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Abstract: Learning from real-time data has been increasingly considered over the past decade. The change in data
distribution in online learning, known as concept drift, reduces the accuracy of learning models and makes them
ineffective in future predictions. This research aims to design and develop a novel ensemble incremental decision tree
algorithm that is capable of detecting concept drift and automatically adapting to changes in data distribution. To achieve
this goal, a new architecture of ensemble incremental decision tree is presented that uses an adaptive probabilistic
sampling strategy to continuously monitor the pattern of data changes and automatically and in real time performs
structural updates in the decision tree. Unlike traditional methods that respond reactively to changes, this approach has
an active monitoring mechanism that enables early detection of concept drift by tracking changes in the model error
function. In this way, the proposed model is able to maintain high accuracy even in streaming data scenarios with irregular
changes. Extensive experiments were conducted on the dataset and the results show that the proposed method performs
better than existing methods in several evaluation criteria including accuracy, recall, and precision.
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Extended Abstract

1- Introduction

The rise of real-time data streams in various domains such
as finance, healthcare, cybersecurity, and e-commerce has
emphasized the importance of adaptive machine learning
models. Traditional models, which rely on stationary data
distributions, are often inadequate in these settings due to
concept drift — a phenomenon where the statistical
properties of the target variable change over time. This
drift can be sudden, gradual, recurring, or incremental and
severely impacts the predictive performance of static
models. Existing methods often rely on reactive strategies
that adapt only after detecting a significant loss in
performance, which may not be optimal in high-speed or
highly dynamic data environments.To address these
challenges, this paper proposes a novel ensemble-based
incremental decision tree architecture designed for both
concept drift detection and real-time adaptation. The
model enhances traditional Hoeffding Trees by integrating
multithreaded learning, adaptive sampling, and active drift
monitoring. It aims to maintain high accuracy and
robustness while processing data streams with evolving
patterns and limited storage capacity.

2- Methodology

The proposed algorithm is structured into five integrated
phases, aiming to provide accurate, adaptive, and efficient
learning in streaming environments. In the first phase,
multithreaded learning is implemented using an ensemble
of incremental Hoeffding Trees (HTs), where each thread
processes data independently to achieve low-latency
updates. The second phase focuses on managing leaf nodes
and their counters, which track feature-value-label
statistics. These counters enable real-time decision-
making, and structural updates are triggered when
localized error deviations are detected.The third phase
introduces ensemble consensus and adaptive probabilistic
sampling. Final predictions are obtained through majority
voting across trees, with each tree trained on different data
subsets selected via a dynamic sampling strategy. This
promotes diversity among models and enhances
generalization. The fourth phase incorporates a hybrid
concept drift adaptation mechanism, combining proactive
monitoring of error trends with reactive structural
adjustments. Subtrees exhibiting performance degradation
are retrained or replaced automatically to restore
accuracy.The fifth phase implements a sliding sample
buffer that stores recent data points for efficient reuse. This

buffer allows rapid retraining of affected submodels when
drift occurs, improving recovery speed without
overloading memory resources. Altogether, the five-phase
methodology offers a robust, scalable framework capable
of maintaining high predictive performance and real-time
adaptability in dynamic data stream environments.

3- Results and discussion

The proposed ensemble-based incremental decision tree
model was evaluated on widely used benchmark data
stream datasets, including SEA, Hyperplane, Electricity,
and CovType. These datasets cover various types of
concept drift scenarios such as sudden, gradual, and
recurring drifts. The model consistently outperformed
baseline methods like HAT, FIMT-DD, and ARF-Reg
across key metrics including classification accuracy,
precision, recall, and drift adaptation latency. The results
showed that the proposed approach maintains high
predictive performance even as data distributions evolve
over time. The multithreaded implementation contributed
significantly to runtime efficiency, reducing sample
processing time by 30-50% compared to single-threaded
models. Adaptive probabilistic sampling improved data
diversity within the ensemble, enhancing generalization
and robustness. Ensemble majority voting also proved
effective in mitigating the impact of noise and irrelevant
features, delivering stable predictions under challenging
stream conditions. Another key advantage was the sample
buffer mechanism, which facilitated quick retraining of
underperforming trees without requiring full model resets.
This enabled faster recovery from concept drift and
maintained model responsiveness in  real-time
applications. Overall, the results confirm that the
integration of parallel learning, adaptive sampling, and
drift-aware model updates provides a scalable and resilient
solution for data stream classification in dynamic
environments

4- Conclusion

This paper proposed an adaptive, ensemble-based
incremental decision tree model for effective concept drift
detection and adaptation in data streams. The integration
of multithreaded learning, adaptive sampling, and buffer-
driven retraining led to improved accuracy, fast response
to drift, and efficient resource usage. The model proved
suitable for real-time, evolving environments such as fraud
detection and sensor networks. Future extensions may
explore hybrid models and broader data types.
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Algorithm 1: Phase 1 - Low Latency Multithreaded Consensus
Learning

Input:
DataStream: Input data stream
Hoeffding Trees: List of incremental Hoeffding Trees
Number of Threads: N

Output:

Final Prediction: Consensus prediction
Initialize N worker threads

For each worker thread i from 1 to N do:
Create a sample buffer ;
End For
while DataStream is not empty do:
For each worker thread i from 1 to N do:
Read next data sample Data; from DataStream
Add Data; to sample buffer ;
End For
End while
For each Hoeffding Tree Learner; in Hoeffding Trees do:
Train Learner j asynchronously on sample buffer ;
End For
Wait for all threads to finish training

Initialize Predictions array Predictions ; for each Learner ;

For each Learner j in Hoeffding Trees do:
Predictions ; = Predict(Learner ; , Data; ) for each Data; in
on sample buffer ;

End For
FinalPrediction = CombinePredictions (Predictions ; ,
Predictions , . Predictions 1)

Output  FinalPrediction

End Algorith
@l 9y ) 3 (gl oS Al (V) Sl

Lo ylais g LS Y 56 -¥-F

5,509) )3 o jled 9 oS o oSl (62 Slle @y cal> e ol o
55 Bl b mailop oo lisy 00ls bz (5250l sl 955 a5y
b slosled aes F5e 585 5 w5 Jae 50k & (bt
S (e D)3 p | (o)
0<j <L oS gl> doczpy JS ol : L
0<i <N o] 045 Sis S olows:N
0<k <V, ] ;045 (Son Sy polia JS slows 7
Ss Mok g Shol ez o a bae o)l o
090 K ke (53 LT (S g5y amlre o] Ban ol o>
109 ol 25 ©ypet Wi oo (nl igomy ssb & Eenl] oz
counter(j.i.k) = Z(x” =k) W)
i S Xij 5 9e5e s |y gangez X Slae dxy o
25 = k) Dle anse olis ool aegare 1) ez sl
ok Jaie i Sig o] 1o & WS e deslins |, Laslas ) S sl
L J5 clio 5)led porie wdleay 0,5 o0 Jai 3 1) J sz

3 Single instruction, multiple data
4RAM

Sope a4 OlF oo 1y Snadle oS U onl ganaib Glly

2,5 ok 25

P(X — u| = €) < 2e72¢"n ®)

sl (5 5l IS (o diged (Sle X Jlool P S
) Kepbla 1,5 € U yuly sinainbs sl + D) pely (Silee
Ol el S dcgazma 5 40 lrdiged Slawi M (S sS Cudin Hlude
S oadosnlin glas &35 b Jliol b aS sas oo lis sl 00
i) cpl 5o el Q] g gl liwe 4 oy e s 00,8
Iy Slwlors 4y jo a5 ol dcgazs yy ) i 03051 s adgl Bun
Sl 5 o e |y 5235 555 JUo e 5 ey o B>
@l) slasbs, 5l Ko vpdse oneel M L (lyisar L
Jolo labsl g Wil co JBlam |y Kiyaile o) 57 a8 ol Sl
Slowonad b el S50 B ojlailay ol dcgasme ) a5 0 o
25 gt 22b 8 5l lre (nl0gd madi 9550 50 coge (5l

e o e

4R?In(2/6
|S| = max (#1) @

(Gl gamanb gl +.0) WIS oYzl oogaze R a5 l>
21y 8l gl e Jliol a5 cul Gliebl gl 8wl
1295 S 5l 980, (al WS (o0 (et Spdle edgue
(S 4 Egeze ;0 a5 WS e Colex HT Lioliél slagoiail
55 5] S 5 e ) oo ealin ol o S oo S s
5 s iy Jols ddape il @S Sl
SalS g Sllee olg ol Gua el T oluS 5 g HT (g5lwesls
S Gue el Siuien B (Il L Lbas ey ailie B
5O M degerme SG szl bl Sl el L oS il
aladl> > iy 5l ailglsi 0,805, ol el gam 5, 512550 5]
3SIMD  Jls sl Ll 5 WS o ool age (UBS) " olek
o, e laaxly o (ABaz leools wxly  Josdljgiws)
S oo oolatul saxie soaijle y slaaiis | g WS co (5,00 0 50
slees o gilusslse jo G55 wals Bl bl a5 Jl> s
30 O9> g0 slo ol ‘W‘i“’oﬁf Gomdib sladcgaro g 6)"5&*‘““’
opl S o (2BsS S50 sols slapl > 38 slasls sl 5
Jol> Glawedsl loy adidls o )55k 5L conl ooy >l cdoay
b S ol ol Gee S L adyl gymb cE 0 05 S g S
bug 0,85 S o oKl S o 00,08 L1 saijloy asly (25
0,5 S Jols LT 5l 15 las S g oo Suwlss jo 0aisls
T ol aladlo 4y oy SOl il 8,09, cpl S o Sb5L Sl
Wil oo JiSlas a1y 15 aladls sl oolaiwl 5 wile ) oo JBlas> a4 |y
Sl o oole HLas (V) S o eolpiion by, V3B 0SSl «

! Binary classification
2 Cache

- \f~fauﬁu-@,aa,u,.'sf,,,wJufmsuu,uma‘u,mwwui%\".



OSed g )093l [ ololid glp Jiadign 9 (pgh (295wl S

Algorithm2: Phase 2 - Leaves and Counters

Input:

L: Total number of labels

N Total number of attributes

Vo : Total number of possible attribute values
Output:

Leaf Counters: Counters for each label, attribute,
and attribute value

Total Attribute Counts: Total counts of attributes for
each label

Initialize Leaf Counters and Total Attribute Counts arrays

For each label j from 0 to L-1 do:
For each attribute i from 0 to N-1 do:
For cach attribute value k from 0 to Vo-1 do:
Leaf Counters [j][i][k]=0  // Initialize counters to
Zero

For each label j from 0 to L-1 do:
For each attribute i from 0 to N-1 do:
For each data sample D in the dataset do:
If D.Lable[i] =] then:
Total Attribute Counts [j] [i] +=1

For each attribute value K from 0 to Vo-1 do:
If D.attributes [i] ==k then:

Leaf Counters [j] [i] [k] +=1
End Algorithm
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Algorithm 3: Phase 3- Incremental Regression Tree Weighted
Majority Vote System
Input: Initialize all weights wi=1 .
Output: A final predictive decision.
For each round:

Given a set of predictions w,,W ,,...,w , by experts.

Calculate a new prediction P; using multiple incremental
regression trees (1.w).
Update the history of predictions.

Penalize each mistake made by an expert as follows:
w; < (1—¢)w
End
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Algorithm 4: Multiple Incremental Regression Tree (i , W )
Input: i is the index of a committee member, /¥ is a committee of
members.

Output: A probability for the confidence weight of the i -th
member.

1. For each prediction of the committee with data p :
Compute the Mahalanobis distance D, from pto the
center C, of the data distribution using the following
equation:
D, =\(p-CY X' (p-C)
Where, D.

i

is the Mahalanobis distance for member i ,
pis the data point for which the distance is being
calculated,C, is the center of the data distribution for

member i , X' isthe inverse of the covariance matrix for

i

member i .

Calculate the inverse Mahalanobis distance /4, for member
i:
h; =1/D,
2. Compute the posterior distribution of the weight p[R |4,] for

member i . This can be done using a probability distribution function
appropriate for your specific application.
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3 Mahalanobis distance
4 Covariance

@ e porie cglozl slml anl ) medes p odle al> e
) 2 eSS Gl b o,Shg, S oo (Byme |y (S0 05,5 0 g0
(&S Niged Slagby; bawgi o 0yl ladiged goiie slracsaze
Jolos glasl Jolds £555 cnl o155 503 09,5 295 ;5 g9 olml 5
Oy ek g Ly Djgon &5 Conl plate a5, LS
B Oge 55 slacs ) J925 Sl 0 o Sy oelul 2 (3l
PR A5 WS o (e 09,5 )0 boalS gl £935 Wigd oo Ao
sob 4 a0 e &l (60 84y pastie slo cu i 0uS guaa b
Seste @ e (Soite glrosiSganall iz oS Jyene
Slesniin Goleez slr dshie Gisy o 0gde S50 Shas
ol ol (JSS o enles 5 sl LT g 351 5o 5l 09,8 (slise!
glozl bl 2 2ld ol )T 55 &5 el Sl S 500 s S
@ g slags parass b b 0,80, (Jlainll ol ey S
Olyear |y plaS 58 9 39,00 51,9 095 53 35400 (slooassS uiailo
1, cust s, S potde (| S oo B 50 e 0y Sy
303 e 1, 5 55055 (5 S e A1 383 58 S
Ll g, Ll ks las 1y (559 2 ST di) bl [Fe],18
WS (Byme Sy apSl xSl sl oRIB Gl |,
22 0l 50 a5 WS e i o ]y atey 09,8 S Lo by, cnl (Jlinll
USis i LIS dos 51 L3 ails (gl)ls o9, slael 5l 5,
G0 b oS waz e S5 oS 3gbie iy (loy o g8
29l Godbe ol 4y gy oot aislid 99290 slac! (gl B a5 LIS
g e &5 wil L cul s ab sl gl)] s
ol b beossS gaisadls a5 Sloy U o9l o s job slo dmion
ol 4 Gy Glp S gz 1) (S ek wax adl ) (LS
1 39 20T Ty waz 0,805, o Lol slogyliw 5 g55e
JSie b o5 job o s3lein (29,5 Sho) S oo Sl
S Rl w8 05,5 )0 eanSganail 25145 Gloy 3w £9,0
3 iy 4 dS ¥ ¥ oSl oS e ablie witiis o> WIS
S oo S ]y 6, g, (nl 05 At il sal il 7 5 0 S
ROERURE ST BRI IR WS EUONC S
asgorms 3| adlate ;o 50 03l Akl ayjsi 950 5 (Sales] slaaiged
ashis Hlen jo islejlools aladi S (ST 0iS oo colainl Lol ools
4,5 L 50 bl eaud b jeel soiiS gadinds lgieas ool (slasd ;|
A5 50 300 393 sla i ) S Glsebl &5 S9h
Aol (pyes b odihie @ | i (s onaib sl
Lo solpinn by, w0 g0 plais! aosl ools alads U junsiVlals
L gl degazme Tl lssS 5 Sl glam ple 033 L
solsdegazms S 0,53 3 gasllS 45 sms e ialidl |, Sl
A5 Gg RelS &5 wiS (o0 Joe (55 Slyeds € Sl ool
Ot ol yo gzl 4 (pliws 2 ¥ 56 S 5b 4 S (o

! Cascade
2 Cold start

55 = \f~fauﬁu-@,aa,u,.'sf,,,wJufmsuu,uma‘u,mwwui%\".



OSed g )093l [ ololid glp iadign 9 (pgh (295wl S

Algorithm 5: Phase 4- Multi-threaded Ensemble Learning
Input:

N: Number of threads

Ensemble: List of L learners

DataStream: Input data stream
Output:

Final Prediction: Ensemble prediction
Initialize N worker threads
For each worker thread 1 from 1to N do:
Create a sample buffer ;

End For
while DataStream is not empty do:

For each worker thread i from 1 to N do:
Read next data sample Datai from DataStream
Add Data i to samble Buffer i
End For
End while
For each Learner ; from 1 to L do:
Train Learner; asynchronously on samble Buffer i
Loss = Calculate Loss (Learner ; , samble Buffer ) // Loss
calculation
End For
Wait for all threads to finish training
Initialize Predictions array ~ Predictions j for each Learner

i

For each Learner; from1to L do:
Predictions j = Predict ( Learner ;, Data i)

FinalPrediction = CombinePredictions (Predictions | , Predictions 5 .
_Predictions )

Output FinalPrediction
End For
End Algorithm
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Algorithm 6: Phase 5- Sample Buffer Design

Input:
Number of worker threads: N
Maximum number of samples in the buffer: #
samples
Worker thread ID: ID
Output:

Sample buffer operations for each worker

Initialize Head to 0
Initialize LastProcessed [ID]to0 to 0

while true do:
if (Head-Tail ) <# samples then:
Read next data sample Data i from DataStream
Add Data i to Ring Buffer at position Head
Head ++
if (Head - LastProcessed [ID] ) >=BatchSize then:

Process Batch of Data from LastProcessed [ID] to Head

Update LastProcessed [ID] to head
Perform Random HT Inference on the Batch
Reset Learner on Drift Detection

if Drift Detected then:
Reset Learner and Update LastProcessed
accordingly
End Algorithm

[ID]
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