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Abstract

Reduced fetal movement is a critical indicator of fetal risk, yet current monitoring relies
on subjective maternal perception or provides only a snapshot of fetal health. While wearable
inertial measurement units (IMUs) and machine learning offer a promising solution for
continuous monitoring, development is limited by inconsistent methodological benchmarks and a
lack of model generalizability. For successful adoption, technical solutions must be tailored to
the complex social, political, clinical, and consumer contexts in which they operate. This
dissertation establishes a rigorous technical and contextual foundation for the development of
wearable IMU-based fetal movement detection systems.

Two studies established evidence-based benchmarks for model training and signal
processing. In the first study, IMU data and maternal perception annotations were collected from
23 pregnant participants while seated to inform sensor selection and model architecture.
Acceleration, angular rate, and combined datasets were used to train random forest, bi-
directional long short-term memory (BiLSTM), and convolutional neural network (CNN)
architectures to classify fetal movement. Results showed that combining acceleration and angular
rate datasets significantly improved detection performance, with feature-based random forest
models achieving the highest AUROC (0.81). The second study incorporated domain knowledge
through clinician-validated ultrasound data from a subset of 16 participants to characterize the
fetal movement events. Using linear mixed-effect models, statistically significant differences in
signal magnitude, frequency, and duration between fetal movement events and maternal artifacts
were used to derive data-driven parameters, including artifact thresholds and optimal filter
cutoffs.

The third study evaluated label sources and data-splitting strategies to identify limitations
in model generalizability using the same 16 participants. Random forest classifiers trained with
subjective maternal perception faced a distinct performance ceiling, while ultrasound-labeled
events reduced uncertainty and improved accuracy. Furthermore, common random sampling

methods, which overlook subject-level data correlation, overestimated model capability in this

X1V



study (AUROC = 0.75) compared to a Leave-One-Subject-Out approach (AUROC = 0.61).
These results demonstrated that subject-specific physiology like BMI and placental position
obscure generalizable signal characteristics. At a 5% false-positive rate, models achieved only
25% sensitivity, indicating that current system performance limits deployment to unsupervised
settings for fetal health reassurance.

The fourth study addressed the contextual intersection of design and deployment,
acknowledging that technical rigor alone is insufficient for clinical adoption. An existing
contextual factor taxonomy was applied to 58 semi-structured interviews with designers across
various domains and income settings. Qualitative coding and summative content analysis
identified sociocultural, political, and institutional factors as core considerations for successful
implementation. Results suggest that fetal monitoring systems must be integrated into existing
clinical workflows and domestic routines, and developers must navigate specific regulatory
constraints to ensure safety and clinical trust.

The technical benchmarks and validation strategies presented provide a roadmap for
moving fetal movement detection from laboratory proof-of-concept to a reproducible clinical
standard by identifying the physiological barriers to generalizability and the contextual factors
required for successful adoption. Together, these contributions bring us closer to the
development of contextually appropriate, clinically-adopted, and personalized tools capable of

studying longitudinal fetal activity trends to improve antenatal outcomes and reduce the risk of
stillbirth.
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Chapter 1 Background, Motivation, and Dissertation Overview

1.1 Background and Motivation
1.1.1 State of Prenatal Care

1.1.1.1 Prenatal Care Statistics in the United States

In the United States, there are approximately 4 million births every year [1,2]. Over 98%
of women who give birth seek prenatal care at some point during the 40-42 week gestational
cycle, positioning prenatal care as one of the most widely used preventative healthcare measures
[1,2]. Despite its widespread use, prenatal care in the United States faces persistent challenges
related to access, equity, and birth outcomes. In 2021, more than 20,000 stillbirths (fetal death
after 28 weeks of gestation) were reported [3], and an estimated 32% of these deaths could have
been prevented through adequate prenatal care [4]. Yet, despite advancements in medical
technology and shifts in population health, the stillbirth rate has remained relatively unchanged

since the 1990s and has stabilized since 2003 (Figure 1) [3].
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NOTE: Fetal mortality rate is the number of fetal deaths at 20 weeks of gestation or more per 1,000 live births and fetal deaths.
SOURCE: National Center for Health Statistics, National Vital Statistics System.

Figure 1: Fetal mortality rates in the United States, 1990-2021
Source: National Vital Statistics Reports (2023)



These outcomes disproportionately affect women of color. The preterm birth rate is 1.6
times higher for non-Hispanic Black women than for non-Hispanic White women [5], and the
stillbirth rate is twice as high (9.89 vs. 4.85 per 1,000 births) (Figure 2) [3,6]. Having a stillbirth
puts mothers at risk, too. Black mothers also face an increased risk of maternal death, with the
likelihood rising as much as four-fold among those who have experienced a stillbirth [7]. The
non-Hispanic Black maternal mortality is 2.5 times higher than that of non-Hispanic White

women and 2.9 times higher than that of Hispanic women [8].
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NOTE: Fetal mortality rate is the number of fetal deaths at 20 weeks of gestation or more per 1,000 live births and fetal deaths in specified group.
SOURCE: National Center for Health Statistics, National Vital Statistics System.

Figure 2: Fetal Mortality Rates by Race in the United States
Source: National Vital Statistics Report (2023)

Geographic access further compounds these disparities. In 35% of U.S. counties,
classified as maternity care deserts (no birthing center or obstetric clinician) (Figure 3), patients
often travel long distances for services, with an average drive time of 38 minutes (2.6 times
longer than for women in full-access counties) [5]. Limited access is associated with a 13%
higher risk of preterm birth and contributed to more than 10,000 excess preterm births between
2020 and 2022 [5].
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Figure 3: Maternity care access in the United States
Source: March of Dimes (2024)

1.1.1.2 Existing Model of Prenatal Care in the United States

These persistent disparities exist alongside a prenatal care delivery model that has
remained largely unchanged for nearly 75 years [9—11]. The traditional model consists of 12—14
in-person visits: monthly appointments until 28 weeks of gestation, biweekly until 32 weeks, and
weekly after 32 weeks until delivery [9,11,12]. This schedule is standard despite evidence that
prenatal care is not a “one-size-fits-all” approach. Most visits focus on routine screening for vital
signs and pregnancy symptoms, with only a few requiring critical services such as ultrasounds,
vaccinations, or laboratory testing [11,12]. Accounting for travel, parking, and in-clinic
procedures, adherence to the standard schedule equates to roughly 40 hours (an entire workweek)
of missed employment or childcare [9]. For low-risk patients, more than 10 visits may be
unnecessary and potentially harmful, increasing the likelihood of interventions such as additional
ultrasounds or cesarean deliveries [13—15]. Reducing required visits from 14 to 10 could enable
clinicians to care for 20 additional low-risk patients annually and avoid $3.9 billion per year
from excess visits [16].

The COVID-19 pandemic prompted the first major shift to this model in decades. In
March 2020, the American College of Obstetricians and Gynecologists (ACOG) endorsed both a
reduced visit schedule and the integration of virtual care [17]. Many practices quickly adopted

telemedicine, hybrid models, and streamlined schedules. While longitudinal data are not yet



available, early studies of virtual care and remote monitoring demonstrate positive maternal and
fetal outcomes alongside high patient satisfaction. Notably, 85% of patients expressed interest in
telemedicine contact between visits, and many reported confidence in performing remote
monitoring tasks such as tracking weight, blood pressure, and fetal heart tones, activities that

previously required in-person care [2].
1.1.2 Physiology of the Fetal Status

1.1.2.1 Warning Signs of an At-Risk Fetus

Not all adverse birth outcomes are preventable, but improving the quality and
accessibility of prenatal care is critical to reducing preventable morbidity and mortality. Early
signs of fetal compromise are often subtle and may be missed, making timely intervention
difficult before serious complications arise. Monitoring the fetal status is essential for preventing
fetal death and identifying cases that may benefit from interventions such as resuscitation or
early delivery [18]. A fetus is considered at risk when oxygen availability is insufficient
(hypoxemia) or when acid accumulates in the blood (acidemia) [18,19]. Three primary indicators
of fetal well-being are sensitive to these conditions: fetal heart rate, movement, and tone [18,19].
These markers are physiologically interrelated, and the presence of fetal heart rate accelerations
in association with fetal movement (reflecting adequate tone) is generally accepted as evidence
of sufficient oxygenation to support the fetal nervous system [18]. Both fetal movement and fetal
heart rate provide important insights into neurological, cardiovascular, and respiratory function

[18].

1.1.2.2 Fetal Movement as an Indicator of Fetal Health

Fetal movement develops around the ninth week of gestation and can be perceived by the
mother after approximately the 16th week [20]. The frequency of movements increases as
gestation progresses, peaking between 28 and 34 weeks [21], and gradually declines thereafter
due to improved motor coordination and reduced amniotic fluid volume resulting from increased
fetal size [22]. Fetal movement is the simplest and most commonly assessed indicator of fetal
wellbeing because it is the only one that can be directly perceived by the mother without clinical
instrumentation.

Given its dynamic nature throughout gestation, consistent monitoring of fetal movement

patterns is important. Regular fetal movement is a reassuring sign of fetal health [22,23], which



includes regular bouts of fetal hiccups—rhythmic, repetitive diaphragmatic movements that are
widely recognized as a normal indicator of healthy central nervous system development [24,25].
Conversely, reduced fetal movement (RFM) is associated with complications like stillbirth, fetal
growth restriction, congenital anomalies, and fetal hypoxia [26,27]. In fact, 30-55% of women
who experience stillbirth report RFM in the preceding week [28,29], and those with RFM are up
to five times more likely to experience stillbirth compared with the general pregnant population
[30]. RFM is an adaptive response to an insufficient placental environment and serves as a key

warning sign that timely intervention may be necessary [22,23,26].
1.1.3 Self-Monitoring Fetal Movement

1.1.3.1 Maternal Perception of Fetal Movement

Because fetal movement is the only indicator of fetal wellbeing that can be assessed by
the mother without clinical instrumentation, maternal perception (or more commonly kick
counting) is one of the oldest and most commonly used methods to monitor the fetal status [23].
Even without prompting by a clinician, many pregnant women use fetal movement patterns as a
screening tool, with approximately 15% of women presenting during the third trimester with
concerns about RFM [23]. Daily counting can help mothers detect changes in fetal activity and
heighten vigilance for warning signs, but it also places a significant responsibility on the mother,

particularly in the context of reduced prenatal visit schedules [23].

1.1.3.2 Limitations of Self-Monitoring

Despite its accessibility, maternal perception of fetal movement is inherently subjective,
imprecise, and, for some, anxiety-inducing. Sensitivity compared with ultrasound detection
ranges from 33% to 88% [22,31], and is influenced by posture, placental location, and the fetal
sleep—wake cycle [18,23,28,31,32]. Movements are most often perceived when the mother is
lying down, followed by sitting, and least when standing, likely reflecting differences in
distraction rather than true movement frequency [22,32]. An anterior placenta may dampen
movement perception [22,31], and fetal activity follows a diurnal pattern, with stronger and more
frequent movements later in the day [20,31,33,34]. The correlation between actual fetal
movements and maternal perception during normal daily activities is unknown but is expected to
be significantly lower than when women are resting and focused during ultrasound examination

[23]. Fetal movement counting requires sustained attention, as some movements are subtle.



Women who are busy or distracted often report an inaccurate reduction in movements [22].
Compliance is variable, with only 60% of women adhering to counting protocols and just 50%
responding appropriately to alarm triggers [30]. The constant vigilance required can generate
significant anxiety, and women presenting with RFM are at increased risk of obstetric

intervention, particularly induction of labor and planned early-term birth [35].

1.1.3.3 Published Standards and Guidelines

Because fetal movement patterns change dynamically throughout gestation, establishing
standardized thresholds for clinically significant RFM is challenging. While most guidelines
advise clinical assessment when there is any perceived reduction in frequency or change in
pattern [35], the wide range of normal variation makes quantification difficult [22]. Definitions
of RFM in the literature range from complete absence of movement for 24 hours to fewer than
10 movements in 2 hours, with median counting times reported between 15 minutes and 12 hours
[23]. No objective lower limit of normal has been determined, as both interindividual and
intraindividual variation are substantial [22,23,30]. Consequently, while maternal perception
remains a valuable screening tool, it is best interpreted in combination with other clinical

assessments.
1.1.4 Fetal Monitoring in the Clinical Setting

1.1.4.1 Technologies for Fetal Surveillance

When RFM is reported, clinical assessment typically begins with the non-stress test
(NST), which evaluates the relationship between fetal heart rate and movement over a 20-minute
period [18]. A NST is considered reassuring if there are at least two accelerations of fetal heart
rate within the observation window [18]. Although reactivity generally indicates fetal well-being,
its absence is often attributable to the fetal sleep cycle but can also reflect early signs of
compromise [18]. Non-reassuring results occur in approximately 15% of cases (and up to 50%
before 28 weeks of gestation) [18].

Fetal heart rate is most often measured using cardiotocography (CTG), which employs
two transducers: one to detect heart rate via reflected ultrasound waves, and another to measure
uterine contractions through pressure changes at the abdominal surface [36]. While CTG is

sensitive to fetal activity, it is also prone to signal noise, necessitating frequent adjustments [36].



This, combined with biological variability, contributes to the NST’s high false-positive rate for
non-reassuring results (75-90%) [18].

In some cases, clinicians supplement the NST with a biophysical profile (BPP), which
integrates four ultrasound-based assessments: fetal breathing movements, gross body or limb
movements, tone (flexion/extension of extremities), and amniotic fluid volume alongside the
NST [18]. Each parameter is scored as 0 (absent/abnormal) or 2 (present/normal), with totals >8
considered reassuring and <4 abnormal [18].

The contraction stress test (CST) evaluates fetal heart rate in relation to uterine
contractions utilizing the same CTG technology as the NST [18]. The CST is conducted to
identify late decelerations that may occur during the transient reduction in oxygen supply caused
by contractions [18]. A reassuring CST shows no late or significant variable decelerations,
indicating adequate oxygenation [18]. Approximately 25% of patients with a non-reassuring
NST will have a reassuring CST [18]. The CST should not be performed in cases of preterm
labor, preterm rupture of membranes, prior extensive uterine surgery, or placenta previa [18]. As

with the NST, high false-positive rates (§8—57%) can limit specificity [37].

1.1.4.2 Interpretation of Clinical Testing

Non-reassuring NST results are generally followed by either a BPP or CST. If both are
non-reassuring, early delivery is considered, although resuscitative measures such as maternal
repositioning, fluid administration, or oxygen may be employed to prolong gestation when
feasible [18]. When the NST is non-reassuring but the CST is reassuring, the absence of
reactivity may be explained by factors such as prematurity, sleep cycle, or preexisting
neurological conditions [18]. Reassuring results are typically considered valid for one week, with
weekly (or more frequent) testing recommended for high-risk pregnancies [18]. If RFM is not

persistent or recurrent, repeat testing is not necessary [18].

1.1.4.3 Limitations of Clinical Fetal Monitoring

While critical for assessing fetal and maternal status, current clinical monitoring provides
only a “snapshot in time” that may not fully capture fetal well-being. Technologies such as CTG
are susceptible to noise [36] and cannot readily be applied during activities of daily living.
Interpretation requires specialized expertise and a clinical setting, increasing both time and cost

burdens. High false-positive rates [18,37] further contribute to unnecessary interventions up to



and including early delivery. As a result, while existing clinical monitoring techniques yield
valuable information, they are insufficient for continuous, accurate monitoring outside of clinical

settings.
1.1.5 Opportunities for Continuous Fetal Monitoring through Wearable Sensors

1.1.5.1 History of Wearable Medical Devices for Continuous Monitoring

Wearable devices have entered both clinical and consumer spaces over the past two
decades, enabled by advances in miniaturized electronics, wireless data transmission, and
reductions in cost [38—40]. Early systems, such as the Holter monitor for ambulatory cardiac
monitoring, demonstrated the value of collecting physiological signals outside the hospital
[40,41]. Before the availability of wearable devices, long-term monitoring often required
repeated or extended hospital visits, disrupting daily life and creating substantial financial burden
[40]. The ability to monitor patients in their own environments has shifted the model of care,
making it possible to collect larger volumes of data, provide clinicians with more continuous
information, and reduce unnecessary admissions [40]. Continuous glucose monitors, for
example, allow patients with diabetes to respond quickly to critical changes [42], while sleep
monitoring systems capture longitudinal data that support the diagnosis and management of
chronic conditions such as insomnia and narcolepsy [43]. These examples highlight the broader
potential of wearable devices to improve patient outcomes, enable earlier diagnoses, and expand
opportunities for data-driven decision-making [40]. Despite this promise, most commercially
available wearables have been designed for consumer rather than clinical use. Although they can
promote awareness and support behavior change, their data quality and accuracy often remain
insufficient for medical decision-making [40]. As a result, the disruptive potential of wearable
devices in healthcare has not yet been fully realized.

In the context of fetal monitoring, these limitations are especially evident. Despite
decades of research, no existing technology enables continuous, accurate collection of fetal
movement data outside the clinic. This gap has left the field without a foundational
understanding of fetal movement patterns across gestation or evidence-based definitions of
reduced fetal movement (RFM). Current clinical tools are highly susceptible to signal noise,
limiting their use during activities of daily living (ADL) and restricting insight into how fetal

movement responds to real-world environments. The absence of high-quality, longitudinal



datasets hinders three critical objectives: (1) establishing consensus on normal fetal movement
patterns across gestation, (2) evaluating the potential of fetal movement monitoring for stillbirth
risk management, and (3) improving clinical decision-making in cases of reported RFM.
Addressing these gaps will require new wearable technologies capable of accurate, continuous

monitoring in daily life, laying the foundation for the next generation of fetal surveillance.

1.1.5.2 Background on Inertial Measurement Units (IMUs)

Among the sensing technologies that have enabled wearable health monitoring, inertial
sensors were quickly adopted by researchers to capture human movement patterns outside of
laboratory settings [38,44]. Inertial measurement units (IMUs) typically include triaxial
accelerometers and gyroscopes. Accelerometers measure specific force by detecting proof-mass
displacement. Gyroscopes measure angular rate using Coriolis forces acting on a vibrating
element [45]. Together, IMUs capture both linear and rotational motion signals that can be
mapped to patterns of human movement. Paired with the evolution of signal processing
algorithms, wearable IMU systems have moved from laboratory and ambulatory-based settings
to unsupervised naturalistic environments, allowing researchers to learn new insights about
human activity in real-world conditions [39]. These technologies have enabled the development
of a variety of health applications including the assessment of frailty, detection of falls, and
diagnosis of chronic movement disorders, and the promotion of healthy living [39]. Acceptance
among consumers and clinicians alike has been driven by wearable IMUs cost-effective and
unobtrusive manner, allowing the technology to evolve to the point where such systems are used
interchangeably with conventional lab-based motion analysis systems and in routine clinical
practice to monitor and assess several types of movement disorders [39]. Like other wearables,
though, IMUs are known to impose several signal processing challenges, despite the value they

provide [38].

1.1.5.3 Overview of Prior Work in Fetal Monitoring

In response to the gaps in current fetal monitoring technologies, there is growing interest
in using wearable sensor-based systems to measure fetal movement outside the clinic. Wearable
sensors are non-invasive and can enable objective, continuous data collection. These sensors are
compact and low-cost and have the potential to facilitate long-term and at-home monitoring of

fetal wellbeing. With longitudinal datasets, wearable sensor-based systems have the potential to



impact fetal and maternal health by informing clinical decision making and serve as an academic

research tool to uncover critical information about population trends in fetal movement patterns.

Sensor Configurations and Modalities

Over the past decade, research on fetal movement detection has explored a wide range of
sensor configurations, signal processing strategies, and machine learning models to identify fetal
activity outside the clinic. Most studies have relied on arrays of abdominal accelerometers [46—
54] (typically three to five sensors) placed to capture motion tangential to the maternal abdomen,
where fetal movements transmit the greatest force. Some supplemented abdominal sensors with a
reference on the chest or upper back to help distinguish fetal from maternal movement
[46,48,49,51,54]. Only one study by Delay et al. used a single accelerometer [52].

Accelerometers have shown great promise for detecting fetal movement, but there is no
consensus on the optimal configuration. Altini et al. is the only study to directly compare the
number of sensors, reporting that two abdominal accelerometers achieved the best trade-off
between accuracy and simplicity, with only marginal gains from adding more sensors [54]. A
reference on the upper back improved performance, though a chest reference was not tested.
Other sensor types including fiber-optic [55], acoustic [56], and piezoelectric sensors [57] have
been investigated but generally underperformed compared to accelerometers.

Sensor fusion, which integrates multiple sensor types, has shown promise in related fields
such as infant apnea detection [58], pulmonary monitoring [59], and dietary behavior tracking
[60]. In fetal monitoring, only two studies have attempted fusion: Ghosh et al. combined
accelerometers with other sensors (90% accuracy vs. maternal perception, but tested on just five
participants) [57], and Alwis et al. combined accelerometers with gyroscopes via inertial
measurement units (88% accuracy) [61]. While limited, these results suggest that multimodal
approaches may improve fetal movement detection performance, though systematic comparisons

of sensor trade-offs remain lacking.

Signal Processing Techniques
Wearable systems are prone to high levels of signal noise, with artifacts arising from
maternal motion [47]. Even subtle sources such as respiration and heart rate can be detected in

acceleration signals and resemble fetal movement, while activities like laughing, shifting
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position, or talking introduce superimposed motion that is especially challenging to separate
from true fetal activity [48,53].

To address signal artifacts, most studies begin with filtering methods such as infinite
impulse response (IIR) [46—49,52,54] or Kalman [50] filters to remove baseline drift, electrical
interference, and high-frequency noise. High-pass IIR filters are particularly common for
removing low-frequency maternal respiration. Increasingly, researchers have leveraged the
frequency domain to improve discrimination, applying Fourier transforms or time—frequency
methods (e.g., short-time Fourier transform, wavelets) to capture both spectral and temporal
features of fetal activity. For example, Mesbah et al. and Xu et al. applied continuous wavelet
decomposition to identify and remove maternal heartbeat artifacts before detecting fetal
movements. Other preprocessing methods include independent component analysis [48],
thresholding [46,49,50,61], and statistical outlier removal [53]. Despite these efforts, fetal
movement signals remain complex and variable, observed as short bursts of low-frequency

activity embedded in noisy maternal signals, making detection inherently challenging.

Machine Learning Approaches

To capture the dynamic characteristics of fetal movement, signal processing techniques
have been paired with machine learning models. Shallow classifiers such as support vector
machines [49], random forests [54], and ensemble methods [48,53] remain common, while deep
learning architectures, particularly convolutional neural networks (CNNs) [52] and CNN-LSTM
hybrids [61], are becoming more popular for their ability to learn spatial-temporal patterns
directly from raw signals.

Mesbah et al. and Xu et al. both compared multiple feature-based classifiers against
ultrasound annotations. Mesbah achieved highest accuracy using a bagged random forest (89%),
while Xu reported an extra trees classifier outperforming other classifiers (87% accuracy).
However, no study has directly compared shallow models to deep networks, and deep learning
remains underexplored in this domain. Reported performance varies widely across studies,
influenced by sensor setup, preprocessing pipeline, and algorithm choice. Generally, deep
learning with multimodal inputs and frequency-domain features yields higher performance,

while simpler models often trade sensitivity for specificity [62,63].
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Label Source and Definition

Performance comparisons are complicated by differences in label source and fetal
movement definitions. Most studies use either maternal perception (button press) or ultrasound
imaging for reference. Maternal perception is widely available but subjective and imprecise, with
some mothers detecting only one-third of true fetal movements [31]. Ultrasound provides visual
confirmation but can miss events outside the imaging plane or obscured by maternal motion [46].
Ultrasound also requires review by a trained clinician to provide signal annotations. Labeling
strategies further increase variability: some studies mark precise movement onset and offset
[46,49,61], while others allow +30-second buffers [53]. These inconsistencies undermine
comparability between studies and make it difficult to establish a reliable benchmark. Ultimately,
neither maternal perception nor ultrasound provides a perfect reference, creating fundamental

challenges for training and validating detection algorithms.

Limitations and Barriers to Deployment

Despite progress, the field remains fragmented. Wide variation in sensor configurations,
preprocessing methods, and algorithm choices has produced an unstandardized and difficult-to-
navigate research landscape [30,54]. In addition, studies often report different sets of
performance metrics, which hinders direct comparison and further limits generalizability. Nearly
all published studies have been conducted with stationary, lying-down participants, leaving the
real-world effectiveness of current systems largely untested.

There is an unmet need for reliable fetal movement monitoring methods, given their
crucial role in assessing fetal well-being and reducing adverse birth outcomes. However,
progress toward commercial deployment remains limited by three major challenges: (1)
difficulty separating fetal signals from maternal motion artifacts, (2) lack of a perfect clinical
standard for evaluating algorithm performance, and (3) inconsistent study protocols and metrics
that limit reproducibility and comparison across studies. Together, these challenges create

barriers to deploying clinically meaningful and generalizable solutions for fetal monitoring.

1.1.6 Contextual Factors in Medical Device Design
While wearable sensors hold clear promise for continuous fetal monitoring, their success
will ultimately depend on thoughtful integration into real-world care settings. Researchers note

that despite the pace of innovation in medical device design, design processes often exclude
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meaningful considerations of intended end users, stakeholders, and the broader communities and
contexts in which they are situated [64]. Failure to incorporate meaningful contextual
information has been shown to lead to many medical device failures [64—-66]. Contextual factors
are the elements of a technology’s broad use context that could affect how the technology would
be implemented and used in practice, including social, cultural, political, and economic factors
[64,66,67]. Studies of engineering practice have identified that professional engineers investigate
contextual factors and sociotechnical considerations [64,67—70], but there is limited guidance on
what aspects of context to consider and how to incorporate contextual factors into design

processes.

1.1.7 Considerations for Deployment of a Fetal Monitoring System

Unlike consumer devices, wearable medical technologies are used by diverse patient
populations under the guidance of healthcare providers, often without the patient’s voluntary
choice [40]. As such, factors such as usability, comfort, cultural acceptability, and long-term
compliance become as critical as technical performance. Devices must be designed to operate
reliably during activities of daily life, minimize burden for expectant mothers, and provide
clinicians with data that are interpretable and actionable. Beyond user experience, deployment
requires attention to power management, data security, and decisions around local storage versus
wireless transmission [40], each of which may vary depending on clinical context and resource
setting. These design considerations highlight that the challenges of wearable fetal monitoring
extend beyond algorithm development and sensor accuracy. Understanding how contextual
factors shape medical device design will be essential to ensuring that new technologies are not

only feasible in principle but also acceptable, sustainable, and impactful in practice.
1.2 Dissertation Overview

1.2.1 Dissertation Aims

This dissertation aims to advance the design and development of a wearable, continuous
fetal monitoring system for real-world deployment through two complementary objectives: (1)
the development and validation of algorithms for fetal movement detection using wearable
sensors and (2) the investigation of contextual considerations in medical device design that are

essential for deployment across diverse care settings.
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1.2.2 Chapter Overview

This dissertation is organized into two parts, as outlined in Figure 4, aligned with these
aims:
Part 1: Establish evidence-based benchmarks for signal processing and algorithm
development

This part addresses the lack of standardized methods in existing literature for detecting
fetal movement with wearable sensors. Data were collected from 23 third-trimester participants
who wore four abdominal IMUs and one chest reference while reporting perceived fetal
movements and receiving an ultrasound scan.

Study 1: Comparative Analysis of Machine Learning Approaches for Fetal Movement
Detection with Linear Acceleration and Angular Rate Signals

This study evaluated whether combining accelerometer and gyroscope signals improves
detection performance. Three model types—Random Forest (RF), BILSTM, and CNN—were
trained on hand-engineered features, time series, and spectrograms. Results showed that
integrating acceleration and angular rate signals improved detection, with RF and BiLSTMs
achieving the best overall performance, while RF showed the greatest capacity for fetal
movement detection when limiting false reassurance of fetal health.

Study 2: Four Data-Driven Design Choices for IMU-Based Fetal Movement Detection:
Sensitivity, Thresholding, Windowing, and Filtering

This study used clinician-validated ultrasound data to precisely define fetal movement
events, enabling the characterization of IMU signals for data-driven signal processing and
hardware design parameters to support future algorithm development. Linear Mixed-Effect
Models (LMEMs) were applied to 1371 fetal movement events across four analytical classes (No
fetal movement, Weak fetal movement, Strong fetal movement, Artifact) and the estimated
marginal means (EMMs) of the groups were compared to quantify the presented design choices.

Study 3: Methodological Evaluation of Label-Source Selection and Evaluation
Strategies on Reported Performance in Wearable Fetal Movement Detection

This study compared the performance of maternal perception and ultrasound labels for
training machine learning models that classify fetal movement events from wearable IMU
signals under realistic evaluation strategies. The results demonstrated that while maternal

perception is a scalable training source, it introduces label noise that constrains model reliability.
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Furthermore, the significant performance disparity between random sampling and participant-

independent splitting underscores the necessity of rigorous validation to avoid false reassurance

in clinical deployment.

Part 2: Define a contextual framework for design-decision making

This part addresses the lack of design support tools for incorporating contextual factors

into the design of emerging technologies to support adoption alongside technical development.

Study 4: Contextual Factors Incorporated by Experienced Design Practitioners: A Study

Across Three Design Domains

This study examined the validity of an existing contextual factor taxonomy across design

domains and its ability to capture a shared structure of contextual reasoning in engineering

design. Using qualitative data collected from 58 practitioners across engineering design domains

and income settings, an existing taxonomy of contextual factors was applied and critically

evaluated. Qualitative coding and summative content analysis showed that many contextual

factor categories are generalizable across domains, suggesting the presence of a core, underlying

structure in how designers account for context. At the same time, domain-specific patterns were

identified that motivated nuanced design behaviors within the taxonomy. This work advances

theoretical understanding of how context is incorporated into design processes and informs the

development of more adaptable design methods, tools, and educational approaches.

Design Considerations for a Continuous Fetal Monitoring System
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Figure 4: Overview of dissertation chapters

Together, these studies advance both the methodological rigor and validity of fetal

movement detection systems and the contextual framework necessary to support future
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development that supports adoption of wearable monitoring systems into clinical and consumer

settings.
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Chapter 2 Comparative Analysis of Machine Learning Approaches for Fetal Movement

Detection with Linear Acceleration and Angular Rate Signals!

2.1 Abstract

Reduced fetal movement (RFM) can indicate that a fetus is at risk, but current monitoring
methods provide only a “snapshot in time” of fetal health and require trained clinicians in
clinical settings. To improve antenatal care, there is a need for continuous, objective fetal
movement monitoring systems. Wearable sensors, like inertial measurement units (IMUs), offer
a promising data-driven solution, but distinguishing fetal movements from maternal movements
remains challenging. The potential benefits of using linear acceleration and angular rate data for
fetal movement detection have not been fully explored. In this study, machine learning models
were developed using linear acceleration and angular rate data from twenty-three participants
who wore four abdominal IMUs and one chest reference while indicating perceived fetal
movements with a handheld button. Random forest (RF), bi-directional long short-term memory
(BiLSTM), and convolutional neural network (CNN) models were trained using hand-engineered
features, time series data, and time—frequency spectrograms, respectively. Models were
evaluated against a standardized testing set to ensure a fair comparison across data
representations. The results showed that combining accelerometer and gyroscope data improved
detection performance across all models compared to either one alone. Simpler models (RF and
BiLSTM) significantly outperformed CNN in detection performance and data efficiency. While
RF demonstrated the highest capacity for reducing the false-positive rate to clinically acceptable
levels (less than 10%), this tradeoff necessitated a significant trade-off, with sensitivity dropping
to approximately 20%. These findings suggest that while simpler, data-efficient models are
currently the superior choice for proof-of-concept monitoring, further development is required

for deployment to clinical or consumer settings.

! Adapted from the published work: Spicher, L., Bell, C., Sienko, K. H., & Huan, X. (2025). Comparative analysis
of machine learning approaches for fetal movement detection with Linear acceleration and angular rate signals.
Sensors, 25(9), 2944.
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2.2 Introduction

Prenatal care is essential for maternal and fetal health, with regular monitoring used to
identify an at-risk fetus and improve birth outcomes. Key indicators of fetal wellbeing include
fetal heart rate, movement, and muscle tone [1]. Among these indicators, maternal perception of
fetal movement stands out as one of the oldest and most common methods of monitoring fetal
health [2]. Reduced fetal movement (RFM) can signal complications: stillbirth, fetal growth
restriction, congenital anomalies, and maternal hemorrhage [3,4]. An estimated 25% of
pregnancies in which mothers report RFM result in poor perinatal outcomes [3]. However,
maternal perception inherently is subjective, influenced by factors such as activity level,
placental position, and fetal sleep—wake cycles, and lacks standard guidelines for optimal number
of movements [1,3,5-7]. Clinicians initiate antenatal testing where there is a report of RFM by
completing a non-stress test. Fetal heart rate and uterine activity are monitored for 20 minutes for
fetal heart rate accelerations or decelerations with or without contractions. Non-stress tests have
significant false positive rates, resulting in additional testing to assess fetal wellbeing [1,8]. The
contraction stress test provides information about fetal reactivity with uterine contractions and
the biophysical profile measures fetal breathing, movement, tone, and amniotic fluid via
ultrasound [1]. All these tests require trained clinicians and clinical settings and provide only a
“snapshot in time” of fetal health, which may yield inconclusive results [1,8]. Despite the utility
of clinical fetal monitoring, these methods can prompt cautious but sometimes unnecessary
interventions—including early delivery, hospitalization, or more frequent monitoring [1,2,4,7,8].
Continuous, objective fetal movement monitoring could reduce reliance on subjective perception
and 1solated assessments, offering a more comprehensive understanding of fetal wellbeing and
improving antenatal care.

Wearable sensors offer a promising solution for continuous, objective fetal movement
monitoring. However, distinguishing fetal movements from superimposed maternal movements
in wearable sensor data continues to be a challenge [9—-12]. Accelerometers have shown potential
in controlled research environments when study participants are stationary. For instance, Khlif et
al. achieved moderate accuracy (59%), sensitivity (76%), and specificity (55%) using a
thresholding algorithm with three abdominal accelerometers [13]. Mesbah et al. applied signal
preprocessing to remove maternal artifacts, achieving 95.8% accuracy but observing a sharp drop

to 87.6% when maternal artifacts were included [9]. Delay et al. explored multiclass
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classification (e.g., fetal movement, maternal laughter, and respiratory motion), achieving an
86% true positive rate and 7% false positive rate with a single accelerometer [14]. Xu et al.
achieved 86.6% accuracy and 84.2% F1 score using two accelerometers but relied on synthetic
minority oversampling [15]. These examples highlight the complexity of fetal movement
detection, particularly the difficulty of distinguishing fetal movements from maternal motion—a
challenge that becomes even greater in real-world settings outside controlled environments.
Furthermore, differences in study populations and methodologies—such as gestational age,
baseline fetal activity, preprocessing techniques, model architecture, and data representations—
affect the results reported [16]. Comparing studies based on these metrics alone is not applicable
to a broad patient population, as success reflects conditions and datasets specific to the study,
and algorithms may not be generalizable. Understanding these nuances is crucial for interpreting
research in this field and appreciating the variability inherent in fetal movement detection
approaches.

Although evaluating the effectiveness of fetal movement detection approaches presents
significant challenges, isolating and detecting fetal movements becomes particularly difficult
when superimposed maternal movements are captured by wearable sensors [9—12]. In related
biomedical applications where superimposed movements are also a concern (e.g., monitoring of
sleep apnea in preterm infants, pulmonary conditions, and dietary behaviors), inertial
measurement units (IMUs) have shown promise for accurate event detection [17-20]. Traditional
accelerometer-based approaches detect fetal movement by identifying isolated changes in
acceleration caused by abdominal deformation. When maternal movement occurs, a mixture of
signals from both fetal and maternal motion are captured [9-12]. Angular rate gyroscopes,
although rarely used to date in fetal movement detection, measure rotational motion and could
help distinguish between the superimposed movements [21,22]. During maternal movement, the
torso can be approximated as a rigid body, leading to similar gyroscope readings across sensors
[23,24]. Thus, combining accelerometers with gyroscopes may detect localized abdominal
deformation, potentially allowing for the identification of fetal movement in the presence of
maternal motion.

Only one study to date has reported using both accelerometer and gyroscopic data
obtained from IMUs for fetal movement detection [25]. The recent preprint by Alwis et al.

demonstrated that a fusion deep learning model combining a convolutional neural network
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(CNN) and long short-term member (LSTM) layers achieved 88% accuracy, 0.86 sensitivity, and
0.91 specificity using spectrogram-based time—frequency representations [25]. While this study
highlighted the potential of IMUs for fetal movement detection, it did not address the distinct
contributions of acceleration versus angular rate data or evaluate their potential combined
benefits relative to an accelerometer-only approach. Furthermore, Alwis et al. relied exclusively
on spectrogram features and a specific fusion model architecture, leaving questions about how
alternative data representations and machine learning models may perform.

Given the variability across study methodologies, comparing how different data
representations affect performance is crucial for advancing fetal movement detection approaches.
For example, hand-engineered features capture domain-specific patterns, time series characterize
temporal dependencies, and time—frequency spectrograms offer insights into frequency and time
dynamics simultaneously [9,14,25]. Comparing these approaches provides a valuable
understanding of the strengths and limitations of each method and helps standardize evaluations
in the field.

This study explores fetal movement detection using acceleration and angular rate signals
from wearable IMUs. The primary contributions of this work are as follows: (1) a comparative
analysis of accelerometer and angular rate gyroscope performance in detecting fetal movement,
(2) an assessment of their combined performance to enhance detection accuracy, and (3) an
evaluation of various machine learning models trained on three distinct data representations—
hand-engineered features, time series data, and time—frequency spectrogram representations.
Additionally, this study examines the effect of decision thresholds for binary classification on
model performance and the effect of training set size on model robustness. This analysis aims to
provide a clearer understanding of each approach’s benefits and limitations, addressing gaps in
current models and offering insights into how more efficient, deployable solutions can be

developed for real-world use.
2.3 Materials and Methods

2.3.1 Participants
Twenty-three participants were recruited for a single data collection session at the
University of Michigan. Participants were selected based on the following criteria: between 18

and 49 years old, currently carrying a singleton pregnancy, and between 24 and 32 weeks of
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gestational age. Appendix A provides additional demographic information about the participant
population. Exclusion criteria included a diagnosis of gestational diabetes, hypertension, or any
known fetal disease or physical abnormalities, to minimize confounding factors that could affect
movement patterns. Written informed consent was obtained from all participants, and the study
protocol was reviewed and approved by the University of Michigan Institutional Review Board

(HUMO00204999).

2.3.2 Sensor System

Data were collected using four tri-axial IMUs (Opal, APDM Inc., Portland, OR, USA)
positioned around the participant’s umbilicus with a medical-grade adhesive. The x-axis of each
IMU was aligned with gravity and the z-axis was perpendicular to the abdomen to ensure proper
and consistent measurements of angular rates (Figure 5). To help distinguish between fetal and
maternal movement, a chest IMU was added as a reference [9,13]. By approximating the torso as
a rigid body, the angular rates measured by the chest and abdominal IMUs were assumed to be
similar during maternal movement. Since the chest IMU was not expected to capture isolated
abdominal deformations, it was considered useful for distinguishing maternal movement from
fetal movement. The IMUs collected synchronized acceleration and angular rate data at a

sampling rate of 128 Hz.

Figure 5: Position and alignment of four tri-axial IMUs on the maternal abdomen for fetal movement detection
2.3.3 Experimental Protocol
At the start of each session, participants’ heights and weights were recorded, and the
sensor system was fitted. Calibration data were collected by having participants perform a series

of specified movements, which were later used to align the axes of the angular rate data. While
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accelerometer-only approaches have detected fetal movement in prior studies by capturing
changes in acceleration tangential to the abdomen [10,13,14], approaches that use angular rate
data have the potential to distinguish fetal movement from maternal motion but require an
estimation of the sensors’ orientation [26]. Therefore, a Functional Alignment Method was
employed to determine the anatomical axes relative to the IMU fixed frame of reference [26].
Since the IMU sensors were placed on the abdomen and the abdomen was assumed to move as a
rigid body with rotation about the hip, the hip axis was used as a reference point to estimate IMU
orientation. At the start of data collection, participants began from a standing position and were
instructed to lean forward, bending at the hip, to a comfortable degree. This motion was repeated
three times, and the calibration data from these hip-hinging movements were used to align the
IMU axes (details related to signal processing are in Section 2.3.4).

Following calibration, participants were seated in a chair. Each participant held a unique
IMU which functioned as a handheld toggle. When fetal movement was perceived, participants
pressed the button on this IMU to mark the event for subsequent movement detection analysis.
Data collection was conducted in 10—15 min intervals to balance practical constraints with
capturing meaningful fetal movement data. Since fetal movements often occur in clusters
[27,28], shorter recording periods allowed for natural fluctuations while preventing participant
fatigue and loss of focus, which could affect the accuracy of self-reported movements.
Additionally, these intervals provided opportunities for participants to engage in behaviors that
stimulate fetal movement, such as rubbing the abdomen or consuming a snack, increasing the
likelihood of detecting activity [28]. While maternal perception captures only about 40% of true
movements [6], simply increasing the recording duration would not necessarily yield more
detected events. Instead, shorter trials helped sustain participant engagement, minimize fatigue-
related artifacts, and effectively extend total observation time across the session. Each participant

completed 2-3 trials, generating a total of 49 trials.

2.3.4 Signal Processing and Data Labeling

After data collection, the synchronized files from the IMUs were downloaded and
reviewed for signal quality. Data from two participants were excluded due to signal acquisition
issues. Raw acceleration and angular rate signals from each IMU were processed through a zero-

phase bandpass filter (1-20 Hz) to reduce drift and noise [16].
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For angular rate data, a Functional Alignment Method was applied to estimate each
sensor’s orientation to improve differentiation between maternal and fetal movement signals
[26]. During static standing, the global gravity vector was identified to establish a reference for
the alignment of the vertical axis. Using rotation about the frontal axis, from the hip-hinging
movements, the frontal and sagittal axes were identified. Each sensor’s x-axis was aligned with
global gravity, the y-axis with the participant’s frontal axis, and the z-axis with the sagittal axis.
This alignment allowed the angular rate data to capture deviations from expected rigid body
motion—a key feature for distinguishing localized abdominal deformations caused by fetal
movements from larger maternal movements. By aligning the axes this way, rotational changes
inconsistent with whole-body movement patterns could be identified as potential fetal
movements.

Axis alignment was not performed on acceleration data to preserve tangential fetal
movement information on the z-axis, which is critical for capturing small, localized changes in
abdominal acceleration that may be otherwise lost through axis realignment. Preserving the raw
acceleration signal ensured that subtle changes in movement direction and magnitude—key
indicators of fetal movement—were retained for analysis.

This combination of angular rate alignment and unaltered acceleration data leveraged
each signal’s strengths: angular rate data for detecting deviations from maternal rigid body
motion and acceleration data for capturing localized movement dynamics. An example of the

time series measurements is provided in Figure 6.
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Figure 6: Example of fetal movement in the time series data.
Measurements from accelerometer and gyroscope sensors are displayed. Bright green markers indicate maternal
perception toggle presses, while labeled fetal movement events are defined to be within the gray boxes

Fetal movement events were defined 3.5 s prior to and 1.5 s after each recorded press of
the handheld toggle to account for participant reaction time and fetal movement duration [29]
(see Figure 6 for an example). The full time series data were then segmented by a window of
fixed size. Binary labels were assigned to each window, where windows containing more than
10% overlap with event intervals were labeled as 1 and all others as 0. This 10% threshold,
determined through visual inspection, effectively captured short fetal movements [30]. After
labeling, approximately 11% of windows were positively labeled. To mitigate data imbalance in
the training set, two-thirds of negatively labeled windows were discarded to achieve an

approximate 1:3 positive-to-negative ratio with 26% positive training windows [16].

2.3.5 Feature-based Approach: Random Forest Model

For the first data representation, all data trials were segmented into 0.5 s windows with
no overlap. Statistical and correlation features were calculated for each axis and sensor,
including the mean, standard deviation, and range. In addition, the cross-correlation between
axes and the cross-correlation with the reference sensor for each axis were computed, as
described in our previous study [30]. This process resulted in 75 acceleration features and 75
angular rate features per window. The features of each window were then used to train a random

forest (RF) model. The model architecture consisted of an RF classifier with hyperparameters
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optimized via a random search based on the F1 score evaluated on the validation set. The final
output was determined by aggregating the predictions of all trees using majority voting, based on

a chosen threshold, to classify samples into {0,1} [30].

2.3.6 Time Series Approach: BiLSTM Model

In contrast to the feature-based approach used for the first data representation, the second
data representation used the time series data. Using information from the time domain maintains
the natural temporal dynamics and memory of activity history, capturing transient accelerations
and rotations that could indicate movement events. Preserving the time series structure may
improve sensitivity to short, low-frequency bursts, characteristic of fetal movement [32].

For the second data representation, all data trials were again segmented into 0.5 s
windows with no overlap. These windows were used directly as inputs into a machine learning
model. The time series inputs were then used to train a bi-directional long short-term memory
(BILSTM) model, a type of recurrent neural network and variant to LSTM that is designed for
capturing temporal dependencies from past and future contexts simultaneously [33]. Given that
fetal movements often follow patterns or brief bursts, BILSTM’s memory capability enables it to
recognize and retain relevant time dependencies while ignoring noise or less relevant temporal
artifacts.

The model architecture presented in Figure 7 included a single BiILSTM layer with 64
units regularized with 0.3 dropout and 0.3 recurrent dropout. The output from this layer was
passed to a fully connected dense layer with sigmoid activation to produce a scalar value, which
was rounded to {0,1} following a thresholding rule for binary classification. The model was

trained using the Adam optimizer with binary cross-entropy loss.
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Output
Binary {0,1}

Time Series Inputs
(64x30) BiLSTM Layer

(64 units, 0.3 dropout, Dense Layer
0.3 recurrentdropout) (1 unit, sigmoid activation)

Figure 7: Model architecture for the time series approach

2.3.7 Time Frequency Approach: CNN Model
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A time—frequency data representation was used for the third data representation to enable
the model to leverage frequency-specific features, which may correspond to fetal movement
rhythms or recurrent patterns that are not easily seen in the time domain [34]. Frequency—domain
analysis has proven useful in other biomedical applications, particularly in distinguishing
movement from background noise, and may improve model robustness against maternal motion
artifacts [35]. Spectrograms also allow the model to focus on frequency components associated
with fetal movement, improving sensitivity to movement events in noisy environments.

For the third data representation, all data trials were segmented into overlapping 8 s
windows with a 1 s stride. Although shorter windows (e.g., 0.5 s) are suitable for capturing fine-
grained temporal patterns in feature-based or time series approaches [16], a longer window was
necessary to balance the tradeoff between time and frequency resolution in the time—frequency
representation [25]. Specifically, a 0.5 s window provided better time resolution, but poor
frequency resolution, limiting the ability to capture meaningful frequency—domain patterns.
Conversely, the 8 s window al-lowed for improved frequency resolution, which is crucial for
distinguishing fetal movement patterns from maternal motion in the spectral domain. Within
each 8 s window, the short-time Fourier transform (STFT) was computed using a sliding
Hanning window of 16 samples with a stride length of 1 [25]. The magnitude of the STFT is
known as the spectrogram time—frequency representation of the signal (Figure 8). A magnitude
spectrogram was constructed for each window, and these spectrograms were used as inputs into a

machine learning model.
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Figure 8: Example of fetal movement in the time—frequency spectrum
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Magnitude spectrograms were used to train a CNN. CNNs are effective for pattern

recognition in image data, as they excel in identifying localized features and patterns [36]. By
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applying a CNN to frequency—domain representations, the model can learn frequency-specific
movement characteristics while ignoring irrelevant noise, making it ideal for movement
detection in an environment with variable maternal activity.

The model architecture, presented in Figure 9, consisted of an initial two-dimensional
(2D) convolutional layer with 32 filters, each of size (3,3), and ReLu activation. This layer was
followed by a (2,2) max-pooling layer to downsample the feature map. A second convolutional
layer with 16 filters, each of size (3,3), and ReLU activation was applied to further refine the
extracted features. The output of the second convolutional layer was then flattened and passed to
a dense layer with 16 units and ReLu activation, a dropout layer with rate 0.25, and a final output
layer with sigmoid activation to produce a scalar value, which was rounded to {0,1} following a
thresholding rule for binary classification. The model was trained using the Adam optimizer and

binary cross-entropy loss.
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(10x253x30) (32 filters, 3x3, ReLu) (2x2) (32 filters, 3x3, ReLu) Dense Dropout

(16 units, ReLu) (0.25)

Figure 9: Model architecture for the time—frequency approach

2.3.8 Model Training and Evaluation

From the full dataset, six trials were randomly selected for testing, six for validation, and
the remaining thirty-seven for training. This division ensured that performance could be assessed
on data unseen to the model, allowing for an evaluation of model generalization across different
scenarios. Three dataset configurations were explored: (1) acceleration data only, (2) angular rate
data only, and (3) a combination of both data types. For evaluation, the area under the receiver
operating characteristic curve (AUROC), accuracy, sensitivity, specificity, positive predictive
value (PPV), and F1 score were calculated to present a comprehensive view of model
performance. Confusion matrices were also generated for each combination to provide a visual
representation of classification performance. To maintain consistency across varying temporal

resolutions, the predictions from the RF and BiLSTM models were aggregated from their
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original 0.5s windows into 8s overlapping windows with a 1s stride by taking the maximum
prediction probability across all sub-windows to determine the final classification for the 8s
interval, matching the evaluation framework of the CNN. This alignment ensured that the
reported performance metrics reflected a standardized assessment across all model types.

To ensure robust and consistent evaluation, cross-validation was employed with a
randomized repeated split approach [31]. Specifically, 10 sets of validation and testing splits
were pre-selected prior to model training, with each split generated independently and without
replacement to maintain diversity across trials. Model performance was then evaluated on the
validation and testing sets to reflect its predictive capability on unseen data scenarios. This
Monte Carlo cross-validation approach ensured that each model’s performance was averaged
across 10 different splits, providing a robust estimate of generalization [31]. Furthermore, using
the same validation and testing splits for all data representations ensured a fair and direct
comparison of model performance across different dataset configurations. Other cross-validation
approaches, such as k-fold, could also be employed. To assess the statistical significance of
differences between models, p-values were calculated using paired statistical tests across the 10

validation and testing splits.

2.3.9 Thresholding Analysis and Training Set Size Reduction

In addition to the primary model evaluations, two exploratory analyses, thresholding and
training set size reduction, were conducted to further understand model performance. Setting a
good threshold for the machine learning models is an important part of creating an effective
binary classification model. A standard 0.5 threshold is often not the best choice, and a smaller
threshold (towards 0) tailors the model to predict more positives, while a larger threshold
(towards 1) tailors the model to predict more negatives. This effect can also be quite sensitive at
times, leading to fragile models. Therefore, a thresholding analysis was performed to vary the
threshold from 0.1 to 0.9 in increments of 0.1.

Another consideration for data-driven modeling is whether the training set is sufficiently
rich. This consideration is non-trivial and depends on the architecture and complexity of the
models being used, the nonlinearity of the underlying data input—output relationship, and the
settings and demographics being targeted. Nonetheless, sensitivity analysis can be performed by
varying the training data size and providing insights for understanding model limitations and

future data collection. The three models in this study were evaluated for robustness and
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sensitivity to data availability by training and testing them at 100%, 75%, 50%, and 25% of the

full training set size.
2.4 Results

2.4.1 Summary of the Results

The results presented in this study demonstrate the comparative performance for
detecting fetal movement when using only acceleration data, only angular rate data, and
combining both. By evaluating three distinct data representations and models—hand-engineered
features classified with RF, time series data analyzed with BiLSTM, and time—frequency
spectrograms analyzed with CNN—this study highlights the strengths and limitations of each
approach. Across all model types, combining acceleration and angular rate data improved
performance for all metrics. Additionally, RF and BILSTM models outperformed CNN, with RF
showing the greatest capacity to reduce false positives but at a significant tradeoff with

sensitivity.

2.4.2 Model Performance Across Sensor Types

Mean receiver operating characteristic (ROC) curves, averaged across 10 testing splits,
were generated for binary classification under varying thresholds (Figure 10), with the
corresponding mean area under ROC (AUROC) values shown in the legend. The hand-
engineered features trained with RF achieved the highest AUROC of 0.81 for the combined
dataset, indicating “very good” performance [37] in distinguishing fetal movement from non-
movement. Single-mode datasets performed significantly lower than the combined dataset
(acceleration: p-value = 0.005; angular rate: p-value = 0.002) with an AUROC of 0.76. Time
series data trained with BILSTM also yielded “very good” performance [37] with an AUROC of
0.80 for the combined dataset. The single-mode datasets scored 0.78 and 0.74, respectively
(acceleration: p-value = 0.3; angular rate: p-value = 0.1). Time-frequency spectrograms analyzed
with CNN achieved “good” performance with an AUROC of 0.75 for the combined dataset. The
single model datasets achieved lower AUROC scores of 0.73 and 0.74, respectively

(acceleration: p-value = 0.1; angular rate: p-value = 0.8).
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Figure 10: ROC curves and AUROC values (in legend) comparing acceleration, angular rate, and combined datasets
with different models

2.4.3 Model Performance Across Data Representations

Accuracy, sensitivity, PPV, and F1 score, averaged over 10 testing splits and

standardized at a specificity of 0.75, are presented in Figure 11 for each dataset and model.

Confusion matrices, presented in Figure 12, provide further insight into these results by showing

the distribution of true positives, false positives, false negatives, and true negatives across

models and datasets.
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model’s performance on combined, angular rate, and acceleration datasets
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For the hand-engineered features classified with RF, the combined dataset achieved
increased performance for all metrics. Metrics with significant increases included sensitivity
from 0.64 to 0.70 (acceleration: p-value = 0.003; angular rate: p-value = 0.006), F1 score from
0.50 to 0.54 (acceleration: p-value = 0.006; angular rate: p-value = 0.06), and AUROC from 0.76
to 0.81 (acceleration: p-value = 0.005; angular rate: p-value = 0.002). Furthermore, the confusion
matrices, shown in green, illustrate that the combined dataset exhibits more true positives (top

left) and fewer false negatives (top right) compared to the single-mode datasets.
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Figure 12: Confusion matrices showing the performance of the RF, BILSTM, and CNN models across three
datasets: acceleration, angular rate, and combined. The models’ classification performances are visualized in terms
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of true positives (top left), false positives (bottom left), false negatives (top right), and true negatives (bottom right).
Each cell displays the percentage of the total number of samples, with the raw count shown in parentheses. RF
matrices are shown in green, BILSTM matrices in purple, and CNN matrices in blue. The combined datasets are
positioned in the top row, acceleration in the second row, and angular rate in the third row. It is important to note
that the models were evaluated using different window sizes: RF and BiLSTM used 0.5 s windows, while CNN used
8 s windows. This difference in window sizes may affect the distribution of predicted outcomes and should be
considered when interpreting the results.

The time series representations analyzed with BILSTM resulted in the same trend:
performance increased for all metrics with the combined dataset. However, these performance
increases were not significant (p-value > 0.05) across the 10 testing splits. The confusion
matrices, shown in purple, demonstrate similar trends to the RF model, highlighting the ability of
the combined dataset to capture more true positives and fewer false negatives. When comparing
data representations, the BILSTM and RF models achieved nearly identical performance. The RF
model achieved a higher AUROC compared to BILSTM (0.81 and 0.80, respectively), but this
difference was not significant (p-value = 0.2). Similar trends are observed when comparing the
confusion matrices.

Finally, for the time—frequency spectrograms analyzed with CNN, the combined dataset
demonstrated the best performance in terms of AUROC. However, the increase in AUROC from
0.73 (acceleration: p-value = 0.1) and 0.74 (angular rate: p-value = 0.8) to 0.75 was not
significant. The angular rate and combined datasets outperformed the acceleration dataset across
all other performance metrics. However, these performance increases were not significant (p-
value > 0.05) across the 10 testing splits. When comparing data representations, the RF and
BiLSTM models outperformed CNN across all performance metrics. Metrics with significant
differences included sensitivity of 0.63 compared to 0.70 (RF: p-value = 0.03, BILSTM: p-value
=0.05), F1 score of 0.49 compared to 0.54 (RF: p-value = 0.009, BiLSTM: p-value = 0.005), and
AUROC of 0.75 compared to 0.81 (BiLSTM: p-value = 0.0002) and 0.80 (RF: p-value =2 x
10—5). The confusion matrices, shown in blue, demonstrate a slightly more limited ability to
capture true positives paired with an increased proportion of false negative and false positive

predictions.

2.4.4 Thresholding Analysis and Training Set Size Reduction
Performance metrics resulting from varying the threshold for binary classification from
0.1 to 0.9 for each model type, trained and tested on the combined dataset, are reported in Figure

13. When evaluating RF across varying thresholds, accuracy, specificity, and PPV followed a
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sigmoidal trend, where performance linearly increased with plateaus at low and high thresholds.
Sensitivity linearly decreased at increasing thresholds. The F1 score peaked between thresholds
of 0.5 and 0.6. Notably, when the RF threshold was tuned to achieve a clinically acceptable
false-positive rate of less than 10% (specificity > 0.90), the model’s sensitivity dropped to
approximately 0.20. For BILSTM, the trends were relatively similar, but performance metrics
had less variation across thresholds. Specifically, the F1 score remained relatively stable at 0.40
regardless of the threshold. Additionally, the maximum achievable performance was more
limited. While RF was able to achieve specificity near 1.0 at higher thresholds, BILSTM
achieved a maximum specificity of approximately 0.80. Similarly, PPV peaked near 0.40 for
BiLSTM, while it peaked near 0.90 for RF. Finally, the performance metrics for CNN were
notable stable across all thresholds. Like BiLSTM, the maximum achievable performance was
more limited than RF. Specificity peaked near 0.75 and PPV near 0.40. The F1 score remained
stable around 0.45. This analysis highlights how model performance can be highly dependent on

threshold choice. Overall, RF demonstrated the highest achievable performance in terms of

specificity and PPV.
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Figure 13: Performance of RF, BiLSTM, and CNN models across varying threshold values (0.1 to 0.9). Each line
plot represents a different performance metric, illustrating how model performance changed with threshold
adjustments

Performance metrics and ROC curves resulting from training and testing each model type
on the combined dataset at 100%, 75%, 50%, and 25% of the training set size are reported in

Figures 14 and 15, respectively.
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Figure 14: Performance of RF, BILSTM, and CNN models across varying training set sizes (25-100%). Each line
plot represents a different performance metric, highlighting how model performance changed with increasing
training data

For RF, AUROC increased the most from 25% to 50% of training set size. This trend
aligns with the other performance metrics, as performance stabilizes above 50% of training set
size. For BILSTM, AUROC steadily increases with training set size, and like RF, performance
stabilizes above 50% of training set size. For CNN, AUROC and the other performance metrics
stabilize above 75% of the training set size. Across all three models, sensitivity and AUROC
benefit most from increased training set size.
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Figure 15: ROC curves and AUROC values (in legend) for all model types across varying training set sizes
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2.5 Discussion

This study trained and tested machine learning models to detect fetal movement using
acceleration and angular rate signals from wearable IMUs. Acceleration data, angular rate data,
and combined datasets were used to train on hand-engineered features classified with RF, time
series data analyzed with BILSTM, and time—frequency spectrograms analyzed with CNN.
Combining acceleration and angular rate data improved all performance metrics for RF and
BiLSTM. Angular rate and combined datasets achieved similar performance for CNN and
outperformed the acceleration dataset for all metrics. When thresholds were chosen to
standardize specificity, RF and BiLSTM demonstrated almost identical performance across all
metrics, significantly outperforming CNN. RF demonstrated the highest achievable performance
capacity depending on the threshold chosen, highlighting the benefits of feature-based

approaches for proof-of-concept datasets.

2.5.1 Model Performance Across Sensor Types

While single-mode sensors were able to learn discriminative patterns related to fetal
movement, combining acceleration and angular rate data consistently improved performance
across all performance metrics and model architectures. Angular rate data achieved comparable
performance to the combined dataset with CNN. Across all data types and models, the increased
performance of the combined dataset suggested that the complementary information resulting
from the combination of acceleration and angular rate datasets had discriminative power over
either dataset on its own. The improvements observed with the combined dataset were driven by
an increase in true positives and a decrease in false negatives across all model types. These
improvements suggest that combining acceleration and angular rate data enhances the models’
ability to accurately identify fetal movement events, improving the reliability of these methods
for clinical use. Reducing false positive outputs prevents false reassurance of fetal wellbeing,

while fewer false negatives can help avoid unnecessary medical interventions.

2.5.2 Model Performance Across Data Representations

Across all data representations, models successfully learned discriminative and
generalizable patterns of fetal movement, achieving “good” or “very good” performance [37].
However, when evaluating performance at a standardized specificity, hand-engineered features

(RF) and time-series data (BiLSTM) yielded comparable results, while the time—frequency
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approach (CNN) resulted in significantly lower AUROC, sensitivity, and F1 scores. This
performance gap is likely driven by the relationship between model complexity and dataset size.
Training set size analysis revealed that the CNN required 75% of the total data to achieve
performance gains, whereas the RF and BILSTM models reached a performance plateau at only
50%. These findings suggest that for proof-of-concept studies with smaller populations, simpler
architectures are more data-efficient and less prone to the noise-related artifacts that hinder deep
learning models like CNN.

Beyond data efficiency, the temporal resolution of the models played a role in signal
clarity. The improved performance of RF and BiILSTM may stem from the alignment between
their 0.5s windows and the transient nature of fetal movement. In contrast, the 8s window
required to maintain an appropriate frequency resolution for CNN likely diluted the signal-to-
noise ratio, as brief fetal movements occupied a smaller fraction of the analysis window. In this
comparison, the hand-engineered features used for training RF more effectively described the
physical dynamics of abdominal deformation than the complex spectral patterns the CNN
attempted to learn from noisy, longer-duration windows.

Finally, the models exhibited distinct behaviors regarding classification thresholds,
representing a trade-off between performance capacity and operational stability. The RF model
demonstrated the highest capacity for peak performance, achieving specificity values above
75%. However, performance metrics were highly dependent on precise threshold tuning. In
contrast, the BILSTM and CNN metrics were more stable across thresholds, offering more
predictable performance that may be easier to deploy across diverse operational settings without
intensive recalibration. Ultimately, the high performance and data efficiency of the RF and
BiLSTM models indicate that simpler architectures may offer better performance for fetal

movement detection in proof-of-concept studies.

2.5.3 Implications for Fetal Movement Detection

When considering the deployment of a fetal movement detection system in real-world
settings, the tradeoffs between interpretability, stability, and model performance must be
considered [38—40]. While combining acceleration and angular rate signals from IMUs was
shown to be consistently more effective than individual sensors, the choice of model depends on
the specific application and data available. RF excels at simpler tasks and offers high

performance capacity and interpretability through binary decision trees, making it suitable for
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environments where immediate, explainable feedback is necessary [41]. However, the stability of
BiLSTM across thresholds suggests it may be more robust to varying user environments without
requiring intensive threshold recalibration. While CNN has the potential to excel at complex
tasks in larger datasets, it is currently more computationally demanding and requires a larger
volume of data to surpass the performance of simpler models [42]. For smaller datasets or
consumer-level wearables where power consumption and ease of use are constraints to adoption,
RF and BiLSTM provide a more practical solution [4,39,43].

While all models achieved "good" overall performance, the requirements for real-world
clinical deployment impose strict constraints on error types, particularly false positives. In the
context of fetal monitoring, a high false-positive rate (e.g., 20-25%) could provide false
reassurance to a mother during periods of fetal distress. The RF model was uniquely capable of
reducing the false-positive rate (FPR) to below 10% but at a significant tradeoff with sensitivity,
which dropped to approximately 20%. This significant tradeoff implies that models must
sacrifice a majority of detected events to achieve a clinically safe false positive rate. This
sensitivity trade-off is further complicated by the nature of the clinical standard used in this
study. Maternal perception, while a standard clinical metric, is only 33—88% sensitive to
movements confirmed via ultrasound [4, 46]. Consequently, a model that is only 20% sensitive
to maternally perceived events is, in reality, capturing an even smaller fraction of total fetal
activity. This discrepancy suggests that while simpler models like RF provide the best available
capacity for noise rejection, when current performance levels are tuned for clinical safety, these
models may not yet be sufficient for standalone diagnostic use. In conclusion, further
advancements in sensor fusion and the selection of data-efficient models may provide a reliable

solution for both clinical and consumer fetal monitoring.

2.5.4 Limitations and Future Work

While this study provided valuable insights into data-driven fetal movement detection
using wearable IMUs, there are several important limitations and areas for future research before
implementation in clinical or real-world settings is possible. Although machine learning models
demonstrated strong performance across various sensor types and data representations, the
clinical standard in the current study was based on maternal perception, which is subjective and
has intrinsic human error [4,6]. Counting perceived fetal movements requires attention and varies

with maternal activity and fetal sleep cycles, so consequently some fetal movement may not be
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perceived. Maternal anxiety can negatively affect maternal perception, resulting in patients
seeking care for inadequate movement [4,44,45]. Validating these models for clinical use
requires comparison with ultrasound, which provides a detailed view of fetal activity [4,46].
Future work should aim to conduct prospective studies where fetal movement predicted from
models using wearable IMU data is compared directly with real-time ultrasound observations to
assess its true accuracy and reliability.

Another important consideration is the gestational age of the participant population.
Participants in this study were recruited between 24 and 32 weeks of gestational age, as mothers
can typically perceive fetal movement by the 20th week and there is an increased risk of labor
after 32 weeks [47]. While the frequency of fetal movement is highest between 28 and 34 weeks,
the risk of stillbirth increases with gestational age being highest after 41 weeks [48]. Future
studies should consider prioritizing the recruitment of participants between 28 and 32 weeks to
capture a greater number of fetal movements.

For a fetal movement detection system to be effective in real-world settings, it must be
robust enough to handle a wide range of maternal activities of daily living (ADLs) without
sacrificing performance [43]. Current models were all trained in con-trolled environments, but
real-world use presents additional challenges, such as increased noise from maternal body
movement, varying sensor placements, inconsistent data quality, and the lack of reliable data
labeling, whether through maternal perception or ultrasound [4]. Future research should focus on
testing these models in more diverse settings, such as during physical activity, sleep, and other
routine behaviors, to evaluate their performance and robustness under real-world conditions. In
addition, the development of adaptive algorithms that can adjust for such variability could be a

promising direction for improving system reliability in non-clinical environments.

2.6 Conclusions

In conclusion, this study demonstrated that combining acceleration and angular rate data
significantly improves fetal movement detection across all data representations and model types.
RF and BiLSTM achieved better overall performance than CNN, likely due to model
complexity, dataset size, and temporal resolution. These findings suggest that shorter window
sizes may be better suited for capturing the transient dynamics of fetal movement than the longer
windows required for spectral analysis. Furthermore, while RF demonstrated the highest

performance capacity through threshold tuning, BILSTM offers greater operational stability.
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Ultimately, these findings highlight the advantage of using combined datasets of acceleration and
angular rates signals with simpler model architectures for proof-of-concept studies. This
approach provides a robust foundation for developing continuous fetal monitoring systems that
can reliably distinguish fetal activity, moving closer toward a clinical tool for improving prenatal
outcomes, provided that the trade-offs between false-positive reduction and detection sensitivity

can be further optimized.

2.7 Appendix A: Participant Demographics

This section contains demographic data applicable to the participant population in which
IMU signals were acquired. S09 and S16 were excluded from the analysis due to signal
acquisition issues reported in Section 2.2.4. Gestational age (GA) refers to the number of weeks
that have passed since the first day of the participant’s last menstrual period. Only the week was
reported, e.g., 32 weeks, and 5 days is recorded as 32 weeks. Parity refers to the number of times
a woman has given birth, where mothers in their first pregnancy are nulliparous and those with
previous pregnancies are parity > 1. GA and parity were self-reported by participants. Body mass
index (BMI) is calculated based on the height and weight of the participant taken on the day of
participation. A pre-pregnancy BMI was not collected. A BMI > 30 is classified as obese. BMI
was calculated according to Equation 1. GA, parity, and BMI can impact a participant’s ability to
perceive fetal movement [4] and may impact the maternal perception labels applied to this

analysis.

__ weight (kg)
BMI= height (m)? (Eqn. 1)

Fetal movement follows a diurnal pattern, with stronger and more frequent movements
generally occurring later in the day [28,47,49]. As a result, the time of day may influence both a
participant’s ability to perceive fetal movement and the frequency and intensity of movements
that occur. To account for this potential effect, session timing was recorded and categorized as
follows: “morning” sessions began between 7 and 10 a.m., “afternoon” sessions began between 2

and 4 p.m., and “evening” sessions began at or after 5 p.m.

Table 1: Demographic information for the participant population included in studies 1 & 2 related to the ability to
perceive fetal movement

Participant

Identifier GA (in Weeks) Parity BMI Time of Day of Data Collection
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501 32 Parity > 1 37.2 Evening

502 28 Nulliparous 38.7 Morning
503 32 Nulliparous 31.7 Afternoon
504 32 Parity > 1 36.4 Evening
505 29 Nulliparous 28.2 Morning
506 31 Nulliparous 28.8 Afternoon
507 26 Parity > 1 36.3 Afternoon
508 26 Nulliparous 25.7 Evening
510 25 Parity > 1 27.7 Morning
S11 31 Nulliparous 25.0 Evening
512 28 Nulliparous 235 Evening
513 24 Not reported 27.1 Evening
514 26 Parity > 1 35.0 Evening
515 28 Nulliparous 25.0 Evening
517 32 Nulliparous 39.8 Evening
S18 27 Not reported 30.3 Evening
519 25 Parity > 1 27.1 Evening
520 25 Parity > 1 30.5 Evening
521 30 Parity > 1 35.9 Evening
522 24 Parity > 1 24.8 Evening
523 27 Nulliparous 25.8 Morning
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Chapter 3 Four Data-Driven Design Choices for IMU-Based Fetal Movement Detection:
Sensitivity, Thresholding, Windowing, and Filtering?

3.1 Abstract

Prenatal care requires objective, continuous monitoring, yet current fetal movement (FM)
detection methods rely on subjective maternal perception or intermittent clinical testing.
Laboratory-based FM detection systems lack data-driven standards for signal preparation and
algorithm design. This study presents a methodological approach for characterizing inertial
measurement unit (IMU) signals and applies the approach to a unique, clinician-validated dataset
of eighteen pregnant participants to provide data-driven insights for objective FM monitoring
under stationary conditions. Specifically, suggested guidance for four design choices was
presented: (1) The minimum hardware sensitivity required to reliably capture weak FM, (2) the
signal magnitude threshold to reliably capture strong FM while rejecting artifacts from maternal
movement, (3) the maximum window size for data analysis based on observed FM durations, and
(4) the cutoff frequencies for filter design to reject signal noise and artifacts. Linear Mixed-
Effect Models (LMEMs) were applied to 1371 FM events across four analytical classes (No FM,
Weak FM, Strong FM, Artifact) and the estimated marginal means (EMMs) of the groups were
compared to quantify the presented design choices. The methodology presented acts as a
foundational step toward standardizing the signal preparation and algorithm design of future fetal

movement detection systems.

3.2 Introduction

In the United States, over 20,000 stillbirths are reported annually [1], yet nearly 32% may
be preventable through improved prenatal care [2]. Early signs of fetal compromise are often
subtle, making timely intervention difficult. Reductions in fetal movement (FM) can indicate

complications [3], but current reliance on subjective maternal perception [4] and intermittent

2 Adapted from the published work: Spicher, L., Bell, C., Huan, X., & Sienko, K. (2026, April). Four Data-Driven
Design Choices for IMU-Based Fetal Movement Detection: Sensitivity, Thresholding, Windowing, and Filtering. In
2026 Design of Medical Devices Conference.
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clinical assessment provides only a “snapshot in time” of the fetal status [5]. A continuous,
objective FM monitoring system is essential to bridge this gap, providing the longitudinal data
necessary for personalized risk assessment. By enabling data collection during daily activities,
wearable systems can identify changes in FM patterns over time. Similar to how the Holter
monitor transformed arrhythmia detection through continuous ECG monitoring [5], a wearable
FM monitor offers a proactive path to care that currently does not exist for fetal health.

Accelerometer-based systems have shown promise for FM monitoring. For example,
Mesbah et al. achieved high performance compared to ultrasound-validated FMs (AUROC =
0.98, SEN = 0.95, and PPV = 0.92) using three abdominal accelerometers and one reference
chest sensor paired with a Random Forest classifier [6]. Zhao et al. also achieved high
performance (SPEC = 0.99, SEN = 0.77) but compared perception-validated FMs and used two
abdominal accelerometers paired with a fuzzy ARTMAP classifier [7]. However, these two
studies are difficult to compare directly because they used different sensor configurations,
distinct machine learning classifiers, and different label sources to define FM events. Despite
different design choices, both emphasized the difficulty of overcoming artifacts caused by
maternal movement, which is the primary obstacle to progress in the field of fetal movement
detection.

This methodological ambiguity reflects a common and ongoing challenge in mature
physiological signal processing fields. For example, while continuous ECG monitoring has been
deployed in real-world settings, experimental studies to improve signal quality and reject
artifacts are difficult to compare, particularly across data preprocessing and segmentation
methods; researchers are advocating for consensus methods and data-driven standards for signal
preparation [8]. In fetal monitoring studies, a similar lack of consensus is apparent. Researchers
report hardware specifications, artifact thresholding methods, and frequency cutoffs for filtering
that range widely without formal analysis to justify the numerical choices [6], [7], [9]. Many
different window sizes are chosen for data segmentation [6], [7], [9], but without rationale for
why they were chosen. To our knowledge, no prior work has systematically contextualized or
characterized FM data from IMUs, leaving a critical gap in data-driven standards for signal
preparation and algorithm design choices.

The objective of this study, therefore, was to present a rigorous, data-driven methodology

for characterizing IMU signals of FM, and to apply this approach to a unique, clinician validated
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dataset to provide data-driven insights and guidance for the engineering of objective FM
monitoring technology under stationary conditions. After contextualizing the dataset by
quantifying the precision and recall of maternal perception against the ultrasound clinical
standard to provide a reference for comparing future datasets, this study established a data-driven
methodology for quantifying four key design choices: the suggested minimum hardware
sensitivity and artifact rejection threshold based on root mean square (RMS) magnitude, cutoff
frequencies for filter design based on differences in peak frequency between fetal and maternal
movement artifacts, and maximum window size for data analysis based on the observed range of

FM duration.

3.3 Materials and Methods

Eighteen participants between 18 and 49 years old were recruited for a single data
collection session at the University of Michigan. All participants were between 24 and 32 weeks
of gestational age and carrying a singleton pregnancy with no known fetal disease or physical
abnormalities. Participants with a diagnosis of gestational diabetes or hypertension were
excluded. The study was approved by the University of Michigan Institutional Review Board
(HUMO00204999).

3.3.1 Data Collection & Categorization

During data collection, participants were fitted with an array of four abdominal IMUs
(Opal, APDM Inc., Portland, OR, USA) centered around the umbilicus and attached with
adhesive tape. Synchronized acceleration and angular rate data were collected at a sampling rate
of 128 Hz. A series of three hip-hinging movements were conducted first to calibrate the IMUs.
Participants were then seated in a chair with their feet flat on the floor, and data were collected in
10—15-minute trials. Participants were instructed to remain stationary during data collection.
Each participant completed 2-3 trials, resulting in 35 total trials in the dataset. The study team
recorded any maternal movement events with a timestamp.

While seated, two measurements were collected to later validate FMs: maternal
perception annotations and ultrasound recordings. Participants received an additional handheld
IMU with a pressable button to indicate perceived FM and were instructed to press the button at
the onset of FM. Additionally, an ultrasound scan was administered by a board-certified

OB/GYN throughout the duration of each trial. Before data collection, a clear visual of the fetus
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was obtained, and if the view was obscured during data collection, the ultrasound probe was
moved to regain a visual. Recordings of the ultrasound scan were collected when FM was
identified. These recordings were post-processed and time synchronized with the IMU data. The
ultrasound recordings were reviewed by the OB/GYN after data collection to provide refined
annotations. Data from two of the eighteen participants were excluded due to signal acquisition
issues upon review.

The ultrasound recordings were taken as ground-truth reference data. The onset (T start)
and offset (Tknq) of any FM were manually determined by visual inspection of the ultrasound
recordings and used to index windows of FM. These FM events were then categorized by the
board-certified OB/GYN into two clinically relevant groups, “strong” and “weak”, based on
subjective assessment of uterine wall contact and full-body displacement. Weak FMs were those
that did not contact the uterine wall and were not expected to be perceived by the participant [4].
Examples include flexion/extension of the hands/feet, twitches, or non-prolonged rolling. Strong
FMs were those that did contact the uterine wall and were expected to be perceived. Examples
include fetal kicks resulting in full body movement or long, sustained rolling/stretching [4].
Because the frequency and intensity of FM was highly variable between participants, distinctions
between “weak” and “strong” FMs were influenced by the behavior of the individual fetus for
each participant. Differentiating these strong and weak FMs is critical, as the goal of a clinically
viable device is to reliably detect strong FM that mothers would likely perceive, while
establishing the necessary sensitivity floor to capture subtle (but clinically relevant) weak FM
that mothers often miss.

Maternal movement events identified by the study team were timestamped and used to
index windows labeled as “Artifact.” Examples of maternal movement include talking, coughing,
deep breathing, and gross body movement. For this initial analysis, any FM detected via
ultrasound during a maternal movement event was labeled as “Artifact.” This conservative
labeling approach was intentionally adopted to isolate fetal signals under stationary conditions
and to prevent maternal motion from confounding the characterization of the FM signal itself. By
restricting this analysis to stationary data, we aimed to establish a clear baseline understanding of
system performance before addressing the more complex challenge of disentangling concurrent

maternal and fetal movements. All remaining windows were labeled as “No FM” and therefore

56



did not contain any maternal or fetal movement. All segmented data was grouped into the four
final analytical classes: “Strong FM,” “Weak FM,” “Artifact,” and “No FM”.

Then, maternal perception data was compared against the ultrasound clinical standard.
Each FM event identified via ultrasound was also marked as “perceived” or “missed” based on
the maternal perception annotations. “Perceived” FMs were those for which the maternal
perception button was pressed within 5 seconds of the event. All other FM events were marked
as “missed.” Maternal perception annotations that did not align with FM events identified by
ultrasound were marked as “false positive”. Though maternal perception of FM is subjective, it is

also possible that false positives may indicate FM outside of the plane of view of the ultrasound.

3.3.2 Signal Processing & Feature Calculation

The raw tri-axial acceleration and angular rate signals from each IMU were processed
through a zero-phase bandpass filter (1-20 Hz) for denoising [10]. Using the IMU signals during
calibration, the Functional Alignment Method [11] was applied to orient the angular rate data to
the same frame of reference: each IMU’s x-axis was aligned with global gravity (identified
during static standing), the y-axis with the participant’s frontal axis, and the z-axis with the
sagittal axis. The frontal and sagittal axes were identified via rotation about the hip axis (Figure
16). The acceleration data was not oriented to retain the strength of the acceleration signals

during motion tangential to the abdomen.

Vertical Axis Frontal Axis Sagittal Axis

Figure 16: Functional Alignment Method for orienting angular rate data to the anatomical frame

57



After preprocessing, the IMU signals were segmented based on the timestamps defined
by each analytical class. Feature calculation was performed on the segmented IMU data across
all four IMUs and all six channels (3-axis acceleration and 3-axis angular rate). Within each
variable-duration window, a series of comprehensive statistical features were calculated to

characterize the signal in the time and frequency domains. The features are defined in Table 2.

Table 2: Features calculated within each window

Feature Name Calculation Rationale

Duration Ultrasound-validated onset and offset | Quantifies duration of FM events. Used to inform
of FM, windowing strategies.
Tend — Tstart

Root Mean Square | Signal intensity calculated as the Selected as the primary metric for magnitude

(RMS) square root of the mean of square boundaries, as it is a fundamental measure of the
values within a window. FM signal’s energy content [71]. Used to derive

minimum hardware sensitivity and maximum

artifact threshold.
Peak Frequency Frequency corresponding to the Characterizes the dominant frequency of distinct
maximum power spectral density physical events Used to inform filter cutoff
value within a window of unfiltered frequencies for effective noise mitigation.

data.

Within each window, the IMU exhibiting the largest feature magnitude was retained,
while the remaining three were discarded. This selection was performed independently on a
window-by-window basis, meaning the retained IMU could differ between windows. The
purpose of this approach was to emphasize the strongest available signal (i.e., the highest signal-

to-noise ratio) for the subsequent statistical analysis.

3.3.3 Statistical Analysis and Planned Comparisons

The performance metrics of maternal perception against the ultrasound clinical standard
were calculated, specifically reporting precision (positive predictive value) and recall
(sensitivity) to provide clinical context for the dataset.

The analysis was designed to rigorously test three pairwise comparisons for data-driven
signal preparation and algorithm design: (1) Sensitivity Floor: Comparison between no FM and
weak FM based on RMS features; (2) Artifact Threshold: Comparison between strong FM and

artifacts based on RMS features; and (3) Filter Cutoffs: Comparison between strong FM and
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artifacts based on peak frequency features. Because multiple events (e.g., strong FMs, weak
FMs, and artifacts) were identified across several trials for the same participant, the effect of the
analytical class on each feature was assessed with Linear Mixed-Effect Models (LMEMs) to
properly account for the variance attributed to the individual subject and trial. For each feature,
an independent LMEM was computed across all six axes (three-axis acceleration and three-axis
angular rate):
Feature ~ Group + (1|Particpant) + (1|Trial: Participant),

where the fixed effect was the group (e.g., “No FM”, “weak FM”, “strong FM”, or “artifact”)
and the random effects were the random intercept for participant and the random intercept for
trial nested within participant. This approach controlled for inherent individual differences
between trials and participants. An overall comparison of means was conducted on the resulting
LMEM to determine the statistical significance of the group factor. Pairwise comparisons
between the estimated marginal means (EMMs) of the four groups were then calculated and
adjusted using the Tukey method for multiple comparisons. Significance was defined at the p <
0.05 level.

The statistically significant mean differences derived from these focused comparisons
were then used to quantify data-driven choices for hardware sensitivity, algorithm thresholds,
and filter design. Furthermore, the distribution of all FM durations was quantified to establish

guidance for windowing strategies in subsequent algorithm design.
3.4 Results and Discussion

3.4.1 Context: Maternal Perception Performance

1371 FM events were identified by ultrasound. A total of 534 FMs were perceived by
participants, resulting in a recall (sensitivity) of 39% across the dataset (compared to 33-88%
reported in literature [4]). Participants indicated perceived FM 91 times that were not observed
by ultrasound, for a precision (positive predictive value) of 85%. A participant’s ability to
perceive FM was influenced by factors such as gestational age, body mass index (BMI), and
placental location [3], [4]. A participant-level analysis of the performance metrics of maternal

perception against the ultrasound clinical standard is available in Table 3.
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Table 3: Participant performance metrics of maternal perception against ultrasound clinical standard and related

demographics
Subject # FMs Precision Recall GA BMI Placenta
Location
1 29 1.00 0.62 31 28.8 Anterior
2 50 0.86 0.12 26 36.3 Anterior
3 91 1.00 0.19 26 25.7 Anterior
4 Excluded due to signal acquisition issues
5 58 0.91 0.36 25 27.7 Anterior
6 17 0.50 0.12 31 25.0 Anterior
7 116 1.00 0.16 28 23.5 Posterior
8 43 0.48 0.22 24 27.1 Posterior
9 148 0.80 0.53 26 35.0 Anterior
10 98 0.95 0.18 28 25.0 Anterior
11 Excluded due to signal acquisition issues
12 91 0.71 0.40 32 39.8 Anterior
13 85 1.00 0.25 27 30.3 Anterior
14 82 0.97 0.41 25 27.1 Anterior
15 105 0.78 0.44 25 30.5 Posterior
16 120 0.89 0.55 30 35.9 Anterior
17 185 0.96 0.69 24 24.8 Posterior
18 53 0.90 0.34 27 25.8 Anterior
TOTAL 1371 0.87 0.39
[0.48,1.00] [0.12,0.69]

Of the 1371 FM events identified by ultrasound, 552 (40%) were categorized as “strong
FM” and 821 (60%) as “weak FM”. Participants perceived 59% of strong FMs, but only 26% of

weak FMs, supporting the assertion that subtle weak FM is less likely to be perceived. Given that

strong FMs are more readily perceived, detection technologies must reliably capture them.

Furthermore, the minimum signal magnitude for detection (sensitivity floor) can be

quantified to reliably detect weak FMs, which appear much smaller in amplitude and can be

difficult to distinguish from the ambient noise of no FM as seen in Figure 17. The sensitivity

floor should allow the IMU sensors to capture most of the weak FM signals, acknowledging that

some of these subtle FM events may still fall below IMU detection thresholds.
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Figure 17: Each analytical class plotted for the z-axis of acceleration across all four IMUs. The top left plot is an
example of a maternal cough.

Review of study team annotations identified a total of 49 artifact events. These artifacts
included gross maternal movement, deep breathing, coughing, laughing, and talking. While gross
maternal movements may be much larger in magnitude than FM signals, other artifacts like the
maternal cough shown in Figure 17 can resemble strong FMs in magnitude, making these events
difficult to differentiate from actual FM. False positive predictions of FM caused by artifacts are
dangerous because they give patients and clinicians false reassurance of fetal wellbeing. Though
false negative predictions caused by a lack of separation of weak FM from the no FM baseline
signal may increase the incidence of additional evaluation and intervention, objectively detecting
most FMs can still help identify true reductions in FM and prompt timely intervention. In risk-
averse systems, a conservative approach that tolerates under-prediction of FMs is preferable, as it
facilitates additional assessment of fetal well-being and reduces the likelihood of missing

clinically relevant complications.

3.4.2 RMS Magnitude Analysis

A comparison of RMS magnitude between groups was conducted to establish thresholds
for FM detection while reducing the potential of false positive predictions (Figure 18). LMEMs
applied to the RMS magnitude demonstrated a significant effect of group (p<0.001) across the
three axes of acceleration and three axes of angular rate, accounting for random effects of
participant and trial. The resulting estimated marginal means (EMMs) were used to define the

hardware sensitivity floor (Section 3.4.2.1) and the artifact rejection threshold (Section 3.4.2.2).
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Figure 18: RMS magnitude feature (y-axis of angular rate data) used to define sensitivity floor and artifact rejection
threshold

3.4.2.1 Sensitivity Floor: Defining Minimum Hardware Requirements

First, RMS was analyzed to identify significant differences between no FM and weak FM
windows to quantify the sensitivity floor for hardware selection. Pairwise comparisons showed
statistically significant separation for all three axes of acceleration and three axes of angular rate
(Table 4). The significant differences at the lower detection limit confirmed the ability of both
acceleration and angular rate IMU signals to reliably detect non-perceived FM. Setting an RMS
noise floor significantly lower than 0.0246 m/s? and 0.00821 rad/s for hardware selection may

help avoid missing clinically valuable weak FM events.

Table 4: Pairwise comparisons between no FM and weak FM groups for RMS magnitude feature (p-values Tukey-
adjusted, a=0.05)

Signal Comparison EMM EMM (Weak FM) p-value Cohen’s d
(No FM)
Acc X-axis 0.0342 m/s? 0.0380 m/s? <0.0001 -0.273
Acc Y-axis 0.0222 m/s? 0.0246 m/s? <0.0001 -0.248
Acc Z-axis 0.0254 m/s? 0.0294 m/s? <0.0001 -0.378
Gyro X-axis 0.00651 rad/s 0.00821 rad/s <0.0001 -0.332
Gyro Y-axis 0.00957 rad/s 0.01160 rad/s <0.0001 -0.333
Gyro Z-axis 0.00710 rad/s 0.00871 rad/s <0.0001 -0.277
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3.4.2.2 Artifact Rejection: Defining Algorithm Threshold

RMS was also evaluated to identify significant differences between artifact and strong
FM windows to quantify a magnitude threshold for mitigating false positives. Pairwise
comparisons showed statistically significant separation for all three axes of acceleration and
three axes of angular rate (Table 5). The significant difference between groups confirmed the
ability to filter out higher magnitude maternal movement through artifact thresholding. For
example, applying magnitude-based thresholds of 0.061 m/s? and 0.021 rad/s, set at one and a
half times the mean strong FM signal, could support effective artifact rejection near the upper
detection limit.

Table 5: Pairwise comparisons between strong FM and artifact groups for RMS magnitude feature (p-values Tukey
adjusted, a = 0.05)

Signal Comparison EMM (Strong EMM (Artifact) p-value Cohen’s d
FM)
Acc X-axis 0.0405 m/s? 0.0706 m/s? <0.0001 -0.900
Acc Y-axis 0.0264 m/s? 0.0595 m/s? <0.0001 -0.907
Acc Z-axis 0.0354 m/s? 0.0579 m/s? <0.0001 -0.840
Gyro X-axis 0.01037 rad/s 0.01775 rad/s 0.0001 -0.817
Gyro Y-axis 0.01394 rad/s 0.02436 rad/s <0.0001 -0.965
Gyro Z-axis 0.01141 rad/s 0.01844 rad/s 0.0003 -0.780

3.4.3 Windowing: Quantifying Fetal Movement Duration

FM events exhibited a wide physiological range (0.5s to 95s) with a significant right-tail
skew in duration. The 80th and 95th percentiles were 4s and 12s, respectively (Figure 19). Prior
studies identified FMs between 1s and 96s, with most occurring between 1s and 4s [13], though
longer FMs are more likely to be perceived [4]. In this dataset, strong FMs had a 95th percentile
of 17s, which is significantly longer than the 95th percentile of 7s for weak FMs. Based on these
distributions, a window size < 12s captures 95% of the observed FM events. Though a universal
standard remains elusive, choosing a window size within this range necessitates a tradeoft:
smaller windows (e.g., < 4s) offer high granularity but may over-segment events and miss
broader temporal trends [14], while larger windows (e.g., approaching 12s) capture overall
patterns but risk summarizing out finer variations [10]. The choice is further influenced by the
desired level of temporal information, computational constraints, and the architecture of the data-

driven detection model. Reported window sizes for FM detection algorithms range from 0.5s to
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avoid averaging out features within the window [10] to 8s to balance the tradeoffs between time
and frequency resolution [14]. Despite the lack of a standardized window size, evaluating the
duration of FM for a specific population provides critical, data-driven insight for informing
algorithm design across multiple stages: (1) dynamic windowing functions, (2) postprocessing of
model predictions, (3) evaluation of algorithm performance, and (4) hardware sampling rate. The
final choice of window size depends on the objective of the study and what is known about the

physiological signal used to capture events.

. Duration of All Fetal Movement

80t Percentile: 4s

500 —

95t Percentile: 12s
400 —

N
=]
S
T

Frequency [count]

100 —

0 I e — p— S, — — —_— ]
0 5 10 15 20 25 30 35

Duration [s]

Figure 19: Histogram of FM duration used to inform window size

3.4.4 Peak Frequency Analysis

Though a magnitude threshold can be used to eliminate IMU signal noise, artifacts like
maternal laughter and coughing can resemble FM in magnitude [9]. Frequency filter design can
be considered for further noise mitigation for FM event detection. LMEMs applied to the peak
frequency demonstrated a significant fixed effect of group (p<0.0001) across all three axes of
acceleration and three axes of angular rate. The spectral energy of strong FM was concentrated
between 4 and 10 Hz with an upper limit of 23 Hz. Artifacts showed spectral energy between 1.5
and 7 Hz with an upper limit of 15 Hz (Figure 20).
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Figure 20: Peak frequency feature (y-axis of acceleration data) used to define filter cutoffs

3.4.4.1 Filter Cutoffs: Defining Noise Limits

Pairwise comparison of artifact and strong FM peak frequencies showed statistically
significant separation for all three axes of acceleration and three axes of angular rate (Table 6).
Maternal respiration is typically below 1 Hz [6], [15], and maternal movement has been
identified between 1 and 10 Hz [15]. Other artifacts like maternal heartbeat have been reported
between 1 and 4 Hz. Based on this analysis of peak frequency, a lower cutoff frequency of 4.0
Hz may remove most of the artifact energy that lies between 1.5 Hz and 4.0 Hz. An upper cutoff
frequency of 24 Hz would retain the entire spectral content of strong FM (up to 23 Hz) while
filtering out high frequency noise. These cutoff frequencies result in a final, recommended
bandpass filter of 4.0-24 Hz.

Table 6: Pairwise comparisons between strong FM and artifact groups for peak frequency feature (p-values Tukey
adjusted, a=0.05)

Signal Comparison EMM (Strong EMM (Artifact) p-value Cohen’s d
FM)

Acc X-axis 7.89 Hz 6.84 Hz 0.0001 0.567

Acc Y-axis 7.90 Hz 5.17 Hz <0.0001 1.08

Acc Z-axis 8.62 Hz 5.85Hz <0.0001 0.695

Gyro X-axis Gyro Y-axis | 8.02 Hz 4.83 Hz <0.0001 1.06

Gyro Z-axis 7.11 Hz 3.76 Hz <0.0001 0.949
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7.31 Hz 4.29 Hz <0.001 0.953

3.5 Conclusion

The lack of standardized, data-driven methodology for FM detection remains a barrier to
real-world deployment, mirroring historical challenges in mature fields like ECG. This study
partially addressed that gap by employing a rigorous methodology to guide objective,
quantitative design choices for IMU-based FM detection under stationary conditions: defining
the IMU sensitivity floor significantly lower than 0.0246 m/s? (or 0.00821 rad/s) to reliably
capture weak FMs, setting a magnitude threshold of 0.061 m/s? (or 0.021 rad/s) for effective
artifact rejection, defining a 4.0-24.0 Hz bandpass filter for noise mitigation, and setting a
window size <12s to guide algorithm choices. These signal characterizations provide data-driven
reference points for future design choices like event-triggered data acquisition, dynamic sensor
activation, and adaptive windowing strategies based on detected movement modes. Future work
with datasets incorporating maternal movement is required to accurately characterize FM signals
for a deployable FM monitoring system. Ultimately, this initial analysis of IMU signal
characterization is the first step toward consensus methods for rigorous comparison and
validation of emerging technologies, enabling the clinical trust and technical reliability required
to transition fetal monitoring from intermittent snapshots to a continuous, objective standard of

carc.
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Chapter 4 Methodological Evaluation of Label-Source Selection and Evaluation Strategies

on Reported Performance in Wearable Fetal Movement Detection

4.1 Abstract

Continuous fetal movement (FM) monitoring has the potential to transform prenatal care
through the identification of at-risk fetuses. To address the lack of standardization in existing
literature, this study compared the performance of maternal perception and ultrasound labels for
training machine learning models that classify FM events from wearable inertial measurement
unit (IMU) signals under realistic evaluation strategies with respect to ultrasound labels. Data
were collected from eighteen pregnant participants [mean gestational age: 27 weeks (SD: 2.6);
mean BMI: 29.3 (SD: 4.9)] who wore four abdominal IMUs and one chest reference sensor for
10-15 minute stationary, data collection trials. Maternal perception annotations were collected
using a handheld push button, and ultrasound recordings were captured and reviewed by a board-
certified OB/GYN to identify FM events. Random forest machine learning classifiers were
trained using time-domain statistical features extracted from the multi-node IMU array labeled
with two clinical standard annotations: maternal perception and ultrasound. Model training was
conducted such that (1) every participant had at least one trial in the training and testing sets
(personalized) and (2) a leave-one-subject-out approach (LOSO). Model training was also
conducted with random sampling for comparison to prior work. Under the personalized
approach, models trained with maternal perception labels achieved an area under the receiving
operating characteristic (AUROC) curve of 0.61 (95% CI 0.57-0.65) compared to models trained
with ultrasound labels, which achieved an AUROC of 0.65 (95% CI 0.61-0.69). At a false
positive rate of 5%, both models achieved similar sensitivity to FM events (24-25%). At a
sensitivity of 50%, models trained with ultrasound labels demonstrated greater specificity (72%
compared to 65%). While the personalized approach showed slight improvements over LOSO,
random sampling led to inflated performance. These results demonstrate that while maternal
perception is a scalable training source, it introduces label noise that constrains model reliability.
Furthermore, the significant performance disparity between random sampling and participant-

independent splitting underscores the necessity of rigorous validation to avoid false reassurance
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in clinical deployment. Though this wearable system shows promise for FM detection, the
limited sensitivity to meaningfully reduce false alarms limits deployment for clinical
reassurance. This work establishes a necessary methodological framework for benchmarking the

true capabilities and limitations of wearable fetal monitoring systems.

4.2 Introduction

During pregnancy, intermittent fetal monitoring is enacted to evaluate fetal health and
prevent fetal death through early identification of an at-risk fetus that may benefit from clinical
intervention [1]. In the United States, there are nearly 20,000 reported stillbirths (defined as fetal
death after 28 weeks of gestation) each year, yet many of these fetal deaths have an unknown
cause [2]. Other areas of medicine have benefitted from advancements in technology and shifts
in population health, but prenatal care continues to experience an unchanging and stagnant
stillbirth rate [2]. The presence of fetal movement is generally accepted as evidence of a healthy
fetus, indicating proper oxygenation to support the fetal nervous system [1]. Fetal movement
develops around the 9th week of gestation and can be perceived by the mother by approximately
the 16th week [3]. Reductions in fetal movement are associated with negative outcomes at birth
[4,5], with the likelihood of stillbirth increasing five-fold for those who have experienced
reduced fetal movement [6]. Reduced fetal movement, therefore, serves as a key warning sign
that intervention may be necessary [4,7,8].

Maternal perception of fetal movement, also known as “kick counting”, is often described
as the first line of defense for identification of an at-risk fetus [1]. The two main methods of kick
counting are the Sadovsky method, where mothers count the number of perceived fetal
movements in a specified amount of time [9], and the Cardiff Count to Ten method, which relies
on the amount of time it takes for mothers to perceive ten movements [10]. Definitions of what
qualifies as “reduced fetal movement” vary widely [6-8], and a mother’s ability to perceive
movement can be limited by factors such as body mass index (BMI), placental location, and even
the time of day [3,11-13]; mothers perceive 33-88% of fetal movement that actually occurs
[7,14]. When reductions in fetal movement are perceived, clinicians initiate a non-stress test
(NST) where fetal heart rate and uterine activity are monitored for 20 minutes for fetal heart rate
accelerations or decelerations with or without contractions [1,15]. The NST can be
complemented by the biophysical profile (BPP), which measures fetal breathing, movement,

tone, and amniotic fluid volume via ultrasound [1]. Clinical assessment is the best existing option
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for objective prenatal care but these tests require trained clinicians and clinical settings, provide
only a “snapshot in time” of the fetal status, and can prompt cautious but unnecessary
intervention including early delivery, hospitalization, or more frequent monitoring
[1,8,11,15,16].

Wearable devices offer an alternative to traditional long-term monitoring that requires
repeated or extended clinical visits that disrupt daily life and create substantial financial burden
[17]. In the context of fetal monitoring, accelerometers, acoustic sensors, and piezoelectric
sensors have shown promise for the continuous detection of fetal movement [18-20]. Though an
optimal sensor setup has yet to be agreed upon, pairing wearable sensors with machine learning
models has shown encouraging prior results under varying evaluation conditions for detecting
fetal movement. For example, Xu et al. [21] reported sensitivity and precision scores greater than
80% using two accelerometers paired with an extra trees classifier.

However, a lack of standardization across the literature creates a significant challenge
when evaluating methodological choices across existing studies. Each existing study has used a
unique combination of study cohort, sensor setup, ML classifier, event label source, class
distinctions, window segmentation size, class balance, and train/test split. For example, Delay et
al. [22] was the only study to use raw time-series data as the input to a deep learning model.
Others relied on hand-engineered features. Xu et al. [21] and Mesbah et al. [23] used ultrasound
annotations to label training data and report performance, while Zhao et al. [24] and Altini et al.
[18] used maternal perception. Even the way fetal movement was defined varied between
studies. Delay et al. [22] only considered limb movements, while Xu et al. [21] and Mesbah et al.
[23] included all movements. Additionally, the standards for reporting performance metrics were
inconsistent, with variable class balancing strategies and a lack of reported threshold values.
Because of these methodological variations, it is difficult to benchmark and evaluate the benefits
of any single approach because performance may be as much a function of experimental design
as sensor efficacy. This lack of clarity necessitates studies that control for these variables to
understand the underlying drivers of model performance. Therefore, the goal of this study is to
use controlled benchmarking on a common test set to evaluate two methodological choices that
drive performance at a high level during model training: choice of clinical standard used to label

training data and data splitting approach. By holding other methodological variables constant,
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these specific variables were isolated to determine their individual impact on model

performance.

4.3 Background

The research landscape for fetal movement detection remains difficult to navigate due to
wide variations in experimental design. While a range of sensor types have been tested,
accelerometers are most commonly used, as they have shown high performance metrics when
distinguishing fetal movements [21,23,24]. Multimodal systems that pair accelerometers with
other sensor types have also been appropriately benchmarked to demonstrate increased
performance over single-mode sensor systems [20,25]. Additionally, feature-based model
architectures are most commonly used, likely due to their simplicity and stability with sample
sizes reflective of early-stage proof-of-concept studies. Though deep learning architectures show
promise for capturing complex, transient FM characteristics [22] (Delay et al.), these models
require significantly larger sample sizes that are more reflective of population-level studies
intended for system deployment in later development stages [25]. Though a standardized sensor
setup and optimal architecture are not yet defined, existing literature generally supports the use
of IMU-based systems paired with feature-based classifiers for evaluative studies.

However, two variables driving model performance still remain unclear: the clinical
standard used to label training data and the strategies used for data splitting. When training and
evaluating model performance, event definition has a significant impact on the difficulty of the
classification task and the interpretation of the model outputs. While some FM detection models
have been developed using maternal perception as the clinical standard [18,24,26], others have
relied on ultrasound [19,21,23]. Researchers have used these label sources rather interchangeably
despite distinct tradeoffs for real-world deployment: maternal perception can be cheaply and
widely collected to offer large, supervised datasets for model training, while ultrasound labeling
is resource-intensive, requiring clinical resources and extensive clinician time for annotation,
resulting in much smaller and more expensive datasets. For training and evaluating models,
ultrasound-defined events offer greater clinical precision, while maternal perception acts as a
more practical but potentially noisy alternative.

The label source used for defining FM events is further complicated by varying
definitions of what constitutes a “movement” and how it is annotated. For example, Mesbah et

al. [23] achieved 92% specificity and 95% sensitivity using ultrasound-labeled events, while
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Zhao et al. [24] achieved 99% specificity and 77% sensitivity using maternal perception-labeled
events for model training and evaluation. Though these performance metrics appear to be
similar, they are highly dependent on how a FM event is defined by the label-source. While
Mesbah et al. [23] achieved high performance for classifying precise, clinically meaningful FM,
Zhao et al. [24] achieved high performance for classifying the FMs mothers are already able to
perceive. Adding label buffers to account for human reaction delays [19,21,25] and excluding
certain types of fetal movement [22] further complicates the interpretation of model
performance. The subjectivity and ambiguity of using maternal perception to train and evaluate
ML models has been cited as a limitation [24], but no studies have systematically compared
maternal perception and ultrasound as training label sources for fetal movement classification
using ultrasound during evaluation.

When benchmark datasets are not available, as is the case with FM, isolated testing sets
within individual studies can be used to compare methods [27,28]. However, how these testing
sets are defined highlights another significant discrepancy in the field. Most existing studies have
randomly sampled windows of data into training and testing sets, with variable ratios and data
balancing strategies [21-24]. While random sampling is common in machine learning, it fails to
account for data correlation within trials or subjects. This approach does not reflect realistic
deployment scenarios and can inflate performance estimates by allowing highly correlated data
from the same participant or trial to appear in both training and testing sets, thereby limiting
generalizability of the model. To date, only one study used a leave-one-subject-out (LOSO)
approach [18] to mitigate this issue. Accounting for subject-specific signal characteristics
through data splitting approaches with LOSO promotes participant-level generalization,
deployment realism, and prevention of data leakage. Without generalizable data splitting
protocols, the clinical benefits of different sensor setups or classifiers remain difficult to evaluate
fairly.

Therefore, the goal of this study is to systematically evaluate these methodological
tradeoffs by comparing maternal perception and ultrasound as clinical standards for model
training under generalizable data splitting approaches. Using a consistent inertial measurement
unit (IMUs) sensor setup and random forest classifier, models were trained on subjective, easily-
scalable maternal perception labels to investigate their ability to predict objective, ultrasound-

verified events in realistic deployment scenarios.
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4.4 Methods

There are two clinical standards for capturing fetal movement: maternal perception and
ultrasound observation. Models for detecting fetal movement events can be developed and
evaluated with maternal perception and ultrasound observation annotations to ensure clinical
reliability upon deployment. The methodology for this study consists of four key components:
data collection, signal processing and event annotation, splitting of training and testing sets, and
fetal movement classification and evaluation. Distinct models were developed using both
maternal perception and ultrasound event annotations and their performance was compared
against the clinical standard ultrasound during the evaluation phase. This comparative analysis
aimed to evaluate the reliability of maternal perception as a clinical standard for model
development and discuss the tradeoffs of the proposed methodology for classification of fetal

movement events.

4.4.1 Data Collection

Eighteen participants between 18 and 49 years old were recruited for a single data
collection session at the University of Michigan. All participants were between 24 and 32 weeks
gestational age and carrying a singleton pregnancy with no known fetal disease or abnormalities.
Participants with a diagnosis of gestational diabetes or hypertension were excluded. All
participants provided written informed consent. The study was reviewed by the University of
Michigan Institutional Review Board (HUM00204999). This population sample size is
appropriate for an investigation focused on early-stage methodological validation. The study
aims to evaluate the consistency of the analytical pipeline and the reliability of subjective
maternal labels under realistic data-splitting constraints, rather than seeking to provide a
deployment-ready population estimate.

Data were collected with a system of wearable IMUs (Opal, APDM Inc., Portland, OR,
USA). Four IMUs were attached to the surface of the abdomen to capture fetal movement and
one additional IMU was attached to the chest to capture maternal movement, since the chest
would be isolated from abdominal deformation caused by fetal movement. All IMUs were
attached with medical-grade adhesive tape. The abdominal IMUs were centered around the
umbilicus, with one IMU consistently placed in each quadrant to reliably capture fetal movement
independent of fetal position (see Fig. 21 for IMU placement). The chest IMU was centered on

the top section of the participant’s sternum (e.g., manubrium) to reliably capture maternal heart
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rate, respiration, and trunk movement while avoiding rotational noise. All IMUs were oriented
such that the x-axis was aligned with gravity and the z-axis was perpendicular to the abdominal
wall (or chest surface). Intentional sensor placement ensured proper and consistent measurement
of angular rate signals. All IMUs collected synchronized tri-axial acceleration and angular rate at

a sampling rate of 128 Hz.

Figure 21: Placement and orientation of abdominal IMUs used to capture abdominal deformation caused by fetal
movement

During data collection sessions, the height and weight of each participant was recorded.
These measurements were used to calculate body mass index (BMI), which can indicate the level
of adipose tissue between the fetus and outer abdominal wall and may affect the degree to which
the abdomen deforms during fetal movement and the sensors’ ability to capture fetal movement
signals [29]. Then, the array of IMUs were fitted to the participant according to the placement
strategy described above. Prior to data collection, participants were guided through a series of
calibration movements, which were later utilized to estimate the orientation of the IMU sensors
and align them within the same frame of reference. While most prior studies have relied on
acceleration signals tangential to the abdomen, angular rate data may help isolate fetal movement
signals in the presence of maternal motion, as fetal movement can be localized to a single sensor

within the array, while maternal movement is global to the participant’s body system [25]. A
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functional alignment method was employed to determine the participant’s anatomical axes
relative to the IMU fixed frame of reference [30]. Because the sensors are placed on the
abdomen, closest to the hip axis, and maternal motion can be simplified to rigid body motion
with rotation about the hip axis, the hip axis was used as the reference axis to estimate
orientation. At the start of data collection, participants were instructed to begin from a static
standing position followed by a series of three rotations about the hip, leaning forward to a
comfortable degree before returning to static standing. This motion was repeated three times, and
the calibration data from these hip-hinging movements were used to employ the Functional
Alignment Method and align the IMU axes of the sensor array. Details related to signal
processing of the calibration data are located below in Section 4.4.2.

After performing the calibration movements, participants were seated in a chair and
asked to remain upright with both feet flat on the floor. Participants were instructed to remain as
stationary as possible throughout the duration of approximately 10-minute data collection trials.
During data collection, participants were given an additional handheld IMU to indicate perceived
fetal movement. The handheld IMU featured a trigger button that participants were instructed to
press at the onset and continuously throughout perceived fetal movement. The annotations from
the maternal perception trigger button were time-synchronized with the IMU array.

To capture fetal movement via ultrasound observation, an ultrasound scan was
administered by a board-certified OB/GYN throughout the duration of each trial. Before the start
of data collection, a clear visual of the fetus was obtained, prioritizing the trunk and/or limbs. If
the visual was obscured during the trial, the ultrasound probe was repositioned. The space
between the top two IMUs or the bottom two IMUs was prioritized to avoid interference with the
sensor array and optimize the visual plane. Movement of the ultrasound probe was limited to the
best possible extent to avoid introducing additional environmental noise to the sensor system.
Recordings of the ultrasound scan were collected when fetal movement was observed. Data from
participants was recorded for one to three trials, depending on the time available within the

single data collection session.

4.4.2 Signal Processing & Event Annotation
After data collection, the synchronized files from the IMU array were downloaded and
reviewed for signal quality. The ultrasound recordings were post-processed and time-

synchronized with the data from the IMU array. Data from two participants were excluded due to
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signal acquisition issues upon review, one related to the sensor array and one related to the
ultrasound recordings. Data from 16 participants were used for analysis. The ultrasound
recordings were reviewed by the OB/GYN to provide refined annotations. Both maternal
perception and ultrasound observation annotations were post-processed and used for labeling the
IMU data.

Raw acceleration and angular rate data from each IMU were processed through a zero-
phase bandpass filter (4.0-24 Hz) to reduce signal drift and artifacts caused by maternal
respiration at low frequency ranges and noise from environmental and physiological sources at
high frequency ranges. The ultrasound annotations were analyzed in a prior study [31] to define
the frequency range of fetal movement between 4.0-24 Hz.

After filtering, a functional alignment method was applied to the angular rate data to
estimate each sensor’s orientation and align the array into a local reference frame [30]. Axis
alignment was not performed on the acceleration data to preserve tangential fetal movement
information on the z-axis, which is critical for capturing small, localized changes in abdominal
acceleration that may otherwise be diluted between axes through axis realignment. First, the
global gravity vector was defined by the x-axis of the chest IMU during the static standing
portion of the calibration movement to establish a reference for alignment of the vertical axis.
Each sensor’s x-axis was aligned with global gravity. Then, rotation of the chest IMU about the
frontal axis during the hip-hinging movements was used to identify the frontal and sagittal axes.
Each sensor’s y-axis was aligned with the frontal axis, and the z-axis was aligned with the
sagittal axis (Fig. 22). Axis alignment was applied independently for each trial. Rotational
motion caused by fetal movement should then be localized to a single sensor within the array,
while rotational motion caused by the maternal body system should be correlated across the
array. In effect, the comparison of rotational motion signals between nodes of the IMU array

should support differentiation between fetal and maternal movement.
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Figure 22: Application of the functional alignment method to angular rate data

After filtering and alignment, all data from each trial was segmented into 0.5s non-
overlapping windows. The short duration of this window size is matched to the minimum
resolution of the ultrasound annotations and allows the capture of transient signal variations
caused by fetal movement while avoiding an averaging out of the signal in a longer time window
[18,25]. Within these 0.5s windows, statistical features were calculated including the mean,
standard deviation, and range of the signal in addition to the correlation between axes of each
sensor and the correlation between each sensor and the reference chest sensor [18,25]. These
features were calculated across tri-axial acceleration and angular rate signals for the four
abdominal IMUs and the chest IMU resulting in a total of 150 features per window.

Each window was given a binary label of 1 or 0 for the presence or absence of fetal
movement, respectively. Maternal perception annotations were dilated 3-seconds prior to and 1-
second after the trigger was pressed to account for reaction delay and duration of the fetal
movement event. This 4-second window was chosen based on a prior analysis of FM duration in
this dataset, where the 80th percentile of FM duration was established as 4 seconds [31]. Mothers
were instructed to continue pressing the trigger to indicate perceived fetal movement throughout
its duration, so consecutive and overlapping maternal perception annotations were counted as
one fetal movement event. The ultrasound observations were annotated with precise timestamps
for the start and end of each fetal movement event and were applied directly to the dataset. After
definition of FM events, the agreement between maternal perception- and ultrasound-defined
events was calculated at the event-level for comparison to prior studies and to provide context
for the study results. Ultrasound-defined events were considered the clinical standard for this
comparison. Maternal perception-defined events that overlapped with ultrasound-defined events

were considered true positives. All other ultrasound-defined events were considered false
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negatives. Maternal perception-defined events that did not overlap with any ultrasound-defined
events were considered false positives. Though maternal perception of fetal movement is
subjective, it is important to note that false positive events may indicate that fetal movement
occurred outside of the plane of view of the ultrasound probe. Nonetheless, we use ultrasound-

defined events as the clinical standard.

4.4.3 Splitting of Training and Testing Sets

Only one study has conducted model training and evaluation using a leave-one-subject-
out (LOSO) approach. All other studies have randomly sampled windows from the full dataset
for training and testing sets, which represents an unrealistic setting: generally, data from a given
trial (or even an event) is not available to predict other portions of that same trial for the same
participant. This approach also reduces the difficulty of the prediction task for the ML model,
since learned patterns can be extrapolated within the trial itself, rather than generalized across
trials or across subjects. Some studies applied signal processing techniques to the dataset before
splitting, resulting in data leakage. Randomly sampling windows does not account for inter-
subject or inter-trial dependencies that may exist and splitting the data this way may result in an
overly positive representation of model capability. Therefore, model training and evaluation for
this study followed three different approaches to the train/test split: (A) splitting the dataset such
that every participant has at least one trial in the training and testing sets, (B) LOSO, and ©
random sampling. It is critical to consider how the data are split during model development to
ensure real-world conditions are being met.

Approach A: In the case that the dataset is split such that every participant has at least
one trial in the training and testing sets (but the data from those trials is contained before
splitting), it represents a situation, for example, that a pregnant participant completes an initial
30—60 min monitoring session at home or in the clinic. After that, the system can monitor fetal
movement in future sessions without re-training. To employ this training and testing split, each
participant was required to have at least two data trials. Thirteen of the 16 participants met this
criterion and were included in model training and testing. Five of the 16 participants had data for
three trials. The additional trial from these five participants was held out during training in a
validation set for hyperparameter tuning. One trial from each participant was randomly selected

for training, one trial for testing, and any additional trials were included in the validation set.
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Approach B: In the case that a LOSO splitting approach is employed, it represents a
scenario, for instance, where a new participant comes to the clinic, puts on sensors, and the
system immediately estimates fetal movement without any prior calibration. There was no
minimum data requirement to employ this approach, so all 16 participants were included in
model training and testing. All trials from one participant were left out for testing and all
remaining trials were included in the training set. This process was repeated for all participants.
To avoid generalization to any specific subject during training, the best performing
hyperparameters from the previous models were used for the LOSO model architecture.

Approach C: For comparison with prior work in the literature, models were also run with
a random 8:2 train/test split across all time series. Using this approach, portions of the same trial
from the same participant may be part of both the training and testing sets. As mentioned earlier,
this scenario is unrealistic because data from a given trial is generally not available for both
training and testing.

The train/test splits employed in this study are summarized in Fig. 23.

Approach A: Unseen Trials

Approach B: LOSO

Approach C: Random Sampling 8:2

Training Data Testing Data Not Included

Figure 23: Train/test splits employed for model training and evaluation. Approach A depicts model predictions on
unseen trials, where every participant has at least one trial in the training and testing sets. Approach B depicts model
predictions on unseen subjects. Approach C depicts random sampling of windows.

4.4.4 Fetal Movement Classification and Evaluation
The 150 features calculated within each window (Section 4.4.2) were used to train

random forest (RF) models for binary classification. RF was selected over more complex deep
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learning architectures given the dataset size. The model architecture consisted of an RF classifier
with hyperparameters optimized via a random search (using RandomizedSearchCV) based on the
F1 score evaluated on the validation set. Because the task was binary classification, entropy was
used as the criterion for measuring the quality of the split. Additionally, the class weights were
balanced inversely proportional to the class frequencies in the input data to account for
imbalances between the minority and majority classes within the training set. The final output
was the probability score determined by aggregating the predictions of all trees using majority
voting. Two models were independently trained: one with maternal perception labels and one
with ultrasound labels. Predictions were made on held-out test data.

Because fetal movement events vary in duration and are the clinically relevant unit of
analysis, performance was calculated at the event-level, rather than on a window-by-window
basis. Using ultrasound-defined fetal movement events as the clinical standard, the maximum
probability score predicted by the model within each event was used to evaluate the performance
of the model. The maximum probability of the rest periods, defined between any two ultrasound-
defined fetal movement events, was also defined to calculate performance of the models (Fig.
24). These probability scores were used to plot receiver operating characteristic (ROC) curves,
and the area under the ROC curves (AUROC) was calculated. Model evaluation was performed
based on mean AUROC scores on held-out test data. Bootstrapped 95% confidence intervals (CI)
were also reported. Performance between models trained with maternal perception labels and
ultrasound labels was evaluated by estimating the probability of the null hypothesis (e.g., equal
AUROC performance between models) using non-symmetric bootstrap p-values [32].

== o) Q=1

Ground Truth
Model Probability Score
Max Score in Event @)
Model Prediction =-======-

Figure 24: Strategy used to extract probability scores from model predictions at the event-level

81



The probability scores within each event were then used to classify predictions, based on
a chosen threshold, into {0,1} to evaluate the accuracy, specificity, sensitivity, and precision of
each model. First, performance metrics were calculated when models were evaluated at a
constant specificity of 0.95 (e.g., 5% false positive rate). Then, performance metrics were
calculated when models were evaluated at a constant sensitivity of 0.50 (e.g., correctly predicting
50% of the fetal movement events in the held-out test data).

Due to the randomization of selected samples for the testing set resulting from the
random 8:2 train/test split, it is not feasible or informative to calculate event-level performance.
The performance metrics reported for the models developed with this approach were calculated

on a window-by-window basis.

4.5 Results

The results presented in this study demonstrate that maternal perception is a less reliable
label source for training machine learning classifiers to detect ultrasound-defined fetal movement
events under real-world conditions. By comparing RF classifiers trained with maternal
perception and ultrasound annotations to detect fetal movement events, evaluation against the
ultrasound clinical standard resulted in higher performance for models trained with ultrasound
labels in terms of AUROC and specificity at a constant sensitivity level. Both models achieved
similar sensitivity at a false positive rate of 5%. Additionally, the results of this study highlight
the overly optimistic performance metrics reported in prior work and the importance of

considering real-world deployment environments during model development.

4.5.1 Dataset Contextualization

Between one and three trials were collected for each participant for a total of 34 trials in
the dataset. Each trial was between 7.5 and 12 minutes in duration, resulting in a total of 354
minutes of data, or approximately 6 hours. 1077 fetal movement events were identified via
ultrasound across all participants. This high density of discrete events provided the necessary
statistical granularity to address the study aims of testing label reliability and data splitting
approaches. 489 of those events were perceived by participants, resulting in a mean sensitivity of
32% (SD: 18%) across the dataset. Participants indicated perceived fetal movement 97 times that
were not observed by ultrasound, resulting in a mean precision (positive predictive value) of

83% (SD: 19%). A participant’s ability to accurately perceive fetal movement is influenced by
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factors such as gestational age, body mass index (BMI), and placental position [1,14]. A

participant-level analysis of the ability to perceive fetal movement compared to the ultrasound

clinical standard, along with relevant participant demographics, is detailed in Table 7.

Table 7: Participant-level analysis of perceived fetal movement compared to the ultrasound clinical standard

Subject # | Trials | FMs Non-FMs Precision Recall GA | BMI Flacenta
Location

1 1 26 27 1.00 0.52 31 28.8 Anterior
2 2 38 39 0.80 0.08 26 36.3 Anterior
3 2 63 63 1.00 0.12 26 25.7 Anterior
4 Excluded due to signal acquisition issues

5 1 36 37 0.83 0.26 25 27.7 Anterior
6 2 16 17 0.27 0.18 31 25.0 Anterior
7 2 84 84 1.00 0.11 28 235 Posterior
8 1 29 30 0.48 0.22 24 27.1 Posterior
9 3 101 101 0.76 0.44 26 35.0 Anterior
10 2 82 83 0.94 0.15 28 25.0 Anterior
11 Excluded due to signal acquisition issues

12 3 73 74 0.78 0.40 32 39.8 Anterior
13 2 69 70 1.00 0.19 27 30.3 Anterior
14 2 70 71 0.97 0.35 25 27.1 Anterior
15 3 91 92 0.77 0.45 25 30.5 Posterior
16 3 106 107 0.83 0.54 30 35.9 Anterior
17 3 144 144 0.91 0.70 24 24.8 Posterior
18 2 49 50 0.90 0.34 27 25.8 Anterior
TOTAL 34 1077 | 1089 MEAN: 0.83 | MEAN: 0.32

(SD: 0.19) (SD: 0.18)

After data segmentation, 18% of the total windows in the dataset were labeled positively

for fetal movement according to the maternal perception annotations. 32% of the windows were

labeled positively according to the ultrasound annotations.

4.5.2 Reliability of Maternal Perception Annotations for Model Training

Following Approach A (Fig. 23) for the train/test split, where every participant has at

least one trial in the training and testing sets, the model trained with ultrasound labels

outperformed the model trained with maternal perception labels. Both models were evaluated
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against ultrasound annotated events. The model trained with ultrasound labels achieved an
AUROC of 0.65 (95% CI 0.61-0.69), while the model trained with maternal perception labels
achieved an AUROC of 0.61 (95% CI 0.57-0.65) (Fig. 25).

Event-level ROC Curve

1.0

—— MP (avg AUC = 0.61 [0.57,0.65]) 4
US (avg AUC = 0.65 [0.61,0.69]) A

True Positive Rate

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 25: Receiver-operating characteristic curves associated with each model following a train/test split where
every participant has at least one trial in the training and testing sets. The blue curve represents predictions resulting
from the model trained with maternal perception (MP) labels, while the orange curve represents predictions resulting

from the model trained with ultrasound (US) labels. Bootstrapped 95% confidence intervals are illustrated to show
performance separation.

At a false positive rate of 5%, the model trained with ultrasound labels achieved a
sensitivity of 25% compared to 24% for the maternal perception trained model. Finally, when
capturing 50% of the fetal movement events in the test set, the ultrasound trained model achieved
a specificity of 72% compared to 65% for the maternal perception trained model. Ultimately,
models trained with ultrasound labels are better able to distinguish and correctly identify fetal
movement events compared to models trained with maternal perception labels. However, both
models have low sensitivity to fetal movement events. Additional performance metrics are

summarized in Table 8.

Table 8: Event-level performance, unseen trials

Training Labels | Testing Labels | Threshold | ACC | SPEC | SEN | PPV | F1 AUROC
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UsS UsS 0.76 0.60 [095 |0.25 |[0.83 | 0.39]0.65(0.61-0.69)

MP US 0.61 0.59 (095 [0.24 [0.82 | 0.37|0.61(0.57-0.65)
us US 0.635 0.61 |0.72 0.50 | 0.64 [ 0.56 | 0.65(0.61-0.69)
MP Us 0.45 0.58 [ 0.65 0.50 | 0.59 [ 0.54 | 0.61 (0.57-0.65)

Following Approach B (Fig. 23) for the train/test split, where one participant was held-
out in the testing set, the model trained with ultrasound labels outperformed the model trained
with maternal perception labels, achieving mean AUROC scores of 0.61 (SD =0.14) and 0.57
(SD = 0.14), respectively. These results were not significant, however, as there was wide
variation in performance between subjects.

At a false positive rate of 5%, the model trained with ultrasound labels achieved a mean
sensitivity of 21% (SD = 12%) compared to 17% (SD = 12%) for the maternal perception trained
model. Finally, when capturing 50% of the fetal movement events in the test set, the ultrasound
trained model achieved a mean specificity of 68% (SD = 17%) compared to 59% (SD = 16%) for
the maternal perception trained model. Following both real-world approaches to the train/test
split, models trained with ultrasound labels outperform those trained with maternal perception
labels. Participant-level performance metrics are summarized in Table 9 and ranked by the

number of fetal movement events present for each participant.
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Table 9: Event-level performance, unseen subjects/LOSO

ot | Swiect | aumoc | sty an s e | SPsis shon st
Training Label Source MP UsS MP UsS MP Us
16 6 0.15 0.18 - - - -
26 1 0.44 0.54 - 0.12 0.44 0.41
29 8 0.49 0.51 0.03 0 0.43 0.47
36 5 0.62 0.70 0.22 0.31 0.51 0.86
38 2 0.56 0.59 0.08 0.05 0.46 0.64
49 18 0.58 0.61 0.31 0.37 0.58 0.78
63 3 0.66 0.62 0.27 0.25 0.71 0.73
69 13 0.64 0.67 0.09 0.20 0.61 0.70
70 14 0.55 0.59 0.16 0.27 0.54 0.56
73 12 0.50 0.52 0.10 0.12 0.53 0.42
82 10 0.60 0.65 0.16 0.22 0.53 0.42
84 7 0.77 0.77 0.30 0.32 0.89 0.90
91 15 0.62 0.65 0.12 0.15 0.63 0.70
101 9 0.52 0.58 0.10 0.10 0.42 0.55
106 16 0.55 0.73 0.13 0.28 0.52 0.82
144 17 0.82 0.84 0.49 0.42 0.94 0.94
- 4 Excluded due to signal acquisition issues
- 11 Excluded due to signal acquisition issues
MEAN 0.57 0.61 0.17 0.21 0.59 0.68
(SD=0.14) | (SD=0.14) | (SD=0.12) [ (SD=0.12) [ (SD=0.16) (SD=0.17)

4.5.3 Random Sampling Inflates Performance

Models were developed according to Approach C (Fig. 23), where windows were
randomly sampled following an 8:2 train/test split. Because of the random split, model
performance was evaluated on a window-by-window basis, rather than at the event-level, in this

approach. Due to random sampling, it was not feasible or informative to evaluate the
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performance of the model trained with maternal perception labels against ultrasound-labeled
windows. In this case, the model trained with maternal perception labels was evaluated against
maternal perception-labeled windows as a proxy for the clinical standard. Using the same
dataset, feature set, and model architecture, model performance was significantly increased when
a random train/test split was employed. The maternal perception model achieved AUROC =

0.80, while the ultrasound model achieved AUROC = 0.75 (Fig. 26).
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Figure 26: Receiver-operating characteristic curves associated with each model follow a randomly sampled 8:2
train/test split. The blue curve represents predictions resulting from the model trained with maternal perception (MP)
labels, while the orange curve represents predictions resulting from the model trained with ultrasound (US) labels.

4.6 Discussion

In this study, the comparison of model performance across different labeling sources and
validation strategies revealed a significant gap between experimental results and clinical utility.
To understand the tradeoffs of using labels based on maternal perception vs ultrasound during
model training, the physiological factors influencing data quality must first be considered.
During the data collection process, participants indicated perceived fetal movement 97 times that
were not observed through ultrasound imaging. While ultrasound is clinically reassuring, this
imaging modality is constrained by a two-dimensional field of view within a three-dimensional
space. Consequently, fetal movement occurring outside of the plane of the ultrasound probe may

not be observed during event annotation. This discrepancy highlights that maternal perception
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likely captures internal, physical perception of fetal movement that, while difficult to verify via
2D imaging, represent real physical events that a wearable IMU system might still capture. When
comparing maternal perception to the ultrasound clinical standard, the sensitivity of maternal
perception in this study (32%) falls below the lower end of the range (33-88%) reported in
literature [ 14]. This lower sensitivity may be partially explained by the prevalence of anterior
placentas among participants (12 of 16), as having an anterior placenta is known to reduce
maternal perception of fetal movement [14]. Body mass index (BMI) may be another factor
contributing to reduced sensitivity [11]. The mean BMI in this dataset (29.3) was higher than
values reported in prior studies [19,33]. Because BMI increases with gestational age, thickness of
subcutaneous adipose tissue may be a more effective indicator of fetal movement attenuation.
These demographic factors likely influence the signal-to-noise ratio of wearable IMU sensors,
and further investigations should prioritize direct measurements of adipose tissue thickness to
better characterize the physical limitations of IMU-based systems.

Beyond the impact of physiological factors, the reliability of event labels themselves
impacts the ability of a classifier to learn representative features of fetal movement. Models
trained with ultrasound labels outperformed those trained with maternal perception labels in
terms of AUROC and specificity. Though maternal perception of fetal movement as a clinical
standard is less resource intensive and more accessible, variable reaction delays in maternal
annotations may introduce error in event labeling. Some studies have tried to account for this
reaction delay through label buffering [34]. However, when utilizing small window sizes (e.g.,
0.5 seconds), data windows immediately preceding or following an event may be mislabeled
despite these buffers. Additionally, maternal perception may not be sensitive to subtle fetal
movements visible by ultrasound imaging [14]. These subtle movements may be captured by the
wearable sensors but incorrectly labeled as no fetal movement by the mother. Training machine
learning classifiers with inconsistent labels complicates the identification of optimal decision
boundaries [35-37]. Evaluating models against maternal perception labels can also lead to an
inaccurate assessment of performance. Model outputs may correctly identify FMs that a mother
did not perceive, which would be incorrectly labeled as a false positive. In contrast, ultrasound
annotations provide precise onset and completion timestamps and capture subtle movements,
reducing labeling errors and allowing models to more effectively learn signal characteristics

associated with true fetal movement events. Ultrasound labels also provide a less ambiguous and
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more clinically meaningful estimation of model performance. Consequently, while maternal
perception may serve as a scalable source for training labels, wearable systems must be
evaluated against objective ultrasound to determine their true sensitivity and clinical utility.
While the results established the technical feasibility of IMU-based FM detection, they
highlighted the substantial hurdles remaining before these systems can transition from a proof-
of-concept to a clinically reliable tool. While models trained with ultrasound labels were slightly
better at distinguishing fetal movement events, the utility of IMU-based systems must be
evaluated within the context of clinical safety and the consequences of detection errors. Both
models, regardless of training label quality, achieved low sensitivity when controlling for false
positive rate. Under the personalized validation approach (Approach A), while models trained
with ultrasound and maternal perception labels achieved 25% and 24% sensitivity at a false
positive rate of 5%, respectively, their performance remained lower than maternal sensitivity of
39%. This difference highlights a critical safety consideration regarding the risk of false
reassurance. When model sensitivity was tuned to 50% to outperform maternal perception, the
specificity of the ultrasound-labeled model dropped to 72%. In the clinical context, this high
false-positive rate could provide a dangerous sense of security to an at-risk patient, potentially
delaying necessary intervention. The ability to detect FM between subjects achieved in this study
represents a foundational technical milestone; however, the trade-off between sensitivity and
specificity indicates that these models are not yet a viable substitute for clinical observation.
Until detection models can reliably exceed maternal perception without compromising
specificity, the ethical deployability of these models in unsupervised settings remains limited.
The challenge of achieving clinically acceptable sensitivity is further complicated by
methods used to validate these models across existing literature. The significant increase in
performance observed under a random 8:2 split (AUROC = 0.80) compared to the LOSO
approach (AUROC = 0.61) highlights a widespread methodological issue in the field. Random
window-level sampling allows for data leakage, where the model interpolates between highly
correlated adjacent windows or learns subject-specific signatures rather than generalizable fetal
movement patterns. LOSO, on the other hand, enables participant-level generalization,
deployment realism, and prevention of data leakage. Furthermore, random sampling necessitates
window-by-window evaluation, rather than event-level interpretation, which is not representative

of clinical deployment. Because fetal movement events vary in duration, window-level metrics
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may overrepresent long-duration movements and underrepresent brief kicks and startle motion.
Clinicians prioritize the detection of the fetal movement event itself. Therefore, the development
and evaluation of these models should occur at the event-level using LOSO or unseen trials to
accurately reflect real-world deployment conditions.

The disparity in performance between validation approaches suggests that subject-
specific physiological and signal characteristics heavily influence model performance. While the
LOSO approach provides the most conservative estimate of generalizability, the higher
performance observed when using unseen trials from known participants indicates that
individualized patterns are significant. This subject-level variability was evidenced by the range
of AUROC scores, with the model achieving the highest performance (0.84) on Subject 17 and
the lowest performance (below 0.50) on Subject 6. Notably, these extremes in performance
aligned with the ability of participants to perceive movement and their respective placental
locations. Subject 17 had a posterior placenta and high perception accuracy, while Subject 6 had
an anterior placenta and low perception accuracy. These results suggest that the factors
complicating maternal perception likewise complicate IMU-based detection. Consequently, a
deployed system may require a personalized calibration phase, potentially leveraging a brief,
ultrasound-labeled trial, to fine-tune the model to the participant’s specific noise profile and
physiology. However, the results across both personalized and generalized validation strategies
suggest that while wearable fetal monitoring shows promise, current performance levels remain
insufficient for unsupervised reassurance applications, underscoring the importance of
employing rigorous validation methodologies before clinical deployment.

Because model performance is highly sensitive to methodological choices like label
source and evaluation strategy, the results of this study provide a necessary framework for
benchmarking against other wearable fetal movement detection systems. Altini et al. [18] used a
LOSO split during model training and evaluated model performance at the event-level, providing
the closest comparison to benchmark the results of this study. They achieved 75% sensitivity and
65% precision across six participants. However, maternal perception was used as a clinical
standard for evaluation, which may limit the reliability of the performance metrics. Sensitivity
may be optimistically biased if the true number of fetal movement events was larger than the

number of movements perceived by participants. Because this study used ultrasound as the

90



clinical standard, the results provide a more rigorous account of the current capabilities and
limitations of wearable IMU systems.

The findings of this study offer a critical framework for the future development of
wearable fetal monitoring systems, shifting the focus from high laboratory performance to
clinical reliability, through the identification of physiological and methodological considerations.
While the cohort size was appropriate for this proof-of-concept investigation of methodological
variables, the prevalence of anterior placentas and modest participant count likely limited the
model's exposure to a broader diversity of movement signatures. Future investigations should
prioritize larger, more diverse cohorts and incorporate objective measurements of maternal
physiology, such as subcutaneous adipose tissue thickness, to better characterize the physical
limits of IMU-based sensing. Furthermore, the results suggest three essential recommendations
for the field: (1) a transition away from random window-based data splitting in favor of LOSO or
trial-based protocols to ensure generalizability, (2) ultrasound must be maintained as the
evaluation standard even when leveraging maternal perception for scalable training, and (3)
performance should be reported at the event-level to align with clinical decision-making.

While ultrasound provides the objective precision necessary for clinical validation,
maternal perception labels remain a highly valuable asset for model training due to their
scalability and reflection of real-world physical perception of fetal movement. Rather than
treating these two annotation sources as mutually exclusive standards, future research should
integrate them into a hybrid, tiered machine learning pipeline consisting of pre-training, fine-
tuning, and personalized calibration. First, large-scale, weakly-supervised pre-training could be
conducted using extensive, easily scalable maternal perception datasets to teach the model
generalized IMU signal architectures across a massive, diverse population. Then, the model
could undergo clinical fine-tuning using smaller, highly precise ultrasound-labeled datasets to
establish objective decision boundaries and precise movement onset and offset timestamps.
Finally, to address the profound subject-level variability highlighted by the extremes of Subject 6
and Subject 17, a personalized calibration phase could be deployed. This phase could utilize a
brief, ultrasound-validated session at the clinic or a structured at-home maternal annotation
period to adapt the model’s sensitivity to an individual participant's unique noise profile,

placental location, and adipose tissue thickness. By explicitly structuring the roles of both
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modalities, future systems can bridge the gap between scalable, consumer-accessible subjective

data and the objective precision required for safe, unsupervised clinical deployment.

4.7 Conclusion

In conclusion, this study investigated the reliability of maternal perception and ultrasound
labels for training machine learning classifiers under various train/test split approaches. Models
trained with ultrasound labels were better able to distinguish and correctly identify fetal
movement events, but the low sensitivity to fetal movement at a controlled 5% false positive rate
demonstrated by both models suggests that the deployability of IMU-based systems in
unsupervised settings remains limited. Additionally, careful investigation of various train/test
split approaches revealed that existing fetal movement detection systems may not generalize to
wider populations due to the significant effect of subject-specific signal characteristics. Future
work should utilize subject specific calibration trials or a LOSO approach to model training to
provide more rigorous evaluations of model performance. Ultimately, the methods presented in
this study provide a more rigorous account of the capabilities and limitations of wearable IMU-

based systems for fetal movement detection.
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Chapter 5 Contextual Factors Incorporated by Experienced Design Practitioners: A Study

Across Three Design Domains?

5.1 Abstract

Engineering design is shaped by a wide range of contextual factors, yet existing
frameworks for characterizing these influences are often developed and evaluated within a single
domain, limiting their broader applicability. This study examined the validity of an existing
contextual factor taxonomy across design domains and its ability to capture a shared structure of
contextual reasoning in engineering design. Using qualitative data collected from practitioners
across engineering design domains and income settings, an existing taxonomy of contextual
factors was applied and critically evaluated. Qualitative coding and summative content analysis
showed that many contextual factor categories are generalizable across domains, suggesting the
presence of a core, underlying structure in how designers account for context. At the same time,
domain-specific patterns were identified that motivated nuanced design behaviors within the
taxonomy. These findings contribute (1) empirical evidence supporting the cross-domain validity
and potential generalizability of contextual factor frameworks, and (2) a refined taxonomy that
integrates both generalizable core elements and domain-specific considerations. Together, this
work advances theoretical understanding of how context is incorporated into design processes
and informs the development of more adaptable design methods, tools, and educational

approaches.

5.2 Introduction

Engineering design is inherently shaped by contextual factors, including social, cultural,
institutional, and economic constraints that influence how problems are framed and solutions are
developed [1-3]. For example, a designer may consider the frequency of power outages, average
temperature, or available modes of transportation in a certain region during development [4,5].

Contextual factors must not only be considered but also be incorporated into design decision-
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making by evaluating their implications throughout a design process [6,7]. While prior research
has identified a range of these factors within specific domains, studies have yet to investigate
whether these contextual considerations reflect domain-specific behavior or point to more
generalizable structures in design reasoning. This gap limits the field from building cumulative
theory and developing design methods that are robust across application areas.

A failure to incorporate contextual information into engineering design decisions has
been linked to design shortcomings and product failures across domains including medical
devices, information technology, and consumer products [3]. For example, the da Vinci robotic
surgery system gained widespread adoption as a robotic platform intended to improve surgical
precision and clinical outcomes. However, many reported adverse events stemmed from
insufficient consideration of the operating room context rather than purely technical faults.
Communication barriers caused by face masks, reflective surfaces, and alarm noise disrupted
coordination among surgical teams, while institutional factors such as off-site instrument storage
and inconsistent surgeon training further contributed to workflow disruptions and system
malfunctions [8]. Similarly, barcoded medication administration systems were introduced to
reduce medication errors by requiring clinicians to scan patient wristbands before administering
medication. In practice, contextual constraints such as lost or damaged wristbands, unreadable
medication barcodes, and unreliable network connectivity led to workarounds that undermined
the system’s intended safety benefits and contributed to medication errors [9]. In consumer
technology, Google Glass was introduced as an early wearable device resembling a pair of
eyeglasses that could display information directly within the user’s field of vision. Although the
device represented a significant technical innovation, its designers failed to fully anticipate the
sociocultural and political implications of wearable cameras in public spaces, leading to concerns
about surveillance and privacy that generated widespread backlash [10]. Together, these
examples illustrate how overlooking institutional, infrastructural, sociocultural, and political
contexts can undermine otherwise sophisticated technologies, highlighting the importance of
incorporating contextual knowledge into engineering design processes.

Though there is evidence that incorporating contextual factors into design decisions is
necessary for successful product deployment, engineering practice tends to prioritize technical
performance over appropriateness for context. Technical rigor is necessary for a solution to

work, but it is not sufficient for a solution to be adopted or effective [11]. Even if the designer
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and user have the same objective, the factors that drive the engineer’s decision-making process
may ignore the needs and context of the user, resulting in infrastructure failure or design
rejection. In some cases, technologies that are poorly aligned with their context can disrupt
existing social structures and exacerbate divisions related to cultural identity, economic class, or
social status [11]. Engineering designers are typically trained to prioritize technical feasibility,
but contextual factors define a set of non-negotiable constraints that are often undervalued in
engineering analysis. To address this gap, approaches such as participatory design, empathic
design, and human centered design seek to uncover contextual factors and user needs [12—14].
While these approaches encourage designers to gather rich contextual information, they provide
limited guidance on which aspects of context are most relevant and how these factors are
incorporated into engineering design processes. Researchers have partially addressed this gap
through the development of frameworks to guide the collection [15] and incorporation [5] of
contextual factors, but these frameworks have only been developed for isolated contexts (i.e.,
global health). To extend prior work, this study explored and compared how experienced

designers incorporated contextual factors across design domains and income settings.

5.3 Background

Across engineering design literature, researchers have proposed a variety of ways to
characterize context, reflecting different perspectives on the factors that influence design
decisions. For example, context has been described in terms of “broad” and “close” factors in
relationship to the design problem [16]. Other work separates context into customer, market, and
usage contexts, emphasizing the different stakeholders and environments that shape product
development [17]. Similarly, a context model proposed by Hales and Gooch [18] organizes
context into five levels: the external environment, market, company, project and personal levels.
More recently, Jagtap [19] identified several contextual aspects relevant to engineering design,
including income, rural or urban setting, design sector, national context, and gender.

While these categorizations highlight important dimensions of context, it can still be
difficult to organize and interpret contextual information in the complex environments where
products will be used. Designers can easily become overwhelmed by the massive amount of
information required to understand these settings [15,20]. Taxonomic tools simplify complex
information into clear, structured categories [20—-22]. These frameworks help teams from

different backgrounds establish a shared language, ensuring that everyone has a common
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understanding of user needs and project requirements [20,23]. Beyond organizing data,
taxonomies provide continuous support throughout design processes, guiding decision-making
across all stages of development, from problem definition through implementation [5,24]. More
broadly, frameworks, tools, and methods that support design decision-making are critical for
identifying what information is missing, helping designers spot potential “blind spots” before
they lead to costly project failures [20,21]. Ultimately, using taxonomic frameworks can help
organize broad aspects of context into practical insights that can be incorporated into design
decisions to align solutions with their intended context [5,22].

To address the need for structured approaches to organizing contextual information, two
taxonomical frameworks have been developed to categorize contextual factors based on the
experiences of engineering designers working in global health contexts. Aranda-Jan et al. [15]
classified contextual factors into eight categories: infrastructure, geographical/environmental,
institutional, economic, public health, technology, industrial, and sociocultural. Building on this
work, Burleson et al. [5] developed an expanded framework consisting of 32 contextual factors
classified into nine categories: infrastructure, environmental, institutional, economic, public
health, technological, industrial, sociocultural, and political. In addition to identifying which
contextual factors were considered, the researchers synthesized how contextual information was
incorporated into engineering design decision-making, describing themes of contextual
incorporation across the nine categories. Together, these frameworks provide designers with
structured tools for identifying relevant contextual factors and understanding how such factors
may influence engineering design decisions. However, both frameworks were developed within
a specific design domain, global health technologies in low- and middle-income countries, which
may limit their applicability to other engineering design contexts.

While these frameworks were developed in the context of global health technologies,
engineering design practices vary across product domains that operate within different
regulatory, technological, and market environments. Medical devices are typically physical
artifacts designed to address unmet clinical needs, improve safety, and manage risk within
healthcare systems [25,26]. Because safety is the primary concern in medical device design,
these products are subject to strict regulatory standards and extensive documentation
requirements [26,27]. Medical devices are often tested through simulation-based studies prior to

clinical deployment, though these simulations may fail to capture the cognitive load,
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environmental distractions, and time pressures present in real clinical workflows, making real-
world validation essential [27]. Nearly 80% of all medical devices are designed in North
America, Europe, Japan, or China, and most are designed for these contexts [28]. In effect, a vast
majority of medical equipment in low-resource settings is donated. Because this equipment was
not designed for the context, 70-90% of donated equipment is not operational [28,29]. Designing
and implementing medical devices in low-resources settings involves navigating systemic
barriers that span manufacturing and regulatory requirements, procurement and market
competition, environmental and power instability, and long-term maintenance and workforce
capacity [4].

Information and communication technologies (ICTs) encompass both hardware and
software systems used to store and transmit data and automate complex processes [30]. These
technologies support activities such as business decision-making, process automation, and
efficiency improvements, while also expanding access to services such as government resources,
education, and healthcare through mobile broadband and internet connectivity [30,31]. Security
and data privacy remain central concerns in ICT design [32,33]. In low-resource contexts, ICTs
have expanded opportunities for virtual education, improved agricultural supply chain
management, and supported patient care and medication management in healthcare settings [34—
36]. However, technological advancement alone cannot produce social progress; the
effectiveness of ICT solutions depends on alignment with the social and institutional context in
which they are deployed [37].

Consumer products encompass physical or abstract artifacts designed for everyday use
[38]. Compared with other product domains, consumer product design places greater emphasis
on aesthetics, functionality, and cultural symbolism, while market competition often makes
product uniqueness and perceived value central determinants of success [39—41]. Consumer
product development is typically driven by market demand and user experience, with
profitability serving as a primary objective [38,41]. More recently, consumer product design has
increasingly emphasized resource efficiency and circular economy principles in response to
sustainability concerns [42]. In low-resource settings, irregular income, limited access to
infrastructure and basic services, and short-term consumption behaviors influence product
adoption and use [43,44]. As a result, frugal innovation approaches have emerged to design

products that address the needs of users in resource-constrained environments [45].
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While engineering designers often possess the skills needed to recognize and incorporate
contextual factors into their design processes, these considerations are frequently examined
within specific domains. As a result, it remains unclear whether the contextual factors identified
in these frameworks are unique to that domain or whether they reflect broader patterns of
reasoning used by designers across engineering practice. Prior work suggests that engineering
designers rely on cognitive strategies that include both domain-specific and domain-general
knowledge [46], raising the possibility that the contextual categories identified in global health
design may apply to complex engineering problems more broadly. This study addresses the
possibility of generalization by examining the applicability of an existing taxonomy of
contextual factors across multiple design domains. Rather than focusing solely on whether the
taxonomy can be applied in new settings, the extent to which it can capture a shared structure of
contextual reasoning across diverse design contexts was investigated. Our findings demonstrated
that the taxonomy not only generalizes across domains but also benefits from defined
considerations that account for domain-specific nuances. The contributions of this work are two-
fold: (1) empirical evidence supporting the cross-domain validity and generalizability of
contextual factor frameworks in engineering design and (2) an expanded taxonomy that advances
theoretical understanding of how context shapes design processes. These contributions

encourage more unified design theories and more adaptable design support tools.

5.4 Methods

The goal of this study was to investigate the transferability and applicability of existing
contextual factor categories to other design domains and income settings and to compare the
incorporation of contextual factors across the design domains of medical devices, information
technology, and consumer products. This study was guided by the following research questions:
(1) What contextual factors do engineering designers incorporate into their design processes? and
(2) How are the contextual factors incorporated similar or different across design domains and
income settings?

To address our research questions, an exploratory study of experienced designers’
practices was conducted through retrospective semi-structured interviews with participants
across various domains and contexts. Using a summative content analysis approach, we

examined how participants engaged with and applied specific contextual factors within their
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previous design processes. This study was deemed exempt by the University of Michigan

Institutional Review Board (HUMO00199822).

5.4.1 Participants

Study participants (Table 10) included 58 engineering designers from three design
domains: medical devices (MED), information technologies (IT), and consumer products (CP).
Approximately half of the designers from each domain implemented their work in low- and
middle-income country (LMIC) contexts and half in high-income country (HIC) contexts,
classified by the World Bank [47]. Eligible participants were required to (1) have a minimum of
three years of professional design experience and (2) have participated actively in the design of
at least one product within the last five years from one of three industry sectors: medical devices,

information technology, or consumer products.

Table 10: Participant Information

Identifier | Gender | Region based in Race Regions worked in/products | Years of design
implemented in experience
MED-L- Male North America White Sub-Saharan Africa, Southern 20
01 and Southeast Asia
MED-L- | Female | North America White All regions 12
02
MED-L- | Female | North America South Asian South Asia 10
03
MED-L- | Female Europe N.p. Sub-Saharan Africa, South Asia 5
04
MED-L- Male North America White All regions 27
05
MED-L- Male South Asia South Asian South Asia 5
06
MED-L- | Female | North America White Sub-Saharan Africa, South 9
07 America, Southern and
Southeast Asia
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MED-L- Male Sub-Saharan African Sub-Saharan Africa 3
08 Africa

MED-L- Male Sub-Saharan African Sub-Saharan Africa 5
09 Africa

MED-L- Male Europe White Sub-Saharan Africa, South Asia 28
10

MED-L- Male Sub-Saharan South Asian Sub-Saharan Africa 5
11 Africa

MED-H- | Female | North America South Asian North America, Europe, 4
01 Southern and Southeast Asia

MED-H- Male North America Asian North America 4
02

MED-H- | Female | North America White North America 5
03

MED-H- | Female | North America | Hispanic/Latina All regions 4
04

MED-H- | Female | North America White North America 4
05

MED-H- Male North America White All regions 15
06

MED-H- Male North America White North America, Europe, 13
07 Southeast Asia

MED-H- Male North America White All regions 38
08

MED-H- Male North America Asian North America, Europe 3
09

MED-H- Male North America White All regions 35
10
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IT-L-01 Male North America White South Asia 11
IT-L-02 Male North America South Asian Sub-Saharan Africa, Southern 10
and Southeast Asia, South
America
IT-L-03 Female | North America South Asian Sub-Saharan Africa 3
IT-L-04 Male Sub-Saharan African Sub-Saharan Africa 8
Africa
IT-L-05 Male Sub-Saharan African Sub-Saharan Africa, South Asia 4
Africa
IT-L-06 Female West Asia / White North America, Sub-Saharan 23
Middle East Africa, West Asia / Middle East
IT-L-07 Male North America Pakistani / North America 8
Asian
IT-L-08 Female South Asia Asian Sub-Saharan Africa, Asia 7
IT-L-09 Male South Asia Asian South Asia 7
IT-L-10 Male South Asia Asian South Asia 7
IT-H-01 Female | North America White North America, Europe, Central 10
America, Oceania
IT-H-02 | Female Europe White Europe 20
IT-H-03 | Female | North America White All regions 7
IT-H-04 | Female | North America Asian North America, Europe 5
IT-H-05 | Female | North America Mixed North America 12
IT-H-06 | Female | North America White North America 4
IT-H-07 | Female | North America White North America, Central 4
America, Europe, Asia
IT-H-08 N.p. North America N.p. North America 15
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IT-H-09 Male North America White All regions 23
IT-H-10 Male North America Asian North America, South Asia 4
CP-L-01 Male Oceania White Europe, Southeast Asian, 9
Oceania
CP-L-02 Male Sub-Saharan African North America, Sub-Saharan 3
Africa Africa
CP-L-03 Male North America, | Hispanic/Latino South America 10
South America
CP-L-04 Male Sub-Saharan African Sub-Saharan Africa 5
Africa
CP-L-05 Male Europe N.p. Sub-Saharan Africa, Southeast 6
Asia
CP-L-06 Male South Asia Asian All regions 4
CP-L-07 Male Sub-Saharan African Sub-Saharan Africa 7
Africa
CP-L-08 Male North America White North America, Sub-Saharan 18
Africa, Southern and Southeast
Asia
CP-H-01 Male Europe N.p. Europe, Oceania 30
CP-H-02 | Female | North America White North America, South America, 3
Europe
CP-H-03 | Female | North America White North America, Europe, East 7
Asia
CP-H-04 | Female | North America African All regions 7
CP-H-05 Male North America White All regions 40
CP-H-06 Male North America White North America 6
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CP-H-07 | Female | North America N.p. North America, Southern and 15
Southeast Asia
CP-H-08 | Female | North America Asian North America, Europe, East 16
Asia
CP-H-09 Male North America White North America 6

*Note: Some participants chose not to provide data related to gender and/or race (noted by “N.p.”)
bMED, medical devices; IT, information technologies; CP, consumer products; H, high-income countries; L, low-
income countries; M, male; F, female; USA, United States of America; SSA, Sub-Saharan Africa; SEA, Southeast
Asia

The research team used a purposeful and convenience sampling strategy [48,49] for
participant recruitment. Participants who voluntarily expressed interest were screened for
eligibility through an online recruitment questionnaire. For each admitted participant, a 90-
minute video interview was scheduled, a survey to collect relevant demographic information was

distributed, and participant consent was collected via email.

5.4.2 Data Collection

A semi-structured interview approach was used to collect data about what contextual
information participants paid attention to and how they incorporated this contextual information
into their engineering design processes. The interviews were conducted in six main stages: (1)
introduction, overview of study goals, and warmup, (2) design experience overview, (3)
understanding project context and stakeholders, (4) understanding the design context, (5) deep
dive into incorporating contextual factors, and (6) wrap-up. First, participants were introduced to
the concept of context and asked to focus on only one project they had recently worked on so
that they could easily recall details more thoroughly. The interview protocol prompted
participants to share further details about the project’s users, stakeholders, and context. Then, the
“deep dive” was conducted to understand which contextual factors were considered and
incorporated into the participants’ design processes. During the “deep dive”, a series of slides
were screen-shared one at a time. Each slide contained one to two contextual factor “cards” that
provided a definition of each of the nine contextual factor categories and examples of contextual
factors within that category. Finally, participants were asked to reflect on their experiences

incorporating contextual factors into their design process and share any final thoughts.
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Our research team used the same interview protocol used in a prior study that
investigated the incorporation of contextual factors by global health designers [5]. From this
previous version, the slide deck shared during the “deep dive” was updated to include all 32
contextual factors organized into 9 contextual factor “cards” (Appendix A). Minimal changes
were made to the original protocol to adapt terms so they translated across domains (e.g., regions
or institutions used to explain concepts, examples provided to explain each contextual factor
classification, etc.). Example questions from the interview protocol are detailed in Appendix B.
Two study team members conducted interviews independently. Interviews were conducted via
videoconferencing software (n=58), audio recorded, and transcribed by a third-party transcription

service.

5.4.3 Data Analysis

To explore the incorporation of specific contextual factors across design practice, we
followed a summative content analysis approach, to quantify and analyze the frequency of
themes across a sample [50]. All transcripts were read in depth to identify and annotate instances
in which a participant provided evidence of a contextual factor incorporated into their design
process. An initial analysis was conducted with a subset of 15 participants (MED LMIC: n=11,
IT LMIC: n=4) to characterize the incorporation of context factors by global health designers [5].
These interviews had previously been coded by two independent coders using the contextual
factor taxonomy until an intercoder reliability (ICR) defined as the number of agreements
divided by the sum of agreements and disagreements [51] of 0.88 was achieved.

The taxonomy was then applied to 43 additional interviews to deductively assess the
transferability of global health contextual factors to broader domains (e.g., medical device,
information technology, and consumer product), an approach consistent with the extension of
existing frameworks [52]. Inductive analysis was also conducted to identify emergent themes not
previously captured in the codebook [53]. Using both deductive and inductive analysis ensured
systematic testing of the existing taxonomy and the discovery of domain-specific nuances within
the raw data.

Two research team members independently coded transcripts and calculated ICR until the
average ICR for approximately one-quarter of our full dataset (13 transcripts) reached 0.76 at the
secondary contextual factor level and 0.81 at the primary classification level. The remaining

transcripts (n=30) were coded independently by the two coders.
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The primary disagreements were: (1) determining the bounds of the “institution” and (2)
differentiating between contextual factors that are dependent on one another, such as
technologies that are required to be compatible with technologies available in the context.
Therefore, three sets of two closely related contextual factors were combined. These included
“distance” combined with “transportation and road quality”, “availability of technologies”
combined with “compatibility with the technical context”, and “existing practices and
procedures” combined with “healthcare system and practices”. The final codebook contained 29
contextual factors organized into 9 primary classifications (Table 11). Because no new

contextual factors were introduced, the original interviews from Burleson et al. [S] were not re-

coded but the contextual factors above were merged for analysis.

Table 11: Final codebook containing 29 contextual factors organized into 9 primary classifications

Classifications Contextual Factor (secondary codebook)
(primary codebook)
Economic (1) Individual and household characteristics (1a), Regional and national characteristics (1b),

Labor market characteristics (1c)

Environmental (2) Weather (2a), Natural environment (2b)

Industrial (3) Supply & manufacturing (3a), Distribution (3b), Maintenance (3c¢)

Infrastructure (4) Utilities (4a), Transportation & road quality (4b), Attributes of the built environment (4¢)
Institutional (5) Financial capacity (5a), Resources (5b), Indoor environment (5¢), Existing practices and

procedures (5d), Capacity and capability of staff (5¢)

Political (6) Regulations and regulatory processes (6a), Stakeholder power dynamics (6b), Global
priorities (6¢), Political systems & culture (6d)

Public Health (7) Health demographics (7a)

Socio-cultural (8) Cultural tradition and practices (8a), Stigmas and taboos (8b), Symbols (8c), Aesthetics

(8d), Education and literacy rates (8¢), Language (8f)

Technological (9) Compatibility with the technical context (9a), Availability of consumables (9b)
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First, to understand the transferability of the existing codebook and incorporation
strategies, the key patterns identified in Burleson et al. [5] were compiled. Then, the excerpts
from the five remaining domains (e.g., MED-H, IT-L, IT-H, CP-L, and CP-H) were reviewed
and synthesized according to these key patterns. Simultaneously, the excerpts were reviewed to
investigate new ways in which contextual factors are incorporated across product domains and
patterns were identified. This iterative thematic analysis was conducted to understand the

similarities and differences across product domains and income settings.

5.5 Findings

The findings are structured in four main parts. The first part consists of an overview of
the participant-level classification of the contextual factors incorporated during design across
product domains and income settings using the taxonomy developed by Burleson et al. [5]. Part
two describes a detailed comparison of selected themes of incorporation of contextual factors
that were observed in each product domain. Part three describes a detailed comparison of
selected themes of incorporation that were specific to each income setting. Finally, part four
describes instances where participants incorporated multiple contextual factors into a single

design decision.

5.5.1 Participant-level classification of contextual factors incorporated during design

In this study, an existing taxonomical framework of contextual factors [5] was applied to
evaluate its applicability and transferability across contexts. A breakdown of the observed
contextual factors by domain and income setting is detailed in Table 3. Most contextual factors
(27 of 29) were identified by at least one additional participant, while nearly one quarter of the
contextual factors (7 of 29) were identified by at least one additional participant across all
product domains and income settings. The two contextual factors mentioned only by global
health designers in the previous study (Burleson et al. 2024) were Availability of consumables
and Global priorities.

Across product domains, most participants incorporated sociocultural (44 of 58), political
(43 of 58), and institutional (42 of 58) factors. All nine categories of context were mentioned by
at least one participant, suggesting that all aspects of context are important and potentially
impactful to design regardless of the domain. Medical device designers incorporated the most

contextual factors across domains (139 factors across 21 participants). All 29 contextual factors
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were incorporated by at least one participant. Information technology designers incorporated the
fewest contextual factors (67 factors across 20 participants). Consumer product designers
incorporated 74 factors across 17 participants. Participants from all three product domains
described the incorporation of 21 of the 29 contextual factors. Six of the 29 contextual factors
were used by participants from two of the three domains. Consumer product and medical device
participants used three of the seven contextual factors (Natural environment, Distribution, and
Maintenance), while information technology and medical device participants used three of the
seven contextual factors (Regional and national characteristics, Capacity and capability of
institutional staff, and Education and literacy rates). The frequencies by contextual factor and

participant domain are summarized in Table 12.

Table 12: Contextual factor usage counts by domain and context (unit of analysis: participants)

Contextual Factor MED-L MED-H IT-L IT-H CP-L CP-H
(n=11) (n=10) (n=10) (n=10) (n=8) (n=9)

Economic (22) 9 4 4 2 3 0

Individual and Household 5 0 2 0 3 0

Characteristics (10)

Regional and national 4 2 1 0 0 0

characteristics (7)

Labor market characteristics (10) 3 2 1 2 2 0
Environmental (26) 11 4 1 0 6 4
Weather (22) 11 3 1 0 5 2
Natural environment (11) 4 4 0 0 1 2
Industrial (24) 11 3 1 1 5 3
Supply & manufacturing (18) 10 3 1 1 2 1
Distribution (10) 5 1 0 0 2 2
Maintenance (13) 8 1 0 0 3 1
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Infrastructure (33)

11

Utilities (20)

Transportation & Road quality (16)

Attributes of the built environment

(11)

Institutional (42)

10

10

Institutional financial capacity (10)

Institutional resources (11)

Indoor environment (11)

Existing practices and procedures

(33)

Capacity and capability of

institutional staff (12)

Political (43)

11

Regulations and regulatory
processes (34)

Stakeholder power dynamics (24)

Global priorities (5)

Political systems and culture (10)

Public Health (15)

Health demographics (15)

Sociocultural (44)

Cultural tradition and practices (24)

Stigmas and taboos (20)
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Symbols (13) 7 0 4 0 2 0
Aesthetics (14) 4 1 1 1 4 3
Education and literacy rates (9) 6 0 2 1 0 0
Language (21) 8 4 5 2 2 0
Technological (31) 10 4 8 4 3 2
Compeatibility with the technical 9 4 8 4 3 2
context (30)

Availability of consumables (8) 8 0 0 0 0 0

The incorporation of contextual factors was also compared across low- and middle-
income country (LMIC) and high-income country (HIC) contexts. Designers in LMICs
incorporated a broader range of contextual factors (169 factors across 29 participants). These
participants prioritized factors in the sociocultural (25 of 29), infrastructural (23 of 29), political
(22 0f 29), institutional (21 of 29), and technological (21 of 29) classifications. Designers in
HICs incorporated 111 factors across 29 participants. They prioritized a narrower range of
contextual factors across institutional (21 of 29), political (21 of 29), and sociocultural (19 of 29)
classifications. Participants in HICs described using 25 of the 29 contextual factors, while 4 of
the 29 contextual factors were exclusively used by participants in LMICs (Individual and
household characteristics, Global priorities, Symbols, and Availability of consumables). The
frequencies by contextual factor and income setting are summarized in Table 12.

The expanded dataset largely agreed with the themes identified by Burleson et al. [5],
demonstrating significant overlap in how designers incorporate contextual factors across various
domains and contexts. Most previously identified themes were observed by at least one
additional participant from the expanded dataset, with a few exceptions that were highly
specialized in the global health (MED LMIC) context (e.g., Global priorities and Availability of
consumables). Beyond confirmation of the original framework, this analysis yielded a collection
of new themes. While many of these new themes were distinct considerations for design
decision-making, others provided a more nuanced understanding of existing themes, illustrating

how similar contextual factors can drive different design outcomes depending on the specific
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engineering domain. The most observed themes across the dataset and detailed considerations

are summarized in Appendix C.

5.5.2 Detailed Comparison of contextual factor incorporation across design domains
Across all product domains, most designers incorporated contextual factors from

sociocultural, political, and institutional classifications. However, differences in the contextual

factors incorporated between product domains suggest a deeper investigation of context is

required. This section describes selected themes of incorporation within each product domain.

5.5.2.1 Medical Device Designers

Medical device designers incorporated the most extensive set of contextual factors across
product domains. They described the incorporation of all 29 contextual factors identified in the
taxonomy, and the greatest number of contextual factors per participant (169 factors across 21
participants). Aligned with the general trend across the full dataset, most medical device
designers incorporated institutional (20 of 21), political (19 of 21), and sociocultural (18 of 21)
factors. These participants described integration with existing clinical workflows, mitigation of
safety risk through regulatory compliance, and satisfaction of cultural norms.

Many medical device designers incorporated existing practices and procedures by
designing their products to function within an institution’s available storage and cleaning
procedures (MED-L-4,7,8,10; MED-H-5:8,10). Commonly used chemicals, protocols, and
frequency of cleaning helped participant MED-H-5 define durability specifications:

“And then I guess the other thing with cleaning really comes down to chemicals that they're going to use.
[...] it can be really hard to find a material that works for all the hospitals because some are going to use
bleach and some are going to use alcohol and some are going to use hydrogen peroxide and different things
like that. And they all have different procedures and they're not really willing to change those procedures.

So you have to be able to work within whatever they have.” — MED-H-5

Medical device designers also described the incorporation of strict regulatory
requirements (MED-L-1:3,4,6,10:11, MED-H-1:4,6,9,10). Participants explained that the United
States Food and Drug Administration (USFDA) and the European Union Medical Device
Regulation (EUMDR) are the two main bodies that set regulatory standards, though each country
has its own process. Most participants who met global regulations were motivated to meet
stricter standards than what was required in the use country to ensure transferability to other

contexts. Participant MED-H-9 described the navigation of medical device regulation:
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“So if we're going to sell it to the US, that's a set of requirements that we have to meet based off FDA and
what they expect to see. [...] if we were to bring it to Europe or China, we'd have to do another review of,
okay, who's the regulatory body there and what do they need for them to accept the device and sell it in
their country? So for Europe, we have to meet MDR requirements [...] So they require a clinical or
evaluation report to sell a product over there. And they have different classifications of devices. [...] So

they have different levels of scrutiny, and those levels drive different requirements.” — MED-H-9

Because health conditions are often stigmatized in society, it was especially important to
medical device designers to understand and incorporate local stigmas and taboos by designing
for dignity (MED-L-1,3,4,11; MED-H-2,6,8). Participant MED-L-1 described how redesigning
an artificial knee to look more natural reduced social stigma in public:

“Well, first of all, a person who has an amputated leg wears pants all the time, because they don't want
people to see their artificial leg [...] And when they sit down the corners of the knee made points on the
pants. [...] So we redesigned the knee to be rounded, so when you sit down, it looks like your other knee.
That was an interesting stigma that we heard from people. [...] That social stigma is huge. Being able to
kind of pass as not having a deformity, made people so excited about having our new design because they

knew that they could walk around in public.” — MED-L-1

5.5.2.2 Consumer Product Designers

Consumer product designers also incorporated a broad set of contextual factors (24 of the
29 factors from the taxonomy) and identified 74 distinct factors across 17 participants. Compared
to the other product domains, consumer product designers did not describe incorporating
Regional and national characteristics, Capacity and capability of institutional staff, Global
priorities, Education and literacy rates, and Availability of consumables. Most incorporated
sociocultural (13 of 17) and political (13 of 17) factors. They described generating value for the
user by meeting community needs and aligning with powerful stakeholders in the context.
Uniquely, consumer product designers also prioritized infrastructural factors (11 of 17), often in
the context of the home environment.

Consumer product designers incorporated sociocultural factors in many ways, but
uniquely, they prioritized aesthetics in the end-use context. Many participants incorporated local
aesthetics by making detailed design changes to convey status and prestige (CP-L-1,5; CP-H-
3,7). Participant CP-H-7 described how wealthy, city architecture motivated rural communities

to engage in improved sanitation practices:

“People viewed their toilet as a piece of infrastructure that is available in the cities. And so it was a prestige

issue. [...] People said that a thatched structure makes me look poor. People in the cities have concrete. [...]
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We would rather have no toilet and just poop in the open than have a toilet that makes us look poor. [...] If I
buy this, I'm showing off to my neighbors that I'm just like the [city] people. [...] And so our motivation is
addressing this health issue, but none of the motivators for why people were buying the toilet had anything

to do with health.” — CP-H-7

Unlike the large regulatory bodies dealt with by medical device designers, consumer
product designers incorporated political factors by working with local political officials and
navigating stakeholder dynamics. Many designers aligned their solutions with powerful
stakeholders’ interests by identifying budgets and goals to incorporate into their designs (CP-L-
1,2,3,6,8; CP-H-5,6). Participant CP-H-8 described choosing a more expensive and complex
technology because it was trusted by the local community:

“Let's do the cheap one and train people how to do it. That's what we went in there for. That was our plan.

And of course, that's not what ended up happening. The ultimate plant that we decided to build was actually

something that was designed by the [national] government. [...] And so from a technological standpoint, the

engineering design decision really was almost out of our hands. It was really like what's trusted in the local

community.” — CP-H-8

Uniquely, consumer product designers considered and incorporated infrastructural
factors. They often incorporated attributes of the built environment by making detailed design
decisions based on common features in the home like construction materials, home size, and
compatibility with electrical and HVAC systems. (CP-L-2,4,5; CP-H-2,8,9). For example,
participant CP-L-5 described the incorporation of construction materials:

“Normally what you would do is put a screw in the wall and then you would fix this. Well that's assuming
that the wall is going to be flat and the wall is concrete. Yes. Nothing of that happens out there. The wall is
not flat and the wall is made of adobe and as soon as you put the screw, you may bring the whole wall

down. You need to be very careful.” — CP-L-5

Similarly, participant CP-H-2 described how the size of home in different contexts may change

the way a consumer product is designed:

“So a lot of our US appliances are just twice as big sometimes as appliances in other regions, and that's due
to the constraints of home sizes mostly. [...] Refrigerators and ovens specifically end up being a lot more

compact to be able to fit into more of an apartment lifestyle as opposed to a single family home.” — CP-H-2

5.5.2.3 Information Technology Designers
Information technology designers incorporated a broad set of contextual factors (24 of the
29 factors from the taxonomy) but identified the fewest contextual factors at the participant level

(67 factors across 20 participants). Contextual factors not incorporated by information
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technology designers included Natural environment, Distribution, Maintenance, Global
priorities, and Availability of consumables. Most designers in this domain incorporated
sociocultural (13 of 20) and institutional (12 of 20) factors. They prioritized user experiences by
meeting cultural norms and optimized or automated existing workflows. Uniquely, information
technology designers incorporated technological factors (12 of 20), likely because many
information technologies are digital tools or applications.

When incorporating sociocultural factors, many information technology designers
incorporated local education and literacy rates by using context-specific graphics on products
and manuals (IT-L-1,3,7,10; IT-H-1). For example, participant IT-L-1 described using icons for

users who were not literate:

“Often we can't assume literacy on the part of users in different parts of [country]. And so, relying instead
on numeracy and on heavy use of graphics, for example, that we would have graphical icons that are

printed on the envelopes and so on.” — IT-L-1

Information technology designers considered institutional factors when identifying user
needs. They often incorporated institutional practices and procedures by identifying systemic
gaps in existing systems to inform needs finding during early stages of design (IT-L-2; IT-H-
4,5,6,8,10). Specifically, participant IT-H-8 described pain points in hospital administration
processes:

“So hospitals always have a backlog of stuff to bill for. They always have a pile of patient encounters that

people need to review and go through daily and that's the only way they get paid.” — IT-H-8

Uniquely, information technology designers considered and incorporated technological
factors. Information technologies are commonly digital tools, so designers often considered
available smartphones and internet connectivity to ensure solutions were compatible in the end-
use context. Participant IT-L-1 described technology access within a specific rural context that

was unexpected:

“That was an assumption we made basically that most patients could access, like a basic mobile phone on a
daily basis, along with connectivity. That turned out not to be true in many locations. [...] Even though
there are so many hundreds of millions of mobile accounts, they're not evenly distributed. And so, if you
look at older adults, especially women, especially in rural areas, the chances of having daily access to a
mobile phone really decrease. [...] I think that's really influenced the environments that we can deploy.” —

IT-L-1

5.5.3 Detailed Comparison of contextual factor incorporation across income settings
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Across income settings, designers in LMICs incorporated more contextual factors (169
factors across 29 participants) across a broader range of classifications. Designers in LMICs
incorporated all 29 contextual factors identified in the taxonomy. They prioritized factors from
sociocultural, infrastructural, political, technological, and institutional classifications. Designers
in HICs incorporated fewer contextual factors (111 across 29 participants) and only described 21
of the 29 factors from the taxonomy. These designers did not describe incorporating Individual
and household characteristics, Global priorities, Symbols, and Availability of consumables. They
prioritized a narrower range of classifications including institutional, political, and sociocultural
factors. Designers from both income settings mentioned factors from all other classifications, but
to a lesser extent, suggesting that a broad understanding of context is important. This section

describes selected themes of incorporation within each income setting.

5.5.3.1 Low- and Middle-Income Country Settings

In LMIC settings, designers uniquely incorporated individual and household
characteristics when setting cost requirements (MED-L-3,6,9,11; IT-L-1,3,4; CP-L-1,2),
frequently citing low affordability among users. Unique strategies to drive down costs in LMIC
settings included government sponsorship or subsidy (MED-L-8, IT-L-2) or financing plans (CP-
L-1, CP-L-2). However, participants further explained that pricing products too low could
generate suspicion of quality (MED-L-3, MED-L-7, CP-L-8). For example, participant MED-L-7
explained how their team navigated pricing:

“If you ask a doctor how much a device should cost, they won't necessarily know. [...] Everybody wants
everything as cheaply as possible, but sometimes we'll price our technologies so low that they actually
think it's not valuable or clinically accurate. [...] We found in talking with hospital administrators, if you're
like, this thing is $20. This thing is $50. This thing is $100. They'll actually be like, "Well, I want the $50
one because I don't want the $20 one. That's garbage.” — MED-L-7

Designers in LMIC settings also uniquely incorporated local symbolism by selecting
colors and shapes with shared meaning in their specific context (MED-L-2,4,5,7:11; IT-L-1,3,4;
CP-L-4). Participant IT-L-6 described how a basic circle had different meanings in different

contexts:

“As she was showing them this very minimalist circle that anyone who is familiar with the BBC weather
iconography would be like, oh, there's the sun. These Burmese farmers who were very focused on the

moon, because that was very important to them in their iconography as Buddhist, they saw a circle and they
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said, oh, this must be the moon. And so she ended up designing a visual iconography that was a little bit

more photorealistic, even though that wasn't the style at the time.” — IT-L-6

The most common theme mentioned by designers in LMIC settings was the incorporation
of local weather into their design processes, primarily by selecting materials that withstood local
temperature, humidity, and rainfall (MED-L-1:11; IT-L-1,4; CP-L-1:4,6). Many designers
described how exposure to harsh environments can be more common in occupational and daily
life (MED-L-1,3,7:9; IT-L-1; CP-L-1:3). Specifically, participant MED-L-1 described how
material selection was influenced by exposure to rain in the farming industry:

“We knew that people needed to get it wet... It's wet in some parts of India. It's wet in Vietnam. It's wet in

Indonesia. And people worked in the farming [industry]. And the other [prosthetic limbs] that had the same

mechanism design, or titanium and stainless, and couldn't get wet. And we were intentionally picking

plastics that could tolerate getting wet. Because we knew that the patients needed them to be durable and

useful in conditions that were consistent with their work environment. And a lot of them worked in farming

or worked at other places where they did get their leg wet every day.” — MED-L-1

Compared to HIC settings, where large regulatory bodies provide structure, designers in
LMICs described a larger emphasis on political systems and culture. Participants described the
importance of understanding local political movements (IT-L-4; CP-L-2,8) and learning and
participating in local politics (IT-L-2; CP-L-3,8). In one example, however, a participant (CP-L-
4) described how the end of an election cycle can halt interest in a product. Participant CP-L-8

described the incorporation of local politics through participation:
“We had to get a transformer installed on a power pole [...] for the plant to run. And that required a more
regional-level government official to basically say, yes, go build this thing. We've submitted permits to the
local office, but ultimately me [and my team] had to go meet with this government official at their office
[...] And so that direct face-to-face connection [...] made a huge difference to get their buy-in on just

installing that one small, really critical component.” — CP-L-8

Finally, designers in LMIC settings incorporated institutional practices and procedures by
embedding training materials within their solutions (MED-L-10; IT-L-1,4). Participant IT-L-1
explained:

“We can't assume that people have been trained to, let's say, use the mobile application. [...] Embedding
training materials to be more responsive to their baseline levels of knowledge has been one design
implication of this, training anytime, anywhere as opposed to assuming that everyone is awake and alert in
these huge, hot, dense, food coma, training sessions that I've witnessed [...] Making that more flexible has

certainly been important.” — IT-L-1
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Medical device designers in LMIC settings were the only ones to incorporate global
priorities and the availability of consumables into their solutions. These designers described
aligning their solutions with problems identified by large funding organizations like the Gate’s
Foundation or the United Nations Sustainable Development Goals (MED-L-1,4,5,6). They also
described overcoming the cost or availability of consumables by including spare parts or
minimizing the need for them (MED-L-1,2,4:8,10). For example, participant MED-L-5 included

spare parts that would not be available in the context:

“We also put a spare parts kit for commonly replaced parts [...] in a Ziploc bag inside of the unit. So if a
service tech goes to take the unit apart and try to fix something, they'll have [...] most of the components
that they would need to switch out. And that was also something we learned in discussions. There just
aren't that many spare parts [...] And by putting those components in there, we can help them do their job.”

- MED-L-5

5.5.3.2 High-Income Country Settings

In HIC settings, institutional factors were most incorporated into design processes. First,
they incorporated institutional practices and procedures by designing different modes of use
within the same solution for different end-use contexts (IT-H-4,6,7; CP-H-6). For example,
participant IT-H-6 described how different living situations for the elderly would define the
mode of use for their solution:

“So that was one of our first questions was what environment are they currently in? It does define a lot of

the experience moving forward. [...] These were the three different categories, are they living with you,

living at home, their own home? Is it a living facility? [...] So all of which are different because there's a

whole series of daily tasks. [...] So that was something that was in the intake survey. It defined a lot of the

experience of how you'd be using it.” — IT-H-6

Compared to LMIC settings, where designers incorporated institutional practices and
procedures by embedding training materials, designers in HIC settings opted to simplify product

features (MED-H-1,5,8). For example, participant MED-H-1 described the simplification of a

technology to avoid additional training:
“But if it was something that had a remote controlled scope at the end, that's where the surgeon would feel
more comfortable than the anesthesiologist. And in talking with some anesthesiologists, we showed them,
we said, "Would you want a little scope when you're placing the device, on the end?" And they said, "To be
honest, no, because I've never used a scope before, I don't know how to place them. So if I were to use a
device like this, I'd probably have to go through some type of training to be able to use it, which just isn't
super ideal.” — MED-H-1
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Finally, designers in HIC settings incorporated institutional factors to increase the
usability of their solutions. Some designers incorporated institutional practices and procedures
(MED-H-4,5,9; IT-H-2,7), while others incorporated factors related to the indoor environment
(MED-H-2,3,7; IT-H-5). For example, participant MED-H-7 designed a feature to increase
usability in the darkness of a catheter lab:

“A cath lab is usually a darker room with bright monitors shining directly at the physician. So their ability

to look down and see some barely visible mark is very limited. So sometimes from a design perspective, we

tend to implement some other forms like, oh, there's instead of a slider that needs to go to a specific
location, and so the physician sees it and stops, we put a button there. So when he gets to that slide, it clicks
the button and then maybe he hears it or maybe just straight up stops, and if he needs to go further, he

needs to click the button and move forward. All of it is to really make sure that the physician looks at the

things he wants to look at and not at the things he's forced to look at in your design.” — MED-H-7

In addition to institutional factors, in HIC settings, designers frequently designed to the
extreme to ensure transferability across contexts. This strategy was common when incorporating
aspects of the natural environment like pressure, temperature, and humidity (MED-H-2,5,10) and
meeting higher regulatory requirements than what was required in the end-use context (MED-H-
1,2,3,4,6; CP-H-3,8). For example, participant MED-H-5 described designing to the highest
environmental standard:

“These devices are used in the pre-market space, and so you have to consider that they could be at different
elevations. So the pressure difference is a big thing, the temperature difference, so what is your operating
temperature going to be? It's very different if they're down in Florida with super high humidity versus being
up in New York where it's cold. [...] Those we tend to pretty much design to essentially the highest
standard.” — MED-H-5

Designers in both LMIC and HIC settings incorporated health demographics from the
end-use context into their designs, but designers in HIC settings had two unique considerations:
the size of users in contexts where obesity is more common (MED-H-1,2) and tailoring solutions
to elderly users in the workforce (MED-H-3; IT-H-5,6). For example, participant MED-H-2

described how the form factor of their solution changed based on context:
“So in America especially and then you start going more and more south, the obesity population starts
increasing, so it's actually a certain length of the instrument you have to consider depending on what area
you're in. For most of the world, especially for Europe and Asia, your instruments don't have to be
necessarily as long navigation wise” — MED-H-2

Finally, designers in HIC settings incorporated sociocultural factors in unique ways

through their design processes. For example, designers incorporated cultural tradition and
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practices by designing features that aligned with community preferences (CP-H-2,3,5,7,8).

Participant CP-H-2 described community perceptions of cleanliness when washing clothes:

“So for example, our South American market, we use the most water per cycle, per average, twice as much
water compared to other regions simply because consumers think that their clothes are getting cleaner when
they see more water in the washing machine. Even though our studies show that that's not always the case,
there's a right amount of water to effectively clean your clothes and adding more water will honestly maybe

even make them not clean as well at a certain point.” — CP-H-2

5.5.4 Incorporating two or more contextual factors into a single design decision

Across all domains and contexts, participants described the simultaneous incorporation of
two or more contextual factors from varying classifications. Following the same trends as single-
factor incorporation, this behavior was most common among medical device designers (15 of 21)
and designers in LMIC settings (20 of 29). Rather than considering contextual factors in isolation
when making decisions, participants described navigating a complex landscape of
interdependence where factors from one classification frequently constrained or informed others.
In these instances, the design decision resulted from the combination of these factors, with each
playing a vital role in the final technical or procedural requirement. Institutional and political
factors were most frequently incorporated alongside factors from other classifications, and
political factors were incorporated alongside factors from every other classification. A summary

of the interplay between contextual factor classifications is illustrated in Figure 27.

Figure 27: Multi-factor incorporation of contextual factor classifications. Node size represents the frequency with
which a classification was incorporated in combination with at least one other classification. Lines connecting
classifications indicate co-incorporation, illustrating the breadth of joint incorporation across the dataset.

122



Participants often described political factors as a filter through which other design
decisions must pass through. When incorporated alongside other contextual factors, political
factors often constrained solutions, overriding technical utility or user preference. For example,
participant IT-H-4 described how stakeholder power dynamics were prioritized over the capacity

and capability of staff members:
“We wanted to develop a 3D view of the machine so users can rotate the machine and to see different parts
of the machine. [The users] mentioned this actually can't help their work because they're very familiar with
the sensor data and each sensor connected to the machines. So what they really wanted to know is the
sensor reading of each sensor of the machine. [...] However, because the executive is very excited about
this, we still designed and developed that version even though it was not very helpful to our end users, but

this is a trade off because the exec will pay for the contract and we have to satisfy them.” — IT-H-4

Similarly, political regulations can conflict with sociocultural traditions or economic
realities. Participant CP-L-3 described how political regulations were in conflict with farmers’

cultural values and the economic potential of producing their own crop:
“The [economic government agency]| and the [national agricultural organization], they work in tandem to
maintain [crop] as a main product of export and a main economic influx for the country. [...] They're asking
us to grow the seeds that they have engineered, but we know that those seeds do not benefit the soil. And
that is one of our main values. We know that if we are able to [process this crop], we can sell it three x
price. So we want to be able to do that instead of having to sell it to the [national agricultural organization].
[...] How can we bypass the [national agricultural organization]? How can we escape the cornering that the

prerogatives that they're putting us under?” — CP-L-3

Like political factors, sociocultural factors were often prioritized in multi-factor decisions
because cultural behaviors and domestic realities were complex constraints to design around. For
example, participant CP-L-5 described how space-saving behaviors in small homes were at

conflict with their solution’s ability to capture data for government incentives:

“In [Asian country] people normally, if they have an induction cook stove, they put it on the table, but
normally once they finish cooking they will remove it from the table because they need the table for
something else. It's not like they have a huge kitchen or a huge table and the [data capture technology]
needs some time to communicate. [...] Well, it was bringing big struggles to this manufacturer because one
of their key points of their business was collecting this data for claiming [government incentives], but the

end users' habits were not allowing it.” — CP-L-5

Participants also described navigating the sociocultural complexities at the intersection of
public health standards. They incorporated sociocultural context by balancing “prestige”

aesthetics to improve sanitation practices (CP-H-7) and designing around sociocultural stigmas
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against touch that developed in response to COVID-19 (IT-H-1). Participant IT-H-6 described
how disease burden can put immense pressure on family dynamics and how these factors were

incorporated during the early stages of their design process:
“And there's a lot in the news as I was working on this project that caregiving is this crazy new issue [...]
there's a bit of a sandwich situation like all these people in their thirties and forties who are still getting
their life and their career and their family off the ground and building a life are ending up having to take
care of parents because of sickness or covid or all these other situations. So they are a bit straddled by both

of these factors.” — IT-H-6

The interdependence of contextual factors was also commonly described as a “waterfall”
effect. The effect of one contextual factor can trickle down to constrain or add complexity to a
design decision. For example, participant CP-H-8 described how local weather interacted with

the built environment of the home to cause a technical failure:
“In the winter, it's cold, it's dry, and we get this effect where the [robotic vacuum] actually builds up static
electricity, just like if you're scuffing along your wool and carpets, and this robot is not grounded because it
is autonomous [...] What happens, it drives over one of these metal grates. It grounds itself, it gets snapped.
All of our testing in [Asian country], tends to be much more humid and does not have this type of forced air
ventilation system. So this was a failure mode that was never observed in any of the [Asian country]
testing, but as soon as they ship it to American homes, Americans are like, yeah, my robot got hit by
lightning and it doesn't work. [...] Subsequent additions of the [robot vacuum] were redesigned to have

some shielding and some different details about how to dissipate that electrostatic charge.” — CP-H-8

In other cases, the intersection of contextual factors can reveal unique needs in complex
environments. Participant IT-L-2 incorporated institutional and infrastructural factors into a

single, inseparable need:

“In [large Asian city] traffic was a big problem. [...] You've identified a patient with a [critical cardiac
event], you need to get onto care, but the ambulance with traffic... this hub center that you typically go to,
the beds are full. It's going to take two hours in traffic to get to. Maybe it's better to go to this center that's a
little bit further away distance-wise, but traffic-wise, it's not as congested, and they have beds available.
Having this kind of data-enabled network where you're able to understand bed capacity, traffic, that was an
example of how we could [optimize the network]. How do you get a patient from here to treatment, but in

the most efficient way possible accounting for the local infrastructure?” — IT-L-2

Ultimately, these findings suggest that design decision-making is not a linear response to
discrete factors, but a holistic negotiation of a multidimensional contextual landscape. While
design decisions can be a site of conflict, where multiple categories of context compete for

priority, they can also provide opportunities to discover and solve complex needs.
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5.6 Discussion

The findings from this study provided evidence that incorporation of contextual factors in
engineering design is not solely domain-specific but instead reflects a partially shared structure
of reasoning that extends across diverse design settings. By demonstrating the generalizability of
an existing taxonomy [5] and defining domain-specific nuances, these findings not only address
whether contextual frameworks can be applied in new domains but demonstrate how they can
support more generalizable design theory. Theoretically, this work contributes to ongoing efforts
to build cumulative knowledge in engineering design [46] by identifying a set of core contextual
factors that apply across domains. This agreement suggests that designers, regardless of
application area, may draw on a common set of considerations when navigating context, even as
these are expressed differently across domains. The introduction of domain-specific
considerations further highlights that generalizability in design does not imply uniformity, but
rather a layered structure consisting of shared core elements and adaptable peripheries (Fig. 28).

Cross-Domain Validation and Extension of Contextual Factors in Engineering Design
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Figure 28: Cross-domain validation and extension of contextual factors in engineering design. Green factors are
representative of core contextual factors that are generalizable across domains. Yellow factors are domain-specific
contextual factors that are adaptable considerations within domains. Grey factors are contextual factors that may or
may not be important considerations, depending on the domain, but are key peripheral explorations.

The core contextual factors incorporated by designers, regardless of domain, were
sociocultural, political, and institutional classifications. This general trend aligns with the

findings from Burleson et al. [5]. First, sociocultural factors were critical to product adoption
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where cultural expectations and social practices within a context can shape how problems are
framed and which technologies are accepted within a community [11,37,54]. Language was
incorporated often, reflecting the adaptation of products to the needs and culture of local markets
driven by globalization and widespread internet connectivity [55]. Participants in every domain
also emphasized the importance of inclusive design. Design practices to include traditionally
excluded individuals and groups by tech companies like Microsoft and Apple have enabled the
innovation of accessible technologies. For example, Apple’s Voice Control feature was
developed for users with limited physical mobility but is now a hands-free solution for the
general population [56]. Sociocultural factors shape the adoption of new technologies, regardless
of the product domain, and are a core consideration in engineering design.

Though designers incorporated a common set of core factors, nuances in how these
factors were adapted demonstrated key domain-specific design behaviors. Medical device
designers incorporated the broadest and greatest number of contextual factors, likely explained
by the complexity of clinical workflows, regulatory requirements, and cultural perceptions of
health [26,27]. Medical device regulatory processes are complex, and regulatory bureaucracy can
be expensive, but they are intended to ensure the safety and efficacy of devices that have the
potential to sustain or end human life [4,57]. Understanding and incorporating the regulatory
expectations in the end-use context is critical to the acceptance and adoption of new
technologies. Clinical workflows also presented a unique complexity, commonly related to
storage and cleaning. Most institutions have their own standard operating procedures for
cleaning, and no universal standard exists. As a result, major differences between institutions
exist, particularly across income-contexts [58]. Clinical workflows also require complex
logistical coordination between stakeholders and resources, including people, equipment,
materials, and waste streams [59]. Storage and location of equipment therefore vary across
institutions. Even within a single institution, procedures occur within distinct indoor
environments like operating rooms, catheter labs, and neonatal intensive care units; participants
in this study emphasized the importance of designing features to operate within these spatial
constraints. Ultimately, medical device designers are uniquely constrained by strict regulatory
requirements and unique institutional workflows that must be incorporated in addition to the core

context.
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Consumer product participants uniquely prioritized infrastructural factors alongside core
political and sociocultural factors. Unlike medical devices and information technologies that are
constrained within clinical and industrial institutions, consumer products are designed for the
everyday person [38]. Participants in this study incorporated users’ built environments rather
than the norms of an organization or institution, as domestic spaces are a common consideration
for household appliances like refrigerators, vacuum cleaners, and washing machines [60].
Though consumer products are less formally regulated than medical devices or information
technologies, political factors are still a core consideration because public policy and government
subsidies often drive the development of new innovations [61]. Participants often aligned
product goals with powerful stakeholders’ interests. Sociocultural factors were distinctly
incorporated by consumer product participants, like using local aesthetics to convey status and
prestige. This behavior follows the close relationship between self-image and consumer
behavior; how we think of ourselves and how we want others to see us shape our product choices
and preferences [62]. Cultural tradition and practices were also incorporated to educate
encourage behavior change in end-users in this study. Because consumer products are deeply
connected to identity and culture, consumer products have the potential for drastic impact on
everyday life [62]. Consumer product designers uniquely incorporated core and domain-specific
context that was deeply dependent on understanding the values, beliefs, and behaviors that
govern a local context.

Information technology participants prioritized technological compatibility alongside
core factors related to data privacy regulations, institutional workflows, and user experiences.
Information technologies are digital tools, enabled by the internet, to connect, store, and
communicate information within an integrated platform [63]. Therefore, technological
constraints were a more significant consideration in this domain, particularly smartphone
availability and internet connectivity. Political factors related to data privacy and security were
unique because the digitization of information requires information technologies to generate,
process, and exchange vast amounts of data [63]. Because users expect their data to be protected,
information technologies are subject to strict data privacy regulations in some contexts.
Information technologies are often implemented to improve existing institutional workflows to
automate tasks and support decision-making [63] or provide access to hard-to-reach resources

[30,31,64] Participants in this study uniquely incorporated institutional factors into their design
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processes by identifying systemic gaps in existing workflows during early stages of design and
designing multiple versions of a similar solution when they identified similar needs in different
contexts. Information technology design processes face distinct constraints related to the
available technology alongside core data regulations and existing institutional practices and
procedures within the end-use context.

Between income settings, participants mentioned a broader incorporation of contextual
factors when designing for LMIC settings compared to HIC settings. LMIC settings are rich with
place-based tradition, local identity, and diverse knowledge, beliefs and values [11]. Yet, these
contexts are also home to the world’s poorest populations. Irregular income, limited access to
basic resources, and unmaintained infrastructure are common [11,44,65]. Consequently,
technology is often donated to LMIC settings, but most solutions are rejected or fail in the
context because they do not meet the contextual needs of the community [4,11]. Participants
designing for LMIC settings considered a broader number of contextual factors to capture the
unique values, behaviors, and standards in these settings. Individual and household
characteristics associated with limited and irregular income are far more significant in these
contexts. As is the tendency for symbolism to be incorporated into design decisions; capturing
shared meanings within a culture is more critical to adoption. When considering who the
designer is in relationship to the user, it is also particularly important, then, for those who are
designing for contexts they are unfamiliar with to capture, organize, and synthesize the breadth
of contextual factors in the end-use environment [11]. Designers in LMIC settings incorporated
core, domain-specific, and peripheral factors to better explore, understand, and synthesize
contextual information in these unique environments.

At the intersection of product domains and income settings, medical device participants
in LMIC settings were met with the most complex and unique settings and therefore incorporated
the broadest number of contextual factors. These designers navigated regulatory bureaucracy,
procurement systems, global aid, and government-controlled healthcare spending [4]. Within
each institution, healthcare workers are often unskilled and devices cannot be regularly
maintained [4]. Creative solutions in these contexts can help overcome the complexity of the
setting, requiring medical device designers to collect a broader understanding of context and
incorporate many factors into their design decisions. It follows that medical device participants

in LMIC settings in this study shared a broader and deeper understanding of contextual factors.
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Interestingly, the existing taxonomy used in this study was developed for these complex settings,
explaining its generalizability across diverse contexts [5,15].

In addition to a nuanced understanding of contextual factors, participants in this study
also demonstrated nuanced decision-making behavior. While most contextual factors were
mapped to a single design decision, participants described incorporating multiple contextual
factors into the same design decision. This nuanced, real-world behavior was defined through the
navigation of complex contextual landscapes, where factors were described as co-dependent and
interrelated. Existing literature has described similar behavior, where contextual factors act as
both the source of and resolution to trade-offs in design decision-making [66]. In some cases,
complex design contexts paired with technical requirements and constraints can force designers
to accept trade-offs that compromise design performance and, in some cases, result in
termination of a project [5]. However, the complexity of these contexts can also reveal
knowledge and information that can increase the degrees of freedom available to navigate these
trade-offs, providing designers with opportunities to bypass trade-offs through expansion of the
problem space, problem reframing, feature development, or decisions related to use and
implementation [5,67]. Navigating these tradeoffs is only possible when a designer is equipped
with a broad understanding of context. Designers who truly understand the contextual constraints
of their design problem can be more creative, agile, and effective during decision-making [66].

The refined taxonomy and evaluation of design behavior presented in this study make
key contributions to design research, practice, and education. For design research, the findings
from this study present an opportunity to develop more unified frameworks for studying context
in engineering design, rather than parallel taxonomies for different domains, enabling more
direct comparison across studies and supporting the accumulation of contextual knowledge.
Additionally, unified frameworks can support the integration of contextual considerations with
broader models of design cognition and decision-making. For design practice, more
generalizable contextual knowledge can inform the development of design support tools and
methods that are adaptable across domains. For example, checklists, prompts, or computational
tools derived from a unified framework may help designers more systematically account for
context without requiring entirely new taxonomies for each application area. A broader
understanding of context also supports effective decision-making, especially when navigating the

tradeoffs between conflicting requirements [66]. For design education, a unified framework
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suggests the value of teaching contextual awareness as a transferable skill, grounded in a shared
set of core principles rather than strategies siloed by domain. Prior work showed that students
tend to prioritize institutional and technological factors, but rarely consider core sociocultural or
political factors [7]. Students also struggle to know when or how to incorporate contextual
information, especially when that information conflicts [7]. A unified framework can help
students recognize which aspects of context to consider and patterns in how context shapes
design decisions, better preparing them to work across diverse problem spaces.

While this study draws on designers’ experiences from specific domains and settings, the
generalizability of the framework warrants further testing, as universal applicability can only be
framed as a future goal. Future research should examine this refined taxonomy in additional
domains and with broader populations to assess its capabilities and limitations. Additionally, this
study implied patterned design behavior for incorporating contextual factors into design
decisions. Future research should explore, in more detail, how contextual information is
incorporated into decision-making and when throughout a design process contextual information
can be incorporated into specific design decisions. Overall, this work advances engineering
designers’ ability to consider and incorporate context into their design processes by moving
beyond descriptions siloed by domain toward a more generalizable and extensible framework.
By identifying both shared considerations and domain-specific nuances, the findings from this
study encourage the accumulation of contextual knowledge and the development of design

methods and educational approaches that are both robust and adaptable across domains.

5.7 Conclusion

Engineering design is inherently shaped by the end-use context of a potential solution.
However, frameworks used to characterize these contextual factors are often developed within a
single domain, limiting their broader applicability. This study evaluated the validity of existing
contextual frameworks [5,15] across diverse domains, resulting in a refined taxonomy that
integrates generalizable core factors with domain-specific nuances. This refined taxonomy and
the design behaviors observed in this study enable researchers to accumulate generalizable
design knowledge, empowers practitioners to systematically account for context using evidence-
based tools, and provides educators with a foundation for teaching contextual awareness as a

transferable skill. Ultimately, these insights advance the theoretical understanding of contextual
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reasoning, bridging the gap between theory and practice through the development of adaptable

methods, tools, and educational frameworks that better account for context.

5.8 Appendix A: Contextual Factor Cards

Technological
Related to existing

technology that directly
affects performance,
adequate operability, and
functionality

Ex: Compatibility with the
technical context, available
technologies in the context,

availability of consumables

Industrial

Broader technical enterprises
that are required for the
artifact’s performance or

operability

Ex: Supply & manufacturing,

maintenance, distribution

Institutional
Constraints of norms within the organization or

institution where the solution must operate

Ex: Existing practices/procedures, capacity and
capability of staff, institutional financial capacity,

institutional resources, indoor environment

Economic
Context-specific economic
capacity, structures, and
individual and household

attributes

Ex: individual and
household characteristics,
regional and national
characteristics, labor

market characteristics

Environmental

External factors for
functionality and operability
within the natural

environment

Ex: Weather / climate,
Natural environment (e.g.,
water quality, air quality,

dust)

Infrastructure
External factors for functionality and operability

within the built environment

Ex: Utilities available, Transportation and road
quality, Distance between resources, Attributes of
the built environment (e.g., commonly used

building materials)

Public Health

Local health status and
health outcomes of specific
groups of people, as well as
organized local efforts to
prolong life and prevent

disease

Socio-cultural

Social & cultural
characteristics of individuals
and groups (behaviors,
norms, knowledge, beliefs,

arts, customs, etc.)

Ex: Symbols, language,

education/literacy, aesthetics,

Political
Systems, institutions, and culture of decision-

making and forms of power

Ex: regulations and regulatory processes (e.g.,
policies, regulations, initiatives), stakeholder
power dynamics (e.g., influential stakeholders),
political systems and culture (formal and informal

mechanisms of decision-making), global priorities
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Ex: Healthcare system and
practices, Health

demographics

cultural traditions/practices,

stigmas and taboos

(e.g., Gates funding priorities, WHO

recommendations)

5.9 Appendix B: Example Questions From Interview Protocol

To ground some of our questions today, [ want to talk about one of your previous projects
where you learned a lot about your solution’s end users and setting and used that information
to make design decisions. Can you think of a specific instance or project that could be a good
example of your work that we could use throughout the interview?

What motivated the project? What are the project objectives?

Can you tell me who your end user is and what you know about them? How did you go about
learning about your end user? How did you apply that information about your end user’s
context to your design process?

Who were the key stakeholders and partners? What role did they play in making decisions?
What perspective, expertise, or resources did they provide? How did you incorporate that
information into your design? How did your stakeholders influence your design or process?
Can you tell me more about the setting or environment that the final product is used in? How
did you incorporate those contextual factors into the final design or design process? Were
you familiar with this context? How do different contexts differ between different end use
cases?

Did other existing technology in the context influence your design? Did your design interface
with existing technology in the context?

Did you consider the availability or quality of certain manufacturing methods? Did the types
of available maintenance influence your design?

Did you change your design to accommodate the staff who would be using it? Did the typical
procedures at the [institution] influence your design in any way?

Was the setting resource-constrained or abundant?

Did the weather or natural conditions affect your design?

Did utilities available in that area or the quality of transportation affect the way your product
was designed?

Did you make any design decisions based on public health?

Did you run into any stigmas or taboos that changed your design? Culturally, were there any
symbols, aesthetics, or languages used specific to that context?

Were there any regulations you had to adhere to that influenced your design process? Were
there stakeholders that influenced the decisions you made or exercised power over the
design? Were peoples’ interests influenced by global initiatives or government desires?

5.10 Appendix C: Selected Themes of Incorporation of Contextual Factors Common

Across Domain and Income Settings

Category Theme Frequency Detailed Considerations
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Environmental

Material selection to
withstand weather

conditions (n=21)

Less common
among IT
designers (n=2)
More common
among designers

in LMICs (n=18)

Environmental exposure is common during
distribution, even if the end use context is
controlled

Exposure to harsh environments in everyday

life is more common in LMICs

Technological | Incorporate available Most common Consider availability of smartphones and
technology (n=17) among IT internet connectivity
designers (n=10) Consider technology that is NOT available
Sociocultural | Use context-specific Common across Critical to test translated text, especially for
languages on products domains and longer languages and unfamiliar characters
and manuals (n=14) contexts Multi-language support can help reach more
users
Infrastructure | Include features so Common across Consider using power supplies tolerant to
fluctuating power does domains and fluctuations, reducing electricity reliance,
not damage product contexts using rechargeable batteries, or design for a
components (n=12) backup power source (e.g., solar)
Sociocultural | Design for dignity by Common across Make design decisions to help users blend
respecting cultural domains and into the end-use context
stigmas and taboos contexts Incorporate features to protect user privacy
(n=11)
Political Prioritize global More common Meset stricter standards to ensure
regulations (n=14) among MED (n=9) | transferability to other contexts
and CP (n=4) Be aware that global regulations may not exist
designers in the context
Avoid regulatory hurdles by showing
equivalence to existing products or using off-
the-shelf components
Political Prioritize local More common Consider data privacy regulations

regulations (n=13)

among IT

designers (n=9)
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Economic Set cost requirements Individual and Strategies to meet cost requirements included

based on individual and household income | setting different prices in different contexts
household income (n=9) | considered only by | for the same design, designing multiple
or national and regional designers in versions of the same product at different price

characteristics (n=8) LMICs (n=9) points, or utilizing government

Institutional Set cost requirements Common across

sponsorship/subsidy or financing plans

Pricing products too low can generate

based on institutional domains and .. .
suspicion of quality

fi ial ity (n= text . .
inancial capacity (n=9) contexts Making products reusable can drive down

cost, but may increase regulatory burden
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Chapter 6 Discussion, Implications, and Future Work

This chapter presents a summary of the findings and contributions of this dissertation.
First, the main findings from Chapters 2-5 are summarized and discussed based on their common
themes. Then, the implications of this dissertation are organized by their domains of impact.
Finally, this chapter concludes with a discussion of limitations, potential future work, and overall

conclusions.

6.1 Chapter Summaries

In this dissertation, I investigated the use of wearable inertial measurement units (IMUSs)
for fetal movement (FM) detection to support the development of a continuous, objective fetal
monitoring system. While wearable sensors enabled by machine learning (ML) show promise,
progress toward consumer or clinical deployment remains limited by inconsistent
methodological benchmarking and a failure to account for model generalizability. To address
these gaps, this work (1) established evidence-based benchmarks for signal processing and
algorithm evaluation and (2) defined a contextual framework for design-decision making for
future systems.

Chapters 2 through 4 of this dissertation focused on the application of wearable IMUs
and ML methods for rigorous characterization, classification, and evaluation of FM events.
Chapter 2 aimed to quantify the impact of augmenting accelerometer-based systems with angular
rate data across three data representations and ML architectures for detecting FM events with
wearable IMUs. The study population included 23 participants carrying healthy, singleton
pregnancies. Three datasets were utilized for the comparison of accelerometer and sensor fusion
approaches: acceleration data, angular rate data, and a combination of both data types. These
datasets were used to benchmark ML models (random forest RF, bi-directional long short-term
memory BiLSTM, and convolutional neural network CNN models) for classification of FM
events. All models learned discriminative features of FM as evidenced by their test performance
on held-out trial data (mean AUROC > 0.73). RF models enabled by the combined dataset
achieved the highest performance (AUROC = 0.81). However, FM events in this study were
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defined by maternal perception, which inherently is subjective and may not demonstrate a
model’s true ability to detect FM events. The algorithms benchmarked in this study supported
further work in Chapter 4 to evaluate the reliability of maternal perception as a clinical standard
for model training.

Chapter 3 aimed to use clinician-validated ultrasound data to precisely define FM events,
enabling the characterization of IMU signals for data-driven signal processing and hardware
design parameters to support future algorithm development. Recordings of ultrasound imaging
from 16 study participants were annotated with time-series labels to define four event types:
weak FMs, strong FMs, maternal movement artifacts, and stationary periods with no FMs. These
annotations were used to segment and group IMU signals for statistical analysis with linear
mixed-effects models. Statistically significant differences between the estimated marginal means
of each group were used to characterize FM events and define data-driven parameters for future
algorithm development: minimum hardware sensitivity to reliability capture weak FMs, artifact
threshold and frequency cutoffs to inform filter design for artifact rejection, and window size
based on duration of FM events. The data-driven parameters derived in this study informed the
algorithms used in Chapter 4 for benchmarking model training label sources and evaluation
approaches.

Chapter 4 aimed to evaluate the reliability of maternal perception as a clinical standard
for model training and benchmark generalizable model evaluation approaches. A subset of the
study population from Chapter 2 (16 of 23 participants) received ultrasound imaging during
additional data collection trials for comparison with maternal perception-labeled events. RF
models were trained with data labeled by maternal perception or ultrasound and evaluated on
held-out test data labeled with ultrasound. Two data splitting approaches were compared: (1) one
trial from each participant contained in the training and testing sets and (2) holding out all trials
from a single participant in the testing set (leave-one-subject-out LOSO). Random sampling of
windows was tested for comparison to existing studies. Models trained with ultrasound labels
outperformed those trained with maternal perception labels under both data splitting approaches.
Still, both models had low specificity (< 72%) due to a high rate of false positive predictions,
limiting their deployment to unsupervised settings. Models had a limited ability to generalize due
to subject-specific physiological factors, evidenced by a drop in performance when using the

LOSO approach. The random sampling approach showed significant performance improvements
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(AUROC = 0.75), demonstrating the over-optimism of algorithm capability by existing studies in
the field. Ultimately, the findings from Chapter 4 provided a rigorous evaluation of the
capabilities and limitations of wearable IMU-based systems for deployment to clinical or
consumer settings.

Chapter 5 of this dissertation focused on the contextual considerations that may impact
the design of fetal monitoring systems. Though technical rigor is necessary for a system to work,
it is not sufficient for a solution to be adopted or effective. Incorporating context into technical
design decisions supports the likelihood of success in clinical or consumer settings, which is a
current limitation of existing fetal monitoring systems.

In Chapter 5, I adapted an existing, domain-specific framework of contextual factors to
capture a shared structure of contextual reasoning across diverse design contexts. The existing
framework was applied across three product domains (e.g., medical devices, information
technology, and consumer products) and two income settings (e.g., low- and middle-income
countries LMIC and high-income countries HIC). Summative content analysis supported the
identification of patterned designer behavior within each domain and context. The findings from
this study demonstrated that sociocultural, political, and institutional factors were core
considerations that generalized across domains. However, nuances in designer behavior showed
that medical device designers incorporated strict regulatory constraints and integrated their
solutions into existing clinical workflows. Information technology designers ensured their
solutions were compatible with existing technology and worked to automate or organize existing
institutional processes. Consumer product designers adapted their solutions to integrate with
domestic spaces and everyday behaviors. Designers in LMIC settings were often constrained by
cost requirements and sociocultural perceptions, while designers in HIC settings more often
incorporated existing institutional procedures and accommodated powerful stakeholders. The
findings from this study suggest that designer behavior is generalizable but not uniform, and the
adaptable framework supports future research efforts to systematically incorporate contextual
factors into the design of fetal monitoring tools, increasing the likelihood of adoption into

clinical and consumer settings.
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Design Considerations for a Continuous Fetal Monitoring System
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Figure 29: Summary of findings and their implications for future work. Concepts outlined with solid lines illustrate

contributions of this dissertation. Concepts outlined with dashed lines are potential next steps informed by the

findings from this work.

6.2 Discussion

The four studies presented in this dissertation demonstrated the technical capabilities and
limitations of wearable IMU-based systems to support continuous fetal monitoring, as well as
contextual considerations for deployment in clinical and consumer settings (Fig. 29). The
following sections describe overarching themes that draw from the findings across the presented

studies.

6.2.1 Controlled Benchmarking for Technical Development of FM Detection Algorithms

This dissertation establishes a technical framework for FM detection by addressing the
critical lack of methodological standardization in sensor selection, signal processing, and model
evaluation. Despite over ten years of research, Ghosh et al. [1] noted the “lack of commercial
solutions and inconsistencies in sensor types, algorithmic settings, and validation protocols” have
severely complicated the interpretation and standardization of wearable sensor-detected FM
events. In ML, benchmarking on standardized datasets is best practice for making
methodological choices among existing literature, but establishing these benchmark datasets can
take many years, as was the case in the more mature field of continuous ECG monitoring [2]. In
the absence of a benchmark dataset, a common testing set within a study can be used to evaluate
methodological tradeoffs [3,4]. Because there is no benchmark dataset for fetal movement
detection, common testing sets were carefully derived within the comparative studies of this

dissertation.
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First, the data collection system and model architecture were benchmarked and refined in
Chapters 2 and 3 to establish system feasibility before investigating the tradeoffs between
algorithmic approaches in Chapter 4. Combining acceleration and angular rate signals improved
the ability to distinguish fetal movement events (Ch. 2), suggesting that sensor fusion approaches
may improve model performance over existing single sensor approaches [1,5-15]. A recent study
by Ghosh et al. [1] echoed these results, demonstrating that combining accelerometer, acoustic,
and piezoelectric sensors improved model sensitivity to FM. Additionally, feature-based models
outperformed deep learning alternatives (Ch. 2), suggesting that features are more robust than
raw data representations, which may overfit to background noise in the presence of physiological
noise and limited dataset size. However, larger datasets may benefit from deep learning
architectures [11], encouraging future benchmarking of model architecture when more data is
available for training. After benchmarking, using combined datasets to train feature-based
models could support further evaluation of algorithmic approaches. To further refine the
methodological rigor of algorithm development, signal processing parameters were derived from
clinician-validated FM events (Ch. 3). Existing studies cite varying filter cutoffs [6,10,13,16] and
window sizes [6, 11-13] without formal justification or contextualization of their dataset. The
statistical methods used in Chapter 3 could be repeated in future studies to define and justify
these parameters, contextualizing unique datasets and increasing the interpretability of model
decisions.

With a benchmarked data collection system and model architecture and refined signal
processing parameters, the tradeoffs between algorithmic approaches were able to be evaluated.
Models trained with ultrasound labels had an increased ability to distinguish FM events and
correctly classify them compared to models trained with maternal perception labels when both
models were evaluated against the same ultrasound-labeled testing set (Ch. 4). While studies
have acknowledged the subjectivity of maternal perception [6,17], none have directly compared
maternal perception with ultrasound for model training to understand and evaluate the tradeofts
in classification performance. Additionally, models that were able to learn from subject-specific
signal characteristics during training (AUROC = 0.65) outperformed those that were trained to
learn generalizable patterns (AUROC = 0.61) (Ch. 4). Most existing studies have randomly
sampled windows, including from the same time-series trials, to split that dataset into training

and testing sets. This practice does not reflect realistic deployment scenarios and can inflate
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performance estimates by allowing highly correlated data from the same participant or trial to
appear in both sets, thereby limiting generalizability. When compared to the training approaches
evaluated in Chapter 4, random sampling resulted in significantly better performance (AUROC =
0.75) (Ch. 4), which can lead to misinterpretation of how an algorithm might perform in real-
world settings. By replacing one-off designs with intentional benchmarking, this work provides
the rigorous foundation necessary to move wearable fetal monitoring from proof-of-concept to a

reproducible clinical standard.

6.2.2 Role of Ultrasound to Promote Algorithm Explainability through Reduced Uncertainty
in Event Labels

Beyond technical performance, the integration of ultrasound data resolves the inherent
ambiguity of maternal perception, providing a high-fidelity clinical standard for both model
training and evaluation. FM events defined by ultrasound annotations had precise onset and
completion time points (> 0.5s in duration) (Ch. 4). In contrast, FM events defined by maternal
perception required wide data buffers (3.5s prior to and 1.5s after annotations) to account for
maternal reaction delays and event duration, which introduced uncertainty in the precision of the
labels (Ch. 2). Label uncertainty can dilute the FM event signal with noise and the boundary
values between features for classification tasks [18-20]. Using ultrasound-labeled events for
model training may reduce uncertainty and promote models to make more confident and accurate
decisions. Not only do uncertain event boundaries reduce confidence and accuracy, but maternal
perception-labels may also miss some FM events entirely. Maternal perception sensitivity to FM
events in this study (mean 32%, Ch. 3) aligned with the lower end of reported values in existing
literature, 33-88% [17]. When models are trained on events defined only by what a mother feels,
effectively they are trained to ignore clinically relevant, low-intensity movements. Ultrasound
annotations enable models with the potential to learn the full physiological truth, including
movements that do not make contact with the abdominal wall and are more difficult to perceive
[21]. Using ultrasound-labeled events for model training promotes models to learn discriminative
patterns for all FM events, not just those that are perceived.

Ultrasound-labeled events also reduce uncertainty when interpreting model decisions. If
model performance is evaluated against FM events defined by maternal perception, false positive
predictions can be ambiguous [22]; there may be uncertainty as to whether the model generated

an incorrect prediction or the mother was unable to perceive the movement [17]. Though
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maternal perception may serve as a necessary but flawed proxy (Ch. 2), evaluating model
performance against ultrasound-labeled FM events (Ch. 4) reduces bias and is essential for
proving that the algorithm outputs are clinically meaningful. Similarly, event duration defined by
label source influenced the interpretation of model decisions. FM events labeled by maternal
perception were primarily the same duration (with the exception of FM events in series, where
participants repeatedly indicated perceived FM), while FM events labeled by ultrasound
demonstrated widely variable durations (Ch. 3). Variable-duration events necessitated model
performance to be evaluated at the event-level (Ch. 4) rather than on a window-by-window basis
(Ch. 2). Window-by-window evaluation can lead to overrepresentation of long-duration FM-
events, while event-level evaluation fairly represents individual FMs. In the clinic, the presence
of FM, not necessarily its duration, carries diagnostic weight [23] making event-level evaluation
of model performance a more clinically meaningful and explainable metric [24,25]. Performance
metrics that are based on clinically meaningful FMs can be directly communicated with
clinicians and consumers to build trust and increase the likelihood of adoption. Ultimately, the
ability to explain how model decisions were made and what data they were derived from is
critical for the adoption of algorithms contributing to potentially life-impacting healthcare
decisions [26,27]. Transitioning from subjective perception to physiological truth is a necessary

step for gaining the clinician and consumer trust required for widespread adoption.

6.2.3 Impact of Subject-Specific Physiology on Model Generalizability

The primary hurdle for real-world deployment is the generalizability gap: individual
physiology obscures the universal signal patterns required to detect FM in unseen subjects.
Benchmarking data splitting approaches revealed a major discrepancy between popular methods
in the field (e.g., random sampling) and generalizable methods, like LOSO (Ch. 4). While
random sampling is common in machine learning applications to ensure a representative
distribution, it is less appropriate for this task because it contributes to data leakage. In fetal
monitoring, data windows from the same trial share subject-specific IMU signatures. By
randomly sampling these windows into both training and testing sets, models learn to recognize
an individual’s unique physiological "noise" rather than generalizable fetal movement. The drop
in performance for the model trained with the LOSO approach (AUROC = 0.61) suggests that
subject-specific factors currently obscure universal signal characteristics of FM. Interestingly,

model performance improved slightly when the model was “calibrated” with just one trial from
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each participant (AUROC = 0.65). The increase in performance suggests that small amounts of
subject-specific data incorporated into training may help models generalize more effectively to
subject-specific signal characteristics. Only one prior study used a LOSO approach [13],
achieving 75% sensitivity and 65% precision across six participants. However, only maternal
perception data was available for labeling FM events, so direct performance comparisons cannot
be made.

Using a comparison of maternal perception- and ultrasound-labeled events, participants
in this study were less sensitive to FM (mean = 32%, range = 8-70%, Chap. 3 and 4) compared
to previously studied populations (33-88% [17]). Physiological factors like body mass index
(BMI), gestational age, and placental site may have had an impact on the ability to perceive FM
[28] as these factors increase the distance between the fetus, sensory receptors, and the
abdominal wall. Not only do these factors affect perception, but they may also impact the utility
of wearable motion sensors, which depend on the propagation of FM through the abdominal wall
to cause mechanical deformation of the abdomen. Effectively, factors like adipose tissue depth
(e.g., BMI) and placental position act as physical damping components [29,30], reducing the
amount of abdominal deformation and lowering the signal-to-noise ratio of FM events [21].
Because of the damping effect of these physiological factors, significant variations in FM
detection performance between subjects (Ch. 4) may be partially explained by subject-specific
physiology. These findings suggest that future commercial systems will not be “plug-and-play”

but must require personalized calibration to account for the individual physiology of each user.

6.2.4 Incorporating Context into the Design and Development of FM Detection Algorithms

Despite research efforts to advance the technical capabilities of FM detection systems,
technical rigor alone does not support clinical adoption or patient adherence. Limited work has
discussed how to integrate these systems into clinical or consumer settings. However,
frameworks that support the systematic incorporation of context into design decisions (Ch. 5)
may be used to inform algorithmic choices (Ch. 4) and identify barriers to adoption.
Sociocultural, political, and institutional context are core considerations for product adoption but
have domain-specific nuances that may guide decision-making (Ch. 5).

Because fetal monitoring systems exist at the intersection of medical devices and
consumer technology, regulatory context must directly dictate the safety and efficacy standard of

algorithm performance. Regulatory bodies such as the United States Food and Drug

148



Administration (FDA) and the European Union Medical Device Regulation (MDR) dictate the
efficacy standards for devices making health-related claims [31,32]. Regulated systems will
likely need to perform reliably across general populations, and the current inability of FM
detection algorithms to generalize to individual subjects (Ch. 4) may be the primary hurdle to
adoption. Even with personalized calibration (Ch. 4), the low sensitivity observed (24% at a 5%
FPR) implies a significant tradeoff: developers may need to accept lower detection sensitivity to
avoid potentially dangerous false positive detections that could provide false reassurance of fetal
health. Ultimately, the risk of false reassurance suggests that developers must prioritize low
false-positive rates over high sensitivity to ensure these systems meet the safety expectations of
both regulatory agencies and mothers.

Widespread adoption depends on close integration of these systems into existing clinical
workflows, as either home-based supplementary tools or ambulatory monitors. Currently,
existing methods of kick counting suffer from low adherence (60%) and ineffective response to
reduced FM [33]. However, when kick counting is done properly, about 15% of women seek
additional clinical testing [34]. FM detection systems enable two strategic entry points into the
existing workflow: (1) systems to augment home-based kick counting to improve adherence and
data reliability and (2) systems to provide data during the daily or weekly follow-up evaluations
that typically follow a report of reduced FM. Systems that act as ambulatory monitors (option 2)
will likely require higher safety standards compared to systems acting as supplementary support
tools (option 1), creating a critical institutional trade-off for model training. While personalized
calibration improves detection performance (Ch. 4), collecting and labeling these data is resource
intensive. Adoption of ambulatory systems may be limited to high-resource clinics, where
clinical staff can support data collection. Supplementary support tools, on the other hand, could
be used in more diverse settings to enable fetal monitoring where access to clinicians or
ultrasound imaging may be limited. Interestingly, generalizable, ultrasound-trained models
performed similarly to personalized, maternal perception-trained models (Ch. 4) suggesting that
developers can leverage maternal-perception based calibration to bridge the performance gap in
settings where high-fidelity ultrasound or clinical staffing is unavailable, making the system a
viable tool for global health equity.

Beyond institutional trust, patient adherence may be a critical barrier to widespread

adoption, as current signal-to-noise ratio limitations necessitate that mothers remain stationary
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during data collection (Ch. 2-4). This technical limitation imposes a sociocultural constraint:
fetal monitoring systems are not yet capable of continuous data collection but could be used
during periods of rest. Incorporating the daily activities and domestic environments of mothers
will be essential for identifying data collection opportunities in future home-based longitudinal
studies. Because existing systems were built for laboratory testing (Ch. 2-4), future work to
support the wearability of continuous fetal monitoring systems during daily activities and
everyday environments is critical for adherence. To move beyond the laboratory, future systems
must be designed to fit a mother’s daily routine, treating data collection as a structured, low-
friction habit rather than a disruptive clinical event.

Additional considerations outside of the core framework may be technological,
infrastructural, or economic depending on the end-use context. Future work to support digital
platforms that communicate insights about fetal health must be compatible with local smartphone
and internet availability. These fetal health insights may support telemedicine in rural or remote
contexts [35], so distance to care may affect how these insights are communicated or the
timeliness of care-seeking guidance provided. Finally, the hardware used for data collection must
support pricing constraints, particularly for global health applications. Ultimately, the path to
adoption is not a purely technical challenge, but a balancing act where technical limitations, like

sensitivity and generalizability, are managed within complex clinical and consumer settings.

6.3 Implications

This dissertation explored methodological considerations for the development of FM
detection systems for progress toward future deployment in clinical and consumer settings. The
findings from these studies provide insights that would benefit communities interested in fetal
monitoring within research and clinical settings and entrepreneurs interested in operationalizing

these systems.

6.3.1 Implications for Technical Development: Toward Standardized and Rigorous
Benchmarking

The findings from Chapters 2 through 5 provided several useful insights into the
technical and contextual considerations for continuous fetal monitoring systems that would

interest the research community, especially when designing future studies. Broadly, these results
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imply a necessary shift in how researchers approach model validation, data labeling, and
methodological decision-making to move the field closer to clinical and commercial viability.

Guidance on model evaluation serves as the most significant implication from this work.
Specifically, the exploration of evaluation approaches revealed a major gap between
generalizable approaches, such as LOSO, and the popular random sampling methods currently
prevalent in the field (Ch. 4). Past reliance on random sampling has produced performance
metrics that falsely imply FM detection systems could be safely deployed. Consequently, using
LOSO approaches in future studies may provide more realistic estimations of model
performance. However, the wide variation in performance observed between subjects (Ch. 4)
also suggests that future work must explore the incorporation of personalized calibration data
into the training process. Such personalization is likely necessary to achieve FM detection that
meets the safety standards of regulatory bodies, clinicians, and consumers (Ch. 5).

Building on this evaluation shift, the transition toward ultrasound-informed modeling
represents a critical advancement in the physiological accuracy of model training. While event-
level evaluation can technically be applied to maternal perception data, the resulting metrics are
less clinically meaningful due to the inherent subjectivity and temporal imprecision of human
reporting. In contrast, ultrasound labels enable model evaluation based on the true physiological
duration and onset of fetal movement (Ch. 4). Ultrasound evaluation provides a more precise
estimation of performance, implying that future studies should prioritize this clinical standard
over arbitrary windows or subjective maternal perception.

However, acknowledging the inherent limitations of ultrasound as a clinical standard is
critical for contextualizing the performance metrics in this dissertation. Because standard clinical
ultrasound provides only a two-dimensional planar view of a three-dimensional uterine space,
fetal movements occurring outside the immediate field of view can be easily missed.
Furthermore, ultrasound interpretation is subject to operator dependency; systematic reviews
demonstrate that fetal biometry assessments can be inaccurate, exhibiting high false-positive
rates that risk prompting unnecessary obstetric interventions [38]. This subjectivity is
compounded by maternal physiological confounding factors, such as maternal gas, which can
visually mimic fetal movement. A notable limitation of the dataset in this dissertation is the
reliance on a single OB/GYN for both data collection and subsequent review. Reviewing the

ultrasound annotations was particularly resource-intensive; establishing the ground-truth
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standard required manual time-synchronization of discontinuous clips, compiling full-length
video files, and executing a rigorous double-review process of every ultrasound recording. To
mitigate these workflow bottlenecks in future large-scale studies, developing automated
synchronization scripts or utilizing Al agents to streamline video compilation and initial
annotation would be beneficial. To increase inter-rater reliability, future studies could also
separate clinical roles by employing a trained sonographer for data acquisition alongside two
independent OB/GYNs for image interpretation. While wearable ultrasound has emerged as a
potential solution to generate continuous ground-truth labels for wearable inertial sensors,
viability is limited due to safety concerns associated with ultrasonic tissue heating [38].
Consequently, ultrasound must be treated not as a flawless clinical standard, but as a bounded
reference that requires rigorous multi-observer validation.

Furthermore, while benchmarking on a common test can support systematic comparisons
(Ch. 2 and 4), commercial viability will remain out of reach until a standardized, public
benchmark dataset is established. Until a gold standard exists, the ability to make meaningful
comparisons between studies will remain limited. Though benchmarking provides technical
guidance, accelerating system advancement requires collaborative benchmark datasets from the
larger research community. While the dataset compiled in Chapters 2 through 4 represents a
valuable benchmarking resource, immediate public release warrants careful consideration.
Making benchmark datasets openly available introduces a well-documented risk that they may be
scraped and absorbed into large-scale training datasets for foundation models [39]. If this occurs,
the dataset can no longer serve as a truly independent test set, since models may have already
been exposed to it during training. This type of “benchmark contamination” can artificially
inflate performance and make it difficult to fairly compare new methods in the future [39].
Preserving the dataset as a clean, unseen evaluation resource is therefore important for
maintaining scientific integrity in model benchmarking. Although the dataset could be withheld
entirely or distributed on request, both options have practical limitations, including
administrative burden and reduced accessibility for other researchers. An alternative is a
controlled-access approach, where the dataset itself is not directly released. Instead, researchers
submit their model predictions to a secure evaluation system, which computes performance on
the held-out data and returns only summary metrics under formal data-use agreements [40]. This

approach is consistent with emerging “private benchmarking” frameworks and allows
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researchers to compare methods fairly without exposing the underlying dataset. In this way, the
dataset remains a protected reference standard for evaluation while still enabling transparent and
reproducible reporting of results across research groups.

Parallel to evaluation strategies, researchers must also consider how data-driven
parameters are derived. The statistical methods used to derive data-driven signal processing
parameters (Ch. 3) imply that these parameters are likely unique to individual datasets.
Therefore, these parameters should be derived directly from study populations to justify design
choices and promote increased interpretability of FM detection algorithms through the
incorporation of domain knowledge (Ch. 4). While the field still lacks a universal set of signal
processing parameters, these study-specific parameters remain a necessary step until larger, more
diverse datasets are available to establish a universal standard.

Beyond signal processing, this work highlights the importance of methodological
benchmarking in selecting model architecture. Benchmarking found that sensor fusion systems
increased FM detection performance and feature-based models outperformed deep learning
architectures (Ch. 2). These findings imply that researchers should continue to prioritize sensor
fusion approaches to improve model sensitivity and utilize feature-based models to explore edge
computing in resource-constrained contexts, while continuing to explore deep learning
architectures as larger datasets become available. Additionally, comparisons between ultrasound
and maternal perception labels for model training revealed that models trained with maternal
perception have a performance ceiling (Ch. 4). These results imply that future models should
utilize ultrasound to promote detection of FMs that mothers cannot perceive to bypass the
inherent limitations of subjective labeling.

Ultimately, even the most robust technical advancements must be viewed through a
contextual lens. Despite significant progress through benchmarking, current FM detection
performance (24% sensitivity at 5% FPR) is not yet viable for commercialization (Ch. 4). Even if
future studies provide evidence for robust technical solutions, they may still fail in the market if
they do not incorporate factors within the end-use context. As a final implication, applying
design frameworks to systematically account for context (Ch. 5) can guide the technical
decisions that will eventually promote trust and widespread adoption in clinical and consumer

settings.
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6.3.2 Implications for Clinical Practice: Balancing Accessibility with Clinical Integrity for
Decision Support Tools

While the previous section outlines the requirements for future research, the findings
from Chapters 2 through 5 are also of direct relevance to obstetricians. Specifically, these
insights help clarify the current capabilities and limitations of wearable sensor-based continuous
fetal monitoring systems and how such technology might eventually integrate into clinical
workflows.

The primary clinical implication regarding current system capabilities involves the
balance between sensitivity and diagnostic reality. Chapters 2 and 4 proposed algorithms for
continuous FM detection that would allow clinicians further insight into the status of fetal health
throughout late-stage pregnancy. Findings from these studies indicated that wearable sensors
may be more sensitive to FM than kick counting, based on the potential for high sensitivity when
evaluated against ultrasound. However, these performance metrics must be carefully evaluated
due to the inherent tradeoffs between sensitivity and specificity. Because increased false positive
detections risk dangerous reassurance of fetal health, the current system performance (50% of
FM events at a FPR of 28%) remains a concern (Ch. 4). Nevertheless, if false positive
predictions can be controlled in future studies, clinicians could use these insights to identify
reductions in FM before they become critical.

In addition to system performance, the methodology behind FM detection systems has
significant implications for clinical trust. Chapters 3 and 4 relied on ultrasound imaging to define
FM events for model evaluation. By deriving parameters from visual confirmation of FM rather
than algorithmic determination, these methods promote transparency between clinicians and
engineers. This objective approach to defining events is essential for fostering trust in the
accuracy of the system. Ultimately, access to such continuous data may help clinicians determine
meaningful reductions in FM, filling a critical gap where no current standard exists [33,34,36].

Beyond technical accuracy, the practical integration of these systems into existing
workflows presents both opportunities and challenges. Chapters 4 and 5 discuss the
considerations for deployment of wearable fetal monitoring systems. For instance, LOSO
approaches for model training would allow clinicians to hand off fetal monitoring systems to
new patients without additional data collection. However, deployment is currently limited by

performance issues related to generalizability between subjects (Ch. 4). While models trained
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with personalized calibration data showed improved performance, clinicians may not adopt a
tool if it requires resource-intensive calibration trials that conflict with existing institutional
procedures.

Despite these technical challenges, the long-term potential for telemedicine and life-
saving intervention remains significant, particularly due to expanding rural maternity care
deserts. Between 1989 and 2019, over 20% of United States obstetric units closed, degrading
geographic access to prenatal care, crowding remaining facilities, and exacerbating rural infant
mortality rates relative to urban centers [41]. While some patients bypass these gaps by traveling
further for care, others are left entirely unserved. To optimize fetal monitoring in these resource-
limited regions, deployment frameworks must leverage "task-shifting" to deliberately delegate
monitoring tasks from high-resource hospitals to home-based settings or community health
workers. Moving these responsibilities to the domestic environment can expand healthcare
access, improve clinical outcomes, and empower patients to self-manage their condition through
objective data [42]. Successful implementation could reduce required in-person appointments
[37] and provide data-driven insights to help clinicians determine when intervention is necessary
to prevent stillbirth or avoid unnecessary delivery.

A critical requirement for deploying task-shifting devices is defining how clinicians
interact with massive volumes of continuous, patient-generated health data. This challenge
closely mirrors the clinical adoption of the Apple Watch for atrial fibrillation screening [43].
While large-scale trials proved that consumer wearables can successfully identify cardiac
anomalies, they initially created a significant administrative burden and alert fatigue for
cardiologists who were flooded with raw, unverified data streams [44]. In response, modern
digital health frameworks have shifted away from sending continuous raw signals to clinicians,
opting instead for integrated telemonitoring workflows that provide high-level, validated
summaries [43]. For fetal surveillance, a similar process must be established. Obstetricians
should not be responsible for evaluating raw, continuous inertial sensor signals. Instead,
automated algorithms must compress days or weeks of monitoring data into clinical-grade
summaries or automated alerts triggered only when deviations fall below validated, population-
level safety thresholds. Emulating these established cardiovascular care workflows will ensure
that at-home fetal monitoring systems alleviate, rather than exacerbate, clinical workflow

constraints.
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However, as a final cautionary note, the findings from Chapter 4 imply that the risk of
false positive detection is still too high for the ethical deployment of these systems to

unsupervised settings.

6.3.3 Operationalizing Fetal Monitoring Systems

While the technical and clinical implications highlight that current performance,
specifically high FPR, is not yet suitable for unsupervised medical intervention, these limitations
provide a foundation for a staged path toward operationalization. The results from Chapters 2
and 4 imply that achieving the classification performance necessary for clinical adoption,
specifically generalizing across new subjects with high specificity, will require significantly
larger and more diverse datasets. By following the trajectory of other similar consumer-to-
clinical wearables, FM monitoring systems may be able to successfully scale through three
distinct stages, guided by the contextual factor taxonomy derived in Chapter 5 to uncover
“unknown unknowns” and promote long-term product adoption. Because a fetal monitoring
system lies at the intersection of all three product domains tested in the taxonomy (e.g., medical
devices, information technologies, and consumer products), both core and peripheral contextual
factors may be important within each stage of operationalization.

The first stage of operationalization focuses on leveraging consumer adoption to
overcome current data limitations, primarily prioritizing cultural and domestic contextual factors
associated with the consumer product domain. While current performance metrics (e.g., high
FPR) preclude these systems from unsupervised clinical use, they remain viable as consumer-
facing tools designed to augment adherence to existing kick-counting protocols. In this initial
stage, the sociocultural and infrastructural classifications of context serve as core considerations,
directly addressing maternal motivation, anxiety, and ease of at-home use. Deploying FM
detection systems initially as consumer products to aid in objectivity and adherence to kick-
counting protocols could generate the massive amounts of data required to train more robust
deep learning models. Through partnerships between industry and academic institutions, these
datasets could be used to establish the standardized testing datasets necessary for systematic
benchmarking and the derivation of universal, data-driven methods. In this way, early consumer
adoption could provide the data necessary to move from augmenting maternal perception to

automating it.
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Once a data foundation is established, the second stage requires integrating ultrasound
data to provide a more transparent clinical standard, shifting the system toward prioritization of
clinical workflow and data privacy factors associated with the information technology domain.
As discussed in Chapter 4, the collection and interpretation of ultrasound recordings is resource-
intensive and may disrupt existing clinical workflows. The contextual factor taxonomy may be
used to discover key institutional and technological factors to set engineering requirements. For
example, as FM detection systems transition toward clinical settings, institutional requirements
may be creatively met by Al-enabled tools that automatically extract labels from existing clinical
ultrasound recordings. This stage mirrors the current progress of novel, commercial solutions
like the Bloomlife MFM-Pro, which recently received FDA clearance for fetal heart rate
monitoring while remaining an “investigational device” for more complex indications [45]. By
clearing baseline biometrics first, continuous fetal monitoring systems build the clinical trust
necessary for widespread adoption.

Finally, the third stage involves securing regulatory and reimbursement approval to
formalize these systems within the medical device domain, prioritizing both regulatory and
systemic insurance factors within the taxonomy. Once efficacy is demonstrated at a clinically
acceptable level against ultrasound-labeled events, FM detection systems can be integrated into
clinical workflows. This transition requires navigating the political and economic factors
discussed in Chapter 5, including regulatory approval and the establishment of insurance
reimbursement codes. Ultimately, these approvals enable clinicians to transition from tracking
simple binary “kicks” to studying population-level trends in high-risk groups, supporting
targeted interventions to reduce the risk of stillbirth.

Ultimately, this dissertation moves the field of FM monitoring from proof-of-concept
toward a realistic roadmap for deployment. By establishing evidence-based benchmarks,
defining the performance ceiling of maternal perception, and identifying the contextual factors
that govern clinical adoption, this work provides a foundation for new approaches to fetal
surveillance. The path forward requires persistent commitment to methodological rigor and a
deep understanding of the diverse contexts in which mothers and their clinicians interact with

technology.
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6.4 Recommendations and Future Work

To fully address the research gaps identified within wearable sensor-based FM detection,
further work must build upon the foundational contributions of this dissertation. Future research
should prioritize the following high-impact trajectories to move these systems from laboratory
proof-of-concepts to viable clinical tools.

The first priority for future work is to transition from static, population-level models to
generalizable systems that utilize subject-specific calibration. While Chapters 2 through 4
included participants with diverse gestational ages, body sizes, and placental sites, these
populations were limited to healthy, singleton pregnancies. To ensure these systems are equitable
between groups, the next phase of research must investigate how personalized FM detection
algorithms can bridge the generalization gap. Future studies should expand the populations
evaluated by recruiting from diverse cohorts to determine the exact impact of subject-specific
physiological factors on model efficacy. Furthermore, intentional recruitment accounting for
distinct maternal and fetal characteristics could provide an opportunity to minimize signal
damping and train physiology-specific models. By utilizing techniques such as transfer learning
or personalized model training, researchers can create systems that are universally applicable by
tailoring predictions to the individual to ensure consistent performance regardless of maternal or
fetal variation.

To advance the baseline capabilities of wearable fetal monitoring, future research might
also focus on general architectural and algorithmic optimization. While the statistical features
developed in Chapters 2 and 4 captured discriminative characteristics of FM, the baseline feature
space could be expanded by calculating kinematic metrics across multiple, overlapping window
sizes to capture both transient and prolonged movement dynamics. Furthermore, future modeling
could transition from traditional static classifiers to advanced sequential architectures, such as
transformer models, to better leverage the temporal dependencies inherent in continuous
physiological time-series data. Beyond raw performance metrics, selecting a model architecture
should prioritize system transparency. Utilizing heuristic features allows researchers to directly
incorporate domain knowledge into the pipeline, providing known information about FM that
supports signal discrimination. While deep learning or transformer architectures can
autonomously discover complex sequential patterns, heuristic approaches offer greater

explainability. In clinical and regulatory environments, this transparency is critical for
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demystifying model decision-making, thereby building the user trust necessary to drive long-
term product adoption.

Parallel to general algorithmic improvements, the testing of continuous fetal monitoring
systems must transition from controlled laboratory environments to real-world activity. The
algorithms presented in this work were developed using stationary data collection (Ch. 2—4).
While these models learned generalizable patterns (Ch. 2 and 4) and identified statistically
significant differences between fetal and maternal movement (Ch. 3), maintaining an acceptable
false-positive rate during a mother’s daily activities remains a significant challenge.
Consequently, future research must build algorithms that are resilient to high-magnitude noise
captured during maternal motion. One pathway involves hardware expansion, such as the
inclusion of additional sensor types (e.g., acoustic or piezoelectric sensors) to improve baseline
sensitivity [1]. From a signal-processing perspective, adaptive sensor selection might be utilized
within the IMU array to dynamically isolate the specific node exhibiting the highest signal-to-
noise ratio based on proximity to the fetus. Additionally, multi-sensor comparative features (e.g.,
evaluating the differential angular rates across the array nodes) could help isolate localized FM
from maternal motion. Beyond traditional kinematics, investigating time-series entropy might
offer novel metrics to assess signal stability during daily life. Additional data in Chapters 2
through 4 was collected while participants performed controlled and repetitive motion. This
dataset could serve as an immediate testbed to evaluate these sensor-fusion and artifact-rejection
strategies.

Models that are personalized and robust can then be used to shift the focus from short-
term detection to long-term fetal health and behavior studies. Because no commercial or clinical
technologies currently exist for continuous detection, very little is known about longitudinal fetal
activity patterns. Future work should therefore shift from single-session sampling to repeated
sampling throughout gestation to develop models capable of detecting changes in patterns over
time. Building on the technical design choices in Chapters 2 through 4, researchers can
investigate fundamental science regarding fetal activity metrics, such as movement types or rest-
period durations. Characterizing these trends in both healthy and at-risk populations could finally
enable the clinical definition of "meaningful reductions" in FM, providing the objective evidence

needed to prompt clinical intervention.
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Beyond FM monitoring, a high-impact progression of this work involves the integration
of multiple markers of fetal health. Fetal heart rate is known to accelerate in the presence of FM
and acts as a reassuring clinical signal [23]. Fundal measurements are also used to monitor
growth and detect fetal growth restriction [46], and the presence of fetal hiccups is associated
with neurological function and a decreased risk of stillbirth [47,48]. Consequently, FM detection
systems could be tuned to identify predictive fetal movement features like hiccups or strength of
movement. Future research could also explore systems that combine FM detection with fetal
heart rate and/or frequent fundal measurements. Continuous monitoring of these integrated
signals may reveal key insights into targeted intervention windows, ultimately aiding in the
prevention of stillbirth and unnecessary early delivery.

Finally, the technical advancements discussed above are only feasible for real-world
adoption if contextual factors from the end-use context are simultaneously incorporated. The
design framework presented in Chapter 5 provides a foundation for the development of tools that
ensure technology is adaptable across diverse design contexts. Future work should focus on the
creation of actionable checklists, prompts, or computational tools derived from this framework.
Such tools would allow developers to systematically account for context without developing
frameworks from scratch. Follow-up studies are necessary to explore how identified contextual
factors are incorporated into specific design decisions. Once tested, these tools can be applied to
the deployment of FM systems to ensure that technical decisions promote adoption in the

complex settings of at-home and clinical care.
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