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Background. Respiratory infections remain a major global health burden with significant economic impact. The di-
versity of viral pathogens and variability in diagnostic approaches complicate etiological verification in laboratory
practice. As diagnostic technologies evolve, there is a growing need for economically justified approaches that inte-
grate analytical performance, operational characteristics, and costs. Value of Information (VOI) analysis provides a
formal framework for evaluating the impact of uncertainty on decision-making.

Objective. To develop and apply a methodology for assessing the cost-utility and value of information of diagnostic
technologies for viral respiratory infections from a laboratory perspective.

Methods. The study compared immunochromatographic rapid tests and PCR-based diagnostics for viral infections.
Diagnostic utility was quantified using expert elicitation based on four operational criteria: automation, turnaround
time, reproducibility, and accessibility. A multi-criteria decision-tree model was constructed, incorporating sensitiv-
ity, specificity, diagnostic spectrum, and cost parameters. Uncertainty was modeled using beta and gamma distribu-
tions. The framework enabled estimation of expected utility, Net Monetary Benefit (NMB), Expected Value of Perfect
Information (EVPI), and Expected Value of Sample Information (EVSI).

Results. A multi-criteria cost-utility methodology for evaluating etiological diagnostic technologies was developed
and applied. Within the defined model, PCR-based diagnostics demonstrated higher expected utility, primarily due
to their broader diagnostic spectrum and higher analytical sensitivity. In probabilistic simulations (10,000 itera-
tions), PCR showed an average positive Net Monetary Benefit of approximately $854 per clinical sample compared
to rapid tests. VOI analysis indicated low decision uncertainty, with EVPI estimated at $0.25 per patient. EVPPI for
the diagnostic spectrum of PCR was negligible, and EVSI reached a maximum of $2.69 at a sample size of 40, sug-
gesting limited additional value of further data collection under current assumptions.

Conclusions. The integration of multi-criteria cost-utility modelling with VOI analysis provides a consistent frame-
work for evaluating diagnostic technologies in laboratory medicine. Within the assumptions of the model, PCR-
based diagnostics demonstrated higher economic utility compared to rapid tests. However, the results should be in-
terpreted within the defined laboratory perspective and modeling assumptions, including limitations related to the
diagnostic spectrum of rapid tests and the absence of downstream clinical outcomes. The proposed approach sup-
ports evidence-based and economically justified selection of diagnostic technologies under uncertainty.

Keywords: viral respiratory infections; laboratory diagnostics; polymerase chain reaction; rapid diagnostic tests;
cost-utility analysis; decision tree, modelling; value of information.

Introduction

Viral respiratory infections remain a major pub-
lic health challenge and contribute substantially to
global morbidity and mortality [1]. Despite advances
in clinical management, accurate etiological identifica-
tion of viral pathogens remains a complex task in rou-
tine laboratory practice due to the diversity of viruses,
variability in their circulation, and differences in ac-
cess to diagnostic technologies [2, 3]. In this context,
laboratory diagnostics plays a central role in the veri-
fication of etiological agents and in supporting broader
healthcare processes, including epidemiological sur-

veillance, diagnostic standardization, and resource
planning. In recent years, significant progress has
been made in laboratory methods for the etiological
diagnosis of viral respiratory infections. These include
molecular techniques such as polymerase chain reac-
tion (PCR), as well as point-of-care rapid diagnostic
tests based on immunochromatographic principles
[3-5]. From the perspective of laboratory medicine,
these technologies represent alternative diagnostic
tools that differ in diagnostic spectrum, sensitivity,
specificity, reproducibility, turnaround time, opera-
tional complexity, and cost [5-7]. As a result, laborato-
ry specialists are increasingly faced with the task of se-
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lecting the most appropriate diagnostic technology
under conditions of limited resources and uncertainty.
Importantly, the evaluation of diagnostic technologies
in laboratory practice cannot rely solely on conven-
tional analytical indicators such as sensitivity and
specificity [8, 9]. Although these parameters charac-
terize the technical performance of tests, they do not
fully reflect the overall utility of a diagnostic technolo-
gy within the laboratory workflow. The value of etio-
logical diagnostics depends on the integrated perfor-
mance of diagnostic technologies, including the bal-
ance between true-positive, false-positive, true-
negative, and false-negative results, as well as opera-
tional characteristics such as reproducibility, accessi-
bility, time requirements, and the possibility of auto-
mation [9]. Therefore, the assessment of diagnostic
technologies requires a comprehensive framework
that links analytical performance with operational and
economic characteristics within the laboratory setting.
In practice, such relationships are complex and often
not directly observable. The effectiveness of etiological
diagnostics is influenced by pre-analytical conditions,
variability in laboratory processes, differences in test-
ing strategies, and limitations in available data. Conse-
quently, the evaluation of diagnostic technologies is
frequently based on modeling approaches that inte-
grate analytical characteristics, epidemiological pa-
rameters, and cost data [9, 10]. These factors intro-
duce uncertainty into decision-making and complicate
the selection of optimal diagnostic technologies from a
laboratory perspective.

Despite the increasing role of laboratory diagnos-
tics in viral respiratory infections, pharmacoeconomic
evaluation of diagnostic technologies in this field re-
mains limited [2, 6, 7]. In many cases, decision-making
is still focused on maximizing analytical performance,
without sufficient consideration of the balance be-
tween diagnostic utility, operational feasibility, and
economic efficiency [6, 8]. However, in the context of
modern laboratory medicine and constrained
healthcare resources, there is a need for structured
approaches that support rational and evidence-based
selection of diagnostic technologies. Value of infor-
mation (VOI) analysis has emerged as a methodologi-
cal tool for addressing uncertainty in decision-making.
Within the framework of laboratory diagnostics, VOI
analysis extends traditional pharmacoeconomic ap-
proaches by quantifying the expected benefit of reduc-
ing uncertainty in key parameters related to diagnos-
tic performance, operational characteristics, and costs.
Measures such as the expected value of perfect infor-
mation and the expected value of sample information
allow for the formal assessment of whether additional
data collection would improve the selection of diag-
nostic technologies [11]. In the context of etiological
diagnosis of viral respiratory infections, VOI analysis is
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particularly relevant due to uncertainty in parameters
such as diagnostic spectrum, sensitivity, specificity,
and variability of laboratory conditions [5, 11]. By in-
tegrating these elements within a unified modeling
framework, VOI analysis provides a basis for compar-
ing diagnostic technologies as laboratory tools and for
optimizing their use under resource constraints [11].

Therefore, the aim of this study was to develop
and apply a pharmacoeconomic modeling framework
incorporating value of information analysis to evaluate
diagnostic technologies for the etiological diagnosis of
viral respiratory infections from a laboratory perspec-
tive and to support economically justified selection of
diagnostic tools.

Materials and Methods
1. Study design

This study develops a pharmacoeconomic meth-
odology for comparing two diagnostic technologies for
respiratory viral infections: immunochromatographic
rapid tests and PCR-based diagnostics. Both have
gained wide clinical adoption, yet differ substantially
in cost, accuracy, and operational characteristics. The
analysis was conducted within the UKrainian
healthcare setting, a middle-income country with func-
tional molecular diagnostic infrastructure that none-
theless operates under significant budget constraints,
further compounded by the ongoing Russian full-scale
invasion.

The analytical framework proceeds in three se-
quential steps. First, a multi-criteria utility assessment
derives utility values for each technology through
structured expert elicitation across four criteria: au-
tomation, time, reproducibility, and accessibility. Each
expert independently assigns weights and scores to
each criterion, and the values are aggregated across
the panel. Second, a decision-tree model estimates the
expected utility of each technology as a function of
sensitivity, specificity, diagnostic spectrum, and ex-
pert-derived utility values. Diagnostic spectrum sets
the prior probability of a positive result, while sensi-
tivity and specificity determine the distribution of
true- and false-positive outcomes, each weighted by
the corresponding utility value. Third, a probabilistic
simulation propagates parameter uncertainty across
all model inputs to calculate cost-utility and value of
information metrics, specifically EVPI, EVPPI, and
EVSI. Beta distributions are fitted to proportional pa-
rameters (sensitivity, specificity, diagnostic spectrum,
utility), and gamma distributions to cost parameters,
with distribution shape derived from empirical means
and standard deviations. All proportional parameters
are bounded within [0, 1], while cost parameters are
strictly positive.
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2. Multi-criteria cost-utility framework

The use of pharmacoeconomic analysis in the
practice of laboratory medicine is substantiated in
cases that involve a comparison of two or more diag-
nostic technologies and the choice of a more appropri-
ate (acceptable) technology of laboratory diagnostics,
considering their utility and cost [12].

Different levels for evaluating the utility of etio-
logical diagnostic technologies demonstrate that per-
formance at each lower level is logically necessary, but
not sufficient, to ensure performance at higher levels.
These levels in ascending order of importance are:

e technical quality

e accuracy, sensitivity, specificity

e the influence of diagnostic results on the doc-
tor’s diagnostic thinking

e the impact on clinical management of viral
disease

e the impact on social costs and benefits.

Achieving the maximum effect from use of a di-
agnostic test is possible under the condition of finding
a balance between the indicators of three areas that
partially overlap: the productivity of etiological diag-
nostic methods, features of the epidemiology of a viral
disease, and costs (Fig. 1)

-epidemiological A operational
characteristics of characteristics of
viral infection the diagnostic test
2 3

costs of eticlogical diagnosis

Figure 1: Balance between indicators of the productivity of
the technology for etiological diagnosis, the epidemiology of
the viral agent, and costs

The main operational characteristics of diagnos-
tic technologies are sensitivity, specificity, reproduci-
bility, accuracy, quality control and turnaround time.
Most clinical and diagnostic laboratories strive to max-
imise these indicators, thus specialists sometimes tend
to focus on these indicators alone. This approach was
considered sufficient in the past, but budget con-
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straints today require a broader examination of the
problem [13]. The second important area is the epi-
demiological characteristics of viral disease, which are
determined by its prevalence, the presence of clinical
symptoms, and demographic, behavioural and clinical
risk factors. The intersection of operational character-
istics of etiological diagnostics and epidemiology
(Fig. 1, section 1) determines requirements for the
timing of sample collection and its type. The third ma-
jor area is the cost of diagnostic tests. The intersection
of diagnostic costs and epidemiological characteristics
(section 2) determines the possibility of disease pre-
vention. The intersection of cost and productivity (sec-
tion 3) determines the requirements for equipment, its
throughput, material resources and correspondingly
qualified personnel. The intersection of all three areas
determines the utility of spending (section 4). A bal-
anced model of this kind for evaluating modern diag-
nostic technologies is especially appropriate for the
identification of infectious agents based on PCR, ligase
chain reaction, the use of biochips etc. Since such di-
agnostics are fairly expensive, the question of their
cost-effectiveness naturally arises.

The criteria for the utility of diagnostic technolo-
gies are their operational characteristics of sensitivity,
specificity and numerous other indicators based on
the statistical analysis of datasets of clinical and labor-
atory studies [14]. Statistical analysis in the etiological
diagnostics of viral infections in particular, and in la-
boratory medicine in general, is one of the tools for
analysing laboratory data, as well as the language used
to express research results. However, for a practical
virologist, it is also necessary to improve knowledge
dynamically about some aspects of the interpretation
of operational characteristics of the utility of diagnos-
tic tests and their interrelationships. Evaluating the
utility of various diagnostic technologies relies on sev-
eral operational characteristics based on statistical
analysis and arranged into three groups that deter-
mine diagnostic (or analytical) accuracy, clinical accu-
racy and clinical utility.

The main operational characteristics that deter-
mine the diagnostic accuracy of a laboratory test in-
clude diagnostic sensitivity (Se), diagnostic specificity
(Sp) and accuracy (Ac). The diagnostic utility of a la-
boratory test is one of the key elements of decision-
making regarding the need for further diagnosis, mon-
itoring and forecasting of viral disease development.
Today, statistical analysis is widely used for diagnostic
purposes, solving classification tasks, identifying new
regularities, and advancing new scientific hypotheses.
Sensitivity, specificity and accuracy are statistical indi-
cators of the utility of a certain diagnostic test. The
utility of predicting the presence of a viral infection or
disease can be improved by enhancing these charac-
teristics, and therefore the quality of management de-
cision-making in diagnosing and treating patients
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improves, thus reducing the burden on the healthcare
resources available [15].

Until recently, it was believed that achieving the
maximum sensitivity and specificity of diagnostic tests
were sufficient criteria of medical utility for their im-
plementation in healthcare practice. Nowadays, de-
termination of the usefulness (utility) of the methods
of etiological diagnosis of viral pathogens is much
wider, which requires continually providing the prac-
tising physician with up-to-date information. In early
works on cost-effective technologies in laboratory di-
agnostics, the usefulness of the method was assessed
as the proportion of correctly diagnosed people, i.e.
the sum of the proportions of true-positive and true-
negative results [16].

The level of utility of any medical (particularly
diagnostic) technology from the point of view of la-
boratory diagnostics can be determined using qualita-
tive and quantitative indexing of criteria and gradation
scales. Depending on the requirements and purpose of
the laboratory research, the utility of the diagnostic
test considers its reproducibility, availability, time
spent on diagnostics, the possibility of automating the
process, and other indicators. In this case, the expert
assessment is a table in which a virologist or other ex-
pert assigns a certain weight (wi) and score (ri) from 1
to 5 for a certain diagnostic technology to each utility
criterion (Tab. 1).

According to the expert judgment, the utility of
the actual diagnostic results is determined by
formula (1):

U = Wil + Wyt + Wa s, + Wy 1y,
= - W

max

At the same time, the utility of false-positive and
false-negative diagnostic results is considered to be
zero. In the case where the utility Ui is evaluated by
several of k involved experts, after calculating the utili-
ty according to the table completed by each expert, the
average utility of the diagnostic technology is calculat-
ed according to the opinions of all the experts
involved (2):

U==, (2)

The root-mean-square deviation o is an indicator
of the degree of dispersion of utility values around its
average value, i.e. the degree of consistency of expert
judgments in evaluating a certain diagnostic technolo-

gy by all utility indicators such as variance (D) and
standard deviation (o) (3, 4):

D:Z[.(U—,-—Q) (3)

k
c=+D (4)

As a tool for analysing the expected utility of etio-
logical diagnosis in the presence of incomplete or in-
sufficiently reliable clinical and laboratory infor-
mation, a diagnostic method has been proposed. This
method is based on the construction of a probabilistic
decision-tree model similar to that used in cost-utility
analysis [17, 18]. The branches of the tree represent
alternatives of events (diagnostic results) with certain
probabilities of the occurrence of these events and the
final result (usefulness of each result) (Fig. 2).

Table 1: Multi-criteria analysis of the medical utility of diagnostic technologies

Indicator

Weight of the indicator w;

Assigned mark r;

Reproducibility:
poor reproducibility - 1,

excellent reproducibility - 5

Wi rii

Accessibility:
low availability - 1,
high availability - 5

Wy rai

Working time costs:
high expenses - 1,

low expenses - 5

The possibility of automating the process:
automation is impossible - 1,

the process is fully automated - 5

Wy, T4
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Figure 2: Decision-tree model of the expected utility of diagnostic technology

The decision tree framework was selected as the
primary analytical approach for several reasons. First,
it explicitly models the sequential nature of diagnostic
decision-making and allows transparent representa-
tion of diagnostic pathways. Second, it facilitates inte-
gration of expert-derived utility assessments across
multiple criteria (automation, time, reproducibility,
accessibility) that extend beyond simple diagnostic ac-
curacy metrics. While alternative approaches such as
Markov models could capture long-term disease pro-
gression and treatment pathways, the decision tree
framework was deemed most appropriate for this
analysis focused on the immediate diagnostic decision
episode, given data availability and the objective of es-
tablishing a methodological foundation for diagnostic
technology evaluation applicable across diverse
healthcare contexts.

In such a model, the criteria are the diagnostic
spectrum of the diagnostic technology (P), the sensi-
tivity of the diagnostic technology (Se), the specificity
of the diagnostic technology (Sp), the utility of a true-
positive diagnostic result (Ure), the utility of a false-
positive diagnostic result (Urp), the utility of a true-
negative diagnostic result (Urn) and the utility of a
false-negative diagnostic result (Urn). The determina-
tion of the expected utility result (EU) based on the
constructed tree of alternatives, as the sum of prod-
ucts of efficiencies is decisive in the results of diagnos-
tics and their corresponding probabilities (5):

EU=P-Se U, +(1-P)-(1-8p,)-U,, +

+(1=R)-Sp, -Upy +R-(1=5¢)-Upy

In addition to expected utility, direct medical and
non-medical costs should be considered when analys-
ing diagnostic technology. Indirect costs in this case
are not usually considered. Direct medical costs in-
clude all costs of a clinical diagnostic laboratory, e.g.
the cost of the purchase and storage of diagnostic test
systems, payment for the work undertaken by the doc-
tor, laboratory technician and other personnel, costs
related to the use of medical equipment, space, facili-
ties etc [19]. To determine the amount of direct costs
for the use of each diagnostic technology in monetary
terms, it is sensible to use the following sources of in-
formation:

e tariffs for diagnostic test systems valid in a
certain region

e the cost of diagnostic services of a specific in-
stitution

e prices of paid diagnostic services within the
limits of one or another commercial activity

e average tariffs of several diagnostic centres
(at least 3-5, with justification for their choice)

e the results of economic calculations of prices
of diagnostic services (with a description of the calcu-
lation methodology).

To determine the direct costs for diagnostic tests
in monetary terms, the manufacturer’s retail prices
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and the wholesale prices of distributor companies
(at least 3-5 distributors, with justification for their
choice) are used. Average price indicators should be
used in the analysis.

In the practice of a diagnostic laboratory, it is of-
ten possible to choose a diagnostic test for the diagno-
sis of a certain viral disease from several available. It
becomes appropriate to compare the ratios of ex-
pected utility and costs in the case of using each diag-
nostic technology and then choose the one that gives
the lowest ratio. The basis of the study is the determi-
nation of indicators that affect the utility of the diag-
nosis of respiratory viral infections and the costs of us-
ing each technology, which is the “cost-utility” method.

The development of methods and models of the

economic utility of technologies for the etiological di-
agnosis of viral infections is based on the above Venn
diagram (Fig. 1) and the aggregation into a single
methodology of epidemiological indicators, operation-
al characteristics of diagnostic technologies, and costs
associated with their use. The ultimate goal of an anal-
ysis methodology of this kind is to perform numerical
modelling based on the principles of pharmacoeco-
nomic analysis and to determine pharmacoeconomi-
cally justified rules for the optimal choice of etiological
diagnosis technology (Fig. 3).
These calculations use utility and cost data to deter-
mine the “cost-utility” ratio of the diagnostic technolo-
gy, i.e. the cost of a unit of utility provided by the com-
pared technologies (6):

Cost,

CUR(P,Se,,Sp,) = ———— ot
EU(E,Se,.Sp,)

(6)

where is CUR is a cost-benefit ratio; Cost: is the ex-
penses for the ith diagnostic technology etc.; EU; is an
indicator of the expected efficiency of the ith diagnos-
tic technology; Pi is the diagnostic spectrum of a labor-

atory test; Se; is the sensitivity of the laboratory test;
Spi is the specificity of the laboratory test.

From the point of view of the “costs utility”
method, pharmacoeconomic diagnostic technology can
be recognised as:

- “dominant” if it demonstrates better utility at
lower costs, i.e. it is characterised by a lower value of
the “cost-utility” ratio and cost savings compared with
other technologies

- “effective” in the case when the diagnostic tech-
nology with a lower value of the “cost-utility” ratio in-
volves spending more funds than other alternatives,
but demonstrates better diagnostic utility or vice ver-
sa

- “useless” if the diagnostic technology has a
greater value of the “cost-utility” ratio with lower di-
agnostic utility.

The value of CUR; (CUR;) decreases with an in-
creasing sensitivity or specificity of the diagnostic test.
Therefore, if a diagnostic technology is more effective
in some of these prevalence intervals relative to its
costs, then it is dominant and better than others.

Extending the decision-making analysis, the se-
quence of use of the two diagnostic tests is considered.
Since the first diagnostic test is used for all individuals
and the second is used for a certain subgroup of pa-
tients, and if diagnostic costs are considered during
diagnosis, it is important to decide which test to use
first. All things being equal, using the more expensive
test first is disadvantageous and it is therefore ex-
pected that the decision maker should commence the
diagnosis with the less expensive test. This reflects the
benefits of using a specific test first, as a negative di-
agnostic result will not be verified. Thus, such an indi-
cator can be interpreted as a ratio of the costs and
benefits of using a certain test in the first place. The
lower this ratio, the more likely it is that such a test
will be used first.

Determination of the etiological
spectrum of an infectious
disease for the data of
epidemological studies

Determination of operational
characteristics of compared
diagnostic technologies
(diagnostic sensitivity and
diagnostic specificity)

Determination of the usefulness
of compared diagnostic
technologies according to expert
assessments

v /

Multicriteria analysis of the
medical efficiency of compared
diagnostic technologies

|

Modeling the economic efficiency
of technologies for the etiological
diagnosis of viral infections

Figure 3: Algorithm for modelling the economic utility of technologies for the etiological diagnosis of viral infections
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The basis of pharmacoeconomic analysis helps to
solve the inverse problem, namely it answers the
question of which cost ratio is the limit when choosing
one diagnostic technology over another. The ith diag-
nostic technology is more acceptable than the jth pro-
vided that (7, 8):

CUR, < CUR, )
Cost, - Cost, ®
EU, " EU,

and it is possible to formulate a model of economic
utility and diagnostic technology based on known val-
ues of expected utility for both compared technologies

(9):
Cost, - EU,
Cost; EU,

9)

where is Costi and Cost; are the costs of the relevant di-
agnostic technologies (i) and (j); EU; EU; - the overall
utility of the respective analytical strategies (1) and
(2) is determined.

3. Value of information analysis

Value of information analysis is a methodology
that allows quantifying the expected benefit of mini-
mizing the uncertainty during the decision-making
process through additional research, improved data
collection, or more precise parameter estimation. Such
an evaluation identifies the parameters that contribute
the most to the decision uncertainty, highlights possi-
ble areas of improvement, further research directions,
or otherwise confirms that the current decision is op-
timal and that subsequent attempts at reducing the
uncertainty will not yield any substantial benefit

The objective is to evaluate the worth of resolv-
ing uncertainty in choosing between PCR and rapid
immunochromatographic diagnostic tests, taking into
account variability in diagnostic test sensitivity and
specificity, diagnostic spectrum, costs, and utility val-
ues. This approach provides a more comprehensive
understanding of decision uncertainty and potential
benefits from further research.

The stochastic simulation model was used to
simulate 10000 individual-level iterations. The simu-
lated population was considered symptomatic indi-
viduals presenting for diagnostic testing during a res-
piratory infection season. Empirical data on diagnostic
test costs and diagnostic spectrum were used to pa-
rameterize the model with realistic and context-
specific inputs.

Based on data gathered from the Public Health
Center of Ukraine [20], diagnostic spectrum estimates
were calculated, summarizing diagnostic outcomes
across different pathogens and time periods. The pro-
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portion of positive samples was calculated for all
pathogens for each test. The data were restricted to
span from week 40 to week 20 for each year from
2019 to 2023. This timeframe is consistent with the
typical seasonal period for the analysed illness. The
diagnostic spectrum was averaged across these five
years.

Diagnostic accuracy parameters were integrated
into the model to reflect the reliability of each test in
distinguishing between infected and uninfected indi-
viduals. Estimates for sensitivity and specificity were
obtained from peer-reviewed studies on the clinical
performance of PCR and rapid antigen tests in diverse
healthcare settings [21, 22].

To capture the variability and uncertainty in
these parameters, beta distributions were applied,
which are appropriate for proportions derived from
binary outcomes. The distribution parameters were
derived using the mean and standard deviation values,
allowing for the modeling of the expected range of di-
agnostic outcomes.

Estimates of diagnostic utility, reflecting the per-
ceived value of correct test-based decision-making,
were obtained through expert elicitation. Laboratory
specialists provided their judgments on the relative
utility of accurate diagnoses for each testing modality,
and these values were used to define beta distribution
parameters for probabilistic analysis.

The expected utility of each diagnostic strategy
was calculated by combining the sampled sensitivity,
diagnostic spectrum (as prevalence), and utility values
in each iteration taking into account only the positive
test results (10):

EU=P-Se-U, (10)

where is EU is the expected utility of i technology; P is
the diagnostic spectrum of i technology; Se is the sen-
sitivity of i technology; Urr is the utility of a true-
positive diagnostic result.

The usefulness of Upp and Upy outcomes was
considered to be zero, that reflects the assumption
that the absence of the direct therapeutic benefit from
incorrect diagnostic outcomes. This assumption re-
flects a laboratory-centered analytical framework,
where the primary value of diagnostics lies in patho-
gen detection rather than in downstream clinical deci-
sion-making, which is beyond the scope of the present
model. The simulated population consists of sympto-
matic individuals, which underlines that the primary
clinical value lies in confirming the presence of the
pathogen rather than excluding it. Thus, the Uy was
set to zero and the main analytical focus was centered
on the true positive outcomes.

In order to apply the VOI evaluation, both the
economic value and the technology efficiency must be
accounted for in the unified metric. The introduction
of NMB enables direct comparison of both
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technologies in the same units. This method allows
interpreting health outcomes in terms of monetary
worth and provides a direct comparison of cost-
effectiveness  across interventions. For each
simulation, the following formula was used to evaluate
NMB (11):

EU .
NMB = ——-Cost; —Cost,
EU,

J

(11)

where is EU;, EU; are the expected utilities of i and j
technology respectively; Cost;, Cost; are the costs of i
and j technology respectively.

This approach simplifies decision-making under
uncertainty by evaluating the relative efficiency of two
diagnostic technologies. It estimates whether the rela-
tive effectiveness per unit cost of strategy i exceeds
that of strategy j. A positive NMB value indicates that
PCR-based diagnostics (technology i) offer a more fa-
vorable cost-utility profile compared to rapid tests
(technology j).

To quantify the value of eliminating decision un-
certainty, EVPI was calculated (12). EVPI represents
the maximum amount a decision-maker should be
willing to pay for additional information that would
perfectly resolve current uncertainties in model pa-
rameters. It reflects the potential benefit of further re-
search or improved data quality before committing to
a specific intervention.

The EVPI was computed by comparing the
expected NMB under current uncertainty with the
NMB that could be achieved if all uncertainties were
resolved. Mathematically, this is expressed as (12):

EVPI = E[ (NMB,c, NMBy,,,) | =

(12)
~(E[NMB,,],E[ NMB,,,, )

A higher EVPI indicates greater decision uncer-
tainty and a stronger justification for further data col-
lection. It can be interpreted as the current expected
opportunity loss associated with making the decision
under uncertainty. In other words, it is the monetary
value of the potential harm that is caused by the selec-
tion of a suboptimal diagnostic technology. Taking into
account the assumptions of the current model, this
value represents the maximum expected benefit that
could theoretically be gained by resolving all parame-
ter uncertainty simultaneously. Accordingly, EVPI
provides a practical reference point for evaluating
whether further data collection can improve the deci-
sion-making quality. If the anticipated cost of a pro-
posed study approach or exceeds this value, additional
research may offer limited economic benefits.

The value of EVPI is also dependent upon the
probability of an incorrect current decision, consider-
ing existing evidence. If the distribution of NMB is
mostly concentrated in positive areas, suggesting that
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the preferred technology is outperforming the alterna-
tive in all scenarios, then it implies that the expected
opportunity loss of the current decision is low, and
therefore EVPI is also low. On the other hand, an NMB
distribution with significant overlap with zero sug-
gests uncertainty in the current decision and, there-
fore, a potentially higher value of additional infor-
mation. This relationship between the distribution of
NMB and EVPI offers an intuitive rationale for under-
standing VOI results in conjunction with simulation-
based results.

To assess the value of resolving uncertainty in
specific parameters prior to making a diagnostic deci-
sion EVPPI was calculated. EVPPI quantifies the ex-
pected gain in decision quality that would result from
knowing the true value of a subset of uncertain pa-
rameters, while keeping all other parameters uncer-
tain. In contrast to EVPI, which assumes full resolution
of uncertainty, EVPPI focuses on the impact of learning
only a specific part of the model.

EVPPI provides a monetary estimate of how
much value would be generated if selected model
inputs were known with certainty. This allows
identification of the most influential parameters and
supports prioritization of targeted future research.
The EVPPI is calculated as (13):

EVPPI(¢) = (E[¢])-(E[NMB]) (13)
where is ¢ represents a subset of the uncertainty pa-
rameters for which we aim to obtain additional infor-
mation

To assess the potential benefit of conducting ad-
ditional research prior to implementing a diagnostic
strategy EVSI was calculated. EVSI quantifies the ex-
pected improvement in decision-making that would
result from obtaining new, but imperfect, information
— such as the outcomes of a proposed study with fi-
nite sample size. Unlike the EVPI, which assumes com-
plete resolution of all uncertainty, EVSI models the ef-
fect of partial uncertainty reduction through addition-
al data. EVSI provides a monetary estimate of how
much value a specific future study could bring by re-
fining parameter estimates and improving the ex-
pected NMB of the decision.

In practice, EVSI is approximated using simula-
tion. For each simulation a new dataset is generated, a
posterior distribution is formed, and the correspond-
ing updated NMB is computed. The EVSI is calculated
as (14):

1
EVSI(n) = Eijl(NMB(S’/,{,S,EM,,.) )-(EINMB]) (14)

where is n is the proposed sample of the future study;
§ is the number of simulations; NMB (s ,osterior) is the
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NMB in simulation s using posterior parameter esti-
mates.

This formulation allows decision-makers to es-
timate the monetary value of a study of size n, ena-
bling prioritization of research efforts and assessment
of the return on investment in further evidence gener-
ation.

In general, VOI analysis follows the sequential
decision process: if the current average NMB is posi-
tive, the chosen technology should be implemented in
consideration of the current evidence. The evaluation
of the necessity to conduct further studies is made
separately by comparing the expected value of the in-
formation against the cost of the information. In the
scenario when the degree of uncertainty in the values
of the model parameters is low enough that no possi-
ble study will be able to provide decision value greater
than the study costs, the current evidence is deemed
adequate for decision-making.

Results

The proposed information and analytical models
for evaluating the economic effectiveness of diagnostic
technologies were implemented as part of the cycle of
thematic improvement “Laboratory diagnosis of HIV
infection, viral hepatitis B, C, D, herpes virus infec-
tions” at Shupyk National Healthcare University of
Ukraine. The experts in the cycle were the heads of di-
agnostic laboratories and virologists who were asked
to evaluate the diagnostic effectiveness of immuno-
chromatographic rapid tests and molecular genetic
technologies based on PCR, which are used in the di-
agnosis of acute viral infections.

Five randomly selected experts were asked to de-
termine the main indicators of diagnostic technolo-
gies. These were the possibility of automation, time
spent, accessibility and the reproducibility of the
method. Each expert independently determined the
weight of each indicator from 0 to 1, evaluated each
diagnostic technology according to these indicators,
and calculated the diagnostic utility of rapid tests and
the PCR method for diagnosing acute viral infections
(Tab. 2).

The convergence of the experts’ opinions was
evaluated on the basis of the variance and root-mean-
square deviation of the calculated values of diagnostic
utility (Tab. 3).

The dispersion of the values of expert opinions
regarding rapid tests was determined to be ~9.8 %,
and for the PCR method ~19.9 %, i.e. the experts’ opin-
ions of the diagnostic utility of rapid tests coincided by
approximately 90 %, and the expert’s opinions’ of the
diagnostic efficiency of the PCR method was about
80 %. These findings show that experts’ opinions were
more consistent when assessing the diagnostic utility
of rapid tests than the PCR methods. This was ex-
plained by the fact that not all experts used the PCR
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method during their work. The diagnostic utility as-
sessments were used to evaluate the cost-
effectiveness of selected technologies for the diagnosis
of acute respiratory viral infections.

The laboratory-reported sensitivity and specifici-
ty data were incorporated into the decision-making
model to further characterize diagnostic performance.
The parameters were used for modeling the diagnostic
accuracy and estimating the overall utility of the ex-
amined diagnostic methods. The following table pre-
sents the average metrics for sensitivity and specificity
parameters for PCR and rapid tests (Tab. 4).

The probabilistic VOI analysis yielded a compre-
hensive picture of the economic performance of PCR
and rapid diagnostic testing under uncertainty.

The data on the costs was collected by the au-
thors in May-June 2025. The data was collected from
publicly available online sources. The sources of the
data were the official websites of Ukrainian private di-
agnostic laboratory networks such as Dila, Synevo,
CSD, Biopharma, and regional diagnostic centers in
various regions of Ukraine. In total, the data was col-
lected from 10 sources for PCR-based diagnostic tests
and 9 sources for rapid antigen tests. The data was ini-
tially in Ukrainian hryvnias and was converted into
United States dollars at the official rate quoted by the
National Bank of Ukraine. The values reported reflect
the prices for PCR (Fig. 4) and rapid antigen tests
(Fig. 5) as performed in real-world settings.

For this study, cost data were collected specifical-
ly from the Ukrainian healthcare market. The prices of
diagnostic tests were modeled using gamma distribu-
tions to account for observed variability. For PCR tests,
the price was modeled as a gamma distribution
['(ay, B1), where the shape (a;) and scale (1) parame-
ters were calculated based on the empirical mean of
32.07 and standard deviation of 10.65. Similarly, rapid
test prices were modeled as I'(a;, 32), using the corre-
sponding mean of 12.60 and standard deviation
of 5.21.

Rapid tests were more affordable on average but
had high standard deviation indicating considerable
price variability. The prices of PCR tests were more
expensive and showed even wider range of prices.
Variability in prices observed for both tests could be
attributed to the differences in procurement channels
or the number of pathogens, market fluctuations, re-
gional pricing policies or other included services such
as sample collection and result interpretation. These
descriptive statistics were used as parameters to de-
fine gamma cost distributions which were used in
probabilistic simulations.

The graphs were built for the diagnostic
spectrum, where the weekly proportion of positive re-
sults across five epidemic seasons was displayed. In
the following data, rapid tests (Fig. 6) were used only
to detect adenoviruses. In contrast, PCR tests (Fig. 7)
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Table 2: Determining diagnostic utility by semantic differential

Indicator Rapid tests PCR method
Indicator weightw;  Awarded score 7; Indicator weight w; Awarded score r;
EXPERT 1
Possibility of automation 0.1 1 0,3 5
Working time costs 0.1 1 0.3 5
Accessibility 0.4 3 0.1 5
Reproducibility 0.4 5 0.3 5
Calculated utility 0.68 1.0
EXPERT 2
Possibility of automation 0.1 1 0.2 5
Working time costs 0.3 3 0.4 4
Accessibility 0.3 3 0.1 1
Reproducibility 0.3 3 0.3 3
Calculated utility 0.56 0.43
EXPERT 3
Possibility of automation 0.1 2 0.3 5
Working time costs 0.4 5 0.2 5
Accessibility 0.3 4 0.2 3
Reproducibility 0.2 4 0.3 4
Calculated utility 0.84 0.86
EXPERT 4
Possibility of automation 0.1 5 0.2 4
Working time costs 0.5 5 0.2 4
Accessibility 0.2 2 0.4 2
Reproducibility 0.2 3 0.2 3
Calculated utility 0.80 0.60
EXPERT 5
Possibility of automation 0.1 5 0.2 5
Working time costs 0.3 5 0.2 2
Accessibility 0.2 2 0.4 3
Reproducibility 0.4 3 0.2 4
Calculated utility 0.72 0.76
Table 3: Average value of diagnostic utility and assessment concurrence of experts’ opinions
Expert Rapid tests PCR method
Diagnostic utility Ui -0 (Wi — 0)? Diagnostic utility Ui — T (Ui — 02
U; U;
1 0.68 -0.04 0.0016 1.0 0.26 0.0676
2 0.72 0 0 0.76 0.02 0.0004
3 0.8 0.08 0.0064 0.6 -0.14 0.0196
4 0.56 -0.16 0.0256 0.48 -0.32 0.1024
5 0.84 0.12 0.0144 0.86 0.12 0.0144
Dispersion D=0.01 D =0.04
Mean standard
deviation - no deviation ©=0098 0=0199
Table 4: Tests sensitivity and specificity parameters
PCR Rapid tests
Sensitivity Specificity Sensitivity Specificity
Mean 0.9394 0.9893 0.7193 1
Standard deviation 0.0076 0.0013 0.0622 0.0255
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covered a much broader range of pathogens, including
adenoviruses, metapneumoviruses, parainfluenza
viruses types 1 - 3, influenza A and B viruses, respira-
tory syncytial viruses A and B, rhinoviruses A/B, and
coronaviruses 0C43/HKU1 and 229E/NL63

The average diagnostic spectrum for PCR tests
was 0.161, with a standard deviation of 0.0995, indi-
cating a moderate level of positive results and sub-
stantial variability across observations. For rapid tests,
the average diagnostic spectrum was markedly lower
at 0.0048, with a standard deviation of 0.0051. Despite
both testing methods demonstrating low average di-
agnostic spectrum - particularly rapid tests - the ob-
served standard deviations reflect significant hetero-
geneity in diagnostic outcomes over time or across
settings. These fluctuations may be attributed to varia-
tions in infection dynamics, tested populations, or dif-
ferences in testing strategies and operational condi-
tions during the observation period.

The data showed a clear distinction in positivity
rates between PCR and rapid antigen tests, indicating
the fact that these methods are typically used in popu-
lations that have different pre-test probabilities. For
the modeling of the test diagnostic spectrum, the beta
distribution was used, fitted with mean and standard
deviation as the basis for defining the distribution pa-
rameters. By basing both cost and diagnostic spec-
trum parameters on actual observed data from
healthcare laboratory reports, the study ensures that
its model inputs are directly tied to the operational
context in which diagnostic decisions are made.

The performed simulation demonstrated that
PCR tests had higher expected utility than rapid tests.
This result logically stems from PCR tests having
greater sensitivity and broader diagnostic coverage.

Thus, PCR tests were chosen to be the base technology
in the following analysis. Negative NMB values would
justify switching to rapid tests, whereas positive val-
ues support retaining the current practice. For each of
10,000 simulations, NMB was calculated as (15):

EU

—— L& Costy,,., — Costpey
Rapid

NMB = (15)

The scatter plot was built based on the simulated
data (Fig. 8). It illustrates that in the majority of sce-
narios, most outcomes are positive, indicating that
PCR tests have a higher cost-utility value. The average
NMB is estimated at approximately $854 per patient.
These results show that the PCR test is the economi-
cally favorable option under current uncertainty. In
the plot are included only the simulations where the
EU ratio is below its 90th percentile to reduce the im-
pact of extreme outliers and improve the graph reada-
bility.

NMB was used to determine EVPI in accordance

with the formula 12. According to the simulation re-
sults, the EVPI was estimated at $0.25 per patient. This
value reflects the monetary worth of resolving all un-
certainty around test performance and disease pa-
rameters.
The estimated EVPI represents the upper bound on
the economic value of further research aimed at re-
ducing uncertainties in this model. With the average
NMB favoring the PCR test was approximately $854,
the EVPI constitutes less than 0.03% of the benefit.
Such a relationship indicates that the current decision
is highly robust and would be unlikely to be reversed
even if all model parameters were estimated with per-
fect precision.

NMB dependence on Expected Utility Ratio

Simulations
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Figure 8: NMB dependence on Expected Utility Ratio
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The low values of EVPI shown in the present
analysis also correspond with the distribution of NMB
values computed in the probabilistic simulations, as
demonstrated in Fig. 8. From the scatter plot, it is clear
that most of the simulated scenarios fall in the range of
positive NMB values, indicating that there is a general
advantage of PCR-based diagnostics over rapid tests in
the entire range of the parameter space. The EVPI is
influenced by the proportion of the NMB distribution
that crosses the zero line, indicating scenarios in
which the current decision is suboptimal. The corre-
spondence between the results of the probabilistic
simulation and the VOI analysis further strengthens
the conclusion that uncertainty in the current decision
is not significant.

EVPI curve (Fig. 9) shows that at an NMB thresh-
old of $888.89, EVPI reaches its maximum of
$344.This point represents the highest level of deci-
sion uncertainty in this simulation, indicating that fur-
ther research that would target this threshold would
offer the greatest potential value if the uncertainty
were to be reduced. The further the NMB threshold
moves from this point in either direction, the more
EVPI declines. This reflects increased confidence in the
preferred decision under those scenarios.

The diagnostic spectrum of PCR tests demon-
strated the greatest influence on the modeling out-

comes in the preliminary sensitivity analysis. Hence, it
was chosen as the best candidate for the EVPPI analy-
sis. However, the calculated value for EVPPI yielded a
near-zero value. This negligible EVPPI indicates that
obtaining the perfect information about PCR diagnos-
tic performance would not provide enough meaningful
economic benefit for the current decision scenario.
These results suggest that even with parameters of
substantial theoretical importance to model behavior,
the existing uncertainty levels are already acceptable
for robust decision-making.

The EVSI has been shown to be highly volatile
at small sample sizes, having substantial fluctuations.
This variability indicates that the marginal value of in-
formation is not well estimated in cases where the
sample size is too small to provide adequate statistical
power.

EVSI reached its maximum of $2.69 at a sample
size of 40. It shows that collecting additional data be-
yond this threshold yields diminishing returns. The
EVSI subsequently decreases for further sample sizes,
indicating that the marginal cost of an additional ob-
servation exceeds the marginal benefit of the reduc-
tion in uncertainty and thus that extensive data collec-
tion is economically inefficient for this specific deci-
sion problem (Fig 10).

EVPI Curve at different NMB thresholds
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Figure 9: EVPI curve at different thresholds



Innov Biosyst Bioeng, 2025, vol. 10, no. 1

50

>
14 )
a
0
o
g y
w
0 -
=14
>
-2 4
0 200 400 600 800 1000
Sample Size
Figure 10: EVSI vs Sample Size. PCR Prevalence
Discussion systems [29].

The present study contributes to the evolving
field of pharmacoeconomic evaluation in laboratory
medicine by proposing a multi-criteria framework for
assessing the economic utility of diagnostic technolo-
gies for viral infections. Early studies in this area pri-
marily focused on the cost-effectiveness of diagnostic
interventions within clinical pathways; however, the
fundamental principles of economic evaluation are al-
so applicable to laboratory diagnostics as an inde-
pendent domain of decision-making [23]. The first
cost-effectiveness analyses of diagnostic technologies
were based on decision-tree models and uncertainty
analysis using confidence intervals of model parame-
ters [24]. These approaches laid the foundation for in-
tegrating economic considerations into diagnostic de-
cision-making.

Subsequent studies have explored the economic
evaluation of diagnostic technologies in various con-
texts, including malaria screening strategies, tubercu-
losis diagnostics, and laboratory-based functional test-
ing [25-28]. These studies typically incorporated the
costs of diagnostic procedures, treatment interven-
tions, and broader healthcare expenditures, while of-
ten placing less emphasis on the intrinsic utility of di-
agnostic technologies as analytical tools. At the same
time, pharmacoeconomic analysis has increasingly
been used to support decision-making regarding the
implementation of new diagnostic technologies, bal-
ancing their benefits and costs within healthcare

One of the central methodological challenges in
this field is the choice of appropriate modeling ap-
proaches. Randomized clinical trials and simulation
models are often considered complementary methods
for evaluating cost-effectiveness. Mathematical model-
ing provides a structured and quantitative framework
for integrating clinical, laboratory, epidemiological,
and economic data, thereby enabling the analysis of
diagnostic technologies under conditions of uncertain-
ty. The reliability of such models depends on their in-
ternal consistency, logical structure, and the appropri-
ate representation of event probabilities and out-
comes.

The present study proposes a multi-criteria cost-
utility framework based on the expected utility of etio-
logical diagnosis of viral infections. This methodology
is implemented through a probabilistic decision-tree
model, in which each diagnostic outcome is associated
with a utility derived from expert judgment, and the
probability of each outcome is determined by key ana-
lytical parameters of diagnostic technologies, includ-
ing sensitivity, specificity, and diagnostic spectrum.
Unlike traditional approaches, the proposed frame-
work explicitly incorporates operational characteris-
tics of laboratory diagnostics, making it particularly
relevant for specialists working in diagnostic laborato-
ries.

A key methodological consideration of this study
is the analytical perspective adopted for comparing
diagnostic technologies. In clinical practice, rapid
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antigen tests and PCR-based diagnostics are often
used for different purposes and are not always directly
interchangeable within a single decision-making
pathway. Rapid tests are typically applied for immedi-
ate decision support, particularly in the detection of
influenza or SARS-CoV-2, whereas multiplex PCR is
frequently used for broader etiological verification
and, in some cases, epidemiological monitoring. In
contrast, the present study evaluates diagnostic tech-
nologies from the perspective of laboratory medicine,
where they are considered as analytical tools for etio-
logical detection rather than as direct substitutes in
specific clinical scenarios. Within this framework, the
comparison focuses on diagnostic spectrum, analytical
performance, operational characteristics, and costs. It
should also be noted that the modeling assumptions
regarding rapid tests reflect the specific dataset used
in this study, in which rapid testing was limited to a
narrower range of detectable pathogens. This assump-
tion does not fully represent the diversity of rapid di-
agnostic technologies currently available in clinical
practice and should be interpreted as a scenario-
specific modeling constraint rather than a generaliza-
ble conclusion.

The probabilistic value of information (VOI)
analysis provides additional insight into decision-
making under uncertainty. By incorporating variability
in diagnostic performance, costs, and diagnostic spec-
trum, the model enables a comprehensive assessment
of the economic value of competing diagnostic tech-
nologies. The results indicate that PCR-based diagnos-
tics demonstrate higher expected utility within the de-
fined modeling framework, primarily due to their
broader diagnostic coverage and higher analytical
sensitivity.

At the same time, rapid tests retain important
advantages, including lower costs, shorter turnaround
time, and greater accessibility, which may be critical in
specific laboratory workflows or resource-constrained
settings. However, within the assumptions of the cur-
rent model, these advantages were insufficient to
compensate for the lower expected utility associated
with a narrower diagnostic spectrum. The Net Mone-
tary Benefit (NMB) analysis demonstrated that PCR-
based diagnostics represent the economically favora-
ble option under current parameter distributions, with
an average incremental benefit of approximately $854
per patient. The relatively low Expected Value of Per-
fect Information (EVPI) (approximately $0.25 per pa-
tient) indicates limited decision uncertainty, suggest-
ing that additional data collection would provide only
marginal economic benefit in this context. The low
EVPPI and the plateau observed in EVSI values further
support the conclusion that the current level of evi-
dence is sufficient for decision-making within the de-
fined model.

Several limitations of the study should be
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acknowledged. First, the analysis is conducted from a
laboratory perspective and does not explicitly incor-
porate downstream clinical outcomes or treatment ef-
fects. Second, the diagnostic spectrum of rapid tests
was constrained by the available dataset, which may
not fully reflect real-world diagnostic practice. Third,
the use of expert elicitation introduces a degree of
subjectivity, although consistency between expert as-
sessments was evaluated. Finally, the utility assess-
ment focused diagnostic value on correct positive out-
comes, which represents a simplifying assumption
that future iterations of the methodology should ad-
dress by incorporating utility estimates across all di-
agnostic outcomes.

Future research should extend this framework
by incorporating distinct clinical and epidemiological
use cases of diagnostic technologies, including the role
of rapid tests in immediate patient management and
the application of multiplex PCR in surveillance sys-
tems. Expanding the range of diagnostic technologies
and integrating patient-level outcomes would enhance
the generalizability and practical applicability of the
model. Overall, the findings demonstrate that the inte-
gration of multi-criteria cost-utility analysis with value
of information methods provides a robust and flexible
approach for evaluating diagnostic technologies in la-
boratory medicine. This framework supports evi-
dence-based and economically justified selection of
diagnostic tools while explicitly accounting for uncer-
tainty in key parameters.

Conclusions

The growing role of etiological diagnostics of vi-
ral infections in laboratory medicine requires a robust
evidence base for evaluating the economic implica-
tions of implementing diagnostic technologies. The re-
sults of such evaluations are essential for supporting
informed managerial decisions in diagnostic laborato-
ries and healthcare systems, particularly under condi-
tions of limited resources. In this study, a multi-
criteria model for assessing the economic utility of eti-
ological diagnostic technologies was developed. The
model integrates key analytical characteristics of di-
agnostic technologies, including sensitivity, specificity,
and diagnostic spectrum, with operational and eco-
nomic parameters, as well as utility values derived
from expert judgement. Within this framework, a gen-
eral decision rule was proposed, according to which a
diagnostic technology can be considered economically
justified if the ratio of its cost to a comparator does not
exceed the ratio of their expected utilities.

The proposed methodology was applied to a
comparative analysis of rapid diagnostic tests and
PCR-based technologies used for the etiological diag-
nosis of viral respiratory infections. It should be em-
phasized that this comparison was conducted from a
laboratory perspective, in which diagnostic technolo-
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gies are evaluated as analytical tools for etiological de-
tection rather than as fully interchangeable options
within specific clinical decision-making pathways. Ac-
cordingly, the results reflect the assumptions and
scope of the laboratory-based modeling framework.
The probabilistic value of information (VOI) analysis
complemented the evaluation by quantifying the eco-
nomic value of reducing decision uncertainty. Within
the defined model, PCR-based diagnostics demon-
strated higher expected utility, primarily due to their
broader diagnostic spectrum and higher analytical
sensitivity. This resulted in an average positive Net
Monetary Benefit of approximately $854 per clinical
sample when compared to rapid diagnostic tests.

At the same time, the results should be interpret-
ed with caution. The representation of rapid diagnos-
tic tests in the model was limited by the available da-
taset and does not fully capture the diversity of rapid
testing technologies currently used in clinical practice.
In addition, the model does not explicitly incorporate
downstream clinical outcomes or treatment effects.
Therefore, the findings should not be directly general-
ized to all clinical or epidemiological use cases without
further context-specific analysis. The outcomes or
treatment effects. Therefore, the findings should esti-
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"HaujioHanbHWI yHiBEPCUTET OXOPOHM 340p0oB's YKpainu imeHi M. J1. Wynwuka, Knis, YkpaiHa

2HauioHanbHWUI TEXHIYHWI YHIBepcUTeT YKpaiHn «KNiBCbKUA NONITEXHIYHWIA IHCTUTYT iMeHi Iropsa Cikopcbkorox», Kuis, YkpaiHa
3YHiBepcuTeT BiTayTtaca Benukoro, HaykoBo-gocnigHuii iHCTUTYT NPUPOAHNYKX | TEXHOMOriYHMX Hayk, KayHac, Jutea
“Kadbepnpa Gionorii Ta imyHonorii, MegnyHui koneax, YHisepcutet Kaccim, Bypanaa, Cayaiscbka Apasis

AHANI3 UIHHOCTI IHdJOPIV[ALI,IT Y ®APMAKOEKOHOMIYHIXA OUIHLI AIATHOCTUYHUX TEXHOJONX ANA BIPYCHUX
PECNIPATOPHUX IHOEKUIN

Mpo6nematuka. PecnipaTtopHi iHdeKuUii 3anuiianTbCs 3HaYHUM TSrapeM ONsi CBiTOBOI OXOPOHW 3[0POB'A 3 CYTTEBUM EKOHOMIYHMM
BMNMBOM. Pi3HOMaHITHICTb BipyCHUX 30yAHWKIB Ta BapiabenbHiCTb AiarHOCTUYHMX NIOXOAIB YCKMaAHIOTb eTionoriyHy Bepudikadilo B
nabopaTtopHin npakTuui. 3 po3BUTKOM AiarHOCTUYHWUX TEXHOMOTIN 3pocTae notpeba B eKOHOMIYHO OBrpyHTOBaHMX nigxoaax, Lo iHTe-
rpyloTb aHaniTUYHi XxapaKTepucTUKK, onepawinHi napameTpu Ta BapTicTb. AHani3 uiHHocTi iHpopmadii (VOI) 3abesnevuye dopmanbHy
MeTOAOIOrYHY OCHOBY 7S OLiHIOBaHHS BMNNBY HEBU3HAYEHOCTi Ha NPUAHATTS OiarHOCTUYHUX PilleHb.

MeTa. Po3pobuTu Ta 3actocyBaTv METOAOMOri0 OLHIOBAHHS €KOHOMIYHOI e(heKTUBHOCTI Ta LiiHHOCTI iH(bopMaLii AiarHOCTUYHUX TEXHO-
NOTi ANS BipyCHUX pecnipaTopHMX iHPEKL Y KOHTEKCTi nabopaTopHOi MPaKTUKU.

MeToam pocnigkeHHs. Y [OCNiOKeHHI NopiBHIOBanu imyHoxpomarorpadiyHi ekcnpec-tectu Ta MNJIP-giarHoCTMKy BipyCHUX iHAEKUIN.
[iarHOCTUYHY KOPUCHICTb TECTIB KiflbKICHO OLiHIOBanyM MeTO4OM €KCMepPTHOro OLHIOBaHHS 3a YOoTUMpMa onepauiiHuMy KpuTepisMu: aB-
TOMaTu3auisi, 4ac BWKOHaHHS, BIATBOPIOBAHICTb Ta AOCTYMHicTb. [lobypoBaHo OGaraTokpuTepianbHy Mofenb AepeBa pilleHb 3
ypaxyBaHHSIM YyTNMBOCTI, CNeumdIYHOCTI, AiarHOCTUYHOIO CMEKTPY Ta BapTiCHWX napameTpiB. HeBM3HayeHicTb MoaentoBany 3a Jono-
Moroto 6eTa- Ta ramma-po3nopainis. Po3pobneHa MeTogonoris Ao3Bonuna ouiHUTK odikyBaHy KOPWUCHICTb, YACTY MOHETapHy Burogy
(NMB), ouikyBaHy LiHHiCTb gockoHanoi iHdopmauii (EVPI) Ta ouikyBaHy LiHHiCTb BUBipkoBoi iHdopmauii (EVSI).

Pe3ynbtatn. Po3pobneHo Ta anpoboBaHo GaraTtokpuTepianbHy MeTodororilo aHanidy eKOHOMIYHOI edeKTMBHOCTI ONs OLiHIOBaHHS
TEXHOSOri eTioNOori4YHoI AiarHoCcTMKN. Y Mexax nobyaosaHoi moaeni MJIP-giarHocTuka npogeMoHCTpyBana BuLLy o4vikyBaHy KOPUCHICTb
3aBASKM WIMPLLOMY [AiarHOCTUYHOMY CMEKTpy Ta BWLLIA aHamiTUYHIA YyTnuBoCTi. 3a pesynbTaTaMu iMOBIPHICHOTO MOAEMOBaHHS
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(10 000 iTepauiit) cepeaHs uncta moHeTapHa Buroga MIIP nopiBHAHO 3 ekcnpec-Tectamu cknana 6nm3bko $854 Ha KniHiYHWIA 3pasok.
Anania VOI 3acBiguMB HU3bKMIA piBEHb HEBM3HAYEHOCTI pilleHHs: EVPI ouiHeHo Ha pisHi $0.25 Ha nauieHta. EVPPI ana giarHocTvy-
Horo cnekTpy MNP BusiBunacs HeaHauHow, a EVSI pocsrna makcumansHoro 3HadeHHs $2.69 npu o6casi Bubipku 40 ocib, wo
BKa3ye Ha 06MexeHy AOLUINbHICTb NoAanbLioro 36opy AaHUX 3a MOTOYHUX YMOB.

BucHoBku. NoegHaHHs 6araTokpuTepianbHOro MoAenNtoBaHHA EKOHOMIYHOT edhekTUBHOCTI 3 aHanisom VOI 3abesnedvye nocnigoBHy me-
TOZOIOriYHY OCHOBY AN OLiHIOBAHHS OiarHOCTUYHUX TEXHOMOri y nabopaTopHii MeguumHi. Y Mexax npuiHaTMX npunyweHs MJ1P-
fiarHocTuka NpoJeMOHCTpyBana BuLLy eKOHOMIYHY [AOLINbHICTb NOPIBHAHO 3 ekcnpec-Tectamu. BogHouyac pesynbTaTty cnig iHTepnpe-
TyBaTW 3 ypaxyBaHHAM oOMexeHb MOAeni, 30Kkpema LLoAo AiarHOCTUYHOMO CMEKTPY eKCNpec-TeCTiB Ta BiACYTHOCTI AaHWX MPO KMiHiYHi
Hacniaku nikyBaHHsi. 3anponoHoBaHWiA Niaxia cnpusie 4oKa3oBOMY Ta EKOHOMIYHO 06r'pyHTOBaHOMY BUGOPY AiarHOCTUYHUX TEXHOSOTIN B
yMOBax HEBU3HAYEHOCTI.

KnioyoBi cnoBa: BipycHi pecnipaTopHi iHdeKLUii; nabopaTopHa AiarHoCTvKa; noniMmepasHa faHLUioroBa peakLisi; ekcrnpec-aiarHoCTUYHi
TeCTW; aHani3 «BUTPaTU—KOPUCHICTbY; AepPeEBO pilleHb, MOAENOBAHHS; LiHHICTb iHpopmaLlii.



