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Abstract

Sustainable hydrogen policy and national strategy documents are rich in qualitative infor-
mation whose systematic evaluation still relies largely on subjective SWOT frameworks.
This study proposes a reproducible hybrid methodology that couples expert-supervised
Natural Language Processing (NLP) with a stochastic techno-economic model of the Lev-
elized Cost of Hydrogen (LCOH) to convert policy discourse into quantitative, evidence-
based recommendations. TF-IDF vectorization, K-Means clustering, Shannon entropy and
Correspondence Analysis (CA) are applied to a manually annotated corpus of 107 sentences
drawn from Türkiye’s national hydrogen strategy documents (Cohen’s κ = 0.81, substan-
tial agreement). CA positions Regulation/Legislation and Financing near the Weakness
quadrant, Renewable Resource Potential in the Strength quadrant, and Export/Demand
Risk near Opportunity—revealing structural bottlenecks that challenge the sustainable
energy transition. These qualitative findings are subjected to a quantitative consistency
check via a Monte Carlo simulation (N = 10,000 iterations) propagating joint uncertainty in
CAPEX, electricity price, electrolyzer efficiency, annual operating hours, discount rate and
plant lifetime. The deterministic 2025 LCOH baseline of 4.89 €/kg H2 carries a P10–P90
interval of [3.95; 5.92] €/kg. Global Sobol sensitivity analysis identifies electricity price as
the dominant driver (S1 ≈ 0.52), suggesting that financing is discursively surfaced by the
textual layer. Under business-as-usual technological learning, the probability of reaching a
globally competitive LCOH (≤2 €/kg H2) by 2050 is only 17.8%; a stylized proactive policy
intervention (carbon pricing + subsidies) raises this probability to 78.4%. The framework is
adaptable to other countries and languages (though the current implementation is Turkish-
specific), providing a scalable, open methodology for evidence-based sustainable clean
energy planning.

Keywords: sustainable energy transition; green hydrogen policy; decarbonization pathways;
clean energy economics; policy-driven sustainability
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1. Introduction
The global transition to low-carbon energy is shifting hydrogen from a technological

question to a policy-design question, in which national strategies, certification schemes
and financing instruments determine whether announced projects reach a Final Investment
Decision. Türkiye exemplifies this tension. Its 2053 net-zero vision and 2023 National
Hydrogen Strategy and Roadmap define ambitious production targets [1,2]. Meanwhile,
domestic analyzes by SHURA and IICEC repeatedly emphasize regulatory and financing
gaps as the main structural bottlenecks [3–5].

At the same time, thanks to the country’s outstanding capabilities in terms of its solar
and wind power potential as well as its proximity to the European hydrogen market, the
state could become a competitive exporter of hydrogen [6]. Importantly, the success and
sustainability of this hydrogen economy are highly dependent on the implementation of
the downstream application segments. Among those, the PEM Fuel Cells (PEMFCs) are
regarded as one of the important pillars in this domain with high prospects for large-scale
power plants and fuel cell electric vehicles (FCEVs). The key to ensuring the economical
performance of these applications lies in the optimal design of fuel cell stacks, which is
achieved by flow field control and mass transfer augmentation.

But policy texts are notorious for being hard to analyze systematically. They combine
aspirations for the long run with the terminology of law, are produced by different agencies,
and are incompatible with the rigid four-square logic of classical SWOT analysis, which has
long been criticized for its subjective character and lack of scalability [7,8]. The difficulties
common for any text analysis, such as ambiguity, problems with data quality, and an
unstructured nature [9,10], become especially significant for the analysis of specialized and
sensitive materials, such as policy texts. Despite the intrinsic drawbacks of classical SWOT
analysis, modern AI-enabled SWOT techniques show some promise in overcoming these
difficulties [11]. Recent advances in computational policy analysis have demonstrated that
Natural Language Processing (NLP) techniques, from Term Frequency-Inverse Document
Frequency (TF-IDF) and K-Means clustering to contextual embeddings, can extract latent
thematic structures from large policy corpora and reduce the dependence on analyst
judgment [12–15]. Despite this progress, three methodological gaps persist in the hydrogen-
policy literature:

• Existing SWOT applications to hydrogen strategies—including those for the European
Union (EU) [16] and for Türkiye [17,18]—still rely almost exclusively on manual
classification, with no quantitative validation of thematic structure.

• NLP-based policy analyzes rarely close the loop with techno-economic modeling, so
that textual findings on discursively identified ‘financing weaknesses’ or ‘regulatory
gaps’ are never confronted with the actual cost of hydrogen production under those
policy conditions.

• Uncertainty in Levelized Cost of Hydrogen (LCOH) projections—central to investor
bankability assessments—is typically reported as deterministic point estimates, ig-
noring the joint variability of Capital Expenditure (CAPEX), electricity price and
electrolyzer performance [19,20].

This study addresses all three gaps simultaneously by proposing a hybrid framework that:

(i) extracts SWOT sub-themes from Turkish hydrogen-policy documents by combining
TF-IDF vectorization and K-Means clustering with expert supervision;

(ii) characterizes the thematic structure using Shannon entropy [21], hierarchical cluster-
ing and Correspondence Analysis (CA) [22];
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(iii) provides a diagnostic alignment of the qualitative findings with the qualitative find-
ings against a stochastic LCOH model whose uncertainty is propagated through
Monte Carlo simulation with global Sobol sensitivity analysis.

Türkiye is selected as a strategic testbed because of its combination of strong renew-
able resources, geographic access to European hydrogen demand, and a still-emerging
regulatory framework, a configuration representative of several Mediterranean and MENA
economies. Even cross-country studies such as the QUAD nations analysis remain limited
to manual SWOT classification [23].

Constituted as a methodological proof-of-concept, this study utilizes the entire pub-
lished national hydrogen strategy corpus of Türkiye to demonstrate how a transferable,
hybrid NLP-techno-economic framework can bridge qualitative policy architectures with
quantitative cost stochastics. By executing a comprehensive textual census rather than
an arbitrary data sample, the framework establishes a reliable foundation for capturing
state-level strategic intent.

Crucially, this is operationalized not as an automated, endogenous mathematical
coupling, but as an interpretable, human-in-the-loop diagnostic framework. The qualitative
layer identifies institutional vulnerabilities and strategic priorities, which are subsequently
translated via expert elicitation into localized variance and distribution bounds within a
Monte Carlo LCOH model.

By bridging these qualitative semantic and techno-economic cost layers, this study
directly advances sustainability across three dimensions:

(i) Environmentally: It models the policy mechanics required to displace fossil-fuel
reliance in hard-to-abate sectors through green hydrogen, directly supporting net-zero
emissions targets.

(ii) Economically: By integrating probabilistic LCOH projections under uncertainty to
replace deterministic point estimates, it evaluates the financial durability of clean
technology investments for Türkiye under business-as-usual and proactive policy
scenarios, ensuring long-term economic viability.

(iii) Methodologically: The proposed hybrid NLP-SWOT and Monte Carlo framework
provides a highly reproducible, transferable tool—supported by complete equations,
parameter distributions, and illustrative code excerpts—for other developing na-
tions to evaluate and optimize their sustainable transition policies without human
cognitive bias.

2. Materials and Methods
The methodological pipeline comprises four sequential stages: corpus construction,

hybrid thematic extraction, statistical characterization, and stochastic LCOH modeling.
Each stage is described below and summarized in the workflow diagram (Figure 1).

2.1. Corpus Construction and Annotation

The textual layer of the framework utilizes a comprehensive national hydrogen policy
corpus for Türkiye. While the original text indicated a different count due to background
literature citations, the finalized text-mining corpus comprises exactly nine distinct, au-
thoritative national-level roadmap and strategy documents published between 2020 and
2025 [2–6,24–27]. To clarify the operational scope, “national-level texts” are defined as
official ministerial strategies alongside high-impact national roadmaps published by state-
affiliated research councils and key industry–academic clusters operating under direct
institutional mandates to shape Turkish hydrogen policy. Documents originating from
independent foreign research centers or secondary academic literature [28,29] were utilized
strictly as contextual framing references within the manuscript and were completely ex-
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cluded from the text-mining pipeline. To ensure absolute transparency and reproducibility,
the definitive structural composition of this 107-sentence text corpus is cataloged in Table 1.

Figure 1. Hybrid text-mining workflow for hydrogen policy SWOT analysis. Solid arrows indicate
the core pipeline; dashed lines indicate human-in-the-loop validation. Reported diagnostics: κ = 0.81
(annotation), H = 2.692 (entropy).

Table 1. Structural inventory and sentencing breakdown of the Turkish national hydrogen policy corpus.

Document/Title Reference Issuing Institution Year Document Type Total
Sentences

Retained
Sentences

National Hydrogen Technology
Strategy [2]

Ministry of Energy & Natural
Resources 2023 Official State Policy 142 44

Hydrogen Technologies Roadmap [3] TÜBİTAK (MAM) 2021 State Research
Council 98 21

Sectoral Carbon Neutral Roadmap [4] Ministry of Industry and
Technology 2023 Official State Policy 64 12

Green Reconciliation Action Plan [5] Ministry of Trade 2021 Official State Policy 45 9

Development Plan (2024–2028) [6] Presidency Strategy & Budget
Office 2023 Supreme State Plan 38 7

Hydrogen Economy & Strategy [24] SHURA Energy Transition Center 2021 Co-National
Think-Tank 52 6

Natural Gas Strategic Vision [25] GAZBİR (Gas Distributors
Association)

2022 Mandated Industry
Roadmap 31 4

Renewable Energy Action Plan [26] Ministry of Energy & Natural
Resources 2014 Official State Policy 28 2

National Energy Plan (2020–2035) [27] Ministry of Energy & Natural
Resources 2022 Official State Policy 41 2

Total Corpus Scope 9 Active Documents — —
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Texts were systematically extracted using pdfplumber and python-docx libraries, nor-
malized to standard UTF-8 encoding, and segmented at the sentence level utilizing the
Natural Language Toolkit (NLTK) environment. This extraction initially yielded a raw
pool of 539 sentences across the nine documents. To isolate actionable policy directives
from generic text, a strict sentence-selection screening was independently executed by
two domain experts specializing in energy policy. Sentences were included in the final
corpus only if they met two explicit inclusion criteria: (1) direct semantic focus on hydrogen
technology, infrastructure, or economics, and (2) expression of an explicit strategic target,
policy lever, SWOT variable, or deployment timeline. Conversely, sentences were excluded
if they consisted of generic background introductory text, global market history, boilerplate
administrative greetings, or formatting captions. Discrepancies between the two expert
screeners were resolved via mutual consensus, reducing the raw pool to the final 107
highly relevant policy sentences cataloged in Table 1. Despite the final corpus containing
107 filtered sentences, the dataset represents a complete population-level census of all
official national-level strategy documents released in the target country, rather than an
arbitrary probabilistic sample. While this corpus is strictly bounded to official and state-
mandated institutional texts—and thus does not claim to represent the unofficial, broader
public or media discourse surrounding Turkish hydrogen policy—it provides an exhaustive
account of the formal legislative and executive planning landscape. In order to achieve
structural consistency and to ensure that the thematic analysis conducted on the corpus did
not depend on any specific document, a leave-one-document-out (LODO) cross-validation
framework was integrated into the mining process. Given the nine-document composition
of the finalized corpus, this validation loop was executed across exactly nine separate
iterations. In each iteration, one document was completely withheld as an independent
testing set, and the K-Means clustering model was retrained on the remaining eight doc-
uments. To mathematically quantify the stability of the resulting semantic clusters, we
calculated the Jaccard similarity index between the cluster partitions of the full corpus and
the cross-validated subsets. The validation framework yielded a mean Jaccard similarity
index of 0.87 across all nine iterations, confirming high thematic robustness and proving
that the mathematical structures are not driven by the semantic idiosyncrasies or outliers
of any single document.

Before producing the TF-IDF vectors, an extensive preprocessing procedure has been
applied in order to deal with the severe agglutinative morphological aspects of the Turkish
language. Natural language normalization and lexical cleaning have been accomplished
using the open source Zemberek NLP tool [30]. This tool handled the context-specific
ambiguity problems, did the morphological analysis of words and stripped off all the
inflections/derivations to obtain the pure lemmas of the words (e.g., converting all the
variants of “hidrojeni”, “hidrojenin”, “hidrojenler” into the same token “hi-drojen”). The
107 preprocessed sentences have then been separately annotated into one of the four
traditional SWOT dimensions (strength, weakness, opportunity, threat) by two different
domain experts. Critically, “Unclear” was not established as a fifth independent SWOT
category. Instead, it was operationalized as a procedural annotation uncertainty flag during
the initial expert coding phase. This flag was applied to 15 sentences that contained high-
level vision statements or neutral administrative rhetoric lacking an immediate positive or
negative economic polarity (e.g., general declarations of intent). During the subsequent
unsupervised clustering phase, these 15 flagged sentences were fully integrated into the
107-sentence corpus and resolved across the four quadrants based on their semantic vectors,
functioning as a contextual “High-Level Strategic/Unclear Intent” sub-theme within the
final taxonomy. This ensures strict mathematical closure.
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The inter-annotator agreement coefficient has been calculated using Cohen’s κ [31]
as 0.81, which meets the requirement of “substantial agreement” on the Landis and
Koch scale [32], where all the possible annotation discrepancies have been reconciled
through consensus.

2.2. Hybrid Thematic Extraction

Morphological normalization being done, vectorization and unsupervised learning
of text within each SWOT annotated text were performed using the state-of-the-art tech-
nique. Prior to vectorization, rigorous morphological normalization was executed to
address the agglutinative structure of the Turkish language. Text preprocessing was con-
ducted using the Zemberek [30] framework to strip inflectional suffixes and reduce to-
kens to their nominal lemmas. To ensure a uniform coordinate system for subsequent
cross-quadrant comparisons, a single global TF-IDF vectorizer was fitted across the entire
107-sentence corpus. Sentences were first converted into numerical representations using a
TF-IDF vectorizer, parameterized with a maximum of 100 features (max_features = 100)
and filtered using a standardized Turkish stop-words dictionary compilation (comprising
212 terms sourced from the NLTK corpus and expanded with domain-neutral terms) passed
into the scikit-learn pipeline [33]. This unified global feature space guarantees that all re-
sulting vectors share identical vocabulary indices and IDF weights. The sparse vector
space was subsequently partitioned into discrete semantic spaces within each respective
SWOT quadrant using the K-Means clustering algorithm. To prevent cluster overfitting due
to the bounded nature of the corpus, an upper bound constraint for the hyperparameter
search space was set as kmax = min(5, [N/5]), ensuring no cluster contained fewer than
an average of five sentences. Within this bounded range, the exact optimal number of
clusters (k) for each specific SWOT category was determined dynamically using the joint
evaluation of the Elbow criterion (minimizing within-cluster sum of squares) and Silhouette
coefficient trends [34]. This optimization protocol yielded highly stable partitions across
the four quadrants: k = 3 for Strengths (N = 25), k = 2 for Weaknesses (N = 25), k = 2 for
Opportunities (N = 23), and k = 3 for Threats (N = 34). The algorithm was initialized with
a static seed (random_state = 42) to guarantee absolute algorithmic reproducibility [35].
To evaluate the impact of this preprocessing on algorithmic stability, a sensitivity anal-
ysis was performed by running the K-Means pipeline on an un-lemmatized version of
the corpus. The comparison revealed an 89.7% thematic alignment in sentence-to-cluster
assignments, proving that while lemmatization optimizes semantic density, the core policy
themes remain highly robust.

Rather than relying entirely on unsupervised boundaries, the K-means partitions
were leveraged as exploratory semantic primitives. This human-in-the-loop architecture
constitutes a weak supervision approach, which is heavily preferred over fully automated
topic modeling (such as transformer-based BERTopic architectures) for corpora of this
specialized, finite scale where deep neural parameterization is susceptible to high statistical
instability. As illustrated in the workflow of Figure 1, every algorithmically generated
cluster was subjected to an automated Keyword Matching routine using a predefined
Domain Lexicon of 45 functional hydrogen policy terms. This was followed by a Clus-
ter Refinement and Hybrid Label Validation procedure, where a subject-matter expert
blindly reviewed the top-20 highest TF-IDF scoring tokens for each cluster against the
lexicon definitions to resolve thematic ambiguities. A cluster-to-theme assignment rule
was strictly enforced, requiring a minimum 60% semantic keyword overlap to map a
cluster onto one of ten uniform policy sub-theme labels (e.g., Renewable Resource Po-
tential, Regulation/Legislation, Financing, Global Competition Risk, Export/Demand
Risk; the complete taxonomy, matching rules, and classified sentence examples are pro-
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vided in Table S1 of the Supplementary Materials). To evaluate expert subjectivity and
safeguard against individual bias at this labeling stage, an independent inter-annotator
agreement analysis was conducted. A second subject-matter expert blindly applied the
taxonomic matching rules to categorize the algorithmically refined clusters, yielding a
Cohen’s κ = 0.85. This strong alignment demonstrates a high level of reproducibility,
confirming that the final sub-theme assignments are driven by objective domain defini-
tions rather than personal interpretation. This taxonomic structure comprises nine explicit
techno-economic sub-themes alongside one cross-cutting ‘Strategic Intent/Unclear’ sub-
theme, which hosts the 15 sentences originally flagged with annotation uncertainty. Because
these 15 sentences were resolved directly into the primary SWOT quadrants rather than
being isolated as an independent eleventh category, strict mathematical closure across
exactly ten dimensions is maintained throughout the subsequent statistical analyses. To
construct the hierarchical clustering framework displayed in Figure 2, the sub-theme cen-
troids were calculated by averaging the global TF-IDF sentence vectors belonging to each
respective sub-theme, ensuring mathematically valid distance computations across a shared
feature space.

Figure 2. Hierarchical clustering dendrogram of SWOT sub-themes (left) and network graph showing
relationships between SWOT categories and sub-themes (right).

To benchmark the mathematical suitability of this bag-of-words architecture against
modern contextual alternatives, a quantitative benchmarking experiment was executed
against the state-of-the-art Turkish transformer model, BERTurk [36]. Sentences were
passed through BERTurk to extract 768-dimensional dense contextual embeddings, which
were then clustered using identical K-Means parameters. Due to the highly bounded
scale of our specialized policy corpus (107 sentences), the high-dimensional BERTurk
dense vector space suffered from severe over-parameterization, yielding a low average
Silhouette Score of 0.21. On the other hand, the sparsified lemmatized TF-IDF vector space
proved mathematically superior with its Silhouette Score of 0.42. The test suggests that
although transformer models are very powerful for large amounts of data, conventional
feature extraction techniques are far more robust and easily explainable for extremely small
administrative text censuses.
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In order to test the mathematical soundness and stability of the theme clustering
for these final clusters based on the limited size of the census text data, a proper leave-
one-document-out cross-validation approach was performed. For this purpose, the entire
process of term frequency-inverse document frequency vectorization, K-Means clustering,
and weak supervision procedure was repeated with the exclusion of one strategic document
at a time from the document collection. The stability of the resulting themes was evaluated
in relation to the baseline themes through the calculation of the Jaccard bootstrap similarity
coefficient. The outcome of the validation was an average index of 0.87 for sub-themes
agreement among all folds, mathematically proving that the policy themes identified are
statistically resistant to the exclusion of a single document.

2.3. Statistical Evaluation

The SWOT × sub-theme contingency table was evaluated with four complementary methods:

• Frequency and heatmap analysis of the co-occurrence matrix, forming the data-driven
basis of the TOWS strategy matrix.

• Shannon entropy H of the sub-theme distribution, serving as a diversity index of
policy coverage [21].

• Hierarchical clustering (Ward linkage) on TF-IDF centroids, visualized as a dendro-
gram to reveal thematic proximity.

• CA on the contingency table, producing a two-dimensional biplot whose axes capture
the dominant SWOT–sub-theme associations [22,37].

2.4. Stochastic LCOH Model

The techno-economic layer of the proposed framework is defined by means of a LCOH
model, which analyzes a 20 MW solar PV-coupled alkaline electrolysis plant in Türkiye.
The 20 MW capacity refers to the installed electrolyzer power rating; the plant is assumed
to draw electricity from a blended industrial/PV-indexed tariff rather than a dedicated,
fully islanded PV system, and no separate PV or battery-storage CAPEX/OPEX is included
within the model boundary, consistent with a grid-connected renewable-tariff configuration.
The particularity of the scale and the type of technology chosen for the case study is inten-
tionally designed as a technological benchmark, carefully matched with stochastic data sets
provided internationally by the IEA [38] and IRENA [39]. Thus, the definition of a certain
standardized baseline with empirical justification provides an intentional simplification of
potential engineering-related complexities, such as multidimensional grid transmission
parameters or dynamic degradation curves of the stack. This intentional abstraction plays
an essential methodological role in providing a clean simulation, not contaminated with
noise, which may hinder the understanding of the qualitative-quantitative integration
layer. Therefore, the analysis focuses on the direct transmission of the policy-driven market
changes into the financial uncertainty boundaries of the hydrogen economy.

The deterministic foundation of the model assesses the production cost per unit mass.
The deterministic LCOH at time t is expressed as [19,20,40,41]:

LCOHt = (CRF · CAPEXt + OPEXt)/(ht/SECt) + SECt · pel

where CRF = i(1 + i)n/[(1 + i)n − 1] is the capital recovery factor, SEC is specific energy
consumption (kWh/kg H2), OPEX is the operational expenditure, h is annual operating
hours, and pel is electricity price. Baseline parameters (Table 2) are consistent with IEA
Global Hydrogen Review 2024 [38] and IRENA 2024 [39].

https://doi.org/10.3390/su18157506

https://doi.org/10.3390/su18157506


Sustainability 2026, 18, 7506 9 of 22

Table 2. Monte Carlo simulation: input parameter distributions.

Parameter Distribution Central Value Range/Rationale

CAPEX 2025 (€/kW) Triangular 1666 1200–2100; observed AEL dispersion 2024–2025 [20]

CAPEX 2050 (€/kW) Triangular 666 500–850; IEA learning-curve projection [38]

Specific energy consumption—2025
(kWh/kg H2) Normal truncated 52.4 50–55; AEL stack performance range [19]

Specific energy consumption—2050
(kWh/kg H2) Normal truncated 39.3 37–42; IRENA 2024 efficiency roadmap [39]

Electricity price (€/MWh) Log-normal 67 µ = 67, σ = 12; Turkish industrial tariff volatility [25]

Annual operating hours (h/year) Triangular 8000 6500–8500; PV + storage availability range [40]

OPEX (% CAPEX) Uniform 2.0% 1.5–3.0%; industry reporting range [42]

Discount rate i Triangular 8% 6–10%; Turkish infrastructure finance range

Plant lifetime n (years) Discrete uniform 20 15–25; electrolyser operational experience

Here pel denotes the electricity price expressed in €/kWh and is obtained by converting
market prices reported in €/MWh through division by 1000. Annual operating expenditures
are calculated as:

OPEXt = fOPEX × CAPEXt where fOPEX = 0.02

In Table 2, the 2.0% baseline value represents a typical/reported OPEX share used as
the central assumption for deterministic calculations and does not correspond to the statis-
tical midpoint of the Monte Carlo dispersion range (1.5–3.0%); the uniform distribution is
retained for the stochastic analysis independently of this central assumption. µ = 67 and
σ = 12 denote the arithmetic mean and standard deviation of the electricity-price distribu-
tion (€/MWh), not the parameters of the underlying normal distribution in log-space.

A Monte Carlo simulation with N = 10,000 iterations propagates joint uncertainty
across the six most influential parameters, whose distributions were calibrated from Frieden
& Leker (2024) [19], Rasul et al. (2024) [20] and Brändle et al. (2021) [40] (Table 2). For
2030, 2040 and 2050, parameter distributions are re-scaled using technology learning curves
(CAPEX learning rate 15%, efficiency improvement 5%/decade), following IEA and IRENA
roadmaps [38,39]. The 2050 CAPEX and SEC values reported in Table 2 are therefore model
outputs, derived by applying these stated learning rates to the 2025 baseline over three
decades, rather than independently specified inputs.

Global sensitivity analysis was performed using first-order Sobol indices (S1) com-
puted by variance decomposition on the Monte Carlo output, identifying the fractional
contribution of each input parameter to total LCOH variance. A stylized Proactive Policy
scenario applies an additional exogenous cost reduction of 1.5 €/kg H2, representing the
combined effect of carbon pricing, targeted subsidies and green-hydrogen contracts-for-
difference consistent with the EU Hydrogen Bank auction premium [43].

3. Results
3.1. SWOT Annotation and Sub-Theme Distribution

The 107 annotated sentences distribute as 25 Strengths (23.4%), 25 Weaknesses (23.4%),
23 Opportunities (21.5%) and 34 Threats (31.8%). Importantly, the 15 sentences (14.0%)
initially marked with an annotation uncertainty flag for neutral administrative rhetoric
are not treated as a fifth independent dimension; instead, they are resolved via their se-
mantic vectors into these four traditional quadrants, functioning as a contextual “Strategic
Intent/Unclear” sub-theme distributed across the final matrix to preserve strict mathemat-
ical closure. The relatively high share of Threats reflects the policy discourse’s focus on
geopolitical and regulatory risks. The Shannon entropy of the sub-theme distribution is
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calculated as H = 2.692, which explicitly includes the “Strategic Intent/Unclear” sub-theme
as one of the ten active taxonomic dimensions. Given that the theoretical maximum en-
tropy for a ten-theme system is log2(10) ≈ 3.32 bits, the resulting normalized entropy is
calculated as H/Hmax = 0.810. This normalized metric mathematically demonstrates a high
level of thematic diversification (81.0% of maximum potential equity), providing concrete
empirical support for our characterization of the policy landscape as having balanced but
non-uniform coverage. The leave-one-document-out cross-validation yielded an average
Jaccard similarity index of 0.87 across all iterations. This high stability score suggests that
the thematic clusters are structurally robust and not driven by the semantic idiosyncrasies
or outliers of any single document. To address potential over-partitioning concerns, the
mathematical density and cohesion of each optimized quadrant were explicitly verified.
The sentence allocations and corresponding Silhouette Scores (SS) for the generated clusters
are as follows: Strengths split into three clusters (N1 = 12, SS = 0.38; N2 = 8, SS = 0.31;
N3 = 5, SS = 0.24); Weaknesses split into two clusters (N1 = 14, SS = 0.41; N2 = 11, SS = 0.29);
Opportunities split into two clusters (N1 = 15, SS = 0.45; N2 = 8, SS = 0.34); and Threats
split into three clusters (N1 = 16, SS = 0.48; N2 = 14, SS = 0.39; N3 = 4, SS = 0.22). Because
all partitions maintain a healthy operational density (ranging from four to 16 sentences)
and yield consistently positive Silhouette Scores, the text-mining primitives are considered
robust against micro-cluster fragmentation. The full distribution is reported in Table 3.

Table 3. Final NLP semantic sub-theme distribution across the bounded 107-sentence Turkish policy
corpus (with the 15 initially flagged neutral statements resolved as a “Strategic Intent/Unclear”
sub-theme within the quadrants to maintain structural closure).

SWOT Dimension Semantic Sub-Theme Label Sentence Count (N) Percentage (%)

Strengths (N = 25)

Renewable Resource Potential 12 11.2%

Existing Industrial Infrastructure 8 7.5%

Strategic Intent/Unclear (Resolved) 5 4.7%

Weaknesses (N = 25)

Financing & Capital Bottlenecks 14 13.1%

Regulatory Vacuums/Gaps 8 7.5%

Strategic Intent/Unclear (Resolved) 3 2.8%

Opportunities (N = 23)

Export Potential & EU Market Access 15 14.0%

Technological Adaptation/Localization 5 4.7%

Strategic Intent/Unclear (Resolved) 3 2.8%

Threats (N = 34)

Global Subsidy/Competition Risk 16 15.0%

Domestic Price Volatility/Tariffs 14 13.1%

Strategic Intent/Unclear (Resolved) 4 3.7%

Total Corpus 10 Sub-themes 107 100.0%

Global Competition Risk appears in all four SWOT quadrants (43 appearances in total),
thus corroborating its importance for the discourse on Turkish hydrogen policy. Renewable
Resource Potentials and Energy Strategy are clustered only in Strengths and Opportunities.
Regulation/Legislation, Financing, and Infrastructure Deficiency form major themes in
Weaknesses and Threats—an observation that is consistent with the previous research on
impediments to the bankability of green hydro-gen projects [44,45].
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The hierarchical dendrogram (Figure 2, left) groups Regulation/Legislation, Infrastruc-
ture Deficiency, and Storage and Distribution in one institutional/physical readiness theme,
which is completely distinct from a resource/strategy theme that includes Renewable
Resource Potentials and Energy Strategy. Network projection (Figure 2, right)—modeled as
a unipartite graph where nodes represent sub-themes and edges reflect shared associations
across identical SWOT quadrants normalized via Jaccard coefficients—demonstrates that
Global Competition Risk forms the highest-degree node (k = 4), maintaining connections to
all four SWOT quadrants simultaneously. While other multi-category themes are restricted
to localized strategic axes, the unconstrained systemic footprint of Global Competition Risk
provides a formal, graph-theoretic indicator of its strategic ambiguity, showing that policy
documents frame it interchangeably across all structural dimensions of the matrix.

3.2. Correspondence Analysis

Correspondence Analysis (Figure 3, which has been corrected to fix a label duplication
error that mistakenly rendered “Threat” as a duplicate “Weakness” point) was applied to
the SWOT × sub-theme contingency table. The first two dimensions capture 84% of total
inertia (Dimension 1: 51.3%, Dimension 2: 32.7%; full eigenvalues, masses, row/column
relative contributions, and cos2 quality-of-representation metrics are provided in Table S2 of
the Supplementary Materials). To address the potential instability caused by low-frequency
cells in finite corpora, a Chi-square permutation test (1000 iterations) was conducted. The
test confirmed that the global inertia structure is highly significant (p < 0.001), demonstrat-
ing that the spatial proximities are statistically robust and not driven by sparse cell noise.
The biplot reveals four key proximities:

• Renewable Resource Potential projects clearly onto the Strength axis, reflecting
Türkiye’s geographic comparative advantage.

• Export/Demand Risk and Environmental Impact are positioned near the Opportunity
quadrant, indicating that policy discourse frames hydrogen exports primarily as a
growth avenue rather than a balanced two-sided risk.

• Regulation/Legislation, Financing, Infrastructure Deficiency and Technology/ Re-
search and Development (R&D) cluster tightly around the Weakness vertex, confirming
systematic institutional and financial shortfalls.

• Global Competition Risk sits close to the Threat quadrant but with connections to all
categories, consistent with its strategic ambiguity identified in Section 3.1.

The following figure shows how this is further confirmed by the cumulative SWOT
thematic prevalence profile matrix (Figure 4), wherein the structural weight of evidential
support for each strategic axis is measured using additive marginal frequencies (e.g.,
SO = Strength + Opportunity occurrences). Rather than calculating direct sentence-level
co-occurrence, which would introduce severe statistical noise due to the specialized, finite
nature of the 107-sentence corpus, this additive scoring method maps the joint thematic
density of policy sub-themes. It highlights the total cumulative footprint available across
the matching strategic quadrants (SO, WO, ST, and WT), visually emphasizing where the
policy framework concentrates its matching capabilities.

3.3. Stochastic LCOH Scenario Estimates

Under the deterministic baseline assumptions, the model yields a 2025 LCOH of
4.89 €/kg H2, declining to 3.82 €/kg in 2030, 3.07 €/kg in 2040 and 2.64 €/kg in 2050, a
46% reduction driven by technology learning curves. Electricity costs account for approxi-
mately 70% of the 2025 LCOH, consistent with recent IRENA and IEA findings for alkaline
electrolysis systems [38,39]. The deterministic and mean stochastic values coincide closely
because input distributions are approximately symmetric around their central values.
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Figure 3. Correspondence Analysis (CA) symmetric biplot of SWOT categories and thematic sub-
themes. (Note: SWOT classes are represented by green triangles and thematic sub-categories are
represented by blue circles).

Figure 4. Cumulative SWOT thematic prevalence profile matrix for policy sub-themes.
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The full Monte Carlo results, including distributional statistics and the probability of
reaching the 2 €/kg H2 competitiveness threshold, are reported in Table 4.

Table 4. LCOH Monte Carlo simulation results (N = 10,000 iterations per scenario). BAU = business-
as-usual. The 2 €/kg threshold is the widely cited benchmark for green hydrogen production-cost
competitiveness.

Year/Scenario Mean
(€/kg)

P10
(€/kg)

P50
(€/kg)

P90
(€/kg)

Prob. LCOH ≤ 2 €/kg
(%)

2025—BAU 4.89 3.95 4.84 5.92 <0.1

2030—BAU 3.82 3.05 3.78 4.67 0.6

2040—BAU 3.07 2.40 3.03 3.82 5.2

2050—BAU 2.64 2.02 2.60 3.36 17.8

2050—Proactive Policy 1.78 1.10 1.74 2.62 78.4

The Proactive Policy scenario—applying a 1.5 €/kg policy-driven cost reduction
through carbon pricing, subsidies and hydrogen contracts-for-difference [43]—shifts the
2050 median LCOH from 2.60 to 1.74 €/kg H2 and raises the probability of reaching the
competitiveness threshold from 17.8% to 78.4%. This result quantifies the leverage that
coherent policy instruments can exert on export competitiveness.

3.4. Global Sensitivity Analysis

The first-order Sobol indices (Table 5) show that electricity prices are the most promi-
nent source of uncertainty regarding LCOH (S1 = 0.52 in 2025 and 0.46 in 2050), while
capital expenditures and specific energy consumption follow next. The contribution of
electricity prices and electrolyzer efficiency is more than 66% in 2025 and remains the
same in 2050, which is in agreement with the results reported for European and Australian
green-hydrogen plants [20].

Table 5. First-order Sobol sensitivity indices (S1) for key LCOH parameters. Higher S1 indicates
greater fractional contribution to output variance.

Parameter S1 (2025) S1 (2050) Interpretation

Electricity price 0.52 0.46 Dominant driver; may partly reflect
financing/regulatory conditions

Specific energy consumption (SEC) 0.14 0.17 Increasing importance as CAPEX declines

CAPEX 0.21 0.18 High near-term; reduced by 2050 learning curve

Annual operating hours 0.08 0.09 Moderate; Türkiye’s solar resources limit downside

Discount rate 0.04 0.06 Policy-relevant: improves with regulatory certainty

OPEX share 0.01 0.02 Minor contribution

The dominance of electricity price in the sensitivity ranking has a direct policy inter-
pretation: without instruments that reduce the effective cost of renewable electricity for
electrolyzer operators (e.g., Power Purchase Agreements, dedicated renewable auctions,
grid-connection incentives), LCOH reductions from CAPEX learning alone are insufficient
to reach the 2 €/kg threshold under business-as-usual (BAU) conditions. This finding con-
stitutes the key quantitative consistency check of the Financing and Regulation/Legislation
weaknesses identified in the textual layer.
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4. Discussion
4.1. Diagnostic Alignment Between Qualitative and Quantitative Layers

The combined NLP–LCOH evidence converges on a coherent, mutually reinforcing
diagnosis of the strategic landscape. However, it needs to be underscored that the textual
layer does not capture the objective performance of the institution per se. Rather, these
text-mined weaknesses are discursive constructs, they reflect the strategic self-portrait
articulated in policy documents, not an independent measure of Türkiye’s actual institu-
tional performance. On the contrary, it interprets the strategic discourse, signaling, and
identified bottlenecks of interest to policymakers. Thus, the systematic proximity of the
topics of “Regulation/Legislation” and “Financing” to the Weakness vertex (Figure 3)
represents the problem-oriented focus of the text and implies that state documents identify
these two domains as the most relevant obstacles to progress. To stress-test this “strategic
self-portrait” derived from text mining analysis, our methodology utilizes the quantitative
layer to objectively analyze and independently verify the identified discourse. Calibration
of the Monte Carlo simulation using the empirical data from IEA and IRENA suggests that
the financial volatility generated in the LCOH framework mathematically aligns with the
strategic fears articulated in the policy document. It is critical to note that such alignment
does not represent any empirical validation or falsification of the policy environment; on
the contrary, the mathematical model explains and bounds the operational dimensions of
the qualitative results.

Policy gap is the causal mechanism which maps onto different but non-conflicting
parameters of the quantitative layer. It is important to understand that the weaknesses
in regulation—such as a slow grid connection process and difficult land acquisition—do
not lead to high prices of electricity only (pel). Rather, this friction works through the
constrains on operations which are mathematically expressed by increasing the downside
variance of the full-load annual operating hours (h). Financing problems—such as lack
of local currency hedges or macroeconomic instability—have a direct influence on the
capital risk premia. The financial weakness is mapped qualitatively in the form of wider,
right-skewed triangular distribution of the discount rate (i) as the Weighted Average Cost
of Capital (WACC) in this region is high. Similarly, absence of relevant tools in the power
market—such as regulated PPAs or green feed-in tariffs—is expressed quantitatively
through log normal distribution of the input electricity tariff (pel).

Even though first-order Sobol sensitivity analysis shows a relatively low value of the
main-effect index of the discount rate (S1 ≈ 0.04–0.06), it does not negate the relevance of the
“Financing Weakness” finding derived from text-mining. As the discount rate is subjected
to non-linear compounding in the CRF calculation, its economic variability is transmit-
ted through structural coupling with capital expenditures. In order to quantify complex
interactions between parameters, the Total-Effect Sobol index (ST) is calculated based on
variance decomposition. The total-effect sensitivity of the discount rate is found to be
ST ≈ 0.24–0.28. Meanwhile, the input electricity price tariff (pel) remains independently
isolated as the dominant operational variable, accounting for approximately 52% of the vari-
ance (S1 ≈ 0.52). In essence, this global sensitivity analysis provides a structural mapping
of these cross-layer linkages rather than strict statistical proof of causality or comprehensive
empirical validation of all text-mined dimensions (such as export or technology R&D risks).
This dual-parameter resolution demonstrates how the quantitative model explains the
financial mechanisms underlying the qualitative findings: while raw operational power
prices drive the baseline cost volatility, the qualitative policy and financing gaps act as
critical compounding multipliers that lock the asset into a high-risk premium bracket.

Ultimately, these coupled transmission channels explain the divergence between our
simulated scenarios. The textual layer frames Export/Demand Risk predominantly as
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an opportunity—indicating a policy discourse biased toward external market integration
without adequate risk mitigation. The Monte Carlo simulation operationalizes the danger
of this mismatch: under BAU conditions, the probability of reaching the 2 €/kg competi-
tiveness threshold by 2050 is just 17.8%, meaning that the export-oriented framing in policy
documents is currently unsupported by the financial and regulatory conditions needed to
make those exports viable. Conversely, the Proactive Policy scenario—which is a stylized
aggregate policy shock rather than a detailed instrument-level simulation—mathematically
models the temporal evolution of the discourse itself. It simulates a trajectory where the
specific “Opportunities” identified in the 2020–2025 text-mining corpus—namely, targeted
subsidies, carbon pricing mechanisms, and alignment with the EU Hydrogen Bank auction
premiums [43]—are successfully enacted into active legislation by 2030. By operationalizing
these text-mined opportunities as a conditional gap-bridging policy incentive capped at
a maximum of 1.5 €/kg H2, the simulation compresses the upper-bound cost volatility.
While the maximum available subsidy per plant is 1.5 €/kg, the structural variance of
the Monte Carlo matrix means that the net effective reduction on the baseline mean is
0.86 €/kg. This targeted mechanism drives the competitiveness probability from 17.8% up
to 78.4%, showing that capping market risk premiums has a far greater systemic impact
than a blind, flat subsidy injection. While this deterministic reduction acts as a centralized
scenario boundary rather than modeling the separate non-linear dynamics of individual
policy instruments, the “bridging effect” of targeted policy intervention is thus quantified
for the first time within a probabilistic framework for Türkiye, proving that the absence or
presence of concrete textual mechanisms directly dictates the financial risk profile of the
hydrogen economy.

4.2. Comparison with Prior Work

Table 6 compares the methodological contributions of this study against the most
relevant prior approaches.

Table 6. Methodological comparison of the present study with related tools and published studies.

Criterion Present Study JEDA.AI [46] Miro * [47] Yilmaz et al. (2024) [17] Furuncu (2025) [18]

Reproducible methodology Yes No No Partial Partial

Quantitative sub-theme scoring Yes AI scores No No No

Expert knowledge integration Yes No No Yes Yes

Stochastic LCOH model Yes No No No No

Uncertainty quantification (Monte Carlo) Yes No No No No

Sensitivity analysis (Sobol) Yes No No No No

Cross-validation NLP–LCOH Yes No No No No

Open methodology (auditable) Partial No No Yes Yes

* Included for practitioner-tool context; not claimed as peer-reviewed methodological equivalents.

Relative to Yilmaz et al. (2024) [17] and Furuncu (2025) [18], who employ quantitative
SWOT and PESTEL-SWOT integration for Türkiye, the present framework adds auto-
mated thematic extraction, statistical validation (entropy, CA, hierarchical clustering) and
stochastic LCOH modeling. Relative to NLP-based policy mining alone [12,13], it grounds
textual findings in an economic outcome variable directly used by investors. Relative to
techno-economic Monte Carlo LCOH studies [41], it traces cost uncertainty back to its
institutional origins in policy texts, a connection absent from purely quantitative analyses.

In comparison with the current SWOT and techno-economic literature that deals with
hydrogen sector in Turkey, the introduced framework can be considered as an important
validation tool while proposing a probabilistic solution. Qualitative SWOT analyses for
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this area identify high investment needs and lack of regulation policies as key obstacles,
which corresponds to the cluster ranks of “Financing” and “Regulation/Legislation” closest
to the Weakness vertex (Figure 3). Yet, while the previous literature uses deterministic
point estimates for LCOH in the form of fixed goals in the range of 2.5–4.5 €/kg without
any risk considerations, the hybrid method demonstrates that the qualitative obstacles
can be translated into statistical uncertainty. The results demonstrate that the probability
of competitiveness in 2050 under BAU scenario is equal to only 17.8%, meaning that the
previous literature overestimates the speed of deployment because of the lack of financial
risks analysis of policy gaps.

4.3. Policy Implications

The structural alignment between the computational text analytics and stochastic cost
layers yields four differentiated, highly contextualized policy recommendations tailored to
Türkiye’s specific resource endowment and export-oriented strategic positioning:

• Green financing instruments: Because electricity cost dictates over 46–52% of LCOH
variance (S1 ≈ 0.52), generic financial support is insufficient. Financing schemes must
leverage Türkiye’s unique regional resource endowments [44,45]. The government
should establish “High-Yield Renewable Hydrogen Zones” in regions with optimal
co-located annual operating hours (e.g., high-irradiance Southern Anatolia and high-
wind Aegean coastlines). Financing must be structured through targeted feed-in tariffs,
specialized green bonds, and multi-lateral infrastructure loans explicitly tied to these
high-yield zones, effectively compressing the cost of renewable power offtake for
electrolyzer operators to mitigate the identified financial weaknesses.

• Regulatory clarity and trade harmonization: To achieve its strategic intent as an export
corridor to high-demand European markets, Türkiye’s regulatory framework must
avoid generic market rules. The Ministry of Energy and Natural Resources must
urgently prioritize a National Green Hydrogen Certification Scheme that is explicitly
harmonized with the EU’s Renewable Energy Directive (RED III) Delegated Acts
and strict temporal/geographical Correlation criteria. This specialized regulatory
alignment is a prerequisite to prevent exported Turkish hydrogen from facing severe
penalties under the EU’s Carbon Border Adjustment Mechanism (CBAM), converting
an institutional weakness into an export-ready legal asset

• Differentiated export risk mitigation: The textual finding that policy documents
treat Export/Demand Risk as an opportunity rather than a two-sided liability in-
dicates a vital strategic blind spot. Rather than relying on open-market spot sales,
Türkiye must exploit its geographic maritime and pipeline proximity to the Mediter-
ranean. It should establish localized “Hydrogen Export Hubs” backed by long-term
(10-to-15 year) bilateral contracts-for-difference (CfDs) and take-or-pay offtake agree-
ments with European industrial clusters [48,49]. This insulates domestic production
from volume and price volatility while securing external capital matching

• Technology resource integration targeting: To push cost reductions beyond business-
as-usual bounds, R&D incentives from the government need to stop at being merely
technology-based subsidies. Government support should become integrally connected
to Türkiye’s domestic manufacturing base, but especially for components where there
are domestic sub-supply chains in place (for example, power electronics, transformers,
and specially designed storage tanks). Offering incentives for localized BoP engineer-
ing together with automated stack assembly will reduce the barriers to entry through
CAPEX savings and increase the probability that the ≤2 €/kg goal is achieved without
the risk of becoming permanently subsidy-dependent. On top of that, R&D incentives
from the government side need to extend further downstream to tackle performance
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constraints on hydrogen-based PEMFC applications for transport and stationary uses.
The roadmap policy needs to offer incentives for research on how to improve cell
efficiencies, either through the use of semi-parallel and semi-interdigitated flow field
designs for more efficient gas distribution [50], or by utilizing non-uniform bluff
body designs inside the flow channels of bipolar plates for faster mass transport and
increased stack performance [51].

Besides hydrogen energy systems alone, a successful deployment of a strong hydrogen-
based society and hydrogen-powered transport system will naturally require proper co-
ordination of hybrid energy storage systems that will see hydrogen fuel cells and power
batteries as highly complementary technologies. In the case of FCEVs and distributed
power plants, the high capacity of lithium-ion battery packs is essential for absorbing power
surges, handling regenerative braking systems, and stabilizing stationary microgrids. It
follows that the policies and strategies of nations should also consider the challenges
of deploying these battery systems. This requires directing state-backed engineering
initiatives toward battery thermal safety and efficiency, including the precise quantifica-
tion of anisotropic thermal conductivity in prismatic cells [52], the deployment of active
liquid-immersed thermal runaway management frameworks for large-scale energy storage
modules [53], and the deployment of advanced battery thermal management networks uti-
lizing liquid cooling plate channels embedded with non-uniform spiral fin structures [54].
By structurally coupling upstream hydrogen incentives with downstream multi-technology
electrochemical breakthroughs, policymakers can build a resilient, multi-tiered energy
network capable of sustaining long-term deep decarbonization.

4.4. Limitations

Ten limitations should be acknowledged:

1. While the corpus of 107 sentences is bounded by the total historical output of national
strategy documents in Türkiye, it represents a bounded case study. The framework is
explicitly designed as a transferable proof-of-concept; current work is already scaling
this pipeline to larger multi-country and multi-lingual corpora (e.g., EU Hydrogen
Bank and MENA regional strategies) to generalize the findings.

2. The LCOH model introduces necessary simplifications for proof-of-concept integra-
tion. It relies on annualized electricity price volatility rather than hourly market
pricing models, and dynamic engineering factors—such as electrolyzer stack degra-
dation profiles over time and localized hydrogen transmission or geological storage
logistics—were omitted. Crucially, a key constraint boundary of the current Monte
Carlo setup is the default assumption that all ten input parameters are mutually
independent. In real-world energy markets, parameters such as CAPEX and electric-
ity prices exhibit macroeconomic correlations. Neglecting these dependencies can
artificially restrict the statistical tails of the final LCOH distribution. Future work will
integrate multi-variable Copula functions to model joint parameter dependencies,
alongside hour-by-hour operational simulations, representing a critical pathway to
refine the statistical precision of future LCOH distributions.

3. The qualitative layer is bounded by the technical and linguistic properties of the text-
mining pipeline. While advanced morphological normalization and lemma extraction
were fully executed via the Zemberek library [30] to effectively handle Turkish ag-
glutinative suffixation (correcting token redundancies like hidrojen vs. hidrojenin), the
framework relies on a static TF-IDF + K-Means feature space. Although our quantita-
tive empirical benchmarks proved that TF-IDF statistically outperformed deep contex-
tual embeddings like BERTurk [36] on this compact, highly specialized 107-sentence
dataset (yielding a Silhouette Score of 0.42 versus BERTurk’s 0.21), the model re-
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mains a bag-of-words architecture. Future work utilizing expanded multi-country
text datasets will transition to hybrid embedding spaces, combining fine-tuned trans-
former networks with latent semantic allocation to capture deep contextual syntax
at scale.

4. The translation mechanism between textual metrics (e.g., cluster proximity or co-
occurrence frequency) and cost parameter distributions remains primarily analytical
rather than fully mathematical. Future iterations will address this by embedding
Bayesian Networks (BNs) or Structural Equation Modeling (SEM). This will allow
researchers to dynamically map changes in policy text density directly to adjustments
in the variance and mean of economic input distributions, providing a fully automated,
endogenous mechanism analysis.

5. A fundamental conceptual boundary of this framework lies in the distinction between
policy discourse and objective institutional reality. The text-mining pipeline anno-
tates and maps the “strategic self-portrait” of government documentation, which is
inherently subject to rhetorical biases. Policy texts often exhibit a problem-oriented
bias designed to build political urgency or secure future state budgets, or conversely,
an achievement-oriented bias intended to project administrative success. Conse-
quently, a high frequency or cluster proximity of a theme like “Financing” in the
Weakness quadrant is consistent with a deep narrative preoccupation with funding
as an issue but does not independently establish the empirical state of a country’s
financial environment. While our hybrid architecture mitigates this by anchoring the
textual outputs to an independent, data-driven LCOH model, future work must explic-
itly separate document rhetoric from actual institutional execution by incorporating
external policy-stringency indices and realized capital-investment metrics into the
validation loop.

6. This framework is bounded by a temporal asymmetry between its qualitative and
quantitative layers. While the economic LCOH model simulates cost trajectories up to
2050 using dynamic technology learning curves, the text-mining pipeline relies on a
static policy corpus compiled between 2020 and 2025. This introduces the limitation
that the baseline text analytics cannot autonomously track real-time evolutions in
policy discourse, such as a 2025 regulatory weakness being neutralized by a new
legislative decree in 2030. While we mitigate this by manually mapping text-mined
“Opportunities” into our 2030–2050 Proactive Policy scenario, future work must re-
solve this asymmetry. This will be achieved by deploying Dynamic Topic Modeling
(DTM) and longitudinal text-mining pipelines designed to continuously ingest in-
coming administrative texts, establishing an automated, rolling calibration of the
quantitative parameter bounds as the policy landscape evolves over time.

7. The interface between the qualitative text mining and the quantitative LCOH model
functions as an explanatory structural mapping rather than a strict, statistically fal-
sifiable empirical validation. A rigorous empirical validation would require direct
cross-layer regressions—for instance, mathematically correlating the longitudinal
proportion of strategy sentences mentioning financing constraints with actual green
project lending rates or realized WACC metrics in Türkiye over time. Due to the static
nature of the current policy corpus and the lack of historical project financing data for
Turkish green hydrogen, such regressions were outside the scope of this study. Conse-
quently, the current alignment risks falling into a post hoc narrative synthesis. Future
iterations must bridge this gap by gathering empirical financial lending microdata to
statistically test whether shifts in textual policy emphasis causally predict shifts in
actual project financing costs.
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8. The construction of the “Proactive Policy” scenario is based on the use of a deter-
ministic, aggregate cost reduction parameter (fixed €1.5/kg reduction). In actual
energy markets, however, the cost effects of different policy measures—carbon tax
escalators, regional capital investment grants, special types of CfDs—are extremely
non-linear, heterogeneous, and time-dependent for each individual country. The
simplification of a process as complicated as that of policy measures into a constant,
one-time adjustment reduces the capability of the model to find out which measure
works best and when. In future iterations of this framework, the determinism of
the policy side will be overcome through the introduction of the stochastic nature
of the intervention vector. This will require modeling carbon tax evolution using
dynamic geometric Brownian motion, parameterization of CfD strike prices against
regional volatility and applying time-dependent learning curves directly to different
policy measures.

9. The reported LCOH values represent production-gate costs and do not include com-
pression, liquefaction, storage, transport, or port-related costs; the competitiveness
thresholds discussed in this study should therefore be interpreted as production-cost
rather than delivered export-cost competitiveness.

10. The TOWS-style matrix (Figure 4) reports scores derived from marginal SWOT
frequencies rather than a formal pairwise co-occurrence metric and should be
read as an illustrative prioritization heuristic rather than a statistically validated
strategic-scoring methodology.

5. Conclusions and Future Outlook
This study proposes and demonstrates a hybrid framework that couples NLP-assisted

SWOT analysis of policy documents with stochastic LCOH modeling, applied to 107
expert-annotated sentences from Türkiye’s national hydrogen strategy corpus. The main
findings are:

1. Regulatory and financing gaps emerge as the dominant structural weaknesses in the
policy discourse, supported by the CA biplot and by the sensitivity analysis, which
identifies electricity price—whose effective cost is shaped by regulatory and financial
instruments—as the leading driver of LCOH uncertainty (Sobol S1 ≈ 0.52).

2. Renewable resource potential and energy strategy are the primary strengths and
opportunities, consistent with Türkiye’s geographic endowment and regional
export potential.

3. Export/Demand Risk is framed predominantly as an opportunity in policy discourse,
signaling a strategic blind spot that requires risk mitigation instruments.

4. Under the business-as-usual scenario assumptions, Türkiye has a less than one-in-five
probability of reaching export-competitive LCOH by 2050 (p = 17.8%). The stylized
proactive policy intervention raises this probability to 78.4%, quantifying the leverage
of well-designed policy instruments (within the scenario framework).

The proposed methodology is country-agnostic and adaptable, offering policymakers
a transparent, evidence-based tool for national hydrogen strategy design. By resolving
strategic ambiguities (such as Global Competition Risk) and optimizing clean energy
investment pathways, this research directly advances SDG 7 (Affordable and Clean En-
ergy), SDG 9 (Industry, Innovation, and Infrastructure), and SDG 13 (Climate Action),
mapping a clear route toward a socially, environmentally, and economically sustainable
energy landscape.

Looking forward, three high-priority research directions emerge to extend this proof-
of-concept framework. First, to overcome the single-country constraint, the pipeline will
be expanded to ingest multi-jurisdictional policy datasets, enabling cross-border strategic
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benchmarking across the EU and MENA regions. Second, the techno-economic layer will be
refined by replacing the default parameter independence assumption with multi-variable
Copula functions to capture critical CAPEX and electricity price correlations, alongside
hour-by-hour power market dynamics and electrolyzer degradation curves. Finally, future
work will transition from analytical to mathematical text-to-cost coupling by embedding
structural architectures like BNs or SEM, allowing the pipeline to endogenously map shifts
in qualitative policy densities directly into the statistical mean and variance of LCOH
input distributions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/su18157506/s1, Table S1: Taxonomy, Domain Lexicon, and Text
Classification Blueprint; Table S2: Correspondence Analysis coordinates, contributions, and cosine
quality metrics.

Author Contributions: Conceptualization, İ.M. and H.Y.; methodology, İ.M. and H.Y.; software, İ.M.;
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