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Abstract

Life  cycle  assessment  (LCA)  is  the  most  comprehensive  framework  for  evaluating  the 

environmental  impacts  of  products  and  services,  yet  defining  system  boundaries  remains  a 

subjective exercise and can lead to unknown truncation error and complications in comparing 

across  studies.  Here,  we  introduce  an  uncertainty-informed,  iterative  boundary-expansion 

algorithm that quantitatively guides boundary expansion by answering which processes in the 

foreground  system should  be  included  and  expanded  to  upstream detail  and  which  may  be 

aggregated or omitted. The proposed algorithm starts with the foreground system and identifies 

hotspot  processes  by  comparing  predefined  thresholds  to  a  process’s  mean  and  upper-tail 

contribution share,  computed from Monte  Carlo  results  that  propagate  uncertainty  in  both  a 

process’s input amount and emission intensity. We developed a stochastic simulation framework 

and created synthetic production system trees to examine the behavior of the proposed algorithm 

under controlled conditions. Our results show that the cutoff threshold is the dominant factor in 

determining final model complexity, while uncertainty-driven expansion is most beneficial in low-

data-quality scenarios. Foreground impact concentration could shape the distribution of effort 

required for system boundary expansion, suggesting that conventional LCA practices focused on 

primary supply chains may systematically miss significant impacts in diffuse systems. Applying the 

proposed approach could potentially enhance the documentation of system expansion and improve 
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uncertainty  analysis  within  LCA,  ultimately  increasing  reproducibility  and  transparency  in 

environmental assessments.

Keywords: Life Cycle Assessment; System Boundary Definition; System Boundary Expansion; 

Environmental Impact Assessment; Uncertainty Quantification; Product System

Highlights

 A framework for uncertainty-informed LCA system boundary expansion was proposed

 A stochastic simulation framework was developed for testing LCA under controlled 

conditions 

 Considering both impact significance and data confidence could help mitigate truncation 

error 

Graphic Abstract
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1. Introduction

Life cycle assessment (LCA) plays a vital role in environmental decision-making  (EC-JRC, 

2012; Garcia and Freire, 2014). This ISO-standardized approach examines a product or service 

from a “cradle-to-grave” perspective,  aiming to quantify its  cumulative environmental  impact 

across  all  life  cycle  stages  (ISO,  2006a,  2006b).  This  comprehensive  scope,  however,  also 

introduces  practical  time,  resource,  and  data  availability  constraints,  leading  to  unavoidable 

simplifications that omit elements of the system (often referred to as truncating or truncation error) 

across all LCAs (Bala et al., 2010; Douziech et al., 2021; Ross and Cheah, 2018; Scrucca et al., 

2020; Zargar et al., 2022). LCAs typically start with foreground system analysis, where primary 

data are collected, and then expand to broader background systems, which are modeled using 

secondary data. The ISO standards provide limited quantitative guidance beyond the use of cut-off 

criteria (i.e., rules for omission justified in relation to the magnitude of contributions), which leads 

to the well-recognized paradox in LCA: practitioners would have to fully assess the excluded 

processes to justify excluding them (Clark et al., 2022; Dai et al., 2020a). Current LCAs often 

predefine system boundaries around the main supply chain and treat other upstream branches as 

negligible  or  adequately  represented  by  emission  factors.  However,  aggregating  high-impact 

branches could potentially lead to hotspot omission or misattribution, as the representativeness of 

such a system relies heavily on the assumption that the main supply chain dominates the overall 

impact. The selection of main flows can also be biased toward one or a subset of metrics, such as 

CO2-equivalent emissions, thereby missing supply chain elements that dominate other metrics in 

their scope, such as water use, acidification, or eutrophication. We therefore argue that the central 

challenge in  achieving quantitative system boundary identification lies  in  moving beyond the 

predefined supply-chain approach and developing a systematic procedure for determining which 

processes in the foreground system should be included and expanded and which can be omitted.

Early efforts to address the challenge of system boundary definition (e.g., Tillman et al., 1994) 

recognized that a product system is inherently tree-shaped, with the functional unit acting as the 

root and the hotspots of material and mass flows forming the branches that expand in a stepwise 

manner. This analogy has become the standard approach in attributional LCA due to its simplicity 

and applicability, although Suh et al. (2004) demonstrated that the truncation error introduced by 
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the cutoff of small impact flows can be significant, as it ignores the economy’s infinite, circular 

nature, and suggested using a hybrid approach that integrates input-output LCAs to address this. 

The hybrid approach, while conceptually powerful, has only been adopted by a small fraction of 

LCA studies (e.g., Scown et al., 2011; Yue et al., 2016), hindered by data scarcity, complexity, and 

the introduction of aggregation errors. Consequently, researchers revisited the tree analogy through 

the implementation of computational search methods, such as the depth-first search algorithms in 

Li et al. (2014), to facilitate quantitative boundary identification and move beyond a predefined 

system boundary, which, nevertheless, could still remain limited by their deterministic nature, 

reliance on data completeness, and the conflation of mass flow with environmental importance. 

Despite these advances, boundary identification still largely remains deterministic, so that the 

uncertainty  in  inventories  and  characterization  factors  is  rarely  propagated  into  the  system 

boundary  determination  processes.  In  addition,  there  is  no  standardized  platform  or  public 

benchmark  datasets  for  systematically  evaluating  the  consequences  of  system  boundary 

determination; as a result, existing studies often rely on isolated case studies, limiting replicability 

and generalization of findings across product systems.  

Advances  in  inventory  streamlining  and  uncertainty  quantification  in  LCA have  laid  the 

technical  groundwork  for  uncertainty-informed  system boundary  identification.  For  example, 

Olivetti et al. (2013) proposed a structured under-specification approach that utilizes aggregated 

categorical-level impact information to estimate emission factors and the associated probabilistic 

distributions for missing data. This approach shows promise for application to a variety of material 

categories and can be further improved to fully quantify uncertainty  (Dai et al., 2022, 2020a; 

Rodrigues et al., 2018; Tecchio et al., 2019). Furthermore, the increasing application of machine 

learning approaches (e.g., random forest and large language models) in inventory streamlining can 

enhance  data  availability  and  uncertainty  quantification  by  predicting  multiple  values  and 

incorporating categorical information (Kumar et al., 2025; Zhang et al., 2025) , even when such 

models do not inherently output calibrated uncertainty metrics. These stochastic data generation 

approaches could thus facilitate hotspot identification based on both impact significance and data 

confidence when combined with established uncertainty propagation approaches (e.g.,  Monte 

Carlo simulation) (Olivetti et al., 2013; Tecchio et al., 2019), allowing a highly uncertain parent 
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process to be disaggregated into a set of child processes that are smaller in impact magnitude, due to 

mass conservation, and potentially with higher data confidence, thereby providing a new pathway 

for system boundary expansion and refinement. 

Here,  we propose a  conceptual,  generative algorithm to quantitatively identify the system 

boundary in LCA by exploiting the tree analogy of product systems and leveraging uncertainty-

aware inventory data,  even when fully probabilistic inventories are not readily available.  The 

algorithm begins by identifying the foreground system and then expands the system stepwise, 

guided by hotspot identification that accounts for both a process’s impact significance and data 

confidence. To study the behavior of alternative boundary rules under controlled conditions, we 

introduce a numerical boundary-analysis framework that generates synthetic product-system trees 

with explicitly modeled uncertainty. Using this testbed, we systematically assessed how cutoff 

thresholds, data quality, and foreground impact concentration (i.e., the tendency of one or a few 

foreground components to dominate total impacts) affect the final system boundary complexity, the 

iteration steps required to establish system boundaries, and the truncation error. By coupling an 

explicit  uncertainty-informed  expansion  rule  with  a  reproducible  stochastic  benchmark,  our 

proposed framework could potentially help advance the methodological transition from the current 

predefined, supply chain-based approach toward a more transparent, quantitative, and uncertainty-

consistent methodology.

2. Materials and Methods

This section is structured into two main components. Section 2.1 details the mathematical and 

conceptual framework for the proposed iterative boundary expansion algorithm, including 1) the 

modeling setup step (i.e., foreground system definition and set initialization) (Figure 1-green), 2) 

the hotspot identification step (i.e., system definition, inventory analysis for the active set, Monte 

Carlo simulation, contribution calculation, and hotspot determination) (Figure 1-purple), and 3) 

system update or end of analysis (Figure 1-blue). Section 2.2 describes the simulation design and 

synthetic product system tree configurations used to evaluate the proposed algorithm’s behavior 

under  controlled conditions of  data  quality,  foreground concentration,  and cut-off thresholds. 
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Definitions of indices, sets, and parameters are listed in Table 1, with an example case study in the 

Supporting Information. 

Figure 1. The workflow for the system expansion algorithm. Green boxes refer to modeling 

setup steps, purple boxes refer to hotspot identification steps, and blue boxes refer to system 

update or end of analysis. 
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Table 1. Definitions of indices, sets, and parameters for the method and examples using the 

homemade pizza illustrative case study.

Symbol Definition Example: Homemade pizza*

n
Progression of boundary refinement index, 
starting at n = 0 for the foreground system

n = 0 is the initial “Home Preparation” stage that 
includes processes from the questionnaire results

u A process node k = 14 for process “Households robot energy use 
(kWh)” and activity level A14 has a mean value of 
0.111 and a standard deviation of 0.060 

k Index for a specific process
Ak Activity level for element k
c Index for a specific impact category Global Warming Potential (GWP100)

EFk
c Emission factor of flow k for impact 

category c
kg CO2-e per kWh of electricity has a mean value of 
0.154 and a standard deviation of 0.082

M Number of Monte Carlo draws per run 10,000 

A -Setn
Set of currently active expandable 
processes at iteration n

Processes identified as hotspots at iteration n-1or 
foreground process for n = 0

C -Setn
Set of cut off processes that were evaluated 
as no hotspots at iteration n

Processes that are kept aggregated because they are not 
important under the chosen hotspot rule

T -Setn
Set of terminate processes that are not 
expandable (credit or direct emissions)

Final contributions that do not need further 
disaggregation 

Sysn

Modeled system representation at iteration 
n: 
Sysn=ASetn∪CSetn∪TSetn

The current modeled system boundary for the pizza 
calculation at iteration 0.

ik,n
(m,c ) Impact of process k in Monte Carlo draw 

m for category c
kg CO2e emissions from process “Mozzarella cheese 
(kg)” in the sample m= 100 is 0.472

In,|¿(m,c )|¿
Absolute total system impact at iteration n, 
Monte Carlo draw m for category c

Sum of absolute impacts at iteration m = 100 is 1.590

sk,n
(m,c )

Share of contribution from process k at 
iteration n, Monte Carlo draw m, 
category c

At m = 100, process “Pizza baking energy use (kWh)” 
has a share of contribution of 0.154

θs
Threshold for hotspot identification based 
on mean share of contribution Process “Mozzarella cheese (kg)” is identified as a 

hotspot process, as its Sk
❑ is 0.261 and is larger than 

the predefined threshold θs=¿0.05Sk
c Draw-wise absolute shares (mean of sk,n

(m,c )

over Monte Carlo draws M )

π Percentile used to compute Sk
c(π ) 0.95 

θs(π )
Threshold for upper-tail-based hotspot 
identification

Process “Olive oil (kg)” is identified as a hotspot 
process as its Sk

c(0.95) is 0.067 and is larger 

than the predefined threshold θs(0.95) = 
0.05

Sk
c(π )

Contribution to quantile calculated as a 
quantile-based score at percentile π  

*A case study using a homemade pizza is shown in Supplementary Information. 
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2.1 The Proposed Framework

2.1.1 Goal, Scope, and Foreground System Definition

The model setup step in the proposed framework involves defining the foreground system by 

applying cutoff rules to elements such as capital goods or infrastructure and specifying hotspot 

analysis thresholds. In terms of scope, as in the current LCA workflow, the system boundary is 

defined by the research goal and the available time and effort budget. The key output of this stage is 

a well-defined set of flows, including technosphere inputs (i.e., material input, energy input, and 

transport  activities)  and  elementary  flows  (e.g.,  direct  emissions)  located  at  the  edge  of  the 

foreground system and forming the initial set of candidates for iteration in the system boundary 

expansion. (i.e., ActiveSet0) (Figure 2a).

2.1.2 Step-by-step Iterative Hotspot Analysis

With a defined  ActiveSet0,  the algorithm enters  its  main iterative loop.  For a selected 

environmental impact category c, the workflow for each iteration 𝑛 is as follows:

I. System Definition. At iteration 𝑛, the full system is defined as: 

Sysn=A -Setn ∪C -Setn∪T -Setn .
(1 )

where A -Setn contains the active set that includes current expandable processes, which 

can be material/energy input, transportation, or elementary flows that are either defined in 

the foreground system (for  n = 0) or expanded from previous hotspots (for  n > 0); the 

C -Setn is a set of cut-off processes that were evaluated in a previous iteration but were not 

identified as hotspots at previous iterations; and T -Setn is a set of processes that are not 

expandable (i.e., of type of credit or direct emissions). Initialization uses  C -Set0=∅ 

(Figure 2a). 

II. Inventory and impact analysis for the A -Setn. This step involves the collection of activity 

level data (e.g., the amount and uncertainty of mass input, transportation distance, and 

energy usage) and the emission factors for the processes in the A -Set. For example, for 

each process uk, the activity level Ak can be modeled as a normal distribution: 
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Ak Normal (μA,k ,σ A,k
2 )

(2 )

where σ A,k
2  could represent measurement uncertainty. The process’s emission factor for the 

impact category  c can be modeled as a lognormal distribution for positive emissions, 

representing data uncertainty from inventory assessment:

EFk
c lognormal (μEF ,k

c , (σEF ,k
c )2)

(3 )
as shown in Figure 2b. Any alternative distributional 

form (e.g., truncated normal, beta, gamma, empirical bootstrap distributions) can be 

substituted when more appropriate—the hotspot decision rule remains unchanged in 

structure.

III. Monte Carlo simulation. A Monte Carlo simulation with  M  runs is then performed on 

Sysn. For each run, a value is sampled from the probability distribution of the activity level 

and the corresponding emission factor of every process, yielding process level impact ik
m,c 

that calculated as:

ik
(m,c )=Ak

(m ) ⋅ E Fk
m,c

(4 )

and absolute total system impact In,m
c  calculated as:

I
n,|¿(m,c )|= ∑

k∈Sysn

|ik(m,c )|¿ (5 )as shown in Figure 2c. 

IV. Contribution  Calculation.  Using  the  Monte  Carlo  outputs  for  each  process  for  each 

sampling iteration m, the algorithm computes the share of contribution of process 𝑘 in draw 

𝑚 as:

sk,n
(m,c )=

|ik (m,c )|
In,|¿|(m,c )∈ [0 ,1 ] , ∑

k∈Systemn

sk,n
m,c=1¿

(6 )

as shown in Figure 2d.

V. Hotspot Identification. Each process  uk∈ A -Setn is evaluated against two predefined 

cutoff thresholds based on the contribution share  sk,n
(m,c ),  i.e.,  the mean-based share of 

contribution Sk
c calculated as: 
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Sk
c=E [sk,n(m,c ) ]≈ 1

M
∑
m=1

M

sk,n (m,c )

(7 )
and the upper-tail-based shared of contribution Sk

c (π ): 

Sk
c (π )=Pπ (sk(1 ,c ) ,…,sk

(M ,c ) )
(8 )

where Pπ (⋅) is the empirical 𝜋-percentile (e.g., 𝜋 = 95 or 

99). A process is identified as hotspot if

Sk
c>θSOR Sk

c (π )>θs(π )

(9 )
where θS and θs(π ) are two of the predefined threshold similar 

to the cutoff rule, as illustrated in Figure 2e and 2f.

Figure 2. Workflow for an iteration step in the proposed system expansion algorithm.

Typically, in step II, the emission factors could be determined by using cradle-to-gate emission 

factors, including system processes in existing databases (e.g., ecoinvent  (Wernet et al., 2016)), 

results of literature meta-analysis (e.g., the carbon footprint of food in different life cycle stages of 

foods  reported  in  (Poore  and  Nemecek,  2018),  and  LCA-ready  results  (emission  factors  of 

transportation by different vehicles in the GREET model (Wang, 1999)), computed by proxying 

approaches, or using categorical information. Categorical variables (e.g., technology type, region, 

material/process class) can also be used to parameterize conditional distributions for uncertain 

inputs (e.g., conditional means and CVs for emission factors) (Dai et al., 2022). These conditional 

distributions can then be sampled within the Monte Carlo framework used by the hotspot criterion. 
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In step IV, the upper-tail-based share of contribute condition represents a high-end (upper-tail) 

estimate of process 𝑘’s absolute impact-share under uncertainty. For example, for the threshold 

θs(95)= 0.05, the identified hotspot processes’ 95th percentile of share of contribution needs to be at 

least 5%. Thus, using upper-tail-based criteria identifies processes that may be important in the 

upper-tail of plausible outcomes driven by a large uncertainty level, even if their mean-based share 

of contribution (i.e., Sk
c ) is below its corresponding threshold. The thresholds are expected to be 

context-dependent (study goal, acceptable effort/expected accuracy), and the algorithm can be re-

run with updated threshold settings to pursue higher resolution

2.1.3 Convergence Check and System Update

In the last step, we check whether any hotspot processes are identified under the selected 

criteria. If hotspots are present and the study goal/scope allows further resolution of upstream 

flows, the system can be updated: non-hotspot processes are moved from A -Setn to C -Setn+1; 

hotspot processes are first disaggregated into their upstream constituent unit processes, and then put 

into  A -Setn+1,  elementary  flows  are  treated  as  non-expandable  and  moved  to  T -Setn+1. 

Optionally, an in-loop update can be performed when early hotspot results are deemed inadequate 

for the intended analysis resolution (Figure 1). The algorithm is considered converged when no 

hotspots are identified. If additional resolution is desired, this can be pursued by lowering the 

hotspot thresholds and re-running the hotspot expansion within the same study boundary. 

2.2 Simulation Design. 

To demonstrate and examine the behavior of the proposed algorithm, we generated synthetic, 

rooted process trees with different configurations characterized by a set of parameters that control 

the data quality, hotspot concentration, and cutoff rules, as listed in Table 2. We first assign each 

foreground process an absolute mean impact from the sampled foreground shares and specify its 

uncertainty using pedigree-based coefficients  of  variation.  We then expand hotspot  nodes by 

generating child-process impacts whose draw-wise totals are constrained to the parent’s empirical 

quantiles [Q05 ,Q95 ]and rescaled proportionally (i.e., children’s total impact is calculated based on 

the  parent  mean  and  uncertainty),  so  upstream impacts  inherit  both  the  parent’s  magnitude 
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distribution and its uncertainty structure. This synthetic data was used to produce results shown in 

the subsequent section. 
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Table 2. Simulation configurations

Parameter Value Note

M 2,000
Number of uncertainty samples used to estimate process-level impacts and 

compute hotspot metrics

Nrun 200 Number of independent synthetic tree realizations per configuration

N0 10 Number of processes in the initial foreground system

𝑙

Material (lM) [4,8]

Number of child processes

Energy (lE) [2,4]

Transport (lT) [2,4]

Direct Emissions 1

Credit Optional

α {0.55 ,0.175 ,2.95}Smaller values means more concentrated foreground contributions

bt

Material 120
Sets the absolute impact scale for the initial foreground nodes; subsequent 

child impacts are generated by scaling parent impacts.
Energy 80

Transport 60

θs=θs(π )

{0.01 , 0.05 , 0.1 ,

0.15 , 0.2}
Hotspot thresholds

π
{0.5 ,0.6 ,0.7 ,0.8 ,

0.9 ,0.95 ,0.99}
Percentile level used to compute Sk

c(π )

P() [Q5, Q95]

For each disaggregation, the draw-wise sum of child impacts is clamped to 

the parent’s [𝑄5, 𝑄95] interval

(based  on  the  parent’s  mean/uncertainty),  then  children  are  rescaled 

proportionally

CV

High 0.253

Pedigree-based coefficient of variation values (CV). Higher CV scenarios 

represents higher effort level in a LCA

High-Median 0.281

Median 0.563

Median-Low 0.785

Low 1.532
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In detail, first, for the model initialization, the foreground system is designed with N ₀ processes 

directly under a conceptual root node (i.e., the functional unit) (Figure 3a). The share of each node 

ωₖ is sampled from a Dirichlet distribution:

(ω1 ,…,ωN0
)∼Dirichlet (α ,…,α )

(10 )

So ∑
k=1

N0

ωk=1.The concentration of the relative share among the N ₀ initial foreground nodes is 

linked to the value of the archetype factor α: a smaller α generates more concentrated foreground 

contributions. The relative foreground shares of each node ωₖ were then converted into absolute 

mean impacts of processes ík,0by multiplying a type-specific base intensity bt (k) by the node’s 

foreground share ωₖ, with multiplicative lognormal noise εkto represent structural heterogeneity

Ik,0=bt (k ) ⋅ωk ⋅ εk , εk∼Lognormal (0 ,σ ε
2)

(11 )

The constants bt (k) are selected for the synthetic testbed to impose a realistic ordering of typical 

magnitudes across process types and are not calibrated to any specific dataset. Then we sample the 

M-length Monte Carlo impact vector ik,0
(m ) based on the uncertainty information of a process, which 

is assigned through a coefficient of variation (CV) following the widely used pedigree approach in 

the LCA community. Typically, the CV is sampled from a lognormal distribution centered on the 

pedigree  mean  CV  for  the  selected  data-quality  scenario,  with  CV  values  obtained  from 

Frischknecht et al.(2007). Energy and transport nodes are treated as one data-quality level better 

than the nominal scenario when applicable, to reflect better-characterized utilities and transport 

datasets typically. Each node’s uncertain impact is then represented by an M-length Monte Carlo 

impact vector (Figure 3b and Figure 3c).

Second, for the expansion of each hotspot process, each expandable process can generate a fixed 

bundle of candidate children: lMmaterial-type children, lTtransport-type children, lEenergy child, 

one  direct-emission  child,  and  one  optional  credit  child  (Figure  3d).  To  ensure  hierarchical 
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consistency (children collectively representing a plausible decomposition of the parent), as shown 

in Figure 3e and Figure 3f, we clamp the draw-wise sum of child impacts to the parent’s empirical 

Monte Carlo quantiles [Q05 ,Q95 ], and then rescale children proportionally so that the child total 

matches the clamped value. This preserves the relative composition among children while enforcing 

a bounded parent–child relationship.

Finally, we apply the iterative boundary-expansion algorithm and the stopping rules described 

in Section 2.1 and Figure 1 across a grid of cutoff thresholds θ and upper-tail percentiles π (see 

Table 2). For simplicity, we set the mean-share and tail-share cutoffs equal, i.e., θŚ=θs(π )=θ. At 

each refinement iteration n, the algorithm updates the modeled system boundary by expanding 

nodes classified as hotspots and aggregating the remaining nodes into the cutoff set, while enforcing 

hierarchical  consistency of  parent–child  impacts.  This  iterative  procedure  continues  until  the 

stopping rules in Section 2.1 are satisfied, and the final boundary is used to compute the hotspot 

metrics and truncation performance for each (θ ,π )configuration.

To  benchmark  simplified  boundary  settings,  we  treat  the  most  conservative  configuration 

(θ=0.01 , π=0.99 )as a reference boundary. Performance of alternative settings is evaluated 

relative  to  this  reference using common random numbers:  each node ID is  assigned a  fixed 

stochastic  stream  so  that  differences  across  methods  reflect  boundary  decisions 

(retention/expansion) rather than Monte Carlo noise. For each parameter setting we run  Nrun

independent replicates (Table 2) and report outcome metrics including final-system node count, 

iteration depth, and truncation error.
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Figure 3. Illustration of the simulation of process expansion

3. Results

Overall, the results of the expansion behavior of the synthetic systems show that, under the 

selected  synthetic  configurations,  1)  the  applicability  of  the  proposed  algorithm  for  system 

boundary expansion and 2) the effectiveness of the stochastic simulation framework as a testbed for 

examining the impact of the system configurations.

First, the algorithm for the stochastic simulation of the life cycle system boundary expansion 

performs as designed. Our results show that the cutoff threshold  θ (i.e., the predefined cutoff 

criteria for both mean share of contribution Sk
c and tail share of contribution Sk

c (π )) governs the 

speed and extent of system expansion: larger  θyields fewer expansions,  earlier stopping, and 

therefore smaller final systems; smaller θ sustains expansion over more iterations and transfers a 

larger fraction of total absolute impact from the active set into the cutoff and terminal sets. As 

shown in Figure 4a, the cumulative absolute-impact share carried by the active set decreases rapidly 

over the first iterations, while the cutoff and terminal sets first increase and then stabilize as the 

algorithm approaches termination until no remaining hotspots can be identified. This is consistent 

with the design that at each expansion step, nodes that do not meet the hotspot criterion are 
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transferred to the cutoff set, while nodes that meet the criterion are replaced by newly generated 

upstream children.  Meanwhile,  terminal  contributions  (e.g.,  direct  emissions  and credits)  are 

immediately removed from the active set and accumulated after each expansion. Second, as shown 

in Figure 4b, the total number of nodes in the final system and the iteration count drop sharply as θ 

increases, as a result of fewer frontier nodes being identified as hotspots. Keeping  θ fixed, the 

number of nodes that are identified as hotspots by the upper-tail-based rule as tail-percentile (i.e., 

π) increases, resulting in larger final boundaries and more iterations. 
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Figure  4.  Convergence  behavior  under  iterative  thresholding.  (a)  Mean  cumulative 

absolute-impact share by iteration for different cutoff thresholds (b) Median final system size 

(nodes) versus threshold θ across boundary percentiles π(marker size indicates iteration count).

Second, the overlay of the product system under different cutoff thresholds (θ) shows that where 

additional effort is incurred depends on the cutoff rule. Branch truncating can occur in the initial 

steps: For a concentrated system (archetype = 0.55, figure 5a) and a large cutoff threshold (θ = 0.20, 

black dots), a few foreground system processes (i.e., the stars with no black dots connected) can be 

directly moved to the cutoff sets due to their small magnitude of impact. In addition, Foreground 

processes can also be truncated in a more evenly distributed foreground system when the cutoff 

threshold is  large but  via a  different  mechanism. As shown in Figure 5b,  only 4 foreground 

processes were left for expansion in the foreground system with θ = 0.20. This indicates that several 

of the excluded processes are comparable in magnitude but their individual mean contribution fall 

below the cutoff threshold, demonstrating that a coarse analysis with a high cutoff may not be 

appropriate for such a diffuse system. 
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Figure 5. Layered system boundary graphs under two archetype settings (a concentrated 

foreground system (i.e., (a) foreground impact is dominated by a few key processes) with 

archetype = 0.55 and (b) a diffuse foreground system with archetype = 2.95). The baseline system 

with θ = 0.01 is plotted on the bottom layer with systems with a larger cutoff threshold stacked 

on top of it. A smaller threshold creates a more complete system that partially overlaps with the 

system generated based on a larger threshold, and the non-overlapping parts reveal where the 

additional effort is located. Data quality is median (CV = 0.563)
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Lowering the threshold and applying a stricter cutoff rule, on the other hand, could create a large 

frontier and cause the total number of generated nodes to grow rapidly. This occurs because each 

retained parent process can generate multiple candidate child processes, which is consistent with 

the steep increase in total/final node counts in Figure 4b. The expansion of the system can follow a 

different pathway depending on the archetype of the foreground system: With more concentrated 

foreground contributions (lower archetype), system boundary refinement is pulled into a small 

number of dominant branches, producing deeper development along a few pathways (Figure 5a); 

With more diffuse foreground contributions (higher archetype), no single branch dominates and 

lowering the  threshold distributes  expansion across  more  regions  of  the  network and admits 

additional  secondary  pathways,  showing  a  broader  and  more  distributed  system  boundary 

refinement  (Figure  5b).  Once  the  threshold  is  lowered,  additional  nodes  appear  outside  the 

dominant flows (including deeper nodes with intermediate inclusion thresholds), indicating that 

applying the traditional main supply chain-only system boundary determination method could 

truncate cumulative background contributions,  especially for  diffuse systems where no single 

branch dominates.

At  last,  our  results  show that  larger  final  systems  are  consistently  associated  with  lower 

truncation error (compared to the reference system with high data quality, θ = 0.01 and π=0.99), 

indicating a stable trade-off between the effort to expand the modeled boundary and the accuracy 

gained from increased coverage of total impact. As shown in Figure 6, lowering the cutoff threshold 

θ shifts results toward larger final-system node counts and systematically reduces truncation error. 

With a fixed θ, increasing the tail percentile π  (from P50 to P99, colored circles) yields additional 

reductions in truncation error by adding the more potentially important but uncertain processes 

through the upper-tail-based rule. The cost of these gains depends strongly on data quality: under 

lower-quality data, between-run variability increases (shown as wider error bars) and achieving the 

same  truncation  error  target  requires  substantially  larger  boundaries,  implying  a  higher 

computational and data-collection burden. The truncation error can exceed the nominal net impact 

of the functional unit (100 units) because it represents the cumulative absolute mismatch across the 

entire system frontier. In systems with high data uncertainty and significant internal trade-offs 

(positive and negative impacts), the total absolute magnitude of unresolved flows often surpasses 
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the net system impact. In addition, since data quality can serve as an indicator of effort input level 

and the magnitude of truncation error as a measure of expected accuracy, the results suggest that 

selecting a harmonized expected accuracy, along with planned time and effort, and setting a cutoff 

threshold should be aligned. Limited data quality can significantly increase model complexity with 

only marginal benefits to model accuracy. It should be noted that the impact of the uncertainty-

based rule could be enhanced by setting a stricter threshold for θs(π ). 

Figure 6. Effort–accuracy trade-off under boundary cutoff and tail rules. The y-axis measures 

the truncation error, calculated as the cumulative absolute mismatch of the simulated mean 

impact of the system compared to the reference impact (θ=0.01 , π=0.99) across all nodes in 

the system frontier. Because the root process is initialized with a baseline impact of 100 units, the 

numerical values on the y-axis represent the total magnitude of error or omitted impact relative to 

this initial system value.

21



4 Discussion

In this study, we proposed two complementary approaches, i.e., a system expansion algorithm 

built on the step-wise emission factor approach and uncertainty information, which iteratively 

decides  whether  each process  should  be  expanded or  kept  aggregated  based on uncertainty-

informed  hotspot  identification  (using  both  mean  contribution  and  tail-share  criteria),  and  a 

synthetic  modeling  framework  that  generates  rooted  process  trees  with  explicitly  modeled 

uncertainty, enabling controlled testing of the proposed algorithm across different cutoff thresholds, 

hotspot concentrations, and data-quality scenarios. Together, these two approaches provide both a 

formal method for quantitative system boundary expansion and a reproducible testbed to examine 

how boundary decisions affect convergence, model complexity, and truncation error under data 

limitations, and thus provide a solution to the question of which processes should be included and 

expanded, and which can be omitted. Depending on the study scope, the proposed algorithm can 

potentially be applied at three levels of expansion depth, including 1) expanding until convergence 

in a full,  comprehensive LCA as designed, 2) terminating after iteration 1 and applying it to 

highlight the main uncertainty sources within the results for early-stage products or for eco-labeling 

using a simplified LCA method (e.g., food eco-labeling using ingredient emission factors (Dai et al., 

2020b)), and 3) expanding only selected hotspots, similar to current main-supply-chain-based LCA 

practices,  and using the proposed algorithm to justify or  acknowledge the choices of  system 

boundary. 

The system expansion algorithm could potentially provide a way to document and report the 

intermediate iteration history of boundary selection decisions by explicitly connects the four phases 

of  LCA—goal  and  scope  definition,  inventory  assessment,  impact  assessment,  and  result 

interpretation—into a repeatable iterative workflow as each iteration recomputes a processes’ 

contribution under uncertainty and uses uncertainty-informed hotspot results to determine which 

processes should be expanded to update the system boundary. LCA is designed as a dynamic, 

iterative method in ISO 14044, but such practices are not yet well-practiced or documented. For 

example, published LCA case studies commonly use a static, predefined system boundary, which 

could result in limited traceability and reproducibility across studies due to variability in how 

boundary decisions are made and reported (Bamber et al., 2019; Scrucca et al., 2020). Current 
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standards  primarily  require  describing  and  documenting  the  final  system boundary  and  any 

exclusions  (Wolf  et  al.,  2012).  By making each iteration of  boundary-expansion explicit  and 

reportable,  the  structured  approach  could  potentially  help  improve  the  transparency, 

reproducibility, and accessibility of a LCA study.

In addition, using the proposed approach could potentially help emphasize the integration of 

uncertainty analysis into LCA, transforming it from an optional—and often neglected—step into a 

core driver  of  the modeling process.  Including the upper-tail-based cutoff rule  first  creates  a 

placeholder for processes that practitioners have low confidence in, but that may still be important 

in the LCA analysis.  Keeping all  processes in the system could help address the paradoxical 

situation in the current impact-based cutoff method, where the negligibility of cutoff processes 

cannot be guaranteed without first measuring them. The algorithm can be applied in scenarios with 

both high acceptable uncertainty (e.g., initial screening and future-oriented LCA for products at the 

research and development stage) and low acceptable uncertainty (e.g., validating system boundary 

choice in a comprehensive LCA), depending on the defined goal and scope of the study. Typically, 

in early-stage eco-design applications, the framework’s boundary prioritization could be combined 

with parametric LCA models by ensuring that parameter-driven optimizations are focused on the 

most relevant variables within a rigorously defined, uncertainty-adjusted system. This is aligned 

with recommendations to better characterize uncertainty and data granularity (Ross and Cheah, 

2018) meanwhile still overcome the drawback of using mass or energy based cutoff rules, as in Li et 

al., 2014, as a low amount of input does not necessarily imply low impact. 

The proposed synthetic testbed, on the other hand, provides a pathway to examine how key 

parameters, including the cutoff threshold, incorporation of uncertainty, and foreground impact 

concentration, affect system boundary expansion under controlled conditions where empirical 

studies  are  often  limited  by  data  and  resource  availability  and  modeling  constraints.  We 

quantitatively  showed  1)  that  the  cutoff  threshold—the  importance  of  which  has  long  been 

acknowledged in LCA literature and standards  (ISO, 2006a; Suh et al., 2004; Suh and Huppes, 

2005; Tillman et al., 1994) —is the primary determinant of convergence and model complexity, 2) 

that  tail-sensitive  boundary  expansion  help  reduce  truncation  error  by  retaining  uncertain 

contributors, particularly under lower data quality, which is consistent with uncertainty-focused 
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perspectives on granularity effects on LCA outcomes (Ross and Cheah, 2018) and aligns with prior 

arguments that uncertainty-informed boundary selection can reduce the risk of invalid results from 

excluding upstream processes assumed to be negligible. For example, Suh et al., (2004) emphasize 

that the negligibility of cutoff processes cannot be guaranteed, and that small mass/energy does not 

necessarily imply negligible impacts. Importantly, although the final system size is expected to 

increase  as  the  cutoff rule  becomes  more  stringent  (i.e.,  the  threshold  value  decreases),  our 

framework  adds  methodological  value  by  formalizing  the  size–cutoff  relationship  and  by 

incorporating an uncertainty-informed upper-tail  hotspot criterion into the complexity control 

alongside the current solely mean-based criteria. Together, these elements help explain how tail-

sensitive criteria can reduce truncation error, especially in low-data-quality scenarios, rather than 

merely producing different model sizes. Furthermore, we also show that the archetype mainly 

changes the dispersion of additional effort across branches, which suggests that boundary choices 

focused  on  the  main  supply  chain  may  under-cover  distributed  background  contributions, 

particularly in diffuse systems, enhancing understanding from hybrid LCAs showing that limited 

process-tree boundaries and truncations can miss meaningful contributions arising from broad 

upstream networks.

In addition, the synthetic simulation method enables detailed comparisons across parameter 

settings. As a result, differences in final boundary size, iteration count, and truncation error can be 

attributed  to  modeling  choices  (e.g.,  the  cutoff thresholds  and decision  rules)  rather  than  to 

uncontrolled  differences.  The  platform generates  synthetic  but  structurally  plausible  product-

system trees with explicitly modeled uncertainty, executes alternative boundary rules, and records 

step-wise  system composition  (i.e.,  contributions  from the  active,  cutoff,  and  terminal  sets), 

expansion events, and outcome metrics. As such, the platform functions as a theoretical testbed for 

studying  boundary-expansion  behavior  and  benchmarking  boundary-definition  strategies, 

complementing broader methodological literature that often relies on case-based evaluation rather 

than fully controlled synthetic benchmarks (e.g., Bala et al., (2010); Douziech et al., (2021); Wang 

et al., (2021)). It should be noted that the quantitative findings using the synthetic simulation should 

be interpreted as characterizing how the proposed boundary-expansion logic behaves under the 

selected  synthetic  configurations  (including  the  assumed  tree-generation  and  uncertainty 
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structures), rather than as general properties of real LCA product systems. Therefore, generalization 

to applied LCA settings requires further empirical testing using real inventories and disaggregation 

resolutions consistent with the algorithm’s expansion requirements.

Several limitations of the proposed framework need to be addressed in future research. First, the 

requirement for stage-wise emission factors, uncertainty information, and disaggregated child-node 

data complicates the integration of the proposed approach into the existing LCA framework. The 

algorithm relies on emission factors that represent a process’s cradle-to-gate impact, which are only 

available for some sectors, e.g., the food system has open-source data for each of the life cycle stages 

as summarized in Poore and Nemecek (2018). In addition, uncertainty data is scarce in the current 

LCA literature. This data limitation makes our algorithm future-oriented. Future studies can use the 

proposed  framework  as  a  foundation  for  LCA automation  by  addressing  two  key  steps:  (1) 

automating process decomposition, which converts system processes into unit processes during 

system expansion, and (2) automating proxy data usage for hotspot identification. The first may be 

achieved using Large Language Models (LLMs) trained on technical manuals, patent descriptions, 

research literature, and existing databases, while the second could be enhanced using machine 

learning  approaches.  For  example,  LLMs  or  techniques  such  as  Gaussian  processes  could 

systematically generate suitable proxies from product characteristics and quantify their associated 

uncertainty (Dai et al., 2022; Kumar et al., 2025; Zhang et al., 2025). Pursuing these advancements 

would streamline the LCA workflow and fundamentally enhance the replicability and transparency 

of the results. Notably, the present study is not based on a specific machine-learning/categorical 

pipeline; it uses synthetic uncertainty models to test the boundary-expansion logic.

Furthermore, a recognized limitation of the current framework is its primary focus on system 

boundary expansion; complex accounting scenarios—such as multifunctionality, multi-product 

allocation, and end-of-life recycling—were not addressed and remain areas for future research. 

Handling multifunctional processes (e.g., a refinery producing gasoline, diesel, and heavy oils) 

remains one of the unresolved methodological challenges in LCA (Guinée et al., 2021). The current 

main method is the allocation-based approach, which splits the multifunctional process into virtual 

monofunctional processes using a set of allocation factors. However, determining these factors 

often relies  on subjective,  value-laden choices,  and choosing to partition a process based on 
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physical properties (e.g., mass or energy content) versus economic value can drastically alter the 

resulting environmental footprint of the coproducts (Guinée et al., 2021; Heijungs et al., 2021). 

Adapting the iterative, uncertainty-informed algorithm proposed in this study may eventually offer 

a  natural  computational  alternative  to  subjective  allocation.  Specifically,  the  algorithm could 

systematically trace substituted market processes (e.g., alternative energy production) until their 

uncertainty-adjusted impacts fall below the cutoff threshold. This would allow a rigorous mapping 

of the avoided burden, completely bypassing the need for subjective partitioning factors, and would 

be consistent with international ISO standards for system expansion. Extending the framework to 

systematically incorporate and resolve these methodological challenges is an essential next step to 

bridge the gap between exploratory analysis and objective policy applications.

At last, it should be noted that significant negative emissions or highly permissive thresholds 

pose mathematical challenges to algorithm convergence. In typical LCAs, splitting a hotspot into 

child processes distributes the impact, leading to a natural stabilization where the algorithm stops 

finding new hotspots. However, convergence may become unstable if significant credits are present 

(e.g., direct air capture or bioenergy carbon removal and storage (Dai et al., 2025; Hunter-Sellars et 

al., 2026) because cancellation makes absolute contribution rankings non-monotonic. Very low 

thresholds may also cause the algorithm to chase borderline contributors deeper than practically 

useful. In scope-limited studies, convergence should be reframed as the stabilization of relevant 

hotspot changes, reported alongside Monte Carlo uncertainty within the truncated boundary.

Conclusion

This  study  introduces  a  conceptual,  uncertainty-informed  framework  for  iterative  system 

boundary expansion in life cycle assessment (LCA) by providing a clear, repeatable workflow to 

determine which processes should be included and expanded, or omitted in a product system 

through quantitative rules of hotspot-based expansion and impact-based cutoffs, leveraging the 

inherently  tree-shaped  structure  of  upstream  flows.  Our  methodology  inherently  encourages 

practitioners to document the evolution of the system boundary and to incorporate uncertainty 

analysis throughout the system boundary updating process, which could potentially improve the 

transparency, reproducibility, and accessibility of LCA studies. We recommend that practitioners 
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adopt this transparent approach by explicitly reporting iterative boundary decisions rather than 

predefining a main supply-chain-focused system boundary and only reporting the final exclusions. 

Future research should focus on streamlining this workflow by automating process decomposition 

and proxy data generation using advanced machine learning or large language models and by 

expanding the algorithm to handle complex accounting scenarios, including multifunctionality and 

computational solutions to allocation problems. 

Supplementary Information 

A case study demonstrating the system expansion algorithm, with full R code, is available in the 

Supplementary Information. 
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