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Abstract. The growing popularity of running in Brazil has led to an increase in
amateur runner participation, creating a demand for personalized recommenda-
tions to support these athletes. This study aimed to identify runners who showed
performance improvements by detecting concept drift in their training perfor-
mance time series. Training metrics were computed and compared between pe-
riods preceding performance improvements and declines. It was observed that,
in cases of improvement, these metrics were higher compared to the periods
preceding performance declines. These differences were statistically significant
(p-value < 0.05), indicating which training patterns are associated with perfor-
mance progression and representing a first step toward deeper insights.

1. Introduction

Brazil follows the global trend of the increasing popularity of running as a sport. Between
2007 and 2015, there was a growth of over 90% in the number of road races held in Rio de
Janeiro and Sao Paulo [Thuany et al., 2021]. As the number of races grows, there has been
a shift in participation patterns, marked by the rise of recreational runners. This transfor-
mation in runner profiles also influences overall performance in competitions [Reusser
et al., 2021]. Moreover, with the proliferation of smart devices such as smartwatches, it
has become possible to understand and analyze the performance of runners with diverse
characteristics [Berndsen et al., 2019]. The resulting personal data can provide valuable
insights for longitudinal health studies, enabling the development of tools to uncover and
understand internal patterns [Smyth, 2019].

Understanding running performance is a complex task, especially considering
the wide variety of athlete profiles and the different pacing strategies adopted [Casado
et al., 2021]. Nakayama et al. [2010] demonstrated, through statistical time series anal-
ysis, that stride interval variability in trained runners is significantly lower compared to
non-runners. Complementing this perspective, a study by Besomi et al. [2018] identi-
fied distinct profiles of urban runners using cluster analysis, considering variables such
as sociodemographic data, health conditions, motivations, training characteristics, and
running-related behaviors.

By identifying how a runner’s performance develops, it becomes possible to make
more precise decisions for strategic adjustments. According to Komitova et al. [2022],
time series analysis has strong potential in understanding performance-related phenom-
ena, offering valuable methodologies to support evaluations and contributing to the devel-
opment of new strategies in sports science. Furthermore, with the growing availability of
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temporal data, there is a promising opportunity for applying machine learning to sports
analysis. Adaptive and personalized recommendations based on each athlete’s profile dur-
ing a race, for example, could lead the runner to achieve better results and support them
in reaching their goals [Berndsen et al., 2019]. The study by Smyth [2019] highlights
the importance of physical activity and the development of technologies that can motivate
people toward healthier choices, by recognizing different routines and habits and using
persuasive recommendations to transform harmful behaviors into healthier habits through
intelligent management of training load and recovery time, for instance.

In this context, the present study aimed to explore two main objectives: (a) to
analyze the historical performance time series of different runners, identifying those who
showed improvement or decline over time through concept drift detection; and (b) to in-
vestigate which training characteristics differ between periods of performance progression
and regression. The results revealed significant differences between the groups analyzed.
As an initial step toward a broader understanding, these preliminary findings are expected
to guide runners aiming to enhance their performance and contribute to more effective
training strategies in the future.

2. Theoretical Framework

In streaming environments, data streams consist of continuous sequences of information
that may exhibit shifts in their underlying distributions over time — a phenomenon known
as concept drift [Agrahari and Singh, 2024]. Such drift challenges traditional modeling
approaches, which often assume stationarity and rely on batch training, leading to de-
graded predictive performance when the data evolve [Webb et al., 2016]. In the context
of time series, where data are sequentially indexed over time, concept drift can be un-
derstood as a type of event — akin to anomalies, motifs, or more specifically, change
points — which represent significant changes in the statistical properties of the series
[Ogasawara et al., 2025]. Event detection in time series encompasses retrospective anal-
ysis, real-time monitoring, and forecasting, all of which are impacted by the presence of
concept drift and its variants.

There exists a wide range of concept drift detectors, each with distinct approaches
and sensitivities. Among the most explored in the literature are: DDM (Drift Detection
Method), which monitors the error rate and its standard deviation to identify abrupt or
gradual changes; HDDM (Hoeffding Drift Detection Method), which enhances this ap-
proach by using Hoeffding’s inequality to compare error means across batches; ADWIN
(Adaptive Windowing), which dynamically adjusts the size of a sliding window by split-
ting it into sub-windows to detect changes; ECDD (EWMA for Concept Drift Detection),
which employs exponentially weighted moving averages to provide smoother responses
and sensitivity to continuous variations; and finally, CUSUM (Cumulative Sum Control
Chart) and Page-Hinkley, which use a sequential approach that accumulates residuals or
differences from the historical mean, making them sensitive to persistent or gradual drifts
[Ogasawara et al., 2025]. The selection of the most suitable concept drift detector is
directly related to the characteristics of the data stream and the analytical objective.

3. Related Work

The use of time series based methods has gained increasing relevance in the sports do-
main, especially given the growing availability of collected data. The study by Komitova
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et al. [2022] highlights the importance of time series analysis in the sports context, empha-
sizing the application of advanced temporal data mining techniques such as anomaly de-
tection, motif identification, and trend analysis for extracting meaningful patterns. These
approaches not only enhance the understanding and automatic recognition of activities
but also contribute to detailed analysis and prediction of athletic performance over time.

With the growing popularity of wearable devices, athletes have begun to generate
data continuously during physical activities, enabling performance analysis through time
series. Stival et al. [2023] proposed a method to detect changes in runners’ time series
data generated by such devices, including heart rate and speed, aiming to monitor physical
exertion or potential health issues. In a related context, Yung et al. [2024] evaluated event
detection in historical time series during an athlete’s rehabilitation process, identifying
changes in performance metrics that signaled progress and supported physicians in mak-
ing decisions about the athlete’s return to full training. In Chang et al. [2023], wearable
devices were used to collect time series data of speed, acceleration, and joint angle during
running, applying deep learning techniques to identify stages of fatigue.

Regarding performance, numerous studies have investigated various factors as-
sociated with improvement or decline. Physical attributes, training frequency, and run-
ning experience have all been significantly associated with performance [Suwankan et al.,
2024]. A previous study found a high correlation between marathon finish times and spe-
cific training indicators, such as volume and intensity [Tanda, 2011]. In Knechtle et al.
[2011], in addition to anthropometric variables, training intensity variables were also as-
sociated with half-marathon times and demonstrated significant relevance.

Despite advances in time series analysis techniques in sports, the use of concept
drift based approaches to investigate improvements or declines in performance remains
underexplored in the literature, especially in running. Furthermore, studies that integrate
runners training history with their individual characteristics and translate these into ac-
tionable recommendations are exceedingly rare. A previous preliminary study indicated
that more experienced runners tend to exhibit fewer change points in their individual
training series [Tito et al., 2024]; however, this work did not consider speed levels and did
not further investigate long-term performance progression. The results of this study are
also expected to serve as a supporting approach for classifying runners who have shown
improvement in their performance, enabling the identification of factors associated with
such progress. Analyzing these factors can help improve training routines and provide
personalized recommendations for athletes aiming to enhance their performance.

4. Method

This section provides an overview of the main steps involved in the development of
the analysis. It describes the process of data acquisition and preprocessing, as well as
the methodologies employed for concept drift detection. Additionally, it details the ap-
proaches used to interpret the processed data, with the aim of extracting the most relevant
analyses and results.

4.1. Data Collection

A survey was conducted with runners of varying levels of experience, consisting of ques-
tions related to anthropometric data, occupational background, sports history, and training
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habits. In addition to the questionnaire, participants also shared their historical activity
data extracted from the Strava app!, which records a wide range of time series data during
runs. A total of 22 runners participated in the study, 64% of whom were male. No age
or prior running experience criteria were established for participation. Of the 22 respon-
dents, 19 provided their training histories.

4.1.1. Ethical Approval

This study was approved by the Ethics Committee of the Federal Institute of Education,
Science and Technology of Rio de Janeiro (IFRJ) under the CAAE (Certificate of Pre-
sentation for Ethical Consideration) number 85859024.5.0000.5268. The research was
conducted in accordance with local legislation and institutional requirements. Prior to
participation, all volunteers provided informed consent for the use of their data for re-
search purposes.

4.2. Data Processing and Cleaning

The data were processed using the Python programming language. For reading the ac-
tivity data, the libraries Gpxo, Fitdecode, and Tcxreader were employed, each specific
to handling data in GPX, FIT, and TCX formats, respectively. To ensure the robustness
of the results, a data cleaning step was applied, in which activities with speed events ex-
ceeding 30 km/h and distances shorter than 1.5 km were excluded, as they were unlikely
to represent running workouts. Additionally, training sessions that did not contain speed
information were also discarded.

4.3. Drift Detection

After the data processing and cleaning steps, the average speed of each individual work-
out was calculated for each runner. These averages were organized in temporal order,
forming historical performance time series. For concept drift detection in these series, the
Page-Hinkley method?, available in the River library, was employed. This method was
selected due to its widespread use in the literature and its ability to detect both increases
(drift up) and decreases (drift down) in the series behavior, as illustrated in Figure 1. In
this study, the hyperparameter threshold was set to 30, based on preliminary experiments
that balanced sensitivity and robustness — that is, the method flags a drift only after devi-
ations accumulate beyond this value, reducing false positives from small variations. This
threshold represents the maximum deviation tolerated before signaling a change, where
lower values make the method more sensitive and higher values, more stable [Ogasawara
et al., 2025].

The segment of each runner’s training history used to compute and compare train-
ing indicators — both for improvement and decline cases — was defined as follows: in
the case of improvement, the first improvement drift point over time was identified. If the
athlete had previously exhibited a decline drift point, the segment ranged from that decline
point to the improvement point, in order to understand which factors or patterns preceded
the performance enhancement. If no prior decline point was present, the segment began

! Available at: https://www.strava.com/. Last accessed on: April 25, 2025.
2 Available at: https://riverml.xyz/dev/api/drift/PageHinkley/. Last accessed on: May 4, 2025.
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at the start of the time series. For decline cases, the same logic was applied, using the
interval from the most recent prior improvement point (if available) to the decline point.
Indicators such as average total distance, standard deviation of speed, and the number of
training sessions per week and per month were calculated for both segments.
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Figure 1. Drift detection in the training history series
5. Results

Among the 19 participants who shared their training history, concept drift was detected
in 8 of them. In 3 participants, only drift associated with performance improvement was
identified, while in 4 others, only drift related to performance decline was observed. For
one participant, both types of drift were detected, indicating the presence of distinct peri-
ods of improvement and decline over time (used as an example in Figure 1).

As shown in Figure 2, the selected indicators tend to exhibit higher values in
segments associated with performance improvement. The results of the Mann—Whitney
tests comparing these segments are presented in Table 1, with all observed differences
being statistically significant (p-value < 0.05).
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Figure 2. Distribution of training indicators
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Table 1. Test results for the training indicators

Training indicators (avg) Improved runners Declining runners p-value
Distance (km) 8.46 5.29 0.00%#%*
Variation in training speed (km/h) 2.76 2.18 0.01*
Training sessions per week (freq.) 2.87 1.95 0.007%*
Training sessions per month (freq.) 11.59 4.90 0.00%*

#%p < 0.0001; **p < 0.001; *p < 0,01.

These results are consistent with previous studies, which indicate that training in-
tensity is a relevant factor in achieving faster race times [Knechtle et al., 2011; Tanda,
2011; Suwankan et al., 2024]. Additionally, as a complementary analysis based on the
information provided in the survey, it was observed that among the runners who showed
performance improvement, most reported engaging more frequently in other types of ex-
ercise. However, understanding how these individual factors and characteristics relate to
performance improvement requires further investigation.

6. Limitations

This study has some limitations. The number of participants was relatively small, which
may have affected the robustness of the results and limited their generalizability. Addi-
tionally, this study employed only a single method for concept drift detection, and it is
expected that comparing different approaches could contribute to more accurate and ro-
bust detection. Furthermore, the feature data collected during the study provide valuable
information that could be more extensively explored through prior segmentation aimed
at understanding performance based on different runner profiles, using machine learning
algorithms. A previous study analyzed different groups of runners based on biological,
training, socioeconomic, and psychological factors — such as fear of failure — and iden-
tified two distinct groups: “amateur runners” and “recreational runners” [Thuany et al.,
2020]. These findings highlight how such variables can be valuable for detecting and
understanding different runner profiles.

7. Final Considerations

This study aimed to analyze runners’ performance over time by using historical training
time series to identify patterns of improvement or decline through concept drift detection.
It also investigated which training features differ the most during periods of performance
progression and regression. The findings showed statistically significant results and the
proposed approach is expected to offer practical guidance not only to individual runners
based on their training history but also to other athletes with similar characteristics.

To achieve this broader goal, this work will be extended in future research phases,
including a deeper exploration of the information provided by athletes, aiming to under-
stand how individual factors also influence performance trajectories. This investigation
could enable prior segmentation based on runner profiles, facilitating the early detection
of improvement patterns and contributing to a better understanding of the relationships
between these characteristics and performance developments over time.
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