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ABSTRACT This article describes the preparation of a clinical study on a connected medical device
dedicated to facilitate the prevention of lymphedema for patients treated for breast cancer after axillary
lymph node dissection (ALND), and to alert them of any manifestation or resurgence in order to prevent
its aggravation. A simulator of the entire physical process called digital twin has been developed for this
purpose, in a hardware-in-the-loop framework. Statistical calibration of its input parameters, by stochastic
inversion and using sensitivity studies, led to establish one or more measurement protocols allowing to
capture the signal on a mobile device (phone or tablet) and to detect signal breaks that are physically
significant. The measured signal makes it possible to report quickly on the worsening of the patient’s
condition and to warn the therapists within a very reasonable period of time. The general methodology of this
work seems to us to be easily reproducible in the preparation of clinical studies of other types for connected
devices, which aim to develop measurement protocols limiting the often significant cost of such studies. One
of the immediate prospects of this work is the initiation of a clinical study on different patients who have
been treated by surgery for breast cancer, after improving the robustness of the design of the prototype to
take into account the uncertainties affecting the measurements.
INDEX TERMS Breast cancer, lymphedema, connected device, design of experiments, digital twin,
hardware-in-the-loop, measurement protocol, Monte Carlo, sensitivity analysis, simulation, stochastic inversion, uncertainty modeling.

I. INTRODUCTION

The development of wearable, connected health devices is
growing considerably in parallel with the autonomous computing capabilities of mobile information reception and management tools. Any certification of these objects is based
on a certification of the protocol for their use and on a
scientific proof of its efficiency and safety. Such evaluations
The associate editor coordinating the review of this manuscript and
approving it for publication was Shunfeng Cheng.
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require clinical studies to be engaged [1]. Because such
studies are often extremely costly, it is of major interest to
pre-determine the conditions of use to be tested in order to
avoid exploring unnecessary situations. Consider as an example a non-invasive connected object, such as a bracelet, watch
or headband. The need to carry out physical signal denoising
under possibly non-stationary conditions requires the prior
availability of as many measurements as possible. We can
assume that the bracelet is worn once a day on a regular basis,
several times a day, or continuously during the day, or even
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night and day. Despite being non-invasive, such a device
imposes a certain discomfort on the user and its use can cause
anxiety, especially when the phenomenon it seeks to detect
can occur at any time, is quick, and potentially irreversible if
not detected and treated on time. In practice, a trade-off has
to be made between acceptance and optimisation for medical
needs.
This type of situation characterizes, among other things,
the problem of detecting the occurrence and measuring the
growth of arm lymphedema, a frequent secondary effect
of ALND [2]. It is associated with an important public
health problem, for which no preventive solution exists today,
apart from microsurgical healing, specific exercises and
risk-reducing behaviors such as avoiding taking blood pressure or wearing tight clothing [3], [4]. Indeed, lymphedema
can occur abruptly and very randomly up to two years after
surgery, and significantly impact a patient’s life [5]. Numerous techniques have been proposed to detect the onset of lymphedema, or even to quantify its evolution (generally globally,
by measuring the evolution of the volume of upper limb).
The most common is the method of anatomical measurements
made with a tape measure (Section II), possibly accompanied
with observations on the tactile aspects of the skin [6]. Some
alternative approaches have been proposed, based on water
displacement [7]–[9] (that suffer from high uncertainties and
can be invasive), optoelectronics [10], infrared laser perometry [11], tissue tonometry [12], or absorptiometry [13],
among others. Independently of their precision, they remain
difficult, if not impossible, to use in the context of outpatient
treatment, as they usually require extensive equipment and
very controlled conditions. In the current context where technological development allows the production of computer
vision algorithms that can be embedded, this type of approach
seems promising for daily and repeated measurements of arm
variations [14], [15], allowing for the detection of such an
onset. However, at the present time, no truly portable solution
seems to be really available, while the problem of undetected serious lymphedema remains unresolved by medical
advances [16].
This problem motivated the development of a non-invasive
connected device allowing the detection and monitoring of
arm lymphedema. Such an approach imposes to verify the
capacity to use the signal produced by the device, and to
solve the difficulties posed by the selection of one or several
measurement protocols. This article deals precisely with the
latter issue.
Indeed, to our knowledge there is no generic methodology to efficiently design measurement protocols for a
clinical study on such connected devices. An empirical
approach would be to perform various measurements on
healthy subjects, in order to design more appropriate protocols. Even considering an ‘‘agile’’ approach to the design
of such measurement protocols [17], the costs involved
in trial and modification would certainly be very high,
and extrapolation beyond the pre-tested perimeter remains
hazardous.
2

Outside the medical field, this type of problem is not
new; in the industrial world, computer-aided design (CAD)
is commonly used to generate models to represent a physical phenomenon. The dynamics underlying this phenomenon
(for example, fluid mechanics) are modelled using theoretical
tools such as partial differential equations. Estimated at the
centroids of a CAD mesh, the resulting numerical model
defines a digital twin of the phenomenon of interest, i.e. a simulator that can generate, based on physical input parameters,
a wide variety of physically plausible situations [18]. These
simulations are valuable tools for design and guide real-world
testing procedures. In the case of simulating the response of
a human body to certain stresses, numerical biomechanical
models based on Behaviour Centred Design (BCD) principles [19] and finite elements methods are increasingly used to
design and test protective equipment (such as airbags, protective suits, etc.) [20], [21] or other medical purposes [22], [23].
However, the development of such numerical models is often
extremely costly, and they are sometimes very demanding
in terms of computational resources [23]. Developing such
models, in a so-called hardware-in-the-loop approach [24],
can be prohibitive, if not impossible.
Above all, such models are based on a mechanistic vision
of the world, which is inherently opposed to the purely
data-based (empirical) vision that governs clinical studies and
certification processes.
In certain situations, however, the behaviour of the connected devices depends on a small number of parameters.
Therefore it is possible to rapidly reproduce the hybrid process that mixes the physical phenomenon of interest and the
measurement process. The principle of a connected health
device is to capture and send information to a processing tool
(e.g., a smartphone or tablet), which itself will enable dialogue with the patient, his or her physician, and possibly trigger recommendations or alerts. A simulation model should
make it possible to convey the numerous noises linked to the
collection and transfer of the measurement to the processing
centre. These specifications particularly differentiate the case
of connected objects to other simulated systems, and require
the implementation of principles inherited from the VVUQ
approach (Verification, Validation and Uncertainty Quantification) which has become standard in the exploration and use
of numerical simulation models [25]. Note that, since such
models are not intended to be a direct diagnostic aid, they do
not have to be extremely precise, although their validation,
based on real data, is indispensable. Indeed, these simulation
tools make it possible to test several virtual measurement
protocols and to prioritize those for which a future clinical
study is expected to be of maximum informational gain.
Through the case study of arm lymphedema, this article
therefore presents a methodology adapted to the design of a
measurement protocol for a connected health device. In the
present case, this object is composed of a connected sleeve
and a related digital processing software operated on a smartphone [26], [27]. This article will first describe the case study
that motivated this research work (Section II) as well as
VOLUME 9, 2021
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FIGURE 2. Measurement positions and layout of lymphometer sensors.

FIGURE 1. Examples of lymphedema. Images collected at the Strasbourg
University Hospital.

the development of a mathematical model of the ‘‘(biological stimulus)-(sensor)-(processor)’’ system, whose computer
implementation defines a digital twin (Section III). The statistical study of this simulation model requires the recalibration of certain sources of uncertainty based on patient data,
using a stochastic inversion procedure, which is described
in Section V. A sensitivity study is then carried out, which
makes it possible to rank the sources of uncertainty and
to judge the need to carry out measurements on a certain
time scale (Section VI). Finally, several virtual measurement
protocols are tested in Section VII. A discussion section
closes this article, which proposes several avenues for future
research.
II. MOTIVATING APPLICATION: LYMPHEDEMA
A. CONTEXT

Lymphedema is a swelling of the arm caused by an accumulation of lymphatic fluid between the connective tissues,
which can be congenital or (most often) can be induced by
the surgical or radiosurgical treatment of cancer. This pathology currently affects more than one hundred million patients
around the world, according to the Lymphatic Education
and Research Network [28]. The present article focuses on
upper limb lymphedema developed after axillary cleaning
during breast cancer treatment (ALND), following a breast
removal operation (see Fig. 1 and [5]). In the situation we
are considering, it can appear on the breast side a few weeks
after axillary cleaning or after a few months if not years.
With physiotherapy, the swelling may be limited, but the
risk of a resurgence is certain when care stops. The progression from pitting edema to progressive structural distortion
characterizes the natural history of lymphedema, which often
extends over the course of weeks to months but in some
cases years [29]. More precisely, approximately 90% of the
VOLUME 9, 2021

lymphedema occur during the first 24 months after treatment,
and the remainder occur years to decades later [30]. For this
reason, it is necessary to remain vigilant over time in order to
report the first symptoms as soon as possible, and to monitor
and treat the patient very regularly if lymphedema is reported.
The detection of lymphedema is commonly practiced using
rudimentary means: measurements are taken at certain positions of the arm, mainly four, shown in Fig. 2, using a tape
measure. According to the procedure used at the Senology
Unit of the Strasbourg University Hospital (HUS), the arm
likely to be impacted must show a difference in circumference
of at least 2 cm compared to the so-called contralateral arm.
In the early stages, however, it is almost impossible to detect
lymphedema. It should also be noted that certain actions,
which are still relatively unknown, can promote the onset of
lymphedema (for example, sports activities or typing on a
computer keyboard). Late detection does not clearly link the
onset to a certain type of activity, the restriction of which may
help patients.
These detection and monitoring are all the more important
since the effects of lymphedema can be devastating for the
patient, from a clinical as well as psychological or social
point of view [31]. Women undergoing lymphedema have
a degraded quality of life, with significant physical and
psychological consequences [31]. Clinically, the significant
swelling of the limb due to lymphedema reduces mobility
and dexterity, and can cause pain to the patient. It can be
a serious obstacle to normal professional activity, requiring
professional reclassification or even permanent work stoppage. In 20 to 40% of lymphedema, infectious complications
(erysipelas type, cellulitis) appear, resulting in fever, general
malaise, severe pain and sometimes inflammation. In the
advanced stages, sclerosis appears, causing skin lesions and
alterations of ligaments and tendons. For women with dyed
skin, lymphedema is a source of psychological and social
difficulties: disruption of body image, disruption of identity
landmarks, loss of self-esteem, anxiety (up to depressive
episodes) [32].
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In addition, lymphedema is underrecognized and underdocumented [6], so the currently accepted rates of incidence
and prevalence are underestimated. Estimates of the risk of
lymphedema after breast cancer treatment vary widely from
14 to 40% [33]. The frequency of lymphedema is 15% to 28%
after ALND and 2.5% to 6.9% after a sentinel lymph node
biopsy (SLNB); the frequency may increase to 44% when
the surgical procedure is combined with radiotherapy [34].
There are different risk factors: the number of lymph nodes
removed, external radiotherapy, obesity, mastectomy, different physical practices. Obesity is an aggravating factor with
a high prevalence: 75% of patients with lymphedema have
a BMI greater than 40 kg/m2 [35]. Another problem is the
variability in the objectively defined threshold of volume
excess required for diagnosis of lymphedema [34]. Besides,
large uncertainties remain regarding what tools are the most
efficient for disease detection [6], some of them being too
invasive or costly.
In the face of these difficulties, sentinel-node sampling techniques reduce the estimated risk of breast
cancer–associated lymphedema to 6 to 10% [36]. Besides, a
prospective study has shown that after breast cancer surgery,
surveillance (with aggressive risk-reduction measures taken)
is associated with a lower observed incidence of lymphedema
(36.4% in the control group vs. 4.4% with surveillance) [37].
Although randomized and controlled trials (RCTs) of surveillance are lacking, there is a growing belief that surveillance
leads to earlier diagnosis and to treatment strategies that are
both more efficient and more cost-effective than the previous situation with no surveillance practices [38]. Setting
up systematic surveillance remains, however, a complicated
task.
Today, the postoperative diagnosis of arm lymphedema
in a breast cancer patient is initially made by the patient’s
personal presumption, as she notices a clear swelling of her
upper limb. Secondly, it is the medical opinion that confirms
or invalidates the presumption of lymphedema of the upper
limb, following a consultation. The diagnosis is therefore not
instantaneous; there may be significant latency between the
onset of lymphedema, suspicion of lymphedema, and final
diagnosis.
At the HUS Senology unit, treatment involves various physiotherapeutic interventions: decongestive lymphatic
therapy relies heavily on manual lymphatic drainage, a massage technique that stimulates lymphatic contractility through
gentle, directed stretching of the skin. In addition, decongestive lymphatic therapy includes skin care, serial application of
multilayer bandaging, exercise (gentle, repetitive contraction
of the musculature beneath the bandages) and mechanical
pressotherapy. Typically, the patient participates in 10 sessions over 2 weeks. Then, the patient can be transitioned to
self-care.
Some authors recommend a surveillance program that
includes a quarterly assessment of arm measurement during
the two years after treatment, when most cases appear. There
should also be prompt use of compression garments and
4

FIGURE 3. Physical prototype of the lymphometer.

decongestive physiotherapy for symptoms or for worrisome
and significant changes in surveillance measurements.
The described context and the treatment difficulties clearly
motivate the search for practical, non-invasive solutions that
favor the early detection and follow-up of patients suffering from lymphedema, finally allowing an objective correlation between symptoms and certain activities. The following
section describes the outcome of such research.
B. A CONNECTED SYSTEM TO DETECT ARM VARIATIONS
1) GENERAL PRINCIPLE

In 2018, following a long-term research collaboration
between the HUS and Quantmetry on breast cancer [39], [40],
both entities developed a connected sleeve (Fig. 3) devoted
to help prevent and analyze lymphedema: the lymphometer [26], [27]. The main task of this connected device is to
enable the patient, through a very simple process (less than
five min), to monitor on a daily basis (this routine will be
detailed later on), the size of her arm at a level of accuracy that
is better than a visual inspection by the patient herself. More
precisely, this sleeve was designed to take measurements of
a patient’s arm circumference at the four different locations
described in Fig. 2, mimicking the usual clinical practice at
the HUS, thus generating a time series of dimension four.
As evoked previously, a major stake is to limit the user’s
discomfort. For this reason, the sleeve should be worn, if possible, only on the arm potentially affected by lymphedema.
Collected data is then sent on a health data hosting certified
cloud server (HDS). Datasets are aggregated and compiled
and then transmitted to the patient and the physician who
follows her personally, as well as to the scientific community
anonymously (if the patient agrees). The stored datasets are
protected and secured, and the anonymity of patients is thus
preserved.
The complete acquisition and treatment system, which
includes the connected sleeve itself, visualisation tools and an
alert subsystem, is represented on Fig. 4 and more thoroughly
described in the following subsection.
2) DESIGN AND WORKING PRINCIPLE

The connected sleeve, which is the data acquisition device,
consists of two main parts: (a) A stretchable fabric; (b) An
electronic device comprising the measurement circuit (sensor
+ conditioner) and a communication module. See Fig. 5 for
a complete view of this measurement chain. The sensor,
a stretchable piece of rope that translates linearly its length
into an electrical resistance, measures a variation in sleeve
VOLUME 9, 2021
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FIGURE 4. Lymphometer acquisition and treatment system.

FIGURE 5. Measuring chain of the connected sleeve.

FIGURE 8. Prototype V1 (Wifi): developed electronic board.

simple and the relation between the sensor value and the
measured time is linear. If R is the resistance of the sensor
and C the capacitor (here a constant), the loading time is
proportional to the time constant τ = R∗C. The measurement
relative precision can be easily derived from the sensor and
capacitor precision:
FIGURE 6. Stretch sensor. Image from the manufacturer’s website
https://www.robotshop.com.

FIGURE 7. Electronic circuit based on an RC conditioner.

stretch due to the variation in arm circumference. Hooks on
both sides enable to connect it to the fabric of the sleeve and
to the electronic PCB (Fig. 6).
Since a microprocessor cannot directly measure an electrical resistance, a conditioner circuitry is designed to convert
the resistance value into an electric voltage. This is done by
measuring the loading time (time to reach a certain level of
electric voltage) of a capacitor through the electrical resistance of the sensor (Fig. 7). The circuit is advantageously
VOLUME 9, 2021

1τ
1R 1C
=
+
τ
R
C
Once resistance is found, the sensor’s transfer function is
inverted to find the value of the stretch.
To communicate the sensor value to the server, the first
hardware version used WiFi. The main issue with WiFi is
that the chip warms up when transmitting data. Unfortunately,
lymphedema can worsen with heat. Eventually, Bluetooth
5.0 Low Energy (BLE) was chosen, since it consumes very
little energy and does not warm up at all. In addition, this versatile technology provides robust short-range communication
for a large range of devices (see [41] for a recent review of its
features). The main difference between Bluetooth and WiFi
is the following: with WiFi the connected sleeve connects
directly to the setup box to send the data, with Bluetooth
the device connects to the patient’s Smartphone and uses the
Smartphone’s connection to send the data. The two prototypes of the electronic board are shown in Fig. 8 and Fig. 9.
On the Smartphone’s side, an application was developed
to connect to the sleeve, display measurements and alerts
to the patient, and send data to the practitioner’s dashboard.
Screenshots of patient Smartphone’s mobile application can
be seen on Fig. 10.
5
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TABLE 1. Main notations used in the modeling process.

FIGURE 9. Prototype V2 (Bluetooth): integrated final electronic board.

models M1 and M2 where M1 is a first stochastic process
(i)
simulating the real growth of arm circumference yt , and
(i)
M2 is a second stochastic process that affects yt with the
measurement noise. These two sub-models are detailed in the
two following subsections The statistical estimation of M1
and M2 is based on a clinical dataset described in Section IV,
which is the subject of Section V.
A. STOCHASTIC MODELING OF ARM GROWTH

A simple growth model for the theoretical arm circumference
at position i and time t, based on the growth function f , can
be defined as follows:


(i)
(i)
(i)
yt = M1 t, y0 , f , t0 , r (i) , y(i)
,
ε
∞ t
( (i)
(i)
y0 + εt
for t < t0 ,

=
(1)
(i) (i) (i)
(i)
f t, y0 , r , y∞ + εt
for t ≥ t0
(i)

FIGURE 10. Screenshot of the patient’s smartphone application. The final
version of this application modifies the alert text to Possible
lymphedema detected.

III. DIGITAL TWIN MODELING

In this section, we describe the steps leading to the definition
of a numerical model M of the device simulating, at each
instant t and for a position i along the arm, a noisy measure(i)∗
ment yt that is transmitted to the smartphone via Bluetooth.
We assume that the smartphone is held at a distance of less
than five meters from the sleeve, without obstacles, so that
the noise and delays affecting the signal transmission can be
considered negligible [41]. Other sources of possible interference in the 2.4 GHz band, such as WiFi [42], are not taken
into account in this modeling. The main notations introduced
in this section are summarized in Table 1 for the reader’s
convenience.
The numerical model M aims to mimic the effects of
the biological stimulus that makes an arm grow at certain
locations. It should allow us to generate a wide range of
(i)
plausible trajectories of values of yt at each measured position i along the arm. This model was defined as the sum of
6

where y0 is the average arm circumference at position i
before the operation, the position parameter t0 indicates the
(i)
time when the growth starts and εt can be interpreted as the
epistemic error between the real and predicted circumference
at time t and position i. A minimal parameterization for the
growth function f should incorporate a local growth rate
r (i) > 0 and an upper limit value (physically plausible)
(i)
y∞ > yi,0 for the circumference [43]. Several growth functions f usually encountered in biological problems are considered for the study, and described in Appendix A-A.
(i)
(i)
Obviously, the parameters y0 and y∞ are correlated. Note
that f was always chosen to be an increasing function of t,
since the therapeutic effects cannot completely reverse the
growth process [6].
(i)
While y0 can be assessed by averaging all measures
(i)
(i)
{zt }t on the contralateral arm, parameters y∞ and r (i) can
be considered as random, with corresponding distributions
(i)
π(y∞ ) and π(r (i) ), as they are different for each patient.
The predictable low number of such observations around the
first growing steps, due to the fact that most patients are
measured after a first suspicion of lymphedema, induces to
(i)
choose a parametric framework for the assessment of π(y∞ )
(i)
and π(r ).
VOLUME 9, 2021
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FIGURE 11. Histogram of arrival times t00 of patients at the hospital in the
early stages of lymphedema. While 17 (on a sample of 20) patient times
were collected, 13 arrival times were extracted (< 6 years) since the four
others were collected in a historical period during which the alert of
lymphedema first stages was less accurate.

More precisely, the placement of the sleeve on the patient’s
arm introduces a first series of contextual errors. These contextual errors propagate in a second step to the electronic
circuit which will in turn introduce errors (uncertainties, sampling, electromagnetic disturbances). Modeling and combining these noises can be done in controlled laboratory experiments. Under the assumptions made above, two sources of
noise affecting each measurement can be determined:
1) The context-sensitive noise εc , which is induced by the
positioning of the sleeve. Appendix A-B describes how
this noise can be assessed based on geometrical considerations. At a given location i and time t, from (13)
the resulting noise εc is a function of the circumference
(i)
yt , two fixed parameters φ and d0 and an unknown
random vector X2 = (1h, Xθ ) that are independent on
i and t. While Xθ lives in IR and is such that E[Xθ ] = 0,
1h has the sense of a small height offset concentrated
around 0. Thus a centered Gaussian distribution appear
as a reasonable hypothesis for the following vector of
random parameters:
X2 ∼ N (0, 62 )

This requires to reparameterize the problem. Indeed, in this
framework, most usable results, in terms of statistical theory
and algorithms, are based on the assumption that the random
input parameters are Gaussian and take their values on the
(i)
(i) (i)
real line [44]–[48]. Denoting X1,a = log(y∞ /y0 − 1) ∈ IR
(i)
and X1,b = log(r (i) ) ∈ IR, it is crudely assumed that, for
(i)
k ∈ {a, b}, the X1,k are independent Gaussian variables:


(i)
(i)
(i)2
X1,k ∼ N µ1,k , σ1,k
(2)
(i)

(i)2

where the unknown parameters {µ1,k , σ1,k }k must be estimated for each location. This practical Gaussian choice
appeared to allow for sampling relevant trajectories of arm
growth.
Parameter t0 can besides be considered as random too,
for the same reason. A rationale for choosing a lognormal
stochastic model, namely defining the new parameterization:


(i)
(i)
(i)
(i)2
X1,c = log t0 ∼ N µ1,c , σ1,c
(3)
(i)

(i)2

where (µ1,c , σ1,c ) are to be estimated too, is based on the
empirical distribution of arrival times t00 of patients in hospital
in the early stages of lymphedema, which are such that t00 & t0
(t00 can be statistically understood as a left-censoring variable
for t0 ). The dataset used for estimation is named D1,A further
in the text (§ IV). As shown in Fig. 11, it appears relevant
to choose a lognormal distribution for t00 . The proximity
between t0 and t00 motivates to choose this same distribution
for t0 . This choice is discussed in the final section of this
article.
B. STOCHASTIC MODELING OF MEASUREMENT NOISES

Due to its design, the connected sleeve necessarily introduces
measurement noises that are summarized by model M2 .
VOLUME 9, 2021

(4)

with unknown diagonal covariance matrix


2
62 = diag σ1h
, σθ2 .
2) The sensor noise εs , affecting the so-called sensor
law, namely the relation between the stretching length,
(i)
which is assimilated to the arm circumference yt at
position i, and the capacitor resistance of the sensor.
According to the manufacturer this relation is linear:
(i)

(i)

yt = αRt + γ + εs(i) .

(5)

A series of tests on healthy experimenters was conducted to check for the validity of this assumption and
to assess the features of εs . We found that
(i)

(i)

εs (yt ) = (α̃yt + γ̃ )ξ

(6)

where ξ ∼ N (0, 1) and (α̃, γ̃ ) is a reparametrization
of (α, γ ). Details about the statistical validity of this
assessment and the values of (α̃, γ̃ ) are provided in
Appendix A-C.
Finally, summing up the separate sources of noise, notice
that the sensor actually measures


(i)
(i)
(i)
ŷt = yt + εc yt , X2 .
This error propagates with the noise from the electronic
circuit: at each location i on the arm, a statistical model for
the measured value y∗ of the circumference transmitted to a
smartphone can be formalized as


(i)∗
(i)
(i)
yt = yt + M2 yt , X2 .
(7)


(i)
where M2 yt , X2 is given by





(i)
(i)
(i)
εc yt , X2 + εs yt + εc yt , X2 ,
(8)
7
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FIGURE 12. Changes of the gap (cm,in absolute value) between the circumferences of the two arms of patients
belonging to the D1 cohort, for position i = 10 cm. The straight line indicates the limit value for which a lymphedema is
clinically detected. Circles denote the times at which physiotherapy is practiced.

the forms of εs and εc being provided by (6) and (13),
respectively.
C. GLOBAL STOCHASTIC MODEL

From (2-3) and (7), a complete writing of the global stochastic
model follows. At position i on the arm affected by lymphedema, at time t ≥ t0 , the stochastic model of an observation of the true circumference is


(i)
(i)∗
(i)
(i)
yt = M(i) t, t0 , X1 , X2 , yt0 + εt
(9)

(i)
where εt ∼ N 0, σ (i)2 and M(i) is the sum of two
instances of models M1 and M2 :


(i)
(i)
(i) (i)
(i)
(i)
M1,t = f t, exp(X1,c ), yt0 , yt0 {exp(X1,a ) + 1}, exp(X1,b )





(i)
(i)
(i)
(i)
M2,t = εc M1,t , X2 + εs M1,t + εc M1,t , X2


(i)
(i)
(i)
(i)
with X1 = X1,a , X1,b , X1,c defined by (2) and (3), and X2
defined by (4).
8

IV. CLINICAL DATA

The available dataset, named D1 , is a cohort of 20 patients
operated from breast cancer and experiencing arm growth
due to lymphedema (Fig. 12 and Fig. 13). As a reminder,
we denote t00 the delay between the operation and the first
visit at the hospital, where a lymphedema is truly detected.
From t00 , each patient receives curative treatment based on
compression and massage techniques at regular appointments
(every 5 days) for an average period of one month. At each
(i) (i)
appointment at time t ≥ t00 , measures {yt , zt } of the circumference of both arms are taken with measuring tape at several
(i)
positions i every 5 centimeters; zt denotes the measure of the
contralateral arm, which is not affected by the lymphedema.
The noises resulting from the measurements were considered
as negligible since these measurements are repeated several
times for each position and averaged. Note that the weights
were measured too, in order to check that length variations
were only due to the growth of the lymphedema.
A treatment sequence reduces the speed at which the circumference of the arm grows and sometimes diminishes it,
but it cannot completely eliminate the lymphedema (Fig. 14).
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FIGURE 13. Changes of the gap (cm,in absolute value) between the circumferences of the two arms of patients
belonging to the D1 cohort, for position i = 20 cm. The straight line indicates the limit value for which a lymphedema is
clinically detected. Circles denote the times at which physiotherapy is practiced.

Stopping a treatment sequence usually results in new growth
of the arm until the next treatment sequence. This is due to
the biological mechanism that causes lymphedema, which is
not affected by the treatment [6]. Denoting ti the end of the
ith occurence of a treatment sequence, it is therefore possible
to divide D1 into two subgroups:

D1,A = measures made from t00 until t1 ;

D1,B = measures made from ti0 until ti+1 , for i ≥ 1 .
Thus, each patient trajectory is divided between one trajectory belonging to D1,A , for which t0 is unknown, and others
belonging to D1,B , for which t0 is known and corresponds to
the last value ti (i ≥ 1): they correspond to a set of ‘‘virtual patients’’ that experiment the same biological dynamics
of arm growth, but do not share similar growth parameters because of the effects of treatments. This assumption,
on the basis of biological knowledge [6], is very similar to
a relaxation of the so-called As Bad As Old (ABAO) concept
characterizing the reliability of complex mechanical systems
submitted to corrective maintenance [49].
VOLUME 9, 2021

V. STATISTICAL MODELING AND STOCHASTIC
INVERSION
A. STATISTICAL FRAMEWORK

To simplify the notations, let t = 0 denote the time of
operation for each patient belonging to the D1 cohort. The
period of observation for a given patient j ∈ {1, . . . , n1 } is
1j =

m−1
[h
`=0

i
0
t`,j
, t`+1,j .

with:
0 being the time of first return to the hospital (after the
• t0,j
lymphedema has begun at unknown time t0,j );
• t`+1,j being the time at which the `+1 sequence of curative treatment ends for the patient j, and consequently
the time at which the growth of the lymphedema restarts
freely;
0
• t`+1,j
> t`+1,j being the time at which the `+2 sequence
of curative treatment begins;
• tm,j is the time of last observation for the patient j.
9
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FIGURE 14. Evolution of the arm circumference (in cm) for two patients belonging to the D1 cohort. The
x−axis corresponds to a range of positions on the arm.

0 ,t
Within each range [t`,j
`+1,j ], the patient’s arms are mea0
sured at several times {t`,k,j }k with k ∈ {0, . . . , q − 1},
0
0 and t 0
such that t`,0,j
= t`,j
`,q,j = t`+1,j . The time period
0
0
t`,k+1,j − t`,k,j is fixed by the protocol and independent on
j (but not always regular).
For a position i ∈ {1, . . . , d} on the arm affected by lymphedema, the observed circumference for patient j at known
0
time t`,k,j
, for ` ≥ 0, is explained by (using the notation
of (9))


(i)∗
(i)
(i)
(i)
0
yt 0 ,j = M(i) t`,k,j
, t`,j , X1,j , X2,j , yt`,j + εt 0 ,j .
(10)
`,k,j

Note that

`,k,j

(i)
t`,j

is a missing (random) observation when ` = 0
(i)

(subcohort D1,A ): in this case t`,j is the time at which the
10

lymphedema begins. When ` > 0 (for each member of
0 (i)
(i)
subcohort D1,B ), t`,j is made equal to t`,j .
A second observation equation arises from s ∈ {1, . . . , S}
independent, repetitive measures on the contralateral
arm:
n

(i)∗

yt` ,j,s

o
1≤s≤S



(i)
(i)2
∼ N yt` ,j , σt` ,j .

(11)

With S = 5, since the small natural variation in arm circumference described by ε in (1) was found to be well
approximated
(0, 0.1), the classical empirical estimator
P by N
(i)∗
(i)2
(i)
ŷt` ,j = S1 Ss=1 yt` ,j,s has small variance σt` ,j /S ' 0.02,
which can be considered as negligible.
VOLUME 9, 2021

L. Béthencourt et al.: Guiding Measurement Protocols of Connected Medical Devices Using Digital Twins

B. STOCHASTIC INVERSION
(i)
t` ,j

Plugging ŷ (i)

into (10), the complete model for the
(i)∗

n1 −sample of output observations Yj∗ = {yt 0 ,k,j }i,`,,k ∈
`

d×m×q can be written in a more compact way as
(IR+
∗)

Yj∗ = H Xj , dj + Uj

(12)

(i)

where Xj = {X1,j , X2,j }i ∈ IR3d+2 is a Gaussian vector of
(i)

missing observations, Uj = {εt 0 ,j }i,`,k ∈ IRd×m×q is a
`,k,j
centered Gaussian noise, assumed to be independent on Xj ,
n
o
(i)
∈ IRd×m
dj = t`,j , ŷt` ,j
i,`

is a fixed known parameter vector, and H : IR3d×4 ×
d×q×q is a nonlinear computational model.
IRd×m → (IR+
∗)
For the sake of simplicity, in the following we denote Y ∗ and
X the fully observed and missing observations, and summarize the set of unknown Gaussian parameters of X by 2.
The statistical assessment of 2, linked to observable values
Yj∗ through (12), is similar to the stochastic inversion of
the nonlinear model H ; this framework was described and
well studied by [44]–[46], among others. Following [45],
a Stochastic Expectation Maximization (SEM) algorithm can
be used to solve this problem. In an iterative approach, it maximizes the likelihood of the complete data Z = (Y ∗ , X ) by
sampling the missing data X according to a current value
of the set of parameters 2, and producing an irreductible
Markov chain 21 , . . . , 2M , . . . that converges consistently
towards the maximum likelihood estimator (MLE) of 2 [50].
More precisely, the (k +1) iteration of the SEM algorithm has
3 steps:
• E step: Compute the conditional density p(.|Y ∗ ; 2(k) ) of
missing data X (k) , given Y ∗ and a current estimate 2(k) .
• S step: Complete the sample Z (k) = (Y ∗ , X (k) ) by
sampling X (k) from p(.|Y ∗ ; 2(k) ).
• M step: Update 2(k+1) as the current MLE using Z (k) .
We let the interested reader consult the article [45], which
provides all the implementation details in our Gaussian case,
and describes in particular the use of an MCMC (HastingsMetropolis) method to carry out step S [51]. Following theoretical and practical recommendations [45], [50], [52], [53],
estimation results are provided as an average value of 2
computed over the last (stationary) iterations of the SEM
algorithm, plus a confidence interval computed either by
estimating the Monte Carlo variance or by non-parametric
bootstrap (with similar results).
However, it was necessary, to ensure the good behavior
of the algorithm, to hybridize it with a specific estimation
approach of the distribution of the location parameter t00 ,
in order to struggle against the lack of data information about
t00 . Such a problem can frequently appear when dealing with
location parameters [54]. To overcome this problem, profile
maximized likelihoods [55] were computed with SEM by
0 over n intervals (defined between
fixing q regular values t0,j
1
0 corresponding to the 30 highest
0 and t0,j ). The values t0,j
VOLUME 9, 2021

FIGURE 15. Estimated growth curves (without noise, using a logistic
function) for 10 patients belonging to the D1 cohort, for positions on arm
at 10 cm (top), 40 cm (middle) and 50 cm (bottom).

values of the q × n1 profile MLE were selected and used to
estimate the distribution of t00 .
The relevance of the whole estimation process was checked
by a simulation approach summarized in Appendix A − D.
C. RESULTS

For the logistic growth function, the estimation results of
2 are placed in Tables 2 and 3, accompanied with standard
deviations computed by Monte Carlo.
Estimated growth curves (without noises) are plotted on
Fig. 15, while their noisy equivalent are simulated over
Fig. 16. Such simulations were used to check that growth
models were versatile enough to represent the circumference
11
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FIGURE 16. Simulated noisy growth curves for a patient belonging to the
D1 cohort, for positions on arm at 10 cm (top), 40 cm (middle) and 50 cm
(bottom).

growth over time for a given patient, for at least four positions
on the arm. While the logistic growth seemed to be nearly
better than the other choices, all these functions have been
kept for the rest of the analysis.
VI. SENSITIVITY STUDY

Once stochastic inversion is conducted, the uncertainty quantification framework requires to check if the uncertainty
affecting Y ∗ is mainly dependent on the uncertainty affecting
the meaningful input parameters and not on the various noises
introduced in the model of Y ∗ , following a principle formalized in [56]. Ranking the effects of input uncertainties is the
major task of global sensitivity analysis [57], and conducting
12

FIGURE 17. Functional first-order Sobol’ indices measuring the influence
of input parameters on output variance for arm positions 10 cm (top),
20 cm, 40 cm and 50 cm (bottom). The parameter ‘‘Xi’’ refers to the sensor
noise ξ ∼ N (0, 1) and is related to Equation (6), while ‘‘Epsilon’’
corresponds to the small natural variation ε ∼ N (0, 0.1) in arm
circumference, related to Equation (1).

such an analysis is therefore required after the assessment.
In the current framework, as the estimated Gaussian multivariate distribution is assumed to have diagonal covariance,
VOLUME 9, 2021
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TABLE 2. Maximum likelihood estimation of the position-dependent
components of 2 obtained by SEM, for several positions i , using a logistic
growth function. Standard deviations are provided between parentheses.
q
The values for (the more readable parametrizations) E[t00 ] and Var[t00 ]
are provided in days.

TABLE 3. Maximum likelihood estimation of the position-independent
components of 2 obtained by SEM, using a logistic growth function.
Standard deviations are provided between parentheses.

the use of Sobol’ indices for functional output [58], [59]
appears relevant. The basic principle of these indices, which
determine the part of the variance of the output signal (at each
time step) by input variances, is recalled in Appendix A-E.
They require to sample from the input parameter distributions
estimated in the previous section.
The first-order functional Sobol indices associated with the
random input parameters are shown in Fig. 17. They allow to
compare at a first order the influences of these parameters
on the variance of the output signal, by time steps. Results
displayed in these figures arise from the use of the logistic
growth function, but the results were found to be similar for
the other functions.
As expected, and fortunately, the results show the major
influence of the parameters guiding real growth (X1,a and
X1,b , depending on y∞ and r), which means that uncertainties do not overwhelm information. The influence of the
growth rate r decreases over time, which also seems intuitive.
A key result is that as the model tries to reproduce behavior
away from the shoulder, the importance of the sensor noise
ξ ∼ N (0, 1) from Equation (6) increases significantly. Keeping in mind that the numerical model is a simplified representation, this result however leads to additional efforts in
order to ‘‘freeze’’ the sensor positioning and make the sleeve
threading procedure more robust, e.g. by providing position
marks or by taking a photo that validates or invalidates
the threading. Finally, we note that the impact of the other
parameters involved in contextual noise and sensor-related
measurement noise remain very limited. This result allows
us to consider some of these parameters as fixed in a simulation step (next section). It also reinforces our idea that the
proposed design is efficient.
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VII. DESIGNING MEASUREMENT PROTOCOLS

Obtaining a calibrated simulation model thus feeds a digital
twin of the experiment. This twin should incorporate, as an
additional set of parameters, a protocol for the use of the
connected device. It also provides a test strategy to assess
the appearance of lymphedema. Indeed the use of statistical
tests to detect ruptures in time series is well documented.
In particular, non-parametric tests which do not assume any
distribution on the data are well-suited for our case. Three
popular tests relying on rank statistics have been chosen:
Mann-Whitney test [60], Mann-Kendall test [61], [62] and
Pettitt test [63]. The first one assesses if two populations
are equally distributed, the second one is a trend test and
the third one searches for a rupture in a time series. These
tests have been used over a sliding window, i.e. only making
use of the last nw measurements. Although nw cannot be
too large as it would induce a big delay in the detection,
it cannot be too small either in order to avoid too many false
positives.
A sample of 1000 Monte Carlo runs was used to explore
the ability of these statistical tests to detect significant magnifications of the arm, using two thresholds of statistical
significance (α = 5% and (α = 1%). They are light in
terms of implementation and computational cost, so that they
can be embedded on a mobile device. Conducted for each of
the four sensor positions and the Monte Carlo distribution,
the tests determined the mean time distributions for detection
of clinically significant magnification for several measurement strategies:
• Per day, one to three measurements are made;
• A measurement can be defined as a succession of repetitive acquisitions (via a switch), and the median of
these repetitions is kept, but should remain lower than
5 minutes.
We quickly empirically converged towards the strategies presented over Fig. 23 and Fig. 24. According to the most
sensitive Mann-Whitney test, three measurements per day,
with several repeated acquisitions, always appear necessary
to provide a 90% chance of detecting a significant change
in arm circumference in a time window of less than a week,
without the ergonomic complication related to the use of the
sleeve on the contralateral arm. Incorrect detections, corresponding to simulations for which growth is wrongly detected
(before actual growth), were estimated on average at 9% for
α = 5% and 12% for α = 1%. Such false positives are
annoying, but less so than false negatives that falsely indicate
a lack of regime change. Such false negatives were estimated
at less than 3%. Note that the significant changes detected
in circumferences were always found to be lower than the
clinical repair of 2 cm evoked thereinbefore. In practice, five
acquisitions are possible in less than five minutes, which
pleads for selecting the strategy summarized on Fig. 24.
Clearly, more than three occurrences of a measurement
from one repetition would allow the average detection time to
fall below one day. But from an ergonomic point of view, such
a strategy seems very cumbersome for a patient. We therefore
13
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recommend adopting a protocol based on these five acquisitions and the use of the Mann-Whitney and Mann-Kendall
tests using a 5% significance threshold.
VIII. DISCUSSION

This paper describes the main steps of a methodology mixing
numerical modeling and statistical analysis of the effect of
uncertainties that we propose for the preparation of clinical
studies associated with connected devices. These steps are
part of a more general VVUQ methodology, related to the
use of numerical twins in an industrial setting, but to our
knowledge it has not been adapted or implemented so far in
the case of such connected devices. We show its feasibility
and its usefulness to guide the choice of clinical protocols,
which would allow to decrease the usually very important
cost of empirical trials. The first tests carried out on the
Lymphometer device proved satisfactory in terms of technical
feasibility. Moreover, such an approach seems to us fundamental in order to iteratively improve the design of these
connected devices. Thus, the impact of noise on the signal
can be evaluated a priori, and the influence of parameters
related to controllable constraints, such as those related to
positioning, can be highlighted and adjusted.
In this article, we made the choice of simplifying assumptions about the uncertainties to be taken into account in the
analysis. These hypotheses are reflected in the choice of
a frequentist statistical approach by likelihood maximization. A Bayesian approach to inversion, which assumes that
the unknown parameter vector 2 is itself random, would
undoubtedly make it possible to better apprehend these uncertainties and to propose a more relevant study by simulation [46]. Markov Chains Monte Carlo (MCMC) methods
or RTO (Randomize-Then-Optimize [64]) methods should
ideally be used instead of the SEM approach, while some
techniques are available to elicit priors on 2 [48]. The latter
could incorporate constraints on the components of 2 and
increase its dimensionality (as, for instance, the relations
between θ and φ in Appendix A-B). In this sense, the methodology presented in this paper can certainly be amplified.
Several assumptions could also be relaxed in direct relation
with the use case, so as to improve the relevance of the overall
model, without changing the essence of the methodology.
We cite three of them here.
First, it is conceivable to allow the input Gaussian random
variables to be correlated, and to adapt the inversion algorithm for this purpose. In doing so, sensitivity analysis can
no longer be conducted using Sobol’ indices (which have a
less clear meaning in this framework [65]), but other tools
such as Hilbert-Schmidt information criteria (HSIC; [66]) or
Shapley indices [65], [67] can be used.
Second, several other features of the model could be
improved. For instance, in the geometrical analysis conducted
in Appendix A-B, it is expected that the horizontal noise is
close to be centered, but this assumption is difficult to check.
This suggests that a bias could be incorporated, which would
play a role in the simulation tasks.
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Third, the choice of a lognormal distribution for the time
t00 associated with the beginning of a lymphedema can be
criticized on the basis of the literature dedicated to risk
and lifetime analysis. Poisson-distributed arrivals are, for
instance, an usual hypothesis of such analyses, and deserve
to be tested.
Finally, while it is outside the scope of this article, it is
likely that this kind of study should insert additional noise
due to the possible change of wireless networking technology.
Despite its robustness to the range of devices and its good
behavior at weak distances, Bluetooth technology is known
to have some security weaknesses [68]. Its use for collecting
personal health data must be questioned according to legislation. Besides, other sources of noise that were not taken
into account in this study, as the WiFi [42], could certainly
be added to the simulation model to further improve the
validity of this model. Nonetheless, the main features of the
methodology proposed in this article remain unchanged.
IX. CONCLUSION

Several research avenues are opening up before us, now that
we can use simulation to build clinical study protocols for
this connected device. This work is undoubtedly a necessary
prerequisite to further improve the prototype and it use. Note
that the methodological principles apply to other connected
objects (only the data generation model changes). Therefore
it seems possible to test several technologies in this way, more
quickly, and also improve our methodology. For example,
the significant progress made in computer vision in recent
years [14], [15] may suggest that an alternative solution to the
connected sleeve could involve the use of videos taken by cell
phones, taken in such a way as to perform a 3D reconstruction
of the arm. However, such technologies are still consuming
in computational time, so our current ambition is to improve
the design of the prototype, while at the same time pool the
resources for the clinical study.
All the more so since discussions are underway at HUS and
within the Senologic International Society, between many
practitioners around the world, that aim to collect and compare a wide range of lymphedema monitoring data. The
objective of such a collection would be to specify the characteristics of lymphedema growth patterns that take into
account morphotypes and types of surgery. The specialization
of growth models could allow numerical twins, such as the
one proposed in this paper, to better represent the evolution
of lymphedema and improve the quality of use of measuring
devices.
APPENDIX A
A. DETAILS ON GROWTH FUNCTIONS

Frequently encountered in statistical biological growth studies [43], [69], the growth patterns summarized in Table 4
were used to represent the appearance of a biological stimulus
causing an increase in arm circumference. They have no real
biological value in the present context, but are rather toy
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TABLE 4. Growth functions f t , t0 , y0 , x, y used for the study (after
reparameterization).

FIGURE 19. Measurements of the stretching as a function of impedance.

FIGURE 20. Evolution of the standard deviation of σ (y ) as a function of
the stretching.

FIGURE 18. Growth model comparison (top) and growth speed
comparison for the logistic model (bottom).

models allowing us to study the robustness of the simulated
device, thanks to the variety of situations they allow to represent. While the biological mechanism at the origin of arm
enlargement is still completely unsolved [70], the initiation
and dynamics of growth remain extremely poorly known,
as the vast majority of observations are made once significant
growth has occurred.
Using the parameterization in (1), top of Fig. 18 illustrates
the difference between the growths, for y0 = 0.1, y∞ = 1
and r = 1, while the bottom illustrates the effect of varying
the speed of growth for the logistic case.
B. CONTEXTUAL NOISE

The contextual noise (or error) c is caused by the approximate placement of the sleeve on the arm. A first source of
error is due to a bad axial placement of the sleeve. While one
would want to localize the sensor at arm height h, it is actually
VOLUME 9, 2021

FIGURE 21. Normal QQ-plot of the linear regression of the standard
deviations.

located at height h + 1h. Then a second source of error is
induced by rotating the sensor by an angle θ around the axis
perpendicular to the arm.
In order to estimate c , in the vicinity of a sensor the arm
is geometrically represented by a cone. The latter is defined
by an apex and a perimeter, which is in this case assimilated
to the circumference of the arm in the vicinity of the sensor.
The apex can be interpreted as a fixed point on which the end
of the arm would come to rest. This type of representation
that ‘‘freezes’’ degrees of freedom is usually used in motion
animation, for example to reproduce sign language [71]).
Fig. 22 gives an overview of this geometric problem, and
15

L. Béthencourt et al.: Guiding Measurement Protocols of Connected Medical Devices Using Digital Twins

FIGURE 22. Diagram of the circumference error induced by rotation on a cone.

the notations of this figure are used in the remainder of this
subsection.
A bad axial placement of the sleeve can then be formalized
as the difference in circumference induced by the rotation and
the offset evoked hereinbefore. It is recalled that the intersection of a plane with a cone is an ellipse. Moreover, if the plane
is perpendicular to the axis of revolution, the intersection is a
circle. The cone is entirely determined by the angle φ, which
depends on each patient.
The circumference to be measured is P0 = πd0 . The height
offset places the sensor at a height where the circumference
of the arm is P1 = πd1 . Finally, the rotation of the device
by an angle θ induces a measurement of the circumference
which is equal to the perimeter of the ellipse arising from
the intersection between the cone and the inclined plane of
the angle. We want to determine this circumference P2 , and
c is therefore equal to P2 − P0 . One can determine with
elementary geometry (Fig. 22) the width a and height b
parameters of the ellipse. Referring to the figure, we will call
d1 = BC = d0 + 21h tan φ. We will also name a1 = AD
and a2 = AE. Thus the width parameter a = 12 (a1 + a2 ).
To determine a1 , we use the three following equations
BF
tan φ =
, tan θ =
DF

DF
d1
2

+ BF

, cos θ =

Resolving these equations, we obtain
a1 =
16

d1
1
×
.
2 cos θ
1 − tan θ tan φ

d1
2

+ BF
.
a1

In the same way, we can determine a2 with the following
equations
tan φ =

CG
, tan θ =
EG

EG
d1
2

− CG

, cos θ =

d1
2

− CG
a2

hence
a2 =

1
d1
×
2 cos θ
1 + tan θ tan φ

and then
a=

d1
1
×
.
2
2 cos θ
1 − tan θ tan2 φ

The point I is the middle of the segment AD so a = EI = DI .
Although it is not quite straightforward, one can realize that
b = HI . In the same way we determined d1 , we get
b=

d1
+ IJ × tan φ − AJ .
2

Once again, we use elementary geometry to determine IJ and
AJ :
cos θ =
with AI = a1 −a =
we obtain
b=

AJ
IJ
, tan θ =
AI
AJ
d1
2 cos θ

×

tan θ tan φ
.
1−tan2 θ tan2 φ

In the end,

d1
1
×
2
1 + tan θ tan φ
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FIGURE 23. Distribution of the delays (in days) between the onset or resurgence of lymphedema, generated by
simulation, and its detection through measurements performed on four positions of the arm, for a strategy of
repeated measurements three times a day. Each measurement is the median of three repeated acquisitions (via
a switch). The tests used are Mann-Withney (MW), Mann-Kendall (MK) and Pettitt’s change-point detection test,
for two significance thresholds (5% and 1%). ‘‘Delta’’ indicates the maximum difference in circumference found
on 1000 simulated samples. The rate of correct detection was between 88% and 93%.

Then we can approximate the circumference
p of the ellipse
using a formula owed to Euler: P2 = π 2(a2 + b2 ). The
final noise expression is given by
π (d0 + 21h tan(φ))
εc (d0 , 1h, θ, φ) = √
2 × cos θ(1 − tan2 θ tan2 φ)
q
× 1 + cos2 θ(1 − tan θ tan φ)2
− πd0
(13)
We point out the fact that it is easy to see on Fig. 22 that
the angle θ must satisfy the constraint: |θ| < π2 − φ. Hence
tan θ tan φ < 1 and
parameters are well defined.
 the previous

π/2
Denote Xθ = tan π/2−φ θ which belongs to R and the noise
can be considered as a function of (d0 , 1h, Xθ , φ).
Among these four parameters, d0 can be directly known
from the measurement of the circumference z of the contralateral arm in the stastistical estimation (Section V), using
the formula d0 = z/π, or fixed in Monte Carlo studies
(Sections VI and VII). Furthermore, the unknown angle φ
VOLUME 9, 2021

is theoretically different for each patient, and should be
considered as random. However, note that φ measures the
deviation between a straight (theoretical) arm and a real arm,
each pressing on the same fictitious point. Based on this
observation, preliminary laboratory experiments, conducted
on different real arms, showed that the value of φ  π/2,
is very close to 0 and almost constant (φ ' 0.065), and can be
estimated as follows. Assuming to have Ns repeated measures
yj of the circumference at a given location at various heights,
an estimator of φ is given by


NX
s −1
1
yi+1 − yi
arctan
.
φ̂ =
Ns − 1
2π(hi+1 − hi )
i=0

For this reason, this parameter has been considered deterministic in this study, without loss of methodological generality.
Finally the considered contextual noise depends only
on the two unknown (considered as random) parameters (1h, Xθ ). Besides, note that since φ  π/2, then
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FIGURE 24. Distribution of the delays (in days) between the onset or resurgence of lymphedema, generated by
simulation, and its detection from measurements performed on four positions of the arm, for a strategy of
repeated measurements three times a day. Each measurement is the median of five repeated acquisitions (via a
switch). The tests used are Mann-Withney (MW), Mann-Kendall (MK) and Pettitt’s change-point detection test,
for two significance thresholds (5% and 1%). ‘‘Delta’’ indicates the maximum difference in circumference found
on 1000 simulated samples. The rate of correct detection was between 89% and 93%.

Xθ ' tan(θ). Since, geometrically, the intuitive expectation
of θ is 0, this is the same for Xθ . The same rationale applies for
the expectation of 1h , although this parameter is physically
bounded by unknown bounds. However, based on the fact
that (again for physical reasons) 1h is highly concentrated
around 0, a Gaussian assumption for this random parameter
appears as a mild hypothesis.
C. SENSOR LAW

Controlled, repeated measurements made with the connected
devices were conducted in laboratory, in order to check the
relevance of the stochastic model placed on the sensor noise
εs and to quantify its parameters (see § III-B). A dataset
of 168 sensor stretch measurements was obtained by healthy
experimenters at Quantmetry in laboratory experiments, following the protocol summarized in Table 5.
Data was collected by measuring the impedance value
when the sensor is stretched from its initial length and repeating the measure. The measures and linear regression results
18

TABLE 5. Measurement protocol of sensor stretching (m is for
‘‘measurement(s)’’ and No for ‘‘number of’’).

TABLE 6. Estimated linear regression parameters (with standard
deviation between parentheses).

are plotted in Fig. 19. Pearson’s linear correlation coefficient
was found to be 0.95, which agrees with the statement of the
manufacturer.
Estimates of (α, γ ) in Equation (5) are provided in Table 6.
(i)
It was noticed that the standard deviation σ (yt ) of εs
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TABLE 7. Relative mean square errors (in %) of the MLE computed over
500 replicated datasets.

f (X) can be written as
Var(Y ) =

d
X

Di (Y ) +

i=1

d
X

Dij (Y ) + · · · + D12...d (Y )

i<j

where Di (Y ) = Var(E(Y |Xi )), Dij (Y ) = Var(E(Y |Xi , Xj )) −
Di (Y ) − Dj (Y ), etc. First-order Sobol’ indices are defined as
Dij (Y )
Dijk (Y )
Di (Y )
, Sij =
, Sijk =
...
Var(Y )
Var(Y )
Var(Y )
These indices are between 0 and 1, and their interpretation is
straightforward: they express at the first order the percentage
of variance explained by the interaction under consideration. As the number of indices grows exponentially with the
dimension, the analysis is most often restricted to indices of
orders 1 or 2. Statistical methods to estimate these indices are,
among others, reviewed in [74].
Si =

(i)

increases linearly with the circumference yt (Fig. 20):
(i)

(i)

εs (yt ) = (α̃yt + γ̃ )ξ
with ξ ∼ N (0, 1) and (α̃, γ̃ ) a reparametrization of (α, γ )
(Table 6). The standard reduced normality of this residual was
finally checked by QQ-plot (Fig. 21).
D. CHECKING FOR ESTIMATION VALIDITY

In this section the validity of the statistical estimation
described in § V is checked. M = 500 datasets similar
to the D1 observations are repetitively sampled based on
the estimates of 2 obtained in § V-C (Tables 2 and 3),
for each growth function considered in Appendix A-A. The
corresponding MLE were computed. The results of these
estimations are summarized in Table 7 for two positions i,
that shows the relative Mean Square Error (MSE) associated
to each parameter. For such models, the maximum likelihood estimation proposed in § V globally performs correctly
(although the estimation for the Von Bertanlanffy model
appears slightly less good), which makes us confident in the
results presented hereinbefore.
E. SOBOL’ INDICES

Sensitivity analysis is used to study how the uncertainty in
the output of a model can be related to the input uncertainties [57]. Specifically, it allows the modeler to identify the
input variables that have a major influence on the output and
to prioritize them. The approach proposed by Sobol [72],
which can be extended into the functional framework [59],
is the most common. We provide here some basic explanations and the general idea, for a better readability. Suppose that f is an integrable square function defined on a
d−dimensional space. Hoeffding’s decomposition [73] states
that it is possible to decompose f as a sum of elementary
functions
f (X) = f0 +

d
X
i=1

fi (Xi ) +

d
X

fij (Xi , Xj ) + · · · + f12...d (X),

i<j

R1
which is unique if 0 fi1 ...is (xi1 , . . . , xis )dxik = 0, 1 ≤ k ≤ s,
{i1 , . . . , is } ⊆ {1, . . . , d}, f0 being constant [72]. Assuming
that the input variables X are independent, the variance of
VOLUME 9, 2021

ACKNOWLEDGMENT

The authors would like to thank to Prof. Fabrice Gamboa
(Toulouse III University and ANITI), Martin Le Loc and
Guillaume Hochard (Quantmetry) for their support. They
would also like to thank Caroline Santoyo for her help during
the proofreading task. Additionally, they would also like to
thank the association SEVE (Breast and Life), which works
for a better sharing of knowledge about breast cancer, as well
as the anonymous patients of the studied cohort, without
whom this work could not have been done. Finally, they
would also like to thank two anonymous reviewers for their
comments and critics that greatly help to improve this article.
This work was conducted within a global research project
that has received the favourable opinion of the Committee
for the Protection of Persons (CPP) Est IV in 2016, and
the Institutional Review Board for the Strasbourg University
Hospital. The samples and the associated medical data were
made anonymous, enabling them to be processed automatically for research purposes. For the purpose of replicating
the study, the clinical data can be downloaded and viewed at
the Internet address [75]. All patients have a right of access,
rectification and opposition in accordance with the law. The
authors declare no competing interests and that their study is
ethically compliant.
REFERENCES
[1] M. Leotta, D. Clerissi, D. Olianas, F. Ricca, D. Ancona, G. Delzanno,
L. Franceschini, and M. Ribaudo, ‘‘Medical device evaluation by the
CNEDiMTS (medical device and health technology evaluation committe).
Guide to the specific features of clinical evaluation of a connected medical
device (CMD) in view of its application for reimbursement,’’ French
Nat. Authority Health, Tech. Rep. 04, Jan. 2019. [Online]. Available:
https://www.has-sante.fr/upload/docs/application/pdf/2019-04/
[2] R. J. Tsai, L. K. Dennis, C. F. Lynch, L. G. Snetselaar, G. K. D. Zamba, and
C. Scott-Conner, ‘‘The risk of developing arm lymphedema among breast
cancer survivors: A meta-analysis of treatment factors,’’ Ann. Surgical
Oncol., vol. 16, no. 7, pp. 1959–1972, 2009.
[3] S. A. McLaughlin, S. M. DeSnyder, S. Klimberg, M. Alatriste, F. Boccardo,
M. L. Smith, A. C. Staley, P. T. R. Thiruchelvam, N. A. Hutchison,
J. Mendez, F. MacNeill, F. Vicini, S. G. Rockson, and S. M. Feldman,
‘‘Considerations for clinicians in the diagnosis, prevention, and treatment
of breast cancer-related lymphedema, recommendations from an expert
panel: Part 2: Preventive and therapeutic options,’’ Ann. Surgical Oncol.,
vol. 24, no. 10, pp. 2827–2835, Oct. 2017.
19

L. Béthencourt et al.: Guiding Measurement Protocols of Connected Medical Devices Using Digital Twins

[4] H. E. Sayegh, M. S. Asdourian, M. N. Swaroop, C. L. Brunelle,
M. N. Skolny, L. Salama, and A. G. Taghian, ‘‘Diagnostic methods, risk
factors, prevention, and management of breast cancer-related lymphedema:
Past, present, and future directions,’’ Current Breast Cancer Rep., vol. 9,
no. 2, pp. 111–121, Jun. 2017.
[5] P. S. Mortimer, ‘‘The pathophysiology of lymphedema,’’ Cancer, vol. 83,
no. S12B, pp. 2798–2802, Dec. 1998.
[6] S. G. Rockson, ‘‘Lymphedema after breast cancer treatment,’’ New England J. Med., vol. 379, pp. 1937–1944, 2018.
[7] A. P. Sander, N. M. Hajer, K. Hemenway, and A. C. Miller, ‘‘Upperextremity volume measurements in women with lymphedema: A comparison of measurements obtained via water displacement with geometrically determined volume,’’ Phys. Therapy Rehabil. J., vol. 82, no. 12,
pp. 1201–1212, Dec. 2002.
[8] R. Taylor, U. W. Jayasinghe, L. Koelmeyer, O. Ung, and J. Boyages,
‘‘Reliability and validity of arm volume measurements for assessment of
lymphedema,’’ Phys. Therapy Rehabil. J., vol. 86, no. 2, pp. 205–214,
Feb. 2006.
[9] Å. Sagen, R. Kåresen, P. Skaane, and M. A. Risberg, ‘‘Validity for the
simplified water displacement instrument to measure arm lymphedema as
a result of breast cancer surgery,’’ Arch. Phys. Med. Rehabil., vol. 90, no. 5,
pp. 803–809, May 2009.
[10] T. Deltombe, J. Jamart, S. Recloux, C. Legrand, N. Vanderbroeck,
S. Theys, and P. Hanson, ‘‘Reliability and limits of agreement of circumferential, water displacement, and optoelectronic volumetric in the
measurement of upper lim lymphedema,’’ Lymphology, vol. 40, pp. 26–34,
Aug. 2007.
[11] S. H. Ridner, L. D. Montgomery, J. T. Hepworth, B. R. Stewart, and
J. M. Armer, ‘‘Comparison of upper limb volume measurement techniques
and arm symptoms between healthy volunteers and individuals with known
lymphedema,’’ Lymphology, vol. 40, no. 1, pp. 35–46, 2007.
[12] Y.-W. Chen, H.-J. Tsai, H.-C. Hung, and J.-Y. Tsauo, ‘‘Reliability study of
measurements for lymphedema in breast cancer patients,’’ Amer. J. Phys.
Med. Rehabil., vol. 87, no. 1, pp. 33–38, 2008.
[13] C. Gjorup, B. Zerahn, and H. W. Hendel, ‘‘Assessment of volume measurement of breast cancer-related lymphedema by three methods: Circumference measurement, water displacement, and dual energy X-ray absorptiometry,’’ Lymphatic Res. Biol., vol. 8, no. 2, pp. 111–119, Jun. 2010.
[14] V. Leroy, J.-S. Franco, and E. Boyer, ‘‘Volume sweeping: Learning photoconsistency for multi-view shape reconstruction,’’ Int. J. Comput. Vis.,
vol. 129, no. 2, pp. 284–299, Feb. 2021.
[15] B. N. White, I. M. Lu, L. A. S. Kao, J. B. Dixon, M. J. Weiler, N. D. Frank,
J. Binkley, P. Subhedar, J. Okoli, K. Buhariwalla, A. Suarez-Ligon, and
S. G. Gabram-Mendola, ‘‘An infrared 3D scanning device as a novel limb
volume measurement tool in breast cancer patients,’’ World J. Surgical
Oncol., vol. 18, pp. 1–7, Dec. 2020.
[16] G. E. Naoum, S. Roberts, C. L. Brunelle, A. M. Shui, L. Salama, K. Daniell,
T. Gillespie, L. Bucci, B. L. Smith, A. Y. Ho, and A. G. Taghian, ‘‘Quantifying the impact of axillary surgery and nodal irradiation on breast
cancer–related lymphedema and local tumor control: Long-term results
from a prospective screening trial,’’ J. Clin. Oncol., vol. 38, no. 29,
pp. 3430–3438, Oct. 2020.
[17] M. Leotta, D. Clerissi, D. Olianas, F. Ricca, D. Ancona, G. Delzanno,
L. Franceschini, and M. Ribaudo, ‘‘An acceptance testing approach for
Internet of Things systems,’’ IET Softw., vol. 12, no. 5, pp. 430–436,
Oct. 2018.
[18] F. Tao, H. Zhang, A. Liu, and A. Y. C. Nee, ‘‘Digital twin in industry: Stateof-the-art,’’ IEEE Trans. Ind. Informat., vol. 15, no. 4, pp. 2405–2415,
Apr. 2019.
[19] R. Aunger and V. Curtis, ‘‘Behaviour centred design: Towards an applied
science of behaviour change,’’ Health Psychol. Rev., vol. 10, no. 4,
pp. 425–446, Oct. 2016.
[20] P. Beillas, Y. Lafon, and F. W. Smith, ‘‘The effects of posture and subjectto-subject variations on the position, shape and volume of abdominal and
thoracic organs,’’ Stapp Car Crash J., vol. 53, pp. 127–154, 2009.
[21] P. Beillas and F. Berthet, ‘‘An investigation of human body model morphing
for the assessment of abdomen responses to impact against a population of
test subjects,’’ Traffic Injury Prevention, vol. 18, no. 1, pp. S142–S147,
May 2017.
[22] H. Zaidi and X. G. Xu, ‘‘Computational anthropomorphic models of the
human anatomy: The path to realistic Monte Carlo modeling in radiological sciences,’’ Annu. Rev. Biomed. Eng., vol. 9, no. 1, pp. 471–500,
Aug. 2007.

20

[23] P. M. F. Nielsen, A. Wittek, K. Miller, B. Doyle, G. R. Joldes, and
M. P. Nash, Eds., Computational Biomechanics for Medicine: Measurements, Models, and Predictions. New York, NY, USA: Springer, 2019.
[24] A. Cebi, L. Guvenc, M. Demirci, C. K. Karadeniz, K. Kanar, and
E. Guraslan, ‘‘A low cost, portable engine electronic control unit hardwarein-the-loop test system,’’ in Proc. IEEE Int. Symp. Ind. Electron., Jun. 2005,
pp. 293–298.
[25] Assessing the Reliability of Complex Models: Mathematical and Statistical
Foundations of Verification, Validation and Uncertainty Quantification,
Nat. Res. Council Nat. Academies, Washington, DC, USA, 2012.
[26] Anonymous. Ehealth: What Innovations in Health? Accessed:
Apr. 12, 2020. [Online]. Available: https://www.absmarthealth.com/
ehealth-what-innovations-in-health/
[27] W. Zirar. CES 2019: Quantmetry Présente sa Manche Connectée Pour les
Femmes Atteintes d’un Cancer du sein. Accessed: Apr. 12, 2020. [Online].
Available: https://www.ticpharma.com
[28] Anonymous. Research and Researchers. Accessed: May 9, 2020. [Online].
Available: https://lymphaticnetwork.org/
[29] International Society of Lymphology, ‘‘The diagnosis and treatment of
peripheral lymphedema. 2009 consensus document of the international
society of lymphology,’’ Lymphology, vol. 42, no. 2, pp. 51–60, 2009.
[30] T. DiSipio, S. Rye, B. Newman, and S. Hayes, ‘‘Incidence of unilateral arm
lymphoedema after breast cancer: A systematic review and meta-analysis,’’
Lancet Oncol., vol. 14, no. 6, pp. 500–515, May 2013.
[31] S. H. Ridner, ‘‘Quality of life and a symptom cluster associated with breast
cancer treatment-related lymphedema,’’ Supportive Care Cancer, vol. 13,
no. 11, pp. 904–911, Nov. 2005.
[32] M. B. Tobin, H. J. Lacey, L. Meyer, and P. S. Mortimer, ‘‘The psychological
morbidity of breast cancer–related arm swelling. Psychological morbidity
of lymphoedema,’’ Cancer, vol. 72, no. 11, pp. 3248–3252, Dec. 1993.
[33] S. A. McLaughlin, A. C. Staley, F. Vicini, P. Thiruchelvam,
N. A. Hutchison, J. Mendez, F. MacNeill, S. G. Rockson, S. M. DeSnyder,
S. Klimberg, M. Alatriste, F. Boccardo, M. L. Smith, and S. M. Feldman,
‘‘Considerations for clinicians in the diagnosis, prevention, and treatment
of breast cancer-related lymphedema: Recommendations from a
multidisciplinary expert ASBrS panel: Part 1: Definitions, assessments,
education, and future directions,’’ Ann. Surgical Oncol., vol. 24, no. 10,
pp. 2818–2826, Oct. 2017.
[34] S.-Y. Jung, K. H. Shin, M. Kim, S. H. Chung, S. Lee, H.-S. Kang,
E. S. Lee, Y. Kwon, K. S. Lee, I. H. Park, and J. Ro, ‘‘Treatment factors
affecting breast cancer-related lymphedema after systemic chemotherapy
and radiotherapy in stage II/III breast cancer patients,’’ Breast Cancer Res.
Treatment, vol. 148, no. 1, pp. 91–98, Nov. 2014.
[35] L. K. Helyer, M. Varnic, L. W. Le, W. Leong, and D. McCready, ‘‘Obesity
is a risk factor for developing postoperative lymphedema in breast cancer
patients,’’ Breast J., vol. 16, no. 1, pp. 48–54, Jan. 2010.
[36] A. G. Wernicke, R. L. Goodman, B. C. Turner, L. T. Komarnicky,
W. J. Curran, P. J. Christos, I. Khan, K. Vandris, B. Parashar, D. Nori, and
K. S. C. Chao, ‘‘A 10-year follow-up of treatment outcomes in patients
with early stage breast cancer and clinically negative axillary nodes treated
with tangential breast irradiation following sentinel lymph node dissection or axillary clearance,’’ Breast Cancer Res. Treat., vol. 125, no. 3,
pp. 893–902, Feb. 2011.
[37] A. Soran, T. Ozmen, K. P. McGuire, E. J. Diego, P. F. McAuliffe,
M. Bonaventura, G. M. Ahrendt, L. DeGore, and R. Johnson, ‘‘The importance of detection of subclinical lymphedema for the prevention of breast
cancer-related clinical lymphedema after axillary lymph node dissection;
a prospective observational study,’’ Lymphatic Res. Biol., vol. 12, no. 4,
pp. 289–294, Dec. 2014.
[38] N. L. Stout, L. A. Pfalzer, B. Springer, E. Levy, C. L. McGarvey,
J. V. Danoff, L. H. Gerber, and P. W. Soballe, ‘‘Breast cancer–related lymphedema: Comparing direct costs of a prospective surveillance model and
a traditional model of care,’’ Phys. Therapy, vol. 92, no. 1, pp. 152–163,
Jan. 2012.
[39] M. Lodi, L. Scheer, N. Reix, D. Heitz, A.-J. Carin, N. Thiébaut,
K. Neuberger, C. Tomasetto, and C. Mathelin, ‘‘Breast cancer in elderly
women and altered clinico-pathological characteristics: A systematic
review,’’ Breast Cancer Res. Treatment, vol. 166, no. 3, pp. 657–668,
Dec. 2017.
[40] A.-J. Carin, S. Molière, V. Gabriele, M. Lodi, N. Thiébaut, K. Neuberger,
and C. Mathelin, ‘‘Relevance of breast MRI in determining the size and
focality of invasive breast cancer treated by mastectomy: A prospective
study,’’ World J. Surgical Oncol., vol. 15, no. 1, pp. 1–8, Dec. 2017.

VOLUME 9, 2021

L. Béthencourt et al.: Guiding Measurement Protocols of Connected Medical Devices Using Digital Twins

[41] J. Tosi, F. Taffoni, M. Santacatterina, R. Sannino, and D. Formica, ‘‘Performance evaluation of Bluetooth low energy: A systematic review,’’ Sensors,
vol. 17, no. 12, p. 2898, Dec. 2017.
[42] T. Abdelzaher, N. Pereira, and E. Tovar, Eds., Detecting and Avoiding Multiple Sources of Interference in the 2.4 GHz Spectrum. Cham, Switzerland:
Springer, 2015.
[43] J. Murray, Mathematical Biology II. Spatial Models and Biomedical Applications. New York, NY, USA: Springer-Verlag, 2003.
[44] G. Celeux, A. Grimaud, Y. Lefèbvre, and E. de Rocquigny, ‘‘Identifying intrinsic variability in multivariate systems through linearized inverse
methods,’’ Inverse Problems Sci. Eng., vol. 18, no. 3, pp. 401–415,
Apr. 2010.
[45] P. Barbillon, G. Celeux, A. Grimaud, Y. Lefebvre, and É. De Rocquigny,
‘‘Nonlinear methods for inverse statistical problems,’’ Computational
Statist. Data Anal., vol. 55, pp. 132–142, Jan. 2010.
[46] S. Fu, G. Celeux, N. Bousquet, and M. Couplet, ‘‘Bayesian inference for
inverse problems occurring in uncertainty analysis,’’ Int. J. Uncertainty
Quantification, vol. 5, no. 1, pp. 73–98, 2015.
[47] J. B. Nagel and B. Sudret, ‘‘Hamiltonian Monte Carlo and borrowing
strength in hierarchical inverse problems,’’ ASCE-ASME J. Risk Uncertainty Eng. Syst., A, Civil Eng., vol. 2, no. 3, Sep. 2016, Art. no. B4015008.
[48] S. Fu, M. Couplet, and N. Bousquet, ‘‘An adaptive kriging method for
solving nonlinear inverse statistical problems,’’ Environmetrics, vol. 28,
no. 4, p. e2439, Jun. 2017.
[49] M. Ouali, S. Yacout, and D. Ait-Kadi, A Survey of Replacement Models
With Minimal Repair. London, U.K.: Springer, 2011.
[50] S. F. Nielsen, ‘‘The stochastic EM algorithm: Estimation and asymptotic
results,’’ Bernoulli, vol. 6, no. 3, pp. 457–489, 2000.
[51] E. Kuhn and M. Lavielle, ‘‘Coupling a stochastic approximation version of EM with an MCMC procedure,’’ ESAIM Probab. Statist., vol. 8,
pp. 115–131, Aug. 2004.
[52] G. Celeux and J. Diebolt, ‘‘A probabilistic teacher algorithm for iterative
maximum likelihood estimation,’’ Classification Rel. Methods Data Anal.,
pp. 617–623, 1987.
[53] B. Delyon, M. Lavielle, and E. Moulines, ‘‘Convergence of a stochastic
version of the EM algorithm,’’ Ann. Statist., vol. 27, no. 1, pp. 94–128,
1999.
[54] R. L. Smith, ‘‘Maximum likelihood estimation in a class of nonregular
cases,’’ Biometrika, vol. 72, no. 1, pp. 67–90, 1985.
[55] S. R. Cole, H. Chu, and S. Greenland, ‘‘Maximum likelihood, profile likelihood, and penalized likelihood: A primer,’’ Amer. J. Epidemiol., vol. 179,
no. 2, pp. 252–260, Jan. 2014.
[56] N. Bousquet, M. Blazère, and T. Cerbelaud, ‘‘Prior constraints of wellposedness in stochastic inversion problems of computer models,’’ 2018,
arXiv:1806.03440. [Online]. Available: http://arxiv.org/abs/1806.03440
[57] A. Saltelli, M. Ratto, T. Andres, F. Campolongo, J. Cariboni, D. Gatelli,
M. Saisana, and S. Tarantola, Global Sensitivity Analysis: The Primer.
Hoboken, NJ, USA: Wiley, 2008.
[58] B. Iooss and M. Ribatet, ‘‘Global sensitivity analysis of computer models
with functional inputs,’’ Rel. Eng. Syst. Saf., vol. 94, no. 7, pp. 1194–1204,
Jul. 2009.
[59] F. Gamboa, A. Janon, T. Klein, and A. Lagnoux, ‘‘Sensitivity analysis for
multidimensional and functional outputs,’’ Electron. J. Statist., vol. 8, no. 1,
pp. 575–603, 2014.
[60] H. B. Mann and D. R. Whitney, ‘‘On a test of whether one of two random variables is stochastically larger than the other,’’ Ann. Math. Statist.,
vol. 18, no. 1, pp. 50–60, Mar. 1947.
[61] H. B. Mann, ‘‘Nonparametric tests against trend,’’ Econometrica, J. Econ.
Soc., vol. 3, pp. 245–259, Jul. 1945.
[62] M. G. Kendall, ‘‘A new measure of rank correlation,’’ Biometrika, vol. 30,
nos. 1–2, pp. 81–93, Jun. 1938.
[63] A. N. Pettitt, ‘‘A non-parametric approach to the change-point problem,’’
J. Roy. Stat. Soc., C, Appl. Statist., vol. 28, no. 2, pp. 126–135, 1979.
[64] J. M. Bardsley, A. Solonen, H. Haario, and M. Laine, ‘‘Randomize-thenoptimize: A method for sampling from posterior distributions in nonlinear
inverse problems,’’ SIAM J. Sci. Comput., vol. 36, no. 4, pp. A1895–A1910,
Jan. 2014.
[65] B. Iooss and C. Prieur, ‘‘Shapley effects for sensitivity analysis with
correlated inputs: Comparisons with sobol’indices, numerical estimation and applications,’’ Int. J. Uncertainty Quantification, vol. 9, no. 5,
pp. 493–514, 2019.
[66] S. D. Veiga, ‘‘Global sensitivity analysis with dependence measures,’’
J. Stat. Comput. Simul., vol. 85, no. 7, pp. 1283–1305, May 2015.
[67] A. B. Owen, ‘‘Sobol’indices and Shapley value,’’ SIAM/ASA J. Uncertainty
Quantification, vol. 2, no. 1, pp. 245–251, 2014.
VOLUME 9, 2021

[68] A. Lonzetta, P. Cope, J. Campbell, B. Mohd, and T. Hayajneh, ‘‘Security
vulnerabilities in Bluetooth technology as used in IoT,’’ J. Sens. Actuator
Netw., vol. 7, no. 3, p. 28, Jul. 2018.
[69] L. Von Bertalanffy, ‘‘A quantitative theory of organic growth (inquiries on
growth laws. II),’’ Hum. Biol., vol. 10, no. 2, pp. 181–213, 1938.
[70] S. H. Azhar, H. Y. Lim, B.-K. Tan, and V. Angeli, ‘‘The unresolved
pathophysiology of lymphedema,’’ Frontiers Physiol., vol. 11, p. 137,
Mar. 2020.
[71] D. E. van Wyck, ‘‘Virtual human modelling and animation for real-time
sign language visualisation,’’ M.S. thesis, Dept. Comput. Sci., Univ. Western Cape, Cape Town, South Africa, 2008.
[72] I. M. Sobol, ‘‘Sensitivity estimates for nonlinear mathematical models,’’
Matematicheskoe Modelirovanie, vol. 2, no. 1, pp. 112–118, 1990.
[73] W. Hoeffding, ‘‘A class of statistics with asymptotically normal distributions,’’ Ann. Math. Statist., vol. 19, no. 3, pp. 293–325, 1948.
[74] B. Iooss and P. Lemaître, ‘‘A review on global sensitivity analysis methods,’’ in Uncertainty Management in Simulation-Optimization of Complex
Systems. New York, NY, USA: Springer, 2015, pp. 101–122.
[75] N. Bousquet and C. Mathelin, ‘‘Lymphedema measurements (including
periods of curative treatments),’’ Clin. Data Deposit, Jan. 2021, doi:
10.21227/8yz8-ds19.

LOÏC BÉTHENCOURT was born in 1995.
He received the M.Sc. degree from the École
Centrale de Lyon, in 2019. He is currently pursuing
the Ph.D. degree in mathematics. He conducted
an important part of this work as a part of his
Engineering M.Sc. research work at Sorbonne
University, Paris, and as a Contract Engineer at
CNRS, supervised by N. Bousquet.

WALID DABACHINE was born in 1994.
He received the M.Sc. degree in 2017. He initiated
the work on the digital twin, especially on the
statistical modeling of the noise model, under
the supervision of V. Dejouy and N. Bousquet.
This work was a part of his Engineering M.Sc.
research work. After graduating from Paris Saclay
University in computer science, he completed his
training with a specialization in machine learning
at ENSIMAG, Grenoble. He joined Quantmetry
in 2018, where he works on various projects in different industries with a
special focus in time series analysis.

VINCENT DEJOUY was born in 1979. He received
the M.Sc. degree in 2005. He spent a first part of
his career (more than ten years) developing high
technology hardware products for well know manufacturers, such as TomTom, Sagem, and NEC.
Then his interest for mathematics pushed him
towards the Certification Data Science Starter Program from the École Polytechnique, Palaiseau, and
he exercised his theoretical knowledge in a start-up
project about connected smart home. At Quantmetry, he has worked on numerous computer vision, predictive maintenance,
and statistical modeling projects. He piloted the design and the development
of the connected device.
21

L. Béthencourt et al.: Guiding Measurement Protocols of Connected Medical Devices Using Digital Twins

ZAKARIA LALMICHE was born in 1995.
He received the M.Sc. degree in 2018. He is
currently an Engineer specialized in IoT hardware,
graduated from ENSEA. He is also an Electronics
Engineer and participated, under the supervision
of V. Dejouy, in the electronic design of the connected device. He has been working since the end
of 2018 at Elsys Design, a company specializing
in electronics for major technological groups.

KARL NEUBERGER graduated from the École
Polytechnique, in 2012, and HEC Contractors,
in 2013. As a Partner of Quantmetry since
2017 and a Chief Operating Officer since 2019,
he has led numerous data science and AI projects
and missions since 2013, and is notably at the
origin of the partnership between Quantmetry and
the University Hospitals of Strasbourg. He led the
team that built the first prototype of the connected
device which won the 2015 Hacking Health Camp.

ISSAM IBNOUHSEIN received the M.Sc. degree
from TelecomParisTech, in 2011, and the Ph.D.
degree in quantum physics and statistics from
CEA, in 2014. He has successively been a Data
Scientist, then a Manager at Quantmetry, where he
is since the end of 2019 the Head of Research and
Innovation. He has led numerous data science and
AI projects in various fields, with a predilection for
the health sector. He was for a long time in charge
of the partnership between Quantmetry and HUS,
and participated in the research on the development of the prototype.

SANDRINE CHÉREAU is currently a Physiotherapist with the Institut de Cancérologie Strasbourg Europe (ICANS, Lymphedema Unit). She
practices various physiotherapeutic interventions:
decongestive lymphatic therapy with manual lymphatic drainage, serial application of multilayer
bandaging, exercise (gentle, repetitive contraction
of the musculature beneath the bandages), and
mechanical pressotherapy. Typically, all patients
participate in at least ten sessions over two weeks.
They are then transitioned to selfcare while Sandrine Chéreau remains in
charge of their follow-up. Her clinical research interest includes different
themes, such as lymphedema after SNLB or the Lymphometry project. She
contributed to this research by her therapeutic expertise and the collection of
data allowing the calibration of the digital twin.
22

CAROLE MATHELIN graduated in medicine,
then specialized in gynecology-obstetrics and
oncology, she is responsible of the Department
of Surgery, Institut de Cancérologie Strasbourg
Europe (ICANS), and a University Professor with
the Faculty of Medicine of Strasbourg. She is
currently a Researcher with the UMR 7104U964 Team, Institute of Genetics and Molecular and Cellular Biology (IGBMC), Strasbourg.
The Past-President of the International Society of
Senology (SIS), in charge of the International Cooperation of the SIS,
the Head of the Senology group, French National College of Gynecologists
and Obstetricians (CNGOF), and the Head of the University Diploma of
Breast Diseases, she is also a member of the National Academy of Surgery
and a member of the editorial board of several scientific journals. Her clinical
research interests include different themes, such as the sentinel lymph node
in breast surgery, tissue and circulating biomarkers in breast cancer, and
influence of the environment on breast health. She is interested in big data,
artificial intelligence, and connected objects in relation with breast cancer.
She is also developing protocols in fundamental and clinical research. She
has published about 150 international surveys. She drove the medical parts
of this study.
NICOLAS SAVY was born in 1973. He received
the M.Sc. degree in 1995 and the Ph.D. degree
in applied mathematics from Rennes I University,
in 2003. He was involved in the development of the
statistical methodology. He started his career as a
Lecturer at the University of Bretagne Occidentale
in 1999 and moved to the Mathematical Institute
of Toulouse (Paul Sabatier University) in 2006 as
an Associate Professor. He is actually in charge of
the CNRS research group devoted to Statistic and
Health. His research interests include biostatistics, especially longitudinal
data analysis, clinical trial design, in silico clinical trials, and agent-based
models applied to medical research.
PHILIPPE SAINT PIERRE received the M.Sc.
degree in 2001, and the Ph.D. degree in biostatistics from the University of Montpellier, in 2005.
He was involved in the development of the statistical methodology. He became an Associate Professor of Statistics at Sorbonne University in 2005.
He is currently an Associate Professor with the
Mathematical Institute of Toulouse (Paul Sabatier
University). His research interests include biostatistics, machine learning, and development of
statistical methods for questions coming from health and industry. He is also
an Expert for the French National Authority for Health (HAS) and an Elected
Member of the board of the Biopharmacy and Health group of the French
Statistical Association.
NICOLAS BOUSQUET was born in 1981.
He received the M.Sc. degree from ENSIMAG,
in 2003, and the Ph.D. degree in mathematics
from Paris XI University, Orsay, in 2006. He led
the Lymphomath project and the research team
leading up to the production of the digital twin
and its statistical study, as well as the redaction
of this article. He was a Postdoctoral Researcher
with INRIA, from 2006 to 2007, then at Laval
University. Formerly an Expert Researcher at EDF
from 2008 to 2017, he was the Scientific Director of Quantmetry from
2017 to 2020 and the Head of Research and Development and Innovation
until the end of 2019, while became an Associate Professor of Statistics
at Sorbonne University in 2017. He is currently co-heading the activities
of the Industrial Artificial Intelligence Laboratory, EDF Research and
Development. His research interests include the probabilistic treatment of
uncertainty in numerical models, Bayesian modeling, and statistical learning
applied to the design of artificial intelligence tools for industry, health, and
the environment.

VOLUME 9, 2021

