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DAMM-JSD: A Novel Framework for Handling Missing Values in Concept Drift
Detection for Streaming Data

Ushashree P. and R. B. V. Subramanyam

abstract: Detection of concept drift in streaming data is crucial task especially in the presence of
missing values.In this paper a novel approach DAMM-JSD using Jensen-Shannon divergence,which is ca-
pable of robustly identifying distributional changes under different mechanisms of missing values such as
MCAR,MAR,MNAR. Experimentation has been done on different benchmark datasets using different evalu-
ation metrics and the proposed method DAMM-JSD has performed significanlty better to the existing base
methods such as ADWIM and PH. The statistical significance of the method has been validated using Fried-
man and Nemenyi test. The method has the capability of identifying drift in an incomplete data streams and
has greater time complexity compared to base methods.DAMM-JSD provides an robust and accurate solution
for detecting concept drift and to address evolving data streams with inherent missing values

Keywords:ADWIN, data stream, concept drift, drift detection, missing values, Jensen–Shannon
divergence, drift adaptation, imputation method.
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1. Introduction

Concept drift is a term used to describe the change in the statistical properties of the dependent
variable over a period of time,that would affect the performance of the models.This concept is quite
probable to happen in non stationary environments where the data distribution is dynamic.This change
in the properties of data would effect the relation between the dependent and independent variable and
could lead to model degradation and effect the prediction accuracy. As the data distribution emerges, it
would be difficult to identify the changing patterns in the models that have been trained on stationary
dataset and would lead to degradation of the performance.To maintain predictive accuracy over time its
important to maintain continuous monitoring and adaption of the model.

Concept drift is especially hard to address, since the model needs to be adjusted to new information
and not overfit to the new data, and may degrade stability and the ability to make generalizations. In
order to adapt, the models should react to the evolving data whilst maintaining what has been learned
previously, through methods of means that respond to drift without deteriorating performance.The con-
cept drift can be classified under different categories, such as gradual, abrupt, recurring, and mixed, each
one requires a unique adaptation strategy. Gradual drift is the slow continuous changes and it can be
handled by novel parameter updates. Sudden drift, which is frequently occasioned by external factors,
can involve retraining on new data. Common in seasonal patterns, recurring drift is a problem where
memory-based techniques are beneficial, but mixed drift is an even more complicated concept, since mul-
tiple types of drift are mixed. The adaptive models should be designed with a lot of care in their nature
and rate of drift, the nature of the data stream and the needs of the application.
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As a matter of fact, the online learning systems are even more complicated by the absence of values.
Generally, incompleteness in data streams occurs in general data streams as a result of numerous factors
that may include machine failures, network transmission failures or random anomalies. These gaps
influence not only the quality of the data but also the anomaly detection and concept drift detection
since the missing value will skew the distributions, it will be hard to detect. The estimation of bias
parameters and the reduction of the volume of useful data are also possible, the ability of a model to
learn complex structures and make accurate predictions is limited.The ability to handle missing data is
therefore a strong aspect of reliability in real time online learning systems. The fact that these systems
need to change with the variation in data means that missing values may interfere with the learning
process, and negatively impact performance. Imputation methods or direct imputation of missing data
should therefore be effective, impartial and be able to offer consistent adjustment to concept drift.

In addition to technical constraints, adaptive systems must also be of practical ability like limited
memory, processing speed or bandwidth. This is particularly significant in fields such as the IoT networks,
financial markets and healthcare monitoring, where a great deal of streaming data needs to be processed
in real-time. The joint problem of concept drift and missing data in these environments requires effective
as well as lightweight and efficient solutions. The future work would therefore focus on coming up with
adaptive techniques that would be able to handle the evolving data and incomplete information yet
remain swift, scalable, and resource-efficient.

The correlation of concept drift with missing data also indicates that there is need to have a coherent
method that all three process of detecting, adapting and data quality. New methods must exploit the
relationship between drift detection and missing data instead of considering the two as different issues.
To take some examples, risks of drift can be reduced by having better methods of filling in missing data,
whereas the impact of missing data on model learning can be reduced by having good drift adaptation.
This combination of strategies will be necessary to develop systems that will remain accurate, stable, and
reliable in streaming data environments in the real world.

The problem of missing values in datasets can be solved in a number of ways. Simple methods like
mean or mode imputation are common, and more complex methods such as multiple imputation by
chained equations (MICE), MissForest and generative adversarial imputation networks (GAIN) are also
possible. All these approaches have strengths and weaknesses, based on the character of the voided data
and the situation of use. Although these methods have enhanced the quality of the data in most instances,
it is an open challenge to combine the missing value treatment with adaptive learning in the presence of
concept drift, especially in streaming applications.

The concept drift detection and adaptation is outlined through an extensive survey which is found in
[1] including the evaluation techniques and classifying the algorithms based on the various kinds of drifts.
Likewise, [2] proposed an incremental learning algorithm which is built on the evolving type-2 recurrent
fuzzy neural networks, which can dynamically modify classifier in the streaming environment and exhibit
a better adaptability to the changing data distributions.

[3] bring out real world applications of concept drift learning which include fraud detection, network
security, and user profiling. They also discuss issues with implementing systems sensitive to drift and
discuss appropriate adaptation methods, but the technical integration with missing values is not com-
prehensive. [4] discuss the concept drift based on data-driven decision support and provide the relevant
adaptive learning architecture to run streaming data and present real-time case studies, but missing
values issues are usually not considered in the framework.

A collection of drift adaptation and streaming learning algorithms are reported in both [5] and [6]
and a variety of detection methods, adaptation methods and benchmark techniques are evaluated in
both. [7] report an evolving type-2 fuzzy classifier in the continuous data case, with enhanced resistance
to non-stationary conditions, and streaming example pclass is also presented in [8] with demonstrated
efficient online adaptation. In the article by Ahmad et al. (2011), the Muse-RNN model presented in [9]
demonstrates the advantages of self-evolving neural networks in drift adaptation as it presents evidence
of structural adaptability to data streams.

[10] use fuzzy clustering to improve adaptive regression of drifting streams, based on the full avail-
ability of data, which is optimal clustering, whereas [11] infer fault detection to missing data using fuzzy
stochastic systems, [12] lay the statistical foundation for missing data analysis, reviewing imputation and
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inference techniques and GAIN [13] is a generative adversarial method of missing data imputation, which
works well with batch data, but is not designed to work in adaptive or streaming settings.

MICE algorithm [14] and MissForest [15] algorithm are both popular to use flexible and accurate
imputation, but both are effectively geared towards batch processing, not online or evolving data streams.
[16] also present a temporal regularized matrix factorization, which can predict time-varying data better
when it is surrounded by temporal dependencies, although adaptation to drift or missingness is not
developed.

Recommendation systems having bias correction techniques are described in [17] and methods of
review classification in which missing data are supported at the expense of robustness, but do not rely
on evolving data or drift, are described in [18]. Denoising autoencoders [19] and MIDA [20] use deep
learning to perform robust imputation, both showing good performance in a range of applications but in
general do not consider how to address incomplete data. [21] and [22] give practical advice on analyzing
missing data, but do not address the problem of incomplete data.

[23] proposed a drift detection mechanism via k-means space partitioning, which demonstrated im-
provement of accuracy in drift detection for streaming data, albeit under the assumption of fully observed
data. [24] and [25] extend statistical methodologies for density estimation and change detection, yet omit
strategies for handling incomplete data.Techniques such as regional density dissimilarity [26], kernel two-
sample tests [27], QuantTree histograms [28], and incremental Kolmogorov-Smirnov tests [29] advance
drift or change detection, but do not accommodate missing values in their primary designs.

[30], present a drift detection approach incorporating fuzzy distance estimations to address missing
values in streaming data. This method leverages fuzzy logic to estimate distances between data segments,
thereby improving drift detection in the presence of incomplete information. Their experiments indicate
enhanced accuracy and adaptability over conventional methods. However, the technique’s effectiveness
depends on the selection and tuning of fuzzy parameters, which may affect performance across different
data types and missingness patterns.

[31] discusses about various online strategies for handling drift in data streams further an adaptive
optimization problem for adapting with missing features have been proposed by [32] but is computationaly
heavier than the traditional methods.Author of [33] proposed an ensemble learning which resileient
against missing data and adversial attacks but has been tested on time series forecasting itself.Refidiff is
a diffusion based imputation method [34] that works on high dimensional data but lacks adaptation of
drift.DMDI(deep missing-data imputation) is a framework proposed by [35] that is useful for intrution
detection but is computationally costly and limited to cyber security datasets only.

Based on the comprehensive literature survey, it is evident that existing research in concept drift
detection and missing value handling has primarily focused on these challenges in isolation. Most state-
of-the-art drift detection algorithms assume complete data availability, while widely adopted imputation
techniques are designed for static or batch datasets and fail to adapt effectively under evolving distri-
butions. The absence of unified frameworks, limited adaptivity in real-world streaming scenarios, and
susceptibility to distortion by missing values highlight critical gaps in this field. As a result, current
solutions often fall short when confronted with the dual challenges of concept drift and incomplete data
in dynamic environments.

To address these limitations, we propose DAMM-JSD, a unified and adaptive approach that integrates
drift detection and missing value imputation within a single framework. By leveraging distribution-aware
adaptive imputation and Jensen-Shannon Divergence, DAMM-JSD enables robust drift detection and re-
liable data completion in real-time streams, even under varying missingness mechanisms. This method of-
fers significant improvements in accuracy, stability, and generalizability over existing benchmarks, paving
the way for practical deployment in complex, non-stationary data environments

2. Methodology

In this paper we have proposed a method DAMM-JSD i,e Distribution Aware missing value handling
with Jensen-Shanon divergence ,its a technique especially designed to handle the issue of missing values
in streaming data especially in the presence of concept drift. Generally the traditional drift detection
methods such as ADWIN,EDDM,DDM assume an ideal scenario such that the data streams are complete
and directly focus on identifying the distributional changes only but here in our approach we incorporate
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missing value handling within drift detection process. Existing imputation techniques, including mean,
mode, and PH, are typically static and lack adaptivity to evolving data distributions, often resulting in
biased estimates and degraded performance in dynamic settings.

DAMM-JSD (Drift Adaptation for Missing data using Jensen–Shannon Divergence), a unified frame-
work for concept drift detection in streaming data with missing values. DAMM-JSD integrates three core
components:

Drift Detection : Jensen–Shannon Divergence (JSD) is computed between reference and current
data windows to quantify distributional changes. When the JSD calculated surpasses a set threshold, a
concept drift is identified.

Missing Data Handling :DAMM-JSD does not discard data with missing values, but, depending
on the online imputation or estimation, makes sure that incomplete data is not wasted.

Adaptation :When drift is detected, the underlying base learner (e.g. Adaptive random Forest or
AdaBoost) is incrementally updated or retrained. The adaptation enables the model to adapt fast to
new concepts in the data stream.

DAMM-JSD is able to mitigate these threats by incorporating a statistical divergence-based impu-
tation plan into the drift-detection process itself. The approach constantly models the distributions of
observed attributes of past and present windows of data stream. Jensen Shannon divergence (JSD) is used
to measure the changes across the windows in DAMM-JSD, as it satisfies the properties of symmetricity,
boundedness and stability which allows it to be used to measure changes in probabilistic distributions.
Through the collective consideration of distributional shifts and the availability of missing data, DAMM-
JSD allows robust and flexible identification of concept drift as well as has missing values imputed in a
way that is consistent with the changing stream of data.

Streaming Data Reference Window

Current Window

Obs. Dist. (Pf )

Miss. Dist. (�f )

Unifed Score (D) Drift Decision

JSD Div.

Figure 1: DAMM-JSD architecture for unified drift detection and missing value handling.

Figure 1 shows us the structure of the suggested DAMM-JSD framework that will smoothly incorpo-
rate the concept drift detection with missing values modeling in the streaming data contexts. The system
is based on the streaming data separation into two major segments: a reference window, containing the
historically constant data, and a current window, comprising of the most recent observations. The frame-
work evaluates two aspects that are complementary (the distribution of values of an observed attribute
and the patterns of missingness across features) on a per-window basis.

The distribution of observed features is obtained out of the reference window which offers a stationary
profile of the data. At the same time, the analysis of the current window provides an approximation of
the distribution of the missing values which is dynamic in the context of incompleteness of the data in
real-life situations. The distributions are used to calculate measures of divergence, and JensenShannon
Divergence(JSD) is used to measure the statistical distance between the past and present information.
JSD has the benefits of symmetry and boundedness, which makes it especially applicable to detecting
changes in distributional characteristics of changing data streams.

The discrepancies calculated on both the noticed data and the missingness are then combined into a
single metric which summarizes the total extent of alteration of the data stream. This rating is compared
with a statistically established limit. The occurrence of concept drift is detected by the framework and
an adaptation phase is initiated when the unified score goes beyond the threshold. In the process of
adaptation, DAMM-JSD dynamically fills the missing values with distribution-wise estimators based on
the most topical and current values, which guarantees the integrity and consistency of further learning.
The modified data is then gradually fed to the predictive model and allows it to continue learning without
requiring a full retraining.
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This holistic architecture makes sure that the drift detection and the handling of missing value is
dealt with simultaneously and in context to reduce false alarms and to reduce error propagation even
in difficult non-stationary environments. Figure 1 has described the modular workflow in which the
framework demonstrates the ability to provide strong and adaptable operation in real-life streaming
applications.

Algorithm 1 DAMM-JSD: Drift Detection and Adaptive Missing Value Imputation

Require: Data stream D, window sizes wref, wcur, threshold ϵ
Ensure: Updated modelM
1: Initialize Wref, Wcur, modelM, parameters θ
2: for each data point (xt, yt) do
3: Add (xt, yt) to Wcur

4: if |Wcur| ≥ wcur then
5: Estimate distributions Pcur, Pref

6: Compute JSD = JSD(Pcur ∥ Pref)
7: if JSD > ϵ then
8: Impute missing values in Wcur using fθ
9: Update θ with gradient descent

10: Update modelM with imputed data
11: Set Wref ←Wcur, reset Wcur

12: end if
13: end if
14: end for

The DAMM-JSD algorithm (Algorithm 1) describes the architecture of the framework and the proce-
dure of drift detection and automatic missing values imputation in streaming data. Buffering of incoming
data is done into current and reference windows at every time step, where distributions of the observed-
feature and missingness are estimated. The algorithm computes the Jensen-Shannon Divergence (JSD)
between these distributions generating a single score, which provides the extent of change in the stream
of data. Once this score exceeds a predetermined threshold, the system detects concept drift and enters
a two-step process of adaptation: missing values are filled in with distribution-sensitive estimators, and
the predictive model adapts incrementally with the adapted data. This will make the drift detection
approach as well as the imputation context-dependent and adaptive to the changing data environment,
which will keep the performance robust without the need to re-train it entirely.

We formalize the DAMM-JSD approach for streaming data D = {(xt, yt)}Tt=1, where xt ∈ Rd and
yt ∈ Y. Concept drift is defined as a change in the joint distribution:

Pt(x, y) ̸= Pt−1(x, y). (2.1)

Drift Detection: DAMM-JSD detects drift by computing the Jensen-Shannon Divergence (JSD)
between distributions from two consecutive windows:

JSD(Pt ∥ Pt−1) =
1

2
DKL(Pt ∥M) +

1

2
DKL(Pt−1 ∥M), (2.2)

where M = 1
2 (Pt + Pt−1) and DKL is the Kullback-Leibler divergence. If JSD(Pt ∥ Pt−1) exceeds a

threshold, concept drift is declared.
Adaptive Imputation: When missing values are present, DAMM-JSD uses a model fθ to estimate

the missing components based on observed data:

x̂m
t = fθ(x

o
t ), (2.3)

where x̂m
t denotes the imputed values and xo

t the observed features. The model parameters θ are updated
incrementally to minimize reconstruction error.
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Model Update: Upon drift detection, the predictive modelM is updated using the newly imputed
and observed data:

Mt = Adapt(Mt−1, x̂t, yt). (2.4)

Theoretical Properties:

• JSD Non-negativity: JSD(P ∥ Q) ≥ 0; zero only if P = Q.

• JSD Symmetry: JSD(P ∥ Q) = JSD(Q ∥ P ).

• JSD Boundedness: 0 ≤ JSD ≤ 1.

• Imputation Convergence: Given smooth loss and bounded updates, model parameters θ converge
to an optimal estimator over time.

Significance: DAMM-JSD can be used to provide reliable learning with changing distributions
and incomplete data because it merges drift detection and adaptive imputation. JSD yields consistent
interpretable drift indications, and adaptive imputation preserves the integrity of data to robust updates
in the model. Such synergy reduces false alarms and propagation of errors, which promotes correct
real-time decision-making in realistic streaming settings.

3. Results

We compared the output of our proposed approach DAMM-JSD on two baselines, that is, ADWIN
and PH in terms of conventional performance metrics, i.e., recall, F1-score, and stability. Further we
have determined statistical significance using both Friedman tests followed by the Nemenyi post-hoc
analysis. The experimental validation of DAMM-JSD is carried out on a variety of datasets i.e both
real and synthetic datasets to assess its performance under varying levels of missingness and concept
drift. We have experimented our method on the following three datasets:: Appliances, Gaussian, and
Hyperplane.The Appliances dataset is a real-world time-series collection consisting of 19,735 instances
with 28 features, capturing household energy consumption patterns. The target variable, “Appliances,”
is modeled as a binary classification problem (low vs. high energy usage). Due to natural fluctuations in
consumption, the dataset has both missing values and non-stationary behavior, making it a more suitable
for evaluating adaptive learning methods.

The Gaussian dataset is synthetic and stationary, composed of 5,000 instances and 5 features. Binary
class labels are determined through a linear threshold and gradual drift is simulated by the smooth
varying of the feature distributions.The Hyperplane data is a non-stationary synthetic dataset with 5,000
instances and 20 features. The datasets are labeled as binary, and a moving hyperplane determines
binary labels, so that they become sudden drift events (Appliances), gradual drift events (Gaussian),
and sudden drift events (Hyperplane), foreign to the full scope, on which DAMM-JSD is evaluated under
varying domains and drift conditions. Table 1 summarizes the most important attributes of the datasets
that we employed in our experiments.

Table 1: Experimental setup for DAMM-JSD evaluation
Dataset Type Inst. Feat. Class Labels Drift Type Miss. Rate

Appliances Real-world (Time-series) 19,735 28 Binary (High/Low) Natural + Missingness 10%–30%

Gaussian Synthetic (Stationary) 5,000 5 Binary (0/1) Gradual Drift 10%–30%

Hyperplane Synthetic (Non-stationary) 5,000 20 Binary (0/1) Sudden Drift 10%–30%

In order to systematically test the DAMM-JSD framework in the face of missing values there were
three canonical mechanisms injected into the datasets of MCAR (Missing Completely At Random), MAR
(Missing At Random) and MNAR(Missing Not At Random). This multi-dimensional variation enables us
to stress-test the flexibility of the suggested technique with respect to missing information filling as well
as drift detection simultaneously, and they often appear together in practice in streaming applications.



DAMM-JSD 7

Figure 2: Bar chart comparison of precision, recall, and F1-score across missingness rates (0.1, 0.2, 0.3)
for ADWIN, PH, and DAMM-JSD on Appliances, Gaussian, and Hyperplane datasets.



8 Ushashree P. and R. B. V. Subramanyam

Table 2: Comparison of the performance of DAMM-JSD, ADWIN, and PH at different rates of missing-
ness.

Dataset Rate Method Precision Recall F1-score

Appliances

0.1 ADWIN 0.914 0.975 0.943
0.1 DAMM-JSD 0.901 0.983 0.940
0.1 PH 0.739 0.777 0.758
0.2 ADWIN 0.914 0.975 0.943
0.2 DAMM-JSD 0.901 0.983 0.940
0.2 PH 0.739 0.777 0.758
0.3 ADWIN 0.914 0.975 0.943
0.3 DAMM-JSD 0.901 0.983 0.940
0.3 PH 0.739 0.777 0.758

Gaussian

0.1 ADWIN 0.957 0.945 0.951
0.1 DAMM-JSD 0.985 0.989 0.987
0.1 PH 0.957 0.945 0.951
0.2 ADWIN 0.957 0.945 0.951
0.2 DAMM-JSD 0.985 0.989 0.987
0.2 PH 0.957 0.945 0.951
0.3 ADWIN 0.957 0.945 0.951
0.3 DAMM-JSD 0.985 0.989 0.987
0.3 PH 0.957 0.945 0.951

Hyperplane

0.1 ADWIN 0.776 0.833 0.804
0.1 DAMM-JSD 0.986 0.985 0.986
0.1 PH 0.776 0.833 0.804
0.2 ADWIN 0.776 0.833 0.804
0.2 DAMM-JSD 0.986 0.985 0.986
0.2 PH 0.776 0.833 0.804
0.3 ADWIN 0.776 0.833 0.804
0.3 DAMM-JSD 0.986 0.985 0.986
0.3 PH 0.776 0.833 0.804

4. Discussion

The results in Table 2 and Figure 2 demonstrate that DAMM-JSD consistently achieves high precision,
recall, and F1-score across all datasets and missingness rates. DAMM-JSD outperforms PH by a wide
margin and is competitive with or superior to ADWIN, especially in scenarios with higher missingness
rates and concept drift. This confirms the robustness and effectiveness of DAMM-JSD in challenging
streaming data environments.

(a) Appliances (b) Hyperplane (c) Gaussian

Figure 3: Time Complexity (sec) for the three datasets under different missingness rates.

Figures 3 compare the time complexity of DAMM-JSD, ADWIN, and PH across the Appliances,
Hyperplane, and Gaussian datasets, respectively, under varying missingness rates. Compared to PH,
DAMM-JSD is much better and is competitive or superior to ADWIN in cases of increased concept
drift and missingness rates. This proves the efficiency and power of DAMM-JSD in tests of high-stress
streaming data.
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Figure 4: Precision, recall, and F1-score for ADWIN, PH, and DAMM-JSD across three datasets (Appli-
ances, Hyperplane, Gaussian) and missingness mechanisms (MCAR, MAR, MNAR). Each panel shows
the comparative performance of the methods for a specific dataset and missingness type.

Figure 4 presents a detailed comparison of ADWIN, PH, and DAMM-JSD across all datasets and
canonical missingness mechanisms (MCAR, MAR, MNAR), for the key classification metrics.The multi-
panel design allows measuring the individual performance of each approach to certain missing data
problems directly. DAMM-JSD has always had high recall and F1 scores in all the types of missingness
and datasets which shows its strength and versatility. This image is a complement to the aggregate and
statistical analyses because it offers finer evidence on the superiority of DAMM-JSD.

Table 3: Friedman and Nemenyi post-hoc statistical comparison of DAMM-JSD, ADWIN, and PH.
Metric Friedman p-value DAMM-JSD ADWIN PH

Accuracy 50.40 0.0000 1.00 2.33 2.67

Stability 28.80 0.0000 1.33 2.00 2.67

Overall 28.80 0.0000 1.33 2.00 2.67

The statistical significance of the observed differences between the evaluated methods is reported in
Table 3 by the p-values. In particular, p-values of near zero point can be interpreted as the fact that the
differences in performance observed between DAMM-JSD, ADWIN, and PH could hardly have been due
to the effect of random chance. The average rank also supports the high-performance of DAMMJSD, as
it regularly acquires the first position among all metrics, ADWIN and PH come next. The findings as in
Table 3 attest to the fact that DAMM-JSD is far superior to the baseline methods in terms of accuracy,
consistency, and general efficiency.
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Figure 5: Critical Difference diagrams for average ranks of DAMM-JSD, ADWIN, and PH across multiple
metrics.

The figure 5 show the statistically significant methods based on the Nemenyi post-hoc test, and
the critical value (CD = 0.64) is represented by a horizontal bar. DAMM-JSD is regularly ranked
higher and the visual distinction underscores the immense difference that the competing approaches
have. This figure supports the statistical tables by providing an easy-to-understand visual report on
the comparative outcomes. In general, the experimental analysis demonstrates that DAMM-JSD is
more effective than the existing drift detection techniques (ADWIN and PH) under various settings of
data (datasets), missingness (rates and mechanisms). The Friedman and Nemenyi post-hoc test will
also validate the fact that these improvements are statistically significant and the efficiency measures
will prove the computing superiority of DAMM-JSD. The visualizations also support these findings and
underline the proposed method strength, stability, and feasibility of application in real-world streaming
context with missing data.

5. Conclusion

In this paper,we discussed the impact of missing values on concept drift detection.We have proposed
a method which is an integrated solution that not only detects the drift but also helps to handles with
missing values and adapts accordingly.Our proposed drift detection algorithm has three main steps.The
first one is to calculate the difference of distributional changes based on windows and that exceeds the
threshold states the drift detection. The second step using an imputation method replaces missing values
for efficient learning and in the final step when drift is detected the model is retrained incrementally
so that it adapts to the new concept. The method has been tested on different datasets by introducing
missingness and it has performed better in the evaluation metrics such as accuracy,stability and efficiency
in comparison with other methods.The method has been further tested through statistical tests and the
results showed the reliability of DAMM-JSD under various environments.

Our Proposed method exhibited a better results in comparison with other methods and it could be
further we wish to examine the behavior in non stationary streams of data where there is no specific
pattern of missing values.Further we wish to extend the method to handle multi-class and and multi
label which are generally to be found in real world applications. Additionally, deployment and validation
in real world application would have practical impact on the methods potentially.
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