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ABSTRACT
A large body of archival fatigue testing data for additively manufactured Ti-6Al-
4V is available but spread across many independent and unrelated studies. They 
can, however, be aggregated with other smaller datasets into a single large dataset 
that can then be used to identify sources of uncertainty and scatter in fatigue life. 
To identify larger trends, the underlying material properties, processing condi-
tions, and testing procedures, which comprise the meta-data that accompany 
the stress amplitude and fatigue life data, must be captured. These meta-data 
are more general than the correlative information included in databases used to 
develop design allowable properties but are still valuable. However, the current 
practices for handling and processing such meta-data are plagued by recording 
and structural errors that limit their usefulness for traditional analysis and will 
inhibit the high-fidelity application of future machine learning (ML) and large lan-
guage model (LLM) tools. Therefore, formalized procedures for compiling these 
datasets and maximizing the amount of usable data have been developed. Unre-
ported meta-data values that meet certain criteria are replaced with reasonable 
estimates through a systematic imputation process to enhance the completeness 
of the accompanying meta-data. Building upon this existing dataset, a structured 
approach for introducing new datasets in a seamless fashion is also proposed to 
support a database that can then be used as a reliable source for evaluating the 
efficacy of emerging ML and LLM tools.
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brittle microstructural features that develop in the as-
deposited condition [22–26]. This high level of scatter 
is presented in Figure 1a, in which stress-controlled 
fatigue testing data for AM PBF Ti-6Al-4V subjected 
to HIP post-processing are compiled and compared to 
the design allowable data of its wrought counterpart 
in the solutionized and aged and annealed conditions 
[8]. The difference in the scatter between the AM and 
wrought materials is obvious, with the scatter across 
selected stress amplitude levels for the AM materials 
pointed out in Figure 1b. Within each range of stress 
amplitudes, the standard deviation of fatigue life for 
the archival data spans two orders of magnitude, inde-
pendent of the presence of multiple outliers.

Efforts are currently being undertaken to develop 
approaches that will capture the complexity inher-
ent in the AM process and enable the development 
of high confidence design allowable values for AM 
materials [10, 27]. The modification of established 
techniques used for cast and wrought materials is one 
methodology currently being pursued. To address the 
unique characteristics of the AM process and the lack 
of standardization, the use of multiple AM machines 
and specimens fabricated using different processing 
parameters and heat treatments are being considered. 
With this approach, a larger number of material heats 
will be required, and the resulting datasets will need 
to be supplemented with microstructural characteri-
zation [27]. This multistep approach will demand a 
significant investment in cost, time, and effort to reach 
the same level of maturity as cast and wrought mate-
rial datasets.

In the near-term, the absence of traditional highly 
pedigreed datasets limits the ability to identify trends 
in fatigue properties for AM materials. On the other 
hand, data available in the archival literature represent 
a potential source of information for meta-analysis 
that can provide insight into the sources of scatter. 
These archival fatigue testing datasets, however, are 
often plagued by small sample sizes within individual 
studies and inconsistent reporting of meta-data [28]. 
Despite these challenges, their utility in providing 
baseline data for traditional statistical analysis tools 
has been demonstrated, albeit on a limited scale [29]. 
By systematically aggregating both fatigue testing 
data and the corresponding meta-data for AM-fabri-
cated 316L austenitic stainless steel, sources of scatter 
across multiple datasets were identified using a sta-
tistical model to estimate the mean fatigue life. Fur-
ther analysis of the fatigue response using clustering 

Introduction

Statistically derived design allowable fatigue prop-
erties [1] for common structural alloys are obtained 
using standardized mechanical testing procedures 
[2, 3] on materials processed under highly controlled 
conditions [4–6] and post-process heat treatments [7] 
to produce consistent microstructures and mechani-
cal properties. The Metallic Material Properties Devel-
opment and Standard (MMPDS) Handbook [8] and 
the National Institute for Materials Science Materials 
Database (MatNavi) [9] are two prominent curated 
databases used to define these material requirements 
for critical applications. A key component of these 
databases is the accompanying correlative informa-
tion, which can be more generally described as meta-
data, that capture critical information on the testing, 
specimen, material, and thermal and mechanical post-
processing conditions. By taking this comprehensive 
and controlled approach, the design community main-
tains a high level of confidence in the fatigue proper-
ties of cast and wrought alloys.

Interest in using additive manufacturing (AM) pro-
cesses to produce critical components across different 
industries is driving the development of similar data-
bases that can be used to support the eventual imple-
mentation of these materials [10]. However, applying 
the same methodology to develop these databases for 
AM-fabricated materials will be much more difficult, 
given the complexity of the processing conditions in 
powder bed fusion (PBF) and directed energy deposi-
tion (DED) fusion-based AM processing routes that 
requires a high degree of quality control [11]. Both 
processes are characterized by complex solidification 
behaviors and thermal histories that promote high 
levels of alloying element segregation [12], inhomo-
geneous microstructural features [13–15], and process-
induced defect structures [16, 17] that affect mechani-
cal properties [18]. Any attempt at manipulating these 
microstructures and defect structures in a controlled 
manner, even with significant post-process heat treat-
ments, is hindered by the lack of standardization of 
AM machine characteristics [19], processing param-
eters, and build path planning [20], as well as sensi-
tivity to small changes in feedstock composition [21].

As a result, high levels of scatter emerge in the avail-
able mechanical properties, even for AM-fabricated 
specimens subjected to post-process machining and 
hot-isostatic pressing (HIP) steps that are designed 
to reduce the amount and severity of porosity and 
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algorithms allowed for the identification of the roles 
of microstructure and defects on fatigue life across 
a range of equivalent stress amplitudes. Despite the 
relatively small number of datasets evaluated, broad 
trends relating material performance to testing, speci-
men, and thermal and mechanical post-processing 
conditions could be identified.

As larger archival datasets become available [30], 
new challenges will be encountered, requiring the 
application of more robust strategies to capture and 
organize the testing conditions, processing param-
eters, and material properties that comprise the meta-
data accompanying the fatigue testing data. The han-
dling of fatigue testing data and meta-data [31] in 
AM processing has been previously addressed using 
various schema [32, 33] and interoperable data for-
mats [34, 35]. These tools, however, have been primar-
ily directed at capturing processing parameters and 
in situ monitoring data to support part qualification. 
While this approach can capture large amounts of pro-
cess-specific data, it has not been uniformly applied 
to archival testing data, resulting in the inconsistent 
reporting of critical meta-data across individual stud-
ies [28, 36].

In the absence of the consistent reporting of meta-
data for individual studies, the number of usable 

datasets can be significantly impacted by listwise 
deletion, in which any datapoint with unreported 
meta-data is removed from analysis. A schematic dia-
gram highlighting the mechanics of listwise deletion 
is shown in Figure 2a. In the case when all meta-data 
values are reported, no records, which are defined as 
a combination of a datapoint and its associated meta-
data, are removed. Once unreported meta-data values 
are encountered, each affected record becomes incom-
plete and is removed from the analysis through list-
wise deletion. An example is provided in Figure 2b, 
which considers an arbitrary database consisting of 
23 meta-data describing approximately 800 records. 
Of these 23 meta-data, only 5 can be combined to pro-
duce complete records. When any of the remaining 18 
meta-data with incomplete reporting are taken into 
account, the number of complete records is reduced 
by varying degrees, depending on the sparsity of the 
meta-data being considered. As more meta-data are 
appended to the subset, the likelihood that a record 
contains all of those meta-data rapidly decreases in a 
logarithmic manner, yielding little usable information 
if all 23 available meta-data are considered.

Missing and unreported meta-data are particularly 
impactful on traditional statistical regression tech-
niques [37]. Machine learning (ML) [36] and emerging 

Figure  1   a&b: a Comparison of archival stress-controlled 
PBF Ti-6Al-4V fatigue data generated at a load ratio of -1 for 
machined specimens subjected to HIP post-processing to simi-

larly tested MMPDS datasets [8]. b Median values and standard 
deviations for ranges of stress amplitude levels.
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large language models (LLM) [38, 39] are being used 
to augment pre-existing workflows by retrieving and 
summarizing large datasets [40] and are also affected 
by many of these same issues. While these models can 
access scientific and engineering information [41], they 
lack the domain-specific knowledge needed to provide 
insight into the relationships between process-specific 
information and material properties and performance 
[42]. The presence of missing, unreported, or errone-
ous meta-data can not only affect the completeness of 
the available datasets but can also lead to model hal-
lucinations, which are incorrect statements or values 
provided by LLM tools [38], affecting model reproduc-
ibility [39] and predictive capabilities. While tolerable 
for non-critical tasks, the presence of these errors will 
become a major impediment for the usage of archival 
data in the design and fielding of critical components.

A robust and comprehensive approach to aggregat-
ing, structuring, and handling large aggregated archi-
val datasets with inconsistent reporting of meta-data 
will be required to expand the utility of these archival 
datasets for both conventional and emerging applica-
tions. By manually compiling and analyzing archival 
stress-controlled fatigue datasets for AM-fabricated 
Ti-6Al-4V for both accuracy and completeness, tools 
for mitigating the impact of unreported meta-data 
were evaluated and used to establish protocols for 
compiling and aggregating the archival data and 
meta-data. With these tools in place, high-quality and 

low-sparsity archival databases can be produced and 
expanded as new datasets are generated, thus provid-
ing tools for the larger materials community that can 
be used as testbeds for emerging ML and LLM models.

Procedure

Creating a database from archival datasets begins with 
identifying and aggregating data and meta-data from 
archival sources and is followed by additional steps 
directed at detecting and correcting errors introduced 
during the transcription process. This sequenced 
approach, as portrayed in Figure 3, builds upon recent 
efforts that compiled archival fatigue data using man-
ual [28, 29] and automated [30] approaches. The first 
step in the development of the aggregated dataset 
involved the identification of applicable sources. Sev-
eral prominent citation indices, which include Web of 
Science1,2 and Google Scholar3, were used to manually 

Figure 2   a&b: a Models developed using sparse datasets cannot make use of the full dataset due to listwise deletion of incomplete 
records. b The reduction in the number of retained records will drastically decrease as more meta-data with unreported values are added.

1  Certain equipment, instruments, software, or materials are identi-
fied in this paper in order to specify the experimental procedure ade-
quately. Such identification is not intended to imply recommendation 
or endorsement of any product or service by NIST, nor is it intended 
to imply that the materials or equipment identified are necessarily the 
best available for the purpose.
2  Clarivate PLC (Philadelphia, PA).
3  Alphabet Inc. (Mountain View, CA).
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identify data sources in articles from scholarly jour-
nals, conference proceedings, and books. Common 
Boolean search operators with a combination of key-
words were then used to search these indices for appli-
cable data sources based on matches in the article title, 
author provided keywords, and abstract.

Defining appropriate keywords that allow these 
Boolean searches to capture the broadest number of 
data sources is hindered by the lack of standard ter-
minology in the archival literature for the manufactur-
ing process, mechanical testing technique, and type 
or grade of material. An iterative process was utilized 
to identify appropriate keywords across these three 
categories. This process begins with defining broad 
terms for each category based on commonly used 
verbiage, for example, “additive manufacturing” or 
“powder bed fusion”. New keywords were then intro-
duced with a greater level of granularity to expand 
the number of sources captured. In this example, 15 
terms and acronyms describing different PBF pro-
cesses were enumerated. The final list of keywords 
is provided in Figure 3. After the data sources were 

compiled, out-of-scope and duplicate records were 
identified and removed. Out-of-scope records, within 
the context of the fatigue of AM-fabricated Ti-6Al-4V, 
included materials not conforming to the stated alloy 
grade and fabrication route, experimental specimen 
geometries excluding lattice specimens, and testing 
under strain-controlled, elevated temperature, or 
aggressive environments. Additional filtering is at 
the discretion of the end user. Duplicate records pre-
dominantly appeared in literature reviews and other 
sources utilizing common datasets.

Stress–fatigue life (S-N) data, which were available 
in graphical and tabular forms, were then extracted 
from each publication. Graphical S-N data were 
manually digitized using WebPlotDigitizer4, with 
each S-N datapoint consisting of a fatigue life and 
an applied stress. While computer vision (CV) and 
natural language processing (NLP) tools have been 
used to extract these datapoints [30], errors arose in 

Figure 3   Representation of the major steps for identifying and aggregating data and meta-data from archival sources.

4  https://​autom​eris.​io/​WebPl​otDig​itizer (Pacifica, CA).

https://automeris.io/WebPlotDigitizer
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the resulting data [30]. A more time- and effort-inten-
sive manual approach was selected to avoid these 
errors, particularly when changes in loading condi-
tion or in the representation of the applied stress were 
encountered. Differences in loading conditions were 
addressed qualitatively, with 67 % of fatigue testing 
performed under uniaxial loading conditions and the 
remaining tests performed under rotating–bending 
(17 %), vibratory (10 %), or other complex loading 
conditions (6 %).

Given the lack of common terminology and incon-
sistent reporting of testing, processing, and material 
conditions, extracting the associated meta-data from 
each source presented another significant challenge. 
To overcome these issues, a data dictionary, which 
provides rules for organizing, implementing, and 
validating meta-data values, was developed to iden-
tify and manage the meta-data in a consistent man-
ner. When non-standard terms or jargon were used, 
they were replaced with standard terminology [43] or 
grouped into an applicable category using semantic 
normalization to capture the underlying meaning in 
a unified manner [44].

Meta-data were then placed into the broad catego-
ries listed in Table 1, which include material feed-
stock parameters, AM processing parameters, heat 
treatment processing parameters, specimen design, 
testing conditions, surface condition, and material 
properties. This initial structure provides the basis 
for identifying commonalities between meta-data. 
Once the meta-data were compiled, errors were iden-
tified using a side-by-side verification methodology 
[30]. Since this approach is susceptible to overlooking 
errors in the recorded meta-data values [45], a double 
data entry technique, in which the same information 
was extracted twice, was used to resolve any discrep-
ancies. Double data entry is typically performed by 
multiple people or programs [46] but can also be per-
formed by extracting the same data twice with suffi-
cient time between processes to avoid memory of the 
first effort influencing the decisions made during the 
second effort. Any remaining errors in the recorded 
meta-data values were then identified using explora-
tory data analysis (EDA) techniques by generating 
summary statistics and graphical analyses of these 
datasets [47]. Violations of the rules or characteristics 
that describe a particular meta-datum, as defined in 
the data dictionary, were also identified and corrected.

After correcting these errors, unreported meta-data 
values were addressed. To maximize the number of 

usable datasets, imputation, which is a process in 
which unreported values can be replaced with esti-
mated values that provide a reasonable approximation 
of what unreported meta-data could have been, was 
used to increase the number of complete and usable 
records [48]. Imputed values fill gaps in the meta-
data but also introduce noise into the dataset, thus 
decreasing the precision of any subsequent analysis. 
Although a correctly specified multiple imputation 
technique may be determined such that up to 90% 
of values may be missing [49], the risk of the values 
not being truly missing at random (MAR) or the use 
of an unoptimized multiple imputation algorithm to 
estimate bias [49, 50] was deemed to be greater than 
the potential benefit of recovering an infrequently or 
rarely reported meta-datum. Within the cited litera-
ture, model bias was maximized for a proportion of 
missing data greater than 60 % under an unoptimized 
algorithm, giving a potential upper limit under a con-
servative implementation. Imputation will tend to 
be less susceptible to bias with additional meta-data 
used in imputation algorithms, enabling value-added 
results up to the upper limit. To avoid excessive noise 
being introduced into any future statistical models, a 
45% threshold value was selected as a compromise. 
This value may be altered and optimized at the discre-
tion of the database engineer.

Once appropriate meta-data are identified, dif-
ferent imputation techniques can be used to obtain 
plausible estimates of missing values, depending on 
the meta-data characteristics. At the highest level, a 
distinction may be made between discrete meta-data 
with separate and countable values (e.g., alloy grade 
or qualitative surface condition) and continuous meta-
data (e.g., ultimate tensile strength or heat treatment 
temperature). Discrete meta-data may be further split 
into ordinal, or ordered, and nominal, or un-ordered, 
meta-data. In the simplest case for either type, values 
could be taken from a relevant standard or through 
a consensus-driven methodology [51]. However, this 
strategy risks biasing the current distribution of meta-
data values and should be used as a last recourse. 
More data-rich options involve describing a probabil-
ity mass function (PMF) or a probability density func-
tion (PDF) that describes the distribution of reported 
values for discrete or continuous meta-data, respec-
tively, may be defined. From the PMF or PDF, random 
values may be drawn, while calculation of a measure 
of central tendency such as the mean, median, or mode 



J Mater Sci	

Table 1   Number of recorded meta-data values before and after verification using double data entry, and how many complete S-N curves 
were provided by imputation.  

Meta-data 
category

Meta-data Number of 
S-N curves 
with meta-data 
recorded before 
re-verification 
[30]

Number of S-N curves with meta-
data recorded after verification

Total number 
of S-N curves 
with meta-data 
after verifica-
tion

Imputed? Number of viable 
S-N curves 
provided by 
imputation

Automated Manual

Feedstock 
parameters

Powder size 216 (61%) 212 (69 %) 325 (68 %) 537 (68%) yes 249
Grade – Impute as grade 

5
Imputed as 

grade 5
786 (100%) –

Al – 108 (35%) 167 (35%) 275 (35%) no
V – 108 (35%) 167 (35%) 275 (35%) no
Fe – 98 (32%) 153 (32%) 251 (32%) no
O – 99 (32%) 201 (42%) 300 (38%) no
N – 78 (25%) 167 (35%) 245 (31%) no
C – 80 (26%) 134 (28%) 214 (27%) no
H – 87 (28%) 125 (26%) 212 (27%) no

AM processing 
parameters

AM machine 326 (92%) 295 (96%) 402 (84%) 697 (89%) no
 Heat source 354 (100%) 308 (100%) 478 (100%) 786 (100%) no
 Process cat-

egory
354 (100%) 308 (100%) 478 (100%) 786 (100%) no

Energy density – 34 (11%) 86 (18%) 120 (15%) no
Layer thick-

ness
273 (77%) 270 (88%) 387 (81%) 657 (84%) yes 129

Power 142 (40%) 159 (52%) 268 (56%) 427 (54%) yes 359
Hatch spacing 135 (38 %) 143 (46%) 210 (44%) 353 (45%) yes 433
Scan speed 174 (49%) 165 (54%) 272 (57%) 437 (56%) yes 349
Beam diameter – 75 (24%) 72 (15%) 147 (19%) no
Layer rotation 81 (23%) 91 (30%) 143 (30%) 234 (30%) no
Contour pass – 62 (20%) 62 (13%) 124 (16%) no
Plate heat 81 (23%) 33 (11%) 86 (18%) 119 (15%) no
Chamber tem-

perature
81 (23%) 22 (7%) 57 (12%) 79 (10%) no

Heat treatment 
processing 
parameters

Temperature 297 (84%) Impute as no 
treatment

Impute as no 
treatment

786 (100%) –

Time 297 (84%) Impute as no 
treatment

Impute as no 
treatment

786 (100%) –

Pressure 297 (84%) Impute as no 
treatment

Impute as no 
treatment

786 (100%) –

Specimen 
design

Stress concen-
tration factor 
or notch 
presence (Kt)

Multivalued 
field, no 
analysis

Impute as no 
notch (1)

Imputed as no 
notch (1)

786 (100%) –

Thickness 287 (81%) 292 (95%) 449 (94%) 741 (94%) yes 45
Cross section 

shape
340 (96%) 306 (99%) 459 (96%) 765 (97%) yes 21

Orientation 319 (90%) 290 (94 %) 473 (99%) 763 (97%) yes 23
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also risks biasing the distribution, but could be appli-
cable for low variance meta-data.

When possible, tools that utilize more information, 
such as linear regression or Multiple Imputation by 
Chained Equations (MICE), should be used to provide 
more robust estimates of unreported values. As addi-
tional information is incorporated into the imputation 
technique, downstream predictive performance tends 
to improve [52], although multivariate approaches 
that simultaneously impute several meta-data may 
experience degraded performance [53] that must be 
considered by the database engineer. With the MICE 
technique, a series of multiple linear regression mod-
els that use other meta-data as inputs are created and 
are then averaged together to obtain robust estimates 
[54]. In other cases, a multistage approach, in which 
several imputation techniques are required, is used. 

All imputation functions and associated statistical 
analyses were performed using the R statistical pro-
gramming language5.

The distribution of imputed meta-data values was 
then compared to the original meta-data value dis-
tribution to verify that no gross distributional shifts 
occurred and that the estimates are plausible. A two-
sample Kolmogorov–Smirnov (KS) test was used to 
compare the difference between the empirical cumu-
lative distribution functions (CDF) generated by the 
reported and imputed values. A test statistic was then 
calculated using the following relationship [55, 56]:

Table 1   continued

Meta-data 
category

Meta-data Number of 
S-N curves 
with meta-data 
recorded before 
re-verification 
[30]

Number of S-N curves with meta-
data recorded after verification

Total number 
of S-N curves 
with meta-data 
after verifica-
tion

Imputed? Number of viable 
S-N curves 
provided by 
imputation

Automated Manual

Testing condi-
tions

Loading 
method

354 (100%) 308 (100%) 473 (99 %) 781 (99%) yes 5

Load ratio 350 (99%) 304 (99%) 473 (99%) 777 (99%) yes 9

Frequency 287 (81%) 279 (91%) 440 (92%) 719 (91%) yes 67
Surface condi-

tion
Qualitative 

surface
326 (92%) 308 (100%) 473 (99%) 781 (99%) yes 5

Ra (or equiva-
lent)

– 167 (54%) 296 (62%) 463 (59%) yes 323

Rz (or equiva-
lent)

– 110 (36%) 129 (27%) 239 (30%) no

Material prop-
erties

Elongation to 
failure (EL)

120 (34%) 148 (48%) 268 (56%) 416 (53%) yes 370

Hardness (HV) – 63 (20%) 124 (26%) 187 (24%) no
Ultimate ten-

sile strength 
(UTS)

131 (37%) 176 (57%) 325 (68%) 501 (64%) yes 285

Yield strength 
(YS)

135 (38%) 168 (55%) 282 (59%) 450 (57%) yes 336

Alpha lath 
width

– 65 (21%) 124 (26%) 189 (24%) no

Bulk porosity – 98 (32%) 148 (31%) 246 (31%) no
Total number of 

S-N curves
354 308 478 786

Meta-data in bold are either reported for 100 % of S-N curves or are amenable to imputation

5  The R Foundation for Statistical Computing (Vienna, Austria).
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where sup is the supremum function, F represents the 
value of the empirical CDF at meta-data value x, and 
n and m are sample sizes. These two distributions will 
differ when:

where � is the statistical significance taken as 0.05, 
which corresponds to a 95  % confidence level. If 
Equation (2) is true, then it can be concluded that the 
incorporation of the imputed meta-data values sig-
nificantly biases the distribution of the values. When 
it is not true, it is assumed that imputation did not 
meaningfully bias the meta-datum. For the relatively 
simple or well-established imputation techniques 
summarized in Appendix 1, verification is adequate. 
Imputation techniques that attempt to more accurately 
recover the unreported value, which are not among 
those addressed herein, must be validated by bench-
marked against accepted techniques and will require 
additional verification steps to ensure the veracity of 
the results, such as a masking analysis where known 
values are discarded and the accuracy and precision 
of recovery are quantified.

(1)D
n,m

= sup
|||
F
1,n

(x) − F
2,m

(x)
|||

(2)D
n,m

>

√

−ln(𝛼∕2)

(
1 +m∕n

2m

)

Results and discussion

Identification and aggregation of archival 
testing data

The feasibility of aggregating archival data sources has 
been demonstrated for several materials systems using 
a combination of manual and automated techniques 
[28–30]. While manual aggregation techniques have 
proven useful for smaller datasets, the use of auto-
mated techniques that utilize application program-
ming interfaces (API) to automate source identifica-
tion and downloading of the content is much more 
attractive for material systems with larger available 
datasets. One material candidate with a large archi-
val fatigue dataset is AM Ti-6Al-4V. A summary of 
the number of data sources produced on an annual 
basis and captured with an automated approach [30] 
is highlighted in Figure 4. This automated approach 
employed a combination of 28 keywords to identify 
different AM fabrication techniques and the terms 
“fatigue” and “Ti-6Al-4V” to capture the testing con-
dition and material of interest, yielding a total of 154 
sources and 5580 datapoints across 354 S-N curves 
published between 2006 and 2022.

Once relevant data sources were identified, unique 
S-N curves were extracted from each source, and a 
verification procedure was undertaken to remove 
duplicate S-N curves from the aggregated dataset. A 
summary of the number of S-N curves obtained from 

Figure 4   A histogram com-
paring the number of archival 
sources containing usable 
Ti-6Al-4V stress-controlled 
fatigue datasets identified in 
a previous database [30] and 
the current database.
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an earlier automated database [30] and the number of 
non-duplicated S-N curves remaining after verification 
is provided in Table 1. Through this verification pro-
cess, a total of 46 duplicate S-N curves were identified 
and removed, reducing the size of the data contrib-
uted by the earlier database by 13 % as the original 354 
S-N curves were reduced to a total of 308 unique S-N 
curves, reducing the contribution to 5027 datapoints. 
Similar verification processes were performed on the 
larger manual aggregation dataset to identify missing 
values and correct typographical errors.

While a large amount of data was identified using 
this automated approach, it was difficult to determine 
how comprehensive it was or whether the broad-
est possible collection of available data sources was 
identified. To evaluate the ability of these automated 
techniques to capture as much of the available data 
as possible, a manual aggregation effort directed at 
expanding the number of relevant data sources was 
performed. Since the keywords used in the earlier 
automated database were rather arbitrarily selected 
and limited by the absence of a common terminol-
ogy, a hierarchical approach focused on identifying 
relevant keywords that provide a broader coverage 
of terminology was used in this manual aggregation 
effort. Keywords with general meanings were used 
first, followed by increasingly specific ones, resulting 
in the development of a much-expanded keyword 
list with 50 manufacturing, seven mechanical testing, 
and six material keywords. The entire list of keywords 
used in this approach is provided in Figure 3. This 
broader approach to keyword selection allowed an 
additional 41 sources to be identified that were pub-
lished between 2001 and 2022, as highlighted in Fig-
ure 4, providing an additional 2085 datapoints and 
increasing the size of the database by approximately 
29 %.

After the duplicate S-N curves were removed, the 
datapoints within the S-N curves were identified, 
allowing data extraction and identification errors to 
be eliminated. A typical extraction error involved 
the inclusion of unverifiable datapoints from a S-N 
plot with overlapping symbols. In one instance, sev-
eral hundred unverifiable datapoints were captured 
[57] and subsequently removed. Identification errors 
included cases where runout specimens, in which 
the test was terminated at a predetermined stopping 
point, were improperly labeled as fractured speci-
mens. Other cases involved multiaxial tests that were 
recorded as uniaxial ones, and logarithmic stress 

amplitude or maximum stress axes were improp-
erly scaled on the reported S-N plots. Combining the 
unique results of the automated and manual aggrega-
tion efforts allows the comprehensiveness of the auto-
mated approach to be leveraged with the expanded 
scope and capability of the manual approach to sur-
vey non-standard publications. A total of 7112 unique 
datapoints published between 2001 and 2022 were 
obtained using this combined approach.

Compilation and verification of accompanying 
meta‑data

After aggregating and verifying the published S-N 
data, the selection and compilation of associated and 
appropriate testing, processing, and material property 
meta-data must be undertaken. It is not a straightfor-
ward exercise, however, and there are major chal-
lenges that will be encountered when attempting to 
produce usable databases. One such challenge origi-
nates from the lack of standardized terminology for 
the meta-data reported in archival sources, leading 
to differences in the terminology used to describe the 
meta-data and creating significant issues in how the 
meta-data are categorized. To address these issues and 
improve the usability of the database, a data diction-
ary was developed. The data dictionary includes basic 
details, notes on implementation, and aids to valida-
tion, which are summarized in Figure 3 and provided 
in the supplementary material. When taken together, 
these details provide a structure to allow each meta-
datum field to be understandable and navigable 
within the overall database structure.

Building off an earlier data aggregation and analy-
sis effort [29], seven meta-data categories, as summa-
rized in Table 1, were selected, and a total of 41 unique 
meta-data were identified and collected. Even though 
the meta-data categories are somewhat arbitrary, they 
compensate for inconsistent reporting across the dif-
ferent individual studies and are intended to capture 
as much of the reported meta-data as possible within 
the bounds of the data dictionary. These meta-data 
were placed in a flat-file structure and then separated 
into distinct tables in a stepwise normalization pro-
cess to eliminate redundant information and interde-
pendencies [58], yielding the beginnings of a relational 
database. In a relational database, unique identifiers, 
or keys, connect information in different tables in a 
parent–child hierarchy, which is depicted in Figure 5. 
For fatigue datasets, this enforced hierarchy relates 
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sets of specimens produced by a given experimental 
campaign to individual S-N curves and the datapoints 
contained within them. The connections between the 
tables also provide information on the cardinality 
between the databases using Crow’s foot notation 
[59]. For example, a single data source may contribute 
many S-N curves in a mandatory one-to-many (1:1..N) 
relationship. Additionally, to improve the manual 
navigability of the relational database in an intuitive 
manner, some of these tables were de-normalized, or 
combined [59]. Within a database management sys-
tem, de-normalization introduces some amount of 
redundant information but reduces the complexity 
of how various data and meta-data that would oth-
erwise be stored in different tables are joined, which 
can speed up queries and simplify reporting [60, 61].

Transferring meta-data from the previous auto-
mated aggregation efforts [30] was hindered by the 
lack of predictable structure or contents [62] that inhib-
ited the integration of the meta-data and compromised 
the ability to query that database for specific informa-
tion. Several examples of these inappropriate meta-
data structures are summarized in Table 2, including 
the presence of ordered and unordered lists of single 
or multiple meta-data within a single field and the 
use of multipurpose fields whose meaning changed 
depending on the value of another field. When these 
structures are present, not even a rigorous data 

dictionary can unambiguously contextualize these 
meta-data. A full revision of the affected portion of 
the database was performed by placing the meta-data 
into separate fields and eliminating interdependencies 
between remaining fields. When the database struc-
ture was developed for the manual aggregation effort, 
these complex features were deliberately avoided to 
maximize transferability of the data and meta-data to 
other applications or database structures (Table 3).

After the structuring of the meta-data was com-
pleted, a systematic verification process was used to 
identify and mitigate any errors that occurred during 
transcription. An independent re-verification using 
side-by-side, double data entry, and EDA verifica-
tion techniques revealed that errors remained uncor-
rected in the original database. Such errors included, 
but were not limited to, typographical errors and 
incorrectly transcribed information. Depending on 
the meta-data, between 1 and 5% of records were 
affected by these errors. Table 1 provides a summary 
of the reported meta-data both before and after the 
independent re-verification step. The number of 
recorded meta-data values increased by 7%, on aver-
age, with re-verification. For other meta-data, such as 
those for mechanical properties that are reported in 
either graphical or non-graphical forms, re-verification 
increased the number of transcribed values by up to 
20%.

Figure 5   Conceptual model 
diagramming the basic struc-
ture of a potential relational 
database for archival fatigue 
datasets, as well as the 
inherent hierarchy in fatigue 
datasets.
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A large amount of unreported meta-data was iden-
tified across the different categories highlighted in 
Table 1, with only seven of the 41 meta-data display-
ing a 100% reporting rate. The frequency of report-
ing for each of the 41 meta-data is captured in Fig. 6 
through the use of a correlation matrix for different 
pairs of meta-data organized with respect to the dif-
ferent categories described in Table 1. It is evident in 
this figure that meta-data within the same category 
are co-reported at much higher rates than those across 
different categories. While constructing a record using 
meta-data from a single category might create a large 
number of complete records, doing so would severely 

restrict any subsequent analysis. If all viable meta-data 
from different categories were considered for such 
an analysis, every record would contain unreported 
information, resulting in their elimination through 
listwise deletion and leaving no usable records.

The impact of imputation on the size of the usable 
dataset can therefore be significant, even when only 
considering a small subset of meta-data. For example, 
if data are taken only from tests performed at a load 
ratio of 0.1, a total of 4360 datapoints across 368 S-N 
curves are initially available for a hypothetical analy-
sis. If only the ultimate tensile strength, elongation to 
failure, power, and surface roughness are considered 

Table 2   Summary of complex structures containing meta-data that were identified in an earlier automated database [30]

Type of structure Field name Example Number of 
cells with 
values

Number of 
cells with 
issues

Multiple meta-data; ordered values Specimen description Combines cross section shape with use of 
drawing, standards, notch presence, and 
additional details

340 273 (80.3%)

AM environment Combines shielding gas with measure-
ments of residual O2 levels

89 2 (2.2%)

Processing sequence 
and parameters

Combines heat treatment parameters with 
qualitative surface condition, the pres-
ence of internal structures, and process-
ing route

353 295 (83.6%)

Multiple meta-data;
unordered values

Types of AM Combines feedstock form, type of energy 
source, deposition, and post-process 
wrought manufacture

353 3 (0.8%)

AM machine Combines manufacturer and model 327 327 (100%)
Type of fatigue test Combines nominal stress state with test 

standard and frequency
354 44 (12.4%)

Single meta-datum; unordered values Source power 142 4 (2.8%)
Scan speed 175 4 (2.3%)
Hatch spacing 133 2 (1.5%)
Preheat 82 4 (4.9%)
Size of feedstock Combines average size, ranges, span, and 

other metrics
217 164 (75.6%)

Frequency 287 13 (4.5%)
Cross section size 285 90 (31.6%)

Multipurpose Source power Accounts for fill, contour, pre-scan, and 
unknown components

Scan speed Accounts for fill, contour, pre-scan, and 
unknown components

Scan pattern Conveys pattern, delays, or contour details
Voltage Changes based on AM process category
Current Changes based on AM process category
Size of feedstock Changes based on AM process category
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Table 3   Summary of high-level requirements for AM Ti-6Al-4V meta-data to promote uniformity and backwards compatibility

Meta-data category Meta-data Type Allowed values Unit Note

Feedstock parameters Powder size Continuous Precision to 0.1 µm Dn(50) or Dv(50) will be 
specified.

Grade Nominal 5; 23 5 denotes standard Ti-6Al-
4V, 23 denotes extra low 
interstitial Ti-6Al-4V.

AM processing parameters Heat source Nominal laser; electron beam; arc
Process category Nominal powder bed; deposition
Layer thickness Continuous Integer values µm
Power Continuous Precision to 0.1 W
Hatch spacing Continuous *Precision to 0.1 µm
Scan speed Continuous Precision to 0.1 mm/second

Heat treatment processing 
parameters

Temperature Continuous 25 for no heat treatment
Integer values

° C

Time Continuous 0 for no heat treatment
Integer values

minutes

Pressure Continuous 0.101 for no heat treatment 
or heat treatment without 
applied pressure

Integer values

MPa

Specimen design Kt (notch presence) Continuous 1 for no notch
Precision to 0.01

Thickness Continuous Precision to 0.01
Smaller dimension for a 

rectangular cross section

mm For specimens with a scaf-
fold structure, provide the 
nominal thickness of the 
specimen’s outer dimen-
sions.

Cross section shape Nominal round; rectangle; internal 
structure; scaffold; other

Orientation Continuous
(Discrete)

Integer values
(90, 45, 0)

° Orientation of loading axis 
relative to build plate.

Testing conditions Loading method Nominal axial; rotating; bending; 
vibration; in-phase; com-
pression; out of phase

Load ratio Continuous
(Discrete)

− 1 to 0.99
(− 1 and 0.1)

Frequency Continuous Above 10, integer values
Below 10, precision to 0.1

Hz Ultrasonic frequencies will 
be listed with vibration 
loading method.

Surface condition Qualitative surface Ordinal net-shape; machined; pol-
ished; modification

Ra (or equivalent) Continuous Precision to 0.1 µm Lineal or areal technique 
will be noted. Detail on 
instrumentation as data-
base expands.

Rz (or equivalent) Continuous Precision to 0.1 µm

Material Properties EL Continuous Precision to 0.1 % elongation Detail on instrumentation as 
database expands.UTS Continuous Precision to 0.1 MPa

YS Continuous Precision to 0.1 MPa
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as meta-data of interest, the number of usable data-
points without imputation falls to 511 across 59 S-N 
curves, as shown in Fig. 7a. With the application of 
imputation, all 4360 datapoints become available, 
as highlighted in Figure 7b. Increasing the number 

of available datasets improves the sensitivity of the 
analysis and allows subtle effects to be detected [63, 
64] and increases the variety and combinations of con-
ditions that may be evaluated [65].

Given the positive impact of imputation on the size 
of the available dataset with only five meta-data, this 
approach can be expanded to the overall aggregated 
dataset and the much larger body of meta-data. Con-
sidering the 34 meta-data with incomplete reporting 
rates, only 16 displayed rates higher than 45%, which 
is the threshold for imputation currently applied. 
When combined with the seven meta-data that dis-
played 100% reporting rates, a total of 23 viable meta-
data were identified, with at least one meta-datum 
from each category included in the final tabulation. Of 
these available meta-data, the heat treatment process-
ing parameters, specimen design, and testing condi-
tions were the most widely reported. With the applica-
tion of imputation across all 23 viable meta-data, each 
of which did not significantly affect the distribution 
of available values based on the KS test, the rules of 
which are provided in Appendix 1, the usable dataset 
grew to the maximum number of available datapoints.

When these datasets are used for model develop-
ment, the end user must decide whether individual 
S-N datapoints are treated independently or in a 
groupwise manner. Usage of the latter technique 
would limit the variety of meta-data that the model 

Figure  6   Correlation between the rates of reported meta-data 
values. The acronyms HT, Ra, and Rz represent heat treatment, 
arithmetic mean surface roughness, and maximum asperity 
height, respectively.

Figure 7   a&b: Plots showing the density of datapoints representing complete records with four meta-data with a no imputation and b 
imputation applied.
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is exposed to, yielding more conservative training 
and testing performance metrics, while usage of the 
former technique assumes a higher degree of vari-
ability between individual AM-fabricated specimens 
than those specimens extracted from a bar or sheet. 
Dataset partitioning could be performed based on S-N 
point membership to an individual S-N curve or to 
an experimental campaign, as illustrated in Figure 5.

Even with this large expansion of the usable dataset 
with the implementation of imputation for selected 
meta-data, more meta-data can be made available 
with improved and more uniform reporting proce-
dures. For example, among the feedstock parameters, 
powder size and grade can be reliably obtained, but 
there has been little consistency in the archival lit-
erature in how powder size is reported, with differ-
ent percentiles and particle size distribution (PSD) 
spans and even characterization methods producing 
inconsistent results. In the short term, the median par-
ticle diameter needs to be captured, but as the field 
matures and adherence to reporting standards [66] 
in research improves, the scope of the database will 
need to accommodate more comprehensive measure-
ments. When considering mid- and long-term needs, 
improvements in the consistency of reporting of AM 
processing parameters, which should include the type 
of heat source and process category, layer thickness, 
power, hatch spacing, scan speed, and material prop-
erties, such as surface roughness and tensile proper-
ties, will be needed.

Integration of new data into a consolidated 
database

While the aggregation of these datasets from cur-
rent archival sources is a valuable contribution, they 
represent just a snapshot in time. With new datasets 
being continuously produced, the amount of new 
data that are unavailable to the existing database can 
become rather significant over time. As highlighted in 
Fig. 4, even a single year after the publication of the 
original archival database [30], an additional 13 data 
sources became available bringing the total of addi-
tional datasets to 54, representing an increase of 540 
datapoints (8%) and 51 S-N curves (7%) to the exist-
ing data set. The aggregated database now consists of 
7652 datapoints with article publication dates up to 
2023. As more data become available, the dataset can 
be expanded.

To overcome the limitations of data aggregation 
efforts performed over limited time frames, a pro-
cedure is needed for integrating new datasets into 
a central repository [67] that can be maintained and 
updated. Adding new S-N data to the dataset can be 
rather straightforward, but identifying and report-
ing meta-data is a more difficult endeavor that will 
require the development of standardized procedures 
that can be adapted to emerging datasets. As a start-
ing point, the 23 meta-data identified in the current 
aggregation effort can be used to promote the stand-
ardization of meta-data reporting in new datasets. 
When new sources are added, each datapoint should 
be accompanied by these 23 meta-data, thus mini-
mizing the need for imputation and allowing a more 
highly detailed database to be developed. This level 
of reporting would need to be enforced, in part, by 
the relevant scholarly journals. Such an action is not 
unprecedented. Indeed, reporting requirements for 
systematic reviews and meta-analyses have become 
standard practice in many research fields [68]. Of 
course, the protocols and critical meta-data enumer-
ated herein serves as a preliminary outline for such 
requirements, and further refinement is required.

Building upon the existing aggregated dataset, new 
datasets can be identified through either automated 
means using citation index APIs [30] or as direct sub-
missions to the database using a template, as outlined 
in Fig. 8, following the example of the NIST Materi-
als Data Curation System. The submitted meta-data 
are then verified to determine if they conform to the 
requirements outlined in the data dictionary and are 
re-formatted as needed. As illustrated herein, verifica-
tion is by necessity a multistage process. Future itera-
tions of an archival database should leverage CV and 
NLP techniques such that they replicate double data 
entry validation. A human operator would then per-
form an additional extraction of data and meta-data, 
following the protocols outlined in Fig. 3. These three 
sets of datapoints and meta-data are then compared 
algorithmically with cases exceeding a predefined 
threshold investigated by the human operator. By 
applying the process outlined in Fig. 8, a higher level 
of data and meta-data quality than what is currently 
available in the archival literature may be maintained, 
improving reproducibility and supporting the devel-
opment of higher-fidelity ML and LLM tools.

As new datasets are added, the distribution of 
values for each meta-datum will change, especially 
for those in which imputation was used to expand 
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the original archival database. With the addition of 
new meta-data values, the imputation functions will 
change, requiring a recalculation of the overall distri-
bution so that a more accurate representation of the 
meta-data values can be obtained. An estimate of the 
time complexity of the operation and a recommenda-
tion of the frequency of recalculation is provided in the 
supplementary material. Recalculation of the imputed 
data distributions will also prevent ML and LLM tools 
from incorrectly recognizing non-existent patterns [69] 
and maintaining the randomness of the operation.

It can also become possible to expand the number 
of meta-data that can be reported and used to iden-
tify new trends, particularly for meta-data that did 
not meet the minimum requirements for imputation 
during the initial aggregation efforts. For example, 
oxygen and nitrogen contents, which can have sig-
nificant impacts on material properties in Ti-6Al-
4V, are reported in only 38 and 31 % of the datasets, 
respectively, falling just below the minimum amount 
for imputation and precluding their inclusion in the 
original meta-data compilation. If the inclusion of new 
datasets increases these values to 45 %, these meta-
data may then be imputed, increasing the number of 
meta-data that need to be reported in archival sources, 
but also providing another valuable parameter for ML 
and LLM tools to utilize.

Summary and conclusions

The large amount of archival fatigue testing data avail-
able for AM-fabricated Ti-6Al-4V represents a valu-
able resource for evaluating emerging statistical, ML, 
and LLM tools and supplementing ongoing efforts to 
develop pedigreed experimental datasets. While statis-
tical analysis of a smaller dataset comprising archival 
S-N data for AM-fabricated 316L austenitic stainless 
steel has been successfully demonstrated, the aggrega-
tion of larger datasets presents several significant chal-
lenges prior to analysis. A formalized procedure for 
aggregating, extracting, and structuring a large dataset 
has been developed. While the procedure produces a 
reliable database, issues in reporting key meta-data 
require the imputation of selected meta-data values to 
produce complete records. Building upon this existing 
dataset, a structured approach for incorporating new 
datasets in a seamless fashion is proposed to support a 
continuously expanding database. Additional conclu-
sions are provided below in more detail:

•	 Given the inconsistency in applying terminology 
for AM processes and materials, a formalized pro-
cedure to identify applicable data sources requires 
careful consideration of keywords to produce 
a comprehensive survey of available data. By 

Figure 8   Schematic for a data processing pipeline to ingest new datasets and meta-data.
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Table 4   Summary of suggested meta-data imputation rules for the current aggregated archival AM Ti-6Al-4V fatigue dataset

Meta-data Meta-data 
type

Imputation rule type Imputed value

Powder size Continu-
ous

Hierarchical random ⎧
⎪
⎪
⎨
⎪
⎪
⎩

35 + 2N(0, 1) if L-PFB

75 + 10N(0, 1) if E-PBF

100 + 5N(0, 1) if L-DED

70 + 3N(0, 1) if E-DED

Grade Discrete Mode Grade 5
Layer thickness Continu-

ous
Hierarchical random ⎧

⎪
⎪
⎪
⎨
⎪
⎪
⎪
⎩

S
�
(30 + 2N(0, 1), 60 + 2N(0, 1)) ∶ pi = 0.46, 0.54, i = 1, 2

�
if L-PFB

xn∕2+x1+n∕2

2
+ 10N(0, 1) if E-PBF

xn∕2+x1+n∕2

2
+ 150N(0, 1) if L-DED

S
�
(1000, 1200) ∶ pi = 0.66, 0.33, i = 1, 2

�
if Arc-DED

S
�
(70, 1500) ∶ pi = 0.83, 0.16, i = 1, 2

�
if E-DED

Power Continu-
ous

Hierarchical random ⎧
⎪
⎪
⎪
⎨
⎪
⎪
⎪
⎩

300 + 50N(0, 1) if L-PFB

1000 + 250N(0, 1) if E-PBF

S
�
(300 + 50N(0, 1), 5000 + 750N(0, 1)) ∶ pi = 0.66, 0.33, i = 1, 2

�
if L-DED

S
�
(2100, 2200) ∶ pi = 0.33, 0.66, i = 1, 2

�
if Arc-DED

120 + 5N(0, 1) if E-DED

Hatch spacing Continu-
ous

Hierarchical random ⎧
⎪
⎪
⎨
⎪
⎪
⎩

125 + 25N(0, 1) if L-PFB

S
�
(100, 180, 200) ∶ pi = 0.47, 0.09, 0.47, i = 1, 2, 3

�
if E-PBF

S
�
(50 + 100N(0, 1), 2500 + 500N(0, 1)) ∶ pi = 0.66, 0.33, i = 1, 2

�
if L-DED

5500 + 100N(0, 1) if E-DED

Scan speed Continu-
ous

Hierarchical random ⎧
⎪
⎪
⎪
⎨
⎪
⎪
⎪
⎩

1250 + 100N(0, 1) if L-PFB

3000 + 500N(0, 1) if E-PBF

S
�
(10 + 2N(0, 1), 1000 + 100N(0, 1)) ∶ pi = 0.75, 0.25, i = 1, 2

�
if L-DED

S
�
(2.5, 5.0, 5.5) ∶ pi = 0.09, 0.55, 0.36, i = 1, 2, 3

�
if Arc-DED

S
�
(5, 125, 240) ∶ pi = 0.16, 0.16, 0.66, i = 1, 2, 3

�
if E-DED

Temperature Continu-
ous

Mode Room temperature

Time Continu-
ous

Mode 0 minutes

Pressure Continu-
ous

Mode 1 atm

Notch presence Continu-
ous

Mode 1 (no notch)

Smallest dimension Continu-
ous

Random S{ f (x) = 1

Γ(k)�k
xk−1e−x∕� : k = 3.10, θ = 0.610}

Cross section shape Discrete Random S{(circular, rectangular, hollow, scaffold): pi =0.69, 0.22, 0.06, 0.03, i = 1, 2,3,4}
Orientation Discrete Random S{(90, 45, 0): pi = 0.75, 0.06, 0.19, i = 1, 2,3}
Loading method Discrete Random S{(axial, bending, rotating–bending, vibration, other):

pi = 0.68, 0.07, 0.10, 0.10, 0.05, i = 1, 2,3,4,5}
Load ratio Discrete Random S{(− 1, 0.1): pi = 0.53, 0.47, i = 1, 2}
Frequency Continu-

ous
Random S{ f (x) = 1

Γ(k)�k
xk−1e−x∕� : k = 0.89, θ = 0.019}

Qualitative surface Discrete Random S{(net-shape, machined, polished, surface modified):
pi = 0.23,0.45,0.20,0.12, i = 1, 2,3,4}
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expanding the number of manufacturing process 
related keywords from 28 to 50, and using seven 
testing and six material related keywords, the num-
ber of data sources increased by 27%, resulting in 
the development of a database with over 7000 data-
points.

•	 While automated search tools for identifying data 
sources are powerful, a non-trivial number of 
errors were identified when the results were com-
pared with a manual aggregation technique. The 
application of a three-stage verification process, 
including side-by-side, double data entry, and 
exploratory data analysis techniques, reduced the 
number of duplicated datasets by 13% and other 
errors in transcribed data by (1–5)%. Application 
of the additional verification steps also increased 
the number of recorded meta-data values by 7%, 
on average.

•	 The accompanying meta-data for the S-N curves 
compiled for AM Ti-6Al-4V are not well-defined or 
standardized and are characterized by significant 
differences in reporting rates. A data dictionary 
was developed to provide a standard set of termi-
nology that could be used to improve the meta-data 
structure that could be more easily integrated into 
a usable database.

•	 Based on previous data aggregation work for AM 
316L stainless steel, 41 meta-data were identified, 
but with inconsistent reporting, only seven meta-
data display 100% reporting. By applying imputa-
tion, the number of viable meta-data increased to 
23, thus significantly increasing the usable datasets 
and limiting the role of listwise deletion.

•	 The database structure developed for the current 
AM Ti-6Al-4V fatigue testing dataset will need to 
be expanded as new datasets and their accompa-
nying meta-data become available. A structured 

approach for introducing new datasets in a seam-
less fashion and expanding the available meta-data 
is proposed. This flexible and expanding database 
can be used as a reliable source for evaluating the 
efficacy of emerging ML and LLM tools with a com-
prehensive high-fidelity dataset.
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Table 4   continued

Meta-data Meta-data 
type

Imputation rule type Imputed value

Ra Continu-
ous

Multistage S{(1.7 + 0.15Rz) + 2N(0,1) } → MICE

EL Continu-
ous

MICE MICE

UTS Continu-
ous

Multistage
S{(

(
HV

2.9A

)(
n

0.217

)n

 ): A = 1.12, n = 0.07} → S{(61 + YS)+10N(0,1)} → MICE
YS Continu-

ous
Multistage

S{(

(
HV

3A

)
0.1

n) ∶
 A = 1.12, n = 0.07} → S{(32 + 0.8UTS ) +10N(0,1)} → MICE

* Sampling spaces are denoted by S{} for a vector of i probabilities pi. N(0,1) indicates the standard normal distribution.
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See Table 4
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