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ABSTRACT
Operational networks commonly rely on machine learn-

ing models for many tasks, including detecting anomalies,
inferring application performance, and forecasting demand.
Yet, unfortunately, model accuracy can degrade due to con-
cept drift, whereby the relationship between the features
and the target prediction changes due to reasons ranging
from software upgrades to seasonality to changes in user
behavior. Mitigating concept drift is thus an essential part of
operationalizing machine learning models, and yet despite
its importance, concept drift has not been extensively ex-
plored in the context of networking—or regression models in
general. Thus, it is not well-understood how to detect or mit-
igate it for many common network management tasks that
currently rely on machine learning models. Unfortunately,
as we show, concept drift cannot be sufficiently mitigated
by frequently retraining models using newly available data,
and doing so can even degrade model accuracy further. In
this paper, we characterize concept drift in a large cellular
network for a major metropolitan area in the United States.
We find that concept drift occurs across many important key
performance indicators (KPIs), independently of the model,
training set size, and time interval—thus necessitating practi-
cal approaches to detect, explain, and mitigate it. To do so, we
develop Local Error Approximation of Features (LEAF). We
introduce LEAF and demonstrate its effectiveness on a vari-
ety of KPIs and models. LEAF detects drift; explains features
and time intervals that most contribute to drift; and mitigates
drift using forgetting and over-sampling. We evaluate LEAF
against industry-standard mitigation approaches (notably,
periodic retraining) with more than four years of cellular
KPI data. Our initial tests with a major cellular provider in
the US show that LEAF is effective on complex, real-world
data. LEAF consistently outperforms periodic and triggered
retraining while reducing costly retraining operations.

1 INTRODUCTION
Network operators rely on machine learning models to

perform many tasks, including anomaly detection [49, 50],

performance inference [22] and diagnosis, and forecast-
ing [14, 40]. Deploying andmaintaining themodels can prove
challenging in practice [52]; a significant operational chal-
lenge is concept drift, whereby a model that is initially accu-
rate at a particular point in time becomes less accurate over
time—either due to a sudden change, periodic shifts, or grad-
ual drift. Previous work in applying machine learningmodels
to network management tasks has generally trained and eval-
uated models on fixed, offline datasets [5, 14, 17, 40, 49–51],
demonstrating the ability to predict various network prop-
erties or instances at fixed points in time on a static dataset.
Yet, a model that performs well offline on a single dataset
may not in fact perform well in practice, especially over time
as characteristics change.

Models can become less accurate at predicting target vari-
ables for many reasons. One cause is a sudden, drastic change
to the environment. For example, the installation of new
equipment, a software upgrade, or a sudden change in traffic
patterns or demands can cause models to suddenly become
inaccurate. One notable instance that exhibited such a sud-
den shift was the COVID-19 pandemic, an exogenous shock
that resulted in significant changes to behavior patterns [38]
(e.g., reduced mobility) and traffic demands [34] (e.g., as peo-
ple suddenly began using home WiFi connections more for
specific applications and relying less on mobile data). An-
other possible cause is periodic change, whereby a model
that is accurate on a particular time windowmay become less
accurate but will exhibit higher accuracy at fixed, periodic
intervals in the future. For example, one clear phenomenon
that we observe is drift in model accuracy with a seven-
day period; diurnal and periodic patterns in network traffic
are, of course, both well-documented and relatively well-
understood. A new contribution in this paper, however, is
to demonstrate that machine learning models also exhibit
similar patterns with respect to model accuracy.

Concept drift is a relatively well-understood phenomenon
in machine learning and has been studied in the context of
many other prediction problems [24, 36, 48]. Yet, although
concept drift is a relatively well-understood phenomenon
in other fields, it has not been explored in the context of
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computer networking, in spite of the relatively widespread
use of machine learning models.
Mitigating concept drift for Key Performance Indicators

(KPIs) in a cellular network introduces fundamentally new
challenges that make previous approaches from other do-
mains inapplicable. In contrast to tasks such as image or
text classification, where the semantics of prediction occurs
on a fixed object and characteristics of the features change
relatively slowly over time [19, 24, 60], predictions of net-
work characteristics occur continuously, and occur within
the context of a system that changes over time due to both
gradual evolution and exogenous shocks. Networks have
unique characteristics, such as dynamic signal interference
due to environment changes (e.g., changes due to weather,
seasonality, etc.) [59], which calls for new approaches. One
important implication of our findings is that one of the most
common practices for combatting drift in large networks—
regularly retraining models [30, 53]—is often not sufficient
and can in some cases even reduce model accuracy.

Beyond simply detecting and mitigating concept drift, op-
erators often want to know why a model has become less ac-
curate. Thus, the ability to explain the behavior of black-box
regression models is necessary to help operators use these
models in practice. To this end, this paper not only charac-
terizes concept drift in cellular networks, but also develops
(1) approaches to explain how different features contribute
to drift; and (2) strategies to mitigate drift through trig-
gered, focused re-retraining, forgetting, and over-sampling
approaches that are more efficient than naïve retraining. To-
wards this goal of explainable AI (XAI)models in networking,
this paper studies drift in the context of cellular networks
and develops new techniques to mitigate concept drift. Al-
though past work has developed methods to help explain
concept drift, it has largely focused on classification prob-
lems [29, 58]; in contrast, prediction problems in the context
of cellular networks are often regression problems, which
generally lack methods to explain concept drift.

This paper makes three contributions:
First, we characterize concept drift in the context of

a large cellular network, exploring drift for KPIs using
more than four years of KPI data in a major United States
city and surrounding metropolitan area, from one of the
largest cellular providers in the United States. We demon-
strate concept drift in a large cellular network comparing
different KPIs, model families, training set sizes, and peri-
ods across many regression models and tasks. Concept drift
occurs consistently and independently of both the size and
period of the training set. Further, the diverse, longitudinal
nature of the dataset used presents a challenging concept
drift problem.

Second, we introduce LEAF (Local Error Approxima-
tion of Features) to detect, explain, and mitigate con-
cept drift in cellular networks. We apply Kolmogorov-
Smirnov Windowing (KSWIN) to time-series of estimated
errors, which tells us when a model drifts. We complement
existing drift explanation methods in regression-based super-
vised learning tasks. We find the most representative features
that reflect error distributions, and use LEAplot and LEA-
gram to inform operators about for which features, where,
and howmuch concept drift occurs, which maps to the under-
trained region of a model. Based on these explanations, the
framework strategically re-samples the training data, and
creates temporal ensembles to mitigate drift.
Third, we evaluate LEAF holistically, on more than

four years of data from a large cellular carrier, evalu-
ating both its effectiveness and efficiency, across many
KPIs and families of machine learning models. LEAF con-
sistently outperforms existing mitigation approaches, while
reducing costly retraining operations by as much as 76.9%
(compared to periodic retraining). Using explanations pro-
vided by groups of multiple representative features, we con-
sistently reduce errors across KPIs for boosting, bagging,
and LSTM-based models. We also find that while KPIs with
higher dispersion are harder to mitigate, LEAF is still able to
consistently reduce errors.
Our initial tests with a major cellular provider in the US

show that LEAF is effective in practice. We believe that LEAF
can also be applied beyond cellular networks, to other net-
work management problems that use black-box models for
regression-based prediction. Our belief in the generalizabil-
ity of LEAF arises from the diversity in time series across
KPIs and time present in our dataset that LEAF tackles suc-
cessfully. Such avenues present rich opportunities for future
work.

2 PROBLEM SETUP
The main problem we tackle in this paper is that of accu-

rate longitudinal prediction in the presence of concept drift.
This is a challenging problem that requires datasets with
sufficient length and variation to determine if our proposed
methods would be effective in a real-world setting. In this
section, we describe the diverse, longitudinal dataset used in
this paper. We then define our time-series regression prob-
lem, which is to predict the current value of these variables
given historical data. Finally, we detail the metrics we use
throughout the paper to measure performance.

2.1 Dataset Description
Our analysis in this paper is based on more than four years

(January 1, 2018 to March 28th, 2022) of daily measurements
of LTE cellular network performance indicators collected at
the eNodeB-level (evolved NodeBs, or the “base station” in
the LTE architecture) from a major wireless carrier in the
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United States. Table 1 summarizes the characteristics of the
datasets, which we refer to as Fixed Dataset (the dataset that
contains a fixed number of eNodeBs each day) and Evolving
Dataset (an expanded set of Fixed Dataset with a growing
number of eNodeBs) in the remainder of the paper.

Collection period Jan. 1st 2018 – March 28th 2022

Identifiers eNodeB ID & Time stamp

Number of KPIs 224

Groups of KPIs Resource utilization
Network performance
User experience

Number of eNBs Fixed Dataset: 412 common eNBs
Evolving Dataset: 898 eNBs

Number of logs Fixed Dataset: 699,381
Evolving Dataset: 1,084,837

Table 1: Summary of datasets.

Why these datasets? The first requirement for any dataset
used to analyze concept drift is that it should actually con-
tain clear evidence of such drift. Our analysis in Section 3
establishes that the variables, which are Key Performance
Indicators (KPIs) from the cellular network, in Fixed Dataset
and Evolving Dataset do indeed drift over time. Intuitively,
this drift occurs due to endogenous reasons like changes
in network infrastructure and KPI definitions, as well as
exogenous ones such as the COVID-19 pandemic.

Further, Fixed Dataset is affected by factors from software
upgrades to mobility pattern changes. It is extremely diverse
since different KPIs exhibit drastically different behavior over
time. Some are relatively stable throughout, others change
gradually while some are bursty, with sudden, short-lived
changes in value. This diversity and the real-world nature
of the dataset lead to generalizable insights from our meth-
ods, since a wide variety of possible time-series behavior is
captured within our dataset. Evolving Dataset extends the
KPI diversity further by including the operational growth
of eNodeBs in this area, adding more heterogeneity from
practice.
Further details. Fixed Dataset contains information from
412 common eNodeBs across time. It is collected in a large
city and surrounding metropolitan area (rural, suburban,
and urban included) in the United States. The dataset spans
more than four years—from January 1, 2018 to March 28,
2022—and contains 699,381 daily eNodeB-level logs. Evolving
Dataset has the same information, but with a maximum of
898 eNodeBs, containing 1,084,837 daily logs.

Each log contains 224 Key Performance Indicators (KPIs)
collected for a base station on a particular date. KPIs are

statistics collected and used by the operator of the network
to monitor and assess network performance. The 224 KPIs
fall into three categories: (1) resource utilization (e.g., data
volume, peak active users, active session time, cell availabil-
ity rate), (2) access network performance (e.g., throughput,
connection establishment success, congestion, packet loss),
and (3) user experience features (e.g., call drop rate, RTP gap
duration ratio, abnormal UE releases, VoLTE user satisfac-
tion rate). Further, some of the KPIs have separate directional
measurements, such as the downlink where the network is
transmitting the data down to the UEs and the uplink where
the network is receiving data from the UEs. The data also
contains features like unique identifiers of dates, eNodeBs,
and their characteristics (e.g., the density of their deployment
location).
Data pre-processing. We transform the timestamps to not
only date, but also day of the week, month, and year to
the feature sets, to help learners understand the temporal
context of the data. Then, we discard string-based features
(e.g., eNodeB ID) because they might generate undesired
bias that could affect accuracy when predicting eNodeBs not
present in the training set, i.e., text representation might be
encoded to representations which are not meaningful for
base stations that are not present at all times in the dataset.

2.2 Modeling Goal
Forecasting Problem. We focus our study of concept drift
in the context of network forecasting. Network forecast-
ing (capacity, performance, user experience) is an important
problem for operators as it guides infrastructure configu-
ration, management, and augmentation. We focus on per-
eNodeB level KPI forecasting to provide suggestions for ca-
pacity adjustment, deployment, maintenance, and operation
in large cellular networks.

We use historical data—i.e., all available KPIs and dates (as
features) up to a given day—to forecast one or more target
KPIs of interest 180 days in the future. We use a 180-day
forecast window because the model outputs we focus on are
used in practice for network infrastructure provisioning and
augmentation over long timescales. For such tasks, operators
need at least 180 days to plan, decide, prepare, and execute
capacity augmentation.

The nature of this problem is regression with time-series
information. Regression models are a better fit than classi-
fication because (1) we aim to forecast target KPIs that are
all characterized wide ranges of possible numerical values
and (2) fine-grained forecasting better enables operators to
understand the KPIs and take action on their network.
Forecasting Targets. We choose the forecasting targets
based on their measurement goals. We focus on the pre-
diction of six KPIs out of the available 224, two out of each
of the three different KPI groups that are most relevant for
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Property
Resource Network User
Utiliaztion Performance Experience

DVol PU DTP REst CDR GDR

Std/Mean 0.73 1.34 0.57 0.77 1.35 2.12
Periodic ! ! ! ! ! !

Bursty ! ! !

Data Lost !

Balanced ! ! !

(a) Fixed Dataset

Resource Network User
Utiliaztion Performance Experience

DVol PU DTP REst CDR GDR

0.81 1.76 0.59 0.85 2.48 8.52
! ! ! ! ! !

! ! !

!

! !

(b) Evolving Dataset

Table 2: Characteristics of target KPIs in both datasets. DVol: Downlink volume; PU: Peak active UEs; DTP: Downlink Throughput; REst: RRC
establishment success; CDR: S1-U call drop rate; GDR: RTP gap duration ratio.

use in network planning: measurements of resource utiliza-
tion (downlink data volume, peak number of active UEs /
User Equipment), network performance (downlink through-
put, RRC / Radio Resource Control establishment success),
and user experience (S1-U / S1 User plane external interface
call drop rate, RTP gap duration ratio). They not only cover
the RAN events and wireless connections, but also the UE
behaviors.

Additionally, the different focus of KPIs also makes them
have different statistical behaviors. Table 2 summarizes the
main characteristics of these KPIs in both Fixed Dataset and
Evolving Dataset. These KPIs exhibit a variety of statistical
patterns and characteristics which, as we will see in Section 3
and 5 can ultimately affect howmodels drift over time, as well
as the best strategies for mitigating drift for a particular KPI.
For Fixed Dataset, all KPIs exhibit 7-day periodicity, although
some KPIs exhibit far more variance than others. Downlink
volume (DVol) and RRC establishment success (REst) present
similar ranges in their distributions. In contrast, S1-U call
drop rate (CDR) and peak active UEs (PU) show a more bursty
behavior over time. While the data distributions of downlink
throughput (DTP) and PU have balanced distributions that
do not present a long tail, DVol, REst, and CDR present more
skewed distributions. Some data for PUwas lost between July
2019 and January 2020. For comparison, Evolving Dataset
has noticeably higher dispersions (Std/Mean) on PU, CDR,
and GDR, due to increased infrastructure in this dataset.
Moreover, the distributions of DVol and DTP in it are more
skewed than in Fixed Dataset.
Model Selection. To explore the performance of different
widely-adopted regression techniques, we use for all experi-
ments in this paper the AutoGluon [1] pipeline and Tensor-
Flow. AutoGluon is used to quickly prototype deep learning
and machine learning algorithms on various existing frame-
works: LightGBM, XGBoost, CatBoost, Scikit-learn, MXNet,

and FastAI. For all selected models, it enables automatic data
processing, architecture search, hyperparameter tuning, and
model selection and ensembling. We emphasize that the goal
of our study is not to create and tune models that maximize
performance, but rather to demonstrate and better under-
stand concept drift in a real-world network.
We select four different families of models: (1) gradient

boosting algorithms like LightGBM, LightGBMLarge, Light-
GBMXT, CatBoost, and XGBoost; (2) bagging algorithms
such as Random Forest and Extra Trees; (3) distance-based
algorithms like KNeighbors; (4) recurrent neural networks
like LSTM. All models either incorporate temporal features
(e.g., time stamps, day of the week, month, year), or are
time-series models (LSTM). Although it is viable to fine tune
each model’s hyperparameters by hand, we rely on the auto-
selection pipeline with the goal of a fair comparison and to
make training scalable and efficient. For example, the LSTM
network is implemented in TensorFlow, which has 100 units
for the LSTM, followed by a dropout layer and a dense layer.

For all experiments, we develop models for each selected
target KPI. As the input of the models, we use a portion
of the history of all categorical and numerical KPIs from
all eNodeBs present in our dataset up to the date when the
model is generated. While we target the forecasting of the
target KPIs on an eNodeB-by-eNodeB basis, we generate a
single model for the entire network, i.e., we create a single
model capable of forecasting values for each individual base
station.

2.3 Metrics for Evaluating Drift
The characterization of model performance over time is

essential to evaluate concept drift. Given that we model net-
work capacity forecasting as a regression problem, we test
model effectiveness by computing distances between predic-
tion and ground truth by date, specifically using Root Mean
Squared Error (RMSE). To better understand drift across
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different KPIs whose natural operating value ranges are dras-
tically different (e.g., call drop rates are scalars mostly less
than 1, while downlink volume scalars are often greater than
300,000), we normalize the RMSE and derive the Normalized
Root Mean Squared Error (NRMSE):

𝑁𝑅𝑀𝑆𝐸 (𝑀, 𝑡) =

√︃
1
𝑁𝑡
Σ𝑁𝑡

𝑗=1 (𝑀 (𝑘𝑡 𝑗 ) − �𝑀 (𝑘𝑡 𝑗 ))2

max
𝑗

(𝑘𝑡 𝑗 ) −min
𝑗
(𝑘𝑡 𝑗 )

(1)

Here we denote𝑀 as the model we aim to evaluate, 𝑡 denotes
a specific date, and 𝑘 refers to the target KPI being forecasted,
𝑘𝑡 is the subset on date 𝑡 , 𝑁𝑡 is the number of data points
on this subset,𝑀 (𝑘𝑡 𝑗 ) denotes the 𝑗th measurement, while�𝑀 (𝑘𝑡 𝑗 ) identifies the 𝑗th prediction of𝑀 .

In addition to offering an equitable comparison across mul-
tiple KPIs, the NRMSE is well-suited to understand concept
drift because (1) it penalizes large errors that can be costly
for ISPs’ operations (e.g., over-provision of resources); and
(2) it captures the relative impact of errors over extended
periods of time. In practice, NRMSE scores under 0.1 and 𝑅2

over 90% indicate that the regression model has very good
prediction power [42]. To avoid possible errors in interpreta-
tion, we also test the performance of regression by the other
metrics including coefficient of determination (i.e., 𝑅2), mean
absolute percentage error, mean absolute error, explained
variance score, Pearson correlation, mean squared error, and
median absolute error. We omit these metrics for brevity. We
observe that all phenomena we describe in the paper using
NRMSE also hold for these metrics.
Average NRMSE distance from a static model. To show
the long-term effectiveness of different mitigation schemes,
we study the relative evolution of errors over extended pe-
riods of time. For each day in the dataset, we compute the
average NRMSE across all eNodeBs and compare it to the
error generated by a model that is never retrained, i.e., a
static model. We define Δ𝑁𝑅𝑀𝑆𝐸 as the average distance
between the error for a mitigated model𝑀1 against the static
model𝑀0 in the form of a percentage distance. We define:

Δ𝑁𝑅𝑀𝑆𝐸 (𝑀1, 𝑀0) =
𝑁𝑅𝑀𝑆𝐸 (𝑀1) − 𝑁𝑅𝑀𝑆𝐸 (𝑀0)

𝑁𝑅𝑀𝑆𝐸 (𝑀0)
× 100%

(2)
where 𝑁𝑅𝑀𝑆𝐸 is the average over time.

3 DRIFT CHARACTERIZATION
In this section, we explore how trained forecasting models

are affected by concept drift. We train a number of models
from different categories of regression-based predictors, tar-
geting different KPIs. We then study how different training
set sizes and training periods can affect model performance.
After identifying concept drift behavior in the cellular net-
work dataset we use, we evaluate the effectiveness of periodic

retraining with recent data, which is the state of the art for
mitigating concept drift. We demonstrate that it is hard to
identify a single retraining strategy across models and KPIs,
making naïve retraining a difficult strategy to implement in
practice. All measurements in this section use the Evolving
Dataset.

3.1 Comparing Drift Behavior across KPIs
We explore whether we can observe drift for the KPI fore-

casting task and additionally whether the drift patterns from
different KPIs are similar. We experiment with different KPIs.
We train all the models mentioned in Section 2.2 for each
target KPI. To keep all other variables the same, the inputs
of models are completely unchanged, but we alter the target
KPI to predict. We use a 90-day window of historical data
from all eNodeBs with an end date of July 1, 2018 for our
training data, i.e., forecasting KPIs starting from December
28th, 2018 (we plot from Mid-March 2019 because of data
losses between January and March 2019). We then test these
models on data subsets split by date. Note that the number of
samples evaluated on each date might be different, because
of natural expansions of infrastructure in cellular networks.
Uncorrelated KPIs exhibit different drift patterns. Fig-
ure 1 presents the concept drift along with time for three
categories of KPIs. Overall, the drift patterns are quite unique
for each class, and they vary in two aspects. First, deviations
in NRMSE occur at different periods of time. In Figure 1a,
NRMSE of downlink volume experiences a sudden shift in
April 2020 (corresponding to the COVID-19 quarantine pe-
riod, which is a unique example of sudden drift), and grad-
ually drifts back to normal values in later months of 2020.
Starting from March 2021, the NRMSE gradually increases
and peaks around January 2022. For the prediction of peak
users, Figure 1b demonstrates that July 2019 to November
2019 are harder to predict, because of lost data. The through-
put prediction model in Figure 1c witnesses a rather stable
NRMSE series. Figure 1e and Figure 1f exhibit higher values
and larger fluctuations first, but the model stabilizes and
shows improved NRMSE after April 2020. Moreover, short-
lived, abrupt increases in error are more frequent than other
KPIs, due to the burstiness of CDR and GDR. Unlike CDR,
GDR has higher errors before COVID-19 lockdowns and
lower errors afterwards.
Second, the high-frequency components have different

patterns for different KPIs. By using signal processing tech-
niques like STFT, no obvious weekly pattern is found on
NRMSE of CDR and GDR. But if we look at the 3-week insets
of the other KPIs, three repetitions of similar signal patterns
appear, which indicates a weekly pattern.
Different KPIs aremost effectively predicted using dif-
ferent models. As shown in Figure 1, we can find a model
that performs relatively well for each target KPI. For all the
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Figure 1: Drift of different models for KPIs of interest. Inset figures exhibit a 3-week view (all starting from Sunday) of NRMSE for the box-selected
period. Some data is lost between July, 2019 and January, 2020 for Peak active UEs. Note that the y-axes are scaled to different range to accomodate
larger errors in Fig.1b, 1e, 1f.

target KPIs, there is at least one model with NRMSE less
than 0.1 (indicating good prediction power [42]) for at least
one year. For example, even for GDR, the KPI that is most
challenging to accurately predict (due to high coefficient of
variances / dispersion), the average NRMSE from ExtraTrees
is 0.055. And CatBoost in volume prediction has an average
NRMSE of 0.116, with below 0.1 on 473 days.

3.2 Analyzing Drift for a Single KPI
In this section, we analyze how changes in the model used,

and how it is trained, impact concept drift. We use a single
KPI (downlink volume) as an illustrative example.
Individual KPI predictions drift consistently across
different models. As mentioned earlier, we use four dif-
ferent well-trained models to check for concept drift over
time, while predicting KPIs 180 days in the future. We find
(Figure 1a) that all models exhibit the same pattern. For ex-
ample, between April and October 2020, all models exhibit a
drastic rise in NRMSE due to the COVID-19 pandemic. Such

consistency is also found in the gradual increase in NRMSE
after March 2021. We find similar model drift across other
metrics such as 𝑅2, mean absolute error, etc. This pattern
holds for each individual KPI. Given our observations that
models perform similarly well, we use CatBoost for the rest
of this paper to simplify the presentation.
Consistent drift appears when trained using different
training set sizes. To investigate how parameters of a
model could impact concept drift, we evaluate the impact of
varying the training set size. We vary the size of historical
data from eNodeBs with an end date of July 1st, 2018, and
retrain models for each size training window. As Figure 2a
illustrates, all NRMSE values of different training set window
sizes drift similarly over time. While training set windows of
one week of data lead to a slightly higher NRMSE, and three
months and one year witness a glitch around June 2020, the
signal pattern remains the same: no matter what training set
size, NRMSE experiences a sudden increase after COVID-19
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Figure 2: Effects of training set size and training set period on concept drift for the downlink volume KPI

lockdown and gradually recovers after October 2020, then
increases again from March 2021 and peaks at January 2022.
In Figure 2a, we see that the model effectiveness of two

weeks performs very similarly to that of one year, while
the model training time on two weeks is 18x more efficient
than one year. Given these results, we use two weeks for the
training set window for the rest of the paper if not otherwise
specified. This optimizes the tradeoff between performance
over time (i.e., robustness) and efficiency.
Consistent drift appears when trained on different pe-
riods. Since we are testing the long-term effectiveness of
models, another concern is whether the choice of the training
period would affect the drift. In this experiment, we train on
different 14-day windows of historical data from all eNodeBs.
In Figure 2b, the legend shows which 14 days are selected for
training: 14 days of data before that date. For each training
set, the model is tested daily using a 180-day forecast.

Figure 2b suggests that, no matter which training period,
all NRMSE values drift simultaneously at similar timestamps.
Our experiment also suggests that models trained on more
recent time periods do not necessarily result in better model
performance. For example, after COVID lockdown, a more
recently trained model (green line in Figure 2b) performs
worse than an earlier model (blue line). During training, the
green line uses all the data from June 17th to July 1st, 2019
as features and the downlink volume from December 18th to
January 1st, 2020 as the forecasting target. This means that
the model is trained on a rather abnormal period—the winter
holiday before the beginning of the COVID-19 lockdowns.
Doing so results in less accurate model predictions on the
following test dates, especially when drastic changes brought
by the COVID-19 quarantine begin. On the contrary, the
model trained on older data (blue line in Figure 2b) preserves

the performance better during COVID-19 lockdowns. This
observation opens new possibilities (e.g., optimal sample
selection) for future research in exploring the best strategies
for adapting to drift.

3.3 Naïve Retraining in Practice
In operational networks, a common approach to coun-

teract potential concept drift is to retrain models regularly.
Retraining using the latest data is often considered an ef-
fective way to deal with concept drift. Many existing solu-
tions [30, 53] adopt this approach. To understand the effec-
tiveness of this approach for the longitudinal cellular dataset
we are working with, we retrain a number of different mod-
els using different retraining frequencies. Our aim is to un-
derstand how frequent retraining has to be in order to be
effective, and if simply increasing the frequency is enough.
Note that we do not fine-tune the models because fine-tuning
is very costly for retraining and thus impractical, due to the
need for manual adjustments from human experts. For this
experiment, we use a training set of 14 days of data to fore-
cast traffic volume 180 days in the future, using the CatBoost
model. Given a retrain frequency 𝑁 , a model is retrained
using the latest 14-day data. It is evaluated using the NRMSE
for the next 𝑁 days and is then replaced every 𝑁 day.

Somewhat counter to conventional practice, we find that
simply retraining the model at regular is insufficient for
efficiently combating concept drift for a diverse, longitudinal
dataset. Naïve retraining is either less effective, or is effective
but inefficient, requiring frequent retraining. In Table 3, we
show the average NRMSE changes compared to the static
model. For lower variance KPIs, i.e., DVol, REst, and DTP,
the more frequently a model is retrained, the better results
we obtain. Unfortunately, while a 7-day retraining period
can mitigate a large portion of errors, frequent retrains are
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Retraining Δ𝑁𝑅𝑀𝑆𝐸 of Target KPIs #Retrains
Period DVol PU DTP REst CDR GDR

Static − − − − − − 0
7 days −40.34% −55.36% −27.21% −48.00% 47.79% −0.38% 169
30 days −30.66% −43.73% −21.40% −40.12% −0.75% 2.75% 39
90 days −16.83% −16.12% −19.07% −27.33% 7.89% 42.24% 13
180 days −12.22% −0.34% −14.85% −18.82% −4.20% 76.28% 6
365 days −2.27% −5.13% −10.65% −11.53% −5.97% 6.07% 3

Table 3: Changes of average NRMSE and number of retrains, over time, for different periodic retraining strategies.

very costly for the network operator. Further, we observe
that this trend breaks for bursty, high variance KPIs such
as CDR (47.79% of error increased every 7 days) and GDR
(retrain every 365 days is better than every 90 days). In this
case, frequent retraining that just naïvely uses all of the most
recent data can even adversely affect model performances.
Intuitively, a key reason that naïve retraining may not

work is that it is triggered at regular intervals, even though
drift occurrences are irregular. It does not take into account
when, where, and why drift is occurring. Thus, at times re-
training is not necessary, or it is planned before drift actually
occurs. This strategy ignores the fact that models trained
on more recent periods do not necessarily result in better
performance (Section 3.2). Further, complete data replace-
ment neglects finer-grained error information across sam-
ples, throwing away useful samples from the past.
Overall, we conclude that while retraining is essential,

naïvely performing it at regular intervals is not sufficient
for efficient and explainable drift mitigation. It works best at
high retraining frequencies and requires specific tests across
different KPIs to at best fine-tune its performance. Both are
challenging when run at scale in operational networks. Also,
naïve retraining neglects finer-grained temporal error infor-
mation across samples and thus loses explainability. This
motivates our development of the LEAF framework in the
rest of this paper.

4 LOCAL ERROR APPROXIMATION OF
FEATURES (LEAF)

In this section, we introduce LEAF, a framework for drift
detection, explanation, and mitigation. We seek to leverage
explainable AI methods to provide us with insights about
drift in order to mitigate it effectively. We describe the core
intuition behind LEAF, followed by the technical details for
each component. As a walk-through example, we use a con-
crete case (applying the CatBoost model to downlink volume
forecasting) to illustrate the framework in an operational
setting.

4.1 Insights Behind LEAF’s Design
LEAF aims to work with any regression-based supervised

model, and provide explanations for black-box models. Based
on the explanations provided, targeted mitigation strategies
can be applied. While concept drift is not a new problem,
existing solutions face two major limitations: (1) previous
concept drift explanations are limited to classification prob-
lems; (2) concept drift mitigation is often coarse-grained,
only focused on the global performance metrics.
Design choice 1: drift explanation for black-box re-
gression models. Drift explanation is a relatively new field.
In the context of malware detection, recent research has de-
veloped techniques to explain concept drift. Transcend [29]
and CADE [58] use decision boundary-based or distance-
based explanations to discover the feature sets that con-
tribute most to drift. Unfortunately, both explanation ap-
proaches only apply to classification problems, and do not
apply to prediction in general, such as the regression-based
problems we study in this paper. Moreover, these methods
only focus on explanations, instead of leveraging drift expla-
nation to perform targeted mitigation.
To extend the scope of the explanation, we envision an

approach to characterize errors of a regression model simply
based on the model input and output. The common chal-
lenge in explaining the performance of machine learning-
based solutions is that only a subset of algorithms are in-
terpretable [41]. Unfortunately, in practice, a wide variety
of uninterpretable models are used (i.e., outsourced models
such as GPT-3 [11], or black-box models). Model-agnostic
methods (such as Partial Dependence Plot (PDP) [21] and Ac-
cumulated Local Effects (ALE) plot [3, 4]) overcome this issue
by providing visual clues to the effect of different features
and set of features on the predictions of black-box models.
However, neither of these methods are able to look into local
errors (distance of predictions and ground truths) instead of
just predictions.
Design choice 2: mitigation based on local error de-
composition. Previous techniques consider global infor-
mation (e.g., error metrics like RMSE, 𝑅2; distribution-level
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Figure 3: The LEAF framework that detects (Appendix A), explains (§ 4.3), and mitigates (§ 4.4) concept drift. Our main contributions are in the
gray box marked with a star.

metrics like KL-divergence, etc.) as a signal of drift and use
it in a coarse-grained manner. For example, Paired Learn-
ers [6] use one stable learner to learn on old data and another
reactive learner to learn from the latest data, which has no
fine-grained selection of weak predictions within samples.
Our insight is that while the global error metrics provide
a good measure of the performance of a black-box model
over time, the distribution of local errors across samples on
each given time instance may be uneven. Local errors may
vary in different value ranges of a given feature or corre-
lated feature set. Our goal is to determine the extent of error
present in specific regions of the feature space, so we can
deal with these error regions strategically (e.g., forgetting,
over-sampling).

Therefore, LEAF is proposed based on a simple idea: when
concept drift is detected, the amount of local error may vary
on the feature space and thus needs to be mitigated in a tar-
getedmanner based on statistical patterns. In order to achieve
this, we (1) detect the shift in the time series of performance
metrics such as NRMSE; (2) find the most representative
features that affect drift; (3) determine the error distribution
of these features; (4) understand the temporal changes of
error distributions; and (5) make informed mitigation (e.g.,
forgetting, over-sampling) decisions based on the weakly
performed feature spaces. We describe LEAF in more detail
in the following sections.

4.2 LEAF Framework Overview
LEAF compensates for concept drift in machine learning

models by implementing a pipeline of three sequential com-
ponents: (1) a drift detector ; (2) a set of tools to explain drift
for features; and (3) a drift mitigator. Note that LEAF does
not require the use of any specific model nor internal access
to the employed model. Instead, it solely requires access to

the previously used training set data, new data as it arrives,
and the generated model.

Figure 3 shows the three steps in LEAF’s pipeline: First, the
detector ingests the outputs of the in-usemodel in the form of
NRMSE time-series to determine whether drift is occurring.
The detector applies the well-known Kolmogorov-Smirnov
Windowing (KSWIN)1 method [45, 54] on the time-series to
identify a change in the distribution of the output error, pro-
viding an indicator of whether drift is occurring. Although
drift detection is critical, it is not the main focus of this work,
as there is significant prior work on drift detection. A de-
tailed discussion of drift detection is deferred to Appendix A
as the main research contributions of this work are in the ar-
eas of drift explanation and informed mitigation. Once drift
is detected, the explainer is triggered, indicating the time
instance at which drift occurred. The explainer determines
the most representative features that contribute to drift, and
then uses Local Error Approximation (LEA) to characterize
the drift, and offer guidance for model compensation. It also
contains visual tools (i.e., LEAplot and LEAgram) to provide
insights on the time intervals where drift is most severe.
Based on the error distribution and statistical patterns, the
mitigator automatically forgets previous data, and performs
informed replacement by sampling/over-sampling targeted
regions.
We design LEAF to use discrete components to enable

network operators to use any or all of LEAF’s components
to gain insights in their existing prediction pipelines. They
can be notified of the detection of drift. They can take the
output of the drift explainer to further understand drifting

1We apply the most effective drift detection techniques in this well-explored
area [8, 9, 26, 36]. We also tested ADWIN, DDM, HDDM, EDDM, PageHink-
ley, but KSWIN was the most effective on our NRMSE series.
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features, their severity, and the regions in the dataset experi-
encing the most drift. Finally, they can use the mitigator to
automatically obtain metrics towards informed mitigation.
After a monitoring phase, operators can either decide on an
appropriate manual course of action based on the metrics
that LEAF provides, or allow LEAF to automatically replace
the original model.

4.3 Explaining Drift
To assist mitigation and help operators understand drift,

we define our goals of the drift explainer as follows: (1) to
find and group features that contribute the most to drift,
(2) to understand the extent of drift in a given range of val-
ues for feature(s), (3) to visualize errors in operational costs
and decompose them in a spatio-temporal manner. The LEAF
explanation module is based on the idea of local error de-
composition: in any regression-based black-box model, local
errors may occur in a specific range of a given feature or
correlated feature set. Once drift is discovered in the NRMSE
time-series, LEAF determines the extent of error present in
specific regions of the feature space.
Multi-group correlated features. Natural correlations of
features are often part of a dataset with a large number of
features [27, 55]. These correlated features contribute to the
performance of a model simultaneously. LEAF is designed
to explain dynamic feature attributions by finding the rep-
resentative features that provide the most valuable error
approximations. To achieve this, we first rank features by
permutation-based feature importance (i.e., sensitivity score
to permutation) [10]. Then, we group features by their cor-
relations. The grouping stops when the feature has no im-
portance value. Lastly, we choose the most representative
(i.e., highest importance score) feature from each group, as
they can represent the statistical patterns (as well as error
distribution) of the group. Using this technique, we are able
to obtain a set of representative features.
To determine if the drift explaining features carry the

correct semantic meanings, we manually examine with oper-
ators in a case study. We apply CatBoost to predict downlink
volume, same as the rest of this section. Table 4 shows the
top three correlated feature groups after the above grouping
process. The most representative feature of the 1st group
is pdcp_dl_datavol_mb, the history of downlink volume
itself. Highly correlated features include different stages of
traffic communication: side channels that carry or reflect
volume (e.g., average downlink packets from UE avg_ue_-
downlink_pkts), connection establishments and releases
(e.g., establishments of RRC rrc_establishmentsucc), and
etc. All 32 features from this group contribute to error jointly,
and thus will be used to explain the drift as a whole. Repre-
sentative features from other groups provide different views

of possible error reasons. The second group contains fea-
tures that reflect another reason: badcoveragemeansure-
ments, which measures the bad coverage of eNodeBs. This
often raises from the geographical distance between an eN-
odeB and a UE, or destructive interference, which influences
the downlink volume. The third representative feature is
rtp_gap_ratio_medium%, which is related to specifically
losing voice data packets during VoLTE call. With it being
zero in most cases, bursty gaps between packets indeed affect
traffic delivery, hence downlink volume.
Local error approximation (LEA). To decompose the er-
ror of a model on any corresponding dataset, we use the
selected representative features as features to inspect. For
each feature, we group samples based on the value of the
representative feature into 𝑁 bins (i.e., quantiles). The higher
𝑁 is, the finer the granularity of local errors that can be ob-
served. Next, a specified error metric (NRMSE by default) is
computed for samples within each bin. We aggregate these
𝑁 measurements into a vector to represent the error dis-
tribution of each local quantile. This technique yields an
approximation of local errors over the range of the most
sensitive and representative feature(s) for a certain model
and corresponding dataset. LEA characterizes the extent of
drift and opens up opportunities to mitigate it in a targeted
fashion. LEA, together with the feature grouping, provides
the foundation of the LEAF framework.
LEAplot and LEAgram. Starting from LEA, we develop
LEAplot and LEAgram to assist LEAF users to visualize lo-
cal error components, compare them across different data
subsets, and, overall, better understand root which features
most impact the occurrence of model drift. Figure 4 shows
the LEAplots of representative features from the top two
feature groups of our case study. In Figure 4a, pdcp_dl_-
datavol_mb (the history of downlink volume) is the most
representative feature from Group 1 for this model. Although
the training set has a very low error when the feature value
changes, when its value is below 1e6, the errors in “During
COVID” test set are more than 10x those of the training
set and nearly 1.5x of those in the “Before COVID” test set
above 1.2e6. Figure 4b, however, shows the LEAplots of rep-
resentative feature badcoveragemeasurements from Group
2. When the value is above 2e5, “During COVID” test set
has more errors than training set, mainly because that the
training set does not cover the range, and the model is poorly
fitted there.
These two LEAplots exhibit very different error distribu-

tions. For example, samples from the high error region of
Figure 4a are not always in that of Figure 4b. It indicates
that we can leverage this difference for iterative mitigation
on different feature groups. On the contrary, the features
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Feature group Features (rank by importance)

1 pdcp_dl_datavol_mb, avg_ue_downlink_pkts, avg_ue_uplink_pkts,
rrc_establishmentsucc, pdcp_vol_ul_drb_mb, s1_establishmentatt,
activesessiontime_minutes, bearer_setup_failure_%_qci5_den, ini-
tial_erab_establishmentsucc, erab_rels_normal_enb, · · ·

2 badcoveragemeansurements, · · ·
3 rtp_gap_ratio_medium%, · · ·

Table 4: Top 3 correlated feature groups of CatBoost model that predicts DVol. The most representative features of each group are marked in bold.
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Figure 4: The LEAplots (1,000 bins) that decomposes CatBoost NRMSE time-series in Figure 2a. The distribution of estimated local er-
ror is shown along with the values of the most representative features pdcp_dl_datavol_mb (downlink volume in Mbps, Group 1) and
badcoveragemeansurements (number of bad coverages, Group 2).

from the same group have similar error distributions (Fig-
ure 7 in Appendix B), which validates the feature grouping
process mentioned above: naturally correlated features con-
tributed to the error together, and thus should be considered
for mitigation as a whole.
LEAgram augments LEAplot by incorporating temporal

information along with error information. It shows the error
for individual samples in the entire test set, arranged tem-
porally. The test set is divided by time interval (e.g., date)
and assigns samples from those divided datasets into 𝑁 bins,
based on the quantiles of the most important feature with
regard to drift. NRMSE is computed within each bin. When
𝑁 is greater than or equal to the number of samples on each
time interval, NRMSE is equivalent to Normalized Mean
Absolute Error (NMAE).

In operational cellular networks, overestimation leads to
different outcomes compared with underestimation when
modeling for capacity planning purposes. For example, over-
estimation could result in unnecessary infrastructure expen-
diture, while underestimation can lead to user dissatisfaction

as infrastructure is not augmented when it should be. Given
these practical issues, we improve the NRMSE-based ap-
proach to create LEAgrams with two modifications: first, we
expand the choice of bin 𝑁 to be always greater than the
number of samples to see individual sample effects; second,
we change the metric to Normalized Error (NE) to preserve
the sign. Figure 5a shows the LEAgram which explains the
performance of CatBoost. From March 15, 2020 to November
1, 2020, when the value of feature pdcp_dl_datavol_mb is
above 1e6 Mb, large positive errors occur, implying overesti-
mation. Overestimations from this model occur again after
October 2021, when the value of feature pdcp_dl_datavol_-
mb is above 0.6e6. If the operator were to base decisions on
the output of this model, they may unnecessarily build new
infrastructure. The model also has negative prediction errors
above a value of 1e6, which could lead to user dissatisfac-
tion as the operator may predict that infrastructure will face
lower demand than in reality.
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(a) LEAgram (before mitigation). (b) LEAgram (after LEAF mitigation).

Figure 5: The LEAgrams that decompose NRMSE time-series, where over- and under-estimation of models are different concerns of operators and
they map back to extra infrastructure expenditure and lack of user satisfaction. (a) illustrates the decompostion of CatBoost NRMSE. (b) shows
errors of mitigated CatBoost model if LEAF applied.

4.4 Informed Mitigation

The mitigation module is based on the idea of informed
adaptation. The key is to find the optimal data subset to re-
train the model and mitigate drift. Given the information
from LEAF’s drift explainer, we can understand the features
that contributemost to drift, the amount of drift at each range
of values, and the over/underestimation status of each sample
across time. We develop forgetting and over-sampling strate-
gies using the information, and combine them organically
based on dispersion (i.e., coefficient of variance or Std/Mean
in Table 2) of the target KPIs.
Forgetting and over-sampling.When drift is detected, the
latest samples are provided to the explanation module to
derive the distribution of errors from LEA along with the
values of the most important feature(s). For example, errors
(NRMSE) are computed for 𝑁 bins of the feature range, and
they are associated with each bin. This error distribution
𝐸𝐿 shows the area of the latest dataset that is inaccurately
predicted or under-training. We first develop a strategy to
forget. Because it is a continuous process, we apply this
method to the last training set. We assign weights to each
sample based on the bin separations of 𝐸𝐿 that it falls into.
So that the weight distribution 𝐸𝑝 is proportional to the area
of the error. In those areas with high error contributions,
we throw away the samples with low weights. Then we in-
troduce over-sampling into the pipeline from the existing
collected dataset (including the latest drifting samples) based

on weights provided by 𝐸𝐿 . Afterwards, retrains are trig-
gered using this new training set. Moreover, the detection
can be activated multiple times, so each round of forgetting
and over-sampling is based on the previous round of the
restructured training set.
KPI dispersion. The dispersion of a KPI largely determines
the appropriate mitigation approach and its aggression. If
the dispersion of a KPI around the mean is high, it is more
likely to be predicted wrong, and the forgetting and over-
sampling strategy needs to be more aggressive. For example,
for the target KPIs exhibiting the coefficient of variation
higher than 1 (e.g., PU, CDR, GDR) in the latest dataset, we
forget the samples of the original dataset with linear weights
assigned in 𝐸𝑝 . In terms of over-sampling, we explicitly use
non-linear (cubic) weights [33] of 𝐸𝐿 to focus on the regions
of high error in the latest drifting instances. However, if
the dispersion of a target KPI is low (e.g., DVol, DTP, REst),
it does not require a focused over-sampling because of a
denser and more even feature space. We forget the samples
of the original dataset with over 95% error, and use linearized
weights of 𝐸𝐿 to over-sample the latest drifting instances.
Note that these thresholds and sample fractions are optimal
to our dataset and might need to be tuned for other datasets.
End-to-end Example Mitigation Case Study. Given our
downlink volume use case, we demonstrate the mitigation
performance of LEAF. Figure 5b shows the mitigating ef-
fects of LEAF on CatBoost. Once the mitigation is triggered
successfully at the beginning of December 2019, and also
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after October 2020, the under-estimation above 1e6 is eased
through strategic forgetting and over-sampling. Between
March 15th, 2020 and October 1st, 2020, and after October
2021 the extreme over-predictions above 0.75e6 are largely
reduced. Overall, Figure 5b shows a 32.68% of reduction in
Δ𝑁𝑅𝑀𝑆𝐸 compared to Figure 5a, with a major mitigation
focus of the errors at the tail. This demonstrates the effec-
tiveness of this end-to-end mitigation strategy.

5 EVALUATION
In this section, we evaluate how the LEAF framework

mitigates drift compared to baseline techniques. We present
how different mitigation schemes improve end-to-end model
performance over the Fixed Dataset. We initially focus on
the Fixed Dataset to provide an “apples to apples” compari-
son across models and to understand whether the inherently
changing nature of the dataset lowers performance for some
models. We then evaluate using the Evolving Dataset. Unless
specified, we present the performance of LEAF with a single
feature group. We focus on the comparison across mitiga-
tion schemes as Section 3 already established the need for
applying techniques to combat drift. A comparison between
LEAF and the static model is available in Appendix C.

5.1 End-to-End Comparison Across
Mitigation Schemes

In this subsection, we compare LEAF’s performance
against different practical mitigation schemes, including the
state-of-the-art approach presented in Section 3.3, i.e., naïve
retraining. We evaluate how mitigation schemes behave
across both effectiveness in sustaining model performance
over time as well as their retraining cost, i.e., how many
times they require a full model retrain. We present results
for four models (one per model family) and the six target
KPIs (Table 2).

We compare the average NRMSE over the duration of the
dataset against two baselines: the naïve retraining scheme
(see Section 3.3) that retrains the model every 30 or 90 days
(we choose these two frequencies because they present the
best performance versus retraining frequency); and triggered
retraining, which only utilizes the drift detector information,
i.e., retrain themodel using the latest available data whenever
drift is detected. For LEAF, we also control the number of
feature groups used during the mitigation phase. We show
results for one, three, and five feature groups as they are the
best performing configurations. To keep the evaluation fair
across methods, we use the same amount of data for each
retrain operation, which also controls the amount of time
needed for a single retrain across schemes. The mitigation
effectiveness is compared against a static model (trained
using 14 days of data before July 1st, 2018) for each target
KPI.
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Figure 6: Δ𝑁𝑅𝑀𝑆𝐸 vs. #𝑅𝑒𝑡𝑟𝑎𝑖𝑛𝑠 under different mitigation schemes
using CatBoost. For naïve retraining, number in parentheses denotes
the retraining period in days. For LEAF, it represents the number of
feature groups being used in the mitigation. Bottom left has the best
mitigation effectiveness and lowest retraining cost.
Figure 6 shows the trade-off between Δ𝑁𝑅𝑀𝑆𝐸 and the

number of retrains required by each scheme using CatBoost
across KPIs. Such trade-off is of particular because it pro-
vides insights not only on the performance of eachmitigation
scheme, but also on its applicability in practice in an oper-
ational network where each retrain operation might come
at a cost. Our goal is to find the scheme that achieves the
best mitigation effectiveness first, while balancing the alter-
native goal of few retrains. As such, the bottom left of each
subfigure represents the best option.
In the figure we observe that, as expected, naïve retrain-

ing every 30 days requires the highest number of retrains,
while its mitigation effectiveness never outperforms LEAF.
Naïve retraining every 90 days, however, requires the fewest
retrains except for CDR mitigation. However, the mitigation
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effectiveness is frequently inferior to LEAF’s, sitting in the
top left corner in Figure 6a, 6b, 6c, and 6d. While this miti-
gation scheme seems to perform well for CDR and GDR, it
does not achieve the best mitigation. The triggered mitiga-
tion scheme often lies in the middle, never outperforming
other schemes across either metric. It also has exponential
errors for KPIs like GDR, making it less practical among the
schemes since it does not guarantee performance improve-
ments for a model after mitigation.
Finally, LEAF consistently outperforms all baseline

schemes. Thanks to its approach focused on using error ex-
planation and informedmitigation, LEAF already exceeds the
performance of other methods across KPIs, except for CDR,
even when only using one representative feature. When
considering additional feature groups, it can achieve either
higher effectiveness or a lower number of retrains needed.
Compared to triggered retraining, LEAF is able to mitigate
more errors, with a similar or slightly higher number of re-
trains (e.g., all but CDR). For CDR, LEAF is able to mitigate a
similar amount of errors with 30.8% fewer retrains. Notably,
the number of feature groups used in LEAF also impacts
mitigation effectiveness. This will be further discussed in the
next subsection.

5.2 Sensitivity Analysis
In this section, we aim to understand which configurations

work best depending on the number of feature groups em-
ployed in LEAF and its performance across different models
and KPIs.
Different number of feature groups.Multi-group LEAF
forgets and over-samples the input dataset according to the
error distributions from more than one representative fea-
ture. Although the amount of data being resampled remains
the same, multi-group LEAF iteratively optimizes which re-
train data to use based on the input of the drift explanation
component. As shown in Figure 6, the amount of errors be-
ing mitigated tends to increase when more feature groups
are used, except for GDR. 0.34% to 2.83% more errors are
mitigated by multi-group LEAF compared to single-group
LEAF. However, the optimal number of feature groups is not
constant across KPIs. For DVol, PU, and REst, three feature
groups lead to the highest mitigation effectiveness. For DTP
and CDR, five feature groups work best. As the most dis-
persed KPI, GDR is an outlier that reaches optimality with
only one feature group. Feature importance and the number
of features within each group might be the factors that affect
the effectiveness of the mitigation.
Different models. Table 5 presents a summary of the
Δ𝑁𝑅𝑀𝑆𝐸 across different forecasting models (the lower, the
better). We highlight in gray the best-performing scheme for
each model and KPI. As expected, we find that each model

responds differently to the mitigation schemes. LEAF out-
performs baselines across most combinations of models and
KPIs, with the exception of KNeighbors. For CatBoost and
ExtraTrees models, LEAF is either the most effective or very
close to the best performing scheme across all KPIs. Further,
LEAF consistently mitigates drift across all models, i.e., their
Δ𝑁𝑅𝑀𝑆𝐸s are always negative. Other schemes, like naïve
retraining or triggered retraining, do not guarantee model
improvement across KPIs. For example, for CDR and GDR,
both schemes end increasing errors after mitigation up to
44.56% in comparison to the static models.

Additionally to improving model performance, LEAF
achieves the best results while requiring 10.3% to 76.9% fewer
retrains for CatBoost and 17% to 71.8% fewer for ExtraTrees
when compared to naïve retraining every 30 days. We vali-
date this pattern by testing on other boosting (LightGBM)
and bagging (Random Forest) algorithms and notice that it
holds across these model families.

For LSTM, we find that LEAF is drastically better at reduc-
ing NRMSE. Despite achieving slightly worse performance
for DVol and REst, LEAF is the most effective mitigation
scheme for the other KPIs. Moreover, when effective, LEAF
reduces the NRMSE by a large margin compared with the
second best results. By applying LEAF, LSTM achieves 7.71%
to 50.13% less NRMSE than triggered retraining. Surprisingly,
CDR errors are reduced by 71.52% when only 11 retrains are
required.
Finally, we observe that LEAF does not mitigate well

KNeighbors (and other distance-basedmodels). Naïve retrain-
ing every 30 days and triggered retraining using non-sampled
fresh data perform better than LEAF across all KPIs using this
model. We believe this behavior is rooted in the expressive-
ness of distance-based models and how they generalize [35].
KNeighbors employs a lazy regressor that memorizes all the
training set and uses the least distance to the nearest neigh-
bor to perform predictions. While over-sampling the error
region can show targeted improvement, the originally good
regions may perform worse because of the unbalanced added
samples. In contrast, bagging methods like Extra Trees train
weak learners in parallel [25] (or sequentially with boost-
ing [18]). As individual learners learn new samples more
independently, they are less affected by previous learners
when targetedly mitigating error regions.
Different KPIs. As observed in the previous analysis, we
find that different KPI time-series are mitigated more or less
effectively depending on their own characteristics. For ex-
ample, in CatBoost and ExtraTrees mitigation, PU has the
highest NMRSE among KPIs across models and it is among
the three most challenging KPIs to mitigate, along with CDR
and GDR. This behavior can be intuitively attributed to the
fact that PU has the highest NMRSE values over time caused
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Model KPIs Δ𝑁𝑅𝑀𝑆𝐸 (#Retrains) of Mitigation Schemes

Naïve30 Naïve90 Triggered LEAF

CatBoost

DVol −29.62% (39) −19.83% (13) −31.80% (27) −32.67% (28)
PU −44.88% (39) −16.44% (13) −35.06% (25) −46.59% (35)
DTP −20.02% (39) −16.88% (13) −23.84% (28) −24.30% (31)
REst −35.41% (39) −26.25% (13) −38.38% (25) −38.44% (31)
CDR 2.35% (39) −5.39% (13) −4.21% (17) −3.63% (9)
GDR 3.37% (39) −4.20% (13) 44.56% (17) −6.24% (19)

ExtraTrees

DVol −24.77% (39) −15.10% (13) −28.17% (32) −30.64% (32)
PU −44.26% (39) −16.30% (13) −50.76% (26) −45.83% (27)
DTP −18.13% (39) −13.80% (13) −21.63% (32) −22.59% (23)
REst −31.95% (39) −22.28% (13) −34.29% (22) −36.13% (29)
CDR 2.10% (39) −2.52% (13) 8.08% (20) −0.20% (11)
GDR −0.58% (39) 9.64% (13) 33.67% (17) −14.26% (19)

LSTM

DVol 0.54% (39) −0.97% (13) 14.12% (21) 2.67% (19)
PU 37.11% (39) 12.65% (13) 3.76% (25) −20.48% (18)
DTP 17.08% (39) 11.94% (13) −0.82% (14) −37.13% (20)
REst 6.78% (39) 3.57% (13) 5.78% (27) 4.21% (26)
CDR −33.22% (39) −56.84% (13) −21.39% (10) −71.52% (11)
GDR 0.41% (39) −0.53% (13) −8.58% (14) −16.29% (13)

KNeighbors

DVol −8.26% (39) −2.99% (13) −4.11% (16) −4.47% (24)
PU −34.09% (39) −8.08% (13) −37.99% (16) −18.11% (20)
DTP −4.73% (39) −2.52% (13) −4.03% (18) −1.53% (22)
REst −26.69% (39) −21.74% (13) −25.86% (25) −22.10% (16)
CDR 9.44% (39) 2.50% (13) 7.35% (11) 4.69% (12)
GDR −8.13% (39) −21.16% (13) −23.40% (19) −6.12% (13)

Table 5: Effectiveness of mitigation schemes measured in Δ𝑁𝑅𝑀𝑆𝐸 and #𝑅𝑒𝑡𝑟𝑎𝑖𝑛𝑠 (both are the lower the better) using Fixed Dataset. We include
representative models from different model families over a variety of KPIs.

by sudden data losses. This generates an inherent high vari-
ability and causes model collapse. CDR and GDR have low
baseline NMRSEs but are difficult to mitigate due to the
high-frequency variation they experience. We validate this
hypothesis by looking at the coefficient of variance, shown
in Table 2, where PU, CDR, and GDR have the highest coeffi-
cients of variation of 1.34, 1.35 and 2.12, respectively. These
KPIs, when mitigated by a method such as triggered retrain-
ing, actually lead to a large increase in NMRSE. Less dis-
persed KPIs like DVol, DTP, and REst, although still present
drift, are easier to adapt, because of more homogenous dis-
tribution changes.

5.3 LEAF Effectiveness on Evolving
Infrastructure

In this section, we present the effectiveness when applying
LEAF on models that aim to forecast KPIs for an evolving
infrastructure, i.e., where new eNodeBs are being constantly
deployed. In the previous analysis, we focused on a fixed

number of eNBs in the Fixed Dataset to evaluate internal
drift factors like software upgrades and user behavior pat-
tern changes. Here, we use the Evolving Dataset to test the
influence of daily sample numbers and changing infrastruc-
ture.
We evaluate the effectiveness of the mitigation schemes

across both datasets and present results in Table 6. As before,
we only show the best scheme of multi-group LEAF and
denote it as LEAF*. We observe that both naïve retraining
schemes have very close performance across the majority of
KPIs, with the exception of CDR and GDR with a retraining
frequency of 30 days. We assume that this improvement can
be recollected to the high retraining frequency of the first
scheme that enables the model to quickly capture new eN-
odeBs as they are deployed. This trend is also observed for
triggered retraining: working on the Evolving Dataset greatly
improves performance across the majority of KPIs, confirm-
ing that employing a timely drift detector is beneficial to
detect changes in the data when new elements are deployed
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Model KPIs Δ𝑁𝑅𝑀𝑆𝐸 (#Retrains) of Mitigation Schemes

Naïve30 Naïve90 Triggered LEAF LEAF*

DVol −29.62% (39) −19.83% (13) −31.80% (27) −32.67% (28) −35.12% (34)
PU −44.88% (39) −16.44% (13) −35.06% (25) −46.59% (35) −47.62% (27)

Fixed DTP −20.02% (39) −16.88% (13) −23.84% (28) −24.30% (31) −24.64% (30)
Dataset REst −35.41% (39) −26.25% (13) −38.38% (25) −38.44% (31) −41.27% (32)

CDR 2.35% (39) −5.39% (13) −4.21% (17) −3.63% (9) −6.22% (12)
GDR 3.37% (39) −4.20% (13) 44.56% (17) −6.24% (19) −6.24% (19)

DVol −29.00% (39) −19.53% (13) −30.76% (24) −32.09% (37) −32.80% (30)
PU −44.56% (39) −17.38% (13) −50.89% (24) −45.75% (24) −51.72% (26)

Evolving DTP −19.51% (39) −17.59% (13) −22.19% (30) −22.58% (27) −22.58% (27)
Dataset REst −37.51% (39) −28.33% (13) −44.01% (25) −43.66% (26) −48.01% (33)

CDR −3.79% (39) −1.24% (13) −6.79% (7) −1.33% (9) −7.15% (8)
GDR −8.46% (39) −2.65% (13) −13.21% (15) −2.06% (13) −11.99% (17)

Table 6: Effectiveness of different mitigation schemes measured in Δ𝑁𝑅𝑀𝑆𝐸 and #𝑅𝑒𝑡𝑟𝑎𝑖𝑛𝑠 (both are the lower the better) using both datasets.
We show the best scheme of multi-group LEAF and denote it as LEAF*

in the infrastructure. Finally, we observe that both LEAF
and LEAF* performance remains consistent across datasets,
while also remaining the best performing mitigation strategy.
This demonstrates that LEAF outperforms other baselines
as it both integrates a detector to identify when drift is oc-
curring as well as a more effective mitigation strategy that
can use features error information to better target the data
to use for retraining.

6 RELATEDWORK
Concept drift is a pervasive phenomenon inmachine learn-

ing that has been well-studied in various contexts and sce-
narios. We survey various aspects of concept drift, within
networking and more broadly, as well as previous work in
drift detection, explainable AI, and drift adaptation—all of
which are increasingly active research areas.
Drift in network management. Machine learning has
been applied to many networking problems, including anom-
aly detection [49, 50], intrusion detection [17, 51], cognitive
network management [5], and network forecasting [14, 40].
Few studies have explicitly explored concept drift in the net-
working context. It is, however, well-known that network
traffic is inherently variable over time. For example, mo-
bile networks exhibit different patterns of activity based on
time of day, day of week, and location in Rome, Italy [46].
Features such as latency can also drift over long periods of
time [43]. Moreover, the COVID-19 pandemic has provided
a unique example of sudden drift and its effects on network
traffic patterns, network usage, and resulting model accu-
racy [15, 20, 34, 38, 39]. Sommer and Paxson articulate that
applying machine learning to anomaly detection is funda-
mentally difficult in large-scale operational networks [52]

due to these (and other) challenges. All these factors con-
tribute to concept drift in predictive models, yet, to our
knowledge, this paper is the first to explore the effects of
these types of changes on model accuracy for network man-
agement tasks.
Drift in other related fields. Concept drift has also been
studied across other real-world contexts. For example, spam
detection faces drift challenges, as spammers may actively
change the underlying distribution of their messages [19].
Recommender systems are another context where drift oc-
curs: user side-effects such as preferences and item side-
effects such as popularity both change over time [24, 37]. Sim-
ilar situations occur in monitoring systems [44], fraud [60],
and malware detection [7, 29, 58].
Drift characterization and detection. Concept drift has
been characterized both quantitatively based on probability
distribution [24, 36, 56], as well as based on drift subject, fre-
quency, transition, recurrence, and magnitude [56]. Sources
of drift are also discussed using data distribution and decision
boundary changes [36]. A long line of research has focused
on detecting concept drift in deployed systems. A signifi-
cant body of detection methods are based on error rate [36].
For example, Drift Detection Method (DDM) [23] provides a
warning level and a detection level by detecting changes in
online error rate within a landmark time window. Another
approach is ADaptive WINdowing (ADWIN) [9], which uses
two adjustable sliding windows to store older and recent
data, and detect drift based on the differences between them.
KSWIN [45] is a recent improvement upon ADWIN which
uses KS-test to capture distances between windows. Large
scale comparisons across drift detection methods have been
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conducted [8, 26, 45] showing the effectiveness of DDM and
KSWIN. LEAF applies KSWIN to detect drift a large cellular
network. LEAF’s contribution is not to develop a new drift
detection method; rather, the contribution of this work is in
developing new explanation and mitigation techniques for
cellular networks; integrating detection, explanation, and
mitigation into a unified end-to-end framework; and evalu-
ating the utility of various end-to-end mitigation strategies.
ExplainableAI and drift explanation. Explainable AI has
recently attempted to address the challenge of black-box
model interpretation. Global model-agnostic methods, such
as Partial Dependence Plot (PDP) [21] and Accumulated Lo-
cal Effects (ALE) plot [3, 4], provide visual clues on the effect
of different features and set of features on the prediction ac-
curacy of black-box models. LEAF’s LEAplot and LEAgram
are inspired by PDP and ALE, but extend these techniques
by (1) showing errors instead of effects; (2) identifying the
correlated sets of features that contribute to drift (not just
individual features), and (3) helping to visualize how drift
evolves over time in an operational setting. Local agnostic
methods, such as LIME [2, 47] and LEMNA [28], substitute a
local model region with an interpretable one, enabling tar-
geted patching to improve accuracy. Recent research has
developed techniques to explain concept drift in the con-
text of malware detection. Transcend [29] uses statistical
comparison of samples to identify model decay thresholds
(i.e., decision boundary-based explanation). CADE [58] uses
contrastive learning to develop a distance-based explanation
to find the feature sets that have the largest distance changes
towards the centroid in the latent space. Unfortunately, both
explanation approaches only apply to classification prob-
lems, and do not apply to prediction in general, such as the
regression-based prediction problems we study in this paper.
To our knowledge, LEAF is the first framework to explain
concept drift for regression-based prediction problems for
network management tasks.
Drift mitigation. Adapting a model to migitate concept
drift is also a well-explored area [24, 36]. Adaptation can be
based on retraining or model ensemble. Retraining-based
approaches often require complex data management and
significant storage and memory. Online learning algorithms
such as VFDT [16] keep the latest instance that adapts to
slow changes. Paired Learners [6] use one stable learner to
learn on old data and another reactive learner to learn from
the latest data. DELM [57] adaptively adjusts the number of
hidden layer nodes to combat drift during retraining. Ensem-
ble methods have also been used for model adaptation [32].
Dynamic Weighted Majority [31] deals with non-stationary
streams by allocating weights on different models. Accuracy
Updated Ensemble (AUE2) [12, 13] incrementally updates
sub-models on a small portion of data to adapt to drift. LEAF

is inspired by several of these approaches, but focuses more
heavily on identifying features that lead to concept drift, and
performing mitigation at scale.

7 CONCLUSION
An important aspect of the applicability of machine learn-

ing models to networking tasks in practice is concept drift,
which can occur periodically, suddenly, or gradually over
time. Although this phenomenon has been explored in other
contexts, it has received limited attention in the networking
domain. To address this critical problem, this paper has devel-
oped, presented, and evaluated LEAF, a framework to detect,
explain, and mitigate drift for machine learning models ap-
plied to networks. The LEAF framework employs explainable
AI and informed mitigation; integrates them into an end-to-
end drift mitigation system; and is evaluated for network
forecasting problems in a large metropolitan area for one of
the largest cellular networks in the United States. Our results
based on more than four years of KPI data from this network
show that LEAF consistently outperforms both periodic and
triggered retraining while reducing the cost of retraining,
across multiple types of regression models and KPIs. We
believe that the LEAF framework can be applied beyond
cellular networks, to other network management problems
that use black-box models for regression-based prediction.
Yet, these hypotheses are yet to be explored and thus are
excellent avenues for future work. Another caveat is that the
evaluation LEAF to date has been conducted on fully labeled
datasets; thus, a promising direction could be to improve
LEAF to cope with semi-supervised or unsupervised models
with partial or no labels.
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LEAF

APPENDIX A LEAF DETECTOR
The drift detection module monitors the NRMSE time-

series and notifies operators when drift occurs. We feed
NRMSE time-series into Kolmogorov-Smirnov Windowing
(KSWIN) [45, 54]. KSWIN is a recent concept drift detection
method [45] based on KS test, which is a non-parametric
statistical test that makes no assumption of underlying data
distributions [54]. It monitors the performance distributions
as data arrives. We take the CatBoost NRMSE time-series
to forecast downlink volume as an example; the model is
trained on a total volume of 14 days of data before July 1,
2018 (illustrated in Figure 2a). Note that we do not have
the ground truths of drifts in our dataset, thus we cross-
check detection results with clear signals (e.g., missing data,
network changes due to COVID-19). By applying KSWIN,
we observe that instances of drift are detected when the data
exhibits major anomalies around June 2019, December 2019,
and April 2021. The beginning and end of the COVID-19
quarantine period are also effectively detected. We tested
KSWIN across the NRMSE time-series of the five KPIs of
interest, using different model types and different training
set sizes and periods. KSWIN performs well across all tasks.

APPENDIX B LEAF MULTIGROUP
INFORMATION

Same group LEAplot. Natural correlations of features are
often part of a dataset with a large number of features. These
correlated features contribute to the performance of a model
simultaneously. Figure 7 shows the LEAplots of features from
a same correlated group, where they exhibit similar error
patterns, demonstrating that these features are providing the
same error information.

APPENDIX C END-TO-END MITIGATION
EFFECTIVENESS

We implement the LEAF detection, explanation, and miti-
gation pipeline and evaluate model performance before and
after LEAF mitigation. We study how LEAF’s mitigation
schemes improve model performance over the duration of
the constant eNodeB dataset. As the vast majority of errors
occur in the tail end of the distribution (see Figure 5a), we
focus our study on the 95𝑡ℎ percentile of errors. Further, we
analyze the average error over time to validate the impact
that LEAF has on the model performance.

Table 7 and Figure 8, respectively, show the 95𝑡ℎ percentile
of the normalized error over the dataset and the daily NRMSE

performance for the CatBoost model when applied to 6 KPIs
(defined in Table 2). We compare results obtained applying
LEAF versus the static model (no retraining). For each target
KPI, we train a static model with the best configuration
obtained in Section 3, i.e., 14 days of data before July 1st, 2018.
We apply LEAF on this baseline. Here, we show only results

for CatBoost as the overall behavior is consistent across
different models. We report detailed performance results
across models and KPIs in the next subsection.
We observe in Table 7 that errors in the tail are largely

mitigated using LEAF on DVol, PU, DTP, and REst. For DVol,
we observe that the 95𝑡ℎ normalized error of CatBoost is ef-
fectively reduced from 0.29 for the static model to 0.19 after
LEAF is applied. PU is also significantly mitigated by LEAF,
reducing the 95𝑡ℎ percentile of errors from 0.86 to 0.27. How-
ever, CDR and GDR prove more difficult to mitigate possibly
because that these two KPIs are highly dispersed (the coeffi-
cients of variance for them are 1.35 and 2.12 respectively, 2x
to 4x higher compared to DVol, DTP, and REst). The errors
obtained are only slight improvement over the baseline.
In Figure 8 we study the NRMSE performance over time.

We observe that LEAF’s mitigation consistently improves
model performance compared to the staticmodel. TheNRMSE
obtained applying LEAF for DVol forecasting (Figure 8a)
never surpasses 0.125 (with the exception of spikes due to
data errors) and goes as low as 0.02. This ensures a bounded
error distribution and decreases the average error by 32.67%.
We also observe that mitigation promptly occurs once drift
is detected. In Figure 8a and Figure 8d, this is particularly
evident for sudden changes in the NRMSE distribution (e.g.,
around January and April 2020 because of COVID-19 lock-
downs) and gradual changes (e.g., from the second half of
2021 to the beginning of 2022). Similarly, for PU forecast
we observe in Figure 8b that large unexpected errors are
promptlymitigated by LEAF. High errors exceeding anNRMSE
of 1 caused by missing data are observed during only a week
(around June 2019), in contrast to the static model that con-
tinues to exhibit high errors for more than half a year. Finally,
While LEAF still slightly improves model performance for
highly dispersed KPIs like CDR (Figure 8e) and GDR (Fig-
ure 8f), they prove more difficult to mitigate. For example,
due to the bursty nature of GDR, LEAF exhibits two bursty
error spikes in Figure 8f, around December 2020 and August
2021, while all other KPIs do not show this pattern.
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(a) Feature group 1, the most representative feature.
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(b) Feature group 1, the 2nd most representative feature.

Figure 7: The LEAplots (1,000 bins) that decomposes CatBoost NRMSE time-series in Figure 2a. The distribution of estimated local error is
shown along with the values of features from the the group: pdcp_dl_datavol_mb (downlink volume in Mbps, most representative) and
avg_ue_downlink_pkts ( average number of downlink packets per UE, 2nd most representative).

KPI 95𝑡ℎ Error

Static LEAF

DVol 0.29 0.19
PU 0.86 0.27

DTP 0.17 0.13
REst 0.33 0.18

CDR 0.24 0.23
GDR 0.27 0.27

Table 7: 95𝑡ℎ Normalized Error for Cat-
Boost model on 6 KPIs (defined in Table 2).
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Figure 8: NRMSE time-series before (static) and after (LEAF) mitigation, using LEAF.
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