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Abstract

Existing drift detection methods focus on designing sensitive
test statistics. They treat the detection threshold as a fixed hy-
perparameter, set once to balance false alarms and late de-
tections, and applied uniformly across all datasets and over
time. However, maintaining model performance is the key
objective from the perspective of machine learning, and we
observe that model performance is highly sensitive to this
threshold. This observation inspires us to investigate whether
a dynamic threshold could be provably better. In this paper,
we prove that a threshold that adapts over time can outper-
form any single fixed threshold. The main idea of the proof
is that a dynamic strategy, constructed by combining the best
threshold from each individual data segment, is guaranteed to
outperform any single threshold that apply to all segments.
Based on the theorem, we propose a Dynamic Threshold
Determination algorithm. It enhances existing drift detection
frameworks with a novel comparison phase to inform how
the threshold should be adjusted. Extensive experiments on
a wide range of synthetic and real-world datasets, including
both image and tabular data, validate that our approach sub-
stantially enhances the performance of state-of-the-art drift
detectors.

Code — https://github.com/AAIl-DeSI/concept-drift-
RocStone/tree/main/AAAI2026-DTD

Introduction

In many applications, including network intrusion detec-
tion (Park et al. 2018) and solar forecasting (Wojtkiewicz,
Katragadda, and Gottumukkala 2018), data is generated as
a continuous stream whose underlying distribution is non-
stationary and may change over time (Lu et al. 2018a). This
phenomenon is termed as concept drift, which can signifi-
cantly degrade model performance. A user-defined thresh-
old is central to handling this drift. Typically, a hypothesis
test statistic is monitored: when it crosses this threshold, a
drift is signaled. This triggers an adaptation procedure, such
as retraining (Gama et al. 2004; Baena-Garcia et al. 2000),
to update the model for the new concept.

Traditionally, threshold selection has been seen as a trade-
off: a lenient threshold risks delayed detection (leaving the
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Figure 1: A case study on the Airline dataset shows the clas-
sic HDDM-W detector is overly sensitive, raising 36 alarms
for a low 48.64% accuracy. By applying our DTD algorithm,
the enhanced DTDyppM.w detector dynamically adapts its
threshold and trigger only three alarms, significantly boost-
ing mean accuracy to 58.31%.

model mismatched with new data), while a stricter thresh-
old risks frequent false alarms (leading to excessive adaption
and possible drops in accuracy). This view of the threshold is
reflected in the design of many drift detectors (Frias-Blanco
et al. 2014; Bifet and Gavalda 2007).

A recent study shows that by calibrating thresholds for
sensitivity, different statistical tests can achieve similar
model performance, i.e., online prediction accuracy (Liu
et al. 2022). This inspired us to question the conventional
view of the threshold as merely a tool for balancing statisti-
cal trade-offs. Can we achieve better model performance
by dynamically adjusting the threshold?

In this paper, we answer this question affirmatively. We
first prove that simply balancing delayed detection against
false alarms does not guarantee optimal performance under
concept drift. We then prove that no single fixed threshold
can be universally optimal. Finally, we prove that dynamic
threshold can significantly outperform any fixed threshold.

Motivated by these insights, we propose a dynamic
threshold determination algorithm (DTD) to adjust the
threshold in response to the current data, the model’s state,
and the chosen adaptation method. The main idea is that
when a drift is detected, our algorithm runs three models



in parallel for several time steps to test three hypotheses:
that the detection was too late, correctly timed, or a false
alarm. The model with best performance during this compar-
ison directly informs how to adjust the threshold for future
detections. By placing threshold design at the forefront of
drift handling, our work offers a concrete direction for prac-
titioners seeking to bridge the gap between theoretical ideals
and the practical challenges of real-world data streams. As
shown in Figure 1, we provide a case study on the real world
Airline dataset. This case study highlights the effectiveness
of our propose algorithm. By dynamically adjusting the de-
tection threshold, our method reduced 36 drift alarms to just
3, boosting mean accuracy from a low 48.64% to 58.31%.
The contributions of the paper are summarized below.

1. We first prove that the conventional goal of balancing de-
tection tradeoff does not guarantee optimal model perfor-
mance. We argue for shifting the focus from statistical

trade-off to maintaining model performance.

. We prove that no single, fixed threshold can be uni-
versally optimal. Furthermore, we prove that a dynamic
threshold strategy is strictly superior to any static one,
providing a firm theoretical basis for online adaptation.

. Based on these insights, we propose the Dynamic
Threshold Determination (DTD) algorithm. DTD intro-
duces a novel comparison phase after a drift signal, using
the performance of candidate models to intelligently ad-
just the threshold for future use.

. We conduct extensive experiments on a wide range of
synthetic and real-world datasets. The results demon-
strate that our DTD algorithm enhances the performance
of drift detectors in online data stream scenarios.

Related Work

Concept drift detection is typically addressed through two
dominant paradigms: those that analyze the statistical prop-
erties of the data stream, and those that monitor model per-
formance. One family of techniques quantifies dissimilarity
between data samples, for instance, through statistical den-
sity estimation (Song et al. 2007). Histograms are a pop-
ular tool for representing distributions, especially in high-
dimensional feature spaces (Liu et al. 2017), with innova-
tions including the use of hierarchical structures (Boracchi
et al. 2018) and dynamically adjustable binning strategies
(Yonekawa, Saito, and Kurokawa 2022). Alternative parti-
tioning methods like QuadTree (Coelho, Torres, and de Cas-
tro 2023) and K-means clustering (Liu, Lu, and Zhang 2020)
have also been utilized. Some approaches extend beyond di-
rect statistical comparisons by incorporating contextual fac-
tors (Lu et al. 2018b), using context-aware functions like
CoDiTE (Cobb and Van Looveren 2022; Park et al. 2021),
or forecasting future distributions (Li et al. 2022).

The second major paradigm, based on error rates, is of-
ten favored for its computational efficiency. Well-established
detectors such as DDM (Gama et al. 2004), EDDM (Baena-
Garcia et al. 2006), and HDDM (Frias-Blanco et al. 2014)
function by monitoring fluctuations in the model’s error rate.
Refinements to this approach include adaptive window re-
sizing (Bifet and Gavalda 2007) and forgetting mechanisms
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that dynamically weight classifiers (Jiao et al. 2022). More
recent strategies have incorporated Gaussian Mixture Mod-
els or Fourier transform for comparing data windows (Yu,
Lu, and Zhang 2024; Yu et al. 2025), implemented reactive
states that activate upon alarm detection (Tahmasbi et al.
2021), detecting concept drift based on fine-grained error
rate (Lu et al. 2025), monitoring the change of loss value
(Zhou et al. 2024; Zhou and Lu 2025), or setting a threshold
for true positive rate (Yang, Lu, and Yu 2025).

Existing drift detectors often rely on predefined thresholds
or p-values to manage the trade-off between false alarms and
detection speed. We will prove that such fixed settings pre-
vent optimal performance in the next section. Importantly,
we also demonstrate that dynamic thresholds are superior to
static ones. We believe that this is the first study to introduce
a strategy for automatically adjusting thresholds to maxi-
mize a model’s overall effectiveness when data changes.

Methodology
Problem Setup

Let us denote a stream as D, which includes some labeled
samples {(x¢,y:)}{_;. Here, each x; € X is the instance
collected at time ¢, and y; € ) is its corresponding label.
The size of stream 7" may be large or potentially unbounded.
If the stream is collected in chunks, we denote the chunk
collect at time ¢ as Cy = {(z;,v;)|¢ € [1,|Ct|]} where |Cy|
is the size of the chunk. The joint distributions on X x )
is denoted as { P, }1_, , where P, generates (z¢,y;) at time
t. If P; remains identical for all ¢, there is no concept drift.
Otherwise, if there is at least one time step ¢ such that P, #
Py, we claim the concept drift occurs at time ¢+1. We then
consider P, as the old concept and P;; as the new concept.

To detect whether a concept drift occurs at time ¢, we de-
fine a data window ); as

where W is the size of the window and ¢ > W. Drift detec-
tors often split €2; into several sub-windows, compare dis-
tributions, or apply hypothesis tests to detect drift. Let .S,

denote the test statistic computed on §2;, which can be con-
sidered as a function of §;:

St = f(Qt)a

where f(-) is any statistic designed to signal a possible dis-
tribution change (e.g., an error-increase measure).

Drift Alarm. Given a fixed threshold 6 at each time ¢, we
pose a hypothesis test:

Hy : Nodrift at time ¢ vs. Hj : Drift at time ¢.

If S; > 6, we reject null hypothesis and raise a drift detec-

tion alarm at ¢. Different methods define f(-) differently, but
almost all compare a final statistic S; to 6.

False Alarm. A false alarm arises when no actual drift is
present but an alarm is raised. Formally, we define the prob-
ability of an false alarm at ¢ as

Pr[false alarm at t] = Pr(St >0 | P = Pt,l).

In practice, the design of drift detector seeks to keep this
probability low to avoid frequent drift adaption.



Detection Delay. Assume a true concept drift occurs at
time t (i.e., P, # P;_1). The detection delay, denoted by
A(t), is the number of time steps required for the detector to
raise an alarm. Formally, it is the smallest non-negative in-
teger d such that the test statistic Sy 4 exceeds a predefined
threshold 6. A delay of A(t) = 0 indicates an immediate
detection. The probability of a specific delay d is given by:

PI‘[A(t) = d] = Pr(St S 0, .. ~7St+d71 S 97
St+d >0 | Pt#Pt_l).

Any d > 0 constitutes a delayed detection, as the alarm is
raised only after additional data points have been observed.

Perfect Detection. Without loss of generality, we assume
the statistic S; is a measure of dissimilarity and a drift alarm
will be raised when S; > 6. The threshold 6 thus governs the
critical trade-off between detection delay and false alarm.
A lower threshold enhances sensitivity, enabling fast detec-
tion but at the cost of more frequent false alarms. A higher
threshold ensures robustness against false alarms but at the
expense of detection latency for actual drifts. We define a
perfect, idealized detector as one that, for all ¢, simultane-
ously achieves zero false alarms and zero delay. Formally, it
is a detector satisfies

Pr[false alarmat¢t] =0 and Pr[A(t) =0] = 1.

Model Performance Drift adaptation is triggered when a
test statistic S; crosses a threshold. The rule for setting this
threshold is the threshold strategy, denoted by 6. A strategy
can be: 1) A fixed threshold 8 = 0.,,st. 2) A sequence of
thresholds varying over time 8 = {6;}._, . The performance
of a strategy @ on a stream D is its online accuracy, defined
using a 0-1 loss function £(-, -):

T
AB:D) = 2 >0~ (31, 0).

Note that the predictions {g¢; } depend on 6, as it determines
when the model conducts drift adaption. For brevity, we de-
note the performance on a stream D as A(-; D).

Theoretical Analysis

This section establishes the theoretical foundation that moti-
vates the development of dynamic thresholding algorithms.
We present three theorems that formalize the limitations of
conventional fixed-threshold approaches and prove the su-
periority of a dynamic strategy. Due to space constraints, all
proofs are deferred to the Appendix. First, we challenge the
notion that perfect detection is always optimal.

Theorem 1 (Perfect Detection May Not Be Optimal). Per-
fect detection of concept drift may fail to yield optimal model
performance in a streaming setting.

This implies that even a statistically perfect detection,
with zero delay and no false alarms, does not necessarily
maximize model performance. For instance, detecting a very
subtle drift might trigger an unnecessary adaptation, caus-
ing the model to forget valuable prior knowledge and ulti-
mately harming its overall accuracy. This insight suggests

that drift detection should focus more on preserving model
performance rather than just achieving statistical perfection.
Our second theorem challenges the notion that the threshold
should be treated as a predefined, fixed value.

Theorem 2 (No Single Threshold is Universally Optimal).
No single drift-detection threshold guarantees optimal per-
Jformance on every dataset, model, and adaptation method.

These limitations motivate our final theorem, which es-
tablishes the formal superiority of a dynamic approach.

Theorem 3 (Dynamic Thresholds Outperform Stationary
Thresholds). Consider a data stream D. Let © .o, be the
set of all stationary thresholds and ©q4yy, be the set of all
dynamic-threshold strategies. Let A(-; D) be the model per-
formance on a stream D. Then:

A - D) > A(0: D).
s AWGE D)z max A6 D)

This result provides the theoretical justification for de-
signing algorithms that adapt the detection threshold over
time, which is the core contribution of this work.

Dynamic Threshold Determination Algorithm

Our proposed Dynamic Threshold Determination (DTD)
algorithm, detailed in Algorithm 1, adaptively adjusts the
threshold of a concept drift detector. At time step ¢, its core
mechanism will be triggered if the detector’s statistic .S; ex-
ceeds the current threshold 6. Instead of immediately con-
duct drift adaption, DTD initiates three candidate models en-
ter a comparison phase. The threshold is then adjusted based
on the relative performance of these models.

1. Early Drift Model (EDM): This model represents an ag-
gressive strategy, assuming that the drift was detectable
before the current time step t. Consequently, it initiates
adaptation based on the data collected at last time step
t — 1. If EDM performs best among all of the candi-
date models, it suggests the initial detection was delayed.
DTD then sets the threshold to the detector statistic from
the previous time step, € <— S;_1, to enhance sensitivity
for the earlier detection of future drifts.

2. Reactive Drift Model (RDM): This model embodies a
standard strategy and assumes the current sensitivity is
appropriate. If RDM excels, it indicates that the detec-
tion timing and current threshold are appropriate. Ac-
cordingly, 6 remains unchanged.

3. Previous Model (PM): This model holds the assumption
that the drift signal at ¢ is a false alarm. It thus refuse to
conduct drift adaption at time step ¢. If PM demonstrates
superior performance, it implies the system was overly
sensitive and the signal at ¢ was likely a false alarm.
Therefore, DTD increases the threshold to 6 + S; + 7,
where 7 is a small positive constant. This adjustment
aims to prevent similar false signals from triggering drift
detections in the future.

Specifically, the algorithm operates in two primary
phases: a Normal Operation Phase and a Comparison Phase.



Algorithm 1: Dynamic Threshold Determination Algorithm

1: Input: Data Stream D = {C} }; Drift Detector 1); Initial
0p; Initial Model Mj; Leading candidate model M; =
RDM; Prediction model M = Mjy; Threshold 8 = 6j;
List of accuracy A = []; Comparison phase flag I' =
false; Comparison steps k = K; Last model M’ = Mj;
A extreme small constant 7).

2: Output: Avg(A).
3: List of candidate models M = ().
4: List of accuracy of candidate models ¥ = ).
5: List of candidate drift detectors IT = {).
6: for each chunk C; € D do
7. if I' = false then
8: a;, Sy = Evaluate(M, Cy, ¥)
9: if S; > 6 then
10: M, II, ¥ = CreateCandidates(M, M’, Cy, Cy_1,
at, S, Si—1) # See Appendix
11: I' = true; k = K; M; = RDM
12: end if
13: M’ = copy(M);
14: Train(M, Cy) # If continual training
15:  else
16: A = EvalCandidates(M, Cy, IT) # See Appendix
17: k=k—1;a, = A[M]; M; = arg max____[A]
18: if £ = 0 then
19: IT = {EDM : Avg(TI[EDM]), PM : Avg(II[PM)),
RDM : Avg(II[RDM])}
20: M, = arg max, gme[I1]
21: M:M[Ml},w:\lf[Ml}
22: 0 = threshold of W[M;];
23: I = false; M = (); Il = (; M; = RDM;
24: end if
25:  endif
26:  Adda;to A
27: end for

Normal Operation Phase. During this phase, the system

employs a primary predictive model M to process incoming

data chunks CY. For each chunk, M is evaluated, yielding an
accuracy ay, and a detector-specific statistic S; is computed.

If this statistic Sy exceeds the current threshold 6 (or falls

below it, depending on the nature of the detector), a potential

concept drift is signaled. At this time, the system records S,

the statistic from the previous chunk S;_;, and instantiates

three candidate models for the comparison phase.

As detailed in Appendix Algorithm 2, three distinct can-
didate models are instantiated, each representing a different
hypothesis regarding the suspected drift:

1. EDM assumes that the true drift occurred at the preceding
chunk C;_;. It is therefore constructed by adapting the
predictive model at last time step M’ using data Cy_1.

2. RDM is constructed by adapting the prediction model M
using data from the current chunk ¢;.

3. PMis a direct copy of the primary model M, embodying
the hypothesis that the drift signal was a false alarm.

To monitor these models during the comparison phase,
DTD also initializes three corresponding drift detectors. The

24082

threshold for the detector associated with EDM is set to S;_1.
The threshold remains unchanged for RDM. The drift detec-
tor for PM is a copy of the primary drift detector used in the
normal operation phase with the threshold set as Sy + 7.

Comparison Phase. Upon a drift detection at time step ,
DTD initiates the comparison phase to ascertain the nature
of the detected change and to inform the threshold adjust-
ment. This phase spans K subsequent data chunks, during
which the candidate models are evaluated and incrementally
updated using these new chunks if the training strategy is
set as continual learning. The three corresponding drift de-
tectors continuously monitor the performance of respective
candidate models. If a detector signals a drift for its associ-
ated model, that model undergoes adaptation accordingly.

Upon completion of the K-chunk comparison phase,
DTD compares the accumulated performance of the candi-
date models during this period as described in Appendix Al-
gorithm 3. The winning model and its corresponding drift
detector are then selected to become the new primary pre-
dictive model and its associated drift detector for the subse-
quent normal operation phase.

Experiment
Datasets and Baselines

Our experimental evaluation is conducted on a diverse
set of datasets, comprising 3 real-world datasets (airline
(Ikonomovska 2011), elec2 (Harries 1999), powersupply
(Dau et al. 2019)) and 4 synthetic datasets (sine (Gama et al.
2004), mixed (Gama et al. 2004), CIFAR-10-CD (Lu et al.
2025), sea variants (Bifet et al. 2010)). Dataset details are
provided in Appendix.

We establish comprehensive comparisons against 11
baseline methods: 5 classic concept drift detectors and 6
state-of-the-art (SOTA) approaches. The classic detectors in-
clude DDM (Gama et al. 2004), HDDM-A (Frias-Blanco
et al. 2014), HDDM-W (Frias-Blanco et al. 2014), KSWIN
(Raab, Heusinger, and Schleif 2020), and PH (Sebastido and
Fernandes 2017). The SOTA methods are MCDD (Wan,
Liang, and Yoon 2024), AMF (Mourtada, Gaiffas, and Scor-
net 2021), IWE (Jiao et al. 2022), NS (Wang et al. 2021),
ADLTER (Wang et al. 2022), and PUDD (Lu et al. 2025).
The threshold of these methods are set according to their
original papers. The original PUDD paper proposes three
options for the initial threshold. To distinguish between
them, we denote a PUDD detector with an initial threshold
of 10~* as PUDD-z. Specific details of all baselines are de-
scribed in Appendix due to page limit.

For baseline methods that are inherently -classifier-
agnostic, namely DDM, HDDM-A, HDDM-W, KSWIN,
PH, and PUDD, we evaluate our proposed method using dif-
ferent base classifiers to ensure a comprehensive compari-
son. Specifically, our method is configured with a Gaussian
Naive Bayes classifier (GNB) , a Very Fast Decision Tree
(VFDT) (Hulten, Spencer, and Domingos 2001), and a Deep
Neural Network (DNN) as its base learners. We also test all
methods with two different training scenario for compre-
hensive evaluation. In the continual scenario, the classifier



.. KSWIN DDM PH HDDM-A

Dataset Training
Baseline  DTDkswin  Baseline DTDppMm Baseline DTDpy Baseline  DTDygppm-a
Airline continual 50.21+£1.95 57.29+4.44 52.94+0.00 53.60+0.00 49.354+0.00 52.69+0.00 52.80+0.00 52.9840.00
sporadic 48.69+£0.95 53.49+2.36 52.43+0.00 51.78+0.00 49.02+0.00 51.194+0.00 55.62+0.00 52.17+0.00
Elec? continual 67.85+0.24 69.26+0.54 67.75+0.00 71.83+0.00 70.124+0.00 71.284+0.00 67.7340.00 70.1940.00
sporadic  67.59+0.17 68.21+£0.34 67.60+0.00 66.44+0.00 70.04+0.00 70.48+0.00 67.73+0.00 68.23+0.00
PS continual 71.21+£0.13 71.11+£0.22 69.63+0.00 71.88+0.00 70.3640.00 71.8840.00 70.8740.00 72.01+0.00
sporadic 68.57£1.85 70.98+0.35 67.52+0.00 70.74+0.00 68.67+0.00 70.121+0.00 71.244+-0.00 72.09+0.00
SEAO continual 91.03+£0.96 91.66+1.08 94.03+0.56 94.75+0.51 94.354+0.31 94.8440.23 94.2740.36 94.75+0.31
sporadic  89.96+2.35 90.50+2.11 93.49+0.85 94.21+0.66 94.01+0.52 94.60+0.24 93.941+-0.40 94.51+0.29
SEA10 continual 84.20+0.66 85.05+0.99 85.28+0.99 87.08+0.41 87.144+0.18 87.61+0.18 86.84+0.23 87.27+0.28
sporadic 83.18+1.32 84.92+1.62 84.79+1.01 86.35+£0.70 86.56+0.27 87.08+0.28 86.07+£0.62 86.75+0.41
SEA20 continual 76.12+0.60 77.13+0.61 76.24+0.63 77.36+0.77 77.804+0.20 78.184+0.20 77.50+0.27 77.854+0.33
sporadic 74.81£1.00 76.94+0.70 74.88+1.28 76.76+0.75 76.84+0.51 77.61+0.27 76.32+0.59 77.14+0.58
Sine continual 81.73+1.01 82.50+1.24 82.19+1.44 83.53+1.28 83.554+1.36 84.39+1.17 83.09+1.26 83.97+1.25
sporadic 80.84+1.81 82.06+1.40 81.05+3.81 83.59+2.15 83.16+2.23 84.50+1.30 83.284+1.27 83.36+2.63
Mixed continual 83.87+0.11 84.234+0.11 83.80+0.14 84.21+0.11 83.874+0.11 84.23+0.11 83.874+0.11 84.23+0.11
sporadic  83.51+£0.24 83.92+0.20 82.69+2.21 83.82+0.59 83.51+0.24 83.921+0.20 83.52+0.24 83.92+0.20

.. HDDM-W PUDD-1 PUDD-3 PUDD-5

Dataset Training
Baseline DTDpppm.w  Baseline DTDpypp-1 Baseline  DTDpyupp.3 Baseline  DTDpupp.s
Airline continual 48.66+0.00 58.31+0.00 53.57+0.27 53.11+£0.75 53.03+0.29 53.71+0.42 52.164+0.88 51.65+0.12
sporadic  48.62+0.00 49.88+0.00 51.05+0.01 50.66+0.19 49.45+0.43 52.77+0.09 54.37+0.77 53.22+0.54
Elec2 continual 67.73+£0.00 70.11£0.00 70.85+0.52 72.12+0.14 70.85+0.50 72.16+0.20 70.694+0.77 72.24+0.25
sporadic  67.73+£0.00 67.95+£0.00 62.76+£0.78 69.04-+£0.15 59.32+0.75 69.04+0.15 59.44+0.85 69.04+0.15
PS continual 71.06£0.00 71.90+£0.00 71.88+0.76 71.98+0.04 71.59+0.28 71.98+0.04 71.594+0.83 71.80+0.00
sporadic  69.53+0.00 70.04-+£0.00 71.13+0.69 70.65+0.00 71.20+0.49 70.65+0.00 70.40+0.10 70.52+0.00
SEAO continual 91.90+£1.07 92.73+£1.07 94.61+£0.07 94.96+0.29 94.81+0.58 94.97+0.20 94.854+0.76 94.97+0.19
sporadic  91.63+0.97 92.53+1.05 94.25+0.73 94.66+£0.26 94.60+0.56 94.65+0.25 94.62+0.22 94.62+0.28
SEA10 continual 85.78+0.72 86.75+0.60 87.24+0.94 87.67+0.16 87.28+0.13 87.67+0.15 87.184+0.18 87.60+0.19
sporadic  85.31+£0.50 86.68+0.45 86.53+0.07 87.22+0.25 86.61+0.04 87.08+0.32 86.55+0.41 87.01+0.28
SEA20 continual 77.70+£0.23 77.92+0.25 78.08+0.73 78.33+0.19 77.86+0.28 78.32+0.17 77.684+0.85 78.19+0.22
sporadic 76.86+0.33 77.41+0.42 76.89+0.34 77.55+0.36 77.02+0.58 77.48+0.48 76.67+0.78 77.19+0.65
Sine continual 82.46+1.08 83.56+1.35 83.12+0.19 84.30+1.23 83.39+0.35 84.31+1.10 83.43+0.51 84.15+1.05
sporadic 82.61+1.87 84.02+1.40 81.48+0.11 83.61+2.90 83.80+0.16 84.39+1.24 83.38+0.82 84.16+1.18
Mixed continual 83.87+0.11 84.23+0.11 82.99+0.13 83.87+0.46 83.92+0.41 83.99+0.38 84.124+0.60 84.13+0.23
sporadic  83.51+£0.24 83.92+0.20 79.23+0.67 82.49+2.49 83.58+0.19 83.93+0.20 83.96+0.30 83.92+0.20

Table 1: Performance comparison with classic drift detector and PUDD using the GNB classifier. We compare each baseline
against our proposed method DTDggeline. The results are presented as mean accuracy (%) + standard deviation (multiplied by
100 for space efficiency). The best performance in each pair is highlighted in bold. PS is short for powersupply.

learns at every time step. In the sporadic scenario, the clas-
sifier is trained only upon a drift alarm.

For the remaining SOTA methods (MCDD, AMEF, IWE,
NS, ADLTER), which primarily raise adaption without
adaption, we compare them directly against our proposed
ensemble method. Our method is presented as an ensem-
ble version of PUDD, further enhanced with our novel
DTD mechanism, considering that these baselines are also
ensemble-based approaches. More implementation details
are provided in Appendix due to page limit.

Comparison with Baselines and Ablation Studies

We conduct a comprehensive set of experiments to validate
our claims and evaluate the performance of our proposed
Dynamic Threshold Determination (DTD) Algorithm. Our
evaluation is threefold: first, we apply DTD to a wide range
of established drift detectors to demonstrate its general com-
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patibility and effectiveness. Second, we compare a DTD-
enhanced detector against state-of-the-art (SOTA) concept
drift handling methods. Third, we test its applicability on
complex image data streams. The results are summarized in
Table 1, 2, 3, and Figure 2. Other results are provided in
Appendix due to page limit.

Observation 1: DTD generally improves the perfor-
mance of existing drift detectors. Experimental results
demonstrate that DTD significantly enhances the perfor-
mance of existing drift detectors. As shown in Tables 1 and
2, detectors equipped with DTD achieve higher predictive
accuracy in the vast majority of scenarios. For instance, on
the Sine dataset with a DNN classifier (Table 2), DTD boosts
KSWIN’s accuracy from 77.74% to 94.14%. While several
exceptions e.g., PUDD-1 on Airline, show a baseline de-
tector performs slightly better, this typically occurs when a
candidate model’s performance is high by chance during the



.. KSWIN DDM PH HDDM-A

Dataset Training
Baseline  DTDkswin  Baseline DTDppMm Baseline DTDpy Baseline  DTDygppm-a
Airline continual 61.05+£2.22 64.36+0.55 61.49+2.41 65.70+0.29 60.474+2.24 65.65+0.29 61.72+2.15 65.431+0.72
sporadic  60.90+£0.65 61.80+1.38 57.88£1.67 61.07£0.90 60.19+£0.49 61.77+£0.81 59.17+0.79 61.81+0.81
Elec? continual 73.45+1.30 74.17+0.48 73.41+1.20 76.31+0.40 74.154+0.84 75.434+0.56 73.29+1.59 75.77+0.46
sporadic 72.54+1.21 73.40+0.47 72.81+1.32 71.99+£0.54 72.18+0.93 72.86+0.71 72.71+1.42 72.97+0.58
PS continual 70.92+2.03 72.24+0.18 71.34+0.55 72.26+0.16 71.094+1.90 72.2240.25 69.62+2.74 72.234+0.17
sporadic 67.52+2.72 71.99+0.34 65.58+3.74 71.14+0.38 69.07+0.65 70.18+0.26 68.741+3.57 71.83+0.54
SEAO continual 97.96+0.20 98.77+0.10 97.19+0.70 98.73+0.08 97.964+0.28 98.70+0.15 97.98+0.22 98.73+0.11
sporadic 91.12+1.95 92.08+2.53 93.66+3.83 97.73+0.44 97.04+0.44 97.87+0.16 96.78+0.63 97.77+0.18
SEA10 continual 88.18+0.28 89.13+0.09 88.23+0.25 89.06+0.08 87.644+2.17 88.861+0.20 87.70+2.88 88.98+0.16
sporadic  82.80+£1.20 85.12+1.23 85.04+1.28 86.54+0.47 86.79+0.42 87.08+0.25 86.441+0.38 86.79+0.28
SEA20 continual 77.51+£1.47 79.17+0.14 78.03+0.38 79.16+0.17 77.754+1.12 78.934+0.17 77.49+1.56 79.09+0.12
sporadic  74.55+0.77 76.32+0.78 74.47+£1.27 75.54+0.93 76.56+0.65 76.88+0.26 75.861+0.67 76.40+0.43
Sine continual 77.74+9.97 94.14+0.82 87.36+6.07 93.56+1.20 77.034+9.75 93.964+1.02 81.3449.84 94.39+0.67
sporadic 84.67+1.72 87.35+£2.04 82.70+4.13 89.02+5.26 88.64+1.44 91.28+0.97 88.38+1.60 91.32+0.95
Mixed continual 78.72+9.05 88.854+0.15 84.74+1.10 89.97+0.03 82.51+7.07 88.02+0.24 81.424+8.43 89.99+0.03
sporadic  85.26+0.51 86.87+0.11 83.95+2.79 86.07+2.14 85.26+0.57 86.83+0.15 85.441+0.47 86.47+1.58

.. HDDM-W PUDD-1 PUDD-3 PUDD-5

Dataset Training
Baseline DTDpppm.w  Baseline DTDpypp-1 Baseline  DTDpyupp.3 Baseline  DTDpupp.s
Airline continual 60.55+1.65 64.59+0.39 63.31+0.52 62.49+0.31 63.21+0.36 62.601+0.29 63.35+0.50 62.53+0.34
sporadic 61.81+£0.42 62.28+0.39 60.90+0.08 60.73+0.91 60.16+0.57 59.99+1.21 60.19+0.86 59.77+0.89
Elec2 continual 73.33+£1.36 75.30+£0.34 74.92+0.18 76.57+£0.50 74.93+0.90 76.64+0.29 74.924+0.41 76.58+0.34
sporadic  72.82+1.66 73.05+£0.52 69.35+0.19 71.47+0.76 68.98+0.67 71.68+0.69 68.68+0.24 71.54+0.80
PS continual 70.20£3.05 72.19+£0.16 72.25+0.74 72.12+0.17 72.23+0.57 72.14+0.19 72.24+0.10 72.21+0.19
sporadic 68.58+3.42 71.89+0.33 71.47+0.31 71.02+0.79 70.37+£0.92 70.85+0.55 70.20+0.72 70.69+0.70
SEAO continual 97.96+0.21 98.77+0.11 97.94+0.89 98.34+0.17 98.04+0.15 98.35+0.17 98.234+0.03 98.35+0.18
sporadic 92.21+£1.07 93.91+£1.76 94.89+0.37 97.90+0.16 95.99+0.79 97.87+0.31 96.29+0.22 97.92+0.17
SEA10 continual 88.05+0.43 89.11+0.10 87.86+0.85 88.02+0.24 87.80+0.15 88.02+0.24 87.804+0.61 88.04+0.29
sporadic  85.30+0.55 86.39+0.51 85.91+0.26 86.93+0.39 86.02+0.20 87.01+0.31 86.24+0.07 86.89+0.37
SEA20 continual 77.50+£1.58 79.14+0.11 77.50+0.57 77.45+0.38 77.33+0.06 77.384+0.31 77.384+0.30 77.36+0.34
sporadic  76.85+0.34 76.73+0.37 76.00+£0.79 76.72+0.30 76.35+0.17 76.64+0.40 76.38+0.28 76.49+0.38
Sine continual 87.56+7.46 94.19+0.74 86.19+0.88 93.02+1.07 85.12+0.82 93.261+0.91 82.514+0.48 93.23+0.92
sporadic 87.07+2.44 88.57+2.70 83.39+0.34 90.63+1.79 84.97+0.17 91.36+0.97 85.09+0.15 91.33+0.96
Mixed continual 80.95+8.86 89.98+0.02 77.39+0.92 88.79+0.13 80.05+0.70 88.79+0.12 82.814+0.02 88.79+0.12
sporadic 85.21+0.48 86.92+0.16 82.65+0.04 86.34+1.64 84.65+0.02 86.92+0.18 84.90+0.39 86.92+0.18

Table 2: Performance comparison with classic drift detector and PUDD using the DNN classifier. We compare each baseline
against our proposed method DTDggeline. The results are presented as mean accuracy (%) + standard deviation (multiplied by
100 for space efficiency). The best performance in each pair is highlighted in bold. PS is short for powersupply.

brief comparison phase. Nevertheless, the evidence strongly
indicates that our method is more robust and effective on
average than relying on a fixed threshold.

Observation 2: The benefits of dynamic thresholding are
more significant in complex scenarios. A closer analy-
sis of the results reveals a notable trend regarding the per-
formance of DTD. The gains are often more significant
when it is paired with complex models. While DTD pro-
vides benefits with simpler models like GNB and Hoeffding
Trees, the improvements are particularly pronounced with
the DNN classifier, as shown in Table 2. On the Mixed
and Sine datasets, DTD provides a substantial accuracy im-
provement to nearly every detector. This suggests that the
limitations of a static threshold become more evident as
data and model complexity increase, making an adaptive
approach like DTD more critical. The experiment results
on hallenging CIFAR10-CD image dataset (Figure 2) also
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support our observation. It reinforces our argument that a
dynamic, performance-aware thresholding mechanism is es-
sential for handling complex data streams.

Observation 3: DTD is highly competitive with state-
of-the-art methods. To evaluate its competitiveness, we
compare our best configuration, DTDpypp, against several
SOTA methods in Table 3. Our approach achieves the high-
est accuracy on all datasets, and consistently outperforms all
rivals on the most cases, underscoring its robustness. Note
the result on Sine dataset is provided in Appendix due to
page limit. However, no single method dominates across
all scenarios. For instance, ADLTER performs best on Air-
line, while a baseline PUDD-3 excels on PowerSupply and
Sine. This observation reinforces our central thesis: no sin-
gle configuration is universally optimal. Nevertheless, the
Wilcoxon-Holm analysis in Figure 4 shows DTDpypp out-
performs all SOTA competitors.



Method Airline Elec2 Mixed PS SEA(0 SEA10
AMF 38.56 66.24 49.49 69.63 93.67 83.70
IWE 38.02 6890 49.47 64.10 93.14 84.73
NS 6791 7642 81.09 7239 93.54 84.39
ADLTER  70.00 76.10 87.63 7248 93.40 85.89
MCD-DD  63.65 69.81 86.68 71.66 97.66 87.22
PUDD-1 63.78 77.28 89.51 72.68 98.47 87.72
PUDD-3 64.62 76.77 89.47 72.79 98.44 87.67
PUDD-5 64.45 76.92 89.37 7274 98.49 87.74
DTDpupp.; 65.59 77.30 89.92 72.33 98.70 88.88
DTDpupps 65.59 77.16 89.92 72.34 98.71 88.88
DTDpupps 65.62 77.30 89.98 72.33 98.71 88.88

Table 3: Test accuracy (%) comparison of DTD VS SOTA
methods on real-world and synthetic datasets. The best
method is in bold. PS is short for powersupply. Results on
Sine and SEA20 datasets are provided in the Appendix.

HDDM-A[ @ m+139%
DDM [} W +1.80%
HDDM-W ° | +1.17% e Baseline
KSWIN » -0.04% B DTDgaseiine
PH ° B +0.63%
PUDD-1 ® m+1.32%
PUDD-3 ° m +0.89%
PUDD-5 ® & +0.86%
755 760 765 770 775 780 785 790 795

Prediction Accuracy (%)

Figure 2: Comparison of accuracy on CIFAR10-CD dataset.

Observation 4: DTD is robust to its comparison phase
duration, K. To assess DTD’s sensitivity to its main hy-
perparameter K, we performed a dedicated ablation study.
As DTD is a threshold adaptation algorithm, it must be
paired with a base detector to monitor for drift. For this
analysis, we therefore selected the combination where DTD
proved most effective: the PUDD detector with an initial
threshold of 102 and a DNN classifier. The only excep-
tion was the CIFAR10-CD dataset, for which a ResNet-18
classifier was used. This configuration was evaluated across
9 diverse datasets. The results in Figure 3 reveal remark-
able stability for K values in the range of [1,10]. On most
datasets, like powersupply, accuracy remains nearly con-
stant around 72.1%, showing the choice of K has a negli-
gible impact. Even on complex datasets such as mixed and
CIFAR10-CD, performance variation is minimal, with accu-
racy on mixed fluctuating only between 88.7% and 89.2%.
This result shows our method is insensitive to the choice of
K. A small default value (e.g., K = 3) thus provides a re-
liable and efficient configuration. This experiment validates
the stability of our threshold adaptation mechanism.

Conclusion

This paper argues that conventional static thresholds for con-
cept drift detection are suboptimal because they fail to maxi-
mize overall model performance. We theoretically prove that
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Figure 3: Ablation study of the DTDpypp algorithm’s hyper-
parameter K, which indicates the length of comparison
phase. Lines indicate the mean accuracy for each dataset,
while shaded regions show the standard deviation calculated
from multiple trials. PS is short for the powersupply dataset.
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Figure 4: The critical difference diagram shows statistically
significant superiority of DTDpypp over SOTA methods.

no single threshold is universally optimal and that dynamic
strategies are inherently superior. We demonstrate this by
constructing a superior dynamic strategy from a sequence of
locally optimal thresholds and proving that no single, static
threshold can match its overall performance. To address this,
we propose a Dynamic Threshold Determination Algorithm
(DTD), which dynamically adjusts the detection threshold
by empirically evaluating the performance of different on-
line adaptation strategies. Our extensive experiments con-
firm that DTD consistently improves a wide range of exist-
ing detectors. Our DTD-enhanced detectors are highly com-
petitive with SOTA methods. Our future work will focus
on two main objectives. First, we will try to include the
threshold threshold in a loss function to build an end-to-
end framework for dynamic threshold determination. Sec-
ond, we plan to extend our algorithm to determine when
to fine-tune large pre-trained language models. This would
bring a cost-effective strategy that preserves model perfor-
mance by avoiding unnecessary retraining.
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