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Abstract

Missing and incomplete values pose a significant challenge
in analyzing tabular and time-series data. Dealing with miss-
ing values is time-consuming and tedious, especially when
working with data from real-world applications. While some
imputation approaches estimate missing values based on ex-
isting observations, these methods often rely on strong as-
sumptions about the data distribution, which only sometimes
improves downstream accuracy. Although tabular imputation
methods can be applied to time-series data, incorporating the
time component can enhance accuracy. This study evaluates
various techniques for missing data imputation in time-series
data. We run experiments on four multi-variate time series
datasets using five imputation methods. We report training
time and testing accuracy.

Introduction and Background

The problem of missing values in datasets is a concern in
many domains where tabular and time-series data plays an
essential role. Such areas include survey sampling, finance,
signal processing, etc. In today’s world, where complex in-
terconnected systems like sensor networks or Internet of
Things devices prevail, faulty sensors and network failures
are common occurrences that disrupt the data acquisition
process. Fortunately, these types of failures tend to be sparse
and confined to individual sensors, rather than compromis-
ing the entire network at once.

Numerous studies have attempted to identify good solu-
tions to recover missing values. In the past, feature impu-
tation as well as label prediction techniques were tackled
using popular statistical methods such as interpolation and
auto-regressive models. However, these methods have sev-
eral limitations, including relying heavily on assumptions
about the data, being inflexible when handling categorical
and continuous data, and lacking generalized approaches
that could handle unseen data. Additionally, statistical meth-
ods are not capable of leveraging relational information such
as the spatial and temporal components of time-series data,
which could potentially result in more accurate and depend-
able predictions in the downstream tasks.

Recently, several deep learning approaches to solve the
problem also came into the picture which disregarded tem-
poral information present in the data and implemented
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simplistic neural network architectures, which were origi-
nally developed for sequence processing, to solve the miss-
ing value problem in MTSA. Approaches such as Auto-
encoders or Generative Adversarial Network (GANs), on
the other hand, attempts to learn the comprehensive distribu-
tion of multivariate time-series data which is eventually used
to determine the missing values. While generating flexible
solutions they lack in comprehensive application of other
observations and use specific initial default values which,
eventually, causes biased assumptions. Representing the tab-
ular data and time-series data as a graph makes the problem
more understandable and predictable by the application of
Graph Neural Networks (GNNs) [6]. GNNs helped to take
the temporal as well as spatial components of the data into
account while predicting the missing values and also ensures
beneficial utilization of neighboring observations.

The choice of the most suitable method depends on fac-
tors such as the amount of missing data, the complexity of
the data, and the intended downstream analysis.

In this work we are studying missing data imputation
techniques and comparing them based on different accu-
racy measurement metrics. In order to perform realistic ex-
periments we are simulating four types of missing values.
These values are generated as binary masks and applied to
non-missing datasets. After the values are recovered, the ac-
curacy in terms of mean absolute error (MAE), root mean
square error (RMSE), and Mean squared error (MSE) are
calculated and reported.

1. Missing at Random (MAR), Missing values are only de-
pendent on observed values

2. Missing Completely at Random (MCAR), the missing

values are independent of other values in the data-set

3. Missing Not at Random (MNAR), missing values de-

pend on observed values as well as unobserved values.

4. Blackouts, in this certain period of time has no observa-

tions or measurements, resulting in a ’gap” in the time
series.

In addition to the type of missing data, we also consider the
system configuration on which we conduct the experiments
to assess the effectiveness and accuracy of the imputation
methods under various conditions.



Methods
MICE

As a baseline model, the study uses Multivariate Imputation
by Chained Equation (MICE) [5], a widely used imputation
algorithm which performs multiple imputation by the appli-
cation of chained equations.

GRIN

GRIN stands for Graph Recurrent Imputation Network
which is a neural network model that leverages the abili-
ties of Recurrent Neural Network, Graph Neural Network,
and Graph Representation Learning [3] to impute missing
values in multivariate time series dataset.

CSDI

Conditional Score based Diffusion Model (CSDI) [4] is a
probabilistic imputation method which by application of
conditional score-based diffusion model learns the condi-
tional distribution in the time-series. The imputation proce-
dure starts by filling all the missing values in the time-series
by random noise. And then reverse process of conditional
diffusion model de-noises the time-series which generates
a plausible complete time-series. It leverages an attention
mechanism which can capture the temporal and feature de-
pendencies of the data-set.

SAITS

Self-attention based imputation for time series [2], proposed
a joint-optimization approach to perform the task of miss-
ing data imputation in multivariate time series datasets. The
joint-optimization approach divides the imputation process
into Masked Imputation task and Observed Reconstruction
Task, and the associated training loss is summation of im-
putation loss and reconstruction loss. To experiment this
method we use PyPOTS, a toolbox designed for missing
data imputation using different methods such as SAITS and
BRITS.

SSSD

Diffusion-based Time Series Imputation with Structured
State Space Model (SSSD) [1] is employed to model the
temporal dependencies among variables, and a filtering al-
gorithm is used to estimate unknown values by combin-
ing the observed data with predicted values from the pre-
vious time step. This method stresses specifically on differ-
ent types of missing values, as mentioned in the introduction
section, to extend the applicability of the method in different
scenarios.

Datasets

To perform benchmark comparisons between the above-
mentioned imputation methods, we run the experiments on
four public real-world datasets from different domains:

1. PhysioNet 2012 Mortality Prediction Challenge: Con-
tains 12000 multivariate clinical time series samples and
was collected from patients in ICU(Intensive Care Unit).

2. Beijing Multi-site Air-Quality (AQI): Data is collected
between March 1, 2013 - February 28, 2017 (48 Months)
from 12 different locations in Beijing and contains 11
continuous time-series variables of hourly pollutants data.

3. Smart grids (CER-E; Commission for Energy Regu-
lation, 2016): A dataset of 485 time-series observations,
each comprising samples taken at 30-minute intervals, by
subsetting data from smart meters used to monitor energy
consumption by small and medium-sized businesses.

4. PeMS-BAY : This is a traffic-related dataset collected
by the Performance Measurement System (PeMS) of the
California Transportation Agency. The dataset consists of
6 months of data dating from January 1st 2017 to May
31th 2017, collected from 325 sensors in the Bay area.

Conclusion

In this experiment, we empirically investigate the weak-
nesses and strengths that affect the accuracy and efficiency
of imputation algorithms. Changing the type of missing data
results in significant changes in the training and testing ac-
curacy of the algorithm. While an algorithm may produce
very low mean absolute error (MAE) when applied to a
dataset with a certain type of missing data, it may exhibit
higher MAE when the same dataset contains a different type
of missing data. Although, this study contributes to the iden-
tification of potential weaknesses and deficiencies in the al-
gorithm and may potentially recommend modifications that
can improve its accuracy, further experiments are needed to
provide more comprehensive insights to recommend best al-
gorithm being experimented and to suggest reliable methods
to improve their accuracy. Our study establishes a ground-
work for future research focused on creating more resilient
and precise imputation algorithms for time-series data.
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