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ABSTRACT
We designed a data structure to promote the reuse of experimental data collected from 
multiple research institutions in a research project on solid electrolytes for next-generation 
batteries. Leveraging data from multiple research institutions is extremely challenging because 
the data formats and items differ, preventing their integration and joint use. Therefore, a data 
structure is required that meets the following criteria: (1) it is readily usable by researchers, (2) it 
introduces commonality into the data, and (3) it is easily understood by third parties. By 
analysing experimental data from several institutions, we decomposed each process into 
‘elementary process units’ and proposed a ‘process‑chain’ data structure created by concate
nating these units. Furthermore, by adopting RDE – the cloud‑based data acquisition system 
developed by NIMS – and linking the tabular format to the RDE format, we streamlined data 
collection and management. The proposed data structure is not limited to solid electrolytes but 
can also be applied to the management of experimental data for other materials, making it 
useful as a cross-disciplinary method for accumulating material data.

IMPACT STATEMENT
Elementary-process chains unify heterogeneous battery-electrolyte datasets from multiple 
institutions, converting spreadsheets into a shared RDE repository and providing a scalable 
template for AI-ready materials curation.
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1. Introduction

Solid electrolytes are inorganic materials that are 
expected to be used in next-generation storage battery 
technology [1,2]. Currently, active research is being 

conducted worldwide on various materials, focusing 
on synthesis processes and property evaluation [3–5]. 
In Japan as well, multiple research institutions parti
cipate in solid‑electrolyte projects, synthesizing 
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diverse solid‑electrolyte materials through various 
processes and evaluating their properties [6,7]. For 
example, ALCA-SPRING (ALCA-Specially Promoted 
Research for Innovative Next Generation Batteries) 
was launched in September 2013. This is a research 
project that was launched as a special priority technol
ogy area of the Advanced Low Carbon Technology 
Research and Development Program (ALCA) pro
moted by the Japan Science and Technology Agency 
(JST). This project is comprising more than 50 institu
tions and 120 principal investigators [8]. More 
recently, the GteX program (Innovative GX 
Technology Creation Project), which promotes 
research on hydrogen, batteries, and bio‑manufactur
ing in support of green transformation, was launched 
by JST in October 2023 [9].

In such large‑scale projects, it is extremely difficult 
to leverage data from multiple institutions, because 
the data formats and items vary, and the data cannot 
be integrated for collective use. Thus, effective reuse 
of the data requires that they be recorded in a unified 
format. This challenge resides at a layer distinct from 
the data‑ingestion methods advocated by various 
data platforms (e.g [10–15]) and concerns how to 
document the diverse research data generated in 
multiple laboratories. Several conceptual frameworks 
have been proposed for describing research data. One 
approach uses directed graphs to describe the rela
tionships among samples [16–18]. Another effort 
records material state changes by combining directed 
graphs with property descriptions for each graph 
node [19]. However, to implement these concepts, 
concrete examples tailored to each specific research 
field are required. Examples have been examined in 

the fields of polymers [20] and metals [21], and for 
charge – discharge data in the battery field [22]; yet 
no concrete data structure and practical accumula
tion example have been reported for uniformly 
describing data from multiple laboratories on 
solid‑electrolyte materials [3].

In this study, we therefore developed a data 
description method focused on the solid‑electrolyte 
domain with the aim of enabling data reuse; three 
considerations were emphasized: (1) Provide 
a simple mechanism that researchers can readily 
use. (2) Impart commonality to the data. (3) Ensure 
that the data remain comprehensible to other 
researchers. To address these issues, we first analysed 
the characteristics of experimental data obtained 
from multiple research institutions. Based on insights 
derived from this analysis, we examined ways to 
represent experimental processes and view the 
experimental data as a whole and devised a shared 
data concept (data structure) [23] that could be com
monly used by multiple laboratories. Furthermore, 
by adopting RDE, the data‑collection system devel
oped by NIMS [12,24], we implemented this data 
structure and created concrete data formats for accu
mulating and recording data.

2. Analysis of data structures

To clarify practical issues in recording and reusing 
solid‑electrolyte data, we first selected ‘Laboratory A’, 
which has a proven record in data accumulation and 
utilization [25,26], as a case study. This laboratory 
records experimental results in a unified spreadsheet 
format. As illustrated in Figure 1, the data sheet 

Figure 1. Example of data-recording table.
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consists of three individual sheets: Pre‑processing, 
Synthesis, and Conductivity. The Pre‑processing 
sheet corresponds to powder preparation, the 
Synthesis sheet to reactive synthesis of the target com
pound, and the Conductivity sheet to ionic‑conduc
tivity measurement of the product. Each sheet is 
generally organized so that the experimental steps 
proceed from left to right. For example, in the 
Pre‑processing sheet, the leftmost columns record 
the experiment number and date, followed by the 
target composition and weighing values of raw pow
ders, after which the mixing method is documented. 
Thus, one can read the experimental flow of defining 
the target composition, weighing raw powders, and 
mixing them. Closer inspection shows that three 
kinds of mixing – hand mixing, ball‑mill mixing, and 
vibration mixing – are listed, but not all three are 
necessarily carried out in every experiment. In the 
‘Synthesis’ sheet, solid‑state reaction, high‑pressure 
synthesis, and vacuum sealing are listed from left to 
right, but it appears that only one of them is selected 
for execution. Although the Conductivity sheet is 
intended for property measurement, it is noteworthy 
that it also contains entries for pellet fabrication pro
cedures required for conductivity testing. Hereafter, 
we refer to the flow of these experiments as ‘processes’. 
Next, we examine the table structure. Data items are 
described across the first three rows, and actual data 
are recorded starting from the fourth row. Some col
umns have a simple structure in which rows 1–3 are 
merged into a single header (e.g. experiment number, 
date, target composition, synthesis method, pellet 
type). Other columns form blocks in which row 1 
spans multiple columns and row 2 is further merged 
to create sub‑blocks. These observations indicate that 
the data are treated hierarchically.

We then performed trial data entry in other labora
tories based on Laboratory A’s data sheet to identify 
potential issues. The trials revealed that while many 
items are common, the order and types of processes 
exhibit greater variations. Figure 2 charts the experi
mental flows collected from the various laboratories. 
First, Hot Press in pattern (1) involves applying uni
axial pressure during heating; this step is absent from 
Laboratory A’s data sheet. Patterns (2)–(4), compris
ing weighing, hand mixing, ball‑mill mixing, pressing, 
firing, and spark‑plasma sintering (SPS), share the 
same components as Laboratory A’s sheet, but their 
order and number of repetitions differ. Furthermore, 
to evaluate samples, similar processes were sometimes 
repeated. For example, in case K0011 firing is per
formed twice: the sample is first fired and crushed 
for XRD measurement and then refired to form 
a pellet for conductivity testing. In the exceptional 
case K0022, a material once prepared by hot pressing 
is re‑sintered. In other instances, such as K0031, con
ductivity is measured by directly pelletizing the mix
ture without firing, intentionally omitting specific 
processes. Such intentional omission frequently 
occurs in control experiments aimed at assessing the 
influence of a particular process. When samples are 
measured with various analytical instruments, some 
undergo multiple identical or different measurements, 
whereas others are not subjected to any measurement 
at all. For example, in solid‑electrolyte evaluation, 
conductivity tests are performed only on selected sam
ples after material quality is assessed using some of 
XRD, Raman spectroscopy, and/or TG‑DTA. Hence, 
among data from multiple institutions, there are 
numerous variations within the same process category 
(mixing, synthesis, etc.), resulting in diverse process 
parameters to be recorded. Additional variations 

Figure 2. List of solid-electrolyte experiments.

Sci. Technol. Adv. Mater. Meth. 5 (2025) 3                                                                                                                                        Y. FUJIWARA et al.



include repetition of the same process, omission of 
processes, repeated or multiple measurements on the 
same sample, and omission of measurements. 
Attempting to record all these variations in a single 
data sheet would require a huge table that encom
passes every pattern. Such a table would contain so 
many columns that users would find it difficult to 
locate those relevant to their own processes. 
Moreover, each time a new process configuration is 
added, the table would need to be rebuilt. This recon
struction is time-consuming and demands consider
able effort to transform existing data sheets for 
consistency with prior records [27].

3. Construction of the data model

The foregoing analysis highlighted two principal 
challenges. First is how to represent the wide vari
ety of sample‑fabrication processes. A process is 
composed of a combination of multiple elements. 
There are multiple possible combinations of these 
elements, and as research progresses, elements may 
be added or omitted, changing the patterns [19]. 
Thus, a representation method that flexibly accom
modates the increasing variations in sample‑fabri
cation processes is required. Second is how to 
associate samples with measurement data. The rela
tionships among processes, the output data of pro
cesses, and related processes or samples can 
become complex [28]. For example, with non‑des
tructive analysis and measurements, a sample fab
ricated by a certain process may be characterized 
by XRD and subsequently subjected to conductivity 
measurement using the same sample. Conversely, 
the conductivity of a different sample fabricated by 
the same method as the XRD‑characterized sample 
may be measured. Although both cases appear to 
provide the same information about a specific pro
cess in terms of structure and properties, differ
ences in sampling introduce variations that must 
be considered. Similarly, multiple measurements of 
the same sample and measurements of multiple 
samples fabricated in the same manner represent 
different sampling strategies. Therefore, 
a representation method capable of distinguishing 
such sampling differences is required. In view of 
these issues, this study proposes a more flexible and 
unified data model for organizing, integrating, and 
utilizing research data.

3.1. Representing processes

To flexibly capture diverse workflows, we decompose 
each process into standardised building blocks that 
can be concatenated. These building blocks are termed 
‘elementary process units’. Analysis of solid‑electrolyte 

synthesis routes revealed five such units, denoted by 
two‑letter labels:

● Weighing (WG): measuring masses of precursor 
powders.

● Mixing (MX): homogenizing raw materials using 
a mortar or ball mill, etc.

● Pressure treatment (PT): compacting powders 
using a hydraulic press.

● Heat treatment (HT): thermally processing mate
rials in a furnace.

● Heat treatment under pressure (HP): simulta
neously applying heat and pressure, as in hot 
pressing or SPS.

Figure 3 shows that all workflows analysed in Figure 2 
map onto one or more of these five units. Each unit 
possesses its own parameter set; for heat treatment 
(HT), for instance, relevant parameters include ramp 
rate, dwell time, cooling schedule, and furnace atmo
sphere. For pressure treatment (PT), the applied pres
sure, die material, and geometry are principal 
parameters. A unit may encompass multiple techniques 
whose parameter lists differ—e.g. mixing (MX) covers 
hand milling in an agate mortar and ball‑milling in 
a planetary mill. Such techniques are treated as sub‑ca
tegories under the parent unit. A complete workflow is 
expressed by chaining the unit labels, yielding a process 
chain. For example, Figure 4(a) represents weighing 
followed by mixing; Figure 4(b) denotes weighing, mix
ing, pressing, and heating; Figure 4(c) comprises weigh
ing, mixing, and pressing only. When the same unit 
appears multiple times, numeric suffixes are appended 
in the order of execution (e.g. MX1 for hand mixing, 
MX2 for ball‑milling). Crucially, the suffix is an ordinal, 
not an indicator of specific conditions.1

Because all laboratories apply the same labelling rule, 
heterogeneous workflows can be systematically repre
sented, enabling researchers to discern differences and 
commonalities at a glance from the process‑chain 
string. Downstream analyses can filter datasets by iden
tical process chains or by the presence of particular 
units. The scheme thus standardises data description 
without constraining experimental creativity.

3.2. Data model for describing the entire dataset

Beyond process information, a complete research 
dataset also encompasses the analytical and evaluative 
results obtained for the resulting samples. A coherent 
framework must therefore link all related entities. We 
classify the dataset into four item types as follows:

(1) Processes: procedures that synthesise samples.
(2) Samples: physical outputs generated by those 

processes.
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(3) Measurements: analytical actions to character
ise the samples.

(4) Measurement results: numerical or qualitative 
outputs from those measurements.

Table 1 summarizes the input‑output relationships 
among these items. A process is defined as an 
action‑type item that accepts a sample as input and 
outputs another sample. A measurement is likewise 
an action‑type item that accepts a sample as input and 
outputs a measurement result. Whereas a process 
transforms the input sample irreversibly – thereby 
being destructive – a measurement leaves the sample 
intact and is therefore non‑destructive. A sample is an 
object‑type item obtained as the output of a process 
and used as input for subsequent processes or 

measurements. A measurement result is an 
object‑type item obtained by supplying a sample to 
a measurement. Figure 5(a) integrates these relation
ships. Among the four items, processes are expressed 
as process chains composed of elementary process 
units, as proposed in Section 3.1. When a sample is 
inserted into this representation, as shown in 
Figure 6(a), a sample follows each elementary unit 
and serves as the input to the next unit. This repre
sentation, however, can be verbose. In particular, 
when the entire sample is passed to the next process 
and fully transformed, explicitly depicting that sam
ple adds no information. In such cases, the intermedi
ate sample items may be omitted, and the chain can be 
described simply as ‘a sample produced through pro
cess chain A→B→C→ . . . ,’ as in Figure 6(b). 

Figure 4. Schematic image of element process – chain.

Figure 3. Example of organized experimental flow using process-element units.
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Conversely, if a portion of the sample is retained for 
a different process, the sample item must be explicitly 
represented. We next consider measurements. 
Because a measurement and its result form an inse
parable pair, the result item need not be shown expli
citly; Thus, as in Figure 5(b), it suffices to depict the 
measurement as acting on a sample produced by 
a process. Accordingly, the challenges associated 
with describing solid‑electrolyte experiments can be 
resolved by combining the notions of process chains – 
assembled from elementary units – and arrows that 
link the three items: process, sample, and measure
ment. These ideas enable diverse combinations of 
pressing, heat treatment, and concurrent hea
t‑and‑pressure treatment to be represented together 
with the various measurements performed on the 
resultant samples. Based on these ideas, we propose 
the data model presented here for representing 
solid‑electrolyte experimental data.

To uniquely identify the processes, samples, and 
measurements stored according to this model, the 
following identifiers (IDs) are introduced.

● Composition ID (prefix CM + number): identi
fies the target composition.

● Process ID (prefix PR + number): identifies the 
synthesis process.

● Sample ID (prefix SP + number): identifies 
a sample produced by a process.

● Measurement ID (e.g. XD, TD, RS, ES + num
ber): identifies measurement data for each 
sample.

When managing data across multiple laboratories, 
a laboratory ID should be added. Examples of these 
IDs are provided in Table 2. As shown in Figure 7, 
Laboratory ID, Composition ID, Process ID, 
Sample ID, and Measurement ID are arranged hier
archically. Therefore, to uniquely identify a process, 
sample, or measurement, the IDs of higher levels are 
prepended. For example, a process can be designated 
by concatenating the Laboratory ID, Composition ID, 
and Process ID. Adopting this hierarchical ID scheme 
eliminates the need to check for duplication when 
assigning IDs at each level. Furthermore, the number 
of digits should be large enough to accommodate the 
amount of experimental data in the research project 
but should also be adjusted appropriately to ensure 
visibility for users. However, in order to stabilize 
mechanical processing, the number of digits should 
be clearly indicated using zero padding or other meth
ods. This approach should also be applied to subse
quent ID numbers.

Table 1. Relationships among the four items that make up the 
research data.

Operation Input Output Description

Process Sample Sample Destroy sample 
Irreversible

Measurement Sample Measurement 
Result

Does not destroy sample 
Can be performed 
again

Figure 5. Input – output relationships for process, sample, measurement and measurement-result items.

Figure 6. Detailed description of a combined Process -Sample chain.
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(1) Composition ID
A Composition ID is constructed by combining 
the prefix ‘CM’ with numerals (e.g. a four‑digit 
number). Within each Laboratory ID, numbers 
are assigned sequentially from 1; numbering 
restarts for different laboratories. No verifica
tion is required against compositions from 
other laboratories. • Even within a laboratory, 
composition identity is not checked; IDs such 
as CM0001, CM0002, and so forth are assigned 
sequentially. As illustrated in Figure 8, when an 
experiment is repeated for reproducibility, 
a new ID is issued without referring to past 
IDs. A user‑friendly alias (sample name) may 
be appended after the Composition ID, for 
example, using square brackets. For instance, 
it may be written as CM0001[LS_Si05P05].

(2) Process ID
A Process ID is constructed by combining the 

prefix ‘PR’ with numerals (e.g. a three‑digit num
ber). As shown in Figure 9, numbers are assigned 
sequentially within each Composition ID; num
bering restarts for different compositions. For 
example, as shown in Figure 9(a), the identity of 
the process is not referenced. To help users grasp 
the structure of the process chain, it is desirable to 
append the process chain as a label to clarify the 
meaning of the Process ID. This label may be also 
enclosed in square brackets such as 
[process‑chain].

(3) Sample ID
A Sample ID is constructed by combining the 
prefix ‘SP’ with numerals (e.g. a two‑digit num
ber). If the Process ID differs, numbering 
restarts from 1 (Figure 10(a)). When multiple 
samples are produced simultaneously from one 
process, numbers are assigned sequentially 
within that Process ID (Figure 10(b)).

Figure 8. Assignment of composition IDs.

Table 2. List of IDs.
Items ID Category ID Examples

Laboratory Laboratory K001, K002, . . .
Composition Target composition CM0001, CM0002, . . .
Process Process PR001, PR002, . . .
Sample Specimen SP01, SP02, . . .
Measurement X-ray diffractometry XD01, XD02, . . .
Measurement Raman spectroscopy RS01, RS02, . . .
Measurement Electrochemical Impedance Spectroscopy, EIS ES01, ES02, . . .
Measurement TG-DTA TD01, TD02, . . .
Measurement Density DM01, DM02, . . .

Figure 7. Relationship between the IDs assigned to each data record.
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(4) Measurement ID
A Measurement ID consists of a two‑letter 
instrument code followed by a number (e.g. 
two digits). In this study XD denotes X‑ray 
diffraction, TD thermogravimetric analysis, 
RS Raman spectroscopy, ES electrochemical 
impedance, and DM density measurement. 
Instrument codes with similar names are 
chosen carefully to avoid collisions. 
Numbers are assigned sequentially from 1 
for each sample; numbering restarts for dif
ferent Sample IDs. When the same measure
ment type is performed multiple times on 
a sample, IDs such as TD1, TD2, and so 
forth are used (Figure 11(a)). When different 
measurement types are performed on the 
same sample, distinct Measurement IDs are 
assigned (Figure 11(b)).

Table 3 shows examples of IDs created under these 
rules. For instance, experiment S1 denotes the first 
powder sample obtained by weighing composition 
LS_Si05P05 under condition WG1; This is expressed 
as CM001[LS_Si05P05] ‑PR01[WG1] ‑SP1. 
Measurement M1 indicates that the apparent bulk den
sity of that weighed powder was recorded: Accordingly, 

it is written as CM0001[LS_Si05P05] ‑PR001[WG] 
‑SP01 ‑DM01. Measurement M4 represents electroche
mical impedance data obtained for a pellet produced by 
weighing, mixing, pressing, firing, and heat‑and‑pres
sure treatment of the same composition. Therefore, it is 
written as CM0001[LS_Si05P05] ‑PR001 
[WG‑MX‑PT‑HT‑HP] ‑SP01 ‑ES01. Other samples 
and measurement data can be documented following 
the same rules. Combining the process‑chain structure 
with hierarchical item IDs yields the data model illu
strated in Figure 12. This model enables the consistent 
description of relationships such as composition→pro
cess→sample→measurement – for example, elemen
tal‑ratio data of a weighed powder or conductivity 
data of a sintered pellet.

Although the process‑chain and directed‑graph 
approaches adopted here resemble those of pre
vious studies [16], our model differs by presenting 
explicit elementary process units and concrete ID 
schemes for uniquely recording experimental data. 
Moreover, approaches that treat all measurement 
conditions and experimental processes uniformly 
as process nodes [19] do not distinguish destruc
tive processes from non‑destructive tests, whereas 
our model separates instrument‑generated mea
surement data from manually recorded process 

Figure 9. Relationship between Composition ID and Process ID.

Figure 10. Relationship between Process ID and Sample ID.
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data, thereby enhancing data integrity and facil
itating flexible reuse across diverse research sce
narios. Thus, our data model offers a clear 
separation while maintaining comprehensive tra
ceability. This distinction reinforces data reliabil
ity and promotes broad reusability across research 
domains.

4. Implementing data formats for the data 
model

This chapter examines data formats [23] for imple
menting the data model designed in the previous 
chapter. Methods to implement a data‑format data 
model include XML‑based approaches [29], relatio
nal‑database‑based approaches [30], and, as 
adopted in this study, a tabular data format [22]. 
Spreadsheet formats are familiar to researchers and 
well suited to personal data logging; however, when 
integrating data from multiple researchers, it is 
necessary to organize the data items and resolve 
issues such as inconsistencies in naming conven
tions, as noted earlier [27].

4.1. Data format (1): spreadsheet

In this study, we employ six sheets arranged along the 
experimental workflow, as exemplified in Figure 13: 
(1) Target Composition, (2) Process – Weighing, (3) 
Process, (4) Sample, (5) Property, and (6) 
Measurement. When users enter data according to 
the header items of each sheet, related IDs such as 
Composition ID, Weighing ID, and Process ID are 
generated automatically. The information to be 
entered on each sheet is as follows:

(1) Target Composition: manages compositions by 
entering the local material name, target for
mula, material category (oxide, sulfide, etc.), 
and constituent elements.

(2) Weighing: records weighing date, raw‑material 
name, weight, part number, etc., and automati
cally assigns a Weighing ID linked to the target 
composition.

(3) Process: records, in execution order, conditions 
such as mixing, calcination, and sintering, and 
automatically assigns a Process ID by linking 
these to the local material name and Weighing ID.

Figure 11. Relationship between Sample ID and Measurement ID.

Table 3. Examples of experiment ID containing Process-chain strings.
No A sequence of IDs Description

S1 CM0001[LS_Si05P05]-PR001[WG]-SP01 The first raw powder obtained by weighing condition WG to obtain the material with the target 
composition of LS_Si05P05.

S2 CM0001[LS_Si05P05]-PR001[WG-MX]-SP01 The first mixture obtained by mixing condition MX for the above raw powder.
S3 CM0001[LS_Si05P05]-PR001[WG-MX-PT]- 

SP01
The first pressurized compact obtained by following the pressing condition PT for the above 

mixture.
S4 CM0001[LS_Si05P05]-PR001[WG-MX-PT-HT] 

-SP01
The first heat-treated sample obtained by following the heating condition HT for the above 

pressurized compact.
S5 CM0001[LS_Si05P05]-PR001[WG-MX-PT-HT- 

HP]-SP01
The first sintered product obtained by following the sintering conditions HP for the above heat- 

treated sample.
M1 CM0001[LS_Si05P05]-PR001[WG]-SP01- 

DM01
The first apparent density data obtained by performing measurement DM01 on the first raw 

powder.
M2 CM0001[LS_Si05P05]-PR001[WG-MX]-SP01- 

TG01
The first Thermogravimetric analysis data obtained by performing measurement TD01 on the first 

mixture.
M3 CM0001[LS_Si05P05]-PR001[WG-MX-PT-HT] 

-SP01-XD01
The first X-ray diffraction data obtained by performing measurement XD01 on the first heat- 

treated sample.
M4 CM001[LS_Si05P05]-PR001[WG-MX-PT-HT- 

HP]-SP01-ES01
The first Electrochemical Impedance Spectroscopy data obtained by performing measurement 

ES01 on the first sintered object.
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(4) Sample: records the type of sample obtained 
through the process (mixture, sintered body, 
etc.) and its dimensions (diameter, thickness, 
mass). By entering the local material name and 
pasting the Process ID from another sheet, 
a Sample ID is automatically assigned.

(5) Property: allows entry of conductivity test 
start date, measurement conditions, and 
measured results. By entering the local mate
rial name and the Sample ID, a Property ID 
corresponding to the conductivity data is 
automatically assigned.

(6) Measurement (e.g. XRD): allows entry of other 
measurement information such as instrument 
name, data‑file name, and measurement start 
date. By entering the local material name and 

Sample ID, a Measurement ID is automatically 
assigned.

4.2. Data format (2): RDE system

This section introduces RDE [24], a system capable of 
storing both process data and measurement data. RDE 
stores process‑level metadata in a key – value scheme [31] 
together with the process data themselves and enables 
users to search and retrieve data on the basis of that 
metadata. By appending metadata suited to the intended 
use, any type of experimental data can be classified and 
accumulated [32]. Researchers record process and mea
surement data using a spreadsheet format that can be 
easily edited locally and then register the data in RDE via 
a conversion program. For tabular formats, various 

Figure 13. Example of data-record table format.

Figure 12. Data structure expresses the relationship between Process, Sample and Measurement..
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arrangements are possible – for example, subdividing 
multiple category columns on a single sheet, or entering 
one sample per row. All of these can be utilized by 
converting them into the RDE input format. In any 
case, data unicity is ensured through ID assignment, 
and the links among data are made explicit by the process 
chain, thereby allowing subsequent searches within RDE. 
This enables diverse data to be accumulated in 
a consistent manner. Figure 14 presents a conceptual 
diagram for registering solid‑electrolyte experimental 
data using a single Excel sheet. In this sheet, columns 
corresponding to elementary process units (WG, MX, 
PT, HT, HP, etc.) are prepared in the order of execution, 
and labels predetermined for process order are provided. 
Users can rearrange the columns to match their own 
workflows—e.g. weighing → mixing → pressing → heat
ing – and fill in only the necessary steps. Once a process 
step is completed, its contents are consolidated into one 
row; when the next process step is finished, the previous 
row is copied and pasted into a new row for continuation. 
When measurement data are acquired, users copy the 
Composition + Process ID from the Sample sheet and 
associate the measurement data files with that ID. RDE 
imports the Excel sheet of Figure 13, stores the process 
data rows containing the specified elementary units, and, 
at the same time, registers the measurement data files 
with the same IDs. Moreover, if the elementary process 
units are entered as a taxonomy (an item indicating the 
hierarchical relationship of data) in the designated field 
on the RDE screen, RDE automatically generates a tree 
structure that hierarchically classifies the processes and 
allows users to browse the data. Even when multiple 
samples and multiple elementary process units are listed 
side by side within a sheet, if the workflow for each 
sample is clearly described, the process chain can be 

traced to confirm raw‑material information and experi
mental history. As described above, leveraging RDE 
allows experimental data on solid electrolytes obtained 
by multiple institutions to be recorded and accumulated 
in a unified format, thereby facilitating data sharing and 
reuse.

Thus, by accumulating data in the RDE according to 
the data structure proposed in this study, data manage
ment aligned with the FAIR principles [33] becomes 
possible.

Specifically, the RDE enables easy data discovery by 
utilizing user-specified metadata and taxonomies, ensur
ing data findability. Furthermore, RDE operates stably in 
the cloud, guaranteeing data accessibility. Moreover, 
standardizing the IDs – comprising composition ID, 
process ID, sample ID, measurement ID, etc.—enables 
interoperability between multiple laboratories. Finally, 
because data is stored in a consistent structure, machine 
learning datasets can be easily created, ensuring high 
reusability of the data.

Furthermore, metadata such as the device used to 
acquire the measurement data and the measurement 
conditions are essential. While this information is 
embedded within the measurement data, it is important 
to note that the metadata items and formats written to the 
measurement files can vary depending on the manufac
turer and model. In RDE, structured programs to extract 
such metadata can be written separately according to 
format differences and pre-registered in what are called 
dataset templates. By selecting a dataset template corre
sponding to their own instrument, users can extract 
metadata appropriately in both machine-readable and 
human-readable formats. For XRD and TG-DTA, 
which are also the focus of this research, dataset templates 
have been developed for multiple instrument 

Figure 14. Schematic image of data registration to RDE.
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manufacturers and models, some of which are publicly 
available on the NIMS website [34].

4.3. Use case

Data collected via RDE can be used to extract datasets 
suitable for machine learning. As an example, based on 
the data structure of this study, data from seven labora
tories were aggregated and analyzed for characteristics.

Specifically, a table containing extracted process data 
was created and subjected to cluster analysis. Character 
strings within the process data were converted to numer
ical values using one-hot encoding. Dimension reduction 
to 10 dimensions was performed using the UMAP 
method [35], followed by K-means clustering [36]. For 
UMAP hyperparameters, we performed grid searches 
with n_neighbors set to [10, 20, 30, 50, 80] and min_dist 
set to [0.0, 0.1, 0.3, 0.5] to find the conditions yielding the 
highest Silhouette value in the K-means clustering. The 
results showed that a Silhouette value of 0.66 was 
obtained with n_neighbors = 10 and min_dist = 0.0, indi
cating that three clusters were optimal.

Figure 15 shows the results obtained from cluster 
analysis. When compared with the composition informa
tion, Cluster 1 corresponded almost 100% to oxides, 
Cluster 3 corresponded almost 100% to sulfides, and 
Cluster 2 contained a mixture of oxides and sulfides 
(Figure 15(a)). Furthermore, as evident from comparing 
Figure 15(b,c), within Cluster 2, oxides and sulfides each 

formed distinct groups, revealing that they occupy non- 
overlapping regions in the process space. Furthermore, as 
shown in Figure 15(d), each cluster contained multiple 
laboratories, indicating that this tendency for oxide and 
sulfide separation is a cross-cutting feature independent 
of specific laboratories. Thus, the data structure devel
oped in this study enables the analysis of process data that 
was previously difficult to handle.

As a result of such data accumulation, data‑driven 
research and materials development have already 
advanced, for example, the development of machi
ne‑learning models to predict the relationship between 
chemical composition and conductivity in solid electro
lytes [37], and studies on autonomous experiments for 
battery materials [38]. In the future, the organized data 
are expected to be combined with diverse computational 
resources to enable more advanced analyses and data 
utilization [39–43].

5. Conclusions

This study examined data structures and data formats 
that facilitate the straightforward collection, standardiza
tion, and reuse of experimental data generated by multi
ple laboratories in large‑scale solid‑electrolyte research 
projects. First, to structure the experimental data, we 
clarified the relationships among four items – processes, 
samples, measurements, and measurement results – and 
devised a mechanism for expressing the many variations 

Figure 15. Cluster analysis of process-derived feature embeddings and comparison with external labels. (a) Stacked bar plot 
showing the proportion of oxide and sulfide labels in each cluster, normalized by cluster size; (b) three clusters identified by 
k-means in the 10-dimensional UMAP embedding space, visualized in two dimensions by applying PCA; (c) distribution of oxide 
and sulfide labels on the same PCA-projected space, illustrating that within cluster 2 the two classes occupy distinct regions; (d) 
distribution of laboratory identifiers (lab IDs) across the PCA-projected space, indicating that each cluster contains data from 
multiple laboratories.
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of experimental workflows as process chains composed 
of elementary process units. Leveraging this data struc
ture, experimental data recorded in spreadsheet formats, 
together with assorted measurement files, can be aggre
gated and stored on a single platform, the RDE system. 
The RDE‑based data‑organization approach developed 
in this work is applicable not only to solid electrolytes but 
also to the experimental data of a wide range of solid 
materials. Moreover, because the data‑collection metho
dology implemented in RDE is highly versatile, it can be 
broadly applied across different materials‑research 
domains.

Note

1. Note: Multiple process units belonging to the same 
category may also be recorded uniquely. For example: 
Hand mill = MXa, Ball mill = MXb.
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