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Abstract
The Internet of Things generates massive data streams, with
edge computing emerging as a key enabler for online IoT ap-
plications and 5G networks. Edge solutions facilitate real-
time machine learning inference, but also require continu-
ous adaptation to concept drifts. While extensions of the
Very Fast Decision Tree (VFDT) remain state-of-the-art for
tabular stream mining, their unregulated growth limit effi-
ciency, particularly in ensemble settings where post-pruning
at the individual tree level is seldom applied. This paper
presents DFDT, a novel memory-constrained algorithm for
online learning. DFDT employs activity-aware pre-pruning,
dynamically adjusting splitting criteria based on leaf node
activity: low-activity nodes are deactivated to conserve re-
sources, moderately active nodes split under stricter condi-
tions, and highly active nodes leverage a skipping mechanism
for accelerated growth. Additionally, adaptive grace periods
and tie thresholds allow DFDT to modulate splitting deci-
sions based on observed data variability, enhancing the accu-
racy–memory–runtime trade-off while minimizing the need
for hyperparameter tuning. An ablation study reveals three
DFDT variants suited to different resource profiles. Fully
compatible with existing ensemble frameworks, DFDT pro-
vides a drop-in alternative to standard VFDT-based learners.

Introduction
The Internet of Things (IoT) connects a vast network
of physical devices, generating massive, high-speed data
streams (Gaber et al. 2014). To extract valuable in-
sights from this ever-growing stream, the edge computing
paradigm has emerged as a key enabler for low-latency IoT
applications and 5G networks, bridging the gap between
cloud services and end-users (Lourenço et al. 2025b). How-
ever, benefiting from edge solutions not only implies bring-
ing machine learning models for real-time inference, but
also continuous updates to adapt to the evolving nature of
unbounded streams. Unlike batch learning, where all train-
ing data is available upfront, data streams arrive incremen-
tally (Gama et al. 2010; Lourenço et al. 2025a). Thus, mak-
ing models susceptible to becoming outdated, especially due
to concept drifts, i.e., changes in data distribution over time.

To circumvent these challenges, many stream mining al-
gorithms have been proposed, with extensions of the Very
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Fast Decision Tree (VFDT) (Domingos and Hulten 2000)
being the state-of-the-art for tabular data sources. Their
success can be attributed to approximation-based splitting,
with incrementally updated statistical summaries of entropy-
based metrics, e.g. information gain, to determine whether
the observed utility of a split is statistically significant when
the data distribution is unknown, e.g. via the Hoeffding
bound (HB). This enables trees to grow incrementally, re-
fining their partitions of the input space as more data ar-
rives. However, uncontrolled tree growth can lead to exces-
sive memory usage and reduced adaptability.

To counter this, adaptive tree algorithms introduce post-
pruning mechanisms for forgetting. For instance, CVFDT
(Hulten, Spencer, and Domingos 2001) evaluates alternate
subtrees in parallel, replacing them when they outperform
their predecessors. HAT (Bifet and Gavalda 2009) general-
izes this with multiple recursive replacements, while EFDT
(Manapragada, Webb, and Salehi 2018) aggressively prunes
subtrees when better local structures emerge. Other meth-
ods, like UFFT (Gama, Medas, and Rodrigues 2005) and
OnlineTree2 (Núñez, Fidalgo, and Morales 2007), use a
short-term memory to stage and evaluate candidate subtrees,
enabling smoother transitions and compact models.

Despite these innovations, single decision trees often suf-
fer from instability and limited predictive performance. As a
result, the community has largely shifted towards ensemble-
based methods, where multiple diverse trees are combined
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to enhance robustness and adaptability (Gomes et al. 2017;
Krawczyk et al. 2017). Ensembles handle concept drift at
a higher level, dynamically updating individual components
based on performance signals and using drift detectors to
add, remove, or reweight learners (Neves et al. 2025). Thus,
reducing the need for post-pruning at the individual tree
level. As a result, most state-of-the-art ensembles still adopt
the original VFDT as their base learner, often leading to inef-
ficient memory use and redundant computation. Since post-
pruning is rarely applied in ensemble settings, this raises
a critical question: can pre-pruning strategies be leveraged
to proactively regulate VFDT’s growth, preventing unnec-
essary expansion in uncertain or low-utility regions of the
input space?

To this end, a novel algorithm tailored for memory-
constrained data stream mining is introduced, coined as
DFDT: Dynamic Fast Decision Tree, whose main contribu-
tions are:

• different splitting conditions according to leaf activity, so
that the algorithm can grow more organically depending
on the distribution and number of instances observed at
each leaf of the tree:
– for nodes with low activity, DFDT deactivates the

leaf node, conserving memory and computational re-
sources.

– for nodes with moderate activity, DFDT applies con-
servative splitting constraints based on entropy, infor-
mation gain, and the number of instances observed at
the leaf, ensuring controlled growth.

– for highly active nodes, DFDT potentially employs
a skipping mechanism, enabling rapid growth in re-
sponse to significant data changes.

• dynamically adjustable grace periods and tie thresholds,
allowing the algorithm to either delay or accelerate splits
depending on data variability. This flexibility improves
the accuracy–memory–runtime trade-off and reduces the
need for extensive hyperparameter tuning.

An ablation study of these DFDT’s components re-
veals three competitive variants tailored to different accu-
racy–memory trade-offs, summarized in Figure 1. These
variants are fully compatible with existing ensemble frame-
works (Gomes et al. 2017; Krawczyk et al. 2017), offering a
drop-in alternative to standard VFDT-based learners.

Related Work
The core component for incrementally constructing deci-
sion trees (DTs) on edge devices, while maintaining a fixed
time complexity per sample, is approximation-based split-
ting (Domingos and Hulten 2000). As new instances arrive,
they are processed from the root to a leaf node, updating
statistics at each node. These updates are used to periodi-
cally adjust heuristic values for each attribute, such as infor-
mation gain (IG) and Gini index (GI) (Domingos and Hulten
2000). The tree attempts to perform splits based on a sta-
tistical bound that quantifies the confidence interval for the
heuristic function, given a minimum amount of data. Typi-
cally, DTs compare the Hoeffding bound (HB) to the differ-

ence in evaluation between the best and second-best attribute
splits (Domingos and Hulten 2000). When this difference
exceeds the bound, the leaf node is split into child nodes.

Splitting rules. While traditional incremental DTs exclu-
sively focus on evaluating the top two attributes, one can in-
troduce extra splitting rules to promote even more valuable
splits. For example, M-VFDT (Yang and Fong 2011) incor-
porates the fluctuation of the HB, tracking its mean, mini-
mum, and maximum values, along with an accuracy metric,
as a pre-pruning condition for split decisions. Alternatively,
SVFDT (da Costa, de Leon Ferreira, and Duarte 2018) ap-
plies constraints that compare current metrics against his-
torical data and cross-leaf information, while introducing a
skipping mechanism to bypass these constraints when sig-
nificant changes in the data are detected. Furthermore, REG-
VFDT (Barddal and Enembreck 2020) adds a constraint to
assess whether the best-ranked feature, chosen for splitting
at a leaf node, provides substantial gains compared to the
gains observed in previous splits within the same branch.

Tie breaking threshold (τ ). A critical aspect of incremen-
tal DTs is the tie-breaking procedure. While using the statis-
tical difference in IG between two attributes helps control
tree growth, competition between two equally favored split
candidates can hinder progress, especially when either op-
tion would be equally suitable. To mitigate this, if the differ-
ence in heuristic values exceeds a predefined tie threshold,
denoted as τ , the split is performed. This threshold effec-
tively controls the minimum rate of tree growth, with the
attributes’ ability to separate before reaching the threshold
influencing the speed at which the tree expands. However,
a fixed τ value may cause ties to be broken prematurely,
before a meaningful decision can be made, due to a lack of
suitable candidates rather than a true tie situation. To address
this, VFDT-τ (Holmes, Richard, and Pfahringer 2005) com-
pares the difference between the best and second-best candi-
dates with the difference between the second-best and worst
candidates, while M-VFDT (Yang and Fong 2011) designs
an adaptive tie threshold that is dynamically calculated from
the mean of HB, which has been shown to be proportionally
related to the input stream samples.

Grace period (nmin). To prevent premature splits with
small sample sizes that undermine the validity of the HB,
a grace period nmin specifies the minimum number of in-
stances a leaf must observe before considering a split. How-
ever, without leveraging any information from the processed
data, this can still result in computationally expensive split
attempts or unnecessary delays in predictions. An alternative
approach involves detecting frequent tie-breaking situations
and applying steps to reduce the frequency of ties. For ex-
ample, the default tie-breaking wait period can be adjusted
by increasing the wait period for the child nodes after each
tie is broken. This effect is cumulative until a valid split is
found, after which the wait period is reset to the default value
(Holmes, Richard, and Pfahringer 2005). Additionally, local
statistics can be used to predict the optimal split time, min-
imizing delays and unnecessary split attempts. For instance,
OSM (Losing, Wersing, and Hammer 2018) uses class dis-
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tributions from previous split attempts to estimate the min-
imum number of examples required before the HB. Alter-
natively, VFDT-nmin (Garcı́a-Martı́n et al. 2018) adjusts the
grace period after unsuccessful split attempts, according to
the reason of failure in order to ensure a split in the next
iteration. For example, if the best attributes are not too sim-
ilar, but their IG difference is insufficient to trigger a split,
the solution is to wait for additional examples until the HB
decreases enough to be smaller than the IG difference, ad-
justing the nmin accordingly. Similarly, if the top attributes
are very similar in terms of IG, but the tie threshold τ is
not exceeded, more instances are needed to allow the HB
to decrease below τ , with nmin adjusted based on their IG
difference (Garcı́a-Martı́n et al. 2018).

Leaf activity. Another memory-efficient strategy is to
condition split decisions based on leaf activity. GAHT
(Garcia-Martin et al. 2022) devises a normalized measure to
quantify how many instances have been observed at a par-
ticular leaf relative to the mean number of instances per leaf
since its creation. Based on this value, nodes can either be
deactivated when their activity is low, halting further splits to
conserve resources, or more aggressive expansion strategies
can be applied when activity exceeds a threshold, acceler-
ating the growth of important nodes by relaxing the split-
ting rule to a less strict alternative. These adaptive expan-
sion modes offer a more nuanced approach to tree growth,
ensuring computational resources are focused on expand-
ing nodes that significantly influence the model’s accuracy,
while avoiding unnecessary splits in less relevant parts of
the tree. Alternatively, VFDT (Domingos and Hulten 2000)
deactivates the least promising leaves based on the probabil-
ity that examples will reach those leaves and their observed
error rate. If a better split is found, the leaves of that split are
deactivated, and their statistics are preserved. A new split
is then performed, creating new leaves. If, during split re-
evaluation, a previously deactivated split is found to be the
best option, the saved statistics are restored rather than start-
ing the process from scratch.

Overview. Table 1 summarizes how various algorithms
implement different pre-pruning strategies, categorized by
whether they adapt rules, grace periods, tie thresholds, or
activity-based controls. As shown, DFDT offers the most
comprehensive integration of these mechanisms, seamlessly
combining them in a cohesive manner, as will be discussed.

Year Model Activity Rules nmin τ

2000 VFDT X
2005 VFDT-τ X X
2011 M-VFDT X X
2018 SVFDT X
2018 OSM X
2018 VFDT-nmin X
2020 REG-VFDT X
2022 GAHT X
2026 DFDT X X X X

Table 1: Incremental decision trees

Methodology
DFDT modifications are here described in detail, while re-
ferring to the pseudo-code in Algorithm 1. The initializa-
tion phase creates the root node structure of the decision
tree (Alg. 1, Step 2, 3), sets up estimators (Alg. 1, Step
4), and instance counters (Alg. 1, Step 5). This initialization
involves only constant-time operations, resulting in a com-
putational complexity of O(1), independent of the number
of instances or features. The main loop iterates over each
instance (X, y) in the data stream S, running N times in
total. For each instance, several steps are performed. First,
the instance is routed through the tree to the correspond-
ing leaf node, where the prediction ŷ is obtained (Alg. 1,
Step 7). Assuming a balanced tree, the depth of traversal is
O(logB |LH|), where |LH| is the number of leaf nodes and
B is the branching factor. The prediction at the leaf node
is a constant-time operation, O(1). Following this, the in-
stance count and feature estimators are updated at the leaf
node (Alg. 1, Steps 8-10). This update takes O(F ) time.

While the HB ensures that splits are made with statistical
confidence, it treats all nodes equally in terms of expansion,
despite the fact that not all nodes contribute equally to the
decision-making process. To improve VFDT’s efficiency in
allocating computational resources, a notion of relative im-
portance can be introduced to dynamically adjust the rate of
expansion at each node. To assess the activity level at each
node, a fraction parameter is calculated as:

f =
(nl − nleafl)× |LH|

n− ntreel
(1)

where (nl − nleafl) is the number of instances observed
at a particular leaf l since its creation, n − ntreel the total
instances observed by the tree since the creation of leaf l,
and |LH| the current total number of leaves. If the fraction
is below a threshold fdeactivate, the leaf node is deactivated,
halting further splits to save on resources (Alg. 1, Steps 12),
which is a constant-time operation, O(1). If the metric falls
above a threshold fexpand, a boolean saves the intention to
apply a more aggressive expansion strategy, accelerating the
growth of important nodes (Alg. 1, Step 14).

To avoid costly evaluations, the algorithm only checks for
potential splits once a leaf node accumulates nmin instances
since the last splitting opportunity (Alg. 1, Step 16). Then a
split attempt is performed (Alg. 1, Step 18), with its pseu-
docode detailed in Algorithm 2. This check involves com-
puting G(·) values, requiring O(F ) time, and sorting the
G(·) values (Alg. 2, Step 2), yielding a time complexity of
O(F logF ). Next, the algorithm verifies whether the HB or
tie-breaking threshold is satisfied (Alg. 2, Step 4). While in
the VFDT, the tie threshold (τ ), which effectively controls
minimum growth speed, remains static, DFDT, instead, dy-
namically sets the tie threshold as the mean of the Hoeffd-
ing Bound values computed over the most recent k instances
(Yang and Fong 2011). This reduces the need for trial-and-
error in selecting a fixed threshold, optimizing tree perfor-
mance in dynamic environments. As the data stream be-
comes noisier, the adaptive τ stabilizes the model. If the HB
is satisfied, DFDT utilizes adaptive expansion modes, deter-
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Algorithm 1: Dynamic Fast Decision Tree (DFDT)

1: procedure DFDT(S: data stream, δ: confidence level,
fexpand: threshold for skipping, fdeactivate: threshold to de-
activate leaves)

2: DFDT ← root
3: LH ← hash of leaves
4: Initialize HLHstat , nstat, Hstat, Gstat, HBstat, nmin
5: n, nl, ncheckl , nleafl , ntreel ← 0 where l = root
6: for each (X, y) in S do
7: Route (X, y) to leaf l and obtain prediction ŷ
8: Update l feature estimators and class distribution
9: n← n+ 1

10: nl ← nl + 1

11: if (nl−nleafl )×|LH|
n−ntreel

< fdeactivate then
12: Deactivate l
13: else if > fexpand then
14: GrowFast← True
15: end if
16: if (impure at l) and (nl − ncheckl > nmin) then
17: Update HBstat with ϵ
18: if CANSPLIT(GrowFast) then
19: Replace leaf l with a split node
20: for each leaf branch b of the split do
21: Initialize estimators
22: Set post-split distribution at b
23: Update LH

24: nb, nleafb , ncheckb ←
∑

c∈C n
(c)
b

25: ntreeb ← n
26: end for
27: else
28: ncheckl ← nl

29: if HBstat < ∆G < ϵ then
30: nmin ←

⌈
R2 ln(1/δ)
2(∆G)2

⌉
31: else if ∆G < HBstat < ϵ then
32: nmin ←

⌈
R2 ln(1/δ)

2(HBstat)2

⌉
33: end if
34: end if
35: end if
36: end for
37: end procedure

mined by the fraction-determined boolean. For nodes with
moderate activity, DFDT applies four conservative splitting
constraints (da Costa, de Leon Ferreira, and Duarte 2018),
ensuring controlled growth (Alg. 2, Step 12-15). For highly
active nodes, i.e., when the fraction value exceeds 2, DFDT
also checks two skipping conditions (Alg. 2, Step 5-11).

The four primary constraints governing the split operate
on the instance count, global entropy, historical entropy, and
historical information gain. The instance count constraint
ensures that splits only occur when the leaf has accumulated
sufficient data, by checking if the current instance count
nl at the leaf l meets or exceeds the mean instance count
recorded across all leaves under VFDT-satisfied conditions.
Conversely, the remaining three constraints are evaluated us-

Algorithm 2: Split conditions

1: procedure CANSPLIT(GrowFast = False),
2: Gbest = max(SortedG(·))
3: Gsecond best = max(SortedG(·) \ {Gbest})
4: if Gbest −Gsecond best ≥ ϵ or ϵ < HBstat then
5: if GrowFast then
6: C1← Hl ≥ Hstat + σ(Hstat)
7: C2← Gbest ≥ Gstat + σ(Gstat)
8: if C1 and C2 then
9: return True

10: end if
11: end if
12: C3← Hl ≥ HLHstat − σ(HLHstat)
13: C4← Hl ≥ Hstat − σ(Hstat)
14: C5← Gbest ≥ Gstat − σ(Gstat)
15: C6← nl ≥ nstat
16: Update Hstat with Hl

17: Update Gstat with Gbest

18: Update nstat with nl

19: if C3 and C4 and C5 and C6 then
20: return True
21: end if
22: end if
23: return False
24: end procedure

ing the same general formula φ(x,X), which determines
that the current metric value x at a leaf is significantly dif-
ferent from reference values X when bigger than the mean
of the values in X minus a standard deviation:

φ(x,X) =

{
True, if x ≥ X̄ − σ(X)

False, otherwise
(2)

The global entropy constraint checks if the current en-
tropy Hl of a leaf l is high compared to the overall entropy
of all leaves in the tree, denoted as HLHstat . Here, the set
X consists of entropy values from all leaves, recorded con-
tinuously across the tree. The historical entropy constraint
examines whether the current entropy Hl at a leaf l is signif-
icantly higher than historical entropy values recorded across
all leaves at the times when VFDT conditions were met, de-
noted as Hstat. This ensures that splits are performed only if
the leaf’s entropy has increased meaningfully over time. The
historical information gain constraint assesses whether the
current information gain Gl of the best splitting feature at a
leaf l is notably higher than historical information gain val-
ues recorded across all leaves when VFDT conditions were
met, denoted as Gstat. This avoids low-value splits.

Together, these constraints allow DFDT to restrict tree
growth in nodes of moderate activity to instances with statis-
tically significant differences. For highly active nodes, two
skipping conditions are calculated according to ω(x,X),
which permits a split when the current metric x, i.e. the en-
tropy Hl and information gain Gbest, is at least one standard
deviation above the mean historical values in X:
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ω(x,X) =

{
True, if x ≥ X̄ + σ(X)

False, otherwise
(3)

These splitting conditions work as a skipping mechanism
to the conservative constraints. In these cases, splits are al-
lowed to proceed directly if the current entropy and infor-
mation gain are significantly higher than historical means.
Subsequently, the statistics for entropy, information gain,
HB, and the number of instances seen are updated (Alg.
2, Step 16-18). All of these are constant-time operations. If
the conditions are satisfied, a split is triggered (Alg. 2, Step
18). This split involves navigating the tree, sorting features,
and creating new nodes, with the added complexity of re-
initializing feature estimators for each branch (Alg. 1, Step
19-25). The time complexity becomes O(F logF +B · F ),
where B · F represents the initialization cost for the new
branches. If the split attempt fails at any point (Alg. 2,
Step 23), the algorithm resets the instance count of the last
checked split (Alg. 1, Step 28), and recalculates the grace
period nmin based on specific conditions at each leaf (Alg. 1,
Steps 29-32). This decision is based on the tie threshold τ ,
the difference in information gain between the top attributes
∆G and the statistical confidence bound ϵ, derived from the
HB (Garcı́a-Martı́n et al. 2018), with two possible scenarios.
In the first scenario, ∆G is smaller than ϵ, but still exceeds τ ,
suggesting that more data is needed to confirm the observed
gain. In this case, nmin is increased to allow additional data
accumulation, ensuring that the gain difference becomes sta-
tistically significant in the subsequent evaluation. In the sec-
ond scenario, ∆G is below τ , indicating that the attributes
are statistically similar, but ϵ is still above τ . Here, nmin is
further increased to delay the split until more data is gath-
ered, allowing ϵ to shrink sufficiently. Thus:

nmin =


⌈
R2 ln(1/δ)
2(∆G)2

⌉
, if τ < ∆G < ϵ

⌈
R2 ln(1/δ)

2τ2

⌉
, if ∆G < τ < ϵ

(4)

where δ is a user-defined confidence parameter, and R
is the range of heuristic values. This adjustment minimizes
unnecessary computations and improves energy efficiency,
while maintaining the model’s accuracy. Since split attempts
(Alg. 1, Steps 16–35) occur only once every nmin instances,
their overall contribution to the time complexity is weighted
by the grace period factor. Thus, the total time complexity
is: N ·O(logB |LH|+ F ) + N

nmin
·O(F logF +B · F ).

Experiments
All models and algorithm components were implemented
within the pystream library1, a Cython-based tool for data
stream mining, reducing runtime overhead by compiling
Python code into C. For evaluation, a diverse set of real-
world datasets obtained from the USP Data Stream Repos-
itory2 were used (Souza et al. 2020). These are shown in

1https://github.com/vturrisi/pystream
2https://sites.google.com/view/uspdsrepository

Table 2, encompassing both binary and multiclass classifi-
cation tasks. The experiments were conducted using a pre-
quential (test-then-train) evaluation strategy (Gama, Sebas-
tiao, and Rodrigues 2009), monitoring the interrelationships
among accuracy, memory usage, and runtime. All algo-
rithms were optimized for each dataset using a grid search
strategy, with grace periods (nmin) set to 100, 400, and
1000, and tie-splitting thresholds (τ ) configured to 0.01,
0.05, and 0.1 as the hyperparameter settings. The Hoeffd-
ing bound confidence level was fixed at 1 × 10−7 across
all experiments. DFDT’s adaptive control of grace periods
and tie thresholds removes the need for tuning these spe-
cific hyperparameters, as they govern tree growth and thus
become implicitly determined by the HB confidence. How-
ever, DFDT introduces two fixed activity thresholds. While
this raises questions about their adaptivity, it is important
to note that, in contrast to nmin and τ , adapting these ac-
tivity thresholds through the HB confidence is inappropri-
ate, because activity operates conditionally on HB-driven
splits and modulates leaf deactivation in ways that counter-
act tree growth. In practice, consistent with findings from
GAHT (Garcia-Martin et al. 2022), we observed that a leaf-
deactivation threshold below 2% of the expected instance
count (fdeactivate = 0.02) and a skip-check threshold at twice
the expected count (fexpand = 2) provide robust performance
across datasets. Majority class prediction was used at the
leaf level for all models.

Name Classes Features Examples
OZONE 2 72 2,534
NOAA 2 8 18,159
METER 10 96 22,950
ELEC 2 8 45,312
RIALTO 10 27 82,250
POSTURE 11 3 164,860
KDDCUP99 23 41 494,021
COVER 7 54 581,012
POKER 10 11 829,201

Table 2: Experimental datasets

Since DFDT integrates multiple heuristics (Rules, Activ-
ity, τ , and nmin), it is essential to conduct an ablation study
to assess the individual and combined contributions of these
components to runtime, memory usage, and accuracy. This
analysis helps identify Pareto-efficient variants of the algo-
rithm. To ensure fair comparison across datasets of varying
scales, all results were normalized on a per-dataset basis.
For interpretability, normalized memory and runtime values
were inverted, so that higher scores consistently reflect better
performance across all metrics. Figure 2 presents coefficient
estimates from linear regression models, each fitted sepa-
rately for the three target outcomes. Interaction terms were
included to capture the synergistic effects between heuris-
tics. Individually, the adaptive grace period, activity-aware
pruning, and stricter splitting rules did not produce sta-
tistically significant accuracy–memory–runtime trade-offs.
Moreover, the combinations of Rules × Activity and Rules ×
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Figure 2: Main and interaction effects of DFDT components

nmin also demonstrated stable trade-offs, informing the de-
sign of DFDTLow and DFDTMedium, respectively. In contrast,
the interaction between Activity × nmin and the inclusion
of an adaptive τ significantly improved accuracy, albeit at
the expense of memory efficiency. Additionally, τ ’s interac-
tions with other heuristics exhibited inconsistent effects on
accuracy, suggesting a more complex dynamic. As a result,
DFDTHigh activates all heuristics to maximize accuracy, po-
tentially at the cost of runtime or memory consumption.

Model Rules Activity nmin τ

DFDTLow X X
DFDTMedium X X
DFDTHigh X X X X

Table 3: Pareto-efficient DFDT variants

Figures 1 and 3 show the average performance across all
datasets, plotting prequential accuracy against worst-case
memory usage (MB) and per-instance computational time
(µs), respectively. Table 4 reports the detailed results for
each dataset. Among the baseline methods, VFDT exhibits
moderate predictive performance while being the slowest
and most memory-intensive model, underscoring its ineffi-
ciency across both metrics. Its modified variant, VFDT-nmin,
offers a modest reduction in memory consumption and a
notable improvement in runtime, with minimal impact on
accuracy. SVFDT demonstrates the lowest memory usage
and maintains competitive runtime with VFDT-nmin, how-
ever this efficiency is achieved at the expense of predictive
accuracy. In contrast, the proposed DFDT variants delineate
a clear Pareto frontier with respect to memory usage and
share a competitive frontier with VFDT-nmin in terms of run-
time. Specifically, DFDTLow stands out as the most resource-
efficient model, exhibiting lower runtime and memory con-
sumption than SVFDT while maintaining comparable ac-
curacy, making it particularly suitable for deployment in
resource-constrained environments. The DFDTMedium vari-
ant achieves a favorable trade-off, significantly improving
accuracy while preserving strong efficiency in both runtime
and memory. Finally, DFDTHigh attains the highest overall
accuracy, accompanied by a modest increase in computa-
tional time and a more pronounced increase in memory us-
age. Thus, only appropriate when resource constraints are
less critical.
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Figure 3: Accuracy x Runtime

To assess the statistical significance of the observed dif-
ferences, we applied the Friedman test followed by the Ne-
menyi post-hoc test. The resulting Critical Difference Dia-
grams (CDDs), shown in Figures 4, 5, and 6, display the
algorithm rankings at a 95% confidence level. In these di-
agrams, lower values correspond to better average rank-
ing across datasets. The CDD for accuracy reveals that
DFDTHigh achieves the best overall rank, and is the only
method that significantly outperforms SVFDT. This result
confirms the effectiveness of incorporating all heuristic com-
ponents within DFDT to maximize predictive performance.

123456

DFDTHigh2.14
DFDTMedium2.43
VFDT2.79VFDTnmin

3.14DFDTLow 5.21SVFDT 5.29

Figure 4: Nemenyi test - Accuracy

The ranking for memory consumption exhibits an inverse
trend compared to accuracy. VFDT is the most memory-
intensive algorithm, receiving the worst average rank. In
contrast, DFDTLow achieves the best overall rank. Notably,
VFDT performs significantly worse than both DFDTLow and
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Method NOAA METER ELEC RIALTO POSTURE COVER POKER Avg. (Rank)

VFDT
73.1 ± 2.2
0.47 MB
43.2 µs

52.4 ± 2.3
14.19 MB
288.5 µs

80.3 ± 1.5
0.14 MB
49.8 µs

35.0 ± 4.9
3.37 MB
118.1 µs

50.5 ± 2.1
0.22 MB
78.5 µs

79.5 ± 2.5
0.80 MB
254.1 µs

74.2 ± 4.5
0.43 MB
963.4 µs

63.6 (2.79)
2.80 (5.36)

256.5 (5.57)

VFDTnmin

72.6 ± 2.0
0.31 MB
35.0 µs

52.4 ± 2.1
10.37 MB
285.1 µs

79.4 ± 1.6
0.10 MB
38.4 µs

34.1 ± 4.3
2.87 MB
104.7 µs

50.7 ± 1.5
0.21 MB
69.3 µs

78.3 ± 2.4
0.62 MB
241.2 µs

75.4 ± 4.5
0.43 MB
916.8 µs

63.3 (3.14)
2.13 (4.14)

241.5 (3.00)

SVFDT
71.2 ± 2.0
0.15 MB
33.0 µs

52.3 ± 1.9
3.73 MB
283.0 µs

79.0 ± 0.6
0.05 MB
35.7 µs

32.1 ± 3.4
0.87 MB
109.0 µs

48.8 ± 1.7
0.10 MB
69.0 µs

74.6 ± 2.0
0.39 MB
255.3 µs

69.7 ± 2.0
0.38 MB
905.3 µs

61.1 (5.29)
0.81 (1.93)

241.5 (2.21)

DFDTLow

72.4 ± 1.8
0.16 MB
33.3 µs

52.3 ± 1.9
2.76 MB
279.1 µs

79.1 ± 0.9
0.07 MB
37.8 µs

33.9 ± 4.1
0.54 MB
110.2 µs

48.4 ± 1.1
0.09 MB
70.3 µs

72.7 ± 1.9
0.47 MB
239.8 µs

69.0 ± 1.5
0.37 MB
907.8 µs

61.1 (5.21)
0.64 (1.71)

239.8 (2.64)

DFDTMedium

75.1 ± 0.3
0.21 MB
35.3 µs

54.7 ± 0.5
2.92 MB
254.7 µs

79.4 ± 0.6
0.10 MB
39.0 µs

42.3 ± 0.5
0.47 MB
112.3 µs

52.3 ± 0.6
0.20 MB
69.4 µs

70.9 ± 1.3
1.12 MB
260.5 µs

72.9 ± 5.4
1.23 MB
942.8 µs

63.9 (2.43)
0.89 (3.71)

246.4 (4.14)

DFDTHigh

74.6 ± 0.5
0.21 MB
34.0 µs

54.8 ± 0.4
12.19 MB
280.5 µs

79.0 ± 0.4
0.05 MB
36.2 µs

41.7 ± 0.6
3.21 MB
105.7 µs

51.8 ± 1.0
0.20 MB
70.3 µs

80.1 ± 1.1
1.05 MB
255.3 µs

84.7 ± 2.7
1.23 MB
942.9 µs

66.7 (2.14)
2.59 (4.14)

244.9 (3.42)

Table 4: Prequential accuracy (%), memory usage (MB), and per-instance computational time (µs)

SVFDT, whereas DFDTMedium and DFDTHigh do not differ
significantly, highlighting their well rounded performance.
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DFDTLow1.71
SVFDT1.93
DFDTMedium3.71DFDTHigh 4.14VFDTnmin

4.14VFDT 5.36

Figure 5: Nemenyi test - Memory

The CDD for runtime identifies VFDT as the slowest
algorithm. Among the compared methods, only SVFDT
demonstrated statistically significant better performance
than VFDT. Although the variant DFDTLow exhibited a
lower mean runtime than SVFDT, its ranking was not con-
sistently superior across datasets.
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SVFDT2.21
DFDTLow2.64
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3.00DFDTHigh 3.43DFDTMedium 4.14VFDT 5.57

Figure 6: Nemenyi test - Runtime

Conclusions
Dynamic Fast Decision Tree (DFDT) combines different
adaptive strategies from prior research to control decision
tree growth. These features make DFDT particularly suitable
for resource-constrained environments, such as IoT devices,
edge computing applications, and real-time systems.

Extensive experimental evaluation, including ablation
studies and statistical comparisons across a diverse set
of data streams, demonstrated that DFDT variants consis-
tently outperform or match baseline learners. In particu-
lar, DFDTLow was identified as the most resource-efficient
configuration, achieving strong performance with mini-
mal resource consumption. DFDTMedium offered a favorable
trade-off between predictive accuracy and efficiency, while
DFDTHigh achieved the highest accuracy overall, justifying
increased memory and runtime costs when accuracy is the
primary concern.

Unlike traditional VFDT-based learners, DFDT incorpo-
rates fine-grained control over growth and memory usage
without sacrificing model adaptability. Moreover, its com-
patibility with existing ensemble frameworks allows it to
serve as a drop-in replacement for VFDT, offering imme-
diate benefits in large-scale, real-time stream mining appli-
cations. Future work may explore the integration of DFDT
in different ensemble frameworks and investigate its perfor-
mance on a broader range of datasets, including noisy im-
balanced high-dimensional data streams.
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