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Abstract

While ecodesign relies on multi-impact life cycle assessment (LCA),
carbon-driven evaluation of digital systems often overlooks the
mineral-intensive nature of electronics manufacturing and the struc-
tural relevance of abiotic depletion potential for elements (ADP-e).
This paper assesses the structural importance of ADP-e alongside
global warming potential (GWP) under the EF 3.1 methodology
and quantifies their statistical alignment across digital system com-
ponent categories. Based on life-cycle inventory data from ecoin-
vent 3.11 and CODDE databases, we perform a comparative LCA on
205 electronic components and systems. The relationship between
GWP and ADP-e is analyzed using Pearson and Spearman corre-
lation coefficients. Our results show a statistically significant but
weak global correlation between GWP and ADP-e, indicating that
carbon footprint provides limited predictive insight into mineral
resource depletion. This weak alignment is especially evident at
the component level, where batteries, semiconductors, passives,
and displays exhibit little or no significant correlation, whereas
stronger dependencies appear only at the system level. These find-
ings support the systematic inclusion of ADP-e alongside GWP
as a co-primary indicator in digital systems ecodesign, prevent-
ing carbon-driven optimization from masking material resource
trade-offs.
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1 Introduction

Information and communication technology (ICT) accounts for
a significant share of global greenhouse gas emissions [4] and
contributes to a rapidly growing electronic waste stream that is
increasing by 3-5% annually with limited recycling efficiency [9].
These impacts are largely driven by the production and use of
digital systems and their components, which entail both energy
consumption and material extraction across manufacturing, use,
and end-of-life phases. Enhancing the environmental sustainability
of digital systems therefore requires minimizing lifecycle impacts
while maximizing resource efficiency for a given functional service.

In the current race toward industrial decarbonization, environ-
mental performance of digital systems is often reduced to carbon
footprint alone. This carbon-centric approach is reflected in the
architectural sustainability indicator (ASI) for computing architec-
tures, which is defined solely in terms of embodied carbon [11],
and in the tendency to equate sustainable artificial intelligence (AI)
with low-carbon AT [14]. Yet digital systems are also highly mineral-
intensive, relying on scarce metals and critical materials whose ex-
traction poses long-term resource and geopolitical challenges [10].
In contrast, the life cycle assessment (LCA) framework enables
the simultaneous assessment of multiple environmental impact
categories within a standardized methodological structure [6].

To rigorously evaluate environmental performance, LCA pro-
vides a structured methodology standardized by International Orga-
nization for Standardization (ISO) 14040/44, structured around goal
and scope definition, life cycle inventory (LCI), life cycle impact
assessment (LCIA), and interpretation. The LCI phase quantifies
elementary flows of materials, energy, and emissions associated
with delivering a defined functional unit. During LCIA, these flows
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are then translated into contributions to environmental impact cat-
egories through the application of characterization factors (CFs).
Environmental databases such as ecoinvent! and Bureau Veritas
CODDE? provide the inventory data enabling this conversion.
Ecoinvent is a commercially licensed, peer-reviewed LCI database,
while CODDE is a commercial database specializing in electronics.
Several LCIA methodologies exist, among which Environmental
Footprint (EF) 3.1 constitutes the current harmonized standard
for Product Environmental Footprint (PEF) studies in the EU [3].
Developed by the European Commission’s Joint Research Cen-
ter (JRC) [2], it defines 16 midpoint impact categories, including
climate change measured by global warming potential (GWP) and
mineral resource depletion measured by abiotic depletion potential
for elements (ADP-e).

Prior research has investigated whether GWP can serve as a
proxy for broader environmental performance across sectors [8].
Within digital technologies, multiple LCA studies on components
and systems report trade-offs between GWP and ADP-e across alter-
native design choices [1, 7, 13, 15]. However, there is no systematic,
component-level assessment that jointly evaluates the structural
importance of ADP-e and its statistical alignment with GWP across
contemporary life-cycle databases.

In this paper, we examine two complementary questions:

(i) whether ADP-e represents a structurally significant impact

category for digital systems relative to GWP, and

(if) whether GWP can act as a reliable proxy for ADP-e across

digital components and systems.
Using the JRC normalization and weighting scheme, 205 electronics-
related flows are evaluated to determine the relative contribution
of ADP-e across the 16 midpoint impact categories defined by
EF 3.1. The relationship between GWP and ADP-e is quantified
using Pearson and Spearman correlation coefficients at both global
and component-category levels across the ecoinvent and CODDE
databases. Results indicate that ADP-e represents a structurally
significant impact for digital systems while exhibiting weak statis-
tical alignment with GWP across most hardware families. Together,
these findings show that carbon-centric optimization cannot re-
liably substitute for mineral resource considerations. They also
justify the systematic inclusion of ADP-e alongside GWP in digital
systems ecodesign.

The remainder of the paper is organized as follows. Section 2
reviews related literature. Section 3 examines the structural impor-
tance of ADP-e and its statistical alignment with GWP in digital
systems. Section 4 concludes the study.

2 Related works

GWP is widely used as a proxy for overall environmental perfor-
mance; however, available evidence suggests that this simplifica-
tion may be insufficient, particularly for digital systems. Laurent
et al. [8] investigated the validity of GWP as a proxy for environ-
mental sustainability across approximately 4,000 products from
ecoinvent v2.2, using Spearman rank-order correlation between
GWP and 13 other impact categories. Within this dataset, the au-
thors defined an electronics subcategory comprising 89 electronics

!https://ecoinvent.org/
Zhttps://codde.fr/
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components and systems, directly relevant to the present study.
They attributed the divergence between indicators to the fact that
resource depletion was driven by the consumption of scarce met-
als (e.g., copper, nickel), whose extraction intensity was largely
decoupled from fossil fuel combustion, the primary driver of GWP.

Beyond sector-wide statistical analyses, technology-specific LCA
studies reported clear trade-offs between GWP and ADP-e across
alternative design choices. For instance, the transition from hard
disk drives (HDDs) to solid state drives (SSDs) illustrated how im-
provements in mineral resource performance may coincide with
increased embodied carbon. Kim et al. [7] reported that 250 GB SSDs
achieved 86-94% lower ADP-e than equivalent-capacity HDDs due
to substantial reductions in precious metals (Au, Pd, Pt, Ru) and
95-99% lower rare earth elements. Conversely, Tannu and Nair [13]
demonstrated that SSDs exhibited approximately 8x the embodied
carbon footprint (0.16 vs. 0.02 kg CO2e/GB), resulting in 369 kg-
COgzeq total emissions for a 1 TB SSD over 10 years compared with
199 kg-COgze for a 1 TB HDD despite lower operational energy con-
sumption. These findings indicate that optimization with respect to
one indicator does not necessarily imply improvement in the other.

Similar trade-offs were observed in energy storage systems. Yud-
histira [15] reported that cradle-to-grave GWP optimization fa-
vors nickel cobalt aluminium (NCA) lithium-ion batteries, whereas
ADP-e optimization favors lithium ferro-phosphate (LFP) chemistry,
with NCA consuming roughly 3x the mineral resources of LFP de-
spite superior carbon performance. Akasapu and Hehenberger [1]
corroborated this effect by synthesizing results from over fifty LCA
studies (predominantly cradle-to-gate) on the same functional unit.
Although lithium-ion manganese oxide (LMO) performed best on
both indicators, LFP exhibited higher GWP than nickel manganese
cobalt (NMC) variants (~181 vs. ~145-168 kg CO2eq/kWh) while
maintaining lower ADP-e. Collectively, these studies show that
GWP and ADP-e frequently exhibit divergent behavior across dig-
ital technologies and design alternatives, raising questions about
the reliability of carbon-centric optimization strategies in material-
intensive systems.

3 Comparative Assessment of GWP and ADP-e

This work evaluates the adequacy of carbon-centric assessment
in digital systems through a three-step analysis: first, by establish-
ing the structural importance of ADP-e within the EF 3.1 impact
framework; second, by examining the divergence between GWP
and ADP-e across hardware components; and third, by formally
quantifying their statistical alignment. The study draws on 205
electronics-related technosphere flows from the ecoinvent 3.11 and
CODDE databases.

For component-level divergence and correlation assessment, mul-
tivariate outliers are identified using Mahalanobis distance [5] and
excluded when the squared distance exceeds )(395,2 = 5.991, yield-
ing a cleaned dataset of 197 components.

3.1 Structural Importance of ADP-e in Digital
Systems

To assess the structural importance of ADP-e within the EF 3.1
framework, normalization and weighting are applied to ensure that
impact categories are comparable and to evaluate their relative
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Figure 1: Normalized (blue, left axis) and weighted (orange,
right axis) cradle-to-gate environmental impacts of 205 elec-
tronics flows from ecoinvent and CODDE databases across
16 EF 3.1 impact categories, sorted by ascending normalized
values.

contribution to overall environmental performance [12]. Within
the EF 3.1 framework, normalization expresses each midpoint indi-
cator relative to a common reference, enabling direct comparison
across impact categories. Weighting then assigns predefined im-
portance factors to normalized impacts to facilitate interpretation
of their relative contribution. Although these steps involve nor-
mative assumptions, the harmonized weighting scheme proposed
by the European Commission’s JRC provides a standardized and
policy-relevant basis for comparative assessment.

The full set of 205 electronics-related flows is assessed across
the 16 midpoint indicators of the EF 3.1 method on a cradle-to-gate
basis. Figure 1 displays the normalized (blue, left axis) and weighted
(orange, right axis) impact contributions, sorted by ascending nor-
malized values. In both representations, ADP-e exhibits the highest
contribution among the 16 impact categories. After normalization,
GWP ranks fourth, whereas after weighting it rises to second posi-
tion, behind ADP-e. These results indicate that mineral resource
depletion constitutes a structurally prominent environmental con-
cern for digital systems within the EF 3.1 framework.

3.2 Structural Divergence Between GWP and
ADP-e in Digital Systems

GWP and ADP-e capture distinct environmental mechanisms: the
former quantifies radiative forcing from greenhouse gas emissions,
whereas the latter reflects depletion of finite mineral resources.
In digital systems, both impacts arise primarily from the produc-
tion, use, and end-of-life management of electronic components,
where energy consumption and material extraction often co-occur.
However, co-occurrence does not imply proportionality. Energy-
intensive manufacturing processes that strongly influence GWP do
not necessarily scale with the material-intensive extraction activi-
ties that drive ADP-e. Accordingly, the relationship between these
indicators warrants empirical examination.

Figures 2(a) and (b) show ADP-e as a function of GWP for the 197
components retained after outlier filtering, displayed on log-log
and linear scales, respectively. These components include printed
circuit boards (PCBs), connectors, passive and semiconductor com-
ponents, batteries, displays, and fully assembled systems. The data

12

CF Companion ’26, May 19-21, 2026, Catania, Italy

(a) Log-Log (b) Linear
T
_i” 107! 4
o
2 .
® et e
o0
S
SI: 1073 "
[m) =
<
Ll Y ) B B M | [} L] [}
10! 10% 103 0 500 1,000 1,500
GWP (kg COz-eqkg™') GWP (kg COz-eq kg™?)

< PCB
o Display

» Semi-conductor Component Full System

Battery

+ Connector
» Passive Component

Figure 2: ADP-e as a function of GWP for 197 hardware com-
ponents from the ecoinvent and CODDE databases, grouped
by hardware category. (a) Log-log representation. (b) Linear-
scale representation.

span approximately four orders of magnitude along each axis, with
substantial dispersion across the impact space. In the log-log view
shown in Figure 2 (a), a weak positive trend is visible; however, for
a given GWP value, ADP-e varies by up to two to three orders of
magnitude. In the linear-scale view in Figure 2 (b), the distribution
is dominated by semiconductors and large assembled systems, and
no clear linear relationship between the two indicators is apparent.
These observations suggest that any statistical association between
the two indicators is likely to be limited.

A pairwise comparison of component rankings reveals substan-
tial divergence: among the (137) = 19,306 possible pairs, only 59.5%
exhibit consistent ordering in both GWP and ADP-e, whereas 40.5%
produce contradictory rankings. This inversion rate confirms that
component-level environmental trade-offs are structurally embed-
ded rather than incidental.

3.3 Statistical Alignment between GWP and
ADP-e in Digital Systems

This relationship is quantified more formally by computing both
Pearson’s r, capturing linear dependence, and Spearman’s p, captur-
ing monotonic dependence and providing robustness to outliers and
non-linear transformations. Correlations are computed both glob-
ally and separately within each of the seven hardware categories
to assess whether potential divergence between indicators is uni-
form or driven by specific component families. This per-category
decomposition accounts for the fact that different component types
are governed by distinct material compositions and manufacturing
processes. Absolute correlation values below 0.3 are interpreted as
weak correlation.

Table 1 reports Pearson and Spearman coefficients for each cate-
gory; cell color encodes the absolute value of the correlation coeffi-
cient (higher absolute values in green, lower values in red). Globally,
Spearman’s p = 0.25 (p < 0.001) and Pearson’s r = 0.17 (p = 0.018)
indicate a statistically significant but practically weak correlation
between GWP and ADP-e. Per-category analysis reveals that this
overall weakness conceals markedly heterogeneous patterns across
component families. Full systems stand out as the only category
exhibiting a strong and significant correlation (p = 0.76, p < 0.001).
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Table 1: Pearson and Spearman correlation coefficients be-
tween GWP and ADP-e by hardware category (ecoinvent and
CODDE), with two-tailed p-values in parentheses.

Category n Pearson r Spearman p
All 197 0.17 (p=0.018) 0.25 (p<0.001)
'PCB 37 | 0.27(p=0.108)  0.64 (p<0.001)
Connector 40 0.60 (p<0.001) 0.14 (p=0.393)
Semiconductor 33 0.00 (p=0.995) 0.20 (p=0.270)
Full System 28 0.52 (p=0.005) 0.76 (p<0.001)
Passive 25 0.42 (p=0.038) 0.42 (p=0.038)
Battery 18 -0.29 (p=0.241) -0.09 (p=0.729)
Display 16 -0.40 (p=0.121) -0.17 (p=0.520)

This behavior is consistent with the nature of assembled devices,
which aggregate diverse sub-components whose combined mate-
rial and energy requirements tend to drive both indicators in the
same direction. Printed circuit boards (PCBs) display a significant
Spearman correlation (p = 0.64, p < 0.001) alongside a weaker
and non-significant Pearson coefficient (r = 0.27, p = 0.11), sug-
gesting a monotonic but non-linear relationship. Connectors show
the opposite pattern: a significant Pearson correlation (r = 0.60,
p < 0.001) combined with a low and non-significant Spearman co-
efficient (p = 0.14, p = 0.40) indicate that apparent linear alignment
is largely driven by scale effects rather than consistent ranking.
Passive components exhibit moderate and statistically significant
alignment (r = 0.42, p = 0.42, p = 0.038). In contrast, semicon-
ductors (p = 0.20, p = 0.27), displays (p = —0.17, p = 0.52), and
batteries (p = —0.09, p = 0.73) show weak and non-significant corre-
lations. The battery category is particularly illustrative: chemistries
optimized for energy density, such as NCA, achieve lower GWP
per unit mass than alternatives relying on more abundant miner-
als, such as LFP, but require substantially greater mineral inputs,
leading GWP and ADP-e to evolve in opposite directions. Taken
together, these results indicate that GWP-based ecodesign strate-
gies cannot be considered equivalent to optimization with respect
to ADP-e.

This structural misalignment is not merely a statistical artifact. It
can manifest in pronounced technological trade-offs. As a concrete
illustration, a cradle-to-gate comparison of display technologies
was conducted using the CODDE database with a 1 m? screen pro-
duction as the functional unit. Relative to thin-film-transistor liquid-
crystal displays (TFT-LCDs), organic light-emitting diodes (OLEDs)
exhibit an approximately ~9.24x increase in GWP but a ~142x
reduction in ADP-e. This divergence arises from fundamentally dif-
ferent impact drivers: OLED fabrication is highly energy-intensive,
increasing carbon emissions, whereas TFT-LCD structures embed
larger quantities of indium and other critical mineral resources,
increasing mineral depletion impacts. Such trade-offs are therefore
not edge cases but a structural feature of multi-indicator environ-
mental assessment, underscoring the risks of reducing ecodesign
strategies to a single impact metric.

4 Conclusion

This study demonstrates that GWP alone provides an incomplete
basis for component-level ecodesign in digital systems. Our analy-
sis reveals that ADP-e, reflecting mineral resource depletion, often
dominates the environmental profile and exhibits systematically
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weaker correlations with GWP at the component level compared to
fully assembled systems. This distinction is critical because ecode-
sign decisions in practice occur predominantly at the component
level, when selecting a display technology, battery chemistry, or
semiconductor architecture over alternatives. Concrete trade-offs
in storage devices, batteries, and displays confirm that optimizing
for carbon mitigation can simultaneously exacerbate resource de-
pletion, and vice versa. These findings establish that multi-criteria
ecodesign must jointly consider GWP and ADP-e as co-primary
metrics at the component level to avoid masking material resource
trade-offs when making design choices. The present analysis fo-
cuses on cradle-to-gate impacts; incorporating use-phase and end-
of-life stages would further strengthen the assessment. Future work
should extend this analysis to the full set of 16 EF 3.1 impact cate-
gories to identify additional trade-offs and construct more compre-
hensive design guidance for digital systems design.
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