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a b s t r a c t 

We report a curated dataset that brings together composi- 

tion, processing conditions, microstructural details, and me- 

chanical properties for 396 combinations of alloy composi- 

tion and processing condition drawn from 100 peer-reviewed 

research articles on precipitate-containing multi-principal el- 

ement alloys (MPEAs). The dataset was created by first utiliz- 

ing a generative large language model for information extrac- 

tion, followed by expert review to ensure accurate recovery 

of materials data. Compositional information was taken di- 

rectly from tables and text, while processing routes — includ- 

ing homogenization, rolling, recrystallization, and aging —

were converted into uniform temperature and time metrics. 

Microstructural descriptors, including precipitate phases and 

sizes, were consolidated into a consistent labeling scheme to 

accommodate the wide range of terminology used in pub- 

lished literature. Finally, mechanical property data, such as 

strength and ductility, were compiled together with the tem- 

peratures at which they were measured. These data provide a 

coherent view of the composition-processing-microstructure- 

property features explored in existing MPEA research and 

establish a resource that supports data-driven alloy de- 

sign as well as future development of automated materials 
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information-extraction methodologies. The complete dataset 

is available on Zenodo. 

© 2026 The Author(s). Published by Elsevier Inc. 

This is an open access article under the CC BY-NC license 

( http://creativecommons.org/licenses/by-nc/4.0/ ) 
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Specifications Table 

Subject Materials Science: Metals and Alloys 

Specific subject area Multi-principal element alloys 

Type of data Excel (.xlsx) 

Data collection Data, which are on composition-processing-microstructure-property 

relationships, were collected from 100 peer-reviewed articles on 

precipitate-containing multi-principal element alloys. A generative large 

language model-based extraction pipeline was first used for information 

extraction. Subsequently, the outputs underwent rigorous expert review, 

wherein researchers cross-referenced the extracted data against the original 

publications, thereby guaranteeing the fidelity of the final dataset presented 

here. 

Data source location Institution: University of Oklahoma 

City: Norman 

Country: USA 

Coordinates: 35.1987◦ N, 97.4 4 49◦ W 

Data accessibility Repository: Zenodo 

Identifier: DOI: 10.5281/zenodo.18021833 

Direct URL: https://zenodo.org/records/18021833 

. Value of the Data 

• These data expand our current knowledge base and understanding of multi-principal element

alloys (MPEAs). 

• The dataset compiles 396 combinations of alloy composition and processing condition ex-

tracted from 100 peer-reviewed publications, encompassing 47 well-defined features that

collectively describe composition, processing conditions, microstructural characteristics, and

mechanical properties. 

• The integrated data make it possible to examine quantitative links between processing condi-

tions, microstructural evolution, and resulting material properties, offering new opportunities

for data-driven alloy design and discovery. 

• Because every extracted value is directly connected to its original text source, the dataset

ensures complete transparency and traceability, allowing researchers to verify, reproduce, and

benchmark results with confidence. 

• The dataset will benefit researchers in materials science and engineering by providing a reli-

able benchmark and training resource for developing and testing data-driven models aimed

at automated materials information extraction and predictive modeling. 

. Background 

MPEAs have been an active area of research for over two decades [1,2] . These alloys often

ombine the beneficial properties of several principal elements, leading to promising applica-

ions in areas such as high-temperature strength, low-temperature ductility, excellent corrosion

esistance, and outstanding wear resistance [3,4] . However, the potential composition space of

PEAs is enormous. More than thirty elements can be combined in various ratios, creating mil-

http://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.5281/zenodo.18021833
https://zenodo.org/records/18021833
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lions of possible compositions [5] . Navigating this vast design space effectively requires data-

driven strategies that can link composition, processing, microstructure, and property. 

Data-driven approaches, as the name suggests, require a large amount of high-quality data.

Although computational materials databases have grown rapidly in recent years, most experi-

mentally derived information, such as processing conditions, microstructural details, and me-

chanical properties, remains embedded within unstructured scientific text [6,7] . The lack of ac-

cessible experimental data limits the ability to train and validate data-driven models for predict-

ing material behavior and designing new alloys. 

To address this challenge, the accompanying research developed a multi-stage extraction

framework powered by generative large language models (LLMs) to automatically collect, orga-

nize, and validate materials information from published literature [8] . The extracted data were

subsequently reviewed and revised by experts. The dataset focuses on precipitate-containing

MPEAs, which display complex microstructures and diverse mechanical responses [9,10] . By ex-

tracting 47 features from 100 peer-reviewed articles that cover composition, processing, mi-

crostructure, and properties, this work provides a consistent and source-tracked dataset that

connects unstructured text with structured data resources and establishes a reliable foundation

for materials informatics. 

3. Data Description 

The dataset is provided in the xlsx format and made available through the Zenodo platform

[11] . It contains 47 columns of information. In total, the file includes 398 rows, representing 100

journal articles that collectively covering 396 combinations of alloy composition and processing

condition. The first two rows serve as headers for the extracted information. 

• Columns A and B contain the names of the journal articles and the corresponding materials

discussed in each article. 

• Columns C through P provide the elemental compositions of the materials. The elements

included are Fe, Ni, Co, Mn, Cr, Al, Ti, Cu, Si, V, Nb, B, Mo, and Ta. 

• Columns Q through AB describe the processing methods applied to the materials. 

◦ Column Q indicates whether homogenization was performed. 

◦ Column R identifies the homogenization temperature in 

◦C. 

◦ Column S specifies the homogenization time in hours. 

◦ Column T indicates whether rolling was carried out. 

◦ Column U lists the rolling temperature in 

◦C. 

◦ Column V shows the rolling percentage. 

◦ Column W indicates whether recrystallization was performed. 

◦ Column X lists the recrystallization temperature in 

◦C. 

◦ Column Y specifies the recrystallization time in minutes. 

◦ Column Z indicates whether aging was performed. 

◦ Column AA lists the aging temperature in 

◦C. 

◦ Column AB specifies the aging time in hours. 

• Columns AC through AM summarize the matrix and precipitate phases present in the mate-

rials. 

◦ Column AC identifies the matrix phase used in the material and assigns numerical labels

to each phase: face-centered cubic (FCC) = 1, body-centered cubic (BCC) = 2, L12 = 3, B2

= 4, sigma ( σ ) = 5). 

◦ Column AD records the volume percentage of the matrix phase. 

◦ Column AE identifies the first precipitate type found in the matrix and assigns numerical

labels: None = 0, L12 = 1, gamma double prime ( γ ′′ ) = 2, B2 = 3, eta ( η) = 4, L21 = 5,

sigma ( σ ) = 6, BCC = 7, FCC = 8, mu ( μ) = 9, hexagonal-close packed (HCP) = 10, Laves

= 11, epsilon ( ε) = 12, γ ′ = 13, D019 = 14, A2 = 15, and delta ( δ) = 16. 

◦ Column AF notes the size of the first precipitate type in nm. 
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◦ Column AG reports the volume percentage of the first precipitate type in %. 

◦ Column AH identifies the second precipitate type and assigns the same numerical labels

as above. 

◦ Column AI lists the size of the second precipitate type in nm. 

◦ Column AJ reports the volume percentage of the second precipitate type in %. 

◦ Column AK identifies the third precipitate type and assigns the corresponding numerical

labels. 

◦ Column AL lists the size of the third precipitate type in nm. 

◦ Column AM reports the volume percentage of the third precipitate type in %. 

• Columns AN through AW contain the mechanical properties reported for each material. Un-

less stated otherwise, all properties were obtained at room temperature. 

◦ Column AN lists the ultimate tensile strength (UTS) in MPa. 

◦ Column AO lists the ultimate compressive strength (UCS) in MPa. 

◦ Column AP provides the tensile yield strength (TYS) in MPa. 

◦ Column AQ provides the compressive yield strength (CYS) in MPa. 

◦ Column AR lists the hardness in HV. 

◦ Column AS gives the tensile ductility in %. 

◦ Column AT gives the compressive ductility in %. 

◦ Column AU lists the non-room-temperature test temperature, including both cryogenic

and elevated temperatures. 

◦ Column AV provides the non-room-temperature test-measured strength in MPa. 

◦ Column AW provides the non-room-temperature test-measured ductility in %. 

. Descriptive Information of Extracted Features 

.1. Composition 

Fig. 1 visualizes the extracted chemical compositions through a scatter plot arranged by el-

ment, with each point representing an individual composition entry. The plot highlights the

requent use of Fe, Ni, Co, Mn, and Cr as base elements, typically within 0.1–0.4 at. fraction; the
Fig. 1. Scatter plot of atomic-fraction compositions for 14 commonly reported chemical elements. 
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wider ranges of Al and Ti additions that influence ordering and strengthening; and the more

targeted, lower-fraction use of elements such as Si, V, Nb, B, Mo, and Ta. This distribution un-

derscores the compositional diversity and design strategies present in the reported literature,

forming an essential foundation for subsequent analyses of processing pathways, microstructural

characteristics, and properties. 

4.2. Processing features 

The processing history for each alloy was gathered, allowing us to consistently pull informa-

tion on homogenization, rolling, recrystallization, and aging. Fig. 2 provides an overview of how

often these processing steps appear in the dataset. As shown in Fig. 2 a, homogenization is re-

ported most frequently (67.5%), followed by aging (57.5%), rolling (55.6%), and recrystallization

(48.4%). 

Fig. 2 b and c show the range of thermal conditions for these heat treatments. Homogeniza-

tion temperatures mostly fall between 1100 and 1250 ◦ C, while recrystallization temperatures

cover a wider span, from around 600 ◦ C to more than 1200 ◦ C depending on whether the

goal is recovery, grain growth, or full recrystallization. Aging treatments generally occur at lower
Fig. 2. Processing features. (a) Fraction of alloys subjected to homogenization, rolling, recrystallization, and aging. (b) 

Temperature ranges for each process. (c) Corresponding processing times. (d) Distribution of reported rolling reductions. 

Together, these plots summarize the processing routes used across the dataset. 
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emperatures (roughly 50 0–80 0 ◦ C), which fits their role in stabilizing phases such as B2, γ ′ ,
r D019 . Processing times vary just as widely — from brief exposures lasting under an hour to

xtended treatments exceeding 10 0 0 hours — reflecting the different experimental approaches

sed to study phase stability and coarsening behavior. 

Fig. 2 d shows the distribution of rolling reductions, which span a broad range but tend to

luster between 60% and 80%. This trend is consistent with typical MPEA studies, where mod-

rate to heavy rolling is used to refine grains, introduce dislocations, or prepare the alloy for

ubsequent heat treatments. 

Taken together, the processing data summarized in Fig. 2 capture the wide mix of thermal-

echanical routes reported in the literature and provide a useful basis for examining how these

onditions influence microstructures and properties. 

.3. Microstructure features 

In the dataset, although most matrices are single phase, dual-phase matrices are explicitly

eported, reflecting the diversity of matrix states observed across different alloy systems. 

Fig. 3 shows the overall distribution of precipitate phases gathered from the published studies

ncluded in this work. When there are no precipitates, the case is categorized as “none”. Only a

mall group of precipitate types appears regularly across the surveyed alloys. Among them, the

12 phase is the most prevalent, representing over 40% of all reported phases. Its prominence

ligns with its well-known role as a key strengthening phase in many FCC-based MPEAs. The B2

hase follows as the next most frequently observed precipitate at roughly 20%, while FCC- and

CC-type precipitates each account for less than 10% of the total. 

Several other phases — such as σ , η, L21 , HCP, and μ — occur far less often, each contributing

nly a few percent. Rare phases including ε, γ ′′ , γ ′ , D019 , and other ordered structures appear

nly intermittently in the literature, which may reflect narrow stability ranges or limited exper-

mental investigation. Taken together, these trends show that most reported alloy systems still

ely heavily on L12 - and B2-based strengthening, while many other potential precipitate families

emain comparatively unexplored. 
ig. 3. Fractional distribution of reported precipitate phases. The category “none” means there are no precipitates in 

hose combinations. 
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Fig. 4. (a) Fractional distribution of UTS and TYS values measured at room temperature. (b) Fractional distribution of 

tensile ductility values measured at room temperature. (c) Scatter plot of tensile ductility as a function of UTS and TYS 

at room temperature. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.4. Property features 

Figs. 4 and 5 illustrate the breadth of mechanical properties represented in the surveyed

literature and the substantial variability characteristic of MPEAs. Fig. 4 (a) summarizes the dis-

tributions of UTS and TYS gathered from these works. The values span a wide range, reflecting

the breadth of alloy chemistries and processing paths explored in the literature. Most UTS mea-

surements fall between 400 and 1300 MPa, with a noticeable concentration around 90 0–110 0

MPa. TYS values show a similar overall pattern but appear at lower strengths, with clusters near

30 0–50 0 MPa and around 900 MPa. A small number of alloys reach well beyond 1500 MPa, and

a few exceed 20 0 0 MPa, demonstrating the level of strengthening that can be achieved in com-

positionally complex systems. For alloys where compressive data are available, Fig. 5 a shows the

corresponding distributions of UCS and CYS. These measurements likewise cover a broad range

and generally follow the trends observed in tension, with CYS values consistently below UCS and

a clear representation of high-strength alloys. 

In addition to the strength data, the ductility distributions provide further insight into the

range of deformation behaviors reported for precipitate-containing MPEAs. As illustrated in

Fig. 4 (b), tensile ductility values vary widely, from only a few percent to more than 70%, with

the majority of measurements falling between 10% and 30%. The corresponding distribution of

compressive ductility shown in Fig. 5 b exhibits a higher proportion of alloys capable of sustain-

ing large plastic strains, with many reported values above 40%. This behavior is consistent with

the lower susceptibility to strain localization and fracture under compressive loading. 
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Fig. 5. (a) Fractional distribution of UCS and CYS values measured at room temperature. (b) Fractional distribution of 

compressive ductility values measured at room temperature. (c) Scatter plot of compressive ductility as a function of 

UCS and CYS at room temperature. 
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Compared with the tensile data, compressive data show a higher strength but comparable

uctility. These emphasize the inherent tension-compression asymmetry in the mechanical re-

ponse of MPEAs and highlight the need to consider loading mode when comparing strength

nd ductility across different studies. 

Furthermore, the relationship between strength and ductility under tensile loading is shown

n Fig. 4 (c). As strength increases, ductility tends to fall, a trend commonly seen in structural

lloys. Alloys with UTS below roughly 800 MPa often retain ductility above 40–50%, while many

lloys with strengths above 1200 MPa show ductilities under 20%. Even so, several composi-

ions manage to combine moderate or high strength with ductility above 30%. An analogous

rend appears in compression, as illustrated in Fig. 5 c, where compressive ductility decreases

ith increasing UCS and CYS, though a number of alloys still exhibit meaningful plasticity at

ntermediate strength levels. 

The availability of mechanical property data in the literature is, however, uneven. Among the

18 entries in the full dataset, 218 alloys (52.15%) report at least one tensile property, while

nly 46 alloys (11.00%) include compressive strength or ductility. This imbalance reflects typical

xperimental practice in MPEA research, where tensile testing is far more common and com-

ressive measurements are reported less frequently. As a result, the tensile dataset provides a

ore comprehensive basis for identifying trends, whereas the more limited compressive dataset

till offers valuable insights but covers a smaller portion of the reported alloy space. 
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Limitations 

The first limitation of our dataset is some missing features. For example, mechanical prop-

erty measurement-related features such as strain rate and sample geometry, which can influence

the interpretation of mechanical properties, are not included. As another example, volume frac-

tion values for the matrix and precipitates were extracted directly as reported in the original

publications, without distinguishing whether they were experimentally measured, estimated, or 

inferred, or specifying how they were obtained in the original articles. In addition, while the

lattice types of precipitates are included, the chemical compositions of precipitates are not. Con-

sequently, users are encouraged to consult the original sources for detailed information when

interpreting or reusing our dataset. 

Another limitation of our dataset is its relatively small number of entries. While the dataset

includes 396 combinations of alloy composition and processing condition compiled from 100

peer-reviewed publications, it captures only a limited portion of the approximately 4360 stud-

ies on precipitate-containing MPEAs identified by searching the keyword — precipitate “multi-

principal element alloys” — in Google Scholar in December 2025. 

The relatively small size of the dataset is a result of the need for careful manual verifica-

tion when high data fidelity is required. For example, complex microstructural descriptions, such

as mixed phases, region-dependent reporting, or crystallographic notation that does not map

cleanly onto predefined encoding schemes, often require domain expertise to interpret accu-

rately. Similar considerations apply to the extraction of mechanical property data, where distinc-

tions between experimentally measured values, inferred quantities, and theoretical discussions

can be subtle and context dependent. While LLMs are effective at identifying and organizing rel-

evant information from the literature, ensuring consistency and avoiding over-interpretation of

qualitative descriptions benefits from expert review, which is usually labor intensive and costly.

This trade-off highlights the complementary roles of automated extraction and expert validation

in building trustworthy materials databases, highlighting to need to improve the robustness of

LLM-based information extraction to enable the larger-scale experimental database for materials

science. 
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