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Abstract

Given the increasing prevalence of using product declarations issued by manufacturing
companies for product comparisons and selection in the private and public construction
sectors, both domestically and globally, there is a need to ensure the results reported in
product declarations are useful for such comparisons (i.e., transparent and standardized to
ensure quality decision making). One challenge that was identified more than a decade ago was
the lack of common data sources, which could undermine the comparability of product
declarations and similar claims. Federal agencies have begun to address this issue through the
development of public secondary datasets and gap assessments of currently available public life
cycle inventory (LCI) datasets.

This study follows and expands the framework for the identification and quantification of public
data gaps developed in NIST Technical Note 2338. The scope of this study is to (1) expand the
framework to identify public life cycle assessment (LCA) data gaps by evaluating multiple
impact categories, (2) identify and quantify the impact of each data gap across the production
supply chain of single-crystalline photovoltaic (PV) panels, and (3) provide qualitative rankings
of data gaps within the stage of the production supply chain, and for the assembled panel.
Additionally, there is a brief assessment of potential data gaps based on commercial
inventories, and of data gaps in the production supply chain of multi-crystalline silicon PV. This
study concludes with a series of research recommendations to strengthen to further develop
public LCI datasets, indicating future work to continue this effort.

Keywords

Building systems; cumulative energy demand; ISO 219130; life cycle assessment; representative
inventory; resources; photovoltaic; semiconductors; sustainability, ReCiPe 2016.
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Preface

Given the increasing prevalence of using EPDs for product comparisons and selection, both
domestically and globally, there is a need to ensure the results reported in EPDs are useful for
such comparisons. One challenge for these comparisons is the lack of common public data
sources for use in developing the LCA models used for estimating the results reported in EPDs.
This study expands a framework to identify and quantify the impacts from public data gaps that
can be implemented across any product category to assist in prioritizing data gaps to address
and applies this approach to several semiconductor products used in building systems to
identify, quantify, and qualitatively rank public data gaps.
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1. Background/ Introduction

There has been steadily growing interest from consumers, industry, local and state jurisdictions
in the U.S., and nation states globally for improved reporting of the estimated environmental
and human health impacts associated product purchases [1-5]. A common approach to
guantify these impacts is life cycle assessment (LCA), which provides a scientific methodology
for calculating potential impacts of a product or service over its entire life cycle in accordance
with the International Standards Organization (ISO) 14040 and ISO 14044 standards [6, 7].
While LCA is the quantification tool, product statements are the communication mechanism for
providing decision-makers with information about a product's environmental impacts. ISO has
established fundamental principles and requirements for various types of product statements
in 1ISO 14020 [8], including Environmental Product Declarations (EPDs), whose requirement are
further developed in ISO 14025 [9].

An EPD is a standardized third-party verified document that provides LCA-based information as
well as additional information on the environmental aspects of products [9]. EPD programs are
often built for specific product categories, groups of products capable of fulfilling equivalent
functions that might require EPDs to be consistent with a distinct Product Category Rule (PCR),
in addition to the aforementioned ISO standards. Efforts to harmonize the development and
use of PCRs include ISO 14027 on development of PCRs and ISO 14029 on mutual recognition of
EPDs and footprint communication programs [10, 11], as well as the PCR Open Standard from
the American Center for Life Cycle Assessment (ACLCA) [12].

Using EPDs for documenting estimated impacts of products has been common and growing
since introduced into building rating systems [2]. Additionally, EPDs are being used as the basis
for product selection by building construction companies and building owners as well as a range
of U.S. jurisdictions and states [3, 4, 13]. Specifically, these programs require third-party verified
EPDs compliant with ISO 14025 and ISO 21930 [14] standards for life-cycle stages A1-A3, known
as “cradle-to-gate” because it includes impacts from raw material extraction through the
product manufacturing, but excludes any impact after the product leaves the manufacturing
site or “gate.” Along with domestic demand for products with EPDs, global demand is also
growing as EPDs are increasingly being required in U.S. export markets [5].

Given the increasing prevalence of using EPDs for product comparisons and selection, both
domestically and globally, there is a need to ensure the results reported in EPDs are useful for
such comparisons. One challenge that was identified more than a decade ago was the lack of
common data sources, which could undermine the comparability of EPDs and similar claims
[15]. However, secondary data sources—i.e., not specific to a manufacturer and a product—are
still lacking, and those available are often commercial products and not necessarily
representative of U.S. industrial practices.

Federal agencies have formalized collaboration to improve LCA secondary data through an
interagency initiative, the Federal LCA Commons (FLCAC) [16]. Activities of the FLCAC include
providing support to enhance standardization, measurement, reporting, and verification of LCA
modeling. These activities will assist industry in improving the transparency, trustworthiness,
and comparability of results reported in EPDs, improving their competitiveness in domestic and
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global marketplace. Some agencies have already undertaken activities to identify secondary
LCA data needs for EPD development with specific focus on construction materials. As part of
those activities, NIST developed a framework for the identification and quantification of data
gaps, and applied it across several product categories of construction materials [17].

This study is designed to complement Ref. [17] by expanding the range of potential estimated
impacts included in the framework, and corroborating that it can be applied successfully for
products other than construction materials. A building system that relies on semiconductor
materials, photovoltaic panels, has been selected to align with multiple NIST research
programs. This study can inform supply chain analysis for similar semiconductors and
semiconductor-based products, including those in the energy sector, to accelerate the accuracy
and trust in company statements claims of these products.

The scope of this study is to:

(1) Expand the existing framework to assess gaps based on mass input and ten potential
impacts, including mineral resources depletion and water use.

(2) Identify and quantify the impact data gaps across the production supply chain of single
crystalline silicon (single-Si) photovoltaic (PV) panels.

(3) Provide qualitative rankings of data gaps within and across production supply chain of
single-Si PV panels.

Additionally, insights into data gaps of multi crystalline silicon (multi-Si) PV panels are given, as
well as possible sources to fill some of the data gaps identified.



NIST TN 2350
September 2025

2. Methodology

The data gap analysis method applied here, as shown in Figure 1,is defined and explained in
detail in NIST TN 2338 [17]. What follows is the description of how this methodology was
implemented for silicon-based PV panels together with any differences relative to the original
methodology.

Public <+ FLCAC repository —
Inventor . .
. - y Commercial <4  Ecoinvent database @ —
identification
Representative <+ PVPS reports

Dataset selection for
the representative
inventory

Round robin modeling
& gap identification

Note on terminology:

Inventory = Flow + Quantity (e.g., electricity, 5 kwWh)

Dataset = Electricity; at user; consumption mix - US — US (USLCI, V.1.2024-06.0)
Model = Inventory + Datasets

Model running & gap
guantification

Figure 1. LCA Modeling Methodology Flow Diagram. Adapted from [17]

2.1. Inventory identification, representative inventory dataset selection, and round robin
modeling

The first step in the data gap assessment is the identification of available inventories—Figure 1.
Three kinds of inventories may be identified: public, commercial, and representative. The public
inventory is an inventory in the FLCAC. Unlike for some of the materials in TN 2338 [17], there
are no public inventories for the different stages of the production supply chain of PV panels
(see Figure 2). For that reason, there are no models based on public inventories in this report—
Models #1-2 in Ref. [17] (see Table 1)

A commercial inventory is an inventory taken from a commercial database. For reasons of
availability, the database ecoinvent [18] is used for this study. However, any other commercial
database could be used (Managed LCA [19], Datasmart [20], etc.). Strictly speaking, the
database does not have to be a commercial product; it just needs to be a database other than
the target, public database. Because ecoinvent is a commercial database, that is the term used
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throughout the report. Thanks to their large number of datasets, however, commercial
databases facilitate the identification of alternative inventories, becoming a “one-stop-shop”
for both inventory identification and round robin modeling. For this study, ecoinvent 3.10 [21]
was used and, when “ecoinvent” is mentioned it refers to version 3.10 unless otherwise
specified.

The representative inventory is one coming from a source other than the public or the
commercial database. Part of Task 12 of the Photovoltaic Power Systems (PVPS) Program of the
International Energy Agency (IEA) is directed towards the development of Life cycle inventory
(LCI) and LCA related data on an array of technologies related to PVs. The latest LCl on PV
systems [22] is used here to develop representative inventories for the whole supply chain of
silicon-based PV panels (see Figure 2). These inventories will be the basis for future research to
develop inventories for entire silicon-based PV systems as shown in Figure 3.

The commercial database (i.e., ecoinvent) includes similar inventories to those in PVPS based
on dated reports that were also adapted and updated by PVPS [23, 24]. Thus, the commercial
database’s inventories are not systematically evaluated here in search for data gaps as it was
done in TN 2338 [17]. For that reason, no #3 models, which use commercial inventories with
public datasets, were built in this report—see Table 1. However, #4 models, directly from the
commercial database are still used here. One reason for doing so is to highlight differences
between the two inventories, which are sometimes indicative of improvements in the supply
chain of PV panels. As a result of this comparison, additional data gaps have been identified,
and although they are not quantified as for those from the representative inventory, they are
discussed in Section 4.2. In addition, #4 models can be used for limited verification of #6
models. Because their inventories and the datasets used to build the models are similar,
discrepancies between their results can help identify potential modeling errors when creating
the representative models.

Table 1 Round-robin model numbering.

Model Inventory Database Information provided

#4 Commercial Commercial Reference and limited model verification

#5 Representative Public Gap identification when production/treatment process is
absent from USLCI

#6 Representative Commercial Gap quantification

Note: Model #1 through Model #3, present in NIST TN 2338 [1], are excluded because the Federal LCA Commons
(FLCAC) does not currently have model for the systems evaluated here. Model #7 is excluded because there is no
representative database, since photovoltaics do not currently have product category rules (PCR) in the U.S. and the
number of environmental product declarations (EPDs) is limited.

The inventories presented in Ref. [22] are available for a variety of geographies, including the
US. For production processes, the difference between geographies is often only the source of
the electricity used in the production process. Market activities, however, are different
between geographies for two reasons: 1) market shares of a given product vary across
geographies—e.g., the origin of the materials used in the U.S. for a given production process
does not match that of the materials used in China—and subsequently 2) international shipping
distances vary based on the market share of the different origins. Because the purpose of this
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study is the identification and quantification of data gaps in U.S. public databases, only U.S.
production was modeled. In addition, it is assumed domestic production covers 100% of the
market for each product in the supply chain. Therefore, the public models developed as part of
this analysis (see Appendix B) do not accurately represent the supply chain of PV panels used in
the U.S. as of 2018 —reference year of the PVPS report. Caution is advised when using said
models for evaluating manufactured PV panels. However, it must be stated that shipping from
abroad is always included in those market activities that require it. For example, it is assumed
that all the wafers used in the production of single crystalline silicon cells are produced in the
US, even when according Ref. [22], they are actually produced in China. Nevertheless, shipping
from China to the U.S. is included in the wafer market activity as if the wafers had been
produced in China.

Ref. [17] used V1.2024-06.0 [25] of the USLCI database while this report uses the more current
V1.2024-12.0 [26]. Based on the release notes of both V1.2024-12.0 and V1.2024-09.0 [27],
had the older version of the database been used, no additional data gaps would have been
identified because none of the new datasets recently added to USLCI are used in the processes
modeled in this report..
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Figure 2 Supply chain of silicon-based PV, based on Ref. [22]
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Figure 3 System boundaries of PV electricity production, adapted from Ref. [22]

2.2, Impact assessment categories

As in NIST TN 2338 [17] “a data gap is defined as a process (unit or system) that either produces
or treats an environmentally relevant flow present in the inventory under assessment through a
production/treatment that is considered equivalent to that described in the inventory—i.e., fit
for purpose.”

The expanded methodology provided in Appendix C and Appendix D in NIST TN 2338 is
implemented in this study. This includes the evaluation of mass input and the five impact
categories required to be reported in an environmental product declaration (EPD) according to
ISO 21930 [14]: global warming potential(GWP), acidification potential (AP), eutrophication
potential (EP), ozone depletion potential (ODP), and photochemical oxidant creation potential
creation (POCP) potential. Five additional impact categories based on those that are either
required or recommended by ISO 29130 have also been included in the analysis: water use,
fossil resource scarcity, mineral resource scarcity, renewable (R) primary resource used as
energy, and non-renewable (NR) primary resources used as energy. Water use, fossil resource
scarcity, and mineral resource scarcity use the ReCiPe 2016 (Midpoint, Hierarchical) impact
assessment methodology [28, 29] and are referred to elsewhere in the text by the acronym of
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their characterization factors, water consumption potential (WCP), fossil fuel potential (FFP),
and surplus ore potential (SOP), respectively. These impact categories are used as alternatives
to consumption of freshwater, abiotic depletion potential fossil (ADPsossit), and abiotic depletion
potential elements (ADPeiements), respectively, because these indicators are not readily available
impact methods in the FLCAC repository. Similarly, CED [30, 31] is used as an alternative for the
basis of renewable (R) and non-renewable (NR) primary resources used as an energy carrier
respectively (RPRe and NRPRg), according to the equations below.

RPRy ~ CEDpenewapie = CEDg,,. + CEDg  + CEDp Equation 1

solar,wind,geothermal

NRPRE = CEDNon—Renewable = CEDNRbiomass + CEDNRfossil + CEDNRfossil Equation 2

The broader scope of considering ten impact categories allows for identifying and quantifying
the impact of data gaps based on several potentially important metrics other than GWP. For
brevity, GWP remains the reference impact category, and the results of the other impact
categories are only discussed when they significantly differ from GWP’s.

Based on the criteria found in Section 7.1.9 of ISO 21930 [14], any data gap contributing more
than 1 % to an impact category is referred to as priority, key, or critical data gap indistinctively.
This classification is category specific, as a data gap can be critical based on GWP, and not
critical for EP. Impact categories are not ranked here, which also means they are not necessarily
seen as equally important. Nevertheless, gaps labeled as a priority for multiple categories are
likely to be considered more important than those critical to fewer categories. This is a
gualitative and subjective evaluation though. A single data gap responsible for 25 % of the
impact in one category may be seen as more important than another one contributing 1 % to all
ten impact categories evaluated. Alternatively, a gap contributing 90 % of an impact may not be
given any special consideration if the category to which it contributes is of no interest to the
LCA practitioner. For the sake of brevity, throughout the text “priority data gap” is short for
“priority data gap in at least one impact category”.
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3. Analysis by Product

This section describes the implementation of the methodology defined in Section 2 to complete
LCA modeling and analysis. It also includes a summary of the findings for each product within
the silicon-based PV panel supply chain evaluated in this study: metallurgical and solar grade
silicon, single-crystalline silicon (single-Si), wafer, cell, and panel (see Figure 2).

Single-Si laminate is excluded from this assessment because its inventory is identical to that of
single-Si panel excluding the frame. Therefore, no new data gaps would be identified. Multi-
crystalline silicon (multi-Si) production differs from single-Si’s, but their wafer, cell, laminate,
and panel have similar inventories as the single-Si counterpart. However, the relative
magnitude of data gaps might change. Section 4.1 discusses the data gaps differences between
multi- and single-Si production chains.

As noted previously, future research will complete similar analysis for the other components of
a PV system (i.e., inverter, electric installation, mounting system), an entire PV system, and use
and end-of-life (EOL) stages—i.e., maintenance, operation, dismantling, and disposal/recycling
activities.

3.1. Metallurgical grade silicon

Metallurgical grade silicon is defined as 99 %—2N, or “2 nines”—pure Si [32]. It is the precursor
of both solar and electronic grade silicon, as well as for silicone. According to Jungbluth et al., it
is mostly produced through carbothermic reduction of silica sand—quartz, SiO,—using a variety
of carbon sources—coal, petroleum coke, wood chips, etc. [23].

3.1.1. Modeling and data gap identification

Five data gaps were identified while modeling the metallurgical grade silicon (MG Si) inventory
from PVPS using USLCI processes. Conceptually, the most significant data gap is “Silica sand”
because it is the primary raw material for production of silicon. The other four data gaps
include two carbon-based materials “Charcoal” and “Graphite”, the infrastructure “Silicon
factory”, and the waste treatment process for the “slag” generated resulting from this
production process. It should be noted that in both the PVPS report and the inventories
available in ecoinvent 3.10, the infrastructure referred to as “Silicone factory”, which is used
across the commercial database for production of both silicone proper and silicon-based
products.

There is one important qualitative difference between the PVPS and commercial (ecoinvent)
inventories that will be repeated across all stages evaluated here. PVPS inventories include
separate train and truck transport inputs. Each of them combines the transport of all material
inputs to where the production process takes place. On the other hand, ecoinvent does not
include transport as separate inputs. The commercial database models each material input as
market activities, which include transport as well as a consumption mix of the material in
guestion. To align MG silicon #6 with the PVPS inventory, transport is kept as two separate
inputs, and production processes are used to model material inputs. The same is done in
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subsequent stages for other #6 models. In some #6 models however, market activities are
selected when multiple production routes are available in ecoinvent. This is because the PVPS
inventories seem to use ecoinvent 2.2 datasets as references, and do not indicate specific
production routes.

These differences aside, PVPS and ecoinvent inventories for MG production are very similar.
The quantities of almost all exchanges in both LCls are identical. The one exception are wood
chips, of which PVPS requires 0.006 % of what ecoinvent does.

3.1.2. Modeling Results

In the following subsections, the magnitude of the data gaps identified in Section 3.1.1 are
discussed based on (1) share of material inputs, (2) GWP, and (3) other impact categories. Table
2 reports the results across these three assessments.

Table 2 Data gaps’ impacts for Metallurgical grade silicon production (% of total impact)

Mass GWP AP EP ODP POCP | WCP  FFP SOP  CEDr CEDnr
Charcoal 4.87 5.98 0.70 057 0.26 2.05 033 041 086 56.19 0.35
Silica sand 77.29 | 0.90 162 064 036 177 030 075 063 0.83 0.69
Slag NA 0.13 026 0.05 028 0.55 0.05 023 012 001 0.15
Factory NA 0.12 023 0.18 0.08 0.22 0.15 011 267 017 0.10
Graphite 2.86 0.03 0.06 0.04 0.01 0.06 0.06 004 002 0.02 0.04
TOTAL 85.02 | 7.16 287 1.48 0.99 4.65 088 154 430 5723 133

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

The three material data gaps identified represent more than 85 % of the material inputs
needed for production of metallurgical grade silicon. As expected, silica sand is the largest gap
in mass, at 77 %. However, even the smallest gap, graphite, represents almost 3 % of the
material input.

Figure 4 provides the estimated GWP impact for each metallurgical silicon model, which shows
a 3.5 % impact difference between the two models built using commercial (ecoinvent) datasets,
MG Si #4 and MG Si #6. This primarily due to the qualitative differences between inventories
and their modeling, as mentioned in section 3.1.1. Quantitative differences between
inventories are almost irrelevant, because wood chips contribute less than 0.2 % to the GWP of
MG Si #4. Comparing the two models based on the representative inventory, MG Si #5’s GWP
value is within 0.3 % of MG Si #6’s GWP value. The consistency between models should not
obfuscate the existence of data gaps in MG Si #5, which are discussed in the next paragraph.
The effect of data gaps is nevertheless attenuated by the higher estimated impact of USLCI’s
electricity, which is 18.5 % higher than ecoinvent’s. To a lesser extent, it is also reduced by the
35 % higher estimated impact petroleum coke has in USLCI when compared to ecoinvent.

As seen in Figure 4, the largest contributors to GWP are energy carriers (electricity, coke,
charcoal, petroleum coke) or energy-related exchanges (direct emissions). The missing input
materials—charcoal, silica sand, and graphite—are 12 times more important based on mass
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input than on GWP—Table 2. The two data gaps that are not material inputs, waste
management and silicon factory, are each responsible for less than 0.2 % of GHG emissions.

LCI Model Datasets

Rep. MGSi#6 ei

0 2 4 6 8 10 12 14
kg CO, eq./ kg (Ib/Ib)
M Direct M Electricity H Coke B Charcoal B Petroleum coke B Silica sand M Other

Only processes contributing >1 % to the GWP of at least one model are shown. Representative inventory (Rep.),
ecoinvent (ei)

Figure 4 Global warming potential of 1 kg of metallurgical silicon

Table 2 shows the relative importance of the data gaps for the other four ISO 21930 mandatory
impact categories is closer to that of GWP than to that of mass input—7 % and 85 %,
respectively. This is to be expected because there are two data gaps that are not material
inputs. For the data gaps, the estimated GWP impact correlates well with the estimated CEDg
impact, but not with the remaining impact categories. Some categories are highly correlated
with each other—AP, FFP, and CEDng—and correlate more with mass inputs than GWP.

Regarding individual data gaps, all three material inputs tend to have lower estimated
contributions to impact categories than their share of mass input. For charcoal, the exceptions
are GWP and CEDg. The importance of the factory and slag tend to be larger for impact
categories other than GWP. However, the three data gaps that contribute more than 1 % to
material input or any impact category remain charcoal, silica sand, and graphite. Thus, the life
cycle impact assessment (LCIA) did not extend the list of priority gaps above those identified
through mass input.

3.1.3. Summary

This section summarizes the results of the data gap analysis as well as any other findings of
interest identified through the analysis process.

The initial material input analysis conducted in Section 3.1.2 was sufficient to identify three
priority data gaps related to charcoal, silica sand, and graphite, while two other gaps did not
contribute more than 1 % to any impact category. As shown in Table 3, graphite is only a
priority data gap based on mass, while in addition to mass charcoal would be a priority data gap
based on GWP, POCP, or CEDg. Silica sand is a priority data gap only based on AP, POCP, and
mass input.
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Table 3 Priority data gaps’ impacts for metallurgical grade silica production (% of total impact)

Mass GWP AP EP ODP POCP WCP FFP SOP  CEDwr CEDnr
Charcoal 4.87 5.98 0.70 057 0.26 2.05 033 041 086 56.19 035
Silica sand 77.29 | 0.90 162 064 036 177 030 075 063 0383 0.69
Graphite 2.86 0.03 0.06 0.04 001 0.06 0.06 004 002 002 0.04
TOTAL 85.02 | 7.16 287 148 099 4.65 088 154 430 5723 133

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

As presented in Table 2 and Table 3, the data gap results based on eutrophication potential do
not differ greatly from those in other categories. However, USLCI processes, EP, namely
production of electricity and of coke, is orders of magnitude lower than that of equivalent
ecoinvent processes—Figure B. 2. Similar patterns have been observed for water consumption
and CEDr—Figure B. 5 and Figure B. 8, respectively. To a lesser extent, such tendencies are also
present for fossil and mineral resource scarcity, and CEDnr—Figure B. 6, Figure B. 7, and Figure
B. 9, respectively. Important differences between USLCI and ecoinvent processes have also
been observed in ODP terms, even though they are not as significant, or always in the same
direction as in EP terms—Figure B. 3. USLCI electricity estimated impact on ODP is roughly

3 times more impactful than ecoinvent’s. Regarding ecoinvent processes, coke in MG #6 “coke
production | coke | Cutoff, U—US” is about 11 times more polluting than the process in MG #4,
“market for coke | coke | Cutoff, U — RoW”. The coke dataset in USLCI, however, includes no
emissions affecting this impact category. Although it is outside of the scope of this study, it
might be worth evaluating the sources of the differences between USLCI and ecoinvent
datasets in more depth.

3.2. Solar grade silicon

Solar silicon is typically 9N Si [32] —99.9999999 % Si—so metallurgical grade silicon needs
further purification for high quality crystals to be grown [33]. One possible route is by the
distillation of chlorosilanes, produced by a reaction of MG Si with hydrochloric acid.
Chlorosilanes decompose at high temperatures and polysilicon, solar or electronic grade silicon
(11N), is deposited on rods in Siemens type reactors. This is the route modeled in both the PVPS
and ecoinvent inventories, although alternative routes exist.

3.2.1. Modeling and data gap identification

One data gap was identified while modeling the solar grade silicon (solar Si) based on the PVPS
inventory using USLCI datasets, “silicon factory,” which had already been identified in Section
3.1. Since ecoinvent does not have a dataset for production of solar silicon in the US, the
European alternative “silicon production, solar grade, modified Siemens process | silicon, solar
grade | Cutoff, U — RER” was used for Solar Si #4. This inventory contains two electricity inputs,
“market group for electricity, high voltage | electricity, high voltage | Cutoff, U - RER” and
“electricity production, hydro, run-of-river | electricity, high voltage | Cutoff, U - RoW”. For the
sake of simplicity, both inputs were combined into one, and “market group for electricity, high
voltage | electricity, high voltage | Cutoff, U - US” was used as its provider.
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As for MG silicon, the ecoinvent inventory is like that from PVPS, except for transport processes
being included in the latter. Unlike the modeling of metallurgical grade silicon in Section 3.1.1,
the material inputs for Solar Si #6 have been modeled primarily as market processes because
multiple production routes exist in ecoinvent 3.10 for the material inputs used: HCl, NaOH, etc.
This means the transport of material inputs is double counted here, since transport is included
in both the market activities supplying the inputs and as separate inputs in the Solar Si
inventory. However, as will be shown in the following section, its effect in the overall results is
limited. Also, as it was mentioned in Section 3.1.1, both ecoinvent and PVPS inventories include
“Silicone factory” as their model for the infrastructure where the Siemens process takes place.

Unlike the inventories for MG Si, there are important quantitative differences in Solar Si
inventories in ecoinvent and PVPS. First, electricity demand and natural gas consumption are
2.25 and 6.42 times greater in the ecoinvent inventory than in the PVPS inventory, respectively.
These large differences in the energy inputs have a significant estimated effect in multiple
impact categories, exemplified in GWP in Section 3.2.2. Second, the PVPS inventory splits
electricity input between “from the grid” and “from hydropower” for U.S. produced solar grade
silicon. For simplicity, all electricity used is assumed to come from the grid. This assumption
increases the estimated impact of electricity in most impact categories and, thus, the overall
impact of the production process. This constitutes a data gap (or series of gaps) because it is
currently not feasible to select a low voltage (120V) provider in the U.S. Electricity Baseline
database [34] from a single source —coal, hydropower, etc. It is nevertheless feasible to select
medium voltage (2300 V to7650 V) at the balancing authority from a specific source, but there
are no national averages for single sources available. While this is not a problem for modeling
real-world production processes because they are location specific, it is a limitation for models
such as those developed for this study that are not developed to be location specific.

3.2.2. Modeling Results

In the following subsections, the magnitude of the data gap identified in Section 3.2.1 are
discussed based on (1) share of material inputs, (2) GWP, and (3) other impact categories. Table
4 Data gaps’ impacts for solar grade silicon production (% of total impact) reports the results
across these three assessments.

Table 4 Data gaps’ impacts for solar grade silicon production (% of total impact)

Mass GWP AP EP obDP POCP WCP FFP SopP CEDr CEDnr

Factory NA 0.03 0.04 0.04 0.02 0.07 0.03 0.02 0.43 0.06 0.02

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

The “silicon factory” data gap is measured in number of units and not mass. Therefore, it is not
a material input and is not considered a data gap based on mass, as reflected in Table 4 Data
gaps’ impacts for solar grade silicon production (% of total impact).

The larger use of electricity and natural gas in the ecoinvent inventory mentioned in Section
3.2.1is the main driver for the GWP of Solar Si #4 being 65 % greater than Solar Si #6’s—Figure
5. The 13 % lower GWP of Solar Si #6 when compared to Solar Si #5 stems from the fact that
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electricity, natural gas, and HCl all have higher estimated GWP in USLCI than in ecoinvent—
18.5 %, 65 %, and 68 %, respectively. MG Si is the second most important source of GHGs, but
differences between USLCI and ecoinvent were minimal, as discussed in Section 3.1.2. As shown
in Table 4 Data gaps’ impacts for solar grade silicon production (% of total impact), the
contribution of the “silicon factory” is less than 1 % and, therefore, is not considered a priority
data gap based on GWP.

LCI Model Datasets

0 10 20 30 40 50 60 70 80 90
kg CO, eq./ kg (Ib/Ib)
M Electricity B Silicon M Natural gas H HCI HH2 B NaOH B Truck Other

Note: Only processes contributing >1 % to the GWP of at least one model are shown. Representative inventory
(Rep.), ecoinvent (ei)

Figure 5 Global warming potential of 1 kg of solar silicon

As with GWP, Table 4 Data gaps’ impacts for solar grade silicon production (% of total impact)
shows that the contribution of the “silicon factory” to all impact categories evaluated is below
the 1 % criteria—less than 0.1 % for all categories except SOP—and it is therefore not a priority
data gap for any impact category evaluated.

3.2.3. Summary

This section summarizes the results of the data gap analysis as well as any other findings of
interest identified through the analysis process for solar grade silicon.

The only data gap identified, “silicon factory” is not a priority data gap for any of the categories
evaluated—Table 4 Data gaps’ impacts for solar grade silicon production (% of total impact).
However, there might be some value in determining it, since it is the only data gap for this step
of the photovoltaic production supply chain. An additional reason to fill this data gap is that it is
unclear whether the ecoinvent dataset used to model it is a quality proxy based on factories
producing silicone, as mentioned in Section 3.1.1.

For solar grade, some additional findings about impact categories other that GWP were
identified. Similar tendencies to those observed for MG Si in Section 3.1.3 were also found
here: The EP and WCP of Solar Si #5 are an order of magnitude lower than those of Solar Si #6—
Figure B. 11 and Figure B. 15—and the CEDr and SOP, several times lower—Figure B. 16 and
Figure B. 17.
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3.3. Single crystalline silicon

Solar and electronic grade silicon can be used to grow single crystalline silicon in a Czochralski
furnace in an argon atmosphere. Prior to crystal growth, polysilicon is cleaned with etched to
remove particles and metal impurities using nitric acid and hydrogen fluoride. The former is
neutralized with sodium hydroxide, while the fluoride ion are removed using calcium hydroxide
[33].

3.3.1. Modeling and data gap identification

Ten data gaps were identified for production of single crystalline silicon (Single Si): Tap and
deionized water; the chemicals argon, nitric acid, hydrated lime, and hydrogen fluoride; waste
and wastewater treatment, ceramic tiles, and the silicon factory.

As in previous stages, the PVPS inventory for single Si includes transportation activities while
transport is excluded from the ecoinvent inventory, as the database relies on market activities.
For that reason, production processes instead of market activities were selected for material
inputs for developing Single Si #6. The main exception was sodium hydroxide because several
technologies are available for its production. An additional difference between the two
inventories is that acetone and acetic acid are included in the ecoinvent inventory, but not in
PVPS'’s. Contrarily, the ecoinvent inventory does not include the use of deionized water or
wastewater treatment while these processes are included in the PVPS inventory. Finally, while
the PVPS inventory’s main material input is Solar Si, the ecoinvent inventory includes both solar
grade and electronics grade silicon.

This last qualitative difference results in quantitative differences between the two inventories,
as ecoinvent’ s inventory requires 7 % more silicon than PVPS’s. Quantitative differences also
exist for all other exchanges except for sodium hydroxide and the factory. A couple key
differences include the PVPS inventory requiring 11 % more natural gas and 14 % more water as
well as 63 % less electricity and 83 % less argon than the ecoinvent inventory.

3.3.2. Modeling Results

In the following subsections, the magnitude of the data gaps identified in Section 3.3.1 are
discussed based on (1) share of material inputs, (2) GWP, and (3) other impact categories. Table
5 reports the results across these three assessments.

Table 5 Data gaps’ impacts for single crystalline silicon (% of total impact)

Mass | GWP AP EP ODP POCP | WCP FFP SOP  CEDr CEDnr
Wastewater treat. NA 14.2 13.4 76.4 2.62 12.3 7.49 6.72 7.56  4.54 0.03

Water NA 7.98 11.4 191 63.4 10.2 131 776 817 553 3.29
Ar 15.8 3.14 412 0.85 0.80 3.52 510 3.17 161 3.09 0.06
HNO3 1.06 0.17 016 <0.01 0.03 0.05 0.01 0.09 016 0.02 0.13
Tiles 2.64 0.16 0.22 0.04 009 017 | 012 0.18 847 0.13 0.14

Waste treatment NA 0.07 007 013 0.01 0.09 0.02 0.03 0.71 <0.01 <0.01
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Mass | GWP AP EP ODP POCP | WCP FFP sopP CEDr CEDnr
Ca(OH)2 NA 0.03 <0.01 <0.01 <001 0.01 0.01 <001 <0.01 0.01 0.02
HF NA 0.02 0.11 <0.01 <0.01 0.03 0.02 002 019 0.02 0.01
Factory NA 0.02 0.04 <0.01 <0.01 0.03 0.01 0.01 022 0.08 0.06
Deionized water 63.5 | <0.01 <001 <0.01 003 <0.01 |<001 <001 <001 <001 0.07
TOTAL 83.0 25.8 29.5 79.3 67.0 26.4 25.9 18.0 27.1 13.4 3.82

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

Four data gaps were identified based on mass input—argon, nitric acid, ceramic tiles, and
deionized water. Together, they constitute a combined 83 % of the material input to the
production process—Table 5. Although water is included as an elementary flow in Single Si #5,
production of “tap water” remains a data gap. “Tap water” is used for the 5.09 m3 of cooling
water included in the Single Si #6 model, which is orders of magnitude larger than any other
material input. For that reason, cooling water remained as an “NA” in Table 5 to not obscure
the importance of the other four other data gaps.

The quantitative and qualitative differences between the ecoinvent and PVPS inventories are
the main factors causing the 41 % difference between the GWP of Single Si #4 and Single Si #6.
The key differences include those mentioned in Section 3.3.1. In addition, the use of electronic
silicon in addition to solar silicon and the larger use of electricity and argon in Single Si #4
relative to Single Si #6 are also partially responsible for the greater GWP of Single Si #6—Figure
6.

LCI Model Datasets

0 20 40 60 80 100 120 140

kg CO, eq./ kg (Ib/Ib)
B Solar silicon W Electricity M Electronics silicon B Ar HNaturalgas B Wastewater Water M Other

Only processes contributing >1 % to the GWP of at least one model are shown. Representative inventory (Rep.),
ecoinvent (ei)

Figure 6 Global warming potential of 1 kg of single crystalline silicon

The three priority data gaps based on estimated GWP impacts identified in Table 5—
wastewater treatment, tap water, and argon—are also identifiable in Figure 6. These three data
gaps are the main reason why Silicon Si #5’s GWP is 16 % lower than that of Single Si #6. These
three data gaps create a 26 % difference between the two models, which is partially offset by
the greater estimated impact of electricity, solar silicon, and natural gas in Single Si #5 relative
to Single Si #6.

In general, GWP is a good proxy for the relative importance of data gaps in other impact
categories. The exceptions are EP, ODP, and CEDng for argon and CEDng for wastewater
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treatment. However, some clear differences can be observed in Table 5 relative to estimated
GWP impacts. Two such differences are wastewater treatment accounting for a greater share of
estimated EP impacts and tap water for estimated ODP impacts. A noteworthy finding is that
the only data gap above 1 % that would have not been identified by assessing GWP alone would
have been ceramic tiles. Nevertheless, ceramic tiles is also a priority data gap based on mass.
There is also minimal correlation between mass and other impacts.

3.3.3. Summary

This section summarizes the results of the data gap analysis as well as any other findings of
interest identified through the analysis process for single crystalline silicon.

Of the ten data gaps identified in Section 3.3.1, six of them are priority gaps for at least one
impact category or mass input—Table 6. As discussed in Section 3.3.2, two of the data gaps
identified through mass input, nitric acid and deionized water, would not be considered priority
data gaps in any of the other impact categories selected. Ceramic tiles would be considered a
priority for mineral resource scarcity only. Therefore, it is not unreasonable to consider
wastewater treatment, tap water, and argon production as particularly important data gaps, as
they contribute more than 1 % to at least eight impact categories.

Table 6 Priority data gaps’ impacts for single crystalline silicon production (% of total impact)

Mass | GWP AP EP ODP POCP | WCP FFP SOP  CEDr CEDwr
Wastewater treat. NA 14.2 134 76.4 2.62 12.3 7.49 6.72 7.56 4.54 0.03

Water NA 7.98 11.4 1.91 63.4 10.2 131 7.76  8.17 5.53 3.29
Ar 15.8 3.14 412 0.85 0.80 3.52 5.10 3.17 161 3.09 0.06
HNO3 1.06 0.17 016 <0.01 0.03 0.05 | 0.01 0.09 016 0.02 0.13
Tiles 2.64 016 0.22 0.04 0.09 017 | 012 018 8.47 0.13 0.14

Deionized water 63.5 | <0.01 <001 <0.01 003 <001 | <001 <001 <0.01 <001 0.07
Note: Values in italics indicate categories for which the data gap would not be consider a priority.

For single crystalline silicon, some additional findings about other impact categories were
identified. The importance of wastewater as a data gap based on estimated EP impacts and tap
water production based on estimated ODP impacts are clearly visible in Figure B. 20 and Figure
B. 21 respectively. Figure B. 23 shows the water consumption of the ecoinvent source for solar
silicon in Single Si #4 “market for silicon, solar grade | silicon, solar grade | Cutoff, U — GLO” to
be 13.8 times greater than the Solar Si #6 model built in Section 3.2.1. The differences between
solar silicon sources discussed in Section 3.3.1 can be seen in estimated CED impacts, both
renewable and non-renewable—Figure B. 26 and Figure B. 27 respectively. It suggests that the
differences increase between model #4 and model #6 as the analysis moves down the supply
chain, driven by both different modeling choices and different quantities of resources used in
each model.
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3.4. Single crystalline silicon wafer

The manufacturing of silicon wafers can be seen as a multi-step cutting process. First, the tops
and the tails from the ingot are cut. Then, they are squared to bricks by band saws or wire
sawing. Subsequently, the surface and the edges are ground to give the brick a shiny surface
and smooth corners. At this point, the brick is sliced into wafers with a wire saw. Finally, the
wafer is cleaned, and a series of metrological assessments are conducted [33].

3.4.1. Modeling and data gap identification

Ten data gaps were identified while developing the model for single crystalline silicon wafer
(Single Si Wafer): the wafer factory where the production takes place, the activity of wire
drawing, both solid waste and wastewater treatment, brass, flat glass, acrylic binder, and the
chemicals dipropylene glycol monomethyl ether (DPGME) and linear alkylbenzene sulfonate
(LAS).

Single Si Wafer #6 was built using ecoinvent production process when only one production
route existed because the PVPS inventory contains train and truck transport activities.
However, due to the variety of sources available in the commercial database, market activities
were chosen for HCl and NaOH.

An existing inventory in ecoinvent “single-Si wafer production, photovoltaic | single-Si wafer,
photovoltaic | Cutoff, U- RER” was used to build the Single Si Wafer #4 model with a
substitution for the European Electricity mix with the U.S. Electricity mix. The differences
between the ecoinvent and PVPS inventories are both quantitative and qualitative. Besides
transport activities, wastewater treatment is included in the PVPS inventory and excluded from
ecoinvent’s. Meanwhile, the ecoinvent inventory includes silicon carbide, triethylene glycol
(TEG), high impact polystyrene, paper, and low-density polyethylene (LDPE), all of which are
absent from the PVPS inventory. The PVPS inventory reported roughly the same quantity of flat
glass as ecoinvent did for glass wool mat and 14.5 % less deionized water than softened water.
These two pairs—flat glass/glass wool mat, and deionized/softened wager—are assumed to be
equivalent inputs. The PVPS inventory includes 11 % larger use of wastewater, 45 % less
electricity, and 99.9 % less steel than in ecoinvent’s. The effect of these differences is discussed
for GWP in Section 3.4.2. For other impact categories, see Figure B. 28 through Figure B. 36 in
Appendix B.

3.4.2. Modeling Results

In the following subsections, the magnitude of the data gaps identified in Section 3.4.1 are
discussed based on (1) share of material inputs, (2) GWP, and (3) other impact categories. Table
7 reports the results across these three assessments.

Table 7 Data gaps’ impacts for single crystalline silicon wafer (% of total impact)
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Mass | GWP AP EP oDP POCP | WCP FFP SOP CEDr CEDnr
DPGME NA 3.58 4.66 1.22 6.99 4.37 3.30 457 497 234 397
Factory NA 0.82 2.17 0.39 0.29 1.22 0.97 0.66 594 111 061
LAS NA 0.77 1.44 0.13 0.73 0.98 0.35 149 135 042 112
Wastewater NA 0.22 0.20 1.26 0.04 0.19 0.12 0.10 0.10 0.03 0.09
Brass NA 0.08 1.33 0.22 0.03 0.35 0.22 0.07 215 0.16 0.07

Waste treatment NA 0.07 0.06 0.14 0.01 0.09 0.02 0.03 062 002 0.03
Deionized water 97.4 0.06 0.11 0.01 0.60 0.06 0.07 0.05 016 0.03 0.04

Flat glass NA 0.02 0.05 <001 <001 0.04 | <0.01 0.02 002 0.01 0.01
Acrylic binder NA 0.01 0.01 <001 <001 0.01 | <0.01 0.01 002 <001 o0.01
Wire drawing NA <0.01 <001 <001 <0.01 <0.01 | <0.01 <0.01 001 <0.01 <0.01
TOTAL 97.5 5.64 10.0 3.38 8.71 7.32 5.07 7.01 153 4.14 5.97

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

Table 7 shows only one of the data gaps identified—deionized water—would be considered a
priority data gap based on mass because it represents 97.5 % of the total material input. The
exclusion of deionized water highlights three other inputs as key data gaps based on mass:
DPGME, LAS, and brass representing 21 %, 16.5 %, and 16.5 % of the remaining 2.5 % material
input, respectively.

Figure 7 shows the GWP of Single Si Wafer #4 to be 2.9 times greater than that of Single Si
Wafer #6 driven in part by silicon having a 2.52 times greater estimated GWP impact in Single Si
#4 relative to Single Si #6 as previously shown in Figure 6. Additionally, the relative estimated
impact of silicon carbide and TEG and the larger quantity use of steel and electricity in Single Si
#4 mentioned in Section 3.4.1 also lead to these differences.

LCI Model Datasets
vep. sngesiwrers [ | .
vep. singesivorer s [ | ustc
0 20 40 60 80 100 120 140 160 180
kg CO, eq./m?
H Silicon H Silicon carbide B TEG M Electricity B Steel B DPGME H Other

Only processes contributing >1 % to the GWP of at least one model are shown. Representative (Rep.), ecoinvent

(ei)
Figure 7 Global warming potential of 1 m? of single crystalline silicon wafer

Single Si Wafer #6’s estimated GWP impact is 21 % higher than that of Single Si Wafer #5. The
difference is driven by the 16 % higher estimated impact of silicon in Single Si #6 discussed in
Section 3.3.2. The total estimated impact of the data gaps is 5.64 % according to Table 7, with
DPGME being the only priority data gap—Figure 7.
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For the single Si wafer models, GWP had a strong correlation with seven of the nine other
impact categories: POCP, WCP, FFP, CEDnr, AP, ODP, and CEDg. Table 7 shows DPGME is the
only data gap whose estimated impact contribution surpasses 1 % in all impact categories
evaluated. Other data gaps meet the 1 % cut-off for fewer impact categories: four for factory
and LAS, two for brass, and one for wastewater treatment, respectively.

3.4.3. Summary

This section summarizes the results of the data gap analysis, and any other findings of interest
identified through the analysis process for single crystalline silicon wafers.

Six of the ten data gaps identified would be considered priority gaps based on mass input or at
least one impact category, but only one-DPGME—would be for all impact categories as shown in
Table 8.

Table 8 Priority data gaps’ impacts for single crystalline silicon wafer production (% of total impact)

Mass | GWP AP EP ODP POCP | WCP FFP SOP CEDr CEDnr
DPGME NA 358 466 122 699 437 | 330 457 497 234 397
Factory NA 082 217 039 029 122 | 097 066 594 111 061
LAS NA 0.77 144 013 0.73 098 | 035 149 135 042 112
Wastewater NA 022 020 126 004 019 | 012 0.10 0.10 0.03 0.09
Brass NA 008 133 022 003 035 |022 007 215 0.16 0.07
Deionized water 974 | 006 011 001 060 0.06 | 007 0.05 016 0.03 0.04
TOTAL 975 | 564 100 338 871 732 | 507 701 153 414 597

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

For single crystalline silicon wafers, some additional findings about other impact categories
were identified. Single Si Wafer #5 has a lower estimated impact than Single Si Wafer #6 in
most impact categories. However, the estimated impact of the USLCI dataset for chromium
steel is four orders of magnitude higher than ecoinvent’s for the categories of mineral
resources scarcity and CEDngr. Consequently, Single Si Wafer #5’s estimated impact in these two
categories is 12.5 and 4.8 times greater than Single Si Wafer #6’s. USLCI “Steel, stainless 304,
flat rolled coil” is practically a system model. It consists of one technosphere input (Steel,
stainless 304, scrap — GLO, also almost a system process), waste treatment cutoff flows, and
direct inputs and outputs to and from nature. This means both estimated impacts come mostly
from the input resource “Uranium.” Although it might be assumed that the extraction of this
resource is linked to the use of electricity generated in nuclear powerplants, it cannot be
confirmed.

3.5. Single crystalline silicon cell

Converting wafers into cells entails exposing them to a series of wet chemical treatments, high
temperature gaseous diffusion, coating depositions, and metallization steps. The details of the
sequence and manufacturing tools depend on the cell architecture [32].
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3.5.1. Modeling and data gap identification

Fifteen data gaps were identified while developing the single crystalline silicon cell model using
USLCI processes—Single Si Cell #5. These are: the factory where production takes place,
treatment of solid waste, wastewater, and spent solvent, tap water, production of three
metallization pastes—front side, back side, and back side aluminum—five chemicals—
isopropanol, phosphorus oxychloride, silane, HF, and the refrigerant R134a
(tetrafluoroethane)—nitrogen gas, and hydrated lime.

When developing Single Si Cell #6, production processes were used whenever possible because
the PVPS inventory includes transportation activities. Market activities were chosen for
materials with several potential sources: hydrated lime, NaOH, HCI, HF, and H,SOa.

There are four material inputs and activities reported in the PVPS inventory that were not
included in the ecoinvent inventory: silane, hydrated lime, refrigerant R134, and treatment of
spent solvent. Conversely, the ecoinvent inventory includes processes not in the PVPS
inventory: heat from sources other than natural gas, tetrafluoroethylene—TFE—sodium
silicate, oxygen, argon, nitric acid, calcium chloride, phosphoric acid, silicone, polystyrene,
ethanol, titanium dioxide and organic solvents. Quantitative differences across inventories
include the following, all of which represent the quantity used in the PVPS inventory relative to
the ecoinvent inventory:

e 3% lower quantity of wafer used

e 41 % less electricity use

e 158 times greater use of hydrofluoric acid
e 10 times more waste treatment

e 99 % less natural gas and HCI

The effect of those differences can be seen in . Representative inventory (Rep.), ecoinvent (ei)

Figure 8 and Figure B. 37 through Figure B. 45 in Appendix B.

3.5.2. Modeling Results

In the following subsections, the magnitude of the data gaps identified in Section 3.5.1 are
discussed based on (1) share of material inputs, (2) GWP, and (3) other impact categories. Table
9 reports the results across these three assessments.

Table 9 Data gaps’ impacts for single crystalline silicon cell (% of total impact)

Mass | GWP AP EP ODP POCP | WCP FFP SOP  CEDr CEDnr
Met. Paste, front NA 190 545 293 036 720 | 216 175 644 155 1.65
Waste treatment NA 1.19 097 240 010 136 | 028 048 159 0.21 0.42
Met. Paste, back Al NA 092 157 025 011 114 | 099 080 004 056 0.78
Isopropanol NA 082 100 016 030 075 | 034 129 017 027 099
Factory NA 080 090 016 009 106 | 049 056 047 029 0.53
N2 NA 072 091 022 007 080 | 105 071 004 056 072
Met. Paste, back NA 0.51 145 078 010 192 | 057 047 171 041 0.44

21




NIST TN 2350

September 2025

Mass | GWP AP EP ODP POCP | WCP FFP sopP CEDr CEDnr
Spent solvent NA 047 006 005 002 008 | 002 004 001 003 003
Wastewater NA 0.36 020 221 004 030 | 095 010 0.06 045 0.11
Tap water 988 | 011 015 003 001 012 | 020 010 001 0.08 0.10
POCI3 NA 0.09 012 014 004 012 | 011 009 146 0.09 0.09
Silane NA 0.03 004 <001 575 004 | 001 002 <001 0.03 0.02
Ca(OH)2 NA 0.02 <0.01 <0.01 <0.01 <001 | 0.01 <0.01 <0.01 <0.01 <0.01
HF NA | <0.01 <0.01 <0.01 <0.01 <0.01 | <0.01 <0.01 <0.01 <0.01 <o0.01
R134a NA | <0.01 <0.01 <0.01 085 <0.01|<0.01 <0.01 <0.01 <0.01 <o0.01
TOTAL 98.8 7.9 12.8 9.3 58.7 14.9 7.2 6.4 85.4 4.5 5.89

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

Table 9 shows one of the fifteen data gaps identified in Section 3.5.1—tap water—constitutes
almost 99 % and is the only data gap that accounts for more than 1 % of the material input
presented in Table 9. If tap water is excluded, nitrogen, isopropanol, and metallization paste
(back side, aluminum) would be considered priority data gaps based on the remaining 1.2 % of
mass input. They would contribute approximately 56 %, 9 %, and 3 %, respectively.

The estimated GWP impact of Single Si Cell #4 is 3.3 times greater than Single Si Cell #6’s impact. . Representative
inventory (Rep.), ecoinvent (ei)

Figure 8 shows the main reason for this difference is the 3.8 times greater estimated impact of
the wafer in Single Si cell #4 relative to Single Si Cell #6. This is higher than the difference
between Single Si Wafer #5 and Single Si Wafer #6 shown in Figure 7. This is because the inputs
for the cell models are not the wafer models developed in Section 3.4.1. Market activities,
which include transportation in addition to wafer production, are used instead—see Figure 2.
The #5 and #6 models for these market activities have been developed as part of this study.
However, they have not been evaluated because they do not have data gaps. The market
activity used as input in Single Si Cell #4 comes directly from ecoinvent (market for single-Si

wafer, photovoltaic | single-Si wafer, photovoltaic | Cutoff, U - GLO). Its estimated GWP impact
is 30 % higher than that of Single Si Wafer #4 developed in Section 3.4.1.

LCI Model Datasets

veo. snesiconss [N ;

Rep. Single Si Cell #5 USLCl

0 50 100 150 200 250 300
kg CO, eq./m?
M Direct m Wafer M Electricity W Met. Paste, front m NAOH W Waste treatment W Other

Only processes contributing >1 % to the GWP of at least one model are shown. Representative inventory (Rep.),
ecoinvent (ei)

Figure 8 Global warming potential of 1 m? of single crystalline silicon cell
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For the models based on the PVPS inventory, Single Si Cell #6’s GWP is 23 % higher than Single
Si Cell #4’s—. Representative inventory (Rep.), ecoinvent (ei)

Figure 8 —primarily driven by the 21 % higher estimated impact of the wafer. However, the
importance of the data gaps cannot be disregarded, as they are responsible for 8 % of Single Si
Cell #6’s GWP according to Table 9. Only two of the data gaps—metallization paste (front) and
waste treatment—are shown in Figure 7 because they are the only two data gaps with
estimated impact contributions to GWP higher than 1 %.

For the single Si cells, GWP only showed a strong correlation with AP, FFP, and CEDng, which is
shown in the relatively scattered results presented in Table 7. Data gaps account for more than
10 % of Single Si Cell #6’s estimated impact in four impact categories. For SOP, where gaps
account for 85 % of the estimated impact, metallization paste (front) is the largest
contributor—64 %. This data gap is also the most significant for POCP and AP, where the total
estimated impact of the gaps is almost 15 % and 13%, respectively. For ODP, data gaps cause
59 % of the estimated impact, and silane is the main contributor.

3.5.3. Summary

This section summarizes the results of the data gap analysis, and any other findings of interest
identified through the analysis process for single crystalline silicon cells.

As seen on Table 10, none of the fifteen data gaps identified contributes more than 1 % to all
impact categories. The gap with the broadest estimated impact is metallization paste (front),
which would be a priority gap for all categories but ODP. Eleven data gaps are a priority data
gap based on at least one impact category or mass input. Of these, six are a priority only for one
impact category—factory, nitrogen, wastewater, tap water, phosphorous oxychloride, and
silane. Therefore, the need to fill data gaps will depend on the importance given to the
different categories, with the possible exception of the metallization paste (front).

Table 10 Priority data gaps’ impacts for single crystalline silicon production (% of total impact)

Mass | GWP AP EP ODP POCP | WCP FFP SOP  CEDr CEDwr
Met. Paste, front NA 1.90 5.45 2.93 0.36 7.20 2.16 1.75 644 155 1.65
Waste treatment NA 1.19 0.97 240 0.10 136 | 028 048 159 021 0.42
Met. Paste, back Al NA 0.92 1.57 025 0.11 114 | 099 080 0.04 056 0.78
Isopropanol NA 0.82 1.00 016 030 075 | 0.34 129 017 027 0.99
Factory NA 080 090 016 0.09 106 | 049 056 047 029 0.53
N2 NA 0.72 0.91 0.22 0.07 0.80 1.05 0.71 0.04 056 0.72
Met. Paste, back NA 0.51 1.45 0.78 0.10 1.92 057 047 17.1 041 0.44
Wastewater NA 036 020 221 0.04 030 | 095 010 006 045 0.11
Tap water 98.82 | 0.11 0.15 0.03 0.01 0.12 | 0.20 010 0.01 0.08 0.10
POCls NA 0.09 0.12 0.14 0.04 012 | 0.11 0.09 146 0.09 0.09
Silane NA 0.03 0.04 <0.01 575 0.04 | 0.01 0.02 <001 0.03 0.02

Note: Values in italics indicate categories for which the data gap would not be consider a priority.
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For single crystalline silicon cells, no additional findings about other impact categories were
identified. However, the effect of steel on the mineral resource scarcity and CEDngr categories
identified at the wafer level—see Section 3.4.3—is also noticeable at the cell level. This can be
seen on Figure B. 43 and Figure B. 45.

3.6. Single crystalline silicon panel

Module manufacturing starts by soldering copper tabs to individual cells to form a string, which
are connected afterwards. Glass and foils are then placed on top of each other then and
laminated curing an ethylene vinyl acetate (EVA) foil at elevated temperatures. Afterwards, the
edges of the EVA and backsheet foil are cut, and the edges of the module are tapped. A
junction box is then attached to the laminate with silicone. Then, the laminate may be framed
with aluminum to form a panel [33].

3.6.1. Modeling and data gap identification

Using USLCI to build the PVPS inventory for single Si panels (Single Si panel #5) identified 22
data gaps in total:

e the factory where the assembly takes place

e five waste treatment activities (plastic, municipal solid waste (MSW),
wastewater, polyvinyl fluoride [PVF], mineral oil)

e three metals (copper cathode, lead, and tin)

e six chemicals (EVA, PVF, KOH, 1-propanol, HF, isopropanol)

e solar glass

e silicone product

e pallet

e diode

e tap water

e two activities: wire drawing and flat glass tempering.

The aluminum alloy AIMgs was modeled using the dataset “Semi-permanent mold (SPM)
casting, aluminum - RNA” as proxy, since this alloy is 94.2-97.4 % aluminum [35].

To develop the model based on the PVPS inventory using ecoinvent datasets (Single Si Panel
#6), production processes were chosen for all inputs except for copper cathode, hydrogen
fluoride, potassium hydroxide, lead, and polyethylene terephthalate (PET). For these, market
activities were selected.

The ecoinvent model “photovoltaic panel production, single-Si wafer | photovoltaic panel,
single-Si wafer | Cutoff, U — RER” is used as a reference to build Single Si Panel #4. There, the
electricity mix was substituted to use the U.S. electricity mix. ecoinvent’s inventory does not
include several inputs included in the PVPS inventory: diode, pallet, KOH, tin, high density
polyethylene (HDPE), hydrogen fluoride, soap, lead, isopropanol, and diesel combustion.
Conversely, the ecoinvent inventory includes inputs absent in the PVPS inventory: natural gas
combustion, brazing solder, acetone, vinyl acetate, nickel, lubricating oil, and methanol.
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In addition, quantitative differences were found in the exchanges common to both inventories.
Namely, the PVPS inventory reports using 2.97 times more electricity, 1.97 times more

1-propanol, and 57 % more EVA than ecoinvent’s. It also reports treating 98.3 % less waste
plastic and 98% less PVF waste.

3.6.2. Modeling Results

In the following subsections, the magnitude of the data gaps identified in Section 3.6.1 are

discussed based on (1) share of material inputs, (2) GWP, and (3) other impact categories. Table

11 reports the results across these three assessments.

Table 11 Data gaps’ impacts for single crystalline silicon panel (% of impact

Mass | GWP AP EP ODP POCP| WCP FFP SOP CEDR CEDNR
Solar glass 467 | 799 142 120 113 131 | 253 651 164 270 575
EVA 464 | 307 250 100 094 260 | 227 499 086 205 457
PVF NA 170 155 059 023 161 | 134 161 448 086 155
Tempering NA 130 177 015 021 172 @ 032 132 020 033 112
Factory NA 123 188 063 014 151 | 074 089 326 944  0.92
Diode NA 063 067 030 009 066 091 063 006 052 070
Cathode NA 062 844 312 007 231 192 057 299 156 062
Pallet NA 057 045 013 005 064 025 037 008 202 037
Silicone NA 040 037 012 235 036 029 046 010 029 045
KOH NA 021 021 009 003 021 | 026 020 008 016 022
Tin NA 013 026 023 001 033 014 011 003 012 012
1-propanol NA 009 008 003 002 010 006 011 002 005 011
HF NA 008 034 005 004 013 008 008 017 008 008
Wire drawing NA 007 038 014 <001 014 013 007 012 009 007
l’:’:;tt;gr']a:t'c NA 0.06 <0.01 <0.01 <0.01 <0.01 | <0.01 <0.01 <0.01 <001 <0.01
MSW
o NA 003 <001 <001 <0.01 <0.01 <001 <0.01 <0.01 <001 <0.01
Wastewater NA <0.01 <0.01 0.08 <0.01 <0.01 | <0.01 <0.01 <001 <0.01 <0.01
:’:’::tt;::: NA | <001 <0.01 <001 <0.01 <0.01 | <0.01 <0.01 <001 <0.01 <0.01
Waste
mineral oil NA <0.01 <0.01 <0.01 <0.01 <0.01 | <0.01 <001 <001 <0.01 <0.01
treatment
Tap water 26.7 <0.01 <001 <0.01 <0.01 <001 | <0.01 <001 <001 <0.01 <0.01
TOTAL 780 | 182 331 7.87 532 254 | 113 179 141 385 167

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

Of the 22 gaps identified, only three are priority data gaps based on material input: solar glass
tap water, and EVA. They are responsible for 46 %, 27 %, and 5 % of the mass input,
respectively—Table 11. Disregarding water would not add more data gaps. Instead, it would
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only increase the relative importance of the two other data gaps, which represent more than
half the mass of the panel combined. If AIMgs had it not been modeled through a proxy, it
would have also been considered a priority data gap based on mass.

The GWP of Single Si Panel #4 is 2.4 greater than Single Si Panel #6’s. Similar to previous
products up the supply chain, the main reason is the preceding steps, as cell have an estimated
impact 3.33 times greater for Single Si Panel #4 than for Single Si Panel #6—Figure 9. The
overall difference is smaller than in previous steps. This is because the production of the panel
itself generates a significant amount of GHGs, approximately 53 kg CO2 eq./m3 for both models.
Due to the lower total estimated GWP impact, panel production accounts for a larger
percentage for Single Si Panel #6 than for Single Si Panel #4—78.6 % and 22.3 %, respectively.
This similarity indicates that, the differences between both inventories mentioned in Section
3.6.1 are either not significant or balance each other, at least based on GWP.

LCI Model Datasets

Rep. Single Si Panel #5 _| USLCI

0 50 100 150 200 250 300 350
kg CO, eq./ m?
Direct H Cell mAIMg3 B Solar glass HEVA
M Electricity M Corrugated board Glass fiber PVF B Tempering
Factory PET H Other

Only processes contributing >1% to the GWP of at least one model are shown. Representative inventory (Rep.),
ecoinvent (ei)

Figure 9 Global warming potential of 1 m? of single crystalline silicon panel

When comparing the two models using the PVPS inventory—Solar Si Panel #5 and Solar Si Panel
#6—the latter’s GWP is 37 % higher than the former’s. This is partially due to the higher
estimated impact of cell, the main source of GHGs emissions. Other key factors are the 22 data
gaps shown in Table 11, which are responsible for 18 % of Solar Si Panel #6’s GWP. Solar glass
alone is responsible for almost 8 % of the estimated impact, and four others can be identified in
Figure 9—EVA, PVF, tempering, and factory.

The contribution of the data gaps based on GWP have a strong correlation with their
contribution based on POCP, FFP, and CEDngr. On the contrary, GWP shows minimal correlation
with EP, ODP, SOP, and CEDg. The combined contribution of all data gaps in the different
categories is always higher than 5 % and higher than 10 % in all but two categories—EP and
ODP. Solar glass is a priority data gap for mass input and all impact categories. It is also the
main source of impact in six impact categories. EVA and PVF are also priority data gaps for eight
impact categories, with EVA also being a priority data gap based on mass. In addition, the
contributions of the copper cathode to AP, EP, WCP, and SOP make it a priority based on these
categories. The factory is a priority data gaps based on SOP and CEDk. Finally, the palletis a
priority data gap based on CEDg, and silicone is it based on ODP
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3.6.3. Summary

This section summarizes the results of the data gap analysis, and any other findings of interest
identified through the analysis process for single crystalline silicon panels.

Nine out of the 22 data gaps would be considered priority data gaps based on at least one
impact category or mass input—Table 12. Although only solar glass would be a priority data gap
in all impact categories and mass input, most key data gaps contribute more than 1 % to more
than one impact category. The exceptions are tap water, silicone product, and pallet, which
may have a lower prioritization unless the categories to which they contribute—mass, ODP, and
CEDg, respectively—are of special concern.

Table 12 Priority data gaps’ impacts for single crystalline silicon panel production (% of total impact)

Mass GWP AP EP ODP POCP | WCP FFP SOP CEDr CEDnr
Solar glass 46.7 799 14.20 1.20 1.13 13.10 | 2,53 6.51 1.64 2.70 5.75
EVA 4.64 3.07 2.50 1.00 094 260 | 227 499 086 2.05 4.57
PVF NA 1.70 155 059 023 1.61 134 161 448 086 1.55
Tempering NA 130 177 015 0.21 1.72 | 032 132 020 033 1.12
Factory NA 1.23 188 063 014 151 | 074 089 326 9.44 0.92
Cathode NA 0.62 844 312 0.07 231 192 057 299 1.56 0.62
Pallet NA 057 045 013 005 064 | 025 037 008 202 0.37
Silicone NA 040 037 012 235 036 | 029 046 010 0.29 0.45
Tap water 26.7 <0.01 <0.01 <0.01 <0.01 <0.01 | <0.01 <0.01 <0.01 <0.01 <0.01

Note: Values in italics indicate categories for which the data gap would not be consider a priority.

For single crystalline silicon cell, an additional finding about other impact categories was
identified. The contribution of the aluminum alloy to mineral resource scarcity and CEDnr—
Figure B. 52 and Figure B. 54, respectively—are significantly greater using USLCI than ecoinvent
datasets. The contribution of the frame alone is significantly greater than the contribution of
the rest of the panel for these categories. As for the case of steel in the wafer in Section 3.4.3,
most of these estimated impacts are due to the extraction of uranium, which in turn is likely
related to the production of electricity using nuclear power plants.
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4. Additional analyses

4.1. Implications for other representative models

As part of this study, models have been developed for single-Si panels as well as multi-
crystalline silicon panels and their supply chain components—as described in Supplemental
Material in Appendix B—and a cursory review of the inventories was completed. The authors
determined that detailed evaluation of single-Si laminate and multi-crystalline silicon panels
and its supply chain components are unnecessary for the purposes of this study.

Differences between the inventories for single crystalline and multi-crystalline silicon are
primarily quantitative—same inputs, different quantities of those inputs. Few new data gaps
were identified, but the relative magnitude of the estimated impacts across mass input and
impact categories did differ. This could impact data gap prioritization. There are a few
gualitative differences between the production processes of single-crystalline silicon and multi-
crystalline silicon that are highlighted below.

The production of single crystalline silicon relies on HF and HNOs, two data gaps that are absent
in the production of multi-crystalline silicon. Meanwhile, multi-Si production requires helium,
which is a new data gap not identified through the production supply chain of single-Si. It also
requires liquid nitrogen, which was identified as a data gap in the supply chain of Single Si
panels in the cell production stage—see Section 3.5.1. Although not relevant from a data gap
perspective, the LCI for production of multi-crystalline silicon did not include any emissions to
water, which has a contribution on the estimated EP impact of Single Si #6 and Single Si #5—
Figure B. 20.

Differences in the production of single-Si and multi-Si wafers are limited and exclusively
guantitative except for the main raw material—single crystalline and multi-crystalline silicon,
respectively. The production of multi-Si wafers requires more flat glass, acrylic binder, waste
treatment, and electricity. The first three items of that list are data gaps. According to Section
3.4.3, none of these data gaps would be considered priority data gaps. The increased material
use in multi-Si wafer is significant in some cases—e.g., multi-Si wafer requires 4.1 times more
flat glass than the single-Si wafer—but would not alter that classification, and those three data
gaps would remain as a non-priority.

The manufacturing of multi-Si cells requires several inputs in addition to those from single-Si
cells. Six required inputs appeared in the ecoinvent inventory for single-Si cell as mentioned in
Section 3.5.1. The production processes of three of them—phosphoric acid, organic solvents,
and calcium chloride—would be new data gaps, while the production of nitric acid already was
identified as a data gap for single crystalline silicon in Section 3.3.1. The provision of the
remaining two items—liquid oxygen and combustion of light fuel—are not considered data
gaps. Three other inputs—ammonium sulfate, hydrogen peroxide, and sulfuric acid—did not
exist in the ecoinvent inventory for Single Si cells. The production of the first two are not
available in USLCI and are therefore data gaps. For the exchanges used during the production of
both single-Si and multi-Si cells, numerous quantitative differences exist.
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The LCls for production of single-Si panel and single-Si laminate are identical except for the
presence of an AlIMgs alloy frame in the panel. The absence of the frame, an important source
of estimated impact based on GWP and other impact categories, would increase the relative
importance of other processes. This would potentially make them priority data gaps for one or
more impact categories. There is no difference between a single-Si panel and a multi-Si panel or
between both kinds of laminate except for the type of wafer. Therefore, six new data gaps can
be identified through multi-Si and its related products, most of which as part silicon cell
production—Table 13.

Table 13 Gaps identified through multi crystalline silicon and its related products

Multi-Si inventories Single Si inventories
Helium Multi crystalline silicon
Nitrogen Cell Cell
Phosphoric acid Cell
Organic solvents Cell
Calcium chloride Cell
Nitric acid Cell Single crystalline silicon
Ammonium sulfate Cell
Hydrogen peroxide Cell
Note: Gaps in italics had been identified thanks to PVPS Single-Si related inventories too and are therefore not
strictly new.

4.2. Gaps identified through ecoinvent (#4) models

No qualitative differences resulting in additional data gaps were detected when comparing the
ecoinvent and PVPS inventories for metallurgical and solar grade silicon—see Sections 3.1.1 and
3.2.1, respectively. For production of single crystalline silicon, the ecoinvent inventory reported
the use of acetic acid, acetone, and electronics grade silicon—Section 3.3.1. The production of
the last two is not available in USLCI. Although they are not needed for production of single
crystalline silicon, they can be considered data gaps. Of the exchanges reported in the
ecoinvent inventory for the production single-Si wafer, silicon carbide, TEG, high impact
polystyrene, LDPE, and paper—Section 3.4.1—only the production of the first two are data

gaps.

Single-Si cell production had the most qualitative differences of all steps evaluated. ecoinvent’s
inventory alone reported the use of seven flows whose production/treatment processes are
new data gaps—TFE, sodium silicate, oxygen, calcium chloride, phosphoric acid, titanium
dioxide, and organic solvents—three flows related to data gaps also identified in other steps—
argon, nitric acid, silicone—and two flows whose production/treatment processes are not
considered data gaps—polystyrene and ethanol. Finally, of the six flows used while
manufacturing single-Si panel according to the ecoinvent inventory, but not according to the
PVPS one—brazing solder, acetone, vinyl acetate, nickel, lubricating oil, and methanol—only
the production of the last two are not data gaps—see Section 3.6.1. In total, fourteen data gaps
were identified using the ecoinvent inventories—Table 14. Eleven of these data gaps had not
been identified by assessing the PVPS inventories of single-Si panel and its precursors in the
production supply chain.

29



NIST TN 2350

September 2025
Table 14 Gaps identified through the ecoinvent inventories
ecoinvent inventories PVPS inventories
Acetone Single crystalline silicon, Single Si panel
Electronics grade silicon Single crystalline silicon
Silicon carbide Single-Si wafer
TEG Single-Si wafer
TFE Singe-Si cell
Sodium silicate Singe-Si cell
Argon Singe-Si cell Single Crystalline Silicon
Nitric acid Singe-Si cell Single Crystalline Silicon
Calcium chloride Singe-Si cell
Silicone product Singe-Si cell Single-Si panel
Titanium dioxide Singe-Si cell
Brazing solder Single Si panel
Vinyl acetate Single Si panel
Nickel Single Si panel
Note: Gaps in italics had been identified thanks to PVPS Single-Si related inventories and are therefore not strictly
new.

4.3. Effect of database selection across impact categories

It has been stated in multiple occasions throughout Section 3 that there were significant
differences between the estimated impacts of models built with USLCI datasets—Model #5—
and those modeled using ecoinvent’s—Model #6. This subsection attempts to highlight those
differences in a “semi-quantitative” manner. The approach is considered semi-quantitatively
because 1) results from Model #6 should not be treated as an authoritative value for a given
estimated impact even though ecoinvent datasets are typically more granular than USLCI
datasets and usually include more direct emissions and resource uses, and 2) six processes—
i.e., six stages of a production supply chain—are not sufficient data to conduct a compelling
statistical analysis.

Table 15 shows the difference in the estimated impact generated by Models #5 and #6
calculated according to the equation below. Positive values from this equation indicate the
model developed using USLCI processes has a higher estimated impact than the model
developed using ecoinvent processes, and vice versa.

Impactydei #5

— 1 Equation 3
Impactyodei #6

Table 15 Comparison between Model #5 and Model #6 for each stage

GWP AP EP OoDP POCP | WCP FFP SOoP CEDr  CEDwr
MG Silicon 03% -0.1% -94% -43% 10% -98% -59% -78%  -83% -35%
Solar Silicon 13% -27% -96% 29% 42% -99% -43% -81%  -93% -18%
Single Si -14% -24% -97% -54% 2% -98% -55% -86%  -95% -42%
Single Si wafer -17% -31% -97% -56% -4% -98% -57% 1152%  -96% 379%
Single Si cell -19% -36% -97% -76% -12% -98% -57% 55%  -96% 285%
Single Si panel -27% -53% -97% -86% -36% -86% -62%  56935%  -93% 54082%
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GWP AP EP oDP POCP | WCP FFP SopP CEDr CEDnr

Average -11%  -29% -97%  -47% 0.4% -96% -56% 9650%  -93% 9108%
Note: Positive values (in italics) indicate Model #5 was higher than Model #6, while negative values indicate the
opposite.

The results presented on 15 indicate that, in general, models built using USLCI datasets are
estimated to have lower impacts than equivalent models built with ecoinvent datasets. As
discussed across Section 3, this is partially due to data gaps as well as because many USLCI
datasets having lower estimated impacts than their ecoinvent equivalent. Acknowledging these
limitations, the effect of low-impact USLCI dataset appears particularly relevant based on EP,
WCP, and CEDg, categories for which the estimated impacts of #5 models are approximately an
order of magnitude lower than those of #6 models. For FFP, the results in 15 suggest that USLCI
datasets have roughly half the estimated impact of their ecoinvent equivalents. For other
impact categories, generalizations based on current results are either not feasible or should be
even more limited. One such limited trend may be applied to GWP, which is lower for #5
models on average. Although the estimated GWP impact of many USLCI datasets may be lower
than equivalent in ecoinvent, the opposite is true for electricity, which has a large contribution
to the GWP of both MG and solar silicon. SOP and CEDng deserve special attention. They are
categories for which on average #5 models have an estimated impact one or more orders of
magnitude higher than that of #6 models. As discussed in Sections 3.4.3 and 3.6.3, these large
differences are due to the presence of uranium as a resource for the processing of steel and
aluminum in the USLCI datasets. Thus, due to the large differences between #5 and #6 PV
models for EP, WCP, FFP, SOP, CEDg, and CED\yg, it could be worth considering whether it is
advisable to use USLCI datasets on their own or in combination with ecoinvent processes, when
the focus is one or more of those categories in this particular industry.

Based solely on these results, a deeper analysis comparing equivalent USLCI and ecoinvent
processes could help explain some of these differences. The purpose of such analysis does not
have to be for datasets from different database to have estimated impacts within acceptable
ranges of each other. It could be conceived as a different kind of data gap analysis, one focusing
on direct emissions and direct resource use. A first step could be taken by identifying USLCI
datasets without any estimated impact in a particular category. For example, “Hydrochloric
acid, without water, in 30% solution state, at plant — RNA” does not have any estimated impact
based on resources depletion. Next would be to identify processes were a particular
elementary flow could have been expected based on previous knowledge or comparison with
equivalent ecoinvent datasets. For example, ensure that extractive activities have natural
resources as inputs. Finally, the actual amount of individual elementary flows may be compared
between USLCI and ecoinvent datasets to identify specific emissions or resources that might be
under or overestimated in USLCI in comparison to other data sources. These last two steps,
however, are complicated by the different levels of granularity of both databases. For example,
it is easy to corroborate that the production of 1 m? of single Si wafer requires 0.00781 kg/m? of
uranium based on USLCI processes, and that the practical totality of it comes from steel
production. The production of the same wafer using ecoinvent dataset requires less than 15 %
of that uranium—0.00115 kg/m?. However, that uranium comes mostly from uranium
production and extraction activities. Therefore, it is not immediately evident whether USLCI
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overestimates relative to ecoinvent: 1) the amount of electricity needed to produce steel, 2)
the fraction of electricity that comes from nuclear power plants, or 3) the amount of uranium
that needs to be extracted and processed to produce that electricity.

4.4. Discussion at the photovoltaic panel level

Since all the products evaluated in Section 3 are part of the production supply chain of Single Si
photovoltaic panels, it is possible for an overall analysis of the whole panel supply chain. This
was not feasible when evaluating different construction materials in the previous
implementation of this data gap assessment approach in NIST TN 2338 [17]. For example, the
contributions of the different products—stages—to the GWP of the whole panel are illustrated
in GWP of 1 m2 of Single Si panel, broken by stages in Figure 10. The three main sources of
estimated impact are panel assembly (43 %), Single Si production (18.5 %), and production of
Solar Silicon (13.5 %). Estimated impacts of transport, included in the market activities, are
negligible (<0.1 %) until considering the transport of the panel itself. That transport alone
contributes 2 % of the estimated GWP impact.

Bl P

0 20 40 60 80 100 120 140
GWP (kg CO, eq./m? panel)
B MG Silicon H Solar Silicon W Market Solar Silicon H Single Si
B Single Si wafer W Market for Single Siwafer ~ B Single Si cell B Market for Single Si cell
| Single Si panel W Market Single Sl panel

Each colored bar corresponds to the additional contribution a certain stage to the previous ones (e.g., the
estimated impact of producing solar silicon is the orange plus that of all the stages before, the dark blue of
metallurgical grade (MG) silicon

Figure 10 GWP of 1 m? of Single Si panel, broken by stages

The combined effect of 49 unique data gaps in the production of Single Si panels contributes
42.8 kg CO, eq./m2—as shown in Figure 11—or 35 % of all the estimated GWP impact
generated during the production of Single Si PV panels. Fifty-one percent of that estimated
impact originates from the assembly of the panel itself, which was also the stage with the
largest number of data gaps—22. The ten gaps from Single Si production are responsible for
more than a quarter of the estimated GWP impact generated by data gaps—28 %. The other
stage with ten data gaps—wafer production—is only responsible for 6.9 % of the gap’s GWP
estimated impact. The first two stages of the production process—MG and solar silicon
production—are responsible for almost a fifth of the panels estimated impact—20 %, see Figure
10. However, the contribution of their data gaps is minimal—1.3 %.
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GWP
gaps

0 5 10 15 20 25 30 35 40 45
GWP (kg CO, eq./m? panel)
B MG Silicon | Solar Silicon W Market Solar Silicon m Single Si
m Single Si wafer | Market for Single Si wafer m Single Si cell W Market for Single Si cell
| Single Si panel W Market Single Sl panel

Figure 11 GWP of the data gaps in the production of 1 m? of Single Si photovoltaic panels, broken by stages

Table 16 presents those estimated impacts contributing more than 1 % to the GWP of the
panel. Considering the results of Figure 11, it is reasonable to expect most of these priority data
gaps would be found in the assembly of the panel itself. Five of these gaps—solar glass and its
tempering, EVA, PVF film, and the PV factory—can only be found in the panel assembly stage.
Two other gaps, wastewater treatment and tap water production, were also identified as data
gaps in several stages, including panel assembly. However, the reason they are considered
critical is because of their large contribution during Single Si production. The three other
priority data gaps—DPGME, argon, and front side metallization paste—were identified as part
of the manufacturing of the wafer, Single Si, and cell, respectively.

Table 16 Data gaps contributing more than 1 % to the GWP of Single Si PV panel production, and the stages
where these gaps appear

% Contribution | # Stages | Stages
Solar glass 7.83 1 Panel
Wastewater (PV) 5.74 4 Single Si, wafer, cell, and panel
Tap water 3.12 3 Single Si, cell, and panel
EVA 3.01 1 Panel
PVF film 1.67 1 Panel
DPGME 1.53 1 Wafer
Glass tempering 1.27 1 Panel
PV factory 1.21 1 Panel
Argon 1.20 1 Single Si
Metallization paste, front 1.04 1 Cell
TOTAL 27.62

The main absences from Table 16 are the gaps that were a priority for a particular stage
because they caused more than 1 % of its GWP, but whose contribution falls below that
threshold when it is assessed at the panel level. These are wafer waste treatment for cell
manufacturing, and charcoal production for MG silicon production. They contributed roughly to
1.2 % and 6 % to the estimated GWP impact of their stages, respectively, but fell to 0.6 % and
0.4 % of the estimated GWP impact generated through the whole production supply chain of
the panel.

33



NIST TN 2350
September 2025

Finally, several interpretations can be made using the results in Table 16, either by focusing on
the largest impact data gaps or on the data gaps that impact the most stages in the production
supply chain. Ten data gaps in Table 16 represent 20.5 % of all data gaps but are responsible for
79 % of the estimated GWP impact caused by data gaps. Therefore, these ten data gaps are
excellent candidates for prioritization if the focus is on estimated GWP impacts of single Si
panels. The five GWP priority data gaps identified only in the panel assembly, generate 43 % of
all GHG emissions from data gaps. However, it should be noted that some priority data gaps,
namely wastewater treatment, tap water supply, and argon production, were identified early in
the production supply chain—Single Si production. Therefore, for the case of PV panel
manufacturing, filling those direct data gaps could produce the largest estimated impact
measurement benefit. However, the life cycle perspective offered in this section should not be
ignored, as several data gaps absent in panel manufacturing contribute significantly to the GWP
of the panel.
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5. Additional findings and future work

Throughout Section 3 it has been made apparent that GWP is not always a good proxy for other
impact categories. Similarly, the relative contribution of mass input is often significantly
different than its contribution in any impact category. Thus, it is recommended that all
categories of interest should be evaluated when assessing the importance of data gaps. To
facilitate the assessment of multiple impact categories, the workbooks used in this study will be
made available—see Appendix B and Appendix C.

The idea of “fit for purpose” is at the core of the data gap analysis performed in this study. For
that reason, if the purpose of filling data gaps were to be simply “to generate more
complete/reliable energy footprints,” an exclusive focus on CED is sufficient. However, an
unintended consequence is that the public databases may only be suitable for assessing CED.
This may already be occurring to a certain extent in USLCI for GWP, as briefly discussed in
Section 5.1 below.

5.1. Key findings for the Federal LCA Commons

Three key findings were identified in this study to improve the FLCAC. First, Section 2.2
highlights that many non-mandatory impact categories appearing in 1ISO 21930 [14] are not
currently available in the FLCAC. This did not hamper the assessment conducted in this study
(Section 3) because the intention was to broaden the scope of impact categories relative to Ref.
[17]. However, a lack of additional ISO 21930 impact categories in the impact methods available
in the FLCAC limits its usefulness as the “one-stop” repository for U.S. publicly available LCA
data. This could be particularly important for product categories following ISO 21930. There is,
nevertheless the FEDEFL (Federal LCA Commons Environmental Flow List) Inventory Methods
[36], which includes indicators related to all the non-mandatory ISO 21930 categories evaluated
here, with the exception of fossil fuel depletion.

Second, a potential addition to the eLCl (U.S. Electricity Grid) database [34] was identified in
Section 3.2.1. Offering national average datasets for specific energy fuel sources—hydropower,
nuclear, etc.—may increase the accuracy of models whose LCl specifies electricity fuel sources.
In addition, fuel source-specific data could help create proxy electricity mixes for other
countries where data is unavailable, assisting the modeling of international supply chains (e.g.,
photovoltaics) without having to rely on commercial or non-U.S. databases.

Finally, as discussed in Section 4.3, wide differences were observed between results using the
(public) USLCI and (commercial) ecoinvent databases for impact categories other than GWP,
suggesting a broad and deep analysis of both databases may be necessary. These differences
could be ascribed to methodological choices and/or one or both databases having missing or
inaccurate data.

5.2. Sources to fill identified data gaps

This study evaluates the importance of data gaps based on their contribution to different
impact categories. Data availability and/or ease of filling those gaps is not considered. Priority
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data gaps whose LCl are publicly available may be the best to start filling, but there may also be
a benefit in filling non-priority data gaps when the effort required to do so is limited.

Through the development of this data gap analysis, sources to fill some gaps have been
identified. What follows does not constitute an exhaustive list, and sources have not been
evaluated in terms of quality or complexity. It should be seen as a suggested starting point
towards more complete models for PV and related industries in the FLCAC.

5.2.1. Wastewater treatment

Wastewater treatment was identified as a data gap for most processes evaluated, which could
be filled with one of the nine wastewater treatment plants (WWTP) include in USLCI 1.2025-
03.0 [37], which was released while conducting this assessment. Two key findings were
identified as a result of filling this gap for the models to be released accompanying this
Technical Note—see Appendix B.

First, WWTPs now available in USLCI treat 16-160 more organic load than those used in Ref.
[22]. In addition, Ref. [22] does not specify a configuration for a WWTP. For that reason, the
simplest plant configuration was used for the models included in NIST’s Building Systems
repository—“Wastewater treatment; Conventional plug flow activated sludge, Level 1; at plant
- United States”.

Second, the authors think that there appears to be duplication in counting organic matter in
both USLCI and ecoinvent datasets, as well as in four inventories in Ref. [22]—Solar Si, Single Si,
Single Si Wafer, and Multi Si Wafer. Organic matter in water can be measured in several ways—
e.g., Biological Oxygen Demand (BODs), Chemical Oxygen Demand (COD), Dissolved Organic
Carbon (DOC) and Total Oxidized Carbon (TOC)[38]. Although these metrics are not 100 %
equivalent, including all four of them overestimates the amount of organic matter in the
effluent, and therefore the EP. Based on this last finding, COD, DOC, and TOC have been zeroed
in Solar Si #5, Single Si #5, Single Si Wafer #5, and Multi Si Wafer #5. However, neither
ecoinvent nor USLCI datasets have been modified.

5.2.2. Reports reviewed as part of this data gap analysis

The source of the representative inventories also included datasets for some of the gaps
identified here--Table 17. It is worth noticing that, although these might be the most up to date
public inventories, they are primarily based on older reports [23, 39].

Table 17 LCIs for data gaps in Ref. [22]

Appears on Priority
HF Single Si, panel No
PVF Panel GWP, AP, POCP, WCP, FFP, SOP, CEDnr
Wafer factory Wafer AP, POCP, SOP, CEDr
Metallization paste, front side Cell All but ODP
Metallization paste, back side Cell AP, POCP, SOP
Metallization paste, back side at plant Cell AP, POCP
Photovoltaic cell factory Cell POCP
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Appears on Priority
Silane Cell oDP
Photovoltaic panel factory Panel GWP, AP, POCP, SOP, CEDr

5.2.3. Ecoinvent 2 reports

The sources mentioned in Section 5.2.2 and other used by Frischknecht et al.—e.g., Ref. [33]
cite several Ecoinvent 2 reports as sources regarding some of the data gaps identified in this

Technical Note—Table 18. Note that these reports are from the late 2000’s, often based in

older data, and representative for Switzerland and other parts of Europe.

Table 18 LCIs for data gaps in Ecoinvent 2 reports

Appears on Priority Ref.
DPGME Wafer All [40]
POCI3 Cell No [40]
Isopropanol Cell AP, FFP [41]
1-propanol Panel No [41]
Silicone plant | MG silicon, Solar Si, Single Si No [42]
Argon Single Si Mass, GWP, AP, POCP, WCP, FFP, SOP, CEDg, CEDnr [42]
HNO3 Single Si Mass [42]
LAS Wafer AP, FFP, SOP, CEDnr [42]
Nitrogen Cell WCP [42]

5.3. Expanding to PV system level

Frischknecht et al. included inventories beyond the manufacturing of PV. As mentioned in

Section 3, the next steps are to model those inventories and conduct a data gap analysis along
the same lines as this Technical Note. The inventories to consider for modeling are:

e Photovoltaic panels
o Monocrystalline
o Polycrystalline

o Thin-Film Cadmium Telluride

e Inverter
o Microinverter
o String Inverter

o String Inverter with Optimizers

e Electrical installation
o Wiring
o Monitoring System
e Mounting system
e Use Phase
o Maintenance
o Repairs
o Replacements
e End of System Service Life
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o Dismantling

o Recycling

o Landfill
The modeling could also consider different efficiencies and manufacturing location where
feasible and appropriate. Note that some of these inventories may not be readily available.
Modeling each of these aspects of the system will provide the basis for further analysis
throughout the supply chain and life cycle, including optimal replacement, reuse, and recycling
decisions.

38



NIST TN 2350
September 2025

6. References

[1]

[2]

3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

Frey S, Bar Am J, Doshi V, Malik A, Nobel S (2023) Consumers care about sustainability—
and back it up with their wallets. Available at
https://www.mckinsey.com/industries/consumer-packaged-goods/our-
insights/consumers-care-about-sustainability-and-back-it-up-with-their-wallets#/

AzariJafari H, Rangelov M, Gregory J, Kirchain R (2023) Suitability of EPDs for Supporting
Life Cycle and Comparative Analysis of Concrete Mixtures. Environmental Science &
Technology 57(19):7321-7327. https://doi.org/10.1021/acs.est.2c05697

City and County of Denver, CO (2018) Green Buildings, Building Code of the City and
County of Denver, Article XlIl. Available at
https://www.denvergov.org/Government/Agencies-Departments-Offices/Agencies-
Departments-Offices-Directory/Community-Planning-and-Development/Plan-Review-
Permits-and-Inspections/Commercial-and-Multifamily-Projects/Green-Buildings-
Ordinance

Commonwealth of Pennsylvania (2024) “Green” Procurement. Procurement Handbook,
Part I, Chapter 22 Available at https://www.pa.gov/agencies/dgs/programs-and-
services/materials-and-services-procurement/green-procurement.html

MRA (2025) Environmental Product Declaration (EPD) Planning for the Future: Key Trends
2025-2033. (Market Report Analytics, Pune, India), p 106. Available at
https://www.marketreportanalytics.com/reports/environmental-product-declaration-epd-
53815#

ISO (2006) I1SO 14040:2006 Environmental management — Life cycle assessment —
Principles and framework. Available at https://www.iso.org/standard/37456.html

ISO (2006) I1SO 14044:2006 Environmental management — Life cycle assessment —
Requirements and guidelines. Available at https://www.iso.org/standard/38498.htmi

ISO (2022) I1SO 14020:2022 Environmental statements and programmes for products —
Principles and general requirements. Available at
https://www.iso.org/standard/79479.html

ISO (2010) I1SO 14025:2006 Environmental labels and declarations — Type Il
environmental declarations — Principles and procedures. Available at
https://www.iso.org/standard/38131.html

ISO (2017) ISO/TS 14027:2017 Environmental labels and declarations — Development of
product category rules. Available at https://www.iso.org/standard/66123.html|

39



NIST TN 2350
September 2025

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

ISO (2022) ISO/TS 14029:2022 Environmental statements and programmes for products —
Mutual recognition of environmental product declarations (EPDs) and footprint
communication programmes. Available at https://www.iso.org/standard/78513.html

Bhat CG, Adhikari T, Mellentin J, Feraldi R, Swack T, Mukherjee A, Dylla H, Rangelov M
(2022) ACLCA PCR Guidance — Process and Methods Toolkit. Available at
https://www.aclca.org/initiatives#PCR-Open-Standard

Port Authority of New York and New Jersey (2021) Clean Construction. Available at
https://www.panynj.gov/content/port-authority/en/about/Environmental-
Initiatives/clean-construction.html

ISO (2017) I1SO 21930:2017 Sustainability in buildings and civil engineering works — Core
rules for environmental product declarations of construction products and services.
Available at https://www.iso.org/standard/61694.html

Ingwersen WW, Stevenson MJ (2012) Can we compare the environmental performance of
this product to that one? An update on the development of product category rules and
future challenges toward alignment. Journal of Cleaner Production 24:102—-108.
https://doi.org/10.1016/j.jclepro.2011.10.040

Federal LCA Commons (2024) Memorandum of Understanding among the U.S.
Department of Energy (DOE), U.S. Environmental Protection Agency (EPA), U.S.
Department of Agriculture (USDA), U.S. Department of Transportation (DOT), and the
National Institute of Standards and Technology (NIST) on the Federal Life Cycle
Assessment (LCA) Commons. Available at https://www.lcacommons.gov/memorandum-
understanding-0

Rodriguez Garcia G, Ranganath S, Kneifel JD (2025) Public Life Cycle Inventory Data Gap
Analysis through Process Modeling. (National Institute of Standards and Technology,
Gaithersburg, MD), NIST TN 2338, p NIST TN 2338. https://doi.org/10.6028/NIST.TN.2338

Steubing B, Wernet G, Reinhard J, Bauer C, Moreno-Ruiz E (2016) The ecoinvent database
version 3 (part Il): analyzing LCA results and comparison to version 2. International Journal
of Life Cycle Assessment 21(9):1269-1281. https://doi.org/10.1007/s11367-016-1109-6

Managed LCA Content Sphera. Available at https://sphera.com/solutions/product-
stewardship/life-cycle-assessment-software-and-data/managed-Ica-content/

LTS (2020) DATASMART LCI Package. Available at
https://Itsexperts.com/services/software/datasmart-life-cycle-inventory/

FitzGerald D, Bourgault G, Vadenbo C, Sonderegger T, Symeonidis A, Fazio S, Mutel CL,
Mueller JF, Dellenbach D, Skoikou N, Baumann D, Clementi M, loannidou D, Cirone F,
Superti V, Beckert P, Treichel A, Kaarlea O, Kunde S, Valsasina L, Moreno-Ruiz E (2023)
Documentation of changes implemented in the ecoinvent database v3.10 (2023.12.14).

40



NIST TN 2350
September 2025

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

(Ecoinvent, Zurich, Switzerland), pp 1-138. Available at
https://19913970.fs1.hubspotusercontent-
nal.net/hubfs/19913970/Knowledge%20Base/Database/Releases/Change%20Report%20
v3.10%20-%2020231214.pdf

Frischknecht R, Stolz P, Krebs L, de Wild-Scholten M, Sinha P, Kim HC, Raugei M, Stucki M
(2020) Life Cycle Inventories and Life Cycle Assessments of Photovoltaic Systems ed Sinha P
(International Energy Agency (IEA) PVPS Task 12). Available at https://iea-pvps.org/key-
topics/life-cycle-inventories-and-life-cycle-assessments-of-photovoltaic-systems/

Jungbluth N, Stucki M, Flury K, Frischknecht R, Blisser S (2012) Life cycle inventories of
photovoltaics. (Swiss Federal Office of Energy SFOE, Uster, Switzerland), p 250. Available
at https://esu-services.ch/fileadmin/download/publicLCl/jungbluth-2012-LCl-
Photovoltaics.pdf

Jungbluth N (2005) Life cycle assessment of crystalline photovoltaics in the Swiss
ecoinvent database. Progress in Photovoltaics: Research and Applications 13(5):429-446.
https://doi.org/10.1002/pip.614

NREL (2024) USLCI 1.2024.06.0. Available at https://www.lcacommons.gov/Ica-
collaboration/National_Renewable_Energy Laboratory/USLCI_Database_Public/datasets

NREL (2024) USLCI 1.2024.12.0. Available at https://www.lcacommons.gov/Ica-
collaboration/National_Renewable_Energy Laboratory/USLCI_Database_Public/datasets

NREL (2024) USLCI 1.2024.09.0. Available at https://www.lcacommons.gov/Ica-
collaboration/National_Renewable_Energy Laboratory/USLCI_Database_Public/datasets

Huijbregts MAJ, Steinmann ZJN, Elshout PMF, Stam G, Zelm RV (2016) ReCiPe2016: a
harmonised life cycle impact assessment method at midpoint and endpoint level. The
International Journal of Life Cycle Assessment. https://doi.org/10.1007/s11367-016-1246-y

National Institute for Public Health and the Environment (2017) ReCiPe 2016 v1.1. RIVM
Report 2016-0104:201.

Frischknecht R, Wyss F, Blsser Knopfel S, Litzkendorf T, Balouktsi M (2015) Cumulative
energy demand in LCA: the energy harvested approach. International Journal of Life Cycle
Assessment 20(7):957-969. https://doi.org/10.1007/s11367-015-0897-4

Frischknecht R, Wyss F, Blisser Knopfel S, Litzkendorf T, Balouktsi M (2016) Erratum to:
Cumulative energy demand in LCA: the energy harvested approach. The International
Journal of Life Cycle Assessment 2016 21:6 21(6):921-923.
https://doi.org/10.1007/511367-016-1073-1

Woodhouse MA, Smith B, Ramdas A, Margolis RM (2019) Crystalline Silicon Photovoltaic
Module Manufacturing Costs and Sustainable Pricing: 1H 2018 Benchmark and Cost

41



NIST TN 2350
September 2025

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

Reduction Road Map., NREL/TP-6A20-72134, 1495719, p NREL/TP-6A20-72134, 1495719.
https://doi.org/10.2172/1495719

de Wild-Scholten M (2014) Life Cycle Assessment of Photovoltaics Status 2011, Part 1 Data
collection. (SmartGreenScans, Groet, The Netherlands), p 88. Available at
https://smartgreenscans.nl/publications/SmartGreenScans-2014-Life-Cycle-Assessment-
of-Photovoltaics-Status-2011-Part-1-Data-Collection--Sample-Pages.pdf

FLCAC (2020) U.S. Electricity Baseline. Available at https://www.lcacommons.gov/Ica-
collaboration/US_Environmental_Protection_Agency/USEEIO_v2/datasets

Makeitfrom (2020) 5754 (AlMg3, 3.3535, A95754) Aluminum. Available at
https://www.makeitfrom.com/material-properties/5754-AlMg3-3.3535-A95754-
Aluminum

Federal LCA Commons (2025) FEDEFL Inventory Methods. Available at
https://www.lcacommons.gov/Ica-
collaboration/Federal _LCA_Commons/FEDEFL_Inv/datasets

NREL (2025) USLCI 1.2025.03.0. Available at https://www.lcacommons.gov/Ica-
collaboration/National_Renewable_Energy Laboratory/USLCI_Database_Public/datasets

Asano T, Burton F, Leverenz H (2007) Characteristics of Municipal Wastewater and Related
Health and Environmental Issues. Water Reuse: Issues, Technologies, and Applications
(McGraw-Hill Education), 1st Edition. Available at
https://www.accessengineeringlibrary.com/content/book/9780071459273/chapter/chapt
er3

de Wild-Scholten MJ, Alsema EA (2007) Environmental Life Cycle Inventory of Crystalline
Silicon Photovoltaic System Production. Status 2005-2006 (Excel File). (Energy research
Centre of the Netherlands ECN, Petten (Netherlands)), ECN-E--07-026. Available at
https://inis.iaea.org/records/hvecq-72195

Sutter J (2007) Life Cycle Inventories of Highly Pure Chemicals. Ecoinvent report.
(Ecoinvent Centre, Dibendorf, Switzerland), 8, p 876.

Sutter J (2007) Life Cycle Inventories of Petrochemical Solvents. Ecoinvent report.
(Ecoinvent Centre, Uster, Switzerland), 22, p 399.

Althaus H-J, Hischier R, Osses, Maggie, Kellenberger D, Primas A, Hellweg S, Jungbluth N,
Chudacoff M (2007) Life Cycle Inventories of Chemicals. Ecoinvent report. (Ecoinvent
Centre, Dubendorf, Switzerland), 8, p 322.

42



NIST TN 2350
September 2025

Appendix A. List of Symbols, Abbreviations, and Acronyms

ACLCA
American Center for Life Cycle Assessment

ADP
Abiotic depletion potential

AP
Acidification potential

BOD
Biological oxygen demand

CED
Cumulative energy demand

CEDnr
Cumulative energy demand (non-renewable)

CEDr
Cumulative energy demand (renewable)

cob
Chemical oxygen demand

DOC
Dissolved organic carbon

DPGME
Dipropylene glycol monomethyl ether

elLCl
U.S. Electricity Grid (FLCAC database)

EP
Eutrophication potential

EPD
Environmental product declaration

EVA
Ethylene vinyl acetate

FFP
Fossil fuel potential

FLCAC
Federal LCA Commons

GHG
Greenhouse gases

GLO
Global (Ecoinvent geography)

GWP
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Global warming potential

HDPE
High density polyethylene

IEA
International Energy Agency

I1SO
International Standards Organization

LAS
Linear alkylbenzene sulfonate

LCA
Life Cycle Assessment

LCI
Life Cycle Inventory

LCIA
Life Cycle Impact Assessment

LDPE
Low density polyethylene

MG Silicon
Metallurgical grade silicon

MSW
Municipal solid waste

Multi Si
Multi crystalline silicon

NAICS

North America Industry Classification System

oDP
Ozone depletion potential

PCR
Product category rule

PET
Polyethylene terephthalate

POCP
Photochemical oxidant creation

PV
Photovoltaic

PVF
Polyvinyl fluoride

PVPS
Photovoltaic Power Systems

44



NIST TN 2350
September 2025

RER
Rest of Europe (ecoinvent geography)

RNA
Rest pf North America (ecoinvent geography)

Single Si
Single crystalline silicon

Solar Si
Solar grade silicon

sop
Surplus ore potential

TEG
Triethylene glycol

TFE
Tetrafluoroethylene

TOC
Total oxidized carbon

usLcl
U.S. Life Cycle inventory

wce
Water consumption protential

WWTP
Wastewater treatment plant
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Appendix B. Supplemental Material

B.1. Workbooks

The following workbooks were built for and used during the data gap analyses presented here
and are available at https://doi.org/10.6028/NIST.TN.XXXXsup1.

Two templates were built to quantify data gaps and generate the figures included in the main
text and in this Appendix in Section B.3. The instructions to use these templates are available in
Appendix C.

All impact Template: User input, DG sorting, Summary, Mass, LCl comparison, Calculations
GWP, Comparison GWP, GWP#4, GWP#5, GWP#6, Calculations AP, Comparison AP, AP#4,
AP#5, AP#6, Calculations EP, Comparison EP, EP#4, EP#5, EP#6, Calculations ODP, ODP#4,
ODP#5, ODP#6, Calculations POCP, Comparison POCP, POCP#4, POCP#5, POCP#6, Calculations
WCP, Comparison WCP, WCP#4, WCP#5, WCP#6, Calculations SOP, Comparison SOP, SOP#4,
SOP#5, SOP#6, Calculations CEDR, Comparison CEDR, CEDR#5, CEDR#6, Calculations CEDNR,
Comparison CEDNR, CEDNR#4, CEDNR#5, CEDNR#6.

Energy Template: CEDNR#4, CEDR#4, NR-biomass#4, NR-fossil#4, NR-Nuclear#4, R-biomass#4,
R-water#4, R-solarplus#4, CEDNR#5, CEDR#5, NR-biomass#5, NR-fossil#5, NR-Nuclear#5, R-
biomass#5, R-water#5, R-solarplus5, CEDNR#5, CEDR#5, NR-biomass#5, NR-fossil#5, NR-
Nuclear#5, R-biomass#5, R-water#5, R-solarplus#5.

Based on these two templates, the following ten pairs of workbooks were created.

=

All impact MG Si and Energy MG Si

All impact Solar Si and Energy Solar Si

All impact Solar Si Market and Energy Solar Si Market

All Impact Single Si and Energy Single Si

All Impact Single Si Wafer and Energy Single Si Wafer

All Impact Single Si Wafer Market and Energy Single Si Wafer Market
All Impact Single-Si Cell and Energy Single Si Cell

All Impact Single-Si Cell Market and Energy Single Si Cell Market

All Impact Single Si Panel and Energy Single Si Panel

10 All Impact Single Si Panel Market and Energy Single Si Panel Market

©WoONDUAWN

The following workbook was used to develop Figure 11, and the analysis presented in Section
4.4,

Production chain GWP: inputs, Output, All Category comparison, Calculation, 10, 8, 7, 6, 5, 4, 3,
2,1, Stage 1, Stage 2, Stage 3, Stage 4, Stage 5, Stage 6, Stage 7, Stage 8, Stage 9, Stage 10.

Finally, the workbook below was created to develop 15.

Production chain All impact ei-USLCI: Inputs, Outputs.
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B.2. openLCA models

In addition, the following models based on the representative inventories and built using USLCI
datasets (#5 models) will be available in the NIST repository on the FLCAC at YYYYY and at
MIDAS on XXXX. They are organized following the North America Industry Classification System
(NAICS) codes as follows:

31-33: Manufacturing
3279: Other Nonmetallic Minera Product Manufacturing

e Silicon; from modified Siemens process, solar grade; at plant
e Silicon; metallurgical grade; at plant

e Silicon; multi-Si, casted; at plant

e Silicon; single crystalline, Czochralski process; at plant

e Silicon; solar grade; 2018 production mix, at wholesale

3344: Other Nonmetallic Minera Product Manufacturing

e Multi-Si wafer; photovoltaic; at plant
e Photovoltaic cell, multi-Si; at plant

e Photovoltaic cell, single-Si; at plant

e Single-Si wafer; photovoltaics; at plant

3353: Other Electric Equipment and Component Manufacturing

e Photovoltaic panel, multi-Si; at plant
e Photovoltaic panel, single-Si; at plant
42: Wholesale Trade

4236: Household Appliances and Electrical and Electronic Goods Merchant Wholesalers

e Multi-Si wafer; photovoltaics; 2018 consumption mix, at wholesale
e Photovoltaic cell, multi-Si; 2018 consumption mix, at wholesale

e Photovoltaic cell, single-Si; 2018 consumption mix, at wholesale

e Photovoltaic panel, multi-Si; 2018 consumption mix, at wholesale

e Photovoltaic panel, single-Si; 2018 consumption mix, at wholesale
e Single-Si wafer; photovoltaics; 2018 consumption mix, at wholesale

Bridge processes
Building processes to U.S. Electricity Baseline
e Electricity Bridge; Building Systems to U.S. Electricity Baseline
Building Systems to USLCI

e AlMg3 aluminum alloy Bridge; Building Systems to USLCI

e Glass fiber, reinforced polymer Bridge; Building Systems to USLCI

e Hydrogen Bridge; Building Systems to USLCI

e Natural gas, combusted in industrial boiler Bridge; Building Systems to USLCI
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e Transport, combination truck, short-haul, diesel powered Bridge; Building
Systems to USLCI
e Wood chips; hardwood; green; at sawmill Bridge; Building Systems to USLCI

B.3. Figures for other impact categories

B.3.1. Metallurgical grade silicon

0 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

kg SO, eq./ kg (Ib/Ib)
M Direct M Electricity H Coke B Petroleoum coke m Silica sand B Sea transport H Other

Only processes contributing >1 % to the AP of at least one scenario are shown

Figure B. 1 Acidification potential of 1 kg of metallurgical grade silicon.

MG Si #5
0 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04
kg N eq./ kg (Ib/Ib)
M Direct M Electricity W Coke M Petroleum coke M Other

Only processes contributing >1 % to the EP of at least one scenario are shown

Figure B. 2 Eutrophication potential of 1 kg of metallurgical grade silicon.
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0.00E+00 5.00E-08 1.00E-07 1.50E-07 2.00E-07
kg CFC-11 eq./ kg (Ib/1b)
M Direct M Electricity M Petroleum coke H Coke M Silica sand M Other
Only processes contributing >1 % to the ODP of at least one scenario are show
Figure B. 3 Ozone depletion potential of 1 kg of metallurgical grade silicon.

o
o
[

0.2 0.3 0.4 0.5 0.6

kg O eq./ kg (Ib/Ib)
B Direct M Electricity M Coke M Petroleumcoke M Silicasand ™ Charcoal M Seatransport M Other

Only processes contributing >1 % to the POCP of at least one scenario are show.

Figure B. 4 Photochemical oxidant creation potential of 1 kg of metallurgical grade silicon.

MG Si #5
0 5 10 15 20 25 30 35
m3/ kg
M Direct M Electricity H Coke B Petroleum coke B Other

Only processes contributing >1 % to the WCP of at least one scenario are shown.

Figure B. 5 Water consumption of 1 kg of metallurgical grade silicon.
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0.00E+00 5.00E-01 1.00E+00 1.50E+00 2.00E+00 2.50E+00
kg oil eq./ kg (Ib/Ib)
M Direct M Electricity H Coke M Petroleum coke mO M Other

Only processes contributing >1 % to the FFP of at least one scenario are shown.

Figure B. 6 Fossil resource scarcity of 1 kg of metallurgical grade silicon

MG Si #6
MG Si #5

MG Si #4

o

0.0005 0.001 0.0015 0.002

kg Cu eq./ kg (Ib/Ib)
M Direct M Electricity M Factory W Coke B Petroleum coke M Silica sand M Other

Only processes contributing >1 % to the SOP of at least one scenario are shown

Figure B. 7 Mineral resource scarcity of 1 kg of metallurgical grade silicon.

MG Si #5 -
0 5 10 15 20 25 30 35 40 45
MJ/kg

M Direct M Charcoal M Electricity B Wood chips H Coke M Petroleum coke M Other

Only processes contributing >1 % to the CEDr of at least one scenario are shown

Figure B. 8 Cumulative energy demand (renewable) of 1 kg of metallurgical grade silicon.
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0 20 40 60 80 100 120 140 160 180
MJ/kg
M Direct M Electricity H Coke B Petroleum coke M Other

Only processes contributing >1 % to the CEDnr of at least one scenario are shown

Figure B. 9 Cumulative energy demand (non-renewable) of 1 kg of metallurgical grade silicon

B.3.2. Solar grade silicon

0 0.05 0.1 0.15 0.2
kg SO, eq./ kg (Ib/Ib)
M Direct M Electricity B Silicon B Natural gas H HCI B NaOH B Other

Only processes contributing >1 % to the AP of at least one scenario are shown

Figure B. 10 Acidification potential of 1 kg of solar grade silicon.

Solar Si #5
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35
kg N eq./ kg (Ib/Ib)
M Direct M Electricity W Silicon H HCI M Natural gas H NaOH m Other

Only processes contributing >1 % to the EP of at least one scenario are shown

Figure B. 11 Eutrophication potential of 1 kg of solar grade silicon.
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Solar Si #6

Solar Si #5

Solar Si #4

2.00E-07 4.00E-07 6.00E-07 8.00E-07 1.00E-06 1.20E-06

kg CFC-11 eq./ kg (Ib/Ib)
W HCl M Silicon EH2 ®ENaOH

0.00E+00

B Direct  ®Naturalgas M Electricity B Truck  ® Other

Only processes contributing >1 % to the ODP of at least one scenario are show

Figure B. 12 Ozone depletion potential of 1 kg of solar grade silicon.

Solar Si #6
Solar Si #5

Solar Si #4

o
©
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[
wn
N
N~
v
w

kg O eq./ kg (Ib/Ib)

B Silicon B Natural gas H HCI H Train B Truck B Other

M Direct M Electricity
Only processes contributing >1 % to the POCP of at least one scenario are show

Figure B. 13 Photochemical oxidant creation potential of 1 kg of solar grade silicon.

Solar Si #5
0 50 100 150 200 250 300 350 400
m3/ kg
M Direct M Electricity H Silicon H HCI ® NaOH m Other

Only processes contributing >1 % to the WCP of at least one scenario are shown

Figure B. 14 Water consumption of 1 kg of solar grade silicon.
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0 5 10 15 20 25
kg oil eq./ kg (Ib/Ib)
M Direct M Electricity W Natural gas H Silicon H HCI m Other
Only processes contributing >1 % to the FFP of at least one scenario are shown
Figure B. 15 Fossil resource scarcity of 1 kg of solar grade silicon.
Solar Si #5 -
0 0.005 0.01 0.015 0.02
kg Cu eq./ kg (Ib/Ib)
M Direct M Electricity M Silicon H HCI H NaOH M Natural gas m Other

Only processes contributing >1 % to the SOP of at least one scenario are shown

Figure B. 16 Mineral resource scarcity of 1 kg of solar grade silicon.

Solar Si #5
0 50 100 150 200
MJ/kg
M Direct M Electricity H Silicon H HCI B NaOH B Other

Only processes contributing >1 % to the CEDr of at least one scenario are shown

Figure B. 17 Cumulative energy demand (renewable) of 1 kg of solar grade silicon.



NIST TN 2350

September 2025
0 200 400 600 800 1000 1200 1400 1600
MJ/kg
M Direct M Electricity H Silicon MW Natural gas B Other

Only processes contributing >1 % to the CEDnr of at least one scenario are shown

Figure B. 18 Cumulative energy demand (non-renewable) of 1 kg of solar grade silicon.

B.3.3. Single crystalline silicon

o

0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

kg SO, eq./ kg (Ib/Ib)
M Direct m Solar silicon M Electricity ™ Electronics silicon ® Ar ® Natural gas B Wastewater B Water ® Other

Only processes contributing >1 % to the AP of at least one scenario are shown

Figure B. 19 Acidification potential of 1 kg of single crystalline silicon.

Single Si #6

Single Si #5 I

Single Si #4

o

0.2 0.4 0.6 0.8 1 1.2 1.4

kg N eq./ kg (Ib/Ib)
M Direct M Electricity B Solar silicon B Electronics silicon B Ar B Waste treatment B Wastewater B Water B Other

Only processes contributing >1 % to the EP of at least one scenario are shown

Figure B. 20 Eutrophication potential of 1 kg of single crystalline silicon.



NIST TN 2350

September 2025
0.00E+00 5.00E-07 1.00E-06 1.50E-06 2.00E-06 2.50E-06
kg CFC-11 eq./ kg (Ib/Ib)
M Direct M Electronics silicon  m Solar silicon M Electricity ® Natural gas
HAr B Chlorine H Water W Wastewater H Other

Only processes contributing >1 % to the ODP of at least one scenario are show

Figure B. 21 Ozone depletion potential of 1 kg of single crystalline silicon.

0 1 2 3 4 5 6

kg O; eq./ kg (Ib/Ib)
M Direct ®m Solar silicon M Electricity M Electronics silicon B Ar B Natural gas B Wastewater B Water M Other

Only processes contributing >1 % to the POCP of at least one scenario are show

Figure B. 22 Photochemical oxidant creation potential of 1 kg of single crystalline silicon.

Single Si #6 -

Single Si #5 ‘

0 500 1000 1500 2000 2500 3000 3500 4000

m3/ kg
W Direct M Solarsilicon M Electronics silicon M Electricity MAr MWater B Wastewater M Other

Only processes contributing >1 % to the WCP of at least one scenario are shown

Figure B. 23 Water consumption of 1 kg of single crystalline silicon.
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0.00E+00  5.00E+00  1.00E+01  1.50E+01  2.00E+01 2.50E+01 3.00E+01  3.50E+01

kg oil eq./ kg (Ib/Ib)
M Direct m Solar silicon M Electricity M Electronics silicon ® Ar W Natural gas B Water B Wastewater M Other

Only processes contributing >1 % to the FFP of at least one scenario are shown

Figure B. 24 Fossil resource scarcity of 1 kg of single crystalline silicon.

Single Si #5 -

0 0.005 0.01 0.015 0.02 0.025 0.03 0.035
k% Cu eq./ kg (Ib/Ib)
M Direct M Electricity W Solar silicon HAr M Tiles
B Wastewater H Other

M Electronics silicon B Waste treatment B Water

Only processes contributing >1 % to the SOP of at least one scenario are shown

Figure B. 25 Mineral resource scarcity of 1 kg of single crystalline silicon.

Single Si #5 I
0 100 200 300 400 500 600
MJ/kg
M Direct M Solar silicon M Electricity M Electronics silicon
HAr W Truck B Natural gas H Train
B Water W Wastewater H Other

Only processes contributing >1 % to the CEDr of at least one scenario are shown

Figure B. 26 Cumulative energy demand (renewable) of 1 kg of single crystalline silicon.
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0 500 1000 1500 2000 2500
MJ/kg
M Direct M Electricity B Solar silicon B Electronics silicon
HAr MW Natural gas B Truck B NaOH

Only processes contributing >1 % to the CEDnr of at least one scenario are shown

Figure B. 27 Cumulative energy demand (non-renewable) of 1 kg of single crystalline silicon.

B.3.4. Single-Si wafer

Single Si Wafer #5 _

0 0.1 0.2 0.3 0.4 0.5 0.6
kg SO, eq./ m?
M Direct mSilicon M Silicon carbide mTEG M Steel M Electricity @ DPGME M Factory M LAS m Brass M Other
Only processes contributing >1 % to the AP of at least one scenario are shown

Figure B. 28 Acidification potential of 1 m? of single-Si wafer.

Single Si Wafer #5 I

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

kg N eq./ m?
M Direct MW Silicon M®Silicon carbide M Electricity MTEG M Steel M DPGME M Wastewater M Other

Only processes contributing >1 % to the EP of at least one scenario are shown

Figure B. 29 Eutrophication potential of 1 m? of single-Si wafer.
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Single Si Wafer #5

0.00E+00 5.00E-07 1.00E-06 1.50E-06 2.00E-06 2.50E-06 3.00E-06 3.50E-06

kg CFC-11 eq./ m?
M Direct m Silicon M Silicon carbide B TEG B DPGME M Electricity M Other

Only processes contributing >1 % to the ODP of at least one scenario are show

Figure B. 30 Ozone depletion potential of 1 m? of single-Si wafer.

Single Si Wafer #6

Single Si Wafer #5

o
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kg O; eq./ m?
W Direct mSilicon ®Siliconcarbide MBWTEG M Steel MElectricity MW DPGME M Factory ™ Other

Only processes contributing >1 % to the POCP of at least one scenario are show

Figure B. 31 Photochemical oxidant creation potential of 1 m? of single-Si wafer.

Single Si Wafer #6 .

Single Si Wafer #5 ‘

0 1000 2000 3000 4000 5000
m3/ m?
M Direct m Silicon M Silicon carbide M Electricity B DPGME B Other

Only processes contributing >1 % to the WCP of at least one scenario are shown

Figure B. 32 Water consumption of 1 m? of single-Si wafer.
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Single Si Wafer #6 ‘

Single Si Wafer #5 ‘

0.0E+00 5.0E+02 1.0E+03 1.5E+03 2.0E+03 2.5E+03 3.0E+03 3.5E+03 4.0E+03 4.5E+03

kg oil eq./ m?
M Direct M Silicon M Silicon carbide M Electricity B DPGME HLAS H Other

Only processes contributing >1 % to the FFP of at least one scenario are shown

Figure B. 33 Fossil resource scarcity of 1 m? of single-Si wafer.

Single Si Wafer #6 .
Single Si Wafer #4 -I

0 0.05 0.1 0.15 0.2 0.25
kg Cu eq./ m?

M Direct mSilicon mTEG M Silicon carbide M Electricity W Steel ®m Factory @ DPGME M Brass ® LAS m Other

Only processes contributing >1 % to the SOP of at least one scenario are shown

Figure B. 34 Mineral resource scarcity of 1 m? of single-Si wafer.

Single Si Wafer #6 -

Single Si Wafer #5 |

0 100 200 300 400 500 600 700 800

MJ/ m?
M Direct M Silicon M Silicon carbide W Paper M Electricity M Train M Truck @MDPGME M Factory M Other

Only processes contributing >1 % to the CEDr of at least one scenario are shown

Figure B. 35 Cumulative energy demand (renewable) of 1 m? of single-Si wafer.

59



NIST TN 2350
September 2025

Single Si Wafer #6

Single Si Wafer #4

0 1000 2000 3000 4000 5000
MJ/ m?2
M Direct B Steel B Softened water M Paper B Natural gas B NaOH
H Silicon M Electricity B DPGME mLAS H Other

Only processes contributing >1 % to the CEDnr of at least one scenario are shown

Figure B. 36 Cumulative energy demand (non-renewable) of 1 m? of single-Si wafer.

B.3.5. Single-Si cell

Single Si Cell #6 _
Single Si Cell #5 -
0 0.2 0.4 0.6 0.8 1
kg SO, eq./ m?

M Direct ®m Wafer B Electricity B Met. Paste, front B Met. Paste, back B8 NAOH B Met. Paste, back Al B Other

Only processes contributing >1 % to the AP of at least one scenario are shown

Figure B. 37 Acidification potential of 1 m? of single-Si cell

Single Si Cell #6

Single Si Cell #5 I

0 0.2 0.4 0.6 0.8 1 1.2
kg N eq./ m?
M Direct m Wafer M Electricity W Met. Paste, front
B Met. Paste, back W Wastewater W Waste treatment M Other

Only processes contributing >1 % to the EP of at least one scenario are shown

Figure B. 38 Eutrophication potential of 1 m? of single-Si cell.
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sngesicei+< [ I
Single Si Cell #5 .

0.00E+00 4.00E-06 8.00E-06 1.20E-05 1.60E-05 2.00E-05

kg CFC-11 eq./ m?
M Direct B TFE m Wafer B Electricity m NAOH B Silane H Other

Only processes contributing >1 % to the ODP of at least one scenario are show

Figure B. 39 Ozone depletion potential of 1 m? of single-Si cell.

Single Si Cell #5 _
0 2 4 6 8 10 12 14 16
kg O; eq./ m?
M Direct m Wafer W Met. Paste, front B Electricity B Met. Paste, back
H NAOH B Waste treatment B Met. Paste, back Al B Factory M Other

Only processes contributing >1 % to the POCP of at least one scenario are show

Figure B. 40 Photochemical oxidant creation potential of 1 m? of single-Si cell.

Single Si Cell #6 -

Single Si Cell #5 ‘
0 1000 2000 3000 4000 5000
m3/ m?2
M Direct m Wafer M Electricity W Met. Paste, front M NaOH M Other

Only processes contributing >1 % to the WCP of at least one scenario are shown

Figure B. 41 Water consumption of 1 m? of single-Si cell.
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Single Si Cell #5

0.00E+00 1.00E+01 2.00E+01 3.00E+01 4.00E+01 5.00E+01 6.00E+01 7.00E+01

kg oil eq./ m?
M Direct m Wafer M Electricity W Met. Paste, front M Isopropanol B NaOH H Other

Only processes contributing >1 % to the FFP of at least one scenario are shown

Figure B. 42 Fossil resource scarcity of 1 m? of single-Si cell.

Single Si Cell #6 _
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

kg Cu eq./ m?
M Direct ®m Met. Paste, front B Met. Paste, back ® Wafer W Electricity ® Waste treatment ®POCI3 ® Other

Only processes contributing >1 % to the SOP of at least one scenario are shown

Figure B. 43 Mineral resource scarcity of 1 m? of single-Si cell.

Single Si Cell #6 -

Single Si Cell #5 |

0 100 200 300 400 500 600 700 800

MJ/m?2
M Direct m Wafer M Electricity B NAOH M Train W Truck m Other

Only processes contributing >1 % to the CEDr of at least one scenario are shown

Figure B. 44 Cumulative energy demand (renewable) of 1 m? of single-Si cell.
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Figure B. 45 Cumulative energy demand (non-renewable) of 1 m? of single-Si cell.

B.3.6. Single-Si panel
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Figure B. 46 Acidification potential of 1 m?of single-Si panel.
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Figure B. 47 Eutrophication potential of 1 m? of single-Si panel.
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Figure B. 48 Ozone depletion potential of 1 m? of single-Si panel.
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Figure B. 49 Photochemical oxidant creation potential of 1 m? of single-Si panel.
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Figure B. 50 Water consumption of 1 m? of single-Si panel.
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Figure B. 51 Fossil resource scarcity of 1 m? of single-Si panel.
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Figure B. 52 Mineral resource scarcity of 1 m? of single-Si panel.
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Figure B. 53 Cumulative energy demand (renewable) of 1 m? of single-Si panel.
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Figure B. 54 Cumulative energy demand (non-renewable) of 1 m? of single-Si panel.
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Appendix C. Input data gap quantification Excel Templates

Notel: Data gap identification takes place in openLCA while building the representative model
in USLCI. These instructions assume the practitioner already knows the production of which
flows constitute data gaps.

Note 2: The Excel Workbooks are large files, and lack of memory errors may occur. To prevent
this, set “Calculation options” to “Manual”, in the “Formula Tab” while inputting data, and
press F9 “Calculate Now” once the data input is complete. The instructions below indicate at
which points is recommended to “Calculate sheet” (Shift+F9) to ensure the workbook is
working properly.

C.1. Introduction

To facilitate the quantification of the potential impact missing data gaps may generate, two
template Excel workbooks are available:
- All impacts Template [All impacts]

- Energy Template [Energy]

C.2. Mass input contribution

C.2.1. In Excel, enter the cutoff criteria used for both mass inputs, and environmental impacts
in ‘Use input’!C2.

C.2.2. In Excel, introduce the name of models as you would like them to appear in the figures
in [All impacts]‘Use input’!F2:F4.

C.2.3. In openLCA, open the model built using FLCAC processes.
C.2.4. In openlCA, copy the Input from the “Input/output” tab.

C.2.5. In Excel, paste it in [All impacts]‘Mass’!Al Data gaps should automatically appear in red
and in italics.

C.2.6. In Excel, recalculate [All impacts]‘Mass’(Shift+F9): Mass data gaps and their contribution
should appear in ‘Mass’IP:Q.

C.2.7. In Excel, copy the values from [All impacts]‘Mass’!P:Q into [All impacts]‘Mass’!S:T and
organize them from high to low. Alternatively, in the “Developer” tab, open Macros, select
and run “Convert array to column.”

Note: Currently, this worksheet only calculates the relative importance of data gaps if they are
expressed in kg. They will not be calculated if they are in any other unit, metric or from the U.S.
Customary System.

C.3. I1SO 29130 impact categories

C.3.1. In openLCA, open the model built using Commercial processes.
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C.3.2. In openlLCA, in the “General information” tab, create a product system.
C.3.3. InopenLCA, calculate impacts using “ISO21930-LCIA-US” Impact assessment method.

C.3.4. InopenLCA, in the “Contribution tree” tab, select “Greenhouse Gases” and Copy the
results

C.3.5. In Excel, paste the results into [All impacts]’GWP#6’IA1

C.3.6. In Excel, Select [All impacts]'‘GWP#6’!A:F of all rows that constitute a data gap, and
format them as Italics. This is how we indicate in Excel that the production/treatment
processes of these exchanges are data gaps in the public database.

C.3.7. In Excel, in the “Developer” tab, open Macros, select and run “Red Italics”. It should turn
all rows in italics red for easy identification. It is not a problem if it does not do it, or if the
macro is not run, as its purpose is to facilitate the identification of data gaps when glancing
at this spreadsheet. This is an optional step.

C.3.8. In Excel, in the “Developer” tab, open Macros, select and run
“CopyltalicCellsinRangeQOrganized”. It should copy all data gaps to [All
impacts]’GWP#6’H:M. If it does not, please run the Macro until all data gaps identified
appear in rows [All impacts]’GWP#6'!H:M.

C.3.9. In Excel, ensure the formula in [All impacts]’GWP#6’IN2 is repeated as many times as
there are data gaps.

C.3.10. In Excel, recalculate [All impacts]'GWP#6’(Shift+F9). If the “RedItalics” macro did not
produce any results in step 7, it will likely show them now. “[All impacts] ‘GWP#6’1Q:Q
should include now a sum of the total impact of the data gaps both as a percentage and as
an absolute value, as well as the total number of flows whose production process is a data
gap.

C.3.11. In openLCA, select “Acidification potential” and copy the results.

C.3.12. In Excel, paste the results into’[All impacts]’AP#6’ A1,

C.3.13. In Excel, ensure the formula in [All impacts]‘AP#6’!G2 is repeated as many times as
there were rows pasted in the previous step.

C.3.14. In Excel, ensure the formulas in [All impacts]‘/AP#6’!12:M2 are repeated as many times as
there are data gaps. The number of data gap is the same for all impact categories, and can
be found in [All impacts]‘GWP#6’!Q4.

C.3.15. In Excel, recalculate ‘AP#6’(Shift+F9). [All impacts]‘AP#6’!G:G should return TRUE for all
data gaps, whose cells in [All impacts]‘AP#6’A:G should be in red italics. [All
impacts]'AP#6’!1:M should have a list of the data gaps and their contribution to this impact
category, and [All impacts]‘AP#6’!P:P should have the total number of impacts, and their
contribution to this impact category both in absolute and relative terms.

C.3.16. In openlLCA, select “Eutrophication potential” and copy the results.
C.3.17.In Excel, paste the results into [All impacts] EP#6'!A1.
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C.3.18. In Excel, ensure the formula in [All impacts]‘EP#6’!G2 is repeated as many times as there
were rows pasted in the previous step.

C.3.19. In Excel, ensure the formulas in [All impacts]‘EP#6’!12:M2 are repeated as many times as
there are data gaps. The number of data gap is the same for all impact categories, and can
be found in [All impacts]‘GWP#6'!Q4.

C.3.20. In Excel, recalculate [All impacts]‘EP#6’(Shift+F9). [All impacts]‘EP#6’!G:G should return
TRUE for all data gaps, whose cells in [All impacts]‘EP#6’!A:G should be in red italics. [All
impacts]‘EP#6’!1:M should have a list of the data gaps and their contribution to this impact
category, and [All impacts]‘EP#6’!P:P should have the total number of impacts, and their
contribution to this impact category both in absolute and relative terms.

III

C.3.21.In openLCA, select “Ozone depletion potential” and copy the results.

C.3.22. In Excel, paste the results into [All impacts]’ODP#6’|A1.

C.3.23. In Excel, ensure the formula in [All impacts]‘ODP#6’!G2 is repeated as many times as
there were rows pasted in the previous step.

C.3.24. In Excel, ensure the formulas in [All impacts]‘ODP#6’!12:M2 are repeated as many times
as there are data gaps. The number of data gap is the same for all impact categories, and
can be found in [All impacts] ‘GWP#6’!Q4.

C.3.25. In Excel, recalculate [All impacts] ‘ODP#6’(Shift+F9). [All impacts] ‘ODP#6’!G:G should
return TRUE for all data gaps, whose cells in [All impacts] ‘ODP#6’!A:G should be in red
italics. [All impacts] ‘ODP#6’!I:M should have a list of the data gaps and their contribution to
this impact category, and [All impacts] ‘ODP#6’!P:P should have the total number of
impacts, and their contribution to this impact category both in absolute and relative terms.

C.3.26. In openlLCA, select “Photochemical oxidant creation potential” and copy the results.
C.3.27.In Excel, paste the results into [All impacts] POCP#6’IA1.

C.3.28. In Excel, ensure the formula in [All impacts] ‘POCP#6’!G2 is repeated as many times as
there were rows pasted in the previous step.

C.3.29. In Excel, ensure the formulas in [All impacts]‘POCP#6’!12:M2 are repeated as many
times as there are data gaps. The number of data gap is the same for all impact categories,
and can be found in [All impacts]'GWP#6’!Q4.

C.3.30. In Excel, recalculate [All impacts] ‘POCP#6’(Shift+F9). ‘POCP#6’!G:G should return TRUE
for all data gaps, whose cells in ‘POCP#6’!A:G should be in red italics. [All impacts]
‘POCP#6’!1:M should have a list of the data gaps and their contribution to this impact
category, and [All impacts]‘POCP#6’!P:P should have the total number of impacts, and their
contribution to this impact category both in absolute and relative terms.

C.4. ReCiPe 2016 impact categories

C.4.1. In openLCA, open the model built using Commercial processes. This step may not
necessary if C.3.1 has already been done.

69



NIST TN 2350
September 2025

C.4.2. In openLCA, in the “General information” tab, create a product system. This step is not
necessary if C.3.2 has already been done.

C.4.3. In openLCA,calculate impacts using “ReCiPe 2016 - Midpoint/H” Impact assessment
method.

C.4.4. InopenlLCA, in the “Contribution tree” tab, select “Water consumption” and copy the
results.

C.4.5. In Excel, paste the results into [All impacts]’WCP#6’!A1.

C.4.6. In Excel, ensure the formula in [All impacts]'WCP#6’!G2 is repeated as many times as
there were rows pasted in the previous step.

C.4.7. In Excel, ensure the formulas in [All impacts]"WCP#6’!12:M2 are repeated as many times
as there are data gaps. The number of data gap is the same for all impact categories, and
can be found in [All impacts] GWP#6’!1Q4.

C.4.8. In Excel, recalculate [All impacts]"WCP#6’(Shift+F9). [All impacts] ' WCP#6’!G:G should
return TRUE for all data gaps, whose cells in ‘POCP#6’!A:G should be in red italics. [All
impacts]'WCP#6’!1:M should have a list of the data gaps and their contribution to this
impact category, and [All impacts]“WCP#6’!P:P should have the total number of impacts,
and their contribution to this impact category both in absolute and relative terms.

C.4.9. In openLCA, in the “Contribution tree” tab, select “Fossil resources scarcity” and copy
the results.

C.4.10. In Excel, paste the results into [All impacts] FFP#6'!A1.

C.4.11. In Excel, ensure the formula in [All impacts]‘FFP#6’!G2 is repeated as many times as
there were rows pasted in the previous step.

C.4.12. In Excel, ensure the formulas in [All impacts]‘FFP#6’!12:M2 are repeated as many times
as there are data gaps. The number of data gap is the same for all impact categories, and
can be found in [All impacts]‘GWP#6’!Q4.

C.4.13. In Excel, recalculate [All impacts]‘FFP#6’(Shift+F9). [All impacts]‘FFP#6’!G:G should
return TRUE for all data gaps, whose cells in ‘FFP#6’!A:G should be in red italics. [All
impacts]'FFP#6’!1:M should have a list of the data gaps and their contribution to this impact
category, and [All impacts]‘FFP#6’!P:P should have the total number of impacts, and their
contribution to this impact category both in absolute and relative terms.

C.4.14. In openLCA, in the “Contribution tree” tab, select “Mineral resources scarcity” and copy
the results.

C.4.15. In Excel, paste the results into [All impacts]’SOP#6’IA1.

C.4.16. In Excel, ensure the formula in [All impacts] ‘SOP#6’!G2 is repeated as many times as
there were rows pasted in the previous step.

C.4.17. In Excel, ensure the formulas in [All impacts]'SOP#6’!12:M2 are repeated as many times
as there are data gaps. The number of data gap is the same for all impact categories, and
can be found in [All impacts]'GWP#6'!Q4.
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C.4.18. In Excel, recalculate [All impacts] ‘SOP#6’(Shift+F9). [All impacts] ‘SOP#6’!G:G should
return TRUE for all data gaps, whose cells in [All impacts] ‘SOP#6’!A:G should be in red
italics. [All impacts] ‘SOP#6’!1:M should have a list of the data gaps and their contribution to
this impact category, and [All impacts] ‘SOP#6’!P:P should have the total number of
impacts, and their contribution to this impact category both in absolute and relative terms.

C.5. Cumulative energy demand impact categories

C.5.1. In openLCA, open the model built using Commercial processes. This step may not
necessary if C.3.1 or C.4.1 have already been done

C.5.2. .InopenLCA, in the “General information” tab, create a product system. This step is not
necessary if C.3.2 or C.4.2 have already been done.

C.5.3. InopenLCA, calculate impacts using “Cumulative Energy Demand” Impact assessment
method.

C.5.4. In openlLCA, in the “Contribution tree” tab, select “Non-renewable, biomass” and copy
the results.

C.5.5. In Excel, paste the results into [Energy]’NR-biomass#6’IA1.

C.5.6. InopenLCA, in the “Contribution tree” tab, select “Non-renewable, fossil” and copy the
results.

C.5.7. In Excel, paste the results into [Energy]’NR-fossil#6’IA1.

C.5.8. In openlLCA, in the “Contribution tree” tab, select “Non-renewable, nuclear” and copy
the results.

C.5.9. In Excel, paste the results into [Energy]’NR-nuclear#6’!A1.

C.5.10. In openLCA, in the “Contribution tree” tab, select “Renewable, biomass” and copy the
results.

C.5.11. In Excel, paste the results into [Energy] R-biomass#6’!A1.

C.5.12. In openLCA, in the “Contribution tree” tab, select “Renewable, water” and copy the
results.

C.5.13. In Excel, paste the results into [Energy]’R-water#6’|Al.

C.5.14. In openLCA, in the “Contribution tree” tab, select “Renewable, wind, solar, geothermal”
and copy the results.

C.5.15. In Excel, paste the results into [Energy]’R-solar#6’!A1.

C.5.16. In Excel, ensure the formulas in[Energy]’CEDR#6’!A:F are repeated enough times so as
to include as many items as they appear in other worksheets (e.g., if there are 10
contributors in NR-biomass, be sure the formulas reach row 11).
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C.5.17. In Excel, recalculate [Energy]’ CEDR#6’ (Shift+F9). The total non-renewable CED for each
item should appear in [Energy]’CEDR#6’!E:E, and the relative contribution of this item to the
total impact should appear in [Energy]’ CEDR#6’!A:A.

C.5.18. In Excel, copy the results from [Energy]’ CEDNR#6’!A:F.
C.5.19.In Excel, paste the values in [All Impacts]’CEDR#6’A1.

C.5.20. In Excel, select [All Impacts]’CEDR#6’!A:F. In the “Data” tab, select “Filter”, and use it to
sort them “largest to smallest” based on A:A.

C.5.21. In Excel, Ensure the formula in [All impacts]’CEDR#6’!G2 is repeated as many times as
there are exchanges. See C.3.14.

C.5.22. In Excel, ensure the formulas in [All impacts]' CEDR#6’!12:M2 are repeated as many times
as there are data gaps. The number of data gap is the same for all impact categories, and
can be found in [All impacts] GWP#6'1Q4

C.5.23. In excel, recalculate [All impacts]’ CEDR#6’ (Shift+F9). [All impacts]’CEDR#6’!G:G should
return TRUE for all data gaps, whose cells in [All impacts]’CEDR#6’!A:G should be in red
italics. [All impacts]’CEDR#6’QI:M should have a list of the data gaps and their contribution
to this impact category, and [All impacts]’CEDR#6’!P:P should have the total number of
impacts, and their contribution to this impact category both in absolute and relative terms.

C.5.24. Repeat steps C.5.16 to C.5.23for CEDnr.

C.6. Data gap summary

C.6.1. In Excel, recalculate [All Impacts] (F9). As data is being condensed into tables and
figures, all worksheets need to be up to date.

C.6.2. In Excel, for each item in [All Impacts]'User input’!H:H, write in their respective cell in
[All impacts]’User input’!l:I the desired short name for those key exchanges (e.g., for
“Transport, freight train” in H2 write “Train” 12). Recalculate the worksheet (Shift+F9) to
ensure it is updated after your inputs.

C.6.3. In Excel, [All impacts]'Summary’!B:M\ should have the fraction of the impact caused by
each data gap for all impact categories. Columns to the right compare data gaps with one
another.

Strictly speaking, this concludes the data gap analysis. However, by adding the results from
model #5, also based on the representative inventory, but built with USLCI processes, additional
insights into the differences between public and commercial databases can be gained. Adding
model #4 offers an additional reference point and can be used to help minimize data input
errors (e.g., if the impacts of model #4 and model#6 are significantly different, a typo might
have had occurred). To add the results from these two models, a similar procedure to that of
model #6 described above should be followed, and it is detailed below for Model#5. The
process is identical for model#4.

72



NIST TN 2350
September 2025

C.7. 1SO 29130 impact categories for additional models

C.7.1. In openLCA, open the model built using public processes.
C.7.2. In openLCA, the “General information” tab, create a product system.
C.7.3. InopenlLCA, calculate impacts using “ISO21930-LCIA-US” Impact assessment method.

C.7.4. In openLCA, in the “Contribution tree” tab, select “Greenhouse gases” and copy the
results.

C.7.5. In Excel, paste the results into [All impacts] GWP#5’1A1

C.7.6. In openLCA, in the “Contribution tree” tab, select “Acidification potential” and copy the
results.

C.7.7. In Excel, paste the results into [All impacts]’AP#5’1A1

C.7.8. InopenLCA, in the “Contribution tree” tab, select “Eutrophication potential” and copy
the results.

C.7.9. In Excel, paste the results into [All impacts]’ EP#5’IA1

C.7.10. In openLCA, in the “Contribution tree” tab, select “Ozone depletion potential” and copy
the results.

C.7.11. In Excel, paste the results into [All impacts]’ODP#5’IA1

C.7.12.In openLCA, in the “Contribution tree” tab, select “Photochemical oxidant creation
potential” and copy the results.

C.7.13. In Excel, paste the results into [All impacts]’POCP#5’IA1

C.8. ReCiPe 2016 impact categories for additional models

C.8.1. In openLCA, open the model built using pubicl processes. This step may not necessary if
C.7.1 has already been done.

C.8.2. In openLCA, in the “General information” tab, create a product system. This step is not
necessary if C.7.2 has already been done.

C.8.3. In openlCA, calculate impacts using “ReCiPe 2016 - Midpoint/H” Impact assessment
method.

C.8.4. In openLCA, in the “Contribution tree” tab, select “Water consumption” and copy the
results.

C.8.5. In Excel, paste the results into [All impacts] WCP#5'!1A1.

C.8.6. In openlLCA, in the “Contribution tree” tab, select “Fossil resources scarcity” and copy
the results.

C.8.7. In Excel, paste the results into [All impacts]’FFP#5’IA1.
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C.8.8. In openlLCA, in the “Contribution tree” tab, elect “Mineral resource scarcity” and copy
the results.

C.8.9. In Excel, paste the results into [All impacts]’SOP#5’!A1.

C.9. Cumulative energy demand impact categories for additional models

C.9.1. In openLCA, open the model built using pubicl processes. This step may not necessary if
C.7.1 or C.8.1 have already been done.

C.9.2. InopenLCA, in the “General information” tab, create a product system. This step is not
necessary if C.7.2 or C.8.2 have already been done.

C.9.3. InopenLCA, calculate impacts using “Cumulative Energy Demand” Impact assessment
method.

C.9.4. InopenLCA, in the “Contribution tree” tab, select “Non-renewable, biomass” and copy
the results.

C.9.5. In Excel, paste the results into [Energy]’NR-biomass#5’IA1.

C.9.6. In openlLCA, in the “Contribution tree” tab, select “Non-renewable, fossil” and copy the
results.

C.9.7. In Excel, paste the results into [Energy]’NR-fossil#5’IA1.

C.9.8. In openlLCA, in the “Contribution tree” tab, select “Non-renewable, nuclear” and copy
the results.

C.9.9. In Excel, paste the results into [Energy]’NR-nuclear#5’!A1.

C.9.10. In openLCA, in the “Contribution tree” tab, select “Renewable, biomass” and copy the
results.

C.9.11. In Excel, paste the results into [Energy]’R-biomass#5’!A1.

C.9.12. In openLCA, in the “Contribution tree” tab, select “Renewable, water” and copy the
results.

C.9.13. In Excel, paste the results into [Energy]’'R-water#5’1A1.

C.9.14. In openlLCA, in the “Contribution tree” tab, select “Renewable, wind, solar, geothermal”
and copy the results.

C.9.15. In Excel, paste the results into [Energy]’'R-solar#5’1A1.

C.9.16. In Excel, ensure the formulas in [Energy]’ CEDR#5’!A:F are repeated enough times so as
to include as many items as they appear in other worksheets (e.g., if there are 10
contributors in NR-biomass, be sure the formulas reach row 11).

C.9.17. In Excel, recalculate [Energy]’CEDR#5’ (Shift+F9). The total non-renewable CED for each
item should appear in [Energy]’CEDR#5’!E:E, and the relative contribution of this item to the
total impact should appear in [Energy]’ CEDR#5’A:A.
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C.9.18. In Excel, copy the results from [Energy] CEDNR#5’!A:F.
C.9.19. In Excel, paste the values in [All Impacts] CEDNR#5’A1.

C.9.20. In Excel, select [All Impacts]’CEDR#5’!A:F. In the “Data” tab, select “Filter”, and use it to
sort them “largest to smallest” based on [All Impacts] CEDR#5’!A:A.

C.9.21. In Excel, Ensure the formula in [All impacts]’CEDR#5’!G2 is repeated as many times as
there are exchanges. See C.3.14.

C.9.22. In excel, recalculate [All impacts])’CEDR#5’(Shift+F9).
C.9.23. Repeat steps C.9.16 to C.9.22 for CEDng.
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