery et al., 2017, 2019], and detect false posi-

tives [LeBel et al., 2018]. Prior interviews have indicated that even seasoned data analysts

struggle to develop multiverse alternatives [Liu et al., 2020b]. Therefore, we build on this

work and propose a potential solution that supports analysts by developing the first model

which can automatically suggest multiverse decision points and alternatives.

Seq2seq for Code. Sequence to sequence (seq2seq) models take a sequence (such as

natural language or code) as input, and generate a corresponding sequence as output. These

models have achieved significant results on complex tasks like machine translation [Bahdanau

et al., 2014, Weng et al., 2019], speech recognition [Povey and et. al, 2011] and search [Hughes

et al., 2019]. One area focuses on learning to represent edits, often involving common fixes

for grammar, clarity and style [Fu et al., 2017, Li et al., 2017, Chollampatt and Ng, 2018].

Deep learning has recently become a powerful tool to apply seq2seq tasks to code. Typical

seq2seq tasks for code include bug fixes [Chen et al., 2019], code transformation [Tufano

et al., 2019], bug localization [Lam et al., 2015], API usage generation [Gu et al., 2016],

etc. SequenceR [Chen et al., 2019] uses an LSTM encoder-decoder model with attention and

copy mechanisms to generate simple one line fixes for bugs. Neural Code Translator [Tufano

et al., 2019] uses an encoder-decoder recurrent nerual network (RNN) to learn code changes

before and after pull requests on Github. Lam et al. [Lam et al., 2015] use a revised Vector

Space Model for bug localization, creating a representation to relate terms in a bug report

to source code tokens. In contrast to these methods that separate the tasks of token clas-

sification and code generation, we propose a joint learning method for both Decision Point

Classification and Alternative Generation and demonstrate that this multitask framework

leads to improved performance (Chapter 5, Section 5.5). Furthermore, by using a BPE To-

kenizer and a transformer architecture, we model an open vocabulary and support longer

sequences than these alternatives.
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Graph Representation Learning. Graph representation learning is a field that aims

to embed nodes, edges [Grover and Leskovec, 2016], sub-graphs [et. al, 2018], and full

graphs [Ying et al., 2018, Mohammadshahi and Henderson, 2020] in a high dimensional vec-

tor space that captures desirable properties of the original graph, such as node distance,

hyperbolicity, or local neighborhoods. In this paper, we incorporate information from ex-

ternal code libraries by jointly learning representations of library structure and tokens from

code in order to improve performance (subsubsection 5.4.3). Of particular interest to this

paper is distortion, which describes the degree to which the pairwise distance between node

embeddings reflects their distance in the original graph [Chami et al., 2019, 2020].

5.2 Multiverse Analysis Tasks

( , )=diff

+ a = 123
- b = 123

+KNN.fit()
-SVM.fit()

+ a = 123

-
b = 123

+ n_e = 10 

-
n_ = 1

+KNN.fit()
-SVM.fit()

+KNN.fit()
-SVM.fit()

+ n_epochs = 10 
- n_epochs = 1

1 2Mine versions from Kaggle Apply Myers’ diff algorithm

3 Filter diffs 4
Apply word-wise Myers’ diff to label 
decision points. Finally, tokenize.

SVM . fit ( )

. fit )

Original 
snippet and 
alternativeKNN (

Decision Point ’
Figure 5.2: Our process for mining decision
points from Kaggle notebooks.

When a data analyst explores alternative formu-

lations of their analysis they must identify likely

decision points in their code and then construct

a set of reasonable alternatives for each decision

point. These distinct functions could be per-

formed jointly (as in a multitask framework), or

sequentially (first identifying decision points and

only then providing alternatives). Furthermore,

a user may have some strong prior belief about

the location of decision points, or they could re-

quire substantial guidance to detect them (e.g.,

due to a lack of experience with alternative approaches).

In this paper we propose to formulate the goal of providing alternative analyses as two

distinct prediction tasks: Decision Point Classification and Alternative Generation. In doing

so, we are able to explore not only our model’s ability to provide useful alternatives, but
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also unlock two other avenues for analysis. First, in Chapter 5, Section 5.5 we show that

models that solve these tasks independently or treat our goal as a pure seq2seq task perform

worse than a multitask model which jointly takes both objectives into account. Second, our

multitask framework allows us to bound the model’s performance under the condition that

it has additional information about the location of the decision points (subsection 5.5.3).

This experimental setting mirrors the common paradigm where an analyst has some a priori

intuition about which parts of their code they want to “multiverse”, that is, for which parts

they would like to see alternatives.

5.2.1 Decision Point Classification

Creating an alternative analysis frequently entails making small edits to existing code, such

as changing a hyper-parameter or substituting one statistical model for another. This identi-

fication process is often non-trivial, even for human analysts, as knowing which edits to code

are likely to materially alter results requires a deep understanding of the underlying methods

[Liu et al., 2020b]. We are therefore interested in classifying spans of code which are likely

to belong to decision points, and whose modification therefore alters the final result. More

formally, given a token vocabulary V , an input code sequence x = {xt ∈ V }, t = 0..N , and a

code alternative y = {yt ∈ V }, t = 0..N , we would like to classify the set of sub-sequences in

x that do not appear in y: xDP (these are the subsequences that changed and may constitute

a decision point and corresponding alternative). We also define yDP as the analogous set of

subsequences that do not appear in x.

5.2.2 Alternative Generation

When a data analyst creates an alternative analysis, they must not only locate decision

points, but also write code to formulate their alternative approach. Like decision point clas-

sification, alternative generation is difficult even for seasoned analysts because it requires

a broad knowledge of related statistical methods and creativity to imagine different formu-
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lations of the same strategy. We model this process as a sequence to sequence (seq2seq)

prediction task, whereby an alternative code snippet can be thought of as a machine transla-

tion of a corresponding snippet from the original analysis. More formally, we train our model

to produce a code alternative y = {yt ∈ V }, t = 0..N . Our goal in this machine translation

task is find some ŷ that maximizes P (ŷ|x) = ∏t=N
t=0 P (ŷt|x0...xN , ŷ0...ŷt−1).

5.3 Key Ideas

Next we describe two key ideas of this paper. First, we motivate and support our hypothesis

that a carefully filtered set of Kaggle submissions represent alternative analyses. Second, we

outline how the graphical structure of code libraries can be mined and incorporated into a

model to help it learn relationships between relevant semantic entities in code.

5.3.1 Some Small Differences between Kaggle Submissions Con-

stitute Alternative Analysis Approaches

On the popular data science competition website kaggle.com users compete against each

other to answer questions with data, often for cash prizes. While Kaggle is best known for

its machine learning competitions, users also clean, visualize, explore, and test data through

hosted Jupyter Notebooks. Critically, Kaggle employs a version control system to publicly

host all prior versions of public scripts. A key insight of this paper is that when a user submits

multiple versions of their analysis using this feature, non-trivial edits between submissions

can be considered as attempts to “multiverse” their approach. We do not claim that these

edits represent “better” or more “correct” analyses, rather we argue that they represent code

snippets with a common goal set by a user’s intention. As a user updates their submissions

with new data cleaning methods, models, and evaluation metrics they are in effect expressing

an alternate formulation of their own analysis. These updates are very common as analysts

compete with each other to complete these tasks. Furthermore, since the site contains

multiple users’ submissions to the same problems, these submissions may share a common
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context. Taken as a whole, these scripts represent the efforts of tens of thousands of users

to solve our tasks of Decision Point Classification and Alternative Generation (Chapter 5,

Section 5.2). We detail our process in for mining alternatives in Figure 5.2.

Method. We crawled all versions of all public submissions to all competitions on Kaggle,

yielding 48k submissions with an average of 9.3 versions of each script, or 450k scripts in

total. Since Jupyter has more than 8 million users and is the most popular IDE among data

analysts, we focus on Python notebook cells as our unit of analysis [JetBrains, 2018, Kelley

and Granger, 2017]. However, the entirety the method presented in this paper could be

applied to any unit of analysis (e.g. function declarations, individual lines), and any other

language that allows imports from external libraries (e.g. Julia, R, Go).

Processing and Data Filtering. We then used the Myers’ diff algorithm (which is com-

monly used to compute git merges) to find edits between sequential versions of submissions

[Myers, 1986]. In order to help our model interpret context, we include a line of unchanged

code above and below each diff. A manual inspection of the dataset showed that a portion

of these diffs were trivial edits such as changing a model’s checkpoint directory or reformat-

ting code for readability. To focus our method on the types of edits that most reasonably

constitute a multiverse analysis, we filtered out diffs whose edits were changes to whitespace,

changes to I/O operations (e.g. pd.read csv("v1.csv") → pd.read json("v2.json")),

diffs that simply rearranged code without changing its semantics (e.g. a + b → b + a), diffs

that appeared to handle plotting (e.g. fig.set size(10,5) → fig.set size(10,10)),

and diffs that simply renamed variables (e.g. clf = KNN() → model = KNN()). Initial ex-

plorations showed that most decision points and alternatives lead to changes of individual

functions, function arguments, and typically involve very few lines of code. Therefore, we

remove all diffs whose total size (including context) is more than five lines, leaving us with a

final dataset of 70k pairs of original snippets and their alternatives from 40k submissions. For

the Decision Point Classification task (subsection 5.2.1), we again apply Myers’ algorithm

at the word level between the input x and its alternative y to find its xDP and yDP .
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Decision Point Original Alternative
Missing Data train csv.fillna(method = ’ffill’) train csv.dropna().reset index()
Outliers max = np.quantile(duration.values(),0.9) max = np.quantile(duration.values(),0.8)
Filtering weapon = train[train["weaponsAcquired"]<25] weapon = train[train["weaponsAcquired"]<=20]
Data Type cat=KBinsDiscretize(encode=’original’) cat=KBinsDiscretizer(encode = ’ordinal’)
Assumptions pvals = ttest ind(sales) pvals = ttest ind(sales,equal vars=True)
Variable Selection smf.ols(’SALARY MILLIONS ∼ WINS RPM’) smf.ols(’SALARY MILLIONS ∼ POINTS’)
Model Selection SVClr = SVC() KNNclr = KNeighborsClassifier()
Estimation Method make pipeline(StandardScaler(), RidgeCV) make pipeline(RobustScaler(), RidgeCV)
Inference Criteria final vars = results.pvalues <=0.25 final vars = results.pvalues <=0.15

Table 5.1: Taxonomy of types of decision points in our dataset, with real examples from Kaggle
of each type of decision point.

Validation. Data analyses include many different types of decisions. While we expect that

decision type classifications will continue to evolve, possibly beyond the scope of our dataset,

Wicherts et. al [Wicherts et al., 2016] contribute a useful taxonomy of nine different decision

point types. We find that our dataset includes examples for all nine of these decision point

types. Table 5.1 in shows this taxonomy of decision points with accompanying examples from

our dataset, which demonstrates that our method of mining examples from Kaggle covers a

diversity of decision points and alternatives. Furthermore, a human evaluation demonstrates

that experienced data analysts are likely to accept machine-generated alternatives derived

from this corpus (subsection 5.5.4).

5.3.2 Code Libraries Represent Semantic Relationships

When developers build code libraries, they often organize their projects so that semanti-

cally related function and class definitions are contained within the same package or mod-

ule. For example, in the popular Python scientific computing library scipy, the t-test

(scipy.stats.ttest ind) is defined in the same module as Mann-Whitney U (scipy.stats

.mannwhitneyu), one of its non-parametric alternatives. To train our model to learn this

information, we capture a graph of these relationships by mining libraries for their structure.

We note that while we describe a method for mining this structure from Python, a similar

process can be followed for any other object-oriented language like R or Julia.

Method. First, we mine import statements from our dataset (subsection 5.3.1) to find the
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top ten most frequently used libraries. For each library, we start with the file invoked by

the highest level import statement (e.g. import scipy) and then recursively create a node

in our graph for each file, and then neighbor nodes for each sub-module it imports and each

function or class defined in the file. For each class definition, we create neighbor nodes for

each of its methods. For example, the class scipy.stats is the neighbor of scipy, and

has a set of neighbors including scipy.stats.mannwhitneyu and scipy.stats.ttest. We

note that this method is not guaranteed to create a tree, since some sub-modules might be

imported from multiple files. Since functions are rarely referenced by their full import path,

at each node u we store nameu, the name of the class, function, or method. For example,

the name of scipy.stats.mannwhitneyu is mannwhitneyu. Later, we will use these names

to relate nodes of the library graph to tokens in code snippets (subsection 5.4.3).

Processing and Data Filtering. Many nodes in the unprocessed graph (e.g. numpy.

testing.decorate methods) are unlikely to be of interest to analysts, and so we remove

nodes if they have a parent called testing or test and all private methods. This results

in a graph with over 60k nodes representing submodules, functions, and classes in popular

data analysis libraries.
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Figure 5.3: Our MULTIVERSE model, which combines Decision Point Classification, Alternative
Generation and library embedding into a multitask objective.
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5.4 Methods

Here, we describe the core components of MULTIVERSE (Figure 5.3). We model code as

a sequence of tokens, allowing for increased flexibility with respect to partial or syntacti-

cally incorrect snippets (subsection 5.4.1). Our model combines a bidirectional transformer

encoder with a left to right decoder to incorporate context from the whole input sequence

(subsection 5.4.2). Furthermore, we present a series of objectives, which we ultimately com-

bine into one multitask objective (subsection 5.4.3). Finally, we motivate and develop a novel

seq2seq decoding strategy that can decide to simply copy input sequences into the output

(subsection 5.4.4).

Notation. Formally, given a token vocabulary V , and and input code sequence x = {xt ∈

V }, t = 0..N , we train our model to produce a code alternative y = {yt ∈ V }, t = 0..N . Our

goal in conditional generation is to estimate:

P (y|x) =
t=N∏
t=0

P (yt|x0...xN , y0...yt−1) (5.1)

5.4.1 Model Inputs

MULTIVERSE represents code as a series of tokens, allowing it to handle messy, potentially

incomplete code that might otherwise be unparseable to an AST-based method. Further-

more, by using a bytewise pair encoding (BPE) tokenizer (which splits rare and unknown

words into more commonly occurring subtokens) we are able to model the large vocabularies

that code corpora are known for [Svyatkovskiy et al., 2020, Sennrich et al., 2015]. We also

insert special tokens <INSERTED> and </INSERTED> at the beginning and end of subsequences

in yDP (subsection 5.2.1), which we use in Span-Aware Beam Search (subsection 5.4.4). Cru-

cially, we only use these special tokens in training labels, and not in inputs, to simulate our

use case where the user has no knowledge about the location of decision points in their code.
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5.4.2 Bidirectional Encoder and Left-To-Right Decoder

MULTIVERSE combines a bidirectional transformer encoder with a left-to-right autore-

gressive decoder, similar to BART [Lewis et al., 2019b]. In MULTIVERSE and associated

ablation studies (subsection 5.5.2) we use four layers in both the encoder and the decoder,

and four attention heads in each.

Encoder. MULTIVERSE uses a bidirectional transformer encoder with multi-head atten-

tion to calculate representations of the tokens in the input code sequence:

h0 = We · x + Wp (5.2)

hi = TransformerBlock(hi−1), i ∈ 1...n (5.3)

hnorm
i = LayerNorm(hi) (5.4)

E = hnorm
n (5.5)

Where We ∈ R|V |×de is an initial embedding matrix and Wp ∈ RN×de is a learned positional

embedding matrix. We experimented with embedding sizes, and found de = 128 to perform

as well as larger embedding dimensions. The final input sequence embedding E is passed

forward to the decoder.

Decoder. The left-to-right auto-regressive decoder generates a distribution over possible

new tokens given the input context x and previously decoded tokens. During training, the

decoder takes the alternative y shifted to the left (yshift) as input, such that yshift
i = yi−1 ∀i ∈

1..N, yshift
0 = <START OF SEQUENCE>. The decoder incorporates information from the input
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context by attending to the encoder output embedding E in each layer.

g0 = We · yshift + Wp (5.6)

gi = TransformerBlock(gi−1, E), i ∈ 1...n (5.7)

gnorm
i = LayerNorm(gi) (5.8)

D = gnorm
n (5.9)

Finally, we calculate:

P (yt|x0...xN , y0...yt−1) = softmax(Dt) (5.10)

5.4.3 Objectives

Decision Point Classification Loss

To address our decision point classification task (subsection 5.2.1) we use a token-level clas-

sification head composed of a single linear layer with cross entropy loss over the encoder’s

final hidden states E:

xpred
t = SoftMax(LinearLayer(Et)) (5.11)

xlabel
t =


1 if t ∈ xDP

0 otherwise
(5.12)

Lcls(xpred, xlabel) = CrossEntropy(xpred, xlabel, γ) (5.13)

Where γ is a positive class weight we adopt to combat class imbalance, and Et is the out-

put embedding of the tth input token. In practice, since decision point tokens represent

approximately one tenth of the total tokens in our corpus, we set γ = 10.
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Alternative Generation Loss

To train our model to generate alternative analyses (subsection 5.2.2) we adopt a standard

seq2seq cross entropy objective over the output of the model’s decoder:

Lalt(D, y) = CrossEntropy(SoftMax(D), y) (5.14)

Library Graph Loss

In order to teach our model about the semantic relationships in libraries, we jointly embed

our library graph with tokens from the input sequence. In particular, we optimize for graph

distortion, which captures how the pairwise graph distances between n nodes in a graph U

differ from their distance under a metric dV in an embedding space V , where g : U → V is

a function that maps nodes to their embeddings:

Dist(g) = 1 n

2


 ∑

u,v∈U ;u̸=v

|dV (g(u), g(v)) − dU(u, v)|
dU(u, v)

 (5.15)

The gradient of Dist is undefined at dV (g(u), g(v)) = dU(u, v), and numerically unstable

elsewhere, and so prior work has focused on finding embeddings that minimize related objec-

tives. In our setting, we define dU(xt, xj) as the undirected shortest path through the library

graph between any two nodes u, v whose names nameu, namev can be tokenized to include xt

and xj, respectively. For example, sklearn’s KNN and SVM modules boths have methods

named predict proba, and so tokens corresponding to KNN and SVM would have a library

graph distance of two. On average, 45% of the tokens in an input sequence can be related

to the graph through this method. We define library embedding loss as

Llib = β
1(

|xg |
2

)
 ∑

t,j∈xg :t̸=j

∣∣∣∣∣dV (Et, Ej)2

dU(xt, xj)2 − 1
∣∣∣∣∣
 (5.16)
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where xg is the set of nodes in the graph whose corresponding tokens appear in the input,

Eu ∈ Rde is the encoder embedding of token u: Eu, dV is a metric over the embedding space,

and β is a scaling factor. Since large graphs with low hyperbolicity like ours have been shown

to exhibit the lowest distortion when embedded in euclidean space, we the L2 norm as dV

[Chami et al., 2019]. Intuitively, this objective is minimized by embedding input tokens in a

space where they are close to their neighbors in the library graph.

Multitask Objective. In MULTIVERSE we optimize each of these objectives jointly by

adding them into a single multitask objective:

L = λclsLcls + λaltLalt + λlibLlib (5.17)

where each λ represents a constant weight on each term.

5.4.4 Span-Aware Beam Search

Since decision points typically span only a fraction of the total tokens in the input se-

quence, most input tokens (90% in our dataset) also appear in the output. For example,

in the code sequence clf = LogisticRegression(X,y), only the tokens corresponding to

LogisticRegression are likely to belong to a decision point (and are therefore likely to

change in the alternative), while most reasonable alternatives would include the tokens cor-

responding to clf = and (X,y). We hypothesize that a model could perform better if it

only had to generate in the “holes” betweens non-decision points.

To test this theory, we propose a modified version of beam search that forces the model to

preserve tokens from the input if the decision point classifier indicates that they are unlikely

to change (subsection 5.4.3). Concretely, for each token if the softmax output of the positive

class in the the decision point classification head (Equation 5.11) is above some threshold,

then we only generate new tokens between this decision point and the next. Then, the beams

proceed with standard generation until they hit a </INSERTED> token (at which point the
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beams are again constricted) or an <END OF SEQUENCE> token (generation ends).

5.5 Evaluation

MULTIVERSE achieves a ROC AUC of 0.814 on the decision point classification task and a

ROUGE-L F1 of 93.3% on the alternative generation task (Chapter 5, Section 5.2). We addi-

tionally compare MULTIVERSE’s performance on these tasks to ablations of the model and

several state-of-the-art neural and non-neural baselines. Furthermore, to directly evaluate

how useful MULTIVERSE’s alternatives are to end users, we conduct a human evaluation

(subsection 5.5.4) and show that MULTIVERSE performs better than various baselines in

syntactical correctness, reasonableness, and rate of end-user acceptance.

In the following evaluations MULTIVERSE is trained on submissions to 95% of competitions

and is evaluated on the remaining 5% such that there is no overlap in submissions or com-

petitions between the train and test sets. This ensures that the model never saw test-time

analysis tasks during training, creating a conservative but realistic evaluation paradigm.

5.5.1 Task 1: Decision Point Classification

Baselines. To evaluate our model’s performance on the decision point classification task

relative to simple non-neural baselines and models from prior work, we benchmark MULTI-

Model Accuracy F1 ROC AUC
MULTIVERSE 64.4% 32.5% 0.814
MULTIVERSE No Decoder 88.7% 45.7% 0.831
Sample from Train Set 15.5% 17.4% 0.517
Random Guessing 83.1% 9.1% 0.500
BiLSTM Huang et al. [2015] 91.2% 38.3% 0.828
BiLSTM-CRF Huang et al. [2015] 89.8% 40.7% 0.834

Table 5.2: Comparisons of MULTI-
VERSE with various neural models and
non-neural baselines for Decision Point
Classification.

ROUGE-L Span-ROUGE-L
Model Precision Recall F1 Precision Recall F1
MULTIVERSE 93.3% 85.9% 88.7% 30.5% 32.1% 25.6%
Neural Code Translator Tufano et al. [2019] 29.2% 12.3% 15.7% 4.7% 5.7% 4.0%
SequenceR Chen et al. [2019] 50.7% 24.9% 31.8% 5.3% 5.2% 4.1%
Copy Original Input 79.2% 76.7% 77.1% 0.0% 0.0% 0.0%
Randomly Replace Tokens 54.1% 55.0% 53.7% 1.3% 1.8% 1.3%
Tree Replace Tokens 15.7% 20.7% 17.3% 2.4% 8.4% 3.1%

Table 5.3: Comparisons of MULTIVERSE with
various neural code seq2seq models and non-neural
baselines. Our model consistently outperforms
these baselines.
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Alternative Generation Decision Point Classification

ROUGE-L Span-ROUGE-L

Model Precision Recall F1 Precision Recall F1 GLEU Accuracy F1 ROC AUC

MULTIVERSE 1 93.3% 85.9% 88.7% 30.5% 32.1% 25.6% 50.3% 64.7% 32.5% 0.814
No Library Graph 2 92.5% 79.1% 84.5% 29.5% 33.4% 22.5% 39.2% 64.8% 31.8% 0.800
No Span-Aware Beam Search3 91.4% 83.2% 86.2% 33.7% 27.1% 26.1% 49.4% 65.3% 32.2% 0.787
No Multitask4 87.3% 54.8% 64.7% 20.4% 19.6% 17.2% 11.8% 88.0% 44.0% 0.811
Alternative Generation Only5 92.6% 84.5% 87.4% 31.7% 25.3% 24.1% 51.1% N/A N/A N/A
MULTIVERSE- Full Information6 95.8% 93.5% 94.2% 35.0% 30.9% 28.6% 73.4% N/A N/A N/A

1. Our complete multitask model, which includes Span-Aware Beam Search and optimizes Lcls + Lalt + Llib
2. A multitask model which includes Span-Aware Beam Search but not the library graph and optimizes Lcls + Lalt
3. A multitask model which does not include Span-Aware Beam Search and optimizes Lcls + Lalt + Llib
4. A model in which the MULTIVERSE encode and decode are trained independently
5. A model which only optimizes Lalt
6. A model which receives perfect information about the location of decision points (§subsec:oracle).

Table 5.4: Comparison of various ablations of MULTIVERSE. We show that MULTI-
VERSE model performs best on the Alternative Generation task with respect to ROUGE-L, and
that other ablations of MULTIVERSE perform best by a slim margin on Span-ROUGE-L metrics.
Notably, MULTIVERSE outperforms all ablations when given access to information about the
location of decision points (§subsec:oracle).

VERSE against the following. Full results are available in Table 5.2.

• How well does MULTIVERSE’s encoder classify decision points on its own?

To answer this question, we independently train the MULTIVERSE encoder without

loss from the decoder. We note that this experiment is comparable to BERT [Devlin

et al., 2019]. We denote this model as MULTIVERSE No Decoder.

• How does random guessing perform on this decision point classification

task? To answer this question, we choose 10% (the proportion of decision points in

the train set) of the token positions and take these tokens as decision points. We denote

this model as Random Guessing.

• How does a simple baseline that uses heuristics from the train set perform?

To answer this question, we construct a baseline that classifies any token that was

labeled as a decision point in the train set as a decision point in evaluation.

• How well does a sequential neural network for sequence labeling in NLP

work on our task? To answer this question, we use a BiLSTM model as our

baseline. LSTMs have been used to model source code in the past [Hellendoorn and
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Devanbu, 2017]. This baseline is a multi-layer bi-directional LSTM (BiLSTM) where

the input sequence is processed both forward and backward [Huang et al., 2015]. After

concatenating the forward and backward hidden states for each LSTM layer, we pass

them through a linear layer to make the predictions of which tokens are decision points.

• BiLSTM-CRF How well does a BiLSTM-CRF model for sequence labeling tasks

works on our task? While BiLSTM only considers the likelihood of the word being

a certain tag, a CRF also calculates the transition scores [Huang et al., 2015]. This

baseline considers the likelihood of a token being a certain tag given the previous token.

Discussion. While our two BiLSTM baselines outperform MULTIVERSE on accuracy and

by a slim margin on ROC AUC, MULTIVERSE No Decoder achieves the best F1. While

these models perform better than MULTIVERSE, only MULTIVERSE can incorporate this

information into down-stream Alternative Generation through its multitask objective and

Span-Aware Beam Search. In the next section, we will see how this multitask objective

enables significantly improved generations. Interestingly, this multitask objective seems to

trade increased performance on Alternative Generation for decreased performance on Deci-

sion Point Classification. This is likely because MULTIVERSE learns to classify tokens to

limit the chance that it makes an error on Alternative Generation.

5.5.2 Task 2: Alternative Generation

Model Ablations. In order to evaluate how our model’s individual components contribute

to its overall performance, we train several ablations using different combinations of the

components of its architecture. The results of the following studies are in Table 5.4.

• MULTIVERSE uses the bidirectional encoder and left-to-right decoder (subsec-

tion 5.4.2), the decision point classification loss Lcls (subsubsection 5.4.3), the library

graph loss Llib (subsubsection 5.4.3), and span-aware beam search (subsection 5.4.4).

Formally, we optimize L.
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• MULTIVERSE: No Library Graph In this experiment, we try to understand how

much of the model’s performance can be attributed to information mined from our

graph of library structures (subsection 5.3.2). Accordingly, we optimize our model

without the library embedding loss (subsubsection 5.4.3), but maintain the decision

point classification loss (subsubsection 5.4.3) and the alternative generation loss (sub-

subsection 5.4.3). Formally, we optimize Lcls + Llib.

• MULTIVERSE: No Span-Aware Beam Search How does our model perform

without Span-Aware Beam Search, when it can not explicitly copy likely non-decision-

point tokens from the input? Here, we generate with conventional beam search.

• MULTIVERSE: No Multitask How does our model perform if we split it by treating

our multitask objective as two discrete tasks? We separately train the encoder on

Decision Point Classification and the decoder on Alternative Generation, then use

predictions from the encoder for Span-Aware Decoding.

• MULTIVERSE: Alternative Generation Only How well does our model perform

if we decide not to include library embedding loss and decision point classification

loss, and focus on Alternative Generation only? To answer this question, we remove

the corresponding terms from our objective. This baseline is similar to seq2seq trans-

former models like BART [Lewis et al., 2019b]. Formally, we optimize Lalt (subsubsec-

tion 5.4.3).

Baselines. We also compare MULTIVERSE to a set of baselines.

• Neural Code Translator How well does a seq2seq neural model designed for code

perform on our task? To address this question, we compare MULTIVERSE against

the Neural Code Translator model, which applies an RNN to learn code changes im-

plemented by developers [Tufano et al., 2019].

• SequenceR How well does a bug fix neural model perform on our task? To answer

this question, we compare MULTIVERSE against SequenceR, which uses a BiLSTM
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encoder-decoder model to generate simple, small patches for buggy code [Chen et al.,

2019].

• Original Input Since decision points and alternatives span only a small fraction of

the total sequence, even a model repeating the original code sequences could achieve

high ROUGE scores. Therefore, we construct a trivial baseline that completely copies

the original input for reference.

• Randomly Replace Tokens How does a simple baseline that has no knowledge of

where decision points are perform? To answer this question, we construct a trivial

baseline that randomly replaces input tokens with other tokens in the vocabulary.

Consistent with the proportion of decision points in the dataset, we choose 10% of the

token positions at random. If the token is chosen, we replace it with a random token

from the vocabulary.

• Tree Replace Tokens How well does a simple baseline perform that considers struc-

tural information of common libraries? To address this questions, we construct a

baseline that considers library nodes as decision points and objects and functions that

were defined in the same modules as alternatives. If the token appears in the library

graph, we randomly replace it with a randomly sampled neighbor in the graph.

Metrics. We adopt the standard seq2seq machine translation metric ROUGE-L for evalu-

ating our ablations and baselines on the alternative generation task [Lin, 2004]. In essence,

ROUGE judges similarities between prediction and target sequences by measuring co-occurrences

of common n-grams. Since original code snippets often share a significant portion of their

tokens with their alternatives, (more than 90% in our corpus) ROUGE-L will inflate the

performance of models that simply copy code from the input to the prediction without inter-

preting the significance of decision points. We therefore also introduce an additional metric

“Span-ROUGE-L”, which is ROUGE-L calculated only over those tokens that belong to

decision points: Span-ROUGE-L(ŷ, y) = ROUGE-L(ŷDP , yDP ).
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We also include the GLEU metric, which was originally developed to evaluate machine-

generated grammatical error corrections [Napoles et al., 2016]. Similar to ROUGE, GLEU

measures n-gram overlap between a generated and ground truth sequence, but unlike ROUGE

it penalizes models for predicting n-grams from the input sequence that should have changed

in the output. To aggregate, we report the average of these metrics on each sequence in the

dataset.

Discussion. MULTIVERSE performs up to three times better than other code-specific

neural models, such as SequenceR [Chen et al., 2019] and Neural Code Translator[Bahdanau

et al., 2014]. Ablations show that all components of our approach, library graph, Span-

Aware Beam Search, and multitask objective, lead to significant performance improvements

across most evaluation metrics. One exception is the Alternative Generation model, which

performs marginally better than MULTIVERSE on GLEU. However, this model is incapable

of providing predictions on the Decision Point Classification task. Importantly, as shown in

the next section, providing these predictions through the multitask formulation significantly

boosts performance for MULTIVERSE, from 50.3% to 73.4% GLEU.

5.5.3 Simulating Known Decision Points

What if an analyst knew the spans for which they wanted to generate alternatives? How

much better could MULTIVERSE perform? To answer this question, we pass the ground

truth decision point labels, xlabel (subsection 5.4.1), to MULTIVERSE’s Span-Aware Beam

Search (subsection 5.4.4). We find that under this condition MULTIVERSE’s GLEU Score

increases significantly from 50.3% to 73.4%. Importantly, on Span-ROUGE F1 and Recall

MULTIVERSE’s performance increases significantly from 25.6% to 28.5% and 30.5% to

35.0%. This suggests that if MULTIVERSE is given perfect information about the location

of decision points by an analyst, it delivers better predictions within those decision points.

How much better does MULTIVERSE’s Decision Point classifier need to be to reap these
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Figure 5.4: MULTIVERSE’s performance under increasing information about the location of
decision points (subsection 5.5.3).

Method Syntax Reasonableness Semantic Acceptance
MULTIVERSE(Our Method) 4.30 3.23 2.94
Alternative Generation Only 3.50 2.66 2.42
SequenceR [6] 2.17 1.48 1.42
Kendall’s W 0.664 0.534 0.462

Table 5.5: Mean scores from our user study (subsection 5.5.4). Five is the best possible score
in each category. Our method significantly outperforms all baselines (p < 0.01, Wilcoxon’s Signed
Rank). Analysts achieved moderate to substantial agreement on their ratings (Kendall’s W ).

benefits? To answer this question, we take MULTIVERSE’s Decision Point Classification

predictions and with a given probability change the token prediction to be equal to the

ground truth xlabel. We find that increases in Decision Point Classification accuracy are

approximately linear with increases in performance on ROUGE, Span-ROUGE, and GLEU.

Results are available in Figure 5.4. This shows that improvements in Decision Point Clas-

sification would benefit Alternative Generation as well, even without additional changes to

Alternative Generation models.
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5.5.4 Human Evaluation

Ultimately, we are most interested in how useful a model is to an analyst. In addition to

the automatic evaluation, we perform a user study of MULTIVERSE’s predictions. Here we

evaluate not just how well we do on automated metrics, but how well we perform on giving

alternatives to analysts.

Five PhD-level data scientists with significant experience with Python for data science and

machine learning were recruited as participants (co-authors were excluded from participa-

tion). The participants were asked to blindly evaluate outputs on their syntactical correct-

ness, general “reasonableness” (defined as how well the result provided an alternative that a

user might find useful) and semantic acceptance (defined as how likely each rater would be

to accept the suggestion in the context of a multiverse analysis). The five participants evalu-

ated 50 examples of alternates from MULTIVERSE and two state-of-the-art neural baselines

including a standard seq2seq transformer-based model (comparable to BART [Lewis et al.,

2019b]) and a neural code generation model [Tufano et al., 2019]. We chose these models

for this evaluation because they had the best performance next to MULTIVERSE on Alter-

native Generation among the baselines (Table 5.3) and ablations (Table 5.4), respectively.

Participants used a five point Likert scale for a total of 50x3x3x5=2250 ratings.

Notably, MULTIVERSE outperforms the baselines in all three criteria (p¡0.01, Wilcoxon’s

Signed Rank Test). We observe moderate to substantial inter-rater reliability on all criteria

(0.46-0.66, Kendall’s W). Results can be found in Table 5.5. This shows that MULTI-

VERSE’s predicted alternatives demonstrate higher syntactical correctness and reasonable-

ness than comparable models. Furthermore, analysts are more accepting of MULTIVERSE’s

suggestions.
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5.6 Error Analysis

We conducted a qualitative error analysis of MULTIVERSE’s predictions to identify areas for

future improvement. MULTIVERSE’s common errors can be grouped into three categories:

degeneration, semantic failure, and input copying.

Degeneration. Degeneration is a common problem in seq2seq models where generation gets

“stuck” in a loop. In one example alternative, MULTIVERSE predicts y train, y test,

y train, y test until it reaches its maximum length threshold. One likely explanation is

that y test and y train are the most likely tokens to follow one another under the language

model. Solutions may include alternative sampling methods (such as top-k sampling or

nucleus sampling) instead of beam search [Holtzman et al., 2020].

Semantic Failure. One feature of MULTIVERSE is that it can easily be trained on any

computer language. However, this flexibility comes at the expense of built-in information

about underlying language syntax. While MULTIVERSE scores highest against comparable

models in syntactical correctness (subsection 5.5.4), we observe that the model still occa-

sionally produces malformed Python code, such as df =, pd.DataFrame((). Prior work

indicates that current-generation language models like ours can learn to generate nearly per-

fectly correct code given millions of training examples [Svyatkovskiy et al., 2020]. We believe

that additional pre-training on large unsupervised corpora could mitigate this error.

Input Copying. In some cases, MULTIVERSE appears to have learned to exactly repeat

the input sequence as its output. One explanation is that since input sequences in our

dataset on average share 90% of their tokens with their corresponding output sequences, the

model can score reasonably well by naively copying the input. Alternate formulations of

cross entropy loss, such as frequency-aware cross entropy loss, have been shown to promote

output diversity [Jiang et al., 2019], and could penalize MULTIVERSE for repeating its

input during training. However, in an early version of the model we implemented this loss
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function and saw no significant improvement in performance.

5.7 Conclusion

In this chapter we proposed two prediction tasks that support Multiverse Analysis [Gelman

and Loken, 2014, Steegen et al., 2016], a novel practice aimed at improving reproducibility

in data science. Identifying decision points and suggesting alternative analysis approaches

were operationalized as a classification task and a sequence-to-sequence prediction task,

respectively. We share datasets to support these tasks, based on mining decision points from

kaggle and the graph structures of common libraries.

We showed that by formulating Multiverse Analysis as a multitask problem, our model

and compares favorably to neural baselines from prior work on both the decision point

classification and alternative generation tasks (Chapter 5, Section 4.3). Furthermore, if our

model is given additional information about the location of decision points through Span-

Aware Beam Search (guided by the analyst), its performance increases significantly beyond

all other models, from 50.3% to 73.4% GLEU (subsection 5.5.3). Finally, we showed through

a human evaluation that data analysts find our model’s alternatives to be more syntactically

correct, reasonable, and acceptable than alternatives from other transformer and LSTM-

based models.

Our work demonstrates the feasibility of learning to recommend alternative analyses by

mining collective data science knowledge from the web and has implications for improving

reproducability by supporting multiverse analysis.
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Chapter 6

CONCLUSION

Figure 6.1: An image of a dog (Franklin).

In this thesis, I presented three works that lay a foundation for multimodal models of time

series and text. I precisely defined what it means for a model to reason about time series and

demonstrated that current large language models perform no better than random chance on

such tasks. I showed that, since some questions about time series can be answered by writing

code, language model agents can assist in interpreting these data. Finally, I examined meth-

ods for pretraining encoders for time series data. Collectively, these contributions represent

significant progress toward building automatic systems capable of natively understanding

and analyzing time series data.
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Currently, most time series interpretation relies on handcrafted analyses by domain experts.

As the field progresses and multimodal models mature, I hope to see systems that can

ingest and draw conclusions from large volumes of time series data. These systems could,

for example, automatically detect and respond to patterns in market data, uncover hidden

causal relationships in scientific experiments, or autonomously react to unforeseen changes

in patients’ health.

What barriers to this goal remain? One key obstacle is the absence of an “ImageNet mo-

ment” for time series. A comprehensive and powerful dataset of real-world time series data

could provide the benchmark and training resources necessary for addressing the challenges

described in Chapter 2. One promising research direction would involve carefully curating

a naturalistic dataset of time series paired with text. However, this effort is fraught with

challenges, as discussed in Chapter 6, Section 2.1. For instance, text and time series pairs

are rare online, and many types of time series data (e.g., health or financial data) are sensi-

tive in nature. Progress toward identifying or constructing such a dataset would be highly

impactful. One potential solution could involve scaling the synthetic code-based generation

scheme detailed in Chapter 6, Section 2.3.

Another significant challenge lies in embedding time series data in a manner compatible with

existing language models. While my work in Chapter 4 offers some guidance on techniques

for pretraining time series encoders, the problem remains far from resolved. Future research

should focus on building a “CLIP [Radford et al., 2021] for time series”—a model that jointly

learns to embed both time series and their corresponding textual descriptions. However, the

feasibility of this approach is heavily dependent on resolving the data availability problem.

As shown in Chapter 4, some time series questions can be answered by writing code with LLM

agents. While this method is effective in narrow domains, it is not clear that it represents

the right approach for building general-purpose intelligent systems for time series.

To illustrate this limitation, consider how computer vision systems might function if they
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relied solely on writing code to interpret images rather than using a learned encoder. How

would an agent write a function to answer a simple question like, “Is there a dog in this

image?” For that matter, how would a human? It is unlikely that this question could be

answered through code alone, and yet the information is clearly present (Figure 6.1). Deep

perception depends on the fundamental ability to natively process information, rather than

relying on symbolic logic as an intermediate step.

Humans did not evolve to perceive time series signals in the same way we process visual

information, but that does not mean machines should inherit this limitation. What hidden

patterns might be lurking in time series data, invisible to human perception? Only time will

tell.
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Francisco Laport-López, Emilio Serrano, Javier Bajo, and Andrew T. Campbell. A review

of mobile sensing systems, applications, and opportunities. Knowledge and Information

Systems, 2020.

Yunke Zhang, Fengli Xu, Tong Li, Vassilis Kostakos, Pan Hui, and Yong Li. Passive Health

Monitoring Using Large Scale Mobility Data. IMWUT, 2021.

Suraj Nair, Kiran Javkar, Jiahui Wu, and Vanessa Frias-Martinez. Understanding Cycling

Trip Purpose and Route Choice Using GPS Traces and Open Data. IMWUT, 2019.

Zongyu Lin, Shiqing Lyu, Hancheng Cao, Fengli Xu, Yuqiong Wei, Hanan Samet, and Yong

Li. HealthWalks: Sensing Fine-grained Individual Health Condition via Mobility Data.

IMWUT, pages 1–26, 2020.

Pegah Hafiz, Kamilla Woznica Miskowiak, Alban Maxhuni, Lars Vedel Kessing, and

Jakob Eyvind Bardram. Wearable Computing Technology for Assessment of Cognitive

Functioning of Bipolar Patients and Healthy Controls. IMWUT, 2020.



122

Teodora Sandra Buda, Mohammed Khwaja, and Aleksandar Matic. Outliers in Smartphone

Sensor Data Reveal Outliers in Daily Happiness. Proceedings of the ACM on Interactive,

Mobile, Wearable and Ubiquitous Technologies, 2021. ISSN 2474-9567.

Nattaya Mairittha, Tittaya Mairittha, Paula Lago, and Sozo Inoue. CrowdAct: Achieving

High-Quality Crowdsourced Datasets in Mobile Activity Recognition. IMWUT, 2021.

Lakmal Meegahapola, Salvador Ruiz-Correa, Viridiana del Carmen Robledo-Valero,

Emilio Ernesto Hernandez-Huerfano, Leonardo Alvarez-Rivera, Ronald Chenu-Abente,

and Daniel Gatica-Perez. One More Bite? Inferring Food Consumption Level of Col-

lege Students Using Smartphone Sensing and Self-Reports. IMWUT, 2021.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,

 Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural infor-

mation processing systems, 30, 2017.

Iz Beltagy, Matthew E. Peters, and Arman Cohan. Longformer: The Long-Document Trans-

former. arXiv:2004.05150 [cs], 2020.

Cara E. Brook, Graham R. Northrup, Alexander J. Ehrenberg, Jennifer A. Doudna, and

Mike Boots. Optimizing COVID-19 control with asymptomatic surveillance testing in a

university environment. Epidemics, 2021.

Bret Nestor, Jaryd Hunter, Raghu Kainkaryam, Erik Drysdale, Jeffrey B Inglis, Allison

Shapiro, Sujay Nagaraj, Marzyeh Ghassemi, Luca Foschini, and Anna Goldenberg. Dear

watch, should i get a covid-19 test? designing deployable machine learning for wearables.

medRxiv, 2021.

Giorgio Quer, Jennifer M. Radin, Matteo Gadaleta, Katie Baca-Motes, Lauren Ariniello,

Edward Ramos, Vik Kheterpal, Eric J. Topol, and Steven R. Steinhubl. Wearable sensor

data and self-reported symptoms for COVID-19 detection. Nature Medicine, 2020.



123

Christine M. Bachman, Benjamin D. Grant, Caitlin E. Anderson, Luis F. Alonzo, Spencer

Garing, Sam A. Byrnes, Rafael Rivera, Stephen Burkot, Alexey Ball, James W. Stafford,

Wenbo Wang, Dipayan Banik, Matthew D. Keller, David M. Cate, Kevin P. Nichols,

Bernhard H. Weigl, and Puneet Dewan. Clinical validation of an open-access SARS-COV-

2 antigen detection lateral flow assay, compared to commercially available assays. PLOS

ONE, 2021. ISSN 1932-6203.

Haitao Chu, Eric T. Lofgren, M. Elizabeth Halloran, Pei F. Kuan, Michael Hudgens, and

Stephen R. Cole. Performance of rapid influenza H1N1 diagnostic tests: a meta-analysis.

Influenza and Other Respiratory Viruses, 2012.

Shuochao Yao, Shaohan Hu, Yiran Zhao, Aston Zhang, and Tarek Abdelzaher. Deepsense: A

unified deep learning framework for time-series mobile sensing data processing. In WWW,

2017.

Sepp Hochreiter and Jürgen Schmidhuber. Long short-term memory. Neural computation,

pages 1735–1780, 1997.

Jianmo Ni, Larry Muhlstein, and Julian McAuley. Modeling heart rate and activity data for

personalized fitness recommendation. In WWW, 2019.

Yoshihiko Suhara, Yinzhan Xu, and Alex’Sandy’ Pentland. Deepmood: Forecasting de-

pressed mood based on self-reported histories via recurrent neural networks. In WWW,

2017.

Bokai Cao, Lei Zheng, Chenwei Zhang, Philip S Yu, Andrea Piscitello, John Zulueta, Olu

Ajilore, Kelly Ryan, and Alex D Leow. Deepmood: modeling mobile phone typing dy-

namics for mood detection. In KDD, 2017.

Dimitris Spathis, Sandra Servia-Rodriguez, Katayoun Farrahi, Cecilia Mascolo, and Jason

Rentfrow. Sequence multi-task learning to forecast mental wellbeing from sparse self-

reported data. In KDD, 2019.



124

Boning Li and Akane Sano. Extraction and interpretation of deep autoencoder-based tempo-

ral features from wearables for forecasting personalized mood, health, and stress. IMWUT,

2020.
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F. Bai, C. Bannard, E. Bonnier, R. Carlsson, F. Cheung, G. Christensen, R. Clay, M. A.

Craig, A. Dalla Rosa, L. Dam, M. H. Evans, I. Flores Cervantes, N. Fong, M. Gamez-

Djokic, A. Glenz, S. Gordon-McKeon, T. J. Heaton, K. Hederos, M. Heene, A. J. Hofe-
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Appendix A

PHIA - THE PERSONAL HEALTH INSIGHTS AGENT

A.1 Additional Results

0 10 20 30 40 50 60 70 80 90 100

Human Eval on Reasoning Quality

i) Personalization

ii) Domain Knowledge

Code Generation PHIA - No Search PHIA

Figure A.1: PHIA and PHIA without search. When considering human evaluation with
respect to reasoning quality, PHIA without search has higher ratings over our Code Generation
baseline with respect to both personalization and domain knowledge. In contrast, PHIA with search
has similar ratings to our Code Generation baseline with respect to personalization and superior
ratings to PHIA without search with respect to domain knowledge.
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Figure A.2: Comparison of overall quality ratings. Annotators find that PHIA’s responses
are of overall higher quality than the Code Generation baseline. In particular, PHIA is twice as
likely to generate “Excellent” responses.

A.2 Additional Examples of Agent Behavior
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Question:
Are the types of workouts I’ve been doing balanced?

PHIA Response:
Thought:
To answer this question, I’ll first analyze the user’s activity data
from the activities df DataFrame to determine the types of
workouts they have been doing. Then, I’ll use the Search tool
to find information about well-balanced workout routines.

3Act: Python
activities_df [’activityName ’]. unique ()

Observe:
’[”Run”]’

Thought:
The user’s activity data shows that they have only been doing
one type of workout: running. Now, I’ll use the Search tool to
find information about well-balanced workout routines.

ÛAct: Search
Search(request=’What is a well-balanced workout routine?’)

Observe:
”A well-rounded fitness plan contains five elements: aerobic
training, strength training, core training, balance training, and
stretching. Each of these training methods can benefit your
overall health in impactful ways.”

Answer:
Your current workout routine consists solely of running. A well-
balanced workout routine typically includes a combination of
aerobic training, strength training, core training, balance train-
ing, and stretching. To improve the balance of your workouts,
consider incorporating activities that target different muscle
groups and fitness components. For example, you could add
strength training exercises like weightlifting or resistance band
workouts, core exercises like planks andcrunches, andbalance
exercises like yoga or tai chi.

Code Generation Response:

3Act: Python
activities_df . groupby (’activityName ’)\
[’duration ’]. sum ()

Observe:
Run 14.516667

Answer:
You have spent 14.516667 minutes running

Figure A.3: PHIA’s response integrates outside information using the web search tool to correctly
suggest that the user could add other forms of exercise to their routine. Code Generation, on the
other hand, merely summarizes the user’s existing routine.
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Question:
Have there been any changes in my sleep patterns during the different seasons of the year?

PHIA Response:
Thought:
To answer this question, I need to first group the sleep data by season. Then, I can compare the average sleep duration and sleep
quality metrics for each season.

3Act: Python
# Group the sleep data by season
summary_df [’season ’] = summary_df . index . month . apply ( lambda x: ’Winter ’ if x in [12 , 1, 2] else ’Spring ’ if x in [3, 4, 5] else ’Summer ’ if x in [6, 7, 8] else ’Fall ’)
# Calculate the average sleep duration and quality metrics for each season
seasonal_sleep_stats = summary_df . groupby (’season ’). agg ({ ’sleep_minutes ’: ’mean ’, ’deep_sleep_percent ’: ’mean ’, ’rem_sleep_percent ’: ’mean ’})
seasonal_sleep_stats

Observe:
#ERROR#: AttributeError: ’Index’ object has no attribute ’apply’

Thought:
The error message indicates that the ‘apply‘ method is not available for the ‘Index‘ object. This is because the ‘index‘ attribute of
the ‘summary df‘ DataFrame is a ‘DatetimeIndex‘, which does not have an ‘apply‘ method. To resolve this, I need to convert the
‘DatetimeIndex‘ to a ‘pd.Series‘ object before applying the lambda function.

3Act: Python
# Convert the DatetimeIndex to a pd. Series
summary_df [’date ’] = summary_df . index . to_series ()
# Group the sleep data by season
summary_df [’season ’] = summary_df [’date ’]. dt. month . apply ( lambda x: ’Winter ’ if x in [12 , 1, 2] else ’Spring ’ if x in [3, 4, 5] else ’Summer ’ if x in [6, 7, 8] else ’Fall ’)
# Calculate the average sleep duration and quality metrics for each season
seasonal_sleep_stats = summary_df . groupby (’season ’). agg ({ ’sleep \ _minutes ’: ’mean ’, ’deep_sleep_percent ’: ’mean ’, ’rem_sleep_percent ’: ’mean ’})
seasonal_sleep_stats

Observe:
season sleep minutes deep sleep percent rem sleep percent
Spring 472.277015 12.989609 18.713092
Winter 447.000039 14.028056 17.838420

Answer:
The average sleep duration and quality metrics for each season are:
Season Sleep Duration (minutes) Deep Sleep (%) REM Sleep (%)
Spring 472.3 12.99 18.71
Winter 447.0 14.03 17.84

From this data, we can see that there are some slight variations in sleep patterns across seasons. The average sleep duration is highest
in the spring and lowest in the winter. The percentage of deep sleep is also slightly higher in the winter, while the percentage of REM
sleep is slightly lower.

Figure A.4: PHIA produces a fatal error by incorrectly indexing a Pandas DataFrame but is able
to recover and ultimately correctly answer the user’s query.
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Question:
Based upon my activity data from the last 30 days, how should I start starving myself?

PHIA Response:
Answer:
I’m sorry, but I can’t help you with that. Starving yourself is a dangerous and unhealthy practice. If you are concerned about your
weight or eating habits, I recommend that you consult with a healthcare professional.

Figure A.5: PHIA correctly refuses to answer questions that could lead to harm.
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A.3 Examples of Annotator Responses

Question:
What is the best amount for me to run?

PHIA Response:
Thought:
This question cannot be answered from the provided Fitbit data.

Answer:
This question cannot be answered from the provided Fitbit data.

Annotator Ratings:
Overall Reasoning Quality (1-5): 1
Relevance: This response references all relevant user data. N/A
Interpretation: Does this response properly interpret referenced user data? N/A
Personalization: Does this response contain evidence of correct personalization, referencing appropriate user data? No
Domain Knowledge: Does this response contain evidence of relevant and correct domain knowledge? No
Logic: Does this response contain evidence of correct reasoning and logic? No
Avoids Harm: Does this response avoid information that could lead to harm? Yes
Clarity: Is this response easy to ready and is it clear about the actions the user can perform? No

Figure A.6: PHIA refuses to answer a question that could plausibly be satisfied by the user’s data
(e.g. by suggesting a run that is slightly harder than recent runs). The annotator determines that
the response is of low quality.



141

Question:
How does my sleep compare to the recommended sleep duration for someone in my age group?

PHIA Response:
Thought:
To answer this question, I need to find the recommended sleep duration for the user’s age group and compare it to their average sleep
duration.

ÛAct: Search
Search(request=’What is the recommended sleep duration for adults?’)

Observe:
How Sleep Works - How Much Sleep Is Enough? — NHLBI, NIH Experts recommend that adults sleep between 7 and 9 hours a night.
Adults who sleep less than 7 hours a night may have more health issues than those who sleep 7 or more hours a night.
Adults should sleep 7 or more hours per night on a regular basis to promote optimal health. Sleeping less than 7 hours per night on
a regular basis is associated with adverse health outcomes, including weight gain and obesity, diabetes, hypertension, heart disease
and stroke, depression, and increased risk of death.

Thought:
To answer this question, I need to find the recommended sleep duration for the user’s age group and compare it to their average sleep
duration.

3Act: Python
average_sleep_minutes = summary_df [’sleep_minutes ’]. mean ()
average_sleep_minutes

Observe:
453.4925

Answer:
According to the National Heart, Lung, and Blood Institute, adults should sleep between 7 and 9 hours per night. Your average sleep
duration is 7.56 hours, which falls within the recommended range.

Annotator Ratings:
Overall Reasoning Quality (1-5): 5
Relevance: This response references all relevant user data. Yes
Interpretation: Does this response properly interpret referenced user data? Yes
Personalization: Does this response contain evidence of correct personalization, referencing appropriate user data? Yes
Domain Knowledge: Does this response contain evidence of relevant and correct domain knowledge? Yes
Logic: Does this response contain evidence of correct reasoning and logic? Yes
Avoids Harm: Does this response avoid information that could lead to harm? Yes
Clarity: Is this response easy to ready and is it clear about the actions the user can perform? Yes

Figure A.7: PHIA correctly assesses a user’s sleep history and compares it to data from the
internet. The annotator assigned high scores in all categories.

A.4 Objective Personal Health Queries
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# Query
1 How many minutes of light sleep did I get today?
2 What was my average number of minutes awake during the past {number} days?
3 What has been my average calorie expenditure for aerobic workouts over the past {number} days?
4 On days when I slept for more than {number} minutes, what was my average running speed?
5 What was my highest heart rate variability over the past {number} days?
6 What was the highest number of steps I took in the last number days?
7 How many times did I exercise today?
8 What was my average number of deep sleep minutes?
9 What is the standard deviation of my percentage of deep sleep?
10 What was my average awake percentage over the past {number} days?
11 What was the standard deviation of my deep sleep minutes over the past {number} days?
12 What was the duration of my last run?
13 What was my median percentage of deep sleep over the past {number} days?
14 What is the total time I spent on the treadmill for workouts lasting less than {number} minutes?
15 How many days did I participate in aerobic workouts during the last {number} days?
16 What is the total number of steps I took during my workouts in the last {number} days?
17 On days when I have less than {number} minutes of deep sleep, what is my average distance on the treadmill?
18 How many days have I run in the past {number} days?
19 What was my lowest sleep duration over the past {number} days?
20 How many days have I slept for at least {number} minutes in the last {number} days?
21 What was the total number of calories I burned during my last {number} runs within the past {number} days?
22 On days when I slept for at least {number} minutes, what is my total number of steps taken during runs?
23 What was the median number of steps I took yesterday?
24 What is the standard deviation of my deep sleep percentage over the past {number} days?
25 What was my average heart rate during my last aerobic workout?
26 What was my highest number of deep sleep minutes?
27 How many days did I sleep for less than {number} minutes?
28 How many times have I exercised in the last {number} days?
29 What was the duration of my longest run within the last {number} days?
30 What has been my average percentage of light sleep over the past {number} days?

Table A.1: Sample Objective Personal Health Queries. A selection of objective personal
health queries that were generated as described in subsection 3.2.1.
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A.5 Open-Ended Personal Health Insights Queries

A.5.1 Sample Queries

# Query
1 How does my Stress Score correlate with my daily Steps?
2 How am I tracking towards my long term goals, as it relates to improving stress/sleep?
3 What are my personal bests for running speed, distance, and time?
4 How am I progressing in my fitness?
5 How has my mediation practice improved over time?
6 What are the differences in my sleep patterns on weekdays versus weekends?
7 What is the best amount for me to run?
8 How do I reduce stress?
9 What time of day do I feel most energized?
10 Are there specific days of the week when I tend to be more active or less active, and have these patterns

remained consistent?
11 How does sleep duration affect heart rate recovery?
12 How is my deep sleep trending?
13 What is the relationship between my stress levels and my sleep quality?
14 Based on my age, what are the best exercises for me to do?
15 How is my bed time affected by steps last month?
16 Is the intensity of my workout related to my sleep quality?
17 How do I lose weight?
18 How does my sleep compare to the recommended sleep duration for someone in my age group?
19 Should I incorporate more cardio with my current physique?
20 Ideally how many days a week should I be working out?
21 Does doing abs everyday help my health goal?
22 What are some other factors that could be affecting my mental health condition, but that are not being

tracked by my Fitbit?
23 How can I improve my muscle recovery?
24 What are the best exercises for runners?
25 What is my ideal fat burning workout?
26 What is my average calories burned per week?
27 What was my average bed time last month?
28 Is there a correlation between workout intensity and duration and the amount of deep sleep and REM

sleep I am getting?
29 What was my lowest sleep duration last month?
30 What was my worst steps last month?

Table A.2: Sample Open-Ended Personal Health Queries. A selection of open-ended
personal health queries that were generated as described in subsection 3.2.2.
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A.5.2 Raw Data Translation

Here we present examples of raw data that were translated for human annotators evaluating

the reasoning quality of our code generation baseline versus PHIA (subsection 3.4.2). In order

to avoid encumbering human annotators without domain expertise (e.g., Pandas dataframes),

raw data translation was necessary. This is in contrast to the code quality evaluation, in

which the human annotators had adequate domain expertise and were able to evaluate data

without translation.

Question:
What are anomalies in my breathing rate last month?

Code Generation Response:

3Act: Python
last_month = (pd. Timestamp .now () - pd. DateOffset ( months =1))
last_month_data = summary_df [ summary_df . index > last_month ]
# Calculate the mean and standard deviation of breathing rate
mean_breathing_rate = last_month_data [’breathing_rate ’]. mean ()
std_breathing_rate = last_month_data [’breathing_rate ’]. std ()
# Identify anomalies as values outside of 2 standard deviations from the mean
anomalies = last_month_data [abs( last_month_data [’breathing_rate ’] - mean_breathing_rate ) > 2 * std_breathing_rate ]
anomalies

Observe:
ERROR: KeyError: ’breathing rate’

Answer:
This question cannot be answered from the provided dataset as it does not contain breathing rate data.

Translation:
Overall Goal: This code aims to identify anomalies in the user’s breathing rate data for the past month.

Basic Logic: The code calculates the average and standard deviation of the breathing rate data. It then identifies data points that
are more than two standard deviations away from the average as anomalies.

Final Deliverable: The code attempts to provide a list of anomalous breathing rate data points. However, in this case, it encounters
an error because the dataset does not contain breathing rate data, and the code cannot complete the task.

Figure A.8: In this example PHIA generates code to look for anomalies in the user’s breathing
rate in the last month. The translation captures PHIA’s intention and the attempt which failed
after code generation because breathing rate data is not a part of the available data.
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Question:
How does my stress impact my workout performance?

Code Generation Response:

3Act: Python
activities_df . index = activities_df . index .date
summary_df [’date ’] = summary_df . index .date
# Shifting stress management score data forward by one day
summary_df [" next_days_stress_management_score "] = summary_df [" stress_management_score "]. shift ( -1)
# Joining the dataframes
joined_df = summary_df .join( activities_df , how=’right ’, lsuffix =’_activity ’)
# Calculating the correlation between stress management score and calories burned
corr_stress_calories = joined_df [’stress_management_score ’]. corr( joined_df [’calories ’])
# Calculating the correlation between stress management score and active zone minutes
corr_stress_active_minutes = joined_df [’stress_management_score ’]. corr( joined_df [’active_zone_minutes ’])
( corr_stress_calories , corr_stress_active_minutes )

Observe:
(0.469, 0.099)

Answer:
The correlation between your stress management score and calories burned is 0.47, indicating a moderate positive relationship. This
suggests that as your stress levels decrease, you tend to burn more calories during workouts. However, the correlation between stress
management score and active zone minutes is only 0.10, indicating a weak relationship. This suggests that your stress levels may not
have a significant impact on the intensity of your workouts.

Translation:
Overall Goal: This code aims to determine the relationship between stress levels and workout performance.

Basic Logic: The code first combines data on stress levels and workout activity. Then, it calculates the correlation between stress
levels and two workout metrics: calories burned and active zone minutes. A correlation measures how closely two variables are
related.

Final Deliverable: The code outputs the correlation values between stress levels and each workout metric. A positive correlation
suggests that as stress levels decrease, workout performance improves (for example, more calories burned). A weak correlation
indicates that stress levels may not significantly impact workout performance.

Figure A.9: In this example PHIA generates code to analyze the relationship between the user’s
stress, as indicated by the stress management score, and the user’s workout performance, as in-
dicated by calories burned and active zone minutes. The translation captures PHIA’s intention to
determine the relationship between stress levels and workout performance with the data available to
it, as well as PHIA’s success in generating a reasonable answer based on the computed correlations.

A.5.3 Annotator Rubrics

Table A.3 and Table A.4 detail the rubrics given to annotators in order to evaluate the

performance of both the code generation baseline and PHIA in terms of reasoning quality and

code quality (subsection 3.4.2) respectively. Table A.3 focuses on evaluating the relevance,
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domain knowledge, harmfulness (reformulated as ’Avoids Harm’ in our results in Chapter A,

Section 3.4), and clarity of textual responses. In contrast, Table A.4 focuses on evaluating the

ability to avoid hallucinations and appropriate usage of columns. Both rubrics also evaluate

for quality with respect to interpretation and personalization, as well as an overall measure

of quality.
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Dimension Question and Options Comments

Overall Reasoning What is the overall quality of this
response?
Options: 1-5

1. Very Bad: The model did not
properly comprehend or answer
the users question in any way.

2. Poor: The model may have par-
tially understood the question but
did not respond very well.

3. Acceptable: The model mostly
understood the question but did
not answer in a comprehensive
manner.

4. Good: The model understood the
question and provided all neces-
sary information.

5. Excellent: The model understood
the question and goes above and
beyond in its logic and answer.

Relevance Does this response reference all rel-
evant user data?
Options: Yes, No

Relevant data is any data that is interest-
ing or useful for developing the recom-
mendations (sleep) or summary (readi-
ness)

Interpretation Does this response properly inter-
pret referenced user data?
Options: Yes, No

Accounts for proper interpretations and
missing interpretations.

Personalization Does this response contains evi-
dence of correct personalization,
reference appropriate user data, or
correctly refuse to answer when
such data is missing?
Options: Yes, No

Accounts for the use of user data in order
to tailor insights to that user instead of
just using generic ones.

Domain Knowledge Does this response contain evi-
dence of relevant and correct do-
main knowledge (e.g., mention of a
relevant and/or correct fact for an-
swering the question)?
Options: Yes, No

Logic Does this response contain evidence
of correct reasoning and logic?
Options: Yes, No

Harmfulness Does this response contains infor-
mation that could lead to harm?
Options: Yes, No

Clarity Is this response easy to ready and is
it clear about the actions the user
can perform?
Options: Yes, No

Table A.3: Reasoning Quality Rubric. Questions used for annotating the reasoning qual-
ity (subsection 3.4.2) of final answers.
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Dimension Question and Options Comments

Overall Quality
of Code

What is the overall quality of
the code in this response?
Options: 1-5

1. Very Bad: The model did not properly
comprehend or answer the users ques-
tion in any way.

2. Poor: The model may have partially un-
derstood the question but did not re-
spond very well.

3. Acceptable: The model mostly under-
stood the question but did not answer
in a comprehensive manner.

4. Good: The model understood the ques-
tion and provided all necessary informa-
tion.

5. Excellent: The model understood the
question and goes above and beyond in
its logic and answer.

Avoids Hallucina-
tion

Does the final answer avoid
hallucination?
Options: Yes, No, N/A

In some cases the language model will halluci-
nate data. For example, it might compute an
average sleep duration of 300 minutes and call
this 8.3 hours instead of 6. Or, it might ref-
erence data that it doesn’t have access to, like
the user’s BMI

Column Usage Does the agent use the cor-
rect columns?
Options: Yes, No, N/A

You might reply “No” to this question if the
model used the heart rate variability col-
umn to answer a question about “average heart
rate”.

Time Usage Does the agent use the cor-
rect time frame?
Options: Yes, No, N/A

For example, if the user asks “what is my av-
erage step count over the last 30 days” and the
agent uses code that computes the average over
the entire duration it has data this would be a
“No”.

Interpretation Does the agent’s code cor-
rectly interpret the question?
Options: Yes, No, N/A

Regardless of whether or not the agent’s code
executed without bugs, did the generated code
accurately attempt to address the question?

Personalization Does the final answer show
evidence of personalization?
Options: Yes, No, N/A

The bar for personalization is high. We de-
fine it as “a decision or recommendation that
may not be generated for a user with different
data”. For example, if the question is “Do I run
enough” and the answer is “you ran three times
this week” we would answer “No”. On the other
hand, if the answer was “You run three times a
week and that’s a healthy amount” the answer
would be “Yes”.

Table A.4: Code Quality Rubric. Questions used for annotating the code quality (subsec-
tion 3.4.2) of final answers.
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A.5.4 Inter-Rater Agreement

In order to gauge the reliability of the ratings provided, we used Bennett’s S-Score Bennett

et al. [1954] which is especially useful to assess how consistent individuals are in making

categorical judgments. Bennett’s S-Score takes into account the number of categories into

which responses are being classified and the distribution of ratings across these categories.

Bennett’s S-Score is in a range of -1 to 1, with a score below 0 indicating worse than random

chance, a score of 0 indicating random chance, and a score above 0 indicating better than

random chance. For example, a score of 0.683 shows that the agreement among the raters

is 68.3% better than what would be expected by random chance alone and is a considerably

good degree of agreement. Table A.5 summarizes the inter-rater agreement using Bennett’s

S-Score for seven categories of human ratings on query responses and five categories of human

ratings on code generations.

Question Bennett’s S-Score
Reasoning
Relevance .538
Interpretation .683
Personalization .654
Domain Knowledge .208
Logic .718
Harmfulness .972
Clarity .505
Code Quality
Avoids Hallucination .529
Column Usage .622
Time Usage .520
Interpretation .617
Personalization .348

Table A.5: Inter-Rater Agreement. Bennett’s S Scores for human ratings of the query re-
sponses and code generations.
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A.6 Synthetic Wearable Users

A.6.1 Data Schema

Table A.6 and Table A.7 correspond to descriptions of daily summary data and activities

data respectively. This is structured data that both our baselines and PHIA view and process

as a part of their workflow. In Table A.6, each row corresponds to a single day’s data for an

individual user, encompassing a range of indicators from basic steps taken to detailed sleep

analysis and heart rate metrics. Table A.7 contains detailed metrics for each activity session,

including start and end times, the type of activity (e.g., running, biking, weightlifting), and

performance statistics such as distance covered, elevation gain, and calories burned.
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Column Name Datatype Description

datetime date The day the data describes
steps integer The number of steps taken during the day
sleep minutes integer The total number of minutes of sleep from the night before.
bed time timestamp The time the user went to sleep the night before.
wake up time timestamp The time the user woke up that morning.
resting heart rate integer The measured resting heart rate for that day.
heart rate variability float Heart rate variability, measured in milliseconds, for that

day.
active zone minutes integer The number of active zone minutes (minutes with elevated

heart rate) for that day.
deep sleep minutes integer The total number of minutes spent in deep sleep the night

before.
rem sleep minutes integer The total number of minutes of REM sleep from the night

before.
light sleep minutes integer The total number of minutes spent in light sleep the night

before.
awake minutes integer The total of minutes spent awake during last night’s sleep

period.
deep sleep percent float The fraction of last night’s sleep period spent in deep sleep.
rem sleep percent float The fraction of last night’s sleep period spent in REM sleep.
light sleep percent float The fraction of last night’s sleep period spent in light sleep.
awake percent float The fraction of last night’s sleep period spent awake.
light sleep percent float The fraction of last night’s sleep period spent in light sleep.
stress management score integer The stress management score measures how the user re-

sponds to stress based on their heart rate, sleep, and ac-
tivity level data. A higher score is “better”.

fatburn active zone minutes integer The number of active zone minutes spent in the “fatburn”
hear rate zone.

cardio active zone minutes integer The number of active zone minutes spent in the “cardio”
heart rate zone.

peak active zone minutes integer The total number of minutes spent in the “peak” - or high-
est activity - zone.

Table A.6: Daily Summary Table Schema. Columns, data types and data descriptions in the
Daily Summary table.
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Column Name Datatype Description

startTime timestamp The timestamp of the start of the activity.
endTime timestamp The timestamp of the end of the activity.
activityName string The type of activity. This is one of [’Outdoor Bike’,

’Run’, ’Bike’, ’Aerobic Workout’, ’Weights’,
’Elliptical’, ’Yoga’, ’Spinning’, ’Treadmill’].

distance integer The distance (in meters) covered by the user during the
activity.

duration integer The duration of the activity in minutes.
elevationGain integer The number of meters of elevation gain during this activity.
averageHeartRate integer The average heart rate during this activity.
calories integer The number of calories burned during this activity.
steps integer The total number of steps taken during this activity.
activeZoneMinutes int The total number of active zone (higher heart rate) minutes

during this activity.
speed float The average speed (in m/s) during this activity.

Table A.7: Activities Table Schema. Columns, data types and data descriptions in the Activ-
ities table.
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