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Abstract

Life cycle background database (LCBD) is central to carbon footprint and life cycle

assessment (LCA) modeling, yet transparency remains inconsistent across mainstream

(ecoinvent, GaBi, USLCI) and emerging (TianGong, HiQLCD) databases. A lack of

unified disclosure standards results in a pervasive “three-layer black box” across

product coverage, model traceability, and data quality documentation. This opacity

undermines the reproducibility of the results and hinders database selection. To address

this, we systematically surveyed publicly available database information and

constructed a full-process transparency chain: “results → model → unit

processes/datasets → input and output inventory → raw data and processing.” The

findings are as follows. Specifically, first, product quantity claims are frequently

inflated through repetitive combinations of processes, masking limited actual diversity.

Second, most databases lack reverse traceability from results to raw data, resulting in
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poor model reproducibility, reflecting a deficiency in basic standards. Data quality

assessment methods are often misaligned with model logic, rendering the assessments

themselves opaque and impractical for integration into user models. We propose the first

end-to-end transparency assessment framework for LCBD, identifying key gaps and

defining disclosure requirements. The framework includes a fact sheet for developers

and a questionnaire tool for users, enabling evidence-based database selection. This

work advances the methodological foundation for systematic transparency assessment,

directly contributing to enhanced credibility, reproducibility, and standardization in the

development and application of LCBD.

Keywords: Life cycle assessment, life cycle database, transparency, traceability, data

quality

INTRODUCTION

Life cycle assessment (LCA) is defined as the compilation and evaluation of the inputs,

outputs, and potential environmental impacts of a product system throughout its life

cycle-spanning raw material extraction, production, transportation, use, and end-of-life

disposal[1,2]. Presently, LCA has been widely deployed in product design[3],

technological performance evaluation[4], and supply chain management[5] and has been

established as a pivotal instrument for driving the global green and low-carbon

transition[6]. Concurrently, the quantification of product carbon footprints via LCA

methodologies has emerged as a focal point of international regulatory frameworks[7].

Mandatory carbon footprint requirements for products have been stipulated in key

legislative instruments, including the EU Regulation 2023/1,542 concerning batteries

and waste batteries, the draft revised Construction Products Regulation, and France’s

public procurement policies for photovoltaic modules. The enactment of these policies

signals a new phase in which LCA and carbon footprint assessment are evolving from

voluntary evaluation tools to compulsory regulatory mandates[8]. This shift may further

develop into technical barriers that shape the landscape of international trade rules and

market access conditions[9].
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Life cycle background database (LCBD) is developed by investigating thousands of unit

processes associated with the production of primary energy carriers and raw materials.

Raw data from these unit processes are collected, processed, and cross-validated to

generate unit process datasets (UPDs)[10]. These UPDs are then integrated with the

background database to construct complete life cycle models, and dedicated LCA

software aggregates and calculates the corresponding Life Cycle Inventory (LCI) results.

When stored in database, these results form aggregated process datasets (APDs)[11]. In

turn, such datasets can function as background databases for upstream processes,

supporting life cycle modeling, computation, and analysis for downstream products[12].

The reliability of LCA and carbon footprint outcomes is highly dependent on the

underlying life cycle background database[13]. Nevertheless, carbon footprint results

derived from different databases and research studies exhibit substantial

discrepancies[14,15]. Taking China’s average grid carbon footprint factor in 2023 as an

illustrative case, the China Electricity Council (CEC) reports a value of 0.6205 kg CO2

e/kWh[16]. It was found through the database that the China Life Cycle Database (CLCD)

yields a result of 0.617 kg CO2 e/kWh, whereas the ecoinvent and GaBi produce values

of 0.962 kg CO2 e/kWh and 0.7611 kg CO2 e/kWh, respectively, representing deviations

of 55.04% and 22.66% relative to the CEC figure. As a fundamental energy source,

electricity is extensively employed in industrial product manufacturing[17]. However,

marked inconsistencies persist between current grid carbon footprint factors and

realistic values, and no scientifically rigorous justification or detailed elaboration has

been provided by the relevant database in publicly available information. This directly

casts doubt on the credibility of life cycle assessment results for all products, thereby

posing a fundamental challenge to the scientific robustness of the LCA methodology[18].

More critically, persistent opacity in database information may further trigger trade

disputes in international commerce arising from divergent carbon footprint accounting

outcomes[19]. Accordingly, the establishment of a standardized information disclosure

and traceability system for LCBD is urgently required to enhance database

transparency[20].

However, the achievement of transparency in LCBD is confronted with substantial

challenges. Primarily, the ISO 14040 and ISO 14067 standards, which serve as the
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cornerstones of the LCA methodological framework, explicitly acknowledge the

importance of transparency. However, the standards fail to stipulate concrete

methodologies for attaining database transparency. They neither delineate specific

operational protocols nor establish systematic and comprehensive regulations for LCBD

construction workflows, data quality control, and traceability requirements[1,2]. Second,

a systematic review of the LCA literature reveals that contemporary research

predominantly focuses on environmental impact quantification[21], uncertainty

assessment[22], and the application of LCA to renewable energy systems and related

domains[23]. Terms such as background database and transparency have not yet emerged

as core thematic concerns within the field[24,25], and few studies have investigated what

specific information should be disclosed to improve database transparency[26]. More

significantly, the current LCBD landscape is characterized by a supply structure

dominated by a small number of key databases[27]. Within this paradigm, strong market

competition and strict intellectual property controls are lacking. As a result, major

databases face neither sufficient external pressure nor adequate internal motivation. This

environment prevents major databases from systematically disclosing their full

construction rationale, data processing workflows, and detailed quality control

procedures[28].

Recently, database transparency has attracted increasing attention, and relevant research

has gradually emerged. For instance, Guo[29] adopted the findability and accessibility of

raw data as core indicators to assess traceability and transparency and analyzed six

major global LCI databases, including ecoinvent, GaBi, and CLCD. This study provided

actionable quantitative criteria for evaluating LCBD traceability and partially

supplemented transparency-related research. Nevertheless, it simplified database

transparency to mere findability and accessibility of data sources. In essence, it reduced

the complex transparency issue to a one-dimensional assessment of traceability, and a

systematic interpretation of database transparency remains absent. Database

transparency is not confined to traceability at the data source level. At the database level,

model construction logic, data sources, and data quality assessment and control

procedures should be clearly defined to guarantee transparency and accuracy[30]. At the

individual model level, dataset documents should disclose the full calculation logic

from raw data collection and unit process modeling to the final results[31]. Research
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indicates that only 35% of LCA studies disclose complete LCI inventories, while fewer

than 2% make their models publicly available[32]. As an essential component of database

transparency, completeness also demands considerable attention, yet the current

completeness disclosure of the LCI database is far from satisfactory. Some datasets

suffer from missing input-output data and incomplete unit processes, which

significantly undermines database transparency and credibility[33]. Therefore, database

transparency is not limited to data source traceability but is a comprehensive concept

covering overall model and data quality disclosure, the full-cycle calculation logic of

individual models, and inventory completeness.

Accordingly, this study aims to develop a systematic framework for evaluating database

transparency. From the perspective of publicly accessible information, six representative

global and emerging cross-sector databases are selected, namely, ecoinvent, GaBi,

CLCD, TianGong, USLCI, and HiQLCD. Based on life cycle model outputs and

computational logic, this study assesses public information disclosure across each

database and proposes relevant recommendations. The findings reveal several critical

issues. First, no clear and transparent statistical definitions govern the overall scale and

product coverage of LCBD. Although global LCBD is widely perceived to cover tens of

thousands of products, only database from six countries include more than 1,000 basic

commodities, and the maximum product coverage for any single region is

approximately 4,000 items, with the large reported number derived mainly from

repeated combinations of identical unit process datasets. Second, in terms of traceability

and completeness, most LCBDs fail to support stepwise tracing from final results back

to the raw data and processing procedures, leading to poor result reproducibility,

whereas some databases suffer from conceptual errors and substantial inventory gaps,

indicating a lack of unified basic standards worldwide. Third, current data quality

methods and documentation formats are incompatible with life cycle model structures,

as quality assessment results remain in a ‘black box’, lacking traceability and cannot be

integrated with user models, resulting in ineffective quality governance across the field.

This study contributes three key innovations. First, in terms of data coverage, it

significantly advances the breadth and depth of transparency information collection for

the life cycle database, overcoming the limitations of prior research that relied on

narrow and superficial information. Most existing studies assess only the transparency
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of raw data[31]. This work further gathers comprehensive information covering dataset

volume, model structure, documentation, and quality evaluation, supporting a better

understanding of real database transparency. Second, this study innovatively assesses

LCA database transparency from the user perspective as well as the LCA results and

calculation logic of life cycle models. It thereby addresses the limitations of prior

research that relies primarily on a developer perspective. Existing research often focuses

on data format optimization, AI applications, and platform tools[28]. In this study, the

results are traced back to the original data to identify transparency shortcomings,

providing a scientific basis for database selection and encouraging more robust and

trustworthy database development. Third, in terms of research content, this study

establishes the first operational definition and characterization of traceability-based

transparency for LCBD, filling the gap in unclear and non-standardized assessment

procedures. Earlier studies adopted semi-quantitative scoring without detailed practical

criteria[34]. This work proposes a traceability chain from calculation results and life

cycle models to unit process datasets, inventory data, and raw data with processing

procedures, with specific indicators designed for each level to form an operational

analytical framework for future research. Based on these findings, a traceability-focused

scoring system is developed, which offers clear improvement guidance for developers

and rational selection support for users, ultimately promoting more standardized and

transparent life cycle data management.

COMPARISONANDANALYSIS OF GLOBALDATABASE

Database overview

LCDBs are core infrastructure for quantifying the environmental performance of

products. A key characteristic is their coverage of diverse industries and product

categories[27]. Database limited to one sector cannot independently complete full life

cycle assessment and relies on other databases for background data[35]. This study

selects the most widely used mainstream database, including CLCD × WebLCA,

ecoinvent, GaBi, IDEA, and USLCI, and incorporates two emerging databases,

HiQLCD and TianGong, with their basic features systematically summarized in Table 1.

By compiling key information such as dataset scale, documentation completeness, and

data quality assessment methods, this study comprehensively profiles each
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comprehensive database and lays the groundwork for subsequent transparency

evaluation.

Table 1. Systemic characteristics of the database.

Database

CLCD ×

WebLC

A

ecoinvent GaBi IDEA USLCI
HiQL

CD

TianGo

ng

Institution

Sichuan

University,

Yike

Environme

ntal

Technolog

y Co.,Ltd

the Swiss

research

institutions

, EPFL,

Empa,

Agroscope

, the Paul

Scherrer

Institute

IKP,

Unive

rsity

of

Stuttg

art

JEMA

I,

AIST

Nation

al

Renew

able

Energy

Labora

tory

EC

Digit

Tsinghu

a

Universi

ty, et al.

Country/Re

gion
China Global

Globa

l
Japan USA China China

Number of

APDs
4,000 0

20,57

7
3,800 0 85,775 0

Number of

UPDs
0 25,000 0 0 995 0 1,839

Fee-based √ √ √ √ × √ ×

Documentat

ion Format

WebLCA,I

LCD-comp

liant

ecoSPOL

D

ILCD

-comp

liant

ILCD-

compl

iant

JSON-

LD

ILCD-c

omplia

nt

TIDAS,

ILCD-c

omplian

t

Data

Quality

Assessment

Method

WebLCA-

DQR,Pedi

gree matrix

+

uncertainty

analysis

Pedigree

matrix +

uncertaint

y

simulation

PEF-

DQR-

like

Unkn

own

USEPA

-DQR

Unkno

wn

Unknow

n
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The compilation of publicly available information reveals clear differences in database

type and dataset volume. Ecoinvent, USLCI, and TianGong are unit process databases

containing only UPDs, while the remaining databases are aggregated process databases

dominated by APDs. Dataset scales vary widely across databases, and some do not

disclose unit process data at all, indicating inconsistent transparency at the dataset level.

This inconsistency and ambiguity in disclosing datasets complicates horizontal

comparisons of the actual data modeling depth and core capacity of the database[36].

Number of databases per country

Given the requirement for comprehensive regional data coverage in LCA database, this

study analyzed the geographic distribution of datasets. For the multi-country database

including ecoinvent and GaBi, the 20 countries with the highest dataset counts were

examined. For national databases such as USLCI, IDEA, CLCD, TianGong, and

HiQLCD, the total number of domestic datasets was compiled. All results were

benchmarked against open-access data from the Global LCA Data Access network

(GLAD).

Methodolog

y Guide

Publicly

Available

√ √ × × × × √

Developme

nt

Tool/Platfor

m

eFootprint

(SaaS)

ecoEditor

(Desktop)

GaBi

(Desk

top)

Unkn

own

openL

CA

(Deskt

op)

HiQEdi

tor

(SaaS)

TianGon

g

(SaaS)

Open

Participatio

n

√ × × × × × √
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Figure 1. Number of countries in the datasets for each database.

Figure 1 reveals a severe imbalance in global life cycle data resources. Only a few

countries, such as Germany, Switzerland, the United States, China, and Japan, possess

foundational inventories with more than 1,000 datasets in mainstream databases,

preliminarily enabling them to support LCA analysis for their primary industries. The

vast majority of countries, especially developing nations, have extremely scarce data

records, which constrain the completeness and accuracy of product carbon footprint

accounting. Consequently, this study recommends that the database regularly publish

reports on dataset counts and sectoral distribution by country or region, transparently

communicating their data accumulation progress and gaps, thereby providing guidance

for international data collaboration and development priorities.

Granularity and duplication of products

While country coverage reflects overall data availability, the granularity of product

datasets plays an equally important role in balancing representativeness and practical

usability[37]. To explore in depth the granularity strategies of each database and their

impact on the dataset scale, this study selected the electricity power sector for

micro-level analysis, with the results shown in Table 2.

Table 2. Statistical overview of power products and their datasets across various

databases.
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Database
CLC

D

ecoinve

nt

Ga

Bi

IDE

A

USL

CI

HIQLCD-1

.4.0

TianGo

ng

Total Entries
4,000

+
2,508

3,64

1

3,800

+
995 85,775 1,897

Electric

ity

Total

Entries
70 60 67 - 11 3,301 18

Technolo

gy

Typology

(n)

30 7 35 - 7 24 16

Specificat

ion

Typology

(n)

4 3 2 - 4 16 6

Region

Typology

(n)

41 1 1 - 4 38 5

Note: “-” indicates missing data.

The statistics indicate that all databases have subdivided power products to varying

degrees across dimensions such as technology, specification, and region. However, the

subdivision strategies of some databases may lead to a combinatorial explosion in

dataset counts. For instance, HiQLCD generates as many as 85,775 datasets for

electricity products alone through such approaches. While this practice of generating

numerous derivative datasets through attribute cross-combination theoretically enhances

model adaptability to specific contexts, if the underlying unit process data are not

correspondingly increased or substantially adjusted for each derivative scenario, it

results in a large number of highly similar datasets or those with redundant core data.

This phenomenon can easily mislead users who focus solely on total dataset counts,

leading to misunderstandings about the actual capacity and unique information content

of a database. The discrepancy in dataset counts reported by HiQLCD on its own

platform versus the GLAD platform, differing by an order of magnitude, further

highlights the issue of scale transparency.
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To overcome the limitations of current database users who rely solely on entry counts

and to drive database development from pursuing scale expansion toward enhancing

substantive data quality and transparency, this paper proposes constructing an

“information density index” as a core evaluation tool. The index aims to quantify the

effective information content, which is represented by three sub-indicators.

1
pt

UPDs

NI
N

 (1)

The indicator I1 represents the ratio of the number of independent product types to the

number of UPDs, which reflects the average diversity of products supported by each

core data unit in the database. A lower I1 generally indicates that the database builds

product models based on more fundamental, highly reusable unit processes, with

original data concentrated at the foundational level.

2
APDs

UPDs

NI
N

 (2)

The indicator I2 represents the ratio of the number of APDs to the number of UPDs,

which reveals the extent to which a database generates derivative datasets by

incorporating different upstream background data. A high I2 suggests that a large

volume of aggregated process datasets may be built upon a limited core library of unit

process datasets, indicating potential information redundancy through combinatorial

derivation.

3
DS

UPDs

NI
N

 (3)

The indicator I3 represents the ratio of the number of cited data sources to the number of

UPDs. It assesses the richness of supporting documentation for UPDs, serving as a key

measure of data reliability, robustness, and the thoroughness of data development. A

higher I3 generally indicates that the data have undergone more extensive

cross-validation across multiple independent sources.
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Model traceability and integrity

Model tracing methods

To address the black box of life cycle models that leads to the non-reproducibility of the

LCA results, this section proposes a standardized traceability chain derived from the

process-based life cycle model and its computational logic, which is consistent with the

transparent traceability chain from the LCA results to the raw data and processing

procedures. The full-process transparency chain developed in this study follows results

→ model → unit processes/datasets → input and output inventory → raw data and

processing. As illustrated in Figure 2, the dashed lines represent the forward flow of

data processing, whereby raw data are collected, processed, and incorporated into model

development, ultimately generating the final LCA results. In contrast, the solid lines

indicate the reverse traceability sequence for LCA database transparency, which allows

for the backtracking of LCA results to their original raw data sources.

Figure 2. Model tracing methods and sequences; product systems 1-3 are examples of

lifecycle models for different product systems.

Transparency in the life cycle database means that database providers should disclose

sufficient information to ensure the traceability of the entire process of data collection,

processing and calculation, which constitutes the fundamental and paramount

transparency requirement for such database. In practical life cycle database

development, however, full information disclosure is not always feasible, as the
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complete traceability of data is subject to two key constraints. First, some unit process

data involve corporate trade secrets or third-party intellectual property rights and thus

cannot be disclosed to the public. Second, data processing workflows are highly

complex; documenting all processing algorithms and procedures in full requires

considerable time and relies on robust functional support from specialized software

tools. Given these constraints, complete end-to-end traceability in life cycle database is

difficult to achieve. Therefore, this study proposes differentiating the degree of

transparency (DOT) for each link in the traceability chain based on specific disclosure

recipients and scenarios. According to the disclosure scope and accessibility of

information at each link in the traceability chain, we define a five-level transparency

scale for LCBD, with transparency decreasing progressively from a to e.

Applying the aforementioned traceability methodology and transparency level

definitions, this study takes the accessible perspective of database users as the core and

collects publicly disclosed information for each link in the traceability chain across six

target LCBD. Data collection is conducted through systematic access to the official

websites of each database and manual retrieval and collation of open information, with

the transparency status of the database derived and presented in Table 3.

Table 3. Database traceability and transparency status reports

Database

CLCD

×WebL

CA

ecoinv

ent
GaBi

USLC

I
TianGo

ng

HiQLC

D

Results

and life

cycle

models

1) Results

transparency
3 3 3 n.a. n.a. 3

2) Document

transparency

a

(Model

docume

ntation)

a

(Unit

process

docum

entatio

a

(Mode

l

docum

entatio

a

(Unit

proces

s

docu

a

(Unit

process

docume

ntation)

a

(Model

documen

tation)
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n) n) menta

tion)

3)

Subroutines

included in

the document

disclosure

model

a n.a. a* n.a. n.a. unknown

4) Document

navigation
a b a * a * n.a. unknown

Unit

Process

and list

data

5) Visibility

of input and

output lists

a a
unkno

wn
a a unknown

6) Visibility

of list values
b a

unkno

wn
a a unknown

7)

Searchability

of the unit

process data

list

b

Mentio

ned in

docum

entatio

n/no

list on

unit

process

level

Listed

on

model

level,

but

not

unit

proces

s level

n.a. n.a.

Mention

ed in

documen

tation/no

list on

model

level

8) Data

processing

for individual

line items

b d? d? n.a. n.a. d?

Notes: “a” means the corresponding feature is publicly accessible. “b” reveals that access is limited to

subscription users. “c” indicates that the feature is available only to the reviewers. “d” means that access

is restricted exclusively to the author. “e” shows that the feature is not accessible even to the author. The

notation “n.a.” represents that the feature is not currently available. “Unknown” reveals that feature

accessibility cannot be determined from publicly available information, and the asterisk “*” indicates that

the feature has been incompletely implemented. All assessments are based solely on public information
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obtained from the official platforms of each LCBD, and the actual transparency status may require further

disclosure by database developers for definitive verification.

Traceability aggregate results and models

Building on the traceability methodology and transparency grading criteria proposed in

Section 3.1, this section presents a systematic comparative analysis of the transparency

performance of six target LCBD across all the links in the traceability chain. The

analysis identifies the disparities among the database in terms of model traceability,

document disclosure and navigation functionality, thereby providing empirical data to

underpin the subsequent formulation of transparency disclosure specifications for

LCBD.

With respect to the transparency of life cycle results, as presented in row 1 of Table 3,

CLCD, ecoinvent, GaBi and HiQLCD have developed life cycle models and generated

corresponding calculation outcomes, which are accessible only to paying users. In

contrast, TianGong and the USLCI have not established complete life cycle models;

thus, no relevant LCA calculation results have been produced for these two databases.

Turning to documentation, as shown in row 2 of Table 3, all the aforementioned

databases make their documentation available to users: CLCD, GaBi and HiQLCD offer

model documentation, while ecoinvent, USLCI and TianGong provide unit process

documentation. Model documentation integrates relevant information across multiple

unit processes included in a life cycle model, whereas unit process documentation

focuses solely on the information of individual unit processes.

Beyond such categorical differences, the content structure of the documentation, listed

in rows 3 and 4 of Table 3, varies across the database. For model documentation, CLCD

automatically extracts all model unit processes to generate a unit process table while

providing representative descriptions and input-output data for each unit process with

accessible data sources. Hyperlinks are also embedded for each unit process input,

enabling navigation to the corresponding upstream background life cycle models for

in-depth traceability. By comparison, GaBi displays model structures via static diagrams

or flowcharts, failing to fully present all integrated unit processes or support viewing

their input-output data. Unlike CLCD and GaBi, HiQLCD does not provide unit process

tables or hyperlinks to upstream background processes in its public documentation,
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making it impossible to verify the effective linkage between background data and life

cycle models. For unit process documentation, ecoinvent calculates the life cycle results

for each unit process and its corresponding products and provides only individual unit

process documents that allow navigation between one another. Neither the USLCI nor

TianGong has linked respective unit processes to construct complete life cycle models

or produce LCA results, with only unit process documentation accessible. Accordingly,

these three databases provide information only on individual unit processes, with no

access to unit process tables; thus, the subroutines included in the document disclosure

model are marked as “n.a.”. With respect to document navigation functionality, partial

connections have been established between unit processes in the USLCI, enabling

navigation between some of them. In contrast, in TianGong, no interconnections exist

between unit processes, precluding any such navigation.

This section identifies varying transparency levels across traceability links in life cycle

database, with inconsistent disclosure content across different platforms. Most unit

process databases do not integrate into complete life cycle models or generate LCA

results; thus, they are unable to disclose model-included unit processes or enable

cross-model traceability navigation. Unlike unit process database, the aggregated

process database is built on life cycle models, yet most fail to fully disclose their

model-included unit processes or provide traceability access to all upstream background

processes, falling short of the basic transparency requirements for LCBD. Based on the

above findings, relevant stakeholders are recommended to refer to the transparency

assessments in Table 3 and formulate differentiated tiered traceability disclosure

specifications aligned with LCBD types (unit/aggregated process database) and user

group needs (paying users, general users, reviewers). For the aggregated process

database, mandate full disclosure of model-included unit process information and

traceability links to all upstream background processes. For the unit process database,

standardize the content structure of unit process documentation, promote

interconnection between unit processes, and promote the gradual development and

disclosure of complete life cycle models. Database developers are also required to

disclose relevant information accurately and comprehensively in accordance with these

specifications to enhance LCBD transparency, thereby supporting users in selecting

appropriate databases and further alleviating the prevalent black box issue in LCBD.
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Traceability unit process datasets

The traceability of UPDs is a critical challenge impacting the transparency of the

current LCBD. Specifically, methodological hurdles exist regarding the visibility of

input-output inventories, detailed in row 5 of Table 3. Furthermore, the numerical

transparency of inventory values, as shown in row 6 of Table 3, presents another

challenge. Under the public information disclosure framework, marked discrepancies

exist among the leading LCBDs. GaBi and HiQLCD typically categorize their unit

process inventory data and specific values as ‘unknown’, rendering their detailed

underlying inventories inaccessible to external users. Ecoinvent, in contrast, permits

paying subscribers to access inventory tables and their associated values. Free UPDs,

such as the USLCI and TianGong, publicly display their unit process inventory tables

and specific values. CLCD×WebLCA offers input-output inventory tables for each unit

process, complemented by descriptive information on their technical, geographical, and

temporal representativeness within its model documentation; however, it does not fully

disclose detailed inventory values, which are generally restricted to authorized users

who have purchased the unit process or successfully completed a review process. These

differing disclosure practices directly contribute to the varying degrees of “black box”

characteristics among LCBD, affecting model traceability and completeness.

Significant disparities are also evident in the accessibility of UPD sources listed in row

7 of Table 3 across various LCBD. GaBi typically provides only a generalized

description of referenced data sources at the model level and lacks detailed source lists

for specific unit processes. The construction of UPDs in USLCI and TianGong still has

room for improvement in terms of multi-source data cross-validation and completeness

of source inventories. Ecoinvent and HiQLCD offer relatively limited access to data

lists; they generally mention the types of data sources employed in their documentation

but fail to provide clear, accessible lists within specific unit process documents. This

disclosure method “Mentioned in documentation/no list on unit process level” impedes

users’ ability to trace the origin of specific data. Conversely, CLCD×WebLCA enables

users to access the multiple data sources underpinning unit process construction,

establishing a robust foundation for in-depth data verification and source evaluation.
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Differences in transparency at the level of individual inventory data and data processing

in row 8 of Table 3 are most pronounced, directly influencing data quality and the

reproducibility of the LCA results. Some unit process databases have room for

improvement in data source support and processing workflow disclosure. The derivation

basis for their unit process data is relatively homogeneous, and the processing flow

from raw data to final inventory values is not fully public, which increases the difficulty

of ensuring data integrity and technical representativeness to a certain extent. Although

USLCI and ecoinvent compile individual inventory entries and data from multiple

sources, they do not furnish detailed explanations of data source composition or the

complete processing path, thus hindering users’ ability to trace and reproduce the data

processing logic. GaBi offers only a general description of dataset-level data sources

and processing, without deconstructing these for individual unit process and their

corresponding inventory data. HiQLCD does not elucidate the processing path detailing

how specific inventory data are generated from raw inputs through screening,

conversion, and calculation. In contrast, the CLCD×WebLCA system meticulously

records and discloses the complete processing workflow from raw data to standardized

inventory data, ensuring that the generation of each inventory value is traceable and

reproducible. In summary, the construction of UPDs within LCBD should be grounded

in the cross-validation of multiple sources, accompanied by the disclosure of specific

data integration methodologies and processing pathways to guarantee data reliability

and reproducibility. The CLCD×WebLCA system exemplifies an open and collaborative

model, facilitating the participation of multiple stakeholders in database development. It

mandates that each inventory data entry be systematically integrated and processed from

multiple source materials. Its data processing procedures are accessible to authorized

users, thereby achieving a significant degree of transparency in the database

construction process.

The concept of “traceability” in life cycle methods encompasses two fundamental

directions. First, life-cycle process chain traceability involves hierarchical tracing

backward from a target process along the product life-cycle path to its upstream

associated processes, ensuring the inclusion of all relevant processes within the system

boundary. Second, data drill-down traceability pertains to the micro-level examination

of data construction for a specific unit process. This entails sequentially tracing the
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visibility of its input-output inventories, the provenance of their values, and the

accessibility of source lists, ultimately aiming for complete transparency of the original

source of a single inventory data entry and its associated processing and conversion

logic. Comparative analysis of major LCBD shows that most databases offer public

visibility in input-output inventory inclusivity and numerical transparency. These

aspects meet basic data accessibility requirements. However, deeper traceability is

needed for data lists, individual inventory data items, and their processing procedures.

As the depth of traceability increases, the granularity of the involved information

becomes finer, and the volume of data requiring recording and disclosure expands

substantially. This characteristic typically leads to a corresponding reduction in the level

of public disclosure. However, it is precisely the transparency of this in-depth

information that forms the cornerstone for ensuring the reliability, reproducibility, and

scientific rigor of LCA results, directly determining the practical value of LCBD and the

credibility of LCA outcomes. Consequently, future LCBD development should

transcend mere compliance with basic data format and superficial structural

requirements, focusing instead on establishing a fully transparent, end-to-end system.

Such a system necessitates not only data visibility but also the independent verifiability

and reproducibility of its generation logic.

Based on the established information disclosure standards, database providers are

strongly encouraged to clearly define the specific content to be disclosed at different

levels of traceability. Given the substantial volume and heterogeneous nature of

information required for deep traceability, coupled with the significant associated

workload and technical complexity, reliance on manual recording alone is unsustainable.

Therefore, the development and integration of relevant software tools are imperative for

providing technical support for standardized data recording, systematic processing, and

end-to-end traceability.

Life cycle completeness

Building upon advancements in the transparency and traceability of LCBD, the

assessment of life cycle completeness (LCC) has emerged as a pivotal indicator for

evaluating the systemic quality of the database. The achievement of LCC is contingent

upon two fundamental levels. First, at the unit process level, LCC necessitates the
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comprehensive inclusion of input-output inventories for each unit process. Achieving

this necessity is done primarily through the systematic collection and cross-verification

of multi-source data, which serves to identify and rectify any inventory gaps inherent in

a single data source.

To illustrate this, we conducted a comparative analysis of the LCC for petroleum and

gas production across various LCBD, as presented in Table 4. GaBi and HiQLCD

present their aggregation processes as either nondisaggregated “black boxes” or provide

highly generalized technical classifications, precluding the examination of relevant

inventory entries. Consequently, the integrity of their processes cannot be substantiated

through inventory analysis. In contrast, ecoinvent’s petroleum and gas unit process

inventory system demonstrates a high degree of completeness, encompassing the entire

material flow from energy and raw materials to capital equipment and a wide spectrum

of emissions, thereby facilitating process integrity verification. However, the USLCI oil

and gas unit process, however, lists 119 output entries, detailing an excessive number of

specific pollutants. While this granularity might appear comprehensive, it significantly

increases data collection difficulty and cost, diminishes data universality and

accessibility, and consequently limits its practical utility in subsequent LCA aggregation

and computation processes. For oil and gas production, USLCI and TianGong have

certain room for optimization in terms of inventory scope and content presentation. This

marked disparity in inventory scope and content reveals serious completeness issues

within UPDs, underscoring the imperative for a cross-validation mechanism employing

multiple data sources within the context of LCC. Specifically, through the systematic

integration of multiple data streams, complementary verification of critical material

flows and environmental emissions can be performed, thereby mitigating systematic

biases arising from single-source limitations and ensuring robust completeness.

Table 4. Completeness of oil and gas production unit processes in the database

Database CLCD×WebLCA ecoinvent USLCI TianGong

Unit Process petroleum and gas

petroleum

and gas

production,

onshore

Crude oil,

on-shore

domestic,

at

Production

stage; Oil

and gas;

Drilling
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extraction

Reference product petroleum and gas petroleum Crude oil
Oil and

gas

Input

Inventory

Count

Energy

consumption
2 6 6 0

Raw materials 2 2 0 1

Infrastructure 4 2 0 0

Natural

resources
1 2 1 0

Output

Inventory

Count

Disposal

waste
1 4 2 1

Emissions to

air
3 2 99 0

Emissions to

water
2 9 18 0

Emissions to

soil
2 1 0 0

Comparative analysis indicates significant discrepancies in the inventory composition

for the same unit process across different databases, posing challenges to guaranteeing

unit process completeness:

1. Conceptual ambiguity of unit process definition: The database exhibits differing

interpretations of the fundamental concept of unit process. This conceptual ambiguity

can lead to highly simplified unit process inventory entries that fail to present complete

input-output lists.

2. Completeness of the unit process inventory type: A complete unit process should

encompass all essential input inventories, including raw materials, energy consumption,

and natural resources, as well as output inventories such as waste awaiting disposal and

environmental emissions to the atmosphere, water bodies, and soil.

3. Comprehensiveness of unit process input‒output content: The content of unit process
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input‒output must be comprehensive. Taking ecoinvent as an example, it typically

employs multi-source data fusion and cross-validation to construct a relatively complete

material balance.

Second, at the model system level, establishing a complete life-cycle modeling chain is

paramount. This involves effectively linking the intermediate flows of each unit process

to corresponding background data to trace their upstream environmental impacts. The

associated unit process input-output inventories must also be clear and complete. Only

when the environmental impact of a particular intermediate flow meets predefined

cutoff criteria can its linkage be interrupted without significantly compromising the

credibility of the final LCA results. CLCD×WebLCA facilitates this by enabling users to

publicly view input and output inventories and their names. Paying users can further

access inventory values and drill down to the underlying unit process level, thereby

verifying process completeness.

Therefore, it is recommended that database providers systematically collect and

compare multiple datasets for the same product or production technology to ensure the

completeness of process input and output inventories. Furthermore, the collaborative

development and promotion of standardized unit process templates are essential to

ensure the comprehensive characterization of critical material flows and environmental

emission data.

DATAQUALITYASSESSMENTAND DATABASE DOCUMENTATION

Data quality assessment (DQA) represents a critical component in ensuring the

traceability and completeness of LCBD. Concurrently, database documentation serves

as the primary medium for conveying data quality information. These two elements

collectively form the foundation for transparency concerning the ‘data quality’

dimension of LCBD. This chapter systematically analyzes the current status and

limitations of DQA methodologies for LCBD. By examining the practical

implementation reflected in database documentation, targeted recommendations for

methodological optimization are proposed, thereby contributing to the refinement of the

LCBD transparency framework.
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Data quality assessment

Following a systematic review of the qualitative requirements for model traceability and

completeness, following a systematic review of the qualitative requirements for model

traceability and completeness, the challenge of scientifically quantifying and evaluating

these attributes to assess overall data quality emerges as a core element in ensuring the

reliability and credibility of LCA results[38]. Within the LCA field, various interrelated

DQA methods have been developed. The ISO standards establish principled

requirements for data quality assessment, providing a foundational theoretical

framework. However, they lack specific quantitative indicators or scoring mechanisms,

limiting their practical applicability. Building upon the ISO framework, the international

life cycle data (ILCD) system pioneered a systematized, semi-quantitative assessment

framework across six dimensions[39]. It refined scoring rules and quantification methods

for data quality indicators (DQIs) and introduced the ‘magnify the weakest link’

assessment principle. The product environmental footprint (PEF) method draws on the

core principles of the ILCD framework, further streamlining the assessment process

with a focus on specific product categories[40]. At the database application level, GaBi’s

assessment methods include ILCD, PEF, and its own six-dimensional indicator

averaging approach[41]. Ecoinvent transforms quality scores into uncertainty coefficients

via a pedigree matrix and quantifies overall uncertainty through Monte Carlo

simulation[42]. This approach links data quality to statistical uncertainty, in contrast to

methods centered on expert scoring, such as the EU's data quality rating (DQR).

CLCD×WebLCA employs a combination of pedigree matrix weighting and error

propagation models to identify key sources of uncertainty, enabling a dynamic

quantitative analysis of data impact within specific models [43]. Despite differences in

dimensionality, scoring mechanisms, and results presentation, these methods share the

common objective of ensuring the reliability and credibility of LCA outcomes, as

depicted in Figure 3.
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Figure 4. Hierarchy Diagram of Data Quality Assessment Methodologies.

However, current DQA methods face significant challenges regarding theoretical clarity

and practical transparency. In methods represented by DQR, substantial heterogeneity

exists in how different implementing bodies interpret and apply the same methodology.

For instance, GaBi has not explicitly disclosed its weighting calculation logic within the

DQR process, whereas the EU New Battery Regulation mandates a weighted average

for unit processes contributing ≥ 80% to environmental impacts. In practical

applications of DQR across different LCBD, regulatory contexts, and time periods,

significant and evolving disparities exist in specific scoring algorithms, weight

allocation, and compliance interpretations. Furthermore, DQR has yet to establish a

clear, transferable pathway linking front-end qualitative requirements (i.e., traceability

and completeness) to back-end quantitative scoring, resulting in a disconnect between

qualitative stipulations and quantitative assessment. Conversely, uncertainty

quantification methods based on Monte Carlo simulation, while capable of generating

probability distributions and confidence intervals for overall results, often fail to

identify and pinpoint the specific sources of major uncertainties within the system.

Consequently, they provide limited actionable guidance for targeted data improvement,

making it difficult to implement precise optimization measures focused on the

low-quality life cycle stages with the greatest impact on the final results. A pertinent

example is the significant deviation (up to 55%) observed between the electricity carbon

footprint factors calculated by ecoinvent and GaBi on the one hand and those from the

China electricity council (CEC) and CLCD×WebLCA on the other. Existing DQA

systems struggle to effectively address critical questions arising from such discrepancies:

Can the underlying mechanism of this deviation be explained through data quality
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scores? Can the specific low-quality data stages causing deviation be precisely

identified? Can the quality of electricity carbon footprint factors across different

datasets be scientifically distinguished?

In summary, current DQA methods exhibit shortcomings in theoretical consistency,

methodological maturity, and operational transparency. It is therefore recommended that

database providers establish detailed, standardized, and actionable DQA scoring rules.

Such rules should enable users not only to assess overall data quality and identify

critical weak points but also to receive direct guidance on priorities for data quality

improvement. Only through the development and adoption of such transparent and

diagnostic DQA methodologies can the “black box” between front-end data

development and back-end database applications be effectively dismantled, thereby

enhancing the scientific robustness and practical utility of LCA.

Database documentation

As the principal conduit for the storage, presentation, and communication of data

quality information, the design and specifications of LCBD documentation must adhere

to multi-dimensional transparency requirements. Specifically, documentation should

facilitate the systematic disclosure of data sources, calculation methods, and critical

assumptions. Furthermore, it must demonstrate traceability, completeness, and robust

data quality assessment while providing standardized metadata that complies with

international benchmarks[44].

Examining current documentation practices in LCBD highlights an issue. Databases

such as GaBi, HiQLCD, and TianGong adopt the ILCD format directly, a point

illustrated in Table 5. Despite this, empirical verification indicates that their inventory

documentation is plagued by pervasive content gaps. This results in a significant deficit

in database documentation transparency. The ILCD format, primarily designed to

standardize and unify data structures[45,46], prioritizes structural conformity over the

intuitive presentation of internal logic. Consequently, its direct application without

bespoke adaptation can lead to a relative reduction in information readability,

comprehensibility, and overall transparency, thereby impeding users' practical needs for

tracing the underlying logic of data generation. Ecoinvent and the USLCI have achieved
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a rudimentary level of transparency through their documented fields. However, the

detailed disclosure of the processing logic for individual inventory data entries remains

deficient. The scope of their document fields is more oriented toward meeting basic data

visibility requirements, falling short of the deeper transparency necessary for the

traceability and reproducibility of data generation logic.

In contrast, CLCD×WebLCA has developed a dynamic model documentation system

leveraging efootprint software. This system automatically generates standardized

documentation directly from LCA models. This documentation not only furnishes

essential background information, including temporal, geographical, and technical

specifications, but also incorporates input and output inventory tables. Crucially, it

integrates built-in inventory contribution analysis and uncertainty analysis results. This

enables users to assess model quality, identify key inventories significantly influencing

carbon footprint outcomes, and scientifically evaluate the robustness of the entire LCA

result on the basis of quantitative uncertainty metrics. From the perspectives of both

document structure and field coverage, CLCD×WebLCA’s database documentation

demonstrates a preliminary yet comprehensive fulfillment of multi-dimensional

transparency requirements.

Based on these observations, it is recommended that database providers establish a

standardized, structured database documentation format. This format clearly defines a

series of core metadata fields to provide critical information that enhances data

transparency.

Table 5. Transparency of information in database documentation fields

Transparency

information

Database documentation

WebLCA

（ CLCD×WebL

CA）

Ecospold

（ecoinvent）

ILCD

（GaBi）

Document

transparency
√

Model

documentati

on

√ Documentation √ Process dataset
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Note: “/” indicates that this information field is not defined in this database document format.

CONCLUSIONS

Taking typical global LCBD as its subject, this study establishes a full-chain transparent

traceability system using public information and develops the first systematic

framework for evaluating LCBD transparency across the entire process. From the

dimensions of product coverage, model traceability and data quality, three prevalent

black boxes in current LCBD are identified, and standardized disclosure requirements

are specified, providing methodological support for addressing transparency challenges

and improving the robustness and reliability of LCA and product carbon footprint

accounting. The results show that first, the absence of a standardized product counting

system is the main cause of the scale black box in LCBD. Only six national databases

Subroutines

included in the

document

disclosure

model

√

Name of the

main

background

dataset

√ Exchanges √

Flow diagram(s) or

picture(s) (source

dataset)

Document

navigation
√

Upstream

process
√ Exchanges √

Included datasets

(process dataset)

Input/Output

inventory

visibility

√

Inventory

and

parameters

√ Exchanges  /

Inventory data

visibility
√

Inventory

and

parameters

√ Exchanges  /

Availability of

unit process

data list

√ Reference √ Data source  /

Data and

information

processing for

inventory

√

Algorithms

and

assumptions


Exchange

details
 /

Data quality

assessment
√

Data quality

uncertainty
√

Data quality

uncertainty
√

Data quality

indicator
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worldwide cover more than 1,000 basic products, and the maximum coverage in a

single region is approximately 4,000 items. The tens of thousands of widely claimed

products are mostly generated by combined variations in region, technology, and

specification rather than new unit processes, meaning that they do not genuinely expand

basic product coverage. This also reveals a global shortage of large-scale functional

LCBD, which cannot meet the LCA demands of diverse regions and industries. Second,

the lack of model traceability leads to a second black box, as the core computational

logic cannot be verified or reproduced. Most LCBDs do not support backward tracing

from the final results to the raw data and processing procedures, and no standardized

traceability mechanism exists. Some databases contain definitional errors and missing

unit process inventories; aggregated databases often fail to disclose unit process details

and upstream pathways, whereas unit process databases lack proper linkage to form

complete life cycle models, meaning that disclosure and functionality generally fall

below basic transparency requirements. Third, a data quality black box arises from the

misalignment between current quality assessment methods and model logic. Existing

DQR approaches do not disclose the weighting logic or the linkage between traceability,

completeness, and quality scores. Moreover, uncertainty methods such as Monte Carlo

simulation cannot identify specific sources of variation or provide targeted

improvements, resulting in weak quality control across the LCA field.

Implication

To enhance LCBD transparency and promote industry standardization, database

developers should tailor tiered traceability disclosure guidelines based on database type

and user needs. They should shift focus from maximizing dataset quantity to improving

actual data quality and effective information content while developing specialized

software to support standardized data recording, systematic processing, and end-to-end

traceability. Collaboration on standardized unit process templates is essential to ensure

the completeness of input-output lists and transparent disclosure of data sources,

processing workflows, and quality evaluation results. With respect to LCA

standard-setting bodies, existing standards such as ISO 14040 and 14044 should be

updated to address LCBD transparency gaps. Comprehensive, operational standards for

LCBD construction, data quality control, and traceability disclosure should be

established to unify the requirements for product coverage counting, model tracing, and

https://www.scierxiv.com/


NOT PEER-REVIEWED

DOI: 10.20517/scierxiv202605.0317.v1 https://www.scierxiv.com/29

quality assessment, thereby fostering global consistency in fundamental regulations. For

LCBD users, the fully transparent traceability chain and indicators proposed in this

study enable targeted database selection based on research needs. They can

scientifically identify a high-transparency, reliable-quality database and validate the

transparency and quality of the utilized database, ultimately improving the robustness

and reliability of LCA research outcomes.

Limitations

This study retains scope for further improvement. For instance, its transparency

assessment relies solely on official public database information, and future work could

involve collaboration with developers to obtain more accurate data for refined

evaluation. In addition, the scoring system may be enhanced through large-scale user

surveys and the Delphi method to refine indicator weights, whereas sensitivity analysis

using the analytic hierarchy process and entropy weight method can be applied to

examine how different weighting schemes influence database rankings, thereby

improving the quantification, adaptability, and rationality of the framework. Finally, this

research focuses on a static evaluation of current transparency conditions; future studies

could integrate big data and artificial intelligence to establish a dynamic quantitative

assessment system for LCBD transparency, enabling real-time updates alongside

database evolution and LCA standard development, thus providing sustained

methodological support for global transparency governance of LCBD.
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