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Abstract

The development of new diagnostic technologies is accelerating, and budgetary constraints
in the health sector necessitate a systematic decision-making process to acquire emerg-
ing technologies. Health Technology Assessment methodologies integrate technology,
clinical efficacy, patient safety, and organizational and financial factors in this context.
However, these methodologies do not include the learning curve, a critical factor in
operator-dependent technologies. This study presents an evaluation model incorporating
the learning curve, developed from the domains of the AdHopHTA project. Using System
Dynamics (SD), the model was validated and calibrated as a case study to evaluate the
use of Point-of-Care Ultrasound (POCUS) in identifying dengue. This approach allowed
for the analysis of the impact of the learning curve and patient demand on the revenues
and costs of the healthcare system and the cost-benefit indicator associated with dengue
detection. The model assesses physician competency and how different training strategies
and frequencies of use affect POCUS adoption. The findings underscore the importance
of integrating the learning curve into decision-making. This study highlights the need for
further investigation into the barriers that limit the effective use of POCUS, particularly
in resource-limited settings. It proposes a framework to improve the integration of this
technology into clinical practice for early dengue detection.

Keywords: system dynamics; health technology assessment (HTA); point-of-care ultrasound
(POCUS); dengue

1. Introduction

The rapid growth of diagnostic possibilities and the need for efficient health system
resource use necessitate the urgent need for systematic solutions to reduce inefficiencies [1].
The fundamental role of technology assessment is recognized as multidisciplinary policy
research in the generation of evidence to inform the prioritization, selection, introduction,
distribution, and management of health technologies.

Different guidelines have been developed to conduct the Health Technologies Assess-
ment. The literature refers to two pioneering models: the mini-HTA developed by the
Danish Agency in 2005 [2], and the Core model developed by the EUnetHTA in 2006 [3].
Another recently released model is the mini-HTA model developed under the AdHopHTA
project in 2015 [4,5]. However, the learning curves within the assessment domains are not
systematically considered.
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The MedtecHTA project 2013-2016 [6], aimed at analyzing existing methodologies for
the assessment of medical devices, recommended incorporating learning curves in decision
analysis models. Other publications propose these same challenges based on the unique
characteristics of medical devices that have not yet been addressed and the impact on
organizational changes with the acquisition of new technology [7-9].

A literature review for between 2012 and 2023 reaffirmed the need to include learning
curve in the evaluation of operator-dependent technologies. Table 1 presents an analysis of
the domains developed by other studies and evaluation models.

Table 1. Domains used for the evaluation of medical devices or medical equipment.

Reference P:(I):il:;s Technical  Safety E ffglit?;g:\less Economic  Ethical Organization Social Legal Training Lza:;‘i:g
HTA Core Model, [3] 1 1 1 1 1 1 1 1 1
AdHopHTA Model, [4] 1 1 1 1 1 1 1 1 1
ggg?ﬁ(tjr]o Colom et al., 1 1 1 1 1 1
Miniati et al., 2014, [11] 1 1 1 1
Ritrovato et al., 2015, [12] 1 1 1 1 1 1 1 1 1
Miniati et al., 2014, [13] 1 1 1 1 1 1
Frosini et al., 2016, [14] 1 1 1 1
Ivlev etal., 2015, [15] 1
Martelli et al., 2016, [16] 1 1 1 1 1 1 1
Martelli et al., 2017, [17] 1 1 1 1 1 1 1
Munoz 2016, [18] 1 1
Margotti et al., 2013, [19] 1 1 1
Grundy 2016, [20] 1 1 1 1
Pecchia etal., 2013, [21] 1 1
Lasorsa et al., 2019, [22] 1 1 1 1
Hasegawa etal., 2020, [23] 1
Moshi et al., 2020, [24] 1 1 1 1 1 1 1 1 1
Schreier et al., 2020, [25] 1 1 1 1 1
This study 1 1 1 1 1 1

Dengue, a rapidly spreading viral disease, has increased 30 times over the past half-
century, with 390 million people infected annually, and 96 million manifesting clinically. In
2019, 5.2 million people were at risk of dengue infection [26,27].

WHO (World Health Organization) guidelines recommend classifying the disease into
dengue without warning signs, dengue with warning signs, or severe dengue for timely
and appropriate clinical management. It also indicates abdominal ultrasound to detect
plasma leakage; a symptom associated with severe dengue. Studies refer to POCUS as
a predictor or prognostic sign of severe dengue, even in children [28,29]. Nevertheless,
the use of POCUS for endemic infectious diseases in tropical regions has been limited.
Only two protocols have been investigated and routinely implemented in treating tropical
infectious diseases: focused assessment with sonography for HIV-associated TB (FASH)
and echinococcosis (FASE) [30].

The usefulness of point-of-care ultrasound (POCUS) in terms of accessibility to di-
agnostic methods in low-resource settings is clear and is considered an extension of the
physical examination. Nonetheless, it is important to formalize the scanning and train-
ing protocols for infectious diseases [31,32]. The tasks of identifying the training hours
required to achieve competency in image acquisition, interpretation, and cognitive foun-
dations and assessing the maintenance of these competences are still an unexamined area
of research [33]. Ultrasound image acquisition and interpretation are operator-dependent
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skills. Cumulative sum control charts (CUSUM) and the CUSUM learning curve (LC-
CUSUM) are statistical techniques that can help validate learning curve, considering that
they determine the point at which competence is achieved or lost over time [34,35].

Modeling healthcare systems is complex; conventional simulation strategies do not
fully address the multiplicity of medical care and the process of care for diseases and
pathologies. System Dynamics is a mathematical modeling methodology to analyze and
evaluate the behavior of complex systems, considering the interaction between elements,
facilitating a holistic understanding. This methodology is widely used in various fields such
as System Dynamics and can be applied to health systems [36-38], the study of diseases
and epidemics [39,40], health policy analysis [41-43], resource management [43—45], and
care capacity [46-48], among others, to study dynamic systems that involve feedback loops
and time delays. By capturing the interdependencies and feedback mechanisms within
a system, System Dynamics facilitates informed decision-making by simulating different
scenarios and predicts the long-term consequences of their actions. This can be particularly
useful in policy formulation, assessing the potential impact of different interventions on
the system as a whole. Additionally, System Dynamics provides a visual representation
of the system, which can help stakeholders better understand the underlying dynamics
and complexities. Overall, System Dynamics offers a powerful tool for decision-making
and problem-solving, by providing a comprehensive and dynamic perspective on complex
systems [49].

The quantitative information gathered from this research will be crucial for decision-
making regarding the inclusion and development of necessary skills in the healthcare sector
about diagnosis of dengue.

System Dynamics (SD) has been successfully used to model the early management
of COVID-19 and its implications for the Indonesian health system [40]. SD has been
evaluating the economic effects of healthcare in low- and middle-income settings [50].

This study uses the SD method to look at how variables affect the learning curve’s
behavior over time in a simulation model. The model combines four assessment areas
suggested by the AdHopHTA project with learning curve [4]. It is then tested using the
SD method to classify a tropical disease like dengue, which spreads quickly [51,52]. These
relationships create balancing and reinforcing loops that make it possible to think about
using POCUS technology for other emergency service diagnoses [6-8,53].

The objectives of this work are (1) to present a conceptual model that integrates the
four assessment domains suggested by the AdHopHTA project in 2015 [4] with the learning
curve, and (2) to verify and calibrate said conceptual model using the SD method in the
classification of a tropical disease such as dengue, characterized by a high spread rate.

2. Materials and Methods
2.1. POCUS Assessment Framework

To identify the theoretical elements of the model such as domains and assessment
criteria, the models currently used at the hospital level were studied. The mini-HTA model
of AdHopHTA [4] and different assessments carried out under the AdHopHTA mini-HTA
model were analyzed, including the assessment of Focused Assessment Sonography for
Trauma (FAST). Interviews were conducted with physicians who use POCUS equipment in
the emergency area in Colombian and Spanish hospitals.

The general process of emergency care for patients with suspected dengue was studied,
specifically the classification of dengue. Once the process was understood, the causal
relationships were identified and grouped into four assessment domains.
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2.2. Learning Curve

The LC-CUSUM and CUSUM control charts are statistical techniques that enable
the quantitative evaluation of discrete variables. They offer immediate retrospective or
prospective feedback, individualized evaluation of the learning curve [40], and the ability
to define and achieve specific learning objectives and proficiencies [41]. Studies carry out a
critical analysis of CUSUM and support its use in this sense, mainly if you want to quickly
detect changes in performance in real time with binary data with predefined acceptable
and unacceptable levels of proficiency [19].

The learning curve was modeled using the LC-CUSUM and CUSUM control charts,
considering its applicability in medical processes, such as cardiac surgery or disease out-
breaks. LC-CUSUM indicates when a process has reached a state of control, indicating
that a physician has achieved an appropriate level of performance. While CUSUM detects
changes in the process, indicating when it has deviated from its control state [54]. For
LC-CUSUM, the null hypothesis was defined as Hy: “performance is inadequate” (i.e., the
process is out of control because competence has not been achieved) and the alternative
hypothesis as Hy: “performance is adequate” (i.e., the process is under control because
competence has been achieved or maintained). On the contrary, in the CUSUM, we con-
sider the null hypothesis as Hy: “competence remains adequate” (i.e., the process is under
control) and the alternative hypothesis, Hi: “competence is lost” (i.e., the process is out
of control).

Two key parameters are Py, which represents the rate of failure considered unaccept-
able, and Py, which signifies a failure rate that is deemed acceptable. These parameters
play a crucial role in setting the control limit (H) on the charts. When this limit is exceeded,
it indicates either the achievement of proficiency (in the case of LC-CUSUM) or the loss of
it (in the case of CUSUM). Based on these parameters, the Average Run Length (ARL) for
detecting a signal under the null hypothesis (ARLj) and the alternative hypothesis (ARL1)
is estimated. This represents the average number of procedures (diagnostic ultrasound
imaging) to detect a signal under Hy and Hj.

According to an expert radiologist and references [42,43], Py = 0.3 and P; = 0.1 were
determined for LC CUSUM and Py = 0.1 and P; = 0.2 for CUSUM. Finally, a Monte Carlo
simulation was performed to establish appropriate H and ARLs. For LC-CUSUM the limit
was H: 2.5 and for CUSUM it was H: 1.5. The performance of LC-CUSUM in terms of the Av-
erage Run Length (ARL) was 98 procedures under the null hypothesis and 17 procedures
under the alternative hypothesis (ARL;). For CUSUM the ARLy was 99 procedures and
ARL; was 23 procedures on average. The learning curve design parameters were taken
from Usaquén-Perilla et al., 2023 [55].

In the model, each time a patient with suspected dengue was admitted, the sequential
score S; = (0,S;—1 + W) was calculated, which represents the accumulated sum of the
deviations of the data with respect to an objective value (y axis of the learning curve) and
W; is determined based on the next equation:

W, = Log[g:%” if Xt =0 (success) "
Log[P1/ Po] if Xy =1 (failure)

In this work, the sequence St was modeled as a Bernoulli distribution (simulated in
STELLA as a binomial distribution with N = 1) with an 80% probability of success. It is
possible to adjust this parameter in the simulation.

The conceptual model of the learning curve is presented in Figure 1. Once trained, the
physician enters a monitoring phase. If they lose competency, they must undergo retraining.
Finally, their acquisition, and maintenance of competency will be assessed.
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Figure 1. Conceptual model of learning curve.

2.3. Case Study

The case study was based on a prospective cohort study conducted at a first-level
care Public Health Institution in Cali, Colombia. The included participants correspond to
patients who attended the emergency department between 12 April 2019 and 20 March 2020
and were considered by the treating physician with a diagnosis of dengue virus disease.
The participants gave written informed consent. The ethics committee of the Universidad
del Valle (Number: 022-018) and the University of Minnesota (STUDY(00004437) approved
this study. Other data on patient demand were approved by the Institutional Review
Board of the case study institution under the project Point-of-Care Ultrasound biomedical
equipment evaluation model (POCUS) considering the learning curve: case application of
dengue screening.

SD was used to study the behavior of the conceptual model, specifically the Stella
Architect software (www.iseesystems.com) at version 2.1.1. The modules of patient demand,
POCUS service, ponderation, training, and POCUS-Dengue costs were designed.

For each assessment domain, the information for the emergency care variables of the
institution was gathered. The database literature was reviewed from different sources: Med-
line and Embase via Ovid, Medline via PubMed, Cochrane Library via Wiley, Global Index
Medicus, ClinicalTrials.gov, World Health Organization International, Clinical Trials Reg-
istry (WHO ICTRP), WHO Library Database (WHOLIS), Open-grey.eu, and Scopus between
2018 and 2021. Administrative and commercial data were accessed from cross-references.

Lastly, a sensitivity analysis was carried out to understand the impact on certain as-
sessment domains and criteria of modifying variables linked to the organizational structure
of the service that requires the POCUS equipment, among other types of analysis.

2.4. About the Conceptual Model

In general, causal diagrams are composed of variables connected by arrows showing
a cause—effect relationship “Physician performance (Learning curve)” -> “Proper classifi-
cation of dengue with POCUS”, positive or negative. The plus sign (+) at the head of the
arrow of the consequence variable (proper classification of dengue with POCUS) shows a
positive causal relationship, indicating that, if “Physician performance (Learning curve)”
improves, “Proper classification of dengue with POCUS” will also improve; or vice versa, if
“Physician performance (Learning curve)” worsens, “Proper classification of dengue with
POCUS” will also decrease. Therefore, a change in the variable “Physician performance
(Learning curve)” (cause) causes a change in the variable “Proper classification of dengue
with POCUS” (effect) in the same direction. A negative causal relationship, symbolized
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by the “minus” (—) sign at the head of the arrow (Net income -> Costs), indicates that, if
“Net income” increases, “Costs” will decrease; or vice versa. Thus, in a negative causal
relationship, the change in the variable “Net income” (cause), produces a change in the
variable “Costs” (effect) in the opposite direction [49,56].

In our conceptual model represented in Figure 2, the clinical effectiveness domain
includes proper classification of dengue with POCUS, (accuracy), readmission rate, and
patient severity based on progression. The safety domain considers false negative and
positive rates. The organizational domain evaluates the average time between ultrasound
and training, excluding infrastructure due to equipment portability. The economic domain
analyzes fixed and variable costs to assess the use of technology.

_Demand of gynecological

Physician performance - o emergency
2 (learning curve) / __—cPbemand of Trauma diagnosis
e f [T (FAST)
Specificity/ VPN 3 L
4\\ Sensitivity/ VPP Income for othc(er diagnoses -
RX / TAC \\; \ Reconsultation for follow-up
occupancy _ . .
pancy v ‘/‘f_'_'—_OFCIISe negatives /ﬂ r""‘/—F_omesmns and of patients

Variable costs

4+——oFalse positives 0 i -
) i _7/_\ Costs 4™ \

pected dengue

\\Q K
D\ Benefit-cost ,_ Fixed cost g Income for POCUS-Dengue
relatioshi
—_— @ I, Cost of Number of physicians
1 Retrainin -
@/ 9 i \ purchasing 4« ™ Consuitation time
POCUS equipment Training — Ty
availability TS et income aom T )

Image qualityo—» -
ge quality * (learning curve) hco.’r‘efo other diagnoses

o//! L Consultation time |
Anatomical /
sites ’

Clinical status i R
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A T Equ|pment maintenance T Delr awc qy 16(000(
Physician performance A IR L \ y

Mcome for POCUS-Dengue

1agnosts -
Retraining

--->Patient Safety --->Economic -->Organizational -->Learning Curve

Figure 2. Causal diagram of the POCUS assessment model with all four assessment domains and
learning curve.

The feedback loops (Figure 2) that represent the dynamics of the subsystems are
described below:

e Loop Bl (Balancing): It represents the relationship between proper classification
of dengue with POCUS and physician performance (learning curve). When the
physician’s performance improves, as evaluated and monitored through the learning
curve, the number of patients properly diagnosed will increase, resulting in a lower
amount of retraining. More retraining will lead to an improvement in the performance
of the physician observed in the learning curve.

e Loop B2 (Balancing): As physician performance improves, specificity increases, and
false negatives decrease. The more false negatives there are, the fewer patients are
properly classified. Higher accuracy requires less training. The more training a
physician receives, the better their performance becomes.

e Loop B3 (Balancing): As physician performance improves, sensitivity increases, and
the number of false positives decreases. The more false positives there are, the fewer
patients are properly classified. Higher accuracy requires less training. The more
training a physician receives, the better their performance becomes.

e Loop R1 (Reinforcing): As total costs rise, the cost-benefit ratio falls, and as this ratio
rises, net income also rises. To boost net income, costs need to decrease.

Other important relationships found were retraining -> training -> variable costs,
which ultimately will affect the indicated cost-benefit.
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Enhanced physician performance will decrease the number of false positives and
false negatives, thereby improving the patient safety indicator. Additionally, it will in-
fluence diagnostic accuracy and reduce re-entry, increasing the availability of biomedical
equipment for new patients. Table 2 presents the description of the main variables of the

causal diagram.

Table 2. Main variables of the causal diagram.

Variable

Description

Representation in the Model

Learning curve

Graphically represents the relationship between
learning effort (example: time, repetitions) and
learning outcomes [57].

LC-CUSUM and CUSUM control charts.
St =1(0,S;_1+ W)

Demand of
patients with
suspected dengue

Patients who are admitted to the emergency
department with fever and whose attending
physicians have considered a diagnosis of
dengue virus disease.

Poisson distribution of the prospective cohort study
data, in simulation time units of days. The function used
in STELLA® generates a series of random numbers that

fit a Poisson distribution.

Anatomical sites

It refers to the anatomical location for taking the
image or video.

There is greater difficulty in achieving competence in
certain anatomical points; in this sense, the model
represents a single learning curve that should be the one
that represents the highest degree of difficulty.

Image quality

It refers to the image quality measurement scale
of American College of Emergency
Physicians [58].

Image quality influences the success or failure of image
interpretation and, consequently, the construction of the
learning curve.

Retraining

Moment at which the physician loses
competence during the monitoring stage.

Point at which the limit (H) is exceeded on the CUSUM
control chart.

Proper
classification of
dengue with
POCUS

Represented by true negatives (POCUS
diagnostic result as absence of plasma leak when
the patient does not have this condition) and true
positives (POCUS diagnostic result as presence

of plasma leak when the patient actually has
this condition).

Calculated from sensitivity and specificity values
presented in the literature [59]; see Equations (4)—(7).

Re-entry
reconsultation for
follow-up

It is defined as patient admissions/visits to the
emergency department for the same reason.
Although the prospective cohort study did not
include information on readmissions, the
simulation allows the user to enter
this parameter.

Proportion of consultations.

Severity of
patient condition

This refers to the therapeutic approach followed
for patients confirmed with IgM-positive dengue:
- Recovered at home.

- Recovered after hospitalization.

- Immediately referred to another hospital with a
higher level of complexity.

- Recovered at another hospital.

Represented by means of the corresponding rates and
flows taken from the cohort study.

Costs

Fixed costs: purchase price of equipment used in
the emergency department, annual maintenance.
Variable costs: costs of provisions needed for
ultrasound, training courses and retraining,
income from providing ultrasound procedures.

Reference values of the Colombian market.

Number of
physicians

It refers to the number of emergency service
physicians who will be trained.

Number of emergency department physicians who
were trained.

Consultation time

Calculated as the reference time for performing
POCUS-Dengue, FAST, and gynecological
emergency ultrasounds.

Probability distribution according to the behavior of the
cohort study times and reference values.
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Table 2. Cont.

Variable Description Representation in the Model
Demand of Demand from patients admitted to the
gynecological emergency department with a diagnosis Poisson distribution of data from prospective cohort
emergency associated with gynecological emergencies. study conducted at a first-level care Public Health

Demand of trauma

Demand from patients admitted to the
emergency department with diagnoses

Institution in Cali, in simulation time units of days.
The function used in STELLA® generates a series of

i is (FAST . . . random numbers that fit a Poisson distribution.
diagnosis (FAST) associated with abdominal trauma.
. . . __ Present Value of benefit
Benefit — cost relationship = ~—p -y o of cost
>1: means that revenues exceed costs, so the project
Benefit—cost relationship is profitable.
Economic summation of benefits, brought to the present,  =1: means there are neither profits nor losses; the project
divided by the sum of the also discounted costs. is not viable.
<1: indicates that costs exceed benefits, making the
project unprofitable.
Relationship between false positives and false
negatives within the total population. Although
FP and FN are complementary indicators to pp — Patients without leakage—VN calculated
Patient safety specificity and sensitivity, they are considered A Total patients
. oo IN = Patients with lmkuge'fVP calculated
patient safety indicators because adverse effects Total Pacients
can occur from them. In other words, an FN
could lead to an increase in the patient’s severity.
Clinical Accuracy of POCUS technology.
. Sum of true negatives and true positives within Accuracy = YN calculated VP calculated
effectiveness . Total Pacients
the total population
POCUS equipment availability.
Relationship between calendar hours minus
L equipment occupancy hours and calendar hours. _
Organizational qup pancy Availability = Hcalendflrc alg%;rm"cy

The analysis was conducted in the emergency
department, where the calendar hours are 24 h
per day.

3. Results

3.1. About the Case Study
3.1.1. Patient Demand Module

This module analyzes patient demand at different stages of dengue: suspicion, con-
firmation, re-entry, recovery at home, hospitalization, or referral to other institutions.
Demand was simulated using a Poisson distribution based on daily data from the case
study. Fifty-six percent (100/178) of cases were confirmed (IgM positive). Readmission
was also possible if the patient presented symptoms after a false negative result, with a
rate of 0.29 (52/178). Although the original study did not include readmission data, the
model allows for adjustment for this parameter. The Wilcoxon test showed no significant
differences between the simulated and real data (p = 0.476) (Figure 3).

The following equations represent the behavior of the model: Dc are the patients
confirmed to have dengue; Od are the patients with other diagnoses; PHyR are the patients
that recovered in the hospital and were referred; PH patients that are hospitalized in the
institution; PR patients that were referred immediately; and PRd patients that were referred
after a few days. Considering the cohort study and the routine checkup of patients, the
hospitalization rate was set at 0.67 (67/100), the immediate referral rate at 0.02 (2/100), and
the rate of being referred after a few days at 0.13 (9/67).

t
Puitn symptom (t) = Puitn symptom(tO) + /O (Pwith symptom D. - Od)dt (2)
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t
Pryr(t) = Phyr(to) + /0 (Pryr + Py + Pr + Pgg)dt 3)

(o]

S 11010 110 10

1 34 67 100 133 166 200 233 266 299 332 365
Dias
- - - Patients with suspected dengue —— Patients with plasma leakage —— Patients with Dengue

Figure 3. Patient intake behavior. The model follows the behavior of the case study and exhibits an
increase in intake for the second semester of the year.

3.1.2. Pocus Healthcare Module

Based on a cohort study, this module calculates the number of patients with and
without plasma leaks using a rate of 0.83 (149/178). It is assumed that all patients suspected
of having dengue undergo POCUS testing. If there is lung involvement and the physician
is untrained, the patient is referred to radiology for a chest X-ray, with a utilization rate of
0.511 (91/178). True, false positive, and false negative values are calculated using specific
formulas, and sensitivity and specificity are based on a literature reference [28], although
parameters can be adjusted in the model.

Patients with leakage * Sensitivity

VP_calculated = 100 4)
VN calculated — Patients without Zleoaokage * Specificity 5)
EP catculated = m = VP _catculated (6)

EN clculated = ‘W — VN calculated @)

The model delivered a total of 159 patients with plasma leakage, which represents a
6% error compared to real data. According to simulations, if the physician were trained
enough from day 1 and never lost said skillset, the POCUS test would be performed for
dengue screening on 177 patients. Given the effect of the learning curve and the base
scenario of 20% failure probability, if 112 patients entered the emergency room when the
physician was untrained to carry out the POCUS test, and 57 of them would take a chest
X-ray. Therefore, the POCUS test was performed on 46 patients (177-112). In Figure 4,
when the red dotted signal “reached proficiency status” reaches the value of 1, the patients
will be not sent to the radiology department, and the insurance company will be charged
for the POCUS test.



Systems 2025, 13, 591

10 of 18

Training level

0.75

0.5
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1.25
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Days
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sjuaned Jo JequnN

Figure 4. The red dotted signal “reached proficiency status” is at 1, indicating that patients will not

be sent to the radiology department.

3.1.3. Ponderation and Training Module

The learning curve obtained in the base scenario of an 80% success rate for the physi-

cian is presented in Figure 5 (solid blue line). Considering that the individual was trained

and certified in year 0, CUSUM competency monitoring is conducted at the start of the

simulation. They maintain their competency until day 257, regain it on day 290, lose it on

day 306, and do not regain it afterward. The black line in Figure 6 depicts the moments in
which the training must be repeated, which are days 257 and 306.

S(t)

8 i
6.4 i
48 B
LC-CUSUM .
: L) .
3.2 . P
: CUSUM ‘A 1 p 3
16 : Y e
0 " 4 | '|I‘I : B 'I . i L
1 74 147 219 292 365

= Training behavior

Days
--- Patients with suspected dengue

Figure 5. Learning curve for base scenario of 80% success rate.

S(t)

Figure 6. Behavior of the learning curve and retraining for base scenario of 80% success rate.

3

1.5

92

— Retraining

183 274 365
Days
— -Trained — Training behavior
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3.1.4. POCUS-Dengue Cost Module

This module calculates the fixed costs associated with the purchase, use, and annual
maintenance of biomedical training equipment, using Colombian market values as a
reference. Two ultrasound systems, with different transducers and imaging modes, are
considered: one at COP 25,000,000 (Lumify Phillips) and another at COP 101,000,000
(Sonosite Edge 2). A useful life of 8 years and an annual preventive maintenance cost of 4%
of the purchase price are assumed. Fixed costs include POCUS-Dengue training, based on
a 90 h certification in emergency medicine and critical care, aimed at specialist physicians
caring for critically ill patients. The training covers the physical principles of ultrasound,
basic echocardiography (FOCUS), lung and pleural ultrasound, FAST, aortic ultrasound,
deep vein thrombosis (DVT), and ultrasound-guided vascular access.

The costs of the POCUS-Dengue procedure include the retraining of physicians who
have lost their skills and the staff needed to cover shifts during training. The model calls
for training at least three general physicians, one per shift in the emergency department,
although this number is adjustable. Variable costs include supplies such as gel and wipes
and periodic retraining to renew certification.

In terms of the income received by the healthcare institution from the insurance
company due to the POCUS service, the fee corresponds to the one presented in the Fee
Manual for Colombia. This income is only factored under the premise that the physician
is trained to perform the test on 46 patients. The costs and projection of income were
determined throughout the equipment lifecycle.

The dengue patient demand involved an analysis of the track record of Colombia.
Between 2014 and 2022, it was found that 2019 was an epidemiological year, and there was
no increased tendency afterwards. Hence, the model contemplates demand throughout the
product lifecycle.

A 5% projection of costs and income was estimated, using as a reference the salary
increase in Colombia between 2017 and 2021. The return on investment (ROI) was deter-
mined, as were the net present value and the cost-benefit ratio. A social discount of 9%
was applied, as established by the National Department of Planning for the assessment of
investment projects in the public sector.

In the base scenario, the cost-benefit ratio is 0.54, meaning that costs exceed benefits,
and the ROl is negative for every year of the simulation, marking the lifecycle of the POCUS
equipment. The main equations of each module are shown in the Supplementary Materials.

3.1.5. Sensitivity Analyses

Two sensitivity analyses will be implemented. In scenario zero (0), without a learning
curve, the cost-benefit ratio is less than 1, which makes the investment financially unfeasible.
Additionally, the false negatives, false positives, and clinical effectiveness could not be
quantified for the hospital acquiring the technology. Without a learning curve, 177 exams
would be performed, so the range of availability of the POCUS equipment would be
similar to that of scenario 1. The decision to acquire POCUS technology under the zero
(0) scenario is quite complex, as there is no information available on patient safety and
clinical effectiveness in the specific hospital setting. The AdHopHTA project’s mini-HTA
model recommends seeking evidence in the scientific literature. However, studies on
POCUS-Dengue technology indicate a sensitivity greater than 80% and a highly variable
specificity (13.2-100%) for detecting the presence or absence of plasma leak. In this type of
testing, high sensitivity is crucial; that is, a test with no false negatives, meaning it detects a
plasma leak when present and does not rule it out.

In scenario 1, with a 50% probability of success, the emergency physician certified
at the beginning of the monitoring period loses competency on day 52 and undergoes
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retraining. However, they do not regain competency; that is, the emergency physician
remains in the training phase from day 53 to day 365, allowing for only five exams to
be billed to the EPS. The cost-benefit ratio is 0.02, rendering the investment unviable.
Avoidable costs are minimal. With an 80% probability of success, two retrainings are
necessary, and the cost-benefit ratio does not exceed 1, making the investment financially
unviable. With a 100% probability of success, while the cost-benefit ratio does not exceed 1,
it represents an improvement compared to the other success probabilities. This highlights
the impact of the learning curve on the cost-benefit ratio and cost avoidance.

Regarding patient safety, and considering the influence of the learning curve, an
increase in false positives (FP) and false negatives (FN) is evident for the 50% probability of
success when compared to the 80% and 100% probabilities of success. Clinical effectiveness
displays a similar trend due to the learning curve’s influence. As for POCUS equipment
availability, in this scenario, the model simulates 177 patients per year, presenting significant
opportunities to enhance equipment occupancy. Details of the simulation scenarios are
provided in Table 3.

Table 3. Results of the sensitivity analysis.

Scenario 1
Variable Scenario 0 with Learning Curve
No Learning Curve 177 Patients
Learning Curve 177 Patients
0, 0, o,
(Success Probability) 50% 80% 100%
Cost—Benefit Ratio 0.54 0.02 0.2 0.78
Number of Retrainings 0 1 2 0
Patient Safety (Total = EN + FP) Cannot be determined for the 109 43 0
hospital’s specific conditions
Clinical Effectiveness Cannot be determined for the o o o
(Diagnostic Accuracy %) hospital’s specific conditions 38.4% 75.7% 100%
Organizational (Availability of 95.1-99.9% 95.1-99.9% 95.1-99.9% 95.1-99.9%

POCUS, (range))

The validation of the model was based on the coherence of units and extreme condition
analysis. When a model is exposed to extreme conditions, the researchers can verify
whether the model offers reasonable results and, thus, is error-free in its structure. The
model showed consistent behavior in every module. One example of this is the demand
behavior and Wilcoxon signed-rank test, with no significant difference between simulated
and real data linked to the case study.

4. Discussion

The problem addressed in this work focused on studying the influence of the learning
curve on Health Technology Assessment in the acquisition of POCUS equipment. As
mentioned in the introduction, some studies highlight this addition as a challenge in the
field of medical device assessment. However, from a methodological perspective, the
existing literature tends to address staff education and training as organizational or legal
components [10-12,16,17,60] without explicitly integrating the dynamics of the learning
curve. This omission results in fragmented analyses that consider only the logistical
aspects of training programs and the associated direct costs while failing to account for
critical elements such as continuous retraining, the impact on patient safety, actual clinical
effectiveness under operating conditions, and the economic consequences derived from
variability in operator performance. Consequently, a comprehensive view of the technology
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adoption process, particularly relevant in user-skill-dependent technologies like POCUS, is
lost. Although the European network EunetHTA recognizes the importance of the learning
curve, its recommendation is limited to its consideration solely in the analysis of clinical
effectiveness. This restricted perspective underestimates the collateral and systemic effects
that may arise during the implementation phase. Finally, it is essential to emphasize
that an adaptation period is necessary before formal evaluation, providing technology
operators with sufficient time to acclimate to the new technology. Differences between
medical research centers, such as teaching and non-teaching hospitals, for example, can
introduce biases in the evaluation of technology. This operational heterogeneity reinforces
the need to adopt holistic approaches, such as Systems Dynamics, that allow for more
realistic and robust modeling of the interaction between clinical, organizational, economic,
and human variables.

A conceptual model was developed and validated with a case study for an operator-
dependent technology that applied the learning curve. The first result is an understanding
of the learning curve and an identification of a valid statistical tool for its representation
within a systemic model. During the cohort study, specific factors that directly influence
the training process were identified, which have been previously used to evaluate skills in
medical specialties related to ultrasound [61]. These factors include familiarity with the
medical equipment, selection of an adequate transducer, image quality, image pattern recog-
nition, and insight interpretation. Furthermore, the development of an individual’s skills
cannot be considered an isolated process, as it is influenced by multiple interrelated factors,
including the student’s characteristics, the complexity of the procedure, the instructor’s
profile, the learning environment, and the expected level of performance.

Although endoscopic ultrasound (POCUS) can be used in other tropical diseases such
as schistosomiasis, hydatidosis (echinococcosis), Chagas disease, leptospirosis, etc. [62], the
use of the model that integrates the diagnosis of other tropical diseases requires a specific
analysis of the different administrative, technological, operational, and economic aspects
that could be affected. Given this complexity, this work presents an assessment approach
that integrates different theories and tools, supporting the acquisition of POCUS technology
at the hospital level, taking dengue as a case study.

While there are guidelines for POCUS training, implementing quantitative tools
to establish the point at which competency is acquired or lost for operator-dependent
technologies is challenging. These technologies require methods to define individual
reference points and monitor the learning process. The control graphs CUSUM and LC-
CUSUM showcase the characteristics needed to assess learning curve by delivering feed-
back to the apprentice to improve until they recover competency. These intuitive control
graphs helped analyze the behavior over time and thus understand the influence on other
system variables.

The conceptual model built based on the assessment domains established in the
AdHopHTA project in 2015 [4] led to the identification of the influence of the learning curve
in the decision-making indicator: cost-benefit. The variable costs are influenced by the
reimbursement that insurance companies earn from hospitals due to echography billing.
This indicator is influenced by the income that is not earned when the physician loses the
required skillset, leading the patient to take other diagnostic tests such as X-ray or CT scans.
This indicator is also marked by the costs linked to the retraining process.

The analysis of the proposed model extracted the need to use the POCUS equipment
for other uses to improve the cost-benefit ratio. The model evidenced that patient demand,
along with learning curve behavior, has a significant impact on this variable. This is
supported by the recommendations of the Royal College of Radiologists that the physician
should not remain for more than three months without using these echography-related
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exploration skills [63]. In this sense, it could be used in the FAST service and gynecological
emergency situations. This would increase the income earned by the hospital due to the
reimbursement of services. Nonetheless, the training of physicians in these new skills must
also be considered in the variable costs.

Another relevant aspect is the availability of medical equipment. Although the POCUS-
Dengue test takes 20 min, the demand and alternative uses of the equipment could lead to
excessive occupation, which could translate into increasing maintenance costs and cutting
the lifecycle set by the manufacturer.

The model presents a degree of adaptability to different hospital environments, and the
model parameters can be customized by the user according to the hospital specifications,
installed capacity, available human resources, epidemiological context, and even new
bibliographic references related to the behavior of the disease. Patient demand, checkup
consultation rates, readmission rates, the number of physicians to be trained, and diagnosis
sensitivity and specificity can be customized. This model can be adapted to assess other
operator-dependent technologies, such as endoscopic ultrasound.

5. Conclusions

This work established the influence of the learning curve on economic and organi-
zational indicators, mainly in the assessment of operator-dependent technologies such
as POCUS. Variables such as patient demand and learning curve behavior had a signif-
icant impact on the income and costs of the healthcare system in dengue screening and
ultimately the cost-benefit indicator. Applying the model requires an adequate definition
of the various relationships established. For example, to evaluate the appropriateness
of incorporating POCUS technology in low-income regions, it is necessary to investigate
each assessment domain, specifying variables such as demand, economic aspects, clinical
effectiveness, etc. The learning curve is a fundamental aspect.

The results of the learning curve study show that LC-CUSUM and CUSUM control
charts are effective graphical techniques for assessing the learning curve and can be helpful
in real-time monitoring once the learner reaches a level of competence.

This work developed a healthcare technology assessment model for operator-
dependent technology, combining a systemic approach and learning curve to support
healthcare managers’ decision-making. With the pivotal role of information technologies in
the development of new technologies [64], future research should delve into the impact
on the following domains: economic, organizational, clinical, and patient safety, includ-
ing learning curve, investment, equipment maintenance and administrative processes,
and integration of information technologies. Future research could focus on satisfaction
associated with using POCUS, including physician—-patient empathy and perceived pa-
tient trust. Several studies have indicated a positive experience [65,66]. POCUS provides
patient safety without ionizing radiation. In this sense, this variable could affect the orga-
nizational level, which would require the generation of a new indicator based on patient
interviews or bibliographic references. Future work will explore other real-world scenarios
of operator-dependent technologies.

There are several limitations to our study. Firstly, although the model designed was
based on scientific references and a case study was validated, in this sense, the result of
the causal diagram of the POCUS evaluation model with the four evaluation domains and
learning curve is not intended to be a rigorous and unique example of modeling; other
key variables and causal relationships could come to light in other particular contexts, for
example, in rural hospitals or those with great obstacles to training in POCUS technology.

Secondly, it considered the reimbursement system in terms of the revenue that the
healthcare institution receives from the insurance company due to the POCUS service.
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However, other types of income or compensation that could be received, such as university
hospitals or public subsidies, are not contemplated.

Thirdly, the influence of the learning curve was only considered for procedures per-
formed with the POCUS-Dengue technology, and an extension of the model could include
the effect of the learning curve in FAST and gynecological emergency situations.

This paper presents an approach to technology assessment in hospital settings, con-
sidering the learning curve. It integrates several generic tools for hospital settings, such
as mini-HTA, and probabilistic tools, such as the learning curve CUSUM, for learning
curve estimation. Additionally, considering the hybrid deterministic and probabilistic
nature of the relationship between the model’s variables, a System Dynamics model is
recommended. In this sense, the model can guide other authors in overcoming these
challenges and contribute to developing strategies for technology assessment and selection
in hospital settings.
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