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Inputting Missing Values in Mechanical Materials Data:
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ABSTRACT

This study explores how different methods for handling missing data change the accuracy of
mechanical property datasets. A dataset containing ultimate tensile strength (Su) and related mechanical
properties was used, with 100 Su values randomly removed to simulate realistic data loss. Three
commonly used methods were tested: mean substitution, median substitution, and k-nearest neighbor
(KNN) imputation. Each completed dataset was then compared to the original to see how well statistical
relationships were maintained. The results indicated that the median imputation method produced the
most accurate reconstruction in this dataset and under MCAR simulation among the tested methods,
maintaining an almost exact correlation with the original Su values with a Pearson correlation coefficient
(r) value of 0.9987 and a coefficient of determination (R?) value of 0.9487 in the linear regression model.
Both mean and KNN imputation performed sufficiently, but introduced larger deviations from the
original relationships. Overall, the findings show that under the MCAR missingness simulation used here
and within this specific mechanical-property dataset, the median imputation method provides the most
effective balance between accuracy and preservation of statistical structure among the three methods
tested, suggesting that median imputation may serve as a practical solution for researchers and engineers
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who regularly work with incomplete mechanical property data.

Keywords: Imputation; K-Nearest Neighbor; Simulation; Mechanical Property; Missing Values

INTRODUCTION

In the field of materials science and mechanical
engineering, accurate characterization and analysis of
mechanical properties such as ultimate tensile strength
(Su), yield strength (Sy), elastic modulus (£), shear
modulus (G), and Poisson’s ratio (u) are essential for
producing safe, efficient, and sustainable designs. These
properties form the foundation for structural analysis,
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product development, and performance evaluation across
a wide range of engineering applications. As the field
continues to emphasize optimization and sustainability,
the ability to perform reliable data analysis has become
an essential component of innovation and design
integrity.

Despite their importance, obtaining complete and
in-depth datasets on mechanical properties is often
challenging. Experimental testing of materials requires
considerable time, specialized equipment, and significant
financial resources, limiting the scale of data collection.
As a result, missing data is a common issue appearing in
both laboratory experiments and industrial databases (1,
2). When even a singular property within a set is absent,
researchers are often forced to remove the entire record,
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reducing sample size and wasting valuable information.
These limitations both reduce efficiency and restrict the
development of predictive models that rely on complete
and consistent datasets.

Researchers have long acknowledged the issue
of missing data in statistics and data science ().
Three primary mechanisms of missingness have been
identified: Missing Completely at Random (MCAR),
Missing at Random (MAR), and Missing Not at Random
(MNAR). The underlying cause of missing data strongly
influences which imputation method should be applied
(1). Later work expanded the practical application of
imputation by introducing techniques that balance
computational efficiency and statistical accuracy (2).
Several approaches have been developed to address this
issue. Among the most common are mean and median
substitution, which replace missing values with a single
representative statistic. These methods are simple to
apply and computationally efficient, but they can distort
data distributions and reduce correlations by artificially
lowering variance (1, 3). Despite these drawbacks, mean
and median imputation remain widely in use because of
their accessibility and low computational cost.

More complex methods such as KNN imputation
have been developed to improve accuracy by accounting
for relationships among multiple variables. This method
estimates missing values by identifying the most similar
observed data points and using their values to generate
predictions. KNN performs particularly well within
datasets containing strong multivariate relationships
(4). However, its accuracy depends heavily on the
consistency of predictor variables and the absence of
outliers (5). While these findings demonstrate the
flexibility of KNN, they also reveal its dependence on
data quality and structure, making it less reliable for
smaller or inconsistent engineering datasets.

In materials science and mechanical engineering, the
problem of missing data is both practical and statistical.
Obtaining measurements for properties such as Su, Sy,
and £ is both expensive and time-consuming, which
often leads to incomplete or limited datasets. Although
imputation is commonly used in disciplines such as
medicine and economics, it has not been widely studied
in the context of mechanical property data. Maintaining
realistic correlations and regression relationships is
especially important in this field because the variables
involved are physically interdependent (6, 2).

This study compares three widely used imputation
methods, mean substitution, median substitution,
and KNN imputation, to determine how each affects
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correlation structure and regression accuracy in
mechanical property data. First, each method’s
reconstructed Su values are compared directly with the
original data to measure accuracy. The analysis then
examines how each method alters correlations between
Su and the other mechanical properties (Sy, E, G, u,
and p). Finally, linear regression models are used to
evaluate the influence of each approach on predictive
relationships, with Su treated as the dependent variable.
These combined analyses provide a comprehensive view
of how each approach influences both the numerical
precision and the structural consistency of the dataset.

This study compares several imputation methods
specifically using mechanical property data, rather
than treating missing data methods only in a general
statistical context. This helps handle a gap in existing
research, where imputation methods are usually
tested on abstract or simulated datasets instead of real
engineering measurements. The findings are intended to
give engineers and researchers clearer guidance when
choosing how to handle incomplete mechanical data,
supporting more reliable analysis and better-informed
design decisions.

METHODS AND MATERIALS

Data Description

The dataset used in this study was obtained from
Kaggle (7) and is publicly available for research use. It
contains 1,553 observations and 15 variables, and is a
real-world dataset describing a range of mechanical and
physical properties for different engineering materials.
The variables include a material standard (S?d), a unique
identification code (/D), material name, heat treatment
method, ultimate tensile strength (Su), yield strength
(Sy), elongation at break or strain (45), Brinell hardness
number (BHN), elastic modulus (£), shear modulus (G),
Poisson’s ratio (u), density (p), pressure at yield (pH), a
brief material description (Desc), and Vickers hardness
number (HV).

This dataset was chosen because it represents the
type of data typically encountered in real engineering
settings. The values are derived from experimental
testing rather than simulated processes, which introduces
natural variability and realistic measurement conditions.
Since the goal of this study is to evaluate how imputation
methods perform under practical constraints, using an
authentic materials dataset strengthens the relevance of
the results.

A key strength of the dataset is the presence of several
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mechanically related numeric variables, particularly
Su, Sy, E, and G. These properties are physically linked
and commonly used together in structural analysis
and materials modeling. Their relationships make the
dataset well-suited for examining whether imputation
methods preserve meaningful correlations and regression
behavior, and the sample size is also large enough to
support statistical analysis while remaining manageable
for computational processing.

At the same time, the dataset has certain limitations.
Some variables are categorical or descriptive, such as
material name, heat treatment method, and the textual
description field, which cannot be directly included in
numeric correlation or regression models. In addition,
as with many experimental datasets, the measurements
may include outliers or uneven distributions, reflecting
differences in material classes and testing conditions.
These features can affect the performance of more
complex imputation methods, especially those based on
distance calculations.

Overall, the dataset aligns well with the objectives of
this study. It allows for realistic simulation of missing
data, meaningful comparison of imputation strategies,
and evaluation of how reconstructed values influence
both correlation structures and predictive models. As
such, it provides a practical and appropriate foundation
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for assessing imputation methods in the context of
mechanical engineering data.

This study examines the influence of different
methods of data imputation on the correlation structure
of a dataset containing missing values. The dataset,
titled Data.csv, contained the variable Su along with
additional numeric predictors. A complete summary of
the dataset variables, including their definitions, data
types, and descriptive statistics, is provided in Table
1. To simulate a realistic scenario of data loss, 100
entries were randomly removed from the Su column.
Because the removed Su entries were selected uniformly
at random, the simulated missingness mechanism
is MCAR, meaning the probability of a value being
missing is independent of both the observed data and
the unobserved (missing) values. This process created
a modified dataset, referred to as missing_df, in which
the designated values of Su were replaced with missing
entries (NaN). Choosing random entries ensured that the
missing data was distributed evenly across the dataset
without bias toward any specific cases. This study
therefore evaluates imputation performance only under
MCAR conditions; real engineering datasets may exhibit
Missing at Random (MAR) or Missing Not at Random
(MNAR) mechanisms, and results may differ under
those patterns.

Table 1. Variables included in the mechanical materials dataset, with their definitions, data
types, and descriptive statistics used in the present analysis.

Variable Type Definition Descriptive Statistics
Std Categorical Material standard n=1552;
classification unique = 8
ID Identifier Unique identification n=1552;
code for each material unique = 1552
Material Categorical Material name n=1552;
unique = 1225
Heat Categorical Heat treatment method n=802;
Treatment applied to the material unique = 44;
missing = 750
Su Numeric Ultimate tensile strength mean = 572.75;
(Continuous) (MPa) SD = 326.83;
min = 69;
max = 2220
Sy Numeric Yield strength (MPa) mean = 387.76;
(Continuous) SD =290.04;
min = 28;
max = 2048
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Continued Table 1. Variables included in the mechanical materials dataset, with their
definitions, data types, and descriptive statistics used in the present analysis.

Variable Type Definition Descriptive Statistics
A5 Numeric Elongation at break or mean = 19.33;
(Continuous) strain (%) SD =12.42;
min = 0.5;
max =70
BHN Numeric Brinell hardness number mean = 177.14;
(Continuous) SD =113.51;
min = 19;
max = 627
E Numeric Elastic modulus (MPa) mean = 164571.52;
(Continuous) SD =56135.41;
min = 73000;
max = 219000
G Numeric Shear modulus (MPa) mean = 85598.84;
(Continuous) SD = 125326.80;
min = 26000;
max = 769000
p (mu) Numeric Poisson’s ratio mean = 0.303;
(Continuous) SD = 0.025;
min = 0.20;
max = 0.35
p (Ro) Numeric Density (kg/m?) mean = 6929.84;
(Continuous) SD =2115.17;
min = 1750;
max = 8930
pH Numeric Pressure at yield (MPa) mean = 627.39;
(Continuous) SD =370.53;
min = 190;
max = 1360
HV Numeric Vickers hardness number mean = 328.48,;
(Continuous) SD = 202.76;
min = 105;
max = 8§00
Desc Text Material description n =981,
missing = 571
Three imputation strategies were applied to  KNN imputation is a distance-based method that

replace the missing values in Su: mean imputation,
median imputation, and k-nearest neighbor (KNN)
imputation. In mean imputation, each missing Su value
was replaced with the average of the observed ones,
forming the dataset ml df. For median imputation,
each missing entry was filled with the median of
the available Su values, which produced m2 df.

estimates missing values by identifying the most similar
observations (neighbors) in the dataset and deriving
imputed values from them, often through a weighted
average (8, 4).

Similarity between two observations, p and g,
was measured using the Euclidean distance across all
standardized numeric predictors, defined as
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dp, 9) =y 2 (pi—aq:)

where p, and ¢, represent the standardized values of
predictor k for observations p and g, respectively.

Standardization of numeric variables ensured that
each predictor contributed equally to this distance
calculation (9). The k observations with the smallest
distances to the incomplete case were selected as
neighbors, and the missing Su value was computed as
a weighted average of those neighbors’ Su values, with
closer observations receiving greater weight. For each
missing value, up to five nearest neighbors were used,
and the resulting KNN-imputed dataset was saved as
m3_df.

After the three imputed datasets were generated, a
series of statistical analyses was performed to compare
each with the original dataset. Pearson correlation
matrices were calculated for both the original and imputed
datasets to examine the linear relationships between
Su and the other numeric variables. To determine how
each imputation method influenced these relationships,
difference matrices were then calculated by subtracting
the original correlations from the imputed correlations.
These matrices could be visualized as heatmaps to allow
for a clear comparison of correlation structures and any
changes that occurred following imputation. However,
in this study, for simplicity and consistency, only the
correlation coefficients and corresponding p-values were
used for analysis. Additionally, summary measures such
as the mean, median, and maximum absolute difference
in correlation values were computed to provide a more
concrete indication of how strongly each imputation
method altered the relationships among variables.

Finally, multiple linear regression models were fit
using ultimate tensile strength (Su) as the dependent
variable and yield strength (Sy), elastic modulus (E),
shear modulus (G), Poisson’s ratio (), and density (p/Ro)
as predictor variables. The model form was

Su = o+ fi(Sy) + PoE) + B3(G) + fu(w) + Ps(p) + &

The same model specification was applied to the
original dataset and to each imputed dataset to allow
direct comparison of regression coefficients, statistical
significance, adjusted and unadjusted R? values, and
overall model fit. To assess multicollinearity among
predictors, variance inflation factors (VIFs) were
examined. Regression diagnostics were also evaluated
using residual-versus-fitted plots for homoscedasticity,
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Q-Q plots of residuals for normality, and residual-
order inspection or an independence test for residual
independence. In addition, standardized coefficients
were compared so that predictor importance could be
evaluated across variables measured in different units.

RESULTS

Three sets of analyses were performed to evaluate
how the imputation methods affected the dataset. These
analyses included comparing imputed Su values with the
original data, examining changes in correlations between
Su and other variables, and assessing how imputation
influenced linear regression outcomes.

Comparison with Original Su

The first analysis compared each imputed version
of Su with the original variable using correlation
coefficients and mean absolute differences. As shown
in Table 2, the median-imputed variable (Su_ M?2)
achieved the highest similarity to the original data, with
a correlation coefficient of 0.9987 and a mean absolute
difference of 2.96. The mean-imputed (Su MI1) and
KNN-imputed (Su_M3) versions showed slightly lower
correlations (0.9703 and 0.9694, respectively) and larger
mean absolute differences (14.92 and 14.58). These
findings suggest that median imputation most closely
preserved Su in this MCAR simulation, while mean and
KNN imputation introduced greater variation.

Table 2. Comparison of imputed Su values with the original
dataset, including correlation coefficients, p-values, and
mean absolute differences for each imputation method.

varitte T gy Ve Sl
Su Ml 0.970324 0.0 14.915516
Su M2 0.998666 0.0 2.959684
Su M3 0.969387 0.0 14.577320

Effect on Correlations with Other Variables

Pearson correlation matrices were computed
to evaluate how each imputation method affected
relationships between Su and the other variables (Sy, E,
G, u, and Ro). The results indicated that all three methods
produced relatively minor changes in correlation strength
and direction.
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In the original dataset, Su demonstrated strong
positive correlations with Sy (r = 0.957), moderate
positive correlations with £ (r = 0.594), and weak positive
correlations with G (r = 0.255) and Ro (r = 0.408). A
weak negative correlation was observed with u (r =
—0.240). After mean imputation, correlations between
Su and other variables slightly decreased, most notably
with Sy (r = 0.931) and £ (r = 0.572). KNN imputation
produced nearly identical results to the mean method
(Su—Sy r = 0.930; Su—E r = 0.572), showing that both
techniques moderately weakened linear relationships.
On the other hand, median imputation preserved almost
all of the original correlations, maintaining Su—Sy (r =
0.958) and Su—E (r = 0.595) nearly unchanged. These
findings suggest that median imputation caused the least
disruption to inter-variable relationships, while mean
and KNN slightly reduced correlation strength across
variables.

Impact on Linear Regression Results

Linear regression analyses were conducted for the
original and each imputed dataset, using Su as the
dependent variable and (Sy, E, G, u, Ro) as predictors.
Table 3 summarizes the R? values and key coefficients.

Table 3. Comparison of regression model fit across the
original and imputed datasets, using R’ and adjusted R?
values.

Dataset R? Adj. R?
Su_Ori 0.9478 0.9476
Su M1 0.8959 0.8956
Su M2 0.9487 0.9486
Su M3 0.8945 0.8941
The median-imputed dataset (Su_M2) again

demonstrated the strongest alignment with the original
model, achieving an R? value (0.9487) nearly identical
to the original (0.9478). In contrast, both mean (Su_M1)
and KNN (Su_M3) imputations reduced model fit, with
R? values around 0.895. Coefficient comparisons further
supported these trends. The regression parameters for
Su_M?2 remained close to the original coefficients across
all predictors, while Su_MI and Su_ M3 showed lower
coefficients for Sy and E, indicating reduced predictive
strength. Although the direction of relationships
(positive or negative) remained consistent, the magnitude
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of effects diminished slightly for the mean and KNN
imputations, aligning with the observed decrease in
overall correlation.

DISCUSSION

The results of this study demonstrate that the choice
of imputation method has a meaningful influence on how
well a dataset retains its original statistical structure.
Across the three methods evaluated, which included
mean, median, and k-nearest neighbor (KNN) methods,
the median approach consistently showed the closest
alignment with the original data in this dataset under
MCAR missingness. Its correlation with the unaltered
Su values remained nearly perfect (r = 0.9987), and the
regression model built from the median-imputed dataset
closely matched the performance of the original with an
R? of 0.9487. Both the mean and KNN methods were
effective but produced slightly weaker fits and larger
deviations from the original values, a pattern consistent
with prior findings on the sensitivity of imputation
methods to data structure (6, 2).

The success of the median method can be attributed
to its resistance to extreme values and its ability to reflect
the central tendency of the data without artificially
altering overall variability. Because the median is not
influenced by unusually high or low observations, it
remains stable even when the dataset includes outliers.
On the other hand, mean imputation is more sensitive
to extreme values and can shift the distribution toward
those points, leading to reduced variance and weakened
correlations (3, 6). KNN imputation depends heavily on
the consistency of the neighboring predictors used for
estimation (4, 5) meaning its accuracy can vary when the
predictor variables differ substantially across cases. This
interpretation is supported by the results, as observed
in the modest decline in correlation between Su and Sy
after applying KNN and mean imputation.

These results align closely with previous studies
comparing statistical and algorithmic approaches to
handling missing data. Even small proportions of imputed
values can distort correlation coefficients when variance
is artificially reduced (6), while simpler imputation
strategies often perform well when relationships
among variables are strong and approximately linear
(2). In a dataset characterized by consistent numeric
relationships, the added complexity of KNN yielded
little additional benefit. In this setting, a straightforward
median substitution retained relational integrity more
effectively than more elaborate models.
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The regression analysis offers a complementary view
of these effects. Although all imputed models produced
coefficients in the same general direction as the original
model, the mean and KNN versions showed small
reductions in magnitude and overall explanatory power.
This suggests that the act of imputation, particularly
when using methods sensitive to data distribution, can
alter not only individual values but the relative influence
of predictors. In engineering contexts, such shifts can
have practical consequences for material selection,
performance prediction, and safety assessment (10).

It is important, however, to consider the limits of
these findings. The missing values introduced here
were MCAR by construction (random deletions from
Su), so conclusions are restricted to MCAR conditions.
In real-world research, missingness is often systematic
(i.e., MAR or MNAR), and combined with nonlinear
relationships among material properties, particularly
in systems influenced by processing conditions or
microstructural variability (11). Under MAR/MNAR
mechanisms, relative imputation performance and
downstream correlation/regression effects may change.
Future studies could expand this work by applying the
same comparison to multiple datasets, testing other
imputation techniques such as multiple imputation or
regression-based estimation, and examining how these
choices affect more advanced models beyond simple
correlations and regressions.

Ultimately, these results suggest that median
imputation offers a balanced and statistically sound
approach when missingness is random and the underlying
relationships in the data are stable. Its simplicity and
resistance to distortion make it a practical choice for
many analytical contexts. While algorithmic methods
like KNN remain valuable, their effectiveness depends
on the consistency and scale of the data.

CONCLUSIONS

Across all three imputation methods tested, the
median approach preserved the statistical structure of the
data most effectively for this dataset under the MCAR
deletion experiment. It produced results that were almost
identical to the original dataset in both correlation and
regression analyses. The mean and KNN methods, while
still functional, introduced slightly greater differences,
indicating a small but measurable loss of accuracy.

The median method performed well because it is
naturally resistant to extreme values and continues to
represent the center of the data without distorting overall
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variability. Since unusually large or small observations
do not strongly affect the median, it remains stable
even when outliers are present. By comparison, mean
imputation can be pulled toward extreme values,
and KNN imputation relies on how consistent the
surrounding predictor variables are, which can introduce
additional uncertainty when those variables vary across
the dataset.

This study also highlights the broader importance of
handling missing data carefully in engineering research.
Even small inaccuracies introduced during imputation
can affect regression coefficients and reduce the reliability
of predictive models. Over time, these distortions can
influence engineering decisions related to material
selection and performance evaluation, directly affecting
safety, structural integrity, and design performance.

Future studies could extend this analysis by using
larger and more diverse datasets and by exploring
additional imputation strategies, such as multiple
imputation and regression-based methods. It would also
be valuable to test how these techniques perform when
data are not missing at random, since real-world datasets
often include systematic gaps. Continued investigation in
this area will help refine data reconstruction methods and
support the development of more reliable, data-driven
approaches to materials design and analysis.
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