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Abstract

Lack of diversity in data collection has caused
significant failures in machine learning (ML) ap-
plications. While ML developers perform post-
collection interventions, these are time intensive
and rarely comprehensive. Thus, new meth-
ods to track & manage data collection, iteration,
and model training are necessary for evaluating
whether datasets reflect real world variability. We
present designing data, an iterative approach to
data collection connecting HCI concepts with
ML techniques. Our process includes (1) Pre-
Collection Planning, to reflexively prompt and
document expected data distributions; (2) Col-
lection Monitoring, to systematically encourage
sampling diversity; and (3) Data Familiarity, to
identify samples that are unfamiliar to a model
using density estimation. We apply designing
data to a data collection and modeling task. We
find models trained on “designed” datasets gen-
eralize better across intersectional groups than
those trained on similarly sized but less targeted
datasets, and that data familiarity is effective for
debugging datasets.

1. Introduction

Curating representative training and testing datasets is funda-
mental to developing robust, generalizable machine learning
(ML) models. However, understanding what is representa-
tive for a specific task is an iterative process. ML practi-
tioners need to change data, models, and their associated
processes as they become more familiar with their modeling
task, as the state of the world evolves, and as products are
updated or maintained. Iteration directed by this evolving
understanding seeks to improve model performance, often
editing datasets to ensure desired outcomes.
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Failure to effectively recognize data quality and coverage
needs can lead to biased ML models (Mitchell et al., 2020).
Such failures are responsible for the perpetuation of sys-
temic power and access differentials and the deployment of
inaccessible or defective product experiences. Yet building
representative datasets is an arduous, historically difficult
undertaking (Tayi & Ballou, 1998; Sambasivan et al., 2021)
that relies on the efficacy of human-specified data require-
ments.

To ensure a dataset covers all, or as many, characteristics
as possible, specifications must be the result of a compre-
hensive enumeration of possible dimensions—an open and
hard problem that few have practically grappled with in the
context of ML. Further contributing to this difficulty is the
realization that it is not enough for the training datasets to be
aligned with expected distributions: they must also include
enough examples from conceptually harder or less com-
mon categories if said categories are to be learned (Asudeh
et al., 2019). Failure to sufficiently consider both the crit-
ical dimensions of data and their relative complexity can
have troubling consequences. Instances of such missteps
span issues of justice, healthcare, hiring practices, voice
and face recognition, and loan qualifications, wherein biases
of data and algorithms limit technological use and cause
harm (Buolamwini & Gebru, 2018; Asudeh et al., 2019;
Palanica et al., 2019; Angwin et al., 2016; Noble, 2018). Yet
understanding these data requirements even after training is
difficult; knowing them a priori is exceptionally so.

Rather than emphasize tools that enable better collection and
data iteration practices—that design better data—research
in fairness and machine learning has largely focused on
prescriptive “how-to” frameworks, definitions of fairness,
and post-collection analysis techniques (Amershi et al.,
2019; Yang et al., 2020). While there are exceptions to
this (Hohman et al., 2020b), the hidden technical debt (Scul-
ley et al., 2015) accumulated from poor data design remains
an under explored space. To reduce this technical debt and
encourage diverse datasets, methods of externalizing data
collection, iteration, and training are necessary checks for
ensuring datasets reflect diverse experiences and are robust
when deployed in real-world models.

Contributions We present designing data, an iterative, bias
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Figure 1. Designing datancludes (I)Pre-Collection Planning, (II) Collection Monitoring, & (Ill) Data Familiarity . Each supplements
the other, and should be used iteratively.

mitigating approach to data planning, collection, and MLdocumentation for transparency in downstream model and
development; we implement this approach in an interactivalataset use (Koesten et al., 2019; Bender & Friedman, 2018;
dashboard that scaffolds each step for practitioner use. Méwnold et al., 2019). This type of documentation has been
tivated by 24 formative interviews 3, designing data is awidely adopted (Hopkins & Booth, 2021). However, docu-
structured, holistic parallel to the current standards for dementation on its own is limited, as it typically accompanies
veloping production-quality datasets (Hohman et al., 2020bja model or dataset upon release rather than shaping its de-
Each step proactively introduces interventions to improverelopment. For instance, Model Cards do not explicitly
models prior to deployment: guide how to reconcile model weakness or actively direct
) ) o ) ) data collection to improve fairness—rather, they are intended
1. Pre-Collection Planningprioritizes re exive consid-  for transparency. Our contribution is embedding the trans-
eration for domain and data needs prior to modelingparency revealed by such documentation into our designing
documents expected distributions of attributes, an(gata process and dashboard. Through simple prompts, users

highlights potential biases through questions related tQctively surface and engage with their priors—which later
class or characteristic representation within data.  jnforms their evaluation.

2. Collection Monitoring communicates insight into Re exivity and Self-Re ection In social science, the prac-
dataset evolution, allowing users to make targeted adice of re exivity is a way to externalize implicit subjec-
justments to collection processes based on new insightivity present in data collection and interpretation (Fish &
or disparities between expected distributions and existStark, 2021; Dodgson, 2019). Re exivity entails deliber-
ing data. ately examining practitioners' own assumptions, practices,

o o and belief systems, thaontrastingthem with alternative

3. Data Familiarity borrows from Out-of-Distribution  yergpectives. This acknowledges positionality—how differ-
(OOD) methodologies to identify data that a model gnces in social position and power shape identities. While
perceives as unfamiliar, creating new directives fore exivity is typically practiced retrospectively, (Soedirgo
data and model iteration. & Glas, 2020) outlined how it could be an active process

through“ongoing re ection about our own social location
We demonstrate designing data's effectiveness through and [...] our assumptions regarding others' perceptions.”
case study using inertial measurement units (IMU) dataFhis approach includes recording assumptions of position-
time series data representing X, Y, & Z positioning—to clas-ality; routinizing re exivity; including other actors in the
sify hand position while texting. First, we collected data process; and communicating re exive outcomes with data.
iteratively, using Pre-Collection Planning and Monitoring

steps to build a diverse dataset. Then, we use leave-one-o gparate from yet related to re exivity is recent data visual-

cross-validation to evaluate how these initial steps in uence'zat'On work prompting viewers to re ect on their individual

performance. Finally, we evaluate familiarity to rst de- beliefs IOf d?t?]_(K'ml e(; aIT.,hZONlS; I:(ohkaz_in et Zil( 2820a).
bug a dataset, then to direct collection efforts. Each step i ,?(a.mp ?S o this |nﬁu € ; e\év ork Times dou rdal\_/v
centralized within a dashboard. We nd models trained on't, ViSualizations, where readers draw a projected trendline

highly diverse data outperform those trained on less diver58f vyhat. they.thmk the data IOOk.S like and then compare that
data across intersectional groups. projection with the real data (Aisch et al., 2015; Katz, 2017;

Buchanan et al., 2017), and an MIT Tech Review article
2. Related Work illustrating the complexity of building fair recidivism mod-
els wherein readers change different hyperparameters then
ML Documentation A close alternative tdesigning data  contrast their outcomes to existing models (Hao & Stray,
is model and dataset documentation, such as Model Card$19; Stray & Hao, 2020). Such visualizations act as pow-
(Mitchell et al., 2019) or Datasheets for Datasets (Gebrierful tools ensuring self-re ection—an important factor in
et al., 2021). Such work details what to include within said
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building representative datasets. understanding of critical dimensions of the data before start-
. g . . ing data collection, there are some common characteristics
Learnability and Familiarity Having diverse character- . : .
I ; ) . : for human-centric data collection based on existing knowl-
istics with sample size parity in data is one step towards . o X
o i . . edge of population statistics and power imbalances. How
mitigating bias but does not ensure equitable learning across X S
. -useful that information is depends on the context of how
classes. Instead, these approaches ignore data learnabilify: . .
. é data is used—for example, a person's accent and speech
having an equal number of samples per class neglects the

. . t[f)]athology are important factors in speech recognition, but
fact that some classes are inherently easier to learn than o T4 for creating a personalized wine recommendation. Un-
ers (Ben-David et al., 2019; Schapire, 1990; Klawonn et al. 9ap )

2019). Unfortunately, this complexity might not becomegtisseligrggsrinst};ﬁ'SE!Sijurfﬁmp gartlgl—syedﬁlit?es;imrllisf::r%
apparent until after deployment. In order to build better y gging q 9

: : erfort. As another interviewee saitfairness analysis is
systems, discovering what has not been learned by a modé - . .
tseful to a point” Generic tools for surfacing these nuanced

IS crltlcgl. In the pa_st, testing data acted as a proxy for thl?imitations of data do not exist, but there is both need and
evaluation. But while test datasets offer excellent thresholds,

. desire for them (Holstein et al., 2019).
for performance expectations, these are not the same mea-
surements: testing accuracy measures whether a model wBsf culty of collection leads to compromises (T2).Data
correct in its classi cation without consideration for how collection is a dif cult process to launch, requiring signi -
it reached its conclusion. For this reason, models are oftenant tooling. This dif culty contributes to issues of repre-
poorly calibrated (Van Calster et al., 2019). To address thissentation in data, as the emphasis in early data collection is
we use density estimation (DE)—a common technique foon howto collect and structure data rather than building a
measuring OOD-to evaluate how familiar a model is to acomplete picture ofvhatto collect for. Further, early collec-
given sample. Our implementation of DE is most similar totion efforts tend to prototype, making convenience sampling
(Lee et al., 2018), who use it to detect anomalous samplesanon. In human-centric data (e.g. speech or movement),
posttraining (e.g., adversarial attacks). Unlike prior work, such requirements can encumber diversity across many axes.
we extend DE techniques into training to direct data effortsThis has the potential to inhibit robust ML—while there is
. L a natural iteration in datasets stemming from distribution
Our use of DE to guide data collection is a response to twa, . : ,
. . shift (Quionero-Candela et al., 2009) and collectors' evolv-

drawbacks we note from other work seeking to improve. S .

: i .“ing understanding, it is a cycle full of forking paths (Kale
data representation and model performance: (1) alternative }

- etal., 2019; Hohman et al., 2020b) and dead-ends.
approaches requimgior awarenes®f what facets of data
are variable—for data that people are unaccustomed to, thislodel failures are invisible without participation and
might be impossible—and (2) measuring diversity within aiteration (T3). Real world failures are only visible when
given dataset does not account for what the model actuallpommunicated. But that communication comes from those
learns(Hooker, 2021; Schmidt et al., 2018). Because it isinvested enough in the tool, system, or research agenda to

modeloutputs that we are concerned for, these are importarnake the effort to bridge the communication gap. To quote

weaknesses to counter. an interviewee:The people who had issues were invisible
to the system because they didn't like using Whlike other
3. Formative Interviews domains which employ tools to surface and track issues

via user engagement, there are currently no tools that ad-
To understand ML practitioners' data collection needs, wegress the gap between a deployed ML product (let alone
conducted 24 semi-structured exploratory interviews withjtg early prototype) and a user. Such gaps are widened by
individuals possessing extensive machine learning and da!anguage and knowledge barriers, and the products them-
collection experience within a large technology companyselves are inaccessible to many who do not align with the
The interviewees ranged from ML research scientists an@riors on which the system is built. As these limitations
designers focused on ML experiences to engineering profrave substantial downstream impacts, we sought to intro-

uct managers. Interviews lastedone hour. As interviews  dyce early, comprehensive data & model checks to facilitate
progressed, common themes surfaced that directed our @sy pivoting during data collection.

tention to issues of data coverage and representation. We
describe those themes (T1-T3) below. 4. Designing Data

Critical dimensions of data are hard to know a priori  Existing bias mitigation and model evaluation approaches
(T1). A proactive approach to data collection requires knowttempt to address the themes uncovered in our formative
ing what axes are important for observation. As one intefteryiews but are not comprehensive to data collecaioa

viewee put it 'how do we know who and what is missing?” machine learning pipelines. In response to this disparity,

This was a shared dif culty described in nearly all inter-\ye propose an iterative approach to data collection and ma-
views. While it is typically impossible to have a complete
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Figure 2. (A) Dashboard prompts practitioners through designing their datasets. (B) Before collection, the dashboard prompts documenta-
tion of expected distribution. (C) These are visualized as histograms. (D) As data is collected, true distributions (pink) overlay expected
distributions (blue), highlighting divergent patterns.

chine learning that we cadlesigning dataDesigning data prompts, drop-down selections, and simple declarations.
responds to our themes by introducing interventions befor&Vhen the data relates to a human subject (i.e., images of
during, and after collection & training. Shown in Figure 1, faces, movement data, or voice recordings), our dashboard
each step is intended to complement the others, compensatompts self-reported demographic information about teams
ing for their limitations to holistically improve the develop- or individual users involved in developing the dataset. After,

ment and deployment process. We describe each below. users are asked what data distributions they expect. This is

) i . . " ., animportant step: prior work suggests that simply recogniz-
I: Pre-Collection Planning To facilitate broader consid ing such information (Fish & Stark, 2021: Kim et al., 2017),

eration of critical facets of data, data design requires ex- ° . : : . N )
plicit documentation ofvhatwill be collected—including and introducing design frictions (Gullsm, 2012; Penny

expected dimensions and distributions of datseferecol- cook et al., 2020), may improve the quality of data work.

. . . An example of the dimensions and related distributions is
lection begins. Our documentation process ensures develo

! . . IQﬁown in Figure 2. From these inputted dimensions, audits
ers pay close attention to data diversity and coverage ear

in an ML pipeline and creates reference points for com-gf population statistics, missing data, and undersampled

. : L X subsets are presented to users. Different categories of the
parison when new information is uncovered. This process ; X . .
. . . : RN " data, including demographics, metadata, task speci cs, class
aligns with prior work in heuristics, implicit bias, cognition, . . ; . . .
O . . representation, and intersectional categories are visualized.
and fake news susceptibility: deliberatiome-ection—can

correct intuitive mistakes, such as those made in data colletk Collection Monitoring By stating expected distribu-
tion (Pennycook & Rand, 2019; Bago et al., 2020; Toplaktions prior to collection, auditing the data against those
et al., 2011; Saul, 2013). While it is dif cult to enumer- distributions is straightforward, allowing readjustments to
ate all critical factors, this rst step in our designing data be made quickly when necessary. Each view re ects the
process provides scaffolding, responding to our rst themedata's evolution, allowing real-time insight on where addi-
(T1): critical dimensions of data are hard to know a priori tional collection is needed. Our dashboard includes graphs

As shown in Figure 2 (A), Pre-Collection Planning asksh'g.h“ghtmg distribution disparities that were perpet_uateq
or introduced as the data was collected, as shown in Fig-

aseries of'quest|ons tg prompt re exive cqn5|derat|on for%we 2 (D). These charts bene t users by noting when the data
individuals' personal biases through a series of open-tex : S
collection process is either skewed (for example, through



Designing Data: Proactive Data Collection and Iteration for Machine Learning

convenience sampling) or when previously stated expectaurrent training set, we obtain the activations from ldyer
tions did not align with reality. This step's iterative nature then use PCA to reduce its dimensionality. This projection
shortens the response time to correct fundamental errors step serves two purposes: it reduces the dispersion of points
data, highlighting limitations that may have remained unnothat is typical in high dimensional spaces , and makes the
ticed, as described in our second and third therdégulty remaining computation more tractable.

of collection leads to compromises (Tapdmodel failures

are invisible without participation and iteration (T3). We then perform a Variational Bayesian estimation of a

Gaussian mixture (Zobay, 2014) in the projected space. The
[Il: Data Familiarity After a model is trained, understand- tted GMM allows us to give a familiarity score to each new
ing what it has and has not learned appropriately is criticasample. Given this sample, we extract the activation from

L. The value in this form of auditing is signi cant: some the same layel, again apply dimensionality reduction, then
data may prove more dif cult to learn due to their inherent evaluate the log-likelihood provided by the tted GMM—
complexity, or from not having enough similar examplesthis is our familiarity score. If the sample falls into a densely
Despite the increased rigor of data collection as result of oupopulated area, its log-likelihood will be high: from the
earlier designing data steps, expected and actual data distpierspective of the features extracted by the current state
butions might not match the learning needs for the modebf layer |, this sample appears &miliar. Conversely,
thus requiring a stop gap such as under or oversamplindf,the sample falls into a scarcely populated area, its log-
generating synthetic data, or continued data collection. Wékelihood will be low and the sample less familiar. This
adopt density estimation (DE) to measure how familiar ourmeasurement can be applied to new samples—those not seen
model is with individual data points. While DE for OOD by a model previously—or on training samples. Familiarity
detection is well studied (Gawlikowski et al., 2021), our usescores are presented in our dashboard through a series of
of DE to direct data work (e.g. collection and annotation) isgraphs depicting their range and frequency, providing users
unique. By gaining insight on how a partially trained model direction for future data efforts; samples that are unfamiliar
perceives data, we can focus efforts on the most useful subfe reconciled with human expectations.

sets, reweighting or replacing the data accordingly. In this

way, even thouglhlif culty of collection leads to compro- 5. Task Selection, Data Collection, Modeling

mises (T2)we are able to interactively uncover remaining

issues, as suggested . We instantiated our designing data approach through a hu-

man activity recognition (HAR) task usinigertial mea-
Unfamiliar samples are “edge cases’—those that either arsurement uni{IMU) data— While designing data generally
not represented appropriately within the dataset, are particapplies to all data collection and machine learning processes,
larly challenging for the model to learn, or were erroneouslyour selection of data type and task were motivated by the
collected (e.g., noisy). In early dataset development, familunique challenges IMU data presents to building data di-
iarity scores act as useful checks for data with little signal—versity. First, IMU data inherently lacks the closeness of
samples where we expect the model to performwelhyay  mapping (Blackwell et al., 2001) that image and audio data
be noisy and thus require human inspection . To measureave to human models of the world, making it more dif cult
the familiarity of the data, we incorporate density estimatego audit. Recognizing when IMU data coverage is incom-
of layer activations across a neural network (NN). We focusplete can be dif cult when compared to image data as levels
on the penultimate layer before the prediction softmax as ibf abstraction often obfuscate fundamental problems in a
is the nal feature representation used to make a predictiordataset (Ramasamy Ramamurthy & Roy, 2018; Bartram
PassingN inputs through the network produces an activaet al., 2021)). Second, IMU data requires contextualiza-
tion matrixA(N) 2 RN M for all M neurons in subset of tion to create meaning—real-time labeling, or additional
selected layers® L. We learn a Gaussian Mixture model information from audio and video—and is harder to collect,

on these layer activations as given by the following: unlike images and audio clips which are now ubiquitous (Ra-
masamy Ramamurthy & Roy, 2018). Yet IMU data still has
p(xj )= wig(Xj i i) (1) the potential to bias ML models. Thus, we evaluate design-
i=1 ing data's merit within a typically challenging context.
wherex is a matrix of layer activationsyi;i = 1;::;M  Our experimental task resembles work by Goel et al. (2013),
are the mixture weights, arg{xj i; );i =1;:5M are  who improved mobile text entry by categorizing different

the component Gaussian densifie§or each sample inthe hand positions when users typed. Before collection, par-
1The purpose of designing data is not to replace existing tool “C'P"’?”ts provided demo.gr'aphlc information and metadata.
but rather to encourage a holistic approach that incorporates nes\R/h'S included race, ethnicity, gender, sex, age, hand length
ML techniques. For interventiorduring training we refer to ~ (mm), nail length (mm), hand dominance, phone version and
existing literature (Murphy, 2012; Japkowicz & Stephen, 2002). ——— ]
2This mode of DE is interchangeable with other DE or OOD methods such as (Weglarczyk, 2018; Lee et al., 2018).
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phone size. We collected data from 33 participants recruiteenore meaningful to performance than others. Performance
over three separate periods in response to data disparitieisparity—such as lower accuracy—across categalées
highlighted by our dashboard. In total, we collecte®:88  spiteequal sample size would support this hypothesis.

million m rements fr ions. Thi i . . .
on measurements frorb55sessions. This data is used Evaluation When compared to models trained on less di-

to populate dashboard, train and evaluate classi ers, then S
re ned according to familiarity evaluations. We use 1D verse data, we found that models with diverse data had an

convolutional neural nets (CNNSs) for classi catién overall higher accuracgndperformed better across intersec-

tional groups, as shown in Figure 3. For example, Figure 3
B shows a signi cant dip in performance for the model
trained without data from theght-side-left condition com-
The ability to produce diverse subsets does not guarantggared to diverse model (Figure 3 C). This is as we antici-
appropriate representation of sensitive attributes. Our appated, and we see that for data where participants were typ-
proach to encouraging fair outcomes considers the amahg in theright-side-left condition, the less-diverse model
gamation of both data and model. The following experi-actually performsvorsethan random chance. This pattern
ments adapt the following de nition of fairness—rather than is repeatable—acrossmodels where we intentionally left
seek a highaverageaccuracy across classes, we look at nuout one group (Figure 3 A), we see a correlated diagonal of
anced performance—accuracy, loss, and misclassi cation-lighter color indicating lower testing accuracy, supporting
between intersectional groups. To this end, we consideour hypothesis that the extensive characteristics we collected
several questions as part of our designing data evaluatiodata fordo effect IMU performance. In contrast, diverse
(Q1) Does auditing to increase data diversity improve modelmodels show less performance variance, instead performing
generalizability?and(Q2) Is data familiarity useful in au- better across different demographics—matching what we
diting model & data?Ve evaluate our interventions through would hope to achieve to minimize worst group generaliza-
a series of modeling experiments. First, we show that dition (Sagawa et al., 2019). We found some intersectional
verse dataloeslead to better performance. Then, we usesubgroups performed drastically different compared to their
familiarity to uncover noisy data within the dataset and deoverall group performance. In typical evaluations, this nu-
scribe how removing these samples impacts intersectionance is often obfuscated by aggregation, yet we were able
accuracy. Finally, we show that supplementing the dataseb capture it using simple interventions and visualizations.
with unfamiliar samples improves model performance.

6. Modeling Experiments

) N 6.2. Familiarity: Is data familiarity useful in auditing
6.1. Diverse Data: Does auditing to increase data model & data?

diversity improve model generalizability? ) o o
There are two scenarios where familiarity is useful in di-

We sought to answer Q1 through our rst set of experimentsyecting dataset iteration: to facilitate data cleaning, and to
We compare “diverse” models to “less diverse” models. Weencourage appropriate representation of diverse data for a
do so for two reasons: rst, it may not be clear to practi-given model. When a dataset contains noisy data, familiarity
tioners that collecting diverse data early in development igan help surface these samples for human evaluation. If a
critical to building functional tools. Second, despite bestgataset has already been cleaned, then familiarity is used to
efforts to curate a list of meaningful characteristics, we didhighlight samples that less familiar. We evaluate familiar-
not know if these additional data dimensions had any trugry's ef cacy in directing dataset iteration (Q2) through a
effect on the classi cation task. series of experiments to improve performance on the same

Both diverse and less diverse models are trained using tH€Sting data used in subsection 6.2, modifying training data
same number of training samples and are evaluated on tH&!t maintaining sample size parity. Modi cations to the
same test data. Less diverse models are trained on daf&ining data are completed using “self-familiarity” scores
where one group (e.g. small handed) was left out. In thidi-e., familiarity of training data) to avoid over tting.
way, we perform leave-one-out cross-validataord con-  6.2.1 Familiarity for Debugging Our dataset was col-
sider the speci c effects of a given demographic grouplected “in the wild” without additional annotation from par-
All models were trained with the same sample size. Waicipants. While participants were given clear instructions,
then generate predictions from the original test set. Payingse anticipated that a small number of samples would show
close attention to intersectional groups, we expect to sesigni cant noise or distortion—participants might drop their
more performance strati cation in less diverse models. Wephones as they type, or switch hands part way through a
compare models across overall, group-speci ¢, and intersegession. Such samples may introduce unwanted effects
tional accuracies. We hypothesize that some categories agdwnstream if left uncaught. Given the size of the dataset,
inspecting time series plots for each session was untenable.
i%stead, incorporating familiarity magreatly reduce the
number of samples to evaluate. By using an least partially

3See appendix for details on data processing, modeling, an
iterating with Pre-Collection Planning & Monitoring
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Figure 3. Performance per subgroup on testing data (y-axis) per model (x-axis), split across categories. The large square matrix (left)
shows accuracy where a subgroup was left out of the training set. The rectangular matrix (right) shows performance of models trained on
diverse data. (A) The arrow highlights the diagonal of the matrix: subgroups of data that perform worse than others, corresponding to
the model trained without this particular subgroup. (B) E.g., takinddfie _side _right model from the matrix, we see it performs

poorly on theleft _side _right subgroup. (C) Models trained on same sized yet more diverse dataset show no dip in accuracy.

Figure 4. (A) Accuracy for intersectional subgroups in a diverse data model. (B) Difference in accuracy for subgroups before & after
familiarity interventions (green is positive, purple negative).
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trained model on the dataset to uncover unfamiliar samplegjroups, as described in Section 6.1. These scores are used
familiarity offers a possible solution to capture noisy datadetermine next steps for additional data collection, augmen-
presenting an alternative to work such as (Pleiss et al., 202@ation, or modi ed (over/under) sampling. Here, we sample
Shen & Sanghavi, 2019), which incorporate loss as a metriout a percentage of thmostfamiliar data, andadd data

for capturing noisy samples. We hypothesize that least fanatching the intersectional characteristics for the same per-
miliar samples within a noisy dataset will include instancescentage ofeastfamiliar data. Substituted data was held out

of noisy data posing the greatest harm to the model. from training in Section 6.1, thus is new to the models. We

We explored how to incorporate familiarity as a tool for replace samples based on metadata characteristics, using

: . combinatorial optimization to best match unfamiliar data.
debugging rst through an automated approach to remowr.lq_JSing PCA, we project down to 50 dimensions, then t

. : I . S5 GMMs to last dense layer for each 1D CNN trained in
as follows: rst, we train an initial model on all available . : - o
L o - Section 6.1. Scoring our training data, we save familiarity
training data. We apply self-familiarity to the training and scores and model weidhts. We vary the ranae of familiarit
testing set, selecting only 0.1% of the data corresponding tQ gnts. y 9 y

o ) L Scores to sample from, percentage of data, and two sam-
least familiar samples. This data is either removed from the = = i
ling in methods—togx and random selection from a least

dataset, or visualized and manually reviewed per sample tp 3. .
y P '€ B miliar data range—compared to a random baseline. We

evaluate if they are truly noisy or simply uncommon. We . . . )
X . structure these experiments—varying window size and sam-
removed the same number of samples with manual review

of truly noisy data as with the automated remotalVe pling percentage—to uncover a sweet spot: removing too
: much data may harm performance on familiar groups, and

compared outcomes of both automated removal and remov?cl)o large a window might impinge on less familiar data
through human review, but found that deleting a percentage '
of least familiar data removed both noisy data and importanEvaluation Self-familiarity scores create a distinct curve,
outliers. We evaluate this outcome by comparing the resultsvith unfamiliar data falling into the long-tail. We nd ac-

of the following experiment to improve data diversity acrosscuracy scores are far more striated prior to familiarity in-
each approach to data cleaning when compared to a baseliterventions, showing some concepts are learned better than

where no data is removed. others. Following familiarity interventions, models do show
Evaluation In practice, we found that familiarity worked targeted improvement. Models performed more poorly in

well as a tool for debuaaing. Before removing nois dataregions with high numbers of low familiarity data (an ex-
9g9ing. 9 M a{nple of which is shown in Figure 4). Of note, models

from the complete dataset, a large percentage of the Iea§|d not necessarily improve overall—although this was fre-

familiar samples showed signi cant distortion, despite our ently the case— instead showind imorovement in areas
efforts to normalize the data. Because of the presence gtuenty 9 'mp

these noisy data, running our familiarity experiments WithOf low performance and regression in those with high per-

data that was not cleaned did not show the same Ievelfsormance. In Figure 4, we show model performances on

. . . Intersectional groups: (A) is a model trained on tinerse-
of general improvement. In this case, matching metadat . S .
. . ata-scenedataset with no familiarity intervention. We can
to noisy samples was not the correct comparison—these . . .
. See lower accuracies back-bed-leftandright-side-left
samples were not exemplars of the subpopulation. e
compared to other subgroups. In contragtjng-left and
In manually evaluating our unfamiliar data before removalback-bed-right had much higher accuracy compared to
we uncovered cases where unfamiliar samples were nather subgroups. Figure 4 (B) shows the difference between
noisy but rather underrepresented intersectional groups. Fehis model and one trained on the same data with familiar-
instance, a person identifying as Asian Femalewith ity interventions. Regions with relative poor performance
Small hands and_arge phone was as unfamiliar to the improved dramatically, while those with higher accuracies
model as incredibly noisy examples. Noisy data has differshowed some regression. Incorporating 0.1% least familiar
ent implications for the model than unusual samples. Fodata was optimal for our experiments. Overall, familiarity
this reason, removing 0.1% of the least familiar data prior toconsistently captured under-represented samples.
experiments did not improve performance to the extent seen )
when manual review was implemented. That is, familiarity 7. Conclusion

cannot distinguish between distorted noise and underreere need processes that integrate datdmodels in sys-

sented or OOD data. For datasets where signi cant noise I?ematic transparent ways. While each steplesigning
resenthuman reviews necessary to evaluate data quality. ' . . . . .
P h y g Y datacan be incorporated in isolation, the interventions are

complimentary, compensating for the cascading effects of

Jipstream and downstream missteps. Data is shaped by the

perspective of the observer; our work highlights how sys-
“Experimental protocol can be found in the Appendix. tematic processes may curtail bias early in development.

6.2.2 Familiarity for Diverse Data Coverage Next, we
compare familiarity scores across the different descriptiv
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the inherent variability within the data. We simpli ed the then asked to enter expected dimensions and distributions
task to binary handedness (typing with the left or right hand)pf data before collecting data (Main Body Figure 2 B,C).
but introduced a source of natural variability by promptingWhen distributions have incorrect values (i.e., do not add
users to perform a series of actions in parallel while typingup to 100%), the dashboard normalizes. This active expres-
This contrasts (Goel et al., 2013), who collected data whilesion of expected data encourages users to acknowledge and
users sat in a lab environment. We introduced 6 typing sceatocument the speci c limitations of their data, setting a
narios (walking, sitting, standing, lying on your back, lying precedent of conscious decision making from the beginning.
on your side, and lying on your front) to represent a selectiorit creates a simple provenance for early assumptions and a
of possible contexts users might normally experience typbaseline to evaluate against during data collection.

ing. Participants were then asked to type an English phra

from MacKenzie and Soukoreff's phrase set (MacKenzizﬁrom these inputted dimensions, audits of population statis-

& Soukoreff, 2003) using their left or right hand for a to- tics, missing data, and undersampled subsets are presented

tal of 6 (positions) _ 4 (typing sessions) 2 (hands)= 72 to users, re ectingouring Collection New dimensions can

trials. Entered phrases were recorded as a trial. Partic}i-)—e added as needed. Different categories of the data, includ-

pants were automatically redirected to the i@iBasure ing demographic information and metadata (described in the

app to determine hand and nail length. The app disableﬁart'mpam subsection), task speci cs, and class represen-

keyboard autocomplete and autocorrect. Beginning Whenatlon are then shown in visualizations Figure 2. Similarly,

. N Intersectional categories (such as agel hand size) are
people pressed “start”, we collected data was collected a o .
. : shown. This view re ects the data evolution as more data
a sampling rate of 200 Hz. When the task was nished

metadata, IMU data, and trial metadata (including scenaricgs collected, allowing real-time insight into what additional

. N collection might be required. Following collection, the dash-
phrase, keyboard recording, and session time) were push . : .
oard allows users to use a pre-trained model or train their
to an encrypted database.

own. Following training, saved states of a neural network
] and model architecture are loaded into our familiarity func-
B. Dashboard & Questions tions. Data is inputted to build out familiarity scores, the

We built our dashboard in JupyterLab using Altair (Van- nal step in our designing data process.

derPlas et al., 2018), a declarative visualization library forB 1. Visual E inati f Familiari
Python, and Ipywidgets (Grout et al., 2019). As shown in~"~ Isual Examination of Familiarity

Main Body Figure 2 (A), the dashboard asks a series of ques-ng-likelihood is a relative measure. Given our interest in
tions to prompt re exive consideration for the team or indi- the spread of familiarity scores across different categories
viduals personal biases. Using drop-down selections, theyithin the dataset, we introduced the visualizations shown
are asked to describe their team's representational makgr Figure 8 and Figure 9 into the dashboard for quick
up—including race, accessibility needs, age, sex and gendgisight into if there are particular subsets that are seem less
identities. After lling out this information, users are told: familiar than others. An overview of the familiarity scores
“The following groups and their subsequent intersections arecan be seen in Figure 6 For example, with a close look
not participating in your project development. To ensurewe see that théeastfamiliar samples across genders are
an optimal result, take steps to consider how their expericonsistentlyfemale Similarly, we see our oldest age-range
ences and views might differ from the currently representeq; 56) is least familiar for age. This view can be compared

ones.” This notice is followed by a list of demographic across iterations of data or model development for a gestalt
information not identi ed by the users. This is an important of the changes in familiarity.

step: prior work has shown that simply recognizing such
information (Fish & Stark, 2021; Kim et al., 2017), and ) .
introducing design frictions (Gullsim, 2012; Pennycook C. Case SftUdy' Re ecting on Our Data
et al., 2020), can increase the quality and consideration that Collection Process

goes into data work. It was unclear how diverse IMU data would in uence

One limitation to this procedural approach is how scopedPur modeling experiments, or if the categories developed
our questions are—they are not all-encompassing, but iffrough our re exive prompts would meaningfully align
tended to start the process of re ection and inquiry earlywith variation within the data. Prior work on human ges-
on. As a nal step in this re exive process, and to minimize tures has shown age (Lee et al., 2020), emotion (Noroozi
this limitation, a series of open-ended questions that takét al., 2018), and health (Papadopoulos et al., 2020) in u-
in free-form text asks, “What's missing, in the context of €nce gesture presentation. The tilt of a smartphone during
your project?” followed by some examples that expand orf€xting is captured by IMU data, and can be associated to

axes of diversity teams might need to consider. Users aréack posture (Kim et al., 2020). Hand position during typ-
ing is similarly distinguishable (Goel et al., 2013), yet IMU

13
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Figure 5. Our IMU Data Collection App showing the primary screens of the study. Participants entered their demographic information

such as hand dominance, hand and nail length, sex and gender, and age (left). The app instructs a participant to type on their phone using

either their right or left hand in a physical con guration (middle). Participants then type the presented phrase (right).

a role in how people text, despite not being variables typ-
ically considered in such tasks. It was also through this
process of re ecting on impactful features that we realized
the advantages of asking participants to act out various be-
haviors during their typing tasks. This meaningfully shaped
our task. Other measurements that were noted during this
process would have added substantial complexity to our
collection procedure. Most prominent of these was hand
strength and dexterity. These features are impactful to how
individuals type—a person with carpel tunnel or arthritis
will type differently compared to someone without these
conditions—but required additional tooling to accurately
capture. Instead, we noted strength and dexterity for future
data collection rarely includes meta information about parsya|yation, to be completed prior to public deployment.
ticipants. Similarly, context is often not documented for
image data (e.g. the proverbial questiomdifat's outside
the frame?.

Figure 6. Overview of familiarity over the two tail ends of the
distribution (most familiar on the right, least familiar on the left).

The results ofCollection Monitoringled to three instances

of additional, retargeted data collection efforts based on
unexpected skew. During our initial data collection, there
We explored how these and other common demographigere multiple categories which did not match our previously
categories in uenced model performance and show howyescribed distributions. We call out several in Figure 10 to
consideration for diverse data should be emphagizend  gemonstrate the outcomes of our data collection re-targeting.
to deployment, not just after deployment. We incorporatedyjje all participants were employees from a large tech
our dashboard'®re-Collectionsuite of prompts in our own company, we did not anticipate our initial wave of data
IMU data collection to determine what characteristics to col¢qjiection to be so skewed towards individuals between the
lect for. It was through these prompts that we realized a neegges of 21 and 40. In truth, we initially had no participants
to measure additional information as typical demographicg,er 38. As a result, we emphasized diversity in participant
did not capture how people held their phones. We noted thajge moving forward with some success—each consecutive
Phone Size , Hand Size , Handedness , andNail wave improved the data coverage. Familiarity also directed
Length (particularly in the case of acrylic nails) may play

14



Designing Data: Proactive Data Collection and Iteration for Machine Learning

Figure 7.Designing datgrocess compared to conventional machine learning developfRemxivity ensures appropriate consideration

of positionality and expectations is given before prior to collectMonitoring provides insight into unexpected trends during collection.
Familiarity facilitates debugging and highlights potentially noisy or underrepresented subpopulations to direct iteration. This gure
represents a simpli cation of the data collection process. The resuRarofliarity can also be incorporated into training (after cleaning

the dataset) and tracking (after training an initial model).

our collection efforts, leading us to seek additional datanition Chain which includes pre-processing, segmentation,
for an intersectional subset 6emale participants with  feature extraction, and classi cation steps (Cruciani et al.,

Large phones an®mall hands. 2020) for our approach to modeling. We used 1D convolu-
tional neural nets (CNNs) for sequence classi cation. The
C.1. Collection Retargeting CNN's architecture performs feature extraction through the

o o o convolution of the input signal with a kernel (or lter). To
Similarly, we noted that the majority of our participants pre-process data, each session was segmente206its
self-described as White, but that there were no Black or Ingin qows with40r;15 overlap between segments. Session

digenous participants whatsoever. Despite our best attempﬁmng varied by how long it took participants to nish typ-

this was only partially amended; in optimizing across intery,q 5 given phrase. We corrected our IMU dataset to account

sectional groups, we were not able to perfectly match ouf, orayitational acceleration effects, then normalized (using
expected or updated distributions (at least within the context qiract current blocker) and segmented IMU data in series

of this set of iterations). In contrast, our initially collected t, ansure all windows were of equal length. We discarded
Handedness distribution perfectly matched our expectationg;ingows containing data from multiple sessions. For train-
This prompted a discussion of whether this distribution wasmg' one sample equated to a window of the time series data.

reasonable—despite matching the ratio of left versus righfraining batch sizes web6 (batch) 200(ms) 3 (IMU)
handedness in US populations, we believed that right angperems is the window of timebatchis the batch size, and

left handed individuals would type in dramatically different 1 represents the three accelerometer data sources. All
ways, thus may require sample size parity to be approprisompytations were run on NVIDIA V100 GPUs. Training

ately learned by the model. Examples of our retargeting,;| models took approximately 30 hours.
efforts can be seen in Figure 10.

E. Experiments

D. Modeling
. . . E.1. Diverse Data Experimental Protocol
Using Keras, our architecture included two 1D convolu-

tional layers (standard for time series data), max-pooling/Ve save every model, their weights, training accuracy and
layers, a dropout layer, a fully connected dense layer witHoss curves, and training dataset, keeping track of model
ReLu activations, and a fully connected dense layer withversion. Note that each model was trained 10 x 10 times,
softmax activations. We followed the genedictivity Recog-  keeping the random seed stable fdimes, then repeating
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