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Abstract

Understanding production interdependencies is essential for economic modeling, yet existing ap-
proaches to constructing large-scale input-output networks are resource-intensive and demand spe-
cialized expertise. This study introduces an AI agent-based framework that leverages Large Language
Models (LLMs) in conjunction with the Harmonized System (HS) classification of goods to infer and
validate production linkages. The method automates the identification of input-output relationships
at both the two-digit (HS2) and four-digit (HS4) levels, reducing reliance on manual mapping. The
resulting networks are assessed through structural comparison with the World Input-Output Database
(WIOD) and statistical analysis of international trade data. Structural validation demonstrates high
recall and strong temporal stability, while statistical evaluation confirms that the majority of inferred
input-output pairs align with observed trade flows and exhibit positive import-export correlations.
These findings indicate that LLMs can effectively reason about and model production processes,
providing a scalable and systematic alternative to conventional methods. Overall, this work highlights
the potential of LLM-driven approaches to advance the analysis of production structures and offers
practical implications for applications in trade analysis, economic modeling, and industrial policy.

Keywords: input-output analysis; production networks; AI agents; large language models (LLMs);
Harmonized System (HS); economic modeling; World Input-Output Database (WIOD)

1. Introduction
Understanding the relationships between input and output goods is fundamental for analyz-

ing production processes, supply chains, and broader economic networks. Traditional approaches
to constructing input-output models rely on extensive data collection, manual classification, and
sector-specific expertise, making the process both time-consuming and resource-intensive. Recent
advancements in Large Language Models (LLMs) offer a promising alternative by enabling the auto-
mated identification of production dependencies based on general economic knowledge and reasoning
capabilities.

In our study, we propose an AI agent-based approach to identifying input-output relationships
using the Harmonized System (HS) classification. Specifically, we use an LLM to determine the
necessary input goods required for the production of a given output product. Our approach is applied
at both the two-digit (HS2) and four-digit (HS4) levels of the HS classification, allowing for analysis at
varying levels of granularity. By systematically querying the LLM, we construct a directed input-output
network that captures production dependencies between products.

The proposed methodology consists of three key steps. First, we construct an initial input-output
network at the HS2 level to establish broad production relationships between product categories.
Second, we refine this network to the HS4 level, increasing the level of detail by identifying spe-
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cific product-level dependencies. Third, we validate the HS4-based network using an LLM-driven
approach.

This research contributes to the literature by demonstrating that large language models can
be used to infer production relationships and construct large-scale input-output networks. The
contribution is twofold. First, it advances economic modeling by generating a comprehensive input-
output network, and second, it evaluates the ability of LLMs to analyze production processes. The
findings have important implications for economic modeling, trade analysis, and industrial policy,
providing a scalable and systematic approach that offers an alternative to traditional data collection
and classification methods.

2. Related Work
The research on input-output models and networks has expanded across many domains, including

methodological advancements, database development, economic analysis, and industrial optimization
applications.

Several studies have focused on improving the construction and integration of input-output
models. In [1], Rodrigues et al. introduce a network-based approach for assembling and linking
input-output models, addressing issues related to the absence of uniform flow data. In [2], Wachs et al.
present a modular bottom-up approach for developing Physical Input-Output Tables (PIOTs) using
process engineering models, which enables better automation and physical accuracy. Additionally, in
[3], Xu et al. explore input-output network analysis, demonstrating its potential to enhance economic
structure understanding using modern network analysis techniques.

The development and organization of large-scale input-output databases have also been widely
studied. The World Input-Output Database (WIOD) is discussed by Timmer et al. [4], who provide
an overview of its structure and applications in global economic research. Cerina et al. [5] analyze
WIOD from a network perspective, examining structural properties and changes in international
production systems. Another study [6] applies Markovian modeling to assess the evolution of the
global input-output network, using time series analysis to investigate economic interdependencies.

Network-based methods have been applied extensively to study economic structures. Carvalho
examines how production networks propagate economic shocks and affect aggregate fluctuations [7].
Another study [8] employs a random-walk approach to detect communities in the global input-output
network, improving the understanding of regional economic clusters. Wang et al. [9] introduce
a graphlet-based input-output network analysis to optimize production processes in the ethylene
industry, demonstrating its usefulness in enhancing industrial efficiency. Also, Carvalho et al., in
[10], provide a comprehensive review of macroeconomic production networks, discussing the role
of input-output linkages in economic fluctuations and empirical methodologies used to study these
effects.

The intersection of economic complexity and input-output models has also gained attention. In
[11], Zoran et al. present an interpretable model of economic complexity using Bayesian techniques
to assess productive structures. In [12], the authors extend machine learning methods to industrial
resilience by combining semantic proximity and economic complexity measures, helping industries
adapt to disruptions such as those caused by the COVID-19 crisis.

Recent studies have further expanded the understanding of input diffusion, structural change,
and firm-level network reconstruction within input-output networks. Carvalho et al. [13] examine the
diffusion of inputs in production networks, showing that firms are more likely to adopt inputs already
used by their suppliers, with significant long-term effects on technological evolution. Giammetti et al.
[14] analyze the European production network in the context of Brexit, identifying key industries and
their systemic importance to trade relationships. Valentinyi [15] explores structural transformation and
productivity growth, emphasizing the role of sectoral input-output linkages in aggregate total factor
productivity (TFP) and economic development. Mundt [16] investigates the formation of input-output
architecture in the European Union, employing a stochastic actor-oriented model to estimate the
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evolution of input-output networks and addressing key issues related to endogeneity and dynamic
network effects on aggregate economic outcomes.

Other works have focused on the dynamics and structural changes within production networks.
In [17], Gaggle et al. investigate structural transformation in input-output and investment networks,
highlighting the declining role of goods sectors and the increasing prominence of services. In [18],
Bacilieri et al. address the challenge of reconstructing firm-level input-output networks from incom-
plete data, proposing a maximum entropy approach to estimate transaction values. In [19], Hang et al.
develop a framework for assessing misallocation in input-output networks, revealing that standard
value-added models may underestimate productivity losses when intermediate input distortions
are present. In [20], Liu et al. introduce a dynamic model of input-output networks, incorporating
adjustment costs and demonstrating that temporary shocks to upstream sectors can have significant
long-term economic impacts.

Overall, these works contribute to the advancement of input-output modeling, network-based
economic analysis, and industrial applications, demonstrating the increasing relevance of network
approaches in understanding and optimizing economic structures.

3. Methodology
In this section, we describe the methodology for constructing input-output production networks.

First, we outline the classification system used to categorize products (i.e., goods). Next, we explain
the AI agent-based approach for constructing the networks. Finally, we detail the validation process,
which involves using international trade data and correlation-based methods to assess the accuracy of
the constructed network.

3.1. Product Classification

In our research, we use the Harmonized System1 for classifying goods, as it provides a standard-
ized framework for categorizing products based on their economic function and material composition.
This classification system is widely used in international trade and economic analysis, making it
well-suited for our objective of identifying input-output relationships between goods.

The HS classification is structured into four hierarchical levels: sections, chapters, headings, and
subheadings. Sections and chapters define broad categories of goods, offering a high-level classification
of product groups. Headings and subheadings provide more detailed categorizations, differentiating
products based on specific characteristics. Each product within the HS system is assigned a six-digit
code, where the first two digits represent the chapter under which the product is classified, the next two
digits correspond to the heading within that chapter, and the final two digits indicate the subheading
within the heading.

For our study, we focus on the second and third hierarchical levels, chapters (HS2) and headings
(HS4), which correspond to two-digit and four-digit HS codes, respectively. The HS2 classification
provides a broad overview of product categories, allowing us to establish general input-output
relationships, while the HS4 classification offers a more detailed representation, capturing product-
level dependencies. We consider these levels to be the most appropriate for our analysis as they
provide a sufficient level of detail while maintaining a clear and structured classification of goods.

3.2. Construction of the Input-Output Production Network

We define an input-output production network as G = (V, E), where V represents the set of all
identified vertices, either product categories at the two-digit level (HS2) or individual products at
the four-digit level (HS4) of the Harmonized System, depending on the level of classification used.
The set E consists of directed edges (i, o), where i, o ∈ V. Each directed edge signifies that the input
product or category i is required for the production of the corresponding output product or category o.
This network structure enables the representation of production dependencies at different levels of
granularity, providing insight into the relationships between inputs and outputs across industries.
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We employ an AI agent-based workflow consisting of three sequential steps to construct input-
output production networks. First, the LLM generates an initial input-output network by identifying
production relationships between product categories classified at the two-digit level of the Harmonized
System. This step establishes a broad structural foundation and captures high-level interdependencies
in production. Next, the LLM expands on this foundation by refining the network to the four-digit level
of the Harmonized System. It systematically maps the input-output relationships between product
categories at the HS2 level, as products at the HS4 level, while maintaining the structure established at
the HS2 level. This process enhances the network’s granularity, capturing more specific production
dependencies. Finally, the LLM evaluates and validates the input-output production network at the
HS4 level. For each output good, it reviews all proposed input goods and determines whether they
are essential for production. Only confirmed input-output relationships are retained, ensuring the
final directed HS4-based network accurately reflects real production dependencies. In Figure 1, we
illustrate each stage of the process, from the initial network generation to the final validation step,
highlighting the role of the LLM in identifying and refining the input-output relationships.

Figure 1. An illustration of the construction and validation of the input-output production network using an AI
agent-based approach.

3.2.1. Development of the HS2-Based Input-Output Network

To construct the HS2-based input-output network, we first generate all possible ordered pairs of
product categories classified under the Harmonized System at the two-digit level. In each pair, the
first category represents the potential input, while the second represents the potential output. Next,
the LLM systematically evaluates each ordered pair to determine whether any goods within the input
category are necessary for producing goods in the output category. The LLM is explicitly instructed to
provide a binary response, either "Yes" or "No", to indicate the presence or absence of a production
relationship. Based on these responses, we construct a directed network where nodes represent
HS2 product categories, and directed edges signify the determined input-output dependencies. This
network provides a structured representation of production relationships between product categories
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based on the HS2 classification. In Figures 2 and 3, we present the system prompt and user prompt,
respectively.

Act as an expert in supply chains and production processes. Your task is to analyze whether
any goods in the input category are required to produce a good in the given output category.
Use general knowledge, industry practices, and logical reasoning to determine the relationship
between the input and output goods.

Figure 2. The system prompt used in the construction of the input-output production network based on the HS2
classification.

Input Category: {input_category}
Output Category: {output_category}

Are any goods in the input category required to produce a good in the given output
category? Output only "Yes" or "No".

Figure 3. The user prompt used in the construction of the input-output production network based on the HS2
classification.

3.2.2. Refinement to an HS4-Based Input-Output Network

To construct the HS4-based input-output network, we examine each directed edge in the previ-
ously constructed HS2-based network. For each input category and its corresponding output category
at the HS2 level, we identify all individual products classified under the Harmonized System at the
four-digit level. We then generate all possible ordered pairs of input and output products within these
HS2 categories. For each ordered pair, the LLM determines whether the input good is required for the
production of the output good. The LLM is explicitly instructed to provide a binary response, either
"Yes" or "No", to indicate the presence or absence of a production dependency. We provide the system
prompt and user prompt used for prompting the LLM in Figure 4 and Figure 5, respectively. This
process ensures that the HS4-based input-output network is constructed with a higher level of detail,
capturing more precise production dependencies while maintaining consistency with the broader
HS2-based structure.

Act as an expert in supply chains and production processes. Your task is to analyze whether
a specific input good is required to produce a given output good. Use general knowledge,
industry practices, and logical reasoning to determine the relationship between the input and
output goods.

Figure 4. The system prompt used in the construction of the input-output production network based on the HS4
classification.

Input Good: {input_good}
Output Good: {output_good}

Is the input good required for producing the output good? Output only "Yes" or "No".

Figure 5. The user prompt used in the construction of the input-output production network based on the HS4
classification.

Box 1: The user prompt used in the construction of the input-output production network based on the
HS4 classification
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3.2.3. Validation of the HS4-Based Input-Output Network

In the final step, the LLM validates the HS4-based input-output network to ensure the accuracy
of the identified production relationships. For each output good in the network, we retrieve the set
of all associated input goods. Specifically, we identify all ordered pairs (Io, o), where i belongs to the
input set Io if and only if (i, o) ∈ E. The LLM then evaluates all ordered pairs (Io, o), determining
which inputs are indeed required for producing the given output. This assessment is based on general
knowledge, logical reasoning, and industry practices. Only validated input-output relationships
are retained, ensuring that the final HS4-based network accurately reflects real-world production
dependencies. The system and user prompts used in the validation process are provided in Figures 6
and 7.

Act as an expert in supply chains and production processes. Your task is to validate whether
given input goods are required to produce a given output good. Use general knowledge,
industry practices, and logical reasoning to validate the relationship between the input and
output goods.

Figure 6. The system prompt used in the validation of the input-output production network based on the HS4
classification.

Input Goods: {input_goods}
Output Good: {output_good}

Validate the given input-output relationship and return only the validated input IDs
of the input goods required to produce the output good. Return the results as a comma-
separated list of input IDs. Do not explain your answer.

Figure 7. The user prompt used in the validation of the input-output production network based on the HS4
classification.

3.3. Validation of the Constructed Networks

To validate the constructed input-output production networks, we conduct a structural and a
statistical analysis.

We validate the HS2-based network using WIOD [21] as a reference. Each HS2 product is mapped
to an ISIC2 industry, and WIOD is filtered to include only these mapped sectors. We then build an
input-output table showing monetary flows between sectors. A directed link from sector si to sj is
inferred if the flow from si to sj is greater than the average flow from si to all other sectors. This
WIOD-based network serves as a ground truth. We compare it to our constructed network to identify
false positives (links in our network but not in WIOD) and false negatives (links in WIOD but missing
from our network). Since WIOD covers 2000–2014, we also check whether each link is persistent over
time, focusing on temporal coherence.

Meanwhile, the statistical analysis validates the final HS4-based network. It consists of two key
steps: flow analysis and correlation analysis, based on international trade data. In the flow analysis,
we assess whether a country that exports a given output also imports the necessary inputs identified
in the network. It is important to note that this assumption does not always hold, as some inputs may
be produced domestically rather than imported. However, to validate the network, we proceed with
this assumption to evaluate the overall consistency of input-output relationships. In the correlation
analysis, we examine whether there is a strong positive Spearman correlation between the imported
value of an input and the exported value of the corresponding output. This analysis is conducted
for each input-output pair in the network across all countries in the dataset. A significant positive
correlation further supports the validity of the identified production dependencies.
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3.3.1. World Input-Output Database (WIOD)

For structural validation, we use data from the World Input-Output Database (WIOD)3. WIOD
provides harmonized input-output tables across countries, capturing inter-industry monetary flows
based on the ISIC classification. The dataset covers 43 countries and a "rest of the world" aggregate
for 56 industry sectors over 15 years (2000–2014) with annual resolution. It includes both national
and international production linkages between industry sectors, enabling the reconstruction of global
value chains. This makes WIOD a suitable reference for evaluating the structural consistency of the
HS2-based input-output network.

3.3.2. Structural Analysis

If the constructed input-output production network shows that product pi is used as an input to
produce product po, and product pi is associated with industry si while product pj is associated with
industry sj, then we can infer that industry sj relies on inputs from industry si. This forms the basis
for identifying inter-industry linkages. The core idea behind structural analysis is that if industry sj

depends on inputs from industry si, we should consistently observe significant monetary flows from si

to sj over time.
For our structural analysis, we use data from the WIOD, specifically the world input-output

tables covering the years 2000 to 2014. These tables report monetary flows between industries, both
within and across countries. To construct a global inter-industry transaction matrix, we aggregate the
monetary flows from industry si to industry sj across all regions r. This means we sum all flows from
si to sj, regardless of the country or region. The result is a single-region (world) input-output model
that captures industry-to-industry linkages without considering regional differences.

We then map each HS2 product from the input-output production network to an ISIC industry
from the aggregated world input-output table. This step converts the product-level input-output
network into an industry-level network. Formally, this involves defining a many-to-one mapping from
the set of HS2 products P to the set of industries S in the input-output table. Every product in P is
assigned to an industry in S, but not every industry in S has a product mapped to it. In other words,
the mapping is not a surjection. We denote the subset of industries in S that have at least one mapped
product as S′.

In addition to the translated HS2-based network, we construct a "ground-truth" structural network
from the WIOD. To do this, we consider all pairs of industries (si, sj) ∈ S′ × S′, and compute the

Relative Input Intensity index RII(t)i,j as defined in Equation 1. Here, z(t)i,j denotes the monetary flow

from industry si to industry sj in year t. The RII(t)i,j index measures how large the flow from si to sj is,
relative to the average flow from si to all industries in S′ in that same year. This gives us a normalized
measure of the strength of the connection from si to sj over time.

RII(t)i,j =
z(t)i,j

1
|S′ | ∑k;sk∈S′ z(t)i,k

(1)

Next, we construct a structural network for each year t from 2000 to 2014. In each year’s network,
we include a directed edge from industry si to industry sj if the Relative Input Intensity index RII(t)i,j > 1.
This indicates that the flow from si to sj is higher than the average flow from si to all industries in S′

for that year, suggesting a meaningful structural link. If RII(t)i,j ≤ 1, no edge is added.
Then, we evaluate the "industry-translated" HS2-based input-output network by comparing it

to each structural network for the years from 2000 to 2014. Specifically, we classify the links in the
HS2-based network as true positives (links that match those in the structural network), false positives
(links present in the HS2-based network but not in the structural network), true negatives (links
correctly absent in both networks), and false negatives (links missing in the HS2-based network but
present in the structural network). Based on these classifications, we compute standard evaluation
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metrics: precision, recall, and F1 score. This allows us to assess how well the product-level network
captures the underlying industry-level structure and its stability over time.

As a final step, we assess the temporal consistency of each predicted edge in the HS2-based
network. For each edge, we check whether its corresponding Relative Input Intensity (RII) is greater
than 1 in a given percentage of years between 2000 and 2014. This allows us to identify edges that
represent persistent structural links, rather than those that appear only sporadically. By incorporating
this temporal dimension, we ensure that the evaluation accounts not only for accuracy in individual
years but also for the stability of inter-industry relationships over time.

3.3.3. Global Trade Data

For statistical validation, we use international trade data from the United Nations (UN) Comtrade
database4. This dataset contains detailed records of import and export values classified at the four-digit
HS4 level. It covers 243 countries over a 28-year period (1994–2021) with annual granularity. The
dataset captures country-to-country trade flows for all HS4-classified products, allowing for a precise
analysis of trade patterns. This level of detail provides a solid foundation for assessing global trade
flows and validating the constructed HS4-based input-output production network.

3.3.4. Flow Analysis

The flow analysis aims to determine whether a country that exports a specific output also imports
the necessary inputs identified in the input-output network. As previously noted, this assumption does
not always hold since some inputs may be produced domestically rather than imported. However, for
network validation, we proceed with this assumption.

For each output product in the network, we analyze all countries and years in which that product
is exported. We then check whether the exporting country, in the corresponding year, imports the
identified input products from the network. To account for the possibility of domestic production, we
consider an input-output relationship as validated if the country imports either all or all but one of the
required inputs.

To formalize the flow analysis, let Ω be the set of all ordered pairs (Io, o), where o is an output
good in the input-output production network G = (V, E). The set Io represents the inputs required
to produce o, meaning that o ∈ V and Io is a non-empty set containing all inputs i ∈ V such that
(i, o) ∈ E.

For each ordered pair (Io, o) ∈ Ω, we identify all ordered pairs (y, c) ∈ Y × C, where Y is the set
of years and C is the set of countries in our dataset, for which country c exports the output product o in
year y. Let this set be denoted as S. For each (y, c) ∈ S, we then determine whether country c imports
all or all but one of the inputs i ∈ Io. Let the subset of S that satisfies this condition be denoted as Sv.
As a result of this analysis, for each (Io, o), we compute the proportion fv = |Sv|/|S|, which indicates
the extent to which the production relationship between the output product o and its associated inputs
Io is validated.

3.3.5. Correlation Analysis

The correlation analysis examines whether a strong positive Spearman correlation exists between
each input-output pair in the network. For each directed edge, we assess the monotonic relationship
between the import value of the input product and the export value of the corresponding output
product.

To quantify this relationship, we calculate the Spearman correlation coefficient between the
imported value of the input product and the exported value of the output product for each country
over the period from 1994 to 2021. A moderate to strong positive correlation provides additional
evidence supporting the validity of the identified input-output dependencies.

Formally, for each edge (i, o) ∈ E in the input-output production network G = (V, E), we identify
all countries c ∈ C that import the input product i and export the output product o for each year
y ∈ Y, where Y is the set of years and C is the set of countries in the dataset. Let C′ denote this subset
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of countries. Then, for each c ∈ C′, we check if the Spearman correlation coefficient s between the
imported value of i and the exported value of o over the time period T is greater than 0.3. The time
period T is the ordered sequence of years y ∈ Y. Let the subset of C′ that satisfies this condition
be denoted as C′

v. As a result of this analysis, for each (i, o) ∈ E, we compute sv = |C′
v|/|C′| which

represents the proportion of countries for which the input-output relationship is supported by a
moderate to strong positive correlation.

4. Results
In this section, we present the constructed input-output networks and the results from the

structural and statistical analyses. The constructed input-output networks are available in the public
GitHub repository at https://github.com/peshevskidimitar/io-production-networks.

4.1. The Constructed Input-Output Networks

In our methodology, we construct three distinct input-output networks: (1) the HS2-based input-
output network, which serves as the structural foundation; (2) the raw HS4-based input-output
network, which expands upon the HS2 network by incorporating more detailed product classifications;
and (3) the validated HS4-based input-output network, which refines the raw HS4 network based on
validation procedures.

For the construction of the HS2-based input-output network, we use GPT-4o Mini, as the task
primarily involves identifying broad input-output relationships between high-level product categories.
Similarly, GPT-4o Mini is also used for generating the raw HS4-based input-output network, as this
step follows the same structured approach and does not require complex reasoning.

However, we employ a more advanced and capable model, GPT-4o, for the validation process.
This decision is based on the need for more precise assessments of production dependencies, as
validation requires deeper reasoning, domain knowledge, and the ability to differentiate between
essential and non-essential inputs in real-world production processes.

The constructed HS2-based input-output network consists of 97 nodes, representing all 97 product
categories at the two-digit (HS2) level of the Harmonized System. It contains 976 directed edges,
indicating identified input-output relationships among these categories. We present the constructed
HS2-based input-output network in Figure 8. For the layout of the network, we use the Fruchterman-
Reingold algorithm [22].

Figure 8. The constructed input-output production network based on the HS2 classification. The coloring of the
nodes represents different sections within the HS classification

The raw HS4-based input-output network consists of 1 254 nodes, representing 1 254 of the 1 260
products classified at the four-digit (HS4) level of the Harmonized System. This network contains 18
159 directed edges, indicating the identified input-output relationships between these products.
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The validated HS4-based input-output network, which incorporates an additional validation
step based on assessments from an LLM, consists of 1 243 nodes, representing 1 243 of the 1 260
HS4 products. This network contains 7 288 directed edges, indicating the validated input-output
relationships between these products. In Figure 9, we present the validated input-output network
based on the HS4 classification. As in the case of the HS2-based network, for the layout, we use the
Fruchterman-Reingold algorithm.

Furthermore, we provide an interactive visualization of both the HS2-based and the validated HS4-
based input-output networks on our online platform. This tool allows users to explore the structure
of the networks, examine specific input-output relationships, and analyze the connections between
different product categories. The interactive visualization is accessible at https://data-macedonia.dev.
finki.ukim.mk/networks.

Figure 9. The validated input-output production network based on the HS4 classification. The coloring of the
nodes represents different sections within the HS classification

Additionally, in Figure 10, we present a specific segment of this network, where "Vinegar" (HS4
code: 2209) is the output product. In this segment, the network identifies three input products required
for vinegar production: Grapes (HS4 code: 0806), Micro-Organism Culture Preparations (HS4 code:
3821), and Water (HS4 code: 2201). These inputs align with common industrial vinegar production
processes, where fermentation of grape-based substrates with microbial cultures results in acetic acid
formation.

Figure 10. A segment of the validated HS4-based input-output network showing production dependencies
between selected products. "Grapes" (HS4 code: 0806) are used as a raw material, which, with the aid of "Micro-
Organism Culture Preparations" (HS4 code: 3821), undergoes fermentation to produce "Vinegar" (HS4 code: 2209).
"Water" (HS4 code: 2201) is also included as a potential input in this process.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 September 2025 doi:10.20944/preprints202509.1004.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://data-macedonia.dev.finki.ukim.mk/networks
https://data-macedonia.dev.finki.ukim.mk/networks
https://doi.org/10.20944/preprints202509.1004.v1
http://creativecommons.org/licenses/by/4.0/


11 of 14

4.2. Validation of the Constructed Networks

In this section, we present the results from the structural analysis of the HS2-based IO network
and flow and correlation analysis of the final HS4-based IO network.

4.2.1. Structural Validation of the HS2-Based Network

For the structural validation of the HS2-based network, we perform the structural analysis over
the initial HS2-based input-output production network as defined in 3.3.2.

We evaluate the validity of the constructed HS2-level input-output production network by
comparing it to the industry-level structural networks derived from WIOD data over the years
2000–2014. Each structural network is built by identifying industry-to-industry links where the
Relative Input Intensity index RII(t)i,j > 1, indicating above-average input dependence from industry si

to industry sj in year t.
Using the product-to-industry mapping, we translate the HS2-based input-output network into

a set of predicted inter-industry links. We then compare these predicted links to the structural links
in each year’s network. For each year, we compute the number of true positives, false positives, true
negatives, and false negatives. From these counts, we calculate precision, recall, and F1 score. We
present the results in Table 1.

Table 1. Yearly classification results comparing the "industry-translated" HS2-based input-output network to
industry-level structural networks from 2000 to 2014. For each year, the table reports the number of true positives
(TP), false positives (FP), true negatives (TN), and false negatives (FN), along with the derived evaluation metrics:
precision, recall, and F1 score. These metrics assess the alignment between product-level inferred links and
observed inter-industry dependencies based on WIOD data.

Year TP FP TN FN Precision Recall F1 Score
2000 75 111 317 26 0.40 0.74 0.52
2001 76 110 318 25 0.41 0.75 0.53
2002 73 113 319 24 0.39 0.75 0.52
2003 72 114 318 25 0.39 0.74 0.51
2004 72 114 318 25 0.39 0.74 0.51
2005 73 113 318 25 0.39 0.74 0.51
2006 74 112 320 23 0.40 0.76 0.52
2007 75 111 321 22 0.40 0.77 0.53
2008 73 113 318 25 0.39 0.74 0.51
2009 75 111 316 27 0.40 0.74 0.52
2010 74 112 316 27 0.40 0.73 0.52
2011 74 112 315 28 0.40 0.73 0.51
2012 76 110 314 29 0.41 0.72 0.52
2013 75 111 315 28 0.40 0.73 0.52
2014 75 111 314 29 0.40 0.72 0.52

The results indicate that the "industry-translated" HS2-based network has relatively high recall
but low precision. This means that while the network captures a large share of the actual structural
dependencies (true positives), it also predicts many links that are not supported by the WIOD-derived
structural networks (false positives). The F1 score, which balances precision and recall, remains
moderate, around 0.51 to 0.53, reflecting this trade-off.

A possible explanation for the low precision is that the input-output (IO) production network is
designed to model direct production relationships between products, whereas the WIOD structural
network reflects aggregated monetary flows between industries. Not all direct product-level depen-
dencies necessarily translate into significant inter-industry transactions, especially if the input is low in
value, produced in-house, or not captured distinctly in industry-level reporting. This discrepancy can
lead to the inclusion of links in the HS2-based network that do not appear in the aggregated WIOD
data, contributing to false positives.
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Despite this limitation, the performance is consistent across the 15 years, with minimal fluctuations
in evaluation metrics. This stability suggests that the product-level network structure is robust over
time and consistently captures many core inter-industry connections.

Although the HS2-based network does not achieve high precision, its strong recall and temporal
robustness indicate that it is valuable for identifying a comprehensive set of potential structural
relationships. These findings support its use in studies of global production systems, particularly
where coverage and inference of plausible input-output links are prioritized.

Additionally, we assess the temporal consistency of the predicted links in the HS2-based network
by examining how often each link is supported by the WIOD structural networks over the 2000–2014
period. Specifically, we count how many years each link is validated by having a corresponding
Relative Input Intensity (RII) greater than 1. We find that 70 links are persistent in at least 10 out of the
15 years, indicating a stable alignment with long-term structural patterns. This temporal persistence
reinforces the reliability of many of the inferred production relationships in the HS2-based network
and further supports its application in the analysis of global production structures.

4.2.2. Statistical Validation of the Final HS4-Based Network

For the statistical validation of the final HS4-based network, we perform the flow and correlation
analysis over the final HS4-based input-output production network as defined in 3.3.4 and 3.3.5,
correspondingly.

In the flow analysis, for each output product in the network, we analyze all countries and years in
which that product is exported. We then check whether the exporting country, in the corresponding
year, imports the identified input products from the network. To account for the possibility of domestic
production, we consider an input-output relationship as validated if the country imports all or all but
one of the required inputs. From the flow analysis, we find that 78% of the input-output relationships
(Io, o), where o represents the output product and Io denotes the set of associated input products
required for that output, are validated in more than 80% of the analyzed country and year pairs.
This indicates a strong alignment between the constructed input-output relationships and observed
international trade patterns.

Since reporting the fv values for all (Io, o) ∈ Ω is impractical, we summarize the results in Table 2.
The table presents t and the ratio |Ωt|/|Ω|, where t is the threshold for fv, and Ωt represents the set of
(Io, o) ∈ Ω for which fv > t. Thus, |Ωt|/|Ω| indicates the proportion of validated (Io, o) with fv > t.

Table 2. Proportion of validated input-output relationships (|Ωt|/|Ω|) at different validation thresholds t in
the flow analysis. Higher values of t indicate stricter validation criteria, with the proportion decreasing as the
threshold increases.

t 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95
|Ωt|/|Ω| 0.93 0.92 0.90 0.88 0.85 0.82 0.78 0.72 0.64 0.46

The correlation analysis shows that 56% of the input-output pairs (i, o), where each pair represents
a directed edge in the constructed network, have a Spearman correlation coefficient greater than 0.3 in
more than 30% of the analyzed countries. This indicates a moderate to strong positive relationship
between the import value of the input product i and the export value of the corresponding output
product o, supporting the validity of the identified production dependencies.

As in the flow analysis, reporting the sv values for all (i, o) ∈ E individually is impractical. Instead,
we summarize the results in Table 3. The table presents the threshold t for proportion sv and the ratio
|Et|/|E|, where Et denotes the subset of all (i, o) ∈ E with sv > t.
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Table 3. Proportion of input-output pairs (|Et|/|E|) with sv exceeding threshold t in the correlation analysis. The
results indicate the proportion of countries for which the input-output relationship is supported by a moderate to
strong positive correlation.

t 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90
|Et|/|E| 0.85 0.70 0.56 0.44 0.32 0.21 0.11 0.05 0.00

5. Conclusion and Future Work
In this study, we introduce an AI agent-based approach to constructing input-output production

networks using the Harmonized System classification. By leveraging a large language model, we
identified production dependencies at both the HS2 and HS4 levels, creating a structured network
of input-output relationships. Our validation process, which incorporated international trade data
and statistical analyses, demonstrated the consistency of the constructed network with observed trade
patterns. The results showed that the identified production dependencies align well with real-world
economic structures, supporting the feasibility of using LLMs for large-scale input-output modeling.

Despite these results, several areas remain for future research. First, the accuracy of the constructed
network could be further improved by incorporating additional validation sources, such as firm-level
production data or expert knowledge from industry professionals. Second, refining the LLM’s decision-
making process by integrating economic constraints or probabilistic reasoning could enhance the
reliability of input-output relationships. Third, extending this approach to more granular levels of
classification, such as the six-digit HS codes, could provide even more detailed insights into production
structures. Finally, exploring the applicability of this method to other economic contexts, such as
regional supply chains or sector-specific analyses, could broaden its usefulness in trade and industrial
policy research.

Overall, our study demonstrates the potential of LLMs in economic modeling and network
analysis. By improving and expanding this approach, future research can contribute to more efficient
and scalable methods for understanding global production systems.
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