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Abstract—Polymer research critically depends on high-quality
datasets to understand material properties, develop new ma-
terials, and optimize existing ones. However, these datasets
are increasingly vulnerable to data integrity threats such as
accidental deletions, system failures, and cyber attacks, leading
to significant data loss and corruption. Traditional data recovery
methods, including mean and median imputation, often fail
to accurately restore missing data due to their inability to
capture complex data relationships. While machine learning
techniques like autoencoders offer improved recovery by learning
intricate data patterns, their effectiveness in polymer research
data remains largely unvalidated. In this paper, we propose an
autoencoder-based data recovery approach that utilizes random
masks to guide the recovery process. This method is specifically
tailored to the complexities of polymer datasets, aiming to achieve
higher accuracy and robustness in data recovery. We evaluated
the proposed approach using cloud point temperature datasets
for binary polymer solutions. The evaluation results demonstrate
it outperforms conventional imputation methods, effectively mit-
igating the consequence of data loss and compromised data
integrity.

I. INTRODUCTION

Polymer research relies heavily on comprehensive datasets
that provide detailed information about various polymer prop-
erties, including molecular weight distribution, thermal stabil-
ity, mechanical strength, and chemical resistance [1]. These
datasets are critical for scientists to understand the behavior
of polymers under different conditions, develop new materials
with tailored properties, and optimize existing polymers for
various industrial applications [2]. During the synthesis and
testing phases, data is meticulously collected to capture a
broad spectrum of parameters that influence polymer char-
acteristics. High-quality datasets allow researchers to build
predictive models, facilitate the discovery of novel materials,
and improve the overall efficiency of polymer development [3].

However, the integrity and security of polymer datasets are
increasingly threatened by multiple factors, posing significant
risks to the reliability and validity of research outcomes. Data
integrity threats can arise from a range of incidents, including
accidental data deletion, hardware or software failures, and,
more alarmingly, targeted cyber-attacks [4]. These threats
can lead to substantial data loss or corruption, resulting in
incomplete or misleading datasets. The consequences of such
integrity breaches are severe, potentially causing delays in
research, increased costs due to the need for repeated exper-
iments, and the dissemination of incorrect scientific conclu-

sions, which could misguide future research and applications.
Moreover, unauthorized modifications or data breaches can
compromise proprietary information, leading to competitive
disadvantages and potential intellectual property theft [5].

To mitigate these risks, various data recovery methods have
been developed over the years. Conventional approaches, such
as mean imputation, median imputation, are commonly em-
ployed to handle missing data by substituting missing values
with statistical averages or the most frequent occurrences. Al-
though these methods are easy to implement, they often fail to
account for the underlying feature relationships, consequently
leading to biased or inaccurate imputations. More advanced
techniques, including Machine Learning and Deep Learning
based approaches such as autoencoders [6], Recurrent Neural
Network (RNN) [7], and diffusion models [8], have been
proposed to overcome these limitations. For example, [7]
introduced a Dynamic Layered-Recurrent Neural Network
approach for recovering missing data in the Internet of Med-
ical Things applications, offering effectiveness and efficiency.
However, these techniques still face challenges, for example,
sometimes failing to generalize well to new, unseen datasets.
Additionally, the effectiveness of the aforementioned methods
has not yet been thoroughly validated within the specific
context of polymer research data. Polymer datasets often
exhibit unique patterns and complexities that these methods
may not adequately address, leading to potential inaccuracies
in data recovery and limitations in their applicability to this
specialized domain.

In this paper, we propose a novel autoencoder-based data
recovery approach specifically designed to address the chal-
lenges of missing data in polymer research datasets [9]. Our
method incorporates manually crafted masks that guide the
autoencoder in identifying and recovering missing data points,
enhancing its ability to handle datasets with varying levels
of data loss. As a proof of concept, our approach is applied
in recovering missing data related to cloud point temperature
studies of binary polymer solutions [10]. The performance
of our method is evaluated against conventional imputation
techniques and other advanced approaches using multiple
publicly available datasets. The results demonstrate that our
proposed approach significantly outperforms existing ones in
terms of data recovery accuracy and robustness, significantly
minimizing the impact of data loss and enhancing the integrity
of the recovered datasets.
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The rest of this paper is organized as follows. Section II
describes the related work on data recovery methods. Sec-
tion Il formulates the problem of missing data in polymer
research. Section IV presents the proposed autoencoder-based
data recovery approach, including the design of the masking
process and the training process. Section V presents the
experiment settings and the experiment results. Section VI
concludes the paper with a summary of our findings and future
work.

II. RELATED WORK
A. Traditional and Statistical Imputation Methods

Data recovery and imputation have long been studied across
various scientific fields, where missing data can critically
affect research outcomes. Traditional methods, such as mean,
median, and mode imputation, are popular due to their simplic-
ity and ease of implementation [11]-[13]. These approaches
replace missing values with statistical estimates from the
observed data, assuming that such replacements will not sig-
nificantly alter the data distribution. However, this assumption
often does not hold, especially in fields like polymer research,
where data relationships are highly nonlinear and feature-
dependent. For instance, mean imputation, which assumes
randomness in missing values, can lead to biased results and
fail to capture complex dependencies within the data.

Statistical techniques, such as Multiple Imputation by
Chained Equations (MICE) and Expectation-Maximization
(EM), have also been developed to improve upon these sim-
plistic approaches [14], [15]. These methods enhance impu-
tation accuracy but can be limited by the complexity and
high computational costs. However, they still face significant
limitations, for example, when applied to large-scale datasets
with complex interdependencies.

B. Artifical Intelligence based Approaches

Recent advancements in Machine Learning algorithms and
Deep Learning models have been offering new ways to handle
complex, high-dimensional data [6], [8]. Models such as au-
toencoders, Recurrent Neural Networks (RNNs), and diffusion
models have demonstrated notable improvements in data re-
covery. Specifically, autoencoders are particularly effective at
learning compressed representations of data and reconstructing
it, which helps in capturing and restoring intricate patterns and
feature relationships. RNNs are capable of managing sequen-
tial or time-series data by leveraging their ability to model
temporal dependencies and sequential structures. Diffusion
models have emerged as powerful tools for data generation and
imputation by modeling complex data distributions through
advanced generative processes. These methods enhance the
accuracy and efficiency of data recovery, offering significant
advantages over traditional techniques. For example, the au-
thors in [6] proposed a siamese autoencoder-based approach
for imputation to address the issue of missing data imputation.
This method incorporates a deep autoencoder architecture,
a custom loss function, and a triplet mining strategy, and
it outperformed existing methods across 14 heterogeneous

healthcare datasets. The authors in [8] introduced a diffusion
model based algorithm for tabular data imputation, which uses
a conditioning attention mechanism and an encoder-decoder
transformer as the denoising network. Their model showed
improvements in learning efficiency, statistical similarity, and
privacy risk mitigation, particularly excelling in handling miss-
ing data imputation and synthetic data generation. However,
these adaptations have not been thoroughly validated in the
context of polymer research.

III. PROBLEM STATEMENT

Let D = {=z;;} denote a dataset where each entry x;;
represents a specific measurement or property of the polymer.
Due to incidents such as accidental deletions, system failures,
or malicious cyber-attacks, certain entries in D may be lost or
corrupted. With such an assumption, we denote M = {m,;}
to be a binary mask matrix of the same dimension as D, where:

1
mij = 0

The goal of this research is to recover the missing or corrupted
data entries {x;; : m;; = 0} in the dataset D. Formally, we
aim to find an imputed dataset D that minimizes the recon-
struction error between the observed data and the imputed data.
This can be expressed as the following optimization problem:

mjnﬁ(D,fD,M) = Zmiﬂ(%‘j,l‘%j), (D
D >

if x;; is observed,

if ;; is missing or corrupted.

where ¢ represents the loss function, e.g., mean squared error,
that quantifies the difference between the observed data x;;
and the imputed data 25; for all (¢, j) such that m;; = 1.

IV. METHODOLOGY

In this section, we describe the proposed autoencoder-based
data recovery approach based on a remasking technique [9].
The proposed approach is designed to address the challenges
posed by incomplete or corrupted data entries, ensuring high
accuracy in data recovery while preserving the integrity and
structure of the original polymer research dataset. Specifically,
an autoencoder architecture combined with a masking strategy
to is employed to improve the reconstruction of missing values
in tabular datasets. The core idea is to train the autoencoder
not only to reconstruct naturally missing values but also to
generalize across different patterns of missingness by dynam-
ically masking observed data during the training phase. This
strategy forces the model to learn a more generalized and
robust representation of the underlying data distribution.

A. Transformer based Encoder and Decoder

In specific, the autoencoder in the proposed approach con-
sists of an encoder and a decoder, where the encoder, denoted
as fp, encodes the input data into latent representations, and
the decoder, denoted as dg, reconstructs the input data from
the latent space. On top of the standard autoencoder setting
up, the approach applies a dynamic re-masking strategy during
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training phase to enhance the recovery robustness. The detailed
descriptions of these components are given as follows.

Let x; = [z1,29,...,21] to be the feature vector rep-
resenting a row of data instance that contains values of L
features, the encoder processes the input feature set x; to
generate a latent representation z;, expressed as z; = fy(X;).
This process involves passing x; through multiple Transformer
blocks, where each block applies the multi-head self-attention
mechanism along with a subsequent feed-forward network.
The self-attention mechanism enables the model to focus
on various segments of the input sequence to capture the
relationships between features [16]. The output of each Trans-
former block is then fed into the next block, gradually refining
the latent representation z,. The decoder takes this latent
representation z; and also employs a sequence of Transformer
blocks to construct x; to mimic the original feature vector x;,
given by x; = dy(z;).

B. Dynamic Re-Masking in Batch Learning

To prevent overfitting and improve generalization during the
batch learning phrase, a re-mask matrix M’ € {0, 1}N XL
where IV is number of input data in a batch, will be generated
randomly. Note that we initially have a mask matrix M that
indicates the original masking state of the dataset, i.e., m;; =
1 indicates the observed value, and m;; = 0 indicates the
missing value. During batch learning, for each iteration, there
will be a subset of the observed data extracted from the data
batch, and it will be masked out using M’:

, 1 if the value is to remain unmasked,

m.. =
I 0 if the value is selected to be masked.

In this case, this re-masking process creates two subsets
for each sample, i.e., location matrix of re-masked values
Tremask = {4,7 : my; = 1 A mgj = 0} and location matrix
of unmasked values Zuyymask = {2,7 : my; = 1 A m;j =1}
Ultimately, the autoencoder aims to minimize the reconstruc-
tion error for the re-masked values, and a regularization term is
added to promote the performance of the overall reconstruction
considering both the re-masked values and the unmasked
values. The overall loss funtion is defined as follows.

1 n R
£0.0) =2 2 (o= du)
remask| ;_q J € ZLremask
1 ¢ ;
F AT Z (zij — xij)Q' @
|Iunma5k| =1 j € Lynmask

where A\ is a coefficient that controls the impact of the
regularization term.

C. Imputation of Missing Values

The remasking technique is omitted in the imputation stage.
The encoder processes only the observed data to generate
latent representationsz;. The decoder then reconstructs the
missing or corrupted entries in the original dataset D directly
from these representations. The reconstructed values are sub-
sequently used to fulfill the missing entries, integrating with

the observed values, to complete the original dataset D. The
detailed procedures in the proposed batch learning and the
imputation stages are summarized in Alg. 1.

Algorithm 1 Autoencoder-based missing data imputation with
remasking strategy.

Require: Dataset D with missing values, hyperparameter .
Ensure: Imputed dataset D.
1: Initialization: Initialize 0 in encoder fy(-), ¢ in decoder
dy(-), and compute M in D.

2: procedure FITTING PHASE

3: for each data batch do

4: Generate remask matrix M .

5: Compute location matrix: Ziemask ; Zunmask-

6: Process unmask input batch with Zyymask by en-
coder fy(-) and obtain latent representation.

7: Reconstruct the input batch using decoder dg(-).

8 Compute reconstruction loss £(6, ¢) using Eq. (2).

9: Update encoder and decoder parameters 6, ¢ using
gradient descent algorithm.

10: end for

11: end procedure
12: procedure IMPUTATION PHASE

13: for each sample x; € D do

14: Compute latent representation using fy(+).
15: Reconstruct the values using decoder dy(-).
16: end for

Compose the imputed dataset D using the recon-
structed values and the observed values in D.
17: end procedure

V. EXPERIMENT
A. Datasets

To evaluate our proposed scheme, we utilized a subset of
the liquid-liquid equilibrium data for binary polymer solutions
from the CRC Handbook of Liquid-Liquid Equilibrium Data
of Polymer Solutions [17], which was further preprocessed
as described in [10], [18]. This dataset includes 6,524 cloud
point data points, covering 21 polymers, 61 solvents, and 97
unique polymer-solvent systems. We selected several datasets
that have the largest sizes among all the others to evaluate
our algorithm to avoid loss of generality. We partitioned the
dataset based on ref in the dataset which is shown in Table I.

In specific, we perform data pre-processing by extracting
and reorganizing the original features into eight features,
namely polymer CAS registry number , solvent CAS registry
number, polymer weight-average molecular weight in grams
per mole, polydispersity index, polymer volume fraction, poly-
mer mass fraction, pressure in megapascals, and cloud point
temperature in degrees Celsius. It is worth mentioning that we
have only used complete data instances in the datasets as we
need those original values as the ground truth for performance
evaluation, and the data were then encoded and normalized via
the Min-max approach [19].
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TABLE I

DESCRIPTION OF SELECTED DATASETS.
Notation Size References
Dataset 1 531 doi.org/10.1006/jcht.1999.0607
Dataset 2 497 doi.org/10.1021/ma9517308
Dataset 3 317 doi.org/10.1021/ma00107a011
Dataset 4 264 doi.org/10.1016/S0378-3812(97)00157-X
Dataset 5 252 doi.org/10.1016/j.supflu.2005.08.004

Dataset 6 199 doi.org/10.1063/1.464440
doi.org/10.1002/(SICT)1099-0488
(199703)35:4<631::AID-POLB11>3.0.CO;2-H
doi.org/10.1016/0032-3861(95)91454-F
doi.org/10.1021/ma00015a024

1986KRU in ISBN: 9781420067989

Dataset 7 184

Dataset 8 179
Dataset 9 139
Dataset 10 138

B. Experiment Settings

Our method adopts a Transformer based autoencoder archi-
tecture design, where the encoder includes an embedding layer
that maps the input data into a 16-dimensional embedding
space, with positional embeddings added to retain sequence
information, 4 Transformer blocks, each containing 4 attention
heads. The decoder uses a linear layer to transform the output
of the encoder to the decoder’s input embedding dimension,
followed by 4 Transformer blocks to perform the decoding,
and another linear layer to restore the output to the original
data shape. The model employs a random masking strategy,
where parts of the input data are randomly masked during
training. The A in Eq. (2) has been set to 1 to balance the
impact of the loss computed on both masked and unmasked
elements. Other hyperparameters are set as follows, where
batch size is 256, embedding dimension is 16, training epoch
number is 1000, the initial learning rate is 0.002, and it drops
0.5% for every 50 epochs.

We simulated missing data by setting certain values to NaN.
Specifically, given a NaN ratio, the dataset was randomly
altered by setting features to NaN according to this ratio. After
training, the model’s performance was evaluated by comparing
the predicted values for these NaN entries with their original
values. The simulations and evaluations were carried out on a
workstation featuring an Intel® Core™ i7-14700K processor,
32 GB of RAM, a 4 TB SSD, and an NVIDIA GeForce RTX
4070. The simulation and the development of the proposed
schemes were implemented using PyTorch 2.3.0 and Python
3.11.9.

C. Compared Imputation Methods

To benchmark the performance of our proposed
autoencoder-based data recovery approach, we compared it
against several traditional and advanced imputation methods.
These methods are commonly used in the literature and serve
as a baseline for evaluating the effectiveness of new data
recovery techniques. The imputation methods considered in
this study are as follows:

1) Mean Imputation [11] : This method replaces missing
values with the mean of the observed data for a particular
feature.

2) Median Imputation [12]: This approach substitutes
missing values with the median of the observed data.

3) Frequent Imputation [13]: Also known as mode imputa-
tion, this method fills in missing data with the most frequently
occurring value in a feature.

4) Softlmpute Imputation: Softlmpute uses matrix factor-
ization to impute missing values. It models the data matrix as
a low-rank approximation, iteratively filling in the missing en-
tries based on observed data, making it effective for structured
data scenarios.

5) MICE Imputation [14]: MICE iteratively estimates
missing values by generating multiple possible imputed
datasets. Each iteration uses the previous results as a starting
point, providing a flexible and diverse approach to imputation.

6) EM Imputation [15]: EM algorithm iteratively estimates
missing data and model parameters by maximizing the like-
lihood function. It first computes the expected values for the
missing data and then updates the model parameters based on
these estimates until convergence.

D. Metrics

To evaluate the performance of our data recovery approach,
we employed two key metrics: Root Mean Squared Error and
Wasserstein Distance. These metrics are widely used in data
imputation and recovery studies to assess the accuracy and
robustness of recovery methods.

1) Root Mean Squared Error: The Root Mean Square Error
(RMSE) measures the square root of the average squared dif-
ferences between original and recovered data points, providing
an intuitive metric for recovery accuracy. Lower RMSE values
indicate smaller discrepancies and better performance. It is

calculated as RMSE = [1 Y (g, — yi)ﬂl/z, where n is
the number of data points, ¢; is the recovered value, and y; is
the true value.

2) Wasserstein Distance: The Wasserstein Distance (WD),
also known as Earth Mover’s Distance, quantifies the dis-
similarity between two probability distributions, assessing
the alignment between original and recovered data distribu-
tions [20]. Lower WD values indicate better alignment. It is
expressed as W (p, q) = inf, cri(p,q) E(z,y)~~[l|7 — yl|], where
p and g are the distributions of original and recovered data,
and || — y|| represents the Euclidean distance between points
z and y.

E. Evaluation Results

Table II presents the performance of RMSE and WD across
10 selected datasets under different masking ratios, i.e., 0.15,
0.3, 0.45 and 0.6. Generally speaking, both RMSE and WD
tend to increase as the masking ratio increases within the
several datasets. We can see that the RMSE and WD with
a making ratio of 0.15 are the lowest in most datasets, i.e.,
Dataset 2, Dataset 3, Dataset 5, Dataset 6, Dataset 9, and
Dataset 10. For instance, in Dataset 2, when the masking ratio
is 0.15, the RMSE and WD are 0.126 and 0.031, respectively,
and sightly rise to 0.127 and 0.034. When the masking ratio
is 0.3. When the masking ratio is 0.45, the RMSE and WD
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TABLE II
AVERAGE RMSE AND WD FOR DIFFERENT MASKING RATIOS ACROSS DATASETS

Masking| Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6 Dataset 7 Dataset 8 Dataset 9 | Dataset 10
ratio [RMSE| WD [RMSE| WD |RMSE| WD ([RMSE| WD |[RMSE| WD |[RMSE| WD |RMSE| WD |RMSE| WD |[RMSE| WD |RMSE| WD
0.15 | 0.128 | 0.04 | 0.126 |0.031| 0.115 |0.032| 0.12 [0.033| 0.071 (0.014| 0.104 |0.026| 0.144 [0.036| 0.203 [0.049| 0.149 | 0.04 | 0.047 |0.015
0.3 0.115 |0.039| 0.127 {0.034| 0.124 |0.032| 0.093 |0.022| 0.077 [0.021| 0.11 [0.033| 0.135 {0.034| 0.18 (0.042| 0.149 [0.041| 0.083 |0.029
0.45 | 0.121 [0.037| 0.143 |0.033| 0.123 |0.034| 0.088 [0.027| 0.083 | 0.02 | 0.122 |0.029| 0.149 | 0.04 | 0.226 [0.055| 0.162 |0.054| 0.099 |0.028
0.6 0.168 | 0.05] 0.168 [0.041| 0.156 | 0.04 | 0.122 |0.034| 0.089 [0.035| 0.152 [0.041| 0.143 | 0.04 | 0.249 (0.082| 0.221 [0.071| 0.082 |0.021

Comparison of RMSE across different methods
0.4 Il Proposed
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Fig. 1. Bar chart comparing RMSE values of various data imputation methods across ten different datasets (Dataset 1 to Dataset 10). The x-axis lists the
datasets, while the y-axis shows the RMSE values, which indicate the imputation error for each method. Seven different methods are compared: Proposed,
Mean, Median, Frequent, Softimpute, MICE, and EM, represented by different shades of gray.

increase to 0.143 and 0.033, respectively, and reach the highest
value of 0.168 and 0.041 when the masking ratio is 0.6.
Similarly, in Dataset 9, when the masking ratio is set to 0.15,
the RMSE and WD are 0.149 and 0.04, respectively,,and keeps
increasing with an increasing making ratio, The RMSE and
WD are 0.221 and 0.071 which are the highest when the
masking ratio is 0.6.

Fig. 1 illustrates the RMSE performance of our proposed
method compared to existing methods across 10 datasets. It
is worth mentioning that we decided to choose a masking
ratio of 0.15 Based on the overall performance of the masking
ratio. Besides our proposed method, Mean, Median, Frequent,
Softlmpute, MICE, and EM are developed for comparison.
The missing ratio is set to 0.1. As shown in the figure,
the proposed method generally achieves the lowest RMSE
across most datasets. For instance, in Dataset 3, the proposed
method outperforms the other methods with RMSE values of
0.115, MICE and EM show the higher RMSE which are 0.166
and 0.173. The Mean, Median, and SoftImpute have similar
RMSEs which are 0.269, 0.282, and 0.261, respectively, and
Frequent shows the highest RMSE which is 0.346. In contrast,
methods like Frequent-based imputation and Softlmpute algo-
rithm tend to lead higher RMSE values in several datasets,
particularly in Dataset 1, Dataset 2, and Dataset 8, where the
RMSE values are around 0.4.

Fig. 2 shows the box plots showing the RMSE performance
of our proposed method under different missing ratios, with
the fixed masking ratio of 0.15. In this figure, we can see that
the RMSE values for most datasets show an upward trend
when the missing ratio increases. For example, In Dataset 3,

the RMSE gradually increases from 0.11 at a missing ratio
of 0.1 to 0.18, 0.215, and 0.26 at a missing ratio of 0.2, 0.3,
and 0.4, respectively. In addition, the variability shown in the
figure are vary when using different datasets. For example,
Datasets 2 shows relatively small variability in the RMSE box
plots, especially when the missing ratio is set to 0.1. The
corresponding Minimum, lower quartile, upper quartile, and
Maximum are 0.105, 0.11, 0,125 and 0.13, respectively. When
the missing ratio is 0.4, they rise to 0.22, 0.25, 0.28, and 0.3,
which shows a higher variability. Overall, low missing Ratio
means that there are more known data points, which allows
for obtaining a lower and more stable RMSE. while a higher,
missing ratio leads to increased RMSE and instability due to
the gradual loss of data, indicating an increase in distortion
during the data recovery process and reflecting the impact of
data integrity loss on recovery quality.

VI. CONCLUSION

In conclusion, this study presents a novel approach to
data recovery tailored specifically for the complexities of
polymer research datasets. The proposed method utilizes an
autoencoder-based framework enhanced by manually crafted
masks, which guide the recovery process to achieve higher
accuracy and robustness. Unlike traditional imputation meth-
ods such as mean and median replacement, which fail to
capture the intricate relationships within polymer data, our
approach leverages the power of machine learning to model
these complex patterns effectively. The application of this
technique to cloud point temperature datasets for polymer-
solvent solutions has shown that it significantly outperforms
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Fig. 2. Box plots showing the RMSE across different datasets (Dataset 1 to Dataset 10) for varying missing data ratios. The x-axis represents the Missing
Ratio, which indicates the proportion of data missing in each dataset, ranging from 0.1 to 0.4. The circular data points in each box plot represent outliers that

are observations falling outside the whisker range.

both conventional and existing Al-based recovery methods. By
effectively minimizing data loss and preserving the integrity
of the recovered datasets, our method ensures that critical
information necessary for understanding material properties,
developing new materials, and optimizing existing ones is
retained. This is particularly vital in polymer research, where
data quality directly impacts the reliability of research out-
comes and the development of new technologies. The success
of our approach underscores the potential of machine learning
techniques in advancing data recovery practices in scientific
research, providing a foundation for more accurate and reliable
dataset preservation. Future work will focus on extending
the method to accommodate a broader range of polymer
research datasets and integrating it with dynamic, real-time
data recovery systems.
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