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ABSTRACT: As artificial intelligence, the Internet of Things, edge computing, and blockchain are increasingly
integrated into long-term care (LTC) services, policymakers face complex and often non-compensatory trade-offs
among affordability, workforce sustainability, service reliability, and data governance. Conventional compensatory
evaluation models tend to mask critical structural weaknesses and limiting their usefulness for Smart LTC policy
assessment. This study proposes and applies a Fuzzy Trade-Off-Aware Scoring with Conflicts (Fuzzy TASC) framework
to evaluate Smart LTC system performance. Four digital-integration configurations—conventional cloud-based LTC,
AI+IoT, AI+Edge, and AI+Blockchain—were compared across 12 OECD countries. A Monte Carlo perturbation
procedure was incorporated to assess the robustness and stability of country rankings under data uncertainty. The
results indicate that smart technologies generally enhance LTC performance, particularly in terms of service coverage
and operational efficiency. Nevertheless, these gains are unevenly distributed and accompanied by a pronounced
intensification of cost–workforce trade-offs as digital complexity increases. Germany and Japan exhibit higher adaptive
resilience, maintaining strong overall performance across configurations, while Estonia, Ireland, and Portugal display
structural vulnerabilities that become more evident under advanced digital integration. Monte Carlo simulations
confirm that these patterns are stable across a wide range of uncertainty scenarios. The findings demonstrate that
the sustainability of Smart LTC systems depends not only on technological advancement but also on the capacity to
manage structural trade-offs that cannot be compensated by performance gains elsewhere. The proposed Fuzzy TASC
framework offers policymakers a robust, transparent tool for evaluating Smart LTC strategies, enabling more informed
decisions that balance innovation, equity, and long-term system resilience.

KEYWORDS: Smart long-term care; fuzzy trade-off-aware scoring with conflicts; structural conflict; robustness
analysis; policy sandbox

1 Introduction

1.1 Research Motivation
Population aging represents one of the most profound demographic transformations of the twenty-first

century. United Nations projections indicating that the global population aged 65 and above will exceed
1.6 billion by 2050, accounting for more than 16% of the world’s population [1]. This demographic shift has
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intensified the so-called “care gap,” defined as the growing mismatch between LTC demand and constrained
resources, including a declining number of formal-care workers per 100 older adults [2]. Consequently,
policymakers face a persistent threefold challenge: ensuring affordability, accessibility, and quality of care
within limited fiscal space.

In response, digital transformation has emerged as a strategic pathway for modernizing LTC delivery.
Smart Long-Term Care (Smart LTC), which integrates artificial intelligence (AI), the Internet of Things
(IoT), edge computing, and blockchain, enables real-time monitoring, predictive analytics, and personalized
care [3–5]. IoT sensors facilitate early detection of health risks such as falls [6,7], AI models analyze
behavioral and physiological data to anticipate cognitive decline and chronic diseases [8–10], edge computing
reduces latency [11], and blockchain enhances data security and interoperability [12,13]. However, these
technologies also introduce new tensions, including rising costs, cybersecurity risks, regulatory complexity,
unequal digital literacy, and concerns about ethical inclusivity and empathy erosion [14–16]. Empirical evi-
dence from Taiwan’s Smart LTC initiatives suggests that while technological integration improves monitoring
efficiency, it does not necessarily lead to higher satisfaction or trust [17]. These complexities motivate the
need for robust, transparent, and policy-relevant evaluation frameworks.

1.2 Research Gaps
To support decision-making under such complexity, recent studies increasingly adopt data-driven and

multi-criteria decision-making (MCDM) approaches that integrate quantitative indicators with qualitative
policy judgment [18,19]. Classical MCDM methods such as AHP, TOPSIS, and VIKOR have been widely
applied in healthcare and public-sector contexts [20–23]. However, these approaches rely heavily on
deterministic assumptions and full compensability among criteria—assumptions that are often incompatible
with the interdependent and value-laden nature of LTC systems [19,24]. In practice, improvements in cost
efficiency may compromise workforce sustainability, care empathy, or ethical standards, making linear
trade-offs analytically insufficient and normatively questionable [17].

The limitations of deterministic and compensatory MCDM models have become particularly evident
under conditions of uncertainty and systemic volatility. Although fuzzy logic and probabilistic extensions
have been introduced to address uncertainty, most fuzzy MCDM models retain compensatory logic, allowing
strengths in some criteria to offset weaknesses in others [24]. Such structures remain misaligned with
LTC systems, where financial feasibility, ethical integrity, workforce capacity, and service quality cannot be
traded off linearly. Moreover, while hybrid and simulation-based approaches improve robustness increasing
mathematical complexity often reduces policy interpretability. As a result, there is a clear gap in the literature
for conflict-sensitive, trade-off-aware evaluation frameworks that explicitly capture inter-criterion tensions
while remaining transparent and interpretable for policymakers [18].

1.3 Research Objectives
To address these gaps, this study aims to develop and apply a Fuzzy Trade-Off-Aware Scoring (Fuzzy

TASC) framework for evaluating Smart LTC systems. Building on the original TASC model, the proposed
framework integrates fuzzy membership functions to capture linguistic uncertainty, Monte Carlo simulation
to assess robustness under stochastic perturbations, and scenario analysis to examine system performance
under different policy priorities, such as cost sensitivity and data privacy [5]. By embedding these com-
ponents within a penalty-based, non-compensatory structure, the framework seeks to quantify trade-offs
explicitly rather than obscure them through averaging.
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1.4 Research Questions
This study is guided by the following research questions:

(1) How can Smart LTC systems be systematically evaluated under uncertainty while accounting for
conflicting economic, ethical, technological, and workforce criteria?

(2) To what extent does a fuzzy, trade-off-aware, non-compensatory framework improve the robustness
and interpretability of Smart LTC evaluations compared to traditional MCDM approaches?

(3) How do different policy scenarios (e.g., cost-oriented vs. privacy-oriented priorities) affect the overall
performance and sustainability assessment of Smart LTC systems?

(4) What insights can the proposed Fuzzy TASC framework provide to policymakers seeking to balance
technological efficiency with human-centered values in long-term care?

2 Related Work and Literature Review

2.1 Digital Transformation in Long-Term Care
The integration of digital technologies, including Artificial Intelligence (AI), Internet of Things (IoT),

and Blockchain, has become a cornerstone of modernizing long-term care systems. Recent studies emphasize
that while digital transformation enhances monitoring efficiency and coverage, it introduces complex
resource allocation challenges [25,26]. Nevertheless, many existing evaluation frameworks remain focused
on isolated technical metrics, often overlooking the systemic trade-offs between fiscal costs and workforce
capacity that are critical for sustainable policy implementation.

2.2 Evolution of Objective Weighting Methods
The determination of criteria weights is fundamental to ensuring the objectivity of MCDM

models. Recently, emerging methods such as Logarithmic Percentage Change-driven Objective Weighting
(LOPCOW) have been introduced to maximize informational contrast, with applications ranging from
sustainability assessments in the banking sector to innovation performance analysis across G20 countries.
Additionally, the Weighted Entropy-based Non-linear Softness Optimization (WENSLO) method has been
proposed to enhance decision-making through entropy-based mechanisms. While these methods excel in
identifying contrast intensity, they primarily focus on the distribution of data within individual criteria.
In comparison, the criteria importance through intercriteria correlation (CRITIC) method [27] offers a
distinct advantage for LTC policy evaluation. Unlike LOPCOW or WENSLO, which may neglect the inter-
dependence between variables, CRITIC accounts for both contrast intensity (via standard deviation) and
conflicting relationships (via the correlation matrix) between indicators. Despite its strengths, the CRITIC
method possesses certain limitations, such as sensitivity to outliers and a lack of subjective stakeholder input.
Nevertheless, its ability to capture inter-criteria conflicts makes it the most robust choice for analyzing the
systemic trade-offs within the 11-year dataset of this study.

2.3 Benchmarking Evaluation Frameworks
To further validate the robustness of the CRITIC method, recent studies have integrated it with

various ranking algorithms to solve complex evaluation problems. For instance, Yalçın et al. demon-
strated the efficacy of a combined CRITIC-MABAC framework in evaluating the financial performance of
sustainability-indexed companies. Their study highlights how objective weights derived from CRITIC can
enhance the precision of distance-based ranking models. By adopting a similar objective weighting logic but
integrating it with a non-compensatory Fuzzy TASC architecture, our research extends these methodological
advancements to the domain of longitudinal LTC policy assessment.
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3 Methodology
The methodological framework of this study, as illustrated in Fig. 1, follows a structured multi-stage

process. Initially, five key indicators (Cost, Workforce, ICT, Coverage, and LDR) are integrated as the
foundation of the evaluation system. The MCDM module then executes CRITIC weighting to derive
objective weights, which are subsequently processed through the three-layer TASC architecture (Geometric,
Threshold, and Trade-Off layers). Finally, the framework incorporates robustness extensions, including
Fuzzy Configuration Testing and Monte Carlo Simulations, to ensure the stability of the long-term care
sustainability rankings across various digital integration scenarios (S1–S4).

Figure 1: Overall methodological framework of the extended TASC model.

3.1 Indicator Framework and Literature-Based Calibration
The framework begins with the construction of five indicators that collectively capture the economic,

technical, behavioral, and regulatory dimensions of Smart Long-Term Care (Smart LTC) systems: cost,
workforce, ICT infrastructure, coverage, and the longevity–dependency ratio (LDR). Together, these dimen-
sions reflect both operational and structural determinants of system performance, encompassing efficiency,
accessibility, technological readiness, and demographic balance. Each indicator was operationalized using
established statistical and clinical formulations, as detailed in Appendix A Table A1. Data were drawn exclu-
sively from publicly accessible international databases to ensure transparency and reproducibility. Long-term
care expenditure (Cost) and workforce density (Workforce) were obtained from the OECD Health Statistics
database (2015–2023) and standardized per population aged 65 and above. ICT infrastructure was measured
using fixed broadband subscriptions per 100 inhabitants from the ITU Digital Development Database,
while coverage was calculated as the ratio of long-term care beneficiaries to the population aged 65 and
over, based on OECD Health Accounts. The LDR was constructed as the ratio of life expectancy at age 65
(LE65) to healthy life expectancy at age 60 (HALE60), following the Sullivan-based framework proposed
by. In this framework, LDR functions as a macro-level outcome proxy that reflects the system’s efficacy in
balancing extended longevity with the maintenance of functional health. The substitution of HALE60 for
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HALE65 reflects data availability constraints within the WHO Global Health Observatory, while preserving
conceptual consistency. This ratio-based indicator naturally extends to national aggregates and captures
cross-country variation in the balance between longevity and dependency.

To reduce the influence of short-term fluctuations, all indicator series were averaged over the
2015–2023 period. Each indicator was then normalized to the [0, 1] interval, ensuring comparability
across heterogeneous measurement units. Complete data extraction procedures, codes, and source links
are provided in Appendix A Table A2. To reflect technological heterogeneity in Smart LTC deployment,
four representative digital-integration schemes were defined: a Conventional Cloud-Based LTC System
(baseline), AI+IoT, AI+Edge, and AI+Blockchain. Rather than imposing arbitrary performance differentials,
proportional adjustments were derived from empirical evidence and systematic reviews in digital health
economics, IoT-enabled care, edge computing, and blockchain-based health data management [4,5], while
the baseline connectivity infrastructure was anchored in international technical benchmarks. The resulting
calibration matrix, presented in Appendix A Table A3, links each indicator to scheme-specific scaling factors
grounded in observed empirical ranges. This two-stage procedure—formal indicator specification followed
by literature-based calibration—ensures methodological transparency, empirical grounding, and replicabil-
ity. Baseline values anchored in OECD and WHO datasets are systematically adjusted using evidence-based
multipliers, producing a coherent cross-country dataset. These calibrated indicator matrices constitute the
empirical foundation for the subsequent Fuzzy TASC evaluation, Monte Carlo robustness analysis, and
scenario-based policy assessment. The resulting calibration matrix, presented in Appendix A Table A3, links
each indicator to scheme-specific scaling factors grounded in observed empirical ranges. This two-stage
procedure—formal indicator specification followed by literature-based calibration—ensures methodological
transparency and replicability. The adjustment factors used to simulate emerging technology impacts in the
smart scenarios (S1–S4) are justified by ITU-T technical benchmarks regarding healthcare latency reduction
(for AI+Edge, S3) and empirical pilot data on administrative efficiency (for AI+Blockchain, S4). These
parameters are treated as conservative estimates to ensure the longitudinal stability of the 9-year evaluation
period (2015–2023).

To ensure full transparency and fulfill the requirement for methodological detail, the specific data
repository codes (e.g., OECD HEALTH_LTCEXP) for all five indicators are systematically archived
in Appendix A Table A2. This explicit documentation ensures the longitudinal evaluation is fully traceable
and transparent.

3.2 Data Normalization and Weighting

The raw decision matrix X = [xi j] was normalized as x
′

i j = xi j−min(x j)
max(x j)−min(x j)

, j ∈ B and x
′

i j = max(x j)−xi j

max(x j)−min(x j)
,

j ∈ C where B and C denote the sets of benefit and cost criteria, respectively. To avoid subjectivity, the weights
of criteria are determined by the CRITIC method [27]. The procedure is as follows:

1. Compute standard deviation of each criterion:

σj =
�
��� 1

n

n
∑
i=1

(x ′i j − x ′j)
2

(1)

2. Construct correlation matrix between all pairs of criteria:

r jk =
∑n

i=1 (xi j − x j) (xi k − xk)
√

∑n
i=1 (xi j − x j)

2 ⋅
√

∑n
i=1 (xi k − xk)2

(2)
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3. Measure the amount of information carried by each criterion:

C j = σj ⋅
m

∑
k=1

(1 − r jk) (3)

4. Derive normalized weights:

λ j =
C j

∑m
j=1 C j

,
n

∑
j=1

λ j = 1 (4)

By executing this objective weighting protocol, the MCDM module ensures that criteria weights reflect
not only the contrast intensity of each indicator but also the degree of conflict between them, providing
an empirical foundation for the subsequent trade-off analysis. The raw decision matrix X was processed
using Min-Max normalization to rescale heterogeneous measurement units into a consistent [0, 1] interval,
ensuring that indicators such as Cost and Workforce are comparable within the TASC layers.

3.3 TASC Framework
3.3.1 Geometric Scoring Layer

The first stage establishes a geometric baseline by applying distance measures between each alternative
and a displaced ideal reference. Both Euclidean and cosine metrics are employed to capture magnitude- and
direction-based deviations:

Lpi =
⎡⎢⎢⎢⎢⎣

m
∑
j=1

λ j ∣ri j − r̃ j∣
p
⎤⎥⎥⎥⎥⎦

1/p

(5)

where ri j is the normalized performance of alternative i on criterion j, λ j denotes the CRITIC weight, and
r̃ j is the displaced ideal point. In this study, p = 2 is adopted.

Euclidean distances are rescaled so that larger values indicate superior outcomes:

ScoreL2i = 1 − L2i − mink L2k

maxk L2k − mink L2k
(6)

Directional consistency is further captured through cosine similarity:

cos (θi) =
∑m

j=1 ri j ⋅ r̃ j
√

∑m
j=1 ri j ⋅

√
∑m

j=1 (r̃ j)
2

(7)

Then, the associated cosine distance is dcos , i = 1 − cos (θi) which is normalized as follows:

Scorecos , i = 1 − dcos , i − minkdcos ,k

maxkdcos ,k − minkdcos ,k
(8)

3.3.2 Threshold Screening Layer
The second stage introduces non-compensatory logic by penalizing deviations beyond indifference,

preference, and veto thresholds as q j = δq ⋅ σj, p j = δp ⋅ σj, v j = δv ⋅ σj, respectively, with scaling factors
δq = 0.5, δp = 1.0, and δv = 1.5.
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Criterion-level penalties are then assigned as:

φi j =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, o.w .
△i j − q j

p j − q j
, q j < △i j ≤ p j

1, p j < △i j < v j

1 +
△i j − v j

p j − q j
v j ≤ △i j ≤ v j + (p j − q j)

(9)

Aggregated penalties are defined as ∅i = ∑m
j=1 φi j, which are normalized to obtain a screening score as

Ti = 1 − ∅i
maxk∅k

. This mechanism ensures that poor performance on specific criteria cannot be fully offset by
strengths elsewhere.

This threshold screening layer explicitly adopts a non-compensatory logic, preventing systems with
extreme structural deficiencies in areas like workforce or cost from achieving high overall scores through
performance in other dimensions.

3.3.3 Trade-Off Penalty Layer
The final stage incorporates structural antagonisms by penalizing conflicting criterion pairs. For each

pair ( j, k), a TSI is computed to quantify the extent to which simultaneous high performance on both criteria
becomes infeasible. In other words, TSI represents the pairwise intensity of structural conflict, indicating
how far an alternative deviates from the feasible balance between two criteria. It is calculated relative to a
median-based trade-off threshold as follows:

TSIi = ∑
( j ,k)∈T

max (0, ri j + ri k − γ jk) (10)

where γ jk is the empirical median across alternatives:

γ jk = mediani (ri j + ri k) (11)

Pairs are classified as conflicting if γ jk < 1, since this implies that the two criteria cannot simultaneously
reach their normalized maxima. Alternatives exceeding the threshold are penalized. Then, the final TASC
score integrates all three layers:

TASCi = ScoreL2, i ⋅ Scorecos , i ⋅ Ti ⋅ ex p(−α ⋅ TSIi ) (12)

where ScoreL2, i and Scorecos , i are geometric scores, Ti is the threshold score. To calibrate the penalty strength
objectively, a target penalty level p ∈ (0, 1) is selected, and the maximum observed severity serves as reference:

α = ln(1/p)
TSImax

, TSImax = maxi(TSIi ) (13)

The integration of the TSI allows the framework to quantify structural antagonisms, ensuring that the
final TASC score penalizes configurations that impose unsustainable pressures on system equilibrium.

3.4 Fuzzy TASC Extension
Although the crisp TASC framework integrates geometric scoring, threshold screening, and trade-off

penalization in a coherent manner, in practice, however, such thresholds are inherently imprecise. Thus,
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the threshold is defined as a triangular fuzzy number for capturing a plausible range around the crisp
baseline. Specifically, the indifference, preference, and veto thresholds are defined as q̃ j = (qL

j , qM
j , qU

j ),
p̃ j = (pL

j , pM
j , pU

j ), ṽ j = (vL
j , vM

j , vU
j ), where the lower and upper bounds are selected as ± 20% proportions

of the central value. Then, the same fuzzification is applied to the trade-off threshold as γ̃ jk = (γL
jk , γM

jk , γU
jk),

where γL
jk = 0.8 ∗ γM

jk , γU
jk = 1.2 ∗ γM

jk .
Building on the fuzzified thresholds and trade-off tolerance intervals, the fuzzy screening score

T̃i for alternative i is defined as T̃i = (T L
i , T M

i , TU
i ) where T L

i uses L-bound inputs, T M
i the M-bound

(crisp equivalent), and TU
i the U-bound. Then, the fuzzy trade-off severity index T̃SI i is defined as

T̃SI i = (TSIL
i , TSIM

i , TSIU
i ). Under this formulation, fuzzy screening scores T̃i , and fuzzy trade-off severity

indices T̃SI i all become fuzzy quantities. The fuzzy TASC score is defined as T̃ASCi as follows:

T̃ASCi = ScoreL2, i ⋅ Scorecos , i ⋅ T̃i ⋅ ex p(−α ⋅ T̃SI i) (14)

Next, the Eq. (16) can be transformed by natural logarithm function as follows:

Ln (T̃ASCi ) = Ln (ScoreL2, i ) + Ln (Scorecos , i ) + Ln (T̃i) − α ⋅ T̃SI i (15)

The fuzzy numbers in RHS of Eq. (16) can be defined

Ln (T̃ASCi ) = [Ln (ScoreL2i ) + Ln (Scorecos i) + ln (TiL) − α ⋅ TSIiU , Ln (ScoreL2i ) + Ln (Scorecos i)
+ ln (Ti M) − α ⋅ TSIi M , Ln (ScoreL2i ) + Ln (Scorecos i) + ln (TiU ) − α ⋅ TSIiL] (16)

As this aggregation yields fuzzy-valued outputs, a defuzzification step is required for final ranking. The
centroid-based rule is applied to yield a crisp equivalent score as TASC∗i = TASCi ,L+TASCi ,M+TASCi ,U

3 .
By incorporating fuzziness into both threshold logic and conflict penalization, the extended model

enhances realism. It acknowledges that evaluative boundaries in long-term care sustainability are not sharp
but imprecise, and it provides decision-makers with both point estimates and robustness insights under
parameter uncertainty. Incorporating fuzzy triangular numbers into both threshold logic and conflict penal-
ization enables the model to accommodate parameter ambiguity, providing policymakers with robustness
insights that account for the imprecise boundaries inherent in long-term care sustainability.

4 Results

4.1 Descriptive Statistics after Normalization
Following the fuzzy TASC framework, all indicators were normalized to [0, 1] scale to facilitate

comparability across heterogeneous measurement units and countries. This process preserves the directional
meaning of each criterion and ensures analytical consistency across subsequent layers of geometric scoring,
threshold screening, and trade-off evaluation. Table 1 reports the normalized indicator values for the 12
selected countries across the five Smart LTC criteria: cost, workforce, ICT, coverage, and LDR (Longevity–
Dependency Ratio). These values represent the average of the 2015–2023 period and form the baseline for
scenario and Monte Carlo extensions.
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Table 1: Normalized indicator values (Averaged Across 2015–2023).

Country Cost Workforce ICT Coverage LDR
Australia 0.1854 0.4288 0.2847 0.4864 0
Estonia 0.9659 0.3946 0.3123 0.3332 0.3944

Germany 0.3102 0.3457 0.7430 0.6293 0.2782
Hungary 1 0.1174 0.2172 0.3954 0.3317
Ireland 0.0610 0.2376 0.0758 0.1718 0.6162
Israel 0.5425 0.7928 0 1 0.4699
Japan 0.8337 0.4257 0.3042 0.1411 0.7997

Luxembourg 0.0209 0.5415 0.4504 0.4233 1
Norway 0.0114 1 0.7972 0.5644 0.4946
Portugal 0.8775 0 0.5232 0 0.3156
Sweden 0.3888 0.8613 0.5885 0.5628 0.4869

Switzerland 0 0.5263 1 0.8432 0.2723

The normalized data reveal substantial cross-country heterogeneity, reflecting the differing structural
and demographic foundations of LTC systems. Nordic countries (Norway, Sweden, Switzerland) exhibit
high ICT and workforce scores, whereas Eastern European systems (Hungary, Estonia) face cost and
workforce inefficiencies despite moderate coverage levels. Fig. 2 presents the correlation heatmap of nor-
malized indicators. A strong positive association is observed between workforce and coverage (r = 0.6355),
suggesting that expanding LTC personnel capacity directly translates into broader service access. Conversely,
cost is negatively correlated with most other indicators, particularly workforce (r = −0.4744) and ICT
(r = −0.4018), implying that higher spending often reflects inefficiency rather than improved outcomes.
Meanwhile, LDR shows weak correlations with the remaining four dimensions (∣r∣ < 0.25), indicating that
demographic dependency operates as an independent structural constraint rather than a direct determinant
of system performance.

4.2 Baseline TASC Ranking
Building on the normalized Smart LTC indicators presented in Section 4.1, this section applies the

TASC framework to derive composite performance scores under the baseline configuration. The results
highlight how geometric alignment, threshold screening, and trade-off penalties jointly shape each country’s
overall performance. Table 2 summarizes the baseline TASC outcomes for the 12 countries, decomposed
into geometric scores (ScoreL2, ScoreCos), the threshold screening term (Ti), the TSI, and the final
composite score (TASC). Germany attains the highest overall score (0.1396), followed by Japan (0.0879) and
Sweden (0.0723). These countries demonstrate strong geometric coherence but remain moderated by notable
trade-off penalties—reflecting mature yet cost-intensive Smart LTC infrastructures.

The ranking pattern indicates that final performance is determined not merely by geometric proximity
to the ideal solution but also by the magnitude of internal trade-off conflicts. Germany leads with a balanced
profile across geometric distances and threshold compliance, whereas Japan is more heavily penalized
due to intensified cost–workforce tension. Sweden, though geometrically dominant, experiences significant
compression in TASC due to its high institutional costs and demographic dependency pressure. Mid-tier
performers such as Hungary and Australia achieve stability through moderate indicator values and lighter
penalties, while Israel, Luxembourg, Switzerland, and Norway suffer from substantial trade-off amplification.
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At the lower end, Estonia, Ireland, and Portugal exhibit baseline TASC scores of zero. These outcomes do
not indicate data errors but stem from the strict veto-threshold mechanism in the screening layer, which
can suppress composite scores when any criterion falls below its critical boundary. In practice, a modest
relaxation of veto parameters (e.g., v ≈ 1.2σ) would likely restore positive scores, implying that the zero
outcomes reflect structural imbalance rather than calibration bias.

Figure 2: Correlation heatmap of normalized LTC indicators (2015–2023).

Table 2: Baseline TASC results (2015–2023, 12 countries).

Rank Country ScoreL2 ScoreCos T i TSI TASC
1 Germany 0.6891 0.8428 0.5024 1.0993 0.1396
2 Japan 0.8197 0.6480 0.5571 1.8096 0.0879
3 Sweden 1 1 0.4260 2.6430 0.0723
4 Hungary 0.5637 0.3342 0.7883 1.2760 0.0631
5 Australia 0.1865 0.5206 0.4677 0 0.0454
6 Israel 0.7223 0.5633 0.7154 3.1370 0.0355
7 Luxembourg 0.3944 0.5017 0.5388 2.1185 0.0257
8 Switzerland 0.3728 0.4251 0.8612 2.7602 0.0214
9 Norway 0.4975 0.5957 0.7121 3.4317 0.0211
10 Estonia 0.8087 0.7002 0 1.5124 0
11 Ireland 0 0.1474 0.8612 0.0276 0
12 Portugal 0.4031 0 0.8612 0.6612 0



Comput Mater Contin. 2026;87(3):87 11

Fig. 3 visualizes the interaction between geometric alignment and trade-off severity. Larger and lighter-
colored bubbles represent balanced Smart LTC systems with sustainable trade-off profiles, whereas smaller
and darker bubbles denote high conflict intensity leading to score compression. Overall, the baseline
evaluation reveals that Smart LTC performance is driven not only by technological adoption but also by
systemic balance among cost, workforce capacity, and digital readiness. Even technologically advanced
systems encounter diminishing returns when internal trade-off intensity remains unmanaged. These findings
establish the empirical baseline for subsequent scenario simulations and Monte Carlo sensitivity analyses.

Figure 3: Baseline TASC decomposition by layer.

4.3 Smart Scenario Analysis under AI-Enhanced LTC Configurations
This section evaluates how digital convergence pathways reshape the internal balance of Smart LTC

systems. Four configurations were analyzed—the Conventional Cloud-Based LTC System (Baseline) and
three Smart LTC configurations: AI+IoT, AI+Edge, and AI+Blockchain. Each represents a different mode
of automation, computation, and governance applied to the same long-term care indicator framework.
To evaluate how varying digital-integration schemes reshape the performance and trade-off behavior of
Smart Long-Term Care (Smart LTC) systems, three Smart LTC configurations were simulated against the
Conventional Cloud-Based LTC System (Baseline): AI+IoT, AI+Edge, and AI+Blockchain. This scenario
analysis explores the sustainability balance among cost, workforce, and service coverage dimensions under
distinct pathways of digital convergence.

The baseline represents a conventional cloud-based LTC infrastructure characterized by centralized
data storage and limited cyber-physical connectivity. Each enhanced scenario introduces a different layer
of digital augmentation—automation (AI+IoT), localized computation (AI+Edge), or distributed trust
(AI+Blockchain)—to observe how these mechanisms modify systemic equilibrium. For each configuration,
five Smart LTC indicators (cost, workforce, ICT, coverage, and LDR) were proportionally adjusted using
literature-supported performance bounds (Table A2). Mid-range empirical values were adopted to approxi-
mate realistic operational intensities, while all datasets were normalized against the same baseline reference
to ensure comparability, where xbase l ine denotes the baseline data vector used as a constant reference across
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all scenarios. Each adjusted dataset was subsequently evaluated through the three TASC layers—geometric
scoring, threshold screening, and trade-off penalty.

Table 3 summarizes the scenario-specific adjustments. These multipliers are literature-informed mid-
points derived from the technological performance bounds detailed in Table A3 (Appendix A). Cost and
workforce are the most sensitive to infrastructural change, whereas ICT and LDR remain relatively stable.
Edge computing induces the largest cost escalation but enhances service coverage and workforce efficiency.
Blockchain integration, by contrast, yields moderate cost increases yet improves reliability and privacy
protection. The escalating costs in the Edge and Blockchain configurations (1.40 and 1.60, respectively)
reflect the increased CAPEX and encryption overhead required for localized computation and secure data
interoperability. Conversely, the workforce efficiency gain in the Edge scenario (0.85) is attributed to reduced
latency in automated monitoring, consistent with ITU-T healthcare standards.

Table 3: Scenario-based indicator adjustment and normalization settings.

Indicator Baseline AI+IoT AI+Edge AI+Blockchain
Cost 1 1.15 1.40 1.60

Workforce 1 0.95 0.85 0.90
ICT 1 1.20 1.30 1.10

Coverage 1 1.15 1.25 1.05
LDR 1 1.10 1.20 1.05

Note: Multipliers represent heuristic mid-points calibrated against the empirical ranges provided in Table A3.
Specifically, values for AI+Edge (e.g., Cost = 1.40) and AI+Blockchain (e.g., Cost = 1.60) reflect the mean intensity of
infrastructural overhead documented in technical feasibility reports.

Table 4 reports the pairwise trade-off thresholds (γjk). Valid trade-off pairs decline from 10 at baseline
to 3 under IoT and Edge, before rebounding to 6 with Blockchain. The sharp drop in γ1,2 (cost–workforce)
from 0.9445 to 0.4634 (Edge) and further to 0.2887 (Blockchain) reveals intensifying financial–human
resource tension. This suggests that as technological complexity increases, the systemic capacity to balance
expenditures and staffing becomes more constrained, requiring countries to possess higher structural
resilience to navigate these narrowed trade-off thresholds.

Table 5 compares the composite TASC scores and corresponding ranks across the four Smart LTC
configurations. While Germany leads in the Baseline scenario, Japan dominates the three AI-enhanced
configurations, reflecting a balanced LTC structure in which strong ICT readiness and adaptive workforce
capacity jointly offset cost-related pressures. This balance suggests that technological maturity in service
delivery helps mitigate the cost–workforce trade-off that constrains most other systems. Under AI-integrated
scenarios, countries such as Estonia and Portugal show significant upward mobility, showing that digital
maturity enhances efficiency when technological costs are contained.

Edge-based systems exhibit the sharpest differentiation, amplifying advantages for advanced digital
infrastructures but penalizing cost-sensitive economies. Conversely, Blockchain integration produces mod-
erate stabilization—reducing cross-country score variance while compressing the margin between leaders
and followers. The decline of the trade-off threshold γ1,2 from 0.9445 to 0.2887 under the Blockchain
configuration indicates an intensification of structural tension between cost and workforce criteria. This
finding implies that distributed ledger mechanisms can reduce administrative redundancy and improve data
transparency, thereby easing systemic conflicts in long-term care operations.
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Table 4: Pairwise trade-off thresholds (γ(jk)) across scenarios (2015–2023).

Scenario Valid Pairs (j, k) γ(jk) Scenario Valid Pairs (j, k) γ(jk)

Baseline 10 (1, 2) 0.9445 AI+IoT 3 (1, 2) 0.7675
(1, 3) 0.9887 (1, 4) 0.8396
(1, 4) 0.9086 (2, 4) 0.9919
(1, 5) 0.9440 AI+Edge 3 (1, 2) 0.4634
(2, 3) 0.7613 (1, 4) 0.6668
(2, 4) 0.9400 (2, 4) 0.9905
(2, 5) 0.8262 AI+Blockchain 6 (1, 2) 0.2887
(3, 4) 0.8224 (1, 3) 0.4824
(3, 5) 0.9300 (1, 4) 0.3251
(4, 5) 0.9242 (2, 3) 0.8715

(2, 4) 0.9123
(3, 5) 0.0132

Table 5: Scenario-wise TASC ranks (Baseline vs. AI-enhanced scenarios, 2015–2023).

Country Baseline Rank AI+IoT Rank AI+Edge Rank AI+Blockchain Rank
Australia 0.0454 5 0.0155 9 0.0023 10 0.0281 8
Estonia 0.0000 10 0.1583 2 0.1443 4 0.0596 4

Germany 0.1396 1 0.0136 10 0.2002 2 0.0685 3
Hungary 0.0631 4 0.1423 5 0.1400 5 0.0375 7
Ireland 0.0000 10 0.0000 11 0.0000 11 0.0000 11
Israel 0.0355 6 0.0408 8 0.0379 8 0.0411 6
Japan 0.0879 2 0.2488 1 0.3067 1 0.1019 1

Luxembourg 0.0257 7 0.0000 11 0.0136 9 0.0000 11
Norway 0.0211 9 0.1472 3 0.0931 6 0.0092 9
Portugal 0.0000 10 0.1465 4 0.1891 3 0.0855 2
Sweden 0.0723 3 0.1091 6 0.0000 11 0.0503 5

Switzerland 0.0214 8 0.1077 7 0.0506 7 0.0075 10

Fig. 4 compares normalized TASC scores across the four digital configurations for 12 countries. Each
stacked segment represents criterion-level contributions aggregated within the final Smart LTC TASC
outcome, allowing direct observation of how technological augmentation alters cross-dimensional balance.
Japan demonstrates leadership across the technology-enhanced configurations, while Edge-based systems
exhibit the steepest dispersion—highlighting uneven readiness for localized computing. The Blockchain
scenario yields a narrower and more symmetric distribution, reflecting systemic consolidation and improved
alignment among conflicting criteria rather than pure efficiency gains. Overall, the scenario analysis
demonstrates that digital augmentation intensifies trade-off sensitivity: as technological complexity rises, the
number and severity of inter-criteria conflicts reshape performance hierarchies more profoundly than raw
performance gains. These findings confirm that while Germany excels in the baseline equilibrium, Japan’s
structure is particularly resilient under high-complexity digital integration.
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Figure 4: Scenario-wise smart LTC comparison (2015–2023).

4.4 Monte Carlo Simulation for Robustness Evaluation
To assess the robustness of the TASC framework under stochastic fluctuations, a Monte Carlo experi-

ment was conducted using the baseline Smart LTC configuration. Random perturbations were introduced
into all five normalized indicators to represent data uncertainty, contextual variability, and potential mea-
surement errors within the LTC information environment. For each simulation run, a perturbed indicator
matrix x(r) was generated by adding Gaussian noise:

x(r)i j = xi j + εi j , εi j ∼ (0, σ 2) (17)

The Gaussian assumption was adopted for its analytical simplicity and its ability to generate symmetric,
mean-preserving perturbations around the empirical mean. Under small σ levels (≤0.10), this choice ensures
bounded variations within the [0, 1] range, avoiding the shape distortions introduced by alternative bounded
distributions such as Beta or Dirichlet. To maintain the mathematical integrity of the normalized interval, a
clipping operator was applied to ensure that all perturbed values remained within the range [0, 1]. Specifically,
any simulated value exceeding 1.0 was reset to 1.0, and any value falling below 0 was reset to 0. This procedure
preserves the physical validity of the indicators while allowing the Gaussian noise to simulate realistic
measurement uncertainties.

Three noise levels were considered: low (σ = 0.01), medium (σ = 0.05), and high (σ = 0.10). Each
configuration was simulated 1000 times and evaluated through the complete TASC procedure, including
geometric scoring, threshold screening, and trade-off penalization. This process allowed examination of
how random fluctuations in input data propagate through the model’s multi-layered structure. To maintain
methodological comparability across runs, the CRITIC-derived criterion weights and all ten identified
trade-off pairs were held constant. However, the penalty coefficient α was dynamically recalibrated for each
simulation according to the maximum observed trade-off severity index (TSImax), as follows:
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α = ln(1/p)
TSImax

, where TSImax = maxi(TSIi ) (18)

This adaptive calibration ensures scale-consistent penalization: as noise increases and TSImax fluctuates,
the magnitude of exponential decay remains proportionally stable. Consequently, differences in final TASC
distributions reflect genuine sensitivity to data variability rather than inconsistent penalty scaling. Table 6
reports descriptive statistics of the simulated TASC scores. The mean value increases steadily from 0.0167
at σ = 0.01 to 0.1264 at σ = 0.10, while the CV declines from 118.9% to 64.86%, indicating that relative
variability decreases as the overall score magnitude grows. This pattern suggests that while higher noise
amplifies dispersion, the TASC framework remains proportionally stable under stochastic perturbations.

Table 6: Descriptive statistics of TASC scores under stochastic perturbations (1000 runs).

σ Mean SD Min Max P5 P50 P95 CV
0.01 0.0167 0.0199 0 0.290 0.0013 0.0136 0.0366 118.90%
0.05 0.0669 0.0471 0 0.266 0.0073 0.0575 0.1589 70.45%
0.1 0.1264 0.0820 0 0.424 0.0171 0.1113 0.2802 64.86%

Note: Results are averaged across 12 countries under the baseline normalization. P5–P95 denotes the 5th–95th
percentile range across 1000 runs.

Following the statistical summary in Table 6, Fig. 5 further visualizes the empirical TASC score distri-
butions obtained under three noise levels (σ = 0.01, 0.05, 0.10). The gradual widening of the histogram and
the right-tail elongation confirm that higher stochastic perturbations induce greater dispersion in composite
scores. Nevertheless, the core ranking stability—preserved through consistent α scaling—indicates that the
trade-off penalty layer enhances sensitivity without compromising structural coherence.

Figure 5: Distribution of TASC scores under σ = 0.01, 0.05, 0.10.

Fig. 6 visualizes the full TASC score distributions using violin plots for the three noise intensities. At
low noise (α = 0.01), the distribution is narrow and centered near the baseline mean, confirming numerical
stability of both the geometric and threshold layers. As α increases, the score dispersion widens and the right
tail elongates, indicating that trade-off penalties amplify sensitivity to input variability. Nevertheless, the
preservation of consistent α scaling prevents structural collapse, as the overall ranking logic and the relative
stability of the leading group remain consistent across the 1000 runs.
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Figure 6: Violin plot of TASC scores under σ = 0.01, 0.05, 0.10.

It should be noted that the Monte Carlo process generated new stochastic samples for each run rather
than perturbing a fixed set of countries. Consequently, cross-run rank correlations such as Spearman’s ρ
or Kendall’s τ are not directly applicable. Robustness was therefore evaluated in terms of distributional
stability, reflected by the convergence of means and the systematic decline in the coefficient of variation
(CV) across runs. These results confirm that the TASC framework maintains consistent evaluative behavior
even under substantial data perturbations. Overall, the Monte Carlo analysis demonstrates that TASC retains
structural consistency and evaluative reliability, validating its robustness for sustainability-oriented decision
applications under stochastic uncertainty.

4.5 Fuzzy TASC Evaluation under Scenario Uncertainty
To further examine the consistency of the TASC framework under parameter ambiguity, a fuzzy

extension was implemented using three threshold configurations: Fuzzy L (low), Fuzzy M (medium), and
Fuzzy U (upper). Each configuration represents distinct tolerance levels in the threshold layer, where Fuzzy L
yields the strictest cut-offs and Fuzzy U the most permissive. The overall scoring process remained identical
to the deterministic TASC, preserving both geometric and trade-off structures. Across the three fuzzy
settings, Fuzzy M produced moderate dispersion and was adopted as the baseline for comparison. Japan,
Israel, and Germany consistently occupied the top positions, although their relative order shifts during the
defuzzification process. Specifically, Germany’s move to third in the final defuzzified rank is not a sign of
performance decline, but rather a reflection of uncertainty compression. Its high sensitivity to threshold
changes causes the fuzzy centroid to shift, as evidenced by its compressed Fuzzy U value. In contrast, Ireland
and Portugal repeatedly scored zero across fuzzy scenarios, indicating structural weakness in both geometric
and trade-off performance.

The defuzzified TASC scores, obtained through centroid-based averaging of each triangular fuzzy
triplet, yield a stable ranking pattern summarized in Table 7. Although several countries (e.g., Germany
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and Estonia) exhibit non-monotonic fuzzy intervals—where the upper bound (U) is lower than the middle
value (M)—this arises from asymmetric fuzzy expansion based on each criterion’s standard deviation. When
inter-criteria trade-offs are pronounced, the centroid shifts toward the lower end of the support, generating
compressed or inverted shapes. Consequently, the apparent reduction from M = 0.1396 to a defuzzified value
of 0.0762 for Germany does not indicate performance deterioration but rather compression of uncertainty
around a stable ordinal position. These findings confirm that fuzzy TASC preserves rank robustness while
revealing each system’s sensitivity to threshold relaxation.

Table 7: Fuzzy TASC scores and final defuzzified ranking.

Rank Country Fuzzy L Fuzzy M Fuzzy U Defuzzified TASC
1 Japan 0.0667 0.0879 0.2023 0.1189
2 Israel 0.0349 0.0355 0.1944 0.0883
3 Germany 0.0789 0.1396 0.0101 0.0762
4 Estonia 0.1658 0.0000 0.0000 0.0553
5 Hungary 0.0693 0.0631 0.0136 0.0486
6 Sweden 0.0000 0.0723 0.0633 0.0452
7 Australia 0.0251 0.0454 0.0067 0.0258
8 Switzerland 0.0166 0.0214 0.0094 0.0158
9 Luxembourg 0.0180 0.0257 0.0012 0.0150
10 Norway 0.0133 0.0211 0.0067 0.0137
11 Ireland 0.0000 0.0000 0.0000 0.0000
12 Portugal 0.0000 0.0000 0.0000 0.0000

Fig. 7 illustrates these fuzzy intervals. Each horizontal line represents the uncertainty range (L–U)
of a country’s TASC score, with blue markers denoting fuzzy means (M) and black × symbols indicating
the defuzzified values. The variations in interval width and centroid positioning among the leading group
(Japan, Israel, Germany) reflect their specific internal consistency and evaluative behavior under uncertainty.
Specifically, the visualization confirms that while Germany maintains a high fuzzy mean (M), its final
defuzzified position is significantly influenced by uncertainty compression at the upper bound.

Figure 7: Fuzzy TASC score intervals (L–M–U) and defuzzified values.
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4.6 Model Validation and Cross-Index Comparison
Establishing the empirical reliability of the Fuzzy TASC model necessitated a benchmarking process

against international metrics, specifically the Global AgeWatch Index and OECD Long-Term Care Perfor-
mance Indicators. Our findings exhibit high consistency with these benchmarks; specifically, the top-tier
rankings of Germany and Japan align with their established leadership in the “Health Status” and “Enabling
Environment” domains. Similarly, the performance trajectories projected for Estonia and Portugal under
advanced digital scenarios correspond with national strategic priorities documented in recent OECD reports,
which emphasize ICT integration as a core solution for workforce shortages.

To address the reviewer’s request for stability validation, we leveraged sensitivity testing on veto
parameters and Monte Carlo simulations. By introducing controlled perturbations and adjusting fuzzy
bandwidths (e.g., v ≈ 1.2σ) across the 9-year dataset, our analysis confirms a robust ranking structure where
the leading cohort remains consistent across multiple uncertainty levels. This internal sensitivity analysis,
combined with external benchmarking, confirms the model’s capacity to capture enduring structural policy
performance rather than transient data noise.

5 Conclusion
This study developed and validated an integrated multi-layer evaluation framework—TASC (Trade-

Off-Aware Scoring with Conflicts)—for assessing Smart Long-Term Care (Smart LTC) system performance
under digital transformation scenarios. Unlike conventional composite indicators that treat all dimensions as
fully compensatory, TASC explicitly distinguishes between performance, threshold compliance, and trade-
off penalties, enabling a more realistic representation of structural imbalances in complex welfare systems.
The analysis was conducted using 12 OECD countries, with five key indicators: cost per 65+ beneficiary,
LTC workforce density, ICT penetration, coverage ratio, and the Longevity–Dependency ratio (LDR). The
baseline scenario represents conventional cloud-based LTC systems, while three Smart LTC configurations—
AI+IoT, AI+Edge, and AI+Blockchain—capture progressive stages of digital convergence.

The results reveal that Germany and Japan lead the evaluation, with Germany excelling in the baseline
equilibrium and Japan demonstrating superior resilience across all AI-enhanced configurations. This success
stems from a balanced structure between cost, workforce, and digital infrastructure. Nations such as Estonia
and Portugal exhibit strong adaptability, showing significant improvement under higher levels of digital
integration. In contrast, several systems show vulnerability to intensified cost–workforce trade-offs, reflecting
the uneven benefits of smart technologies. Importantly, the sharp decline in pairwise trade-off thresholds γ
(1, 2) from 0.9445 (baseline) to 0.4634 (Edge) and 0.2887 (Blockchain) quantifies the increasing structural
conflict. This finding is central to TASC: it evidences that digital intensification amplifies structural tensions
rather than uniformly improving system performance, thus necessitating conflict-aware policy design.

In practice, the Smart LTC application offers three direct policy insights. First, TASC serves as a policy
sandbox tool, enabling decision-makers to anticipate the non-linear risks of new investments. Second, the
findings demonstrate that technological adoption does not guarantee systemic gain; for instance, edge com-
puting yields strong efficiency for digitally mature systems but severely penalizes cost-intensive structures,
while Blockchain integration stabilizes governance with modest performance improvement. Third, TASC’s
robustness analysis highlights that decisions should prioritize stability over peak performance. The necessity
of balanced co-evolution between human and digital resources is therefore paramount, shifting the focus
from maximizing isolated technical metrics to managing the equilibrium and resilience of the overall welfare
system. While this study provides a robust cross-sectional evaluation using a 9-year longitudinal average,
future research could extend this framework by exploring dynamic MCDM approaches. Such advancements
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would allow for the integration of real-time data streams to monitor the evolving temporal trajectories of
Smart LTC sustainability as digital technologies mature further.
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Appendix A

Table A1: Indicator definitions, formulas, and literature sources.

Indicator Formula Source Type

Cost Costi = LTCEx pi

Pop65+i

OECD Health Expenditure
(LTC spending), UN WPP

(population 65+)

Workforce
Capacity Work f orcei = LTCWorkersi

Pop65+i

OECD Health Statistics
(LTC workforce), UN WPP

(population 65+)

ICT Penetration ICTi = Mean ICT access rate (2015–2023)
World Bank World

Development Indicators
(ICT access)

Coverage Rate Coveragei = LTCrecipientsi

Pop65+i

OECD Health Statistics
(LTC recipients), UN WPP

(population 65+)

Longevity/Dependency
Ratio (LDR) LDRi = LE65i

HALE60i

UN World Population
Prospects (life expectancy at

65), WHO Global Health
Observatory (healthy life

expectancy)
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Table A2: Data sources and processing procedures.

Indicator Data
Repository

Data
Field/Variable Data Period Processing Summary

Cost

OECD Health
Statistics—

Long-Term Care
Expenditure

HEALTH_LTCEXP
(% of GDP) 2015–2023

Extracted national LTC
expenditure (% of GDP);
converted to USD PPP;

standardized per
population aged 65+;

averaged over 2015–2023
and rescaled to [0, 1].

Workforce

OECD Health
Workforce
Statistics—
Health and
Social LTC

Workers

HCQWORKFORCE 2015–2023

Derived workforce
density by dividing total
LTC staff by population

aged 65+; linearly
interpolated for gaps

≤2 years; averaged and
normalized.

ICT
ITU Digital

Development
Database

FIXED_BROADBAND
_SUBS (per 100

inhabitants)
2015–2023

Collected broadband
subscription rates;
log-transformed to
reduce skewness;

min–max normalized for
comparability.

Coverage

OECD Health
Accounts—

Long-Term Care
Recipients

LTC_RECIPIENTS 2015–2023

Computed ratio of LTC
beneficiaries to total
population aged 65+;
minor missing data

interpolated; averaged
across 2015–2023.

LDR

UN World
Population
Prospects

(WPP 2022) +
WHO Global

Health
Observatory
(GHO 2023)

LE65, HALE60 2015–2023

Calculated as (LDR_i =
LE_{65,i}/HALE_{60,i});
represents the ratio of life

expectancy at age 65 to
healthy life expectancy at

age 60, reflecting the
national

longevity–dependency
balance.

Note: Full repository access and specific indicator definitions follow the standardized codes from OECD, ITU, and
WHO. Direct access links for each database are archived and available for replicability upon request.
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Table A3: Literature-based proportional adjustments for scheme–indicator calibration.

Indicator

Conventional
Cloud-Based
LTC System
(Baseline)

AI+IoT AI+Edge AI+Blockchain

Cost (annual
LTC

expenditure per
65+ user)

1.0 (Reference
Standard)

1.1–1.2 (IoT
hardware &

maintenance)
[3,9]

1.3–1.5 (edge
deployment

costs) [3]

1.5–1.7
(encryption,
blockchain

node
operation) [5]

Workforce
Capacity (LTC

workers per
65+

population)

1.0
(human–system

coordination
under

Conventional
LTC)

0.9–1.0 (IoT
requires device
management

staff) [9]

0.8–0.9 (edge
computing adds

IT
specialists) [3]

0.9 (blockchain
adds

compliance
staff) [5]

ICT
Penetration
(Broadband

subscriptions
per 100

inhabitants)

1.0
(connectivity

infrastructure)

1.2 (IoT
adoption
strongly

depends on
broadband

penetration) [9]

1.3 (edge
requires

low-latency
infrastruc-

ture) [3]

1.1 (blockchain
adds bandwidth

overhead) [5]

Coverage Rate
(LTC users ÷

65+
population)

1.0 (unmet
needs under

Conventional
LTC)

1.1–1.2 (IoT
enables wider
monitoring,

higher
reach) [9]

1.2–1.3 (edge
improves

responsiveness,
expands

access) [3]

1.0–1.1
(blockchain

improves trust
but indirect

effect on
coverage) [5]

Longevity/
Dependency
Ratio (LDR)

1.0 (health
outcomes

under
Conventional

LTC)

1.1 (IoT
continuous
monitoring

supports early
interven-
tion) [3]

1.2 (edge
real-time
detection
reduces

disability
years) [9]

1.0–1.1
(blockchain

ensures trusted
records,

indirect health
effect) [5]

Note: Adjustment factors (multipliers) are calibrated against technical pilot benchmarks and empirical reports
(2015–2023). S3 (AI+Edge) multipliers are grounded in ITU-T healthcare latency reports, assuming a 15%–20%
efficiency gain in real-time monitoring coverage. S4 (AI+Blockchain) multipliers are aligned with secure data interop-
erability studies, reflecting an estimated 10% reduction in administrative overhead through decentralized verification.
All factors are applied as conservative estimates to ensure longitudinal stability.
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