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Background: Blood lactate (BL) is a critical biomarker for assessing anaerobic metabolism and fatigue. Sweat lactate (SWL) and
sweat rate (SWR) have been explored as non-invasive alternatives, but their capacity to estimate BL dynamics after short-term high-
intensity exercise remains unclear.

Purpose: This pilot study aimed to evaluate whether BL dynamics can be predicted using a regression model based on the time-series
patterns of SWL and SWR measured by wearable sensors.

Methods: Five healthy male athletes (three sprinters and two endurance runners) performed a 30-second Wingate anaerobic test. SWL
and SWR were continuously monitored using a wearable electrochemical sensor and a ventilated capsule-type sweat rate meter.
Capillary BL was sampled for 30 minutes post-exercise.

Results: BL showed a delayed peak at 6.4 + 1.2 min, while SWL and SWR exhibited biphasic responses. The second SWL peak (7.5
+ 2.2 min) aligned with the BL peak. Although peak-based correlations were not significant, Pearson correlations using time-series
data revealed strong associations (r = 0.501-0.933 for SWL; r = 0.515-0.805 for SWR; all p < 0.001). A multivariate regression model
using both variables predicted BL with high accuracy (R? = 0.763, RMSE = 1.612, MAE = 0.995, p < 0.001).

Conclusion: These findings support the feasibility of a regression-based approach using sweat-derived time-series data to non-
invasively estimate BL dynamics after high-intensity exercise.
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Introduction
Blood lactate (BL) is a well-established indicator of anaerobic metabolism, fatigue, and training adaptation, particularly
during and after high-intensity exercise."” However, conventional methods for BL measurement are invasive and
intermittent, limiting their practicality in field-based settings.” In response, wearable biosensors that continuously
monitor sweat lactate (SWL) and sweat rate (SWR) have emerged as a promising non-invasive alternative.*®

Recent advances in electrochemical sensors have improved real-time tracking of sweat analytes, enabling applications
in both athletic and clinical settings.® Yang et al’ noted growing reliability in wearable SWL sensors for assessing
physiological thresholds such as lactate threshold (LT) and maximal lactate steady state (MLSS).

Although several studies show moderate to strong SWL—BL correlations under controlled conditions,*’ inconsisten-
cies remain, especially during short, high-intensity exercise. These may arise from local lactate production in eccrine

719 and dilution effects."' Notably, eccrine glands can generate lactate via glycolysis, indicating partial indepen-

glands
dence from plasma lactate.” Gordon et al® also suggested a systemic link, showing sweat lactate originates from blood
glucose via eccrine gland metabolism.

Combining multiple sweat biomarkers may improve BL estimation over SWL alone.”® For instance, Rabost-Garcia

12 . .. . .
et al ©~ demonstrated improved prediction accuracy of blood lactate by integrating sweat lactate, sweat rate, and heart rate
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in a multiparametric model. However, whether SWL and SWR alone — without auxiliary biometric data — are sufficient
to estimate BL dynamics after high-intensity exercise remains unclear.

Recent reviews suggest that, despite variability, sweat lactate monitoring shows strong potential as a non-invasive
alternative to blood lactate - particularly when combined with contextual factors like sweat rate - and early validation
studies with small, well-trained cohorts have provided supportive evidence for our exploratory approach.'?

Therefore, the purpose of this pilot study was to evaluate whether the temporal patterns of SWL and SWR, measured
using wearable sensors, can jointly predict BL responses following a 30-second Wingate anacrobic test. We propose
a regression-based model using time-series data of SWL and SWR to assess its predictive potential. This approach may
offer a simplified and scalable method for non-invasive metabolic monitoring using minimal sensor input.

Methods

Participants

Five healthy male university students (age: 21.0 + 1.7 years, height: 173.9 + 8.5 ¢cm, body weight: 63.1 = 8.0 kg, BMI:
20.8 + 0.7 kg/m?, body fat percentage: 11.8 + 2.3%) voluntarily participated in this study. The participants included three
sprinters and two endurance-trained runners, all with competitive athletic training experience. The study was conducted
in accordance with the Declaration of Helsinki and was approved by the Ethics Committee of Tokai University (Approval
No. 22121). All participants provided written informed consent.

Experimental Protocol

The test was conducted under controlled laboratory conditions (temperature: 22-24 °C; humidity: 40-55%) using
a calibrated cycle ergometer. Participants first performed a 10-minute standardized warm-up, then completed the
Wingate Anaerobic Test (WAnT)'* at a load of 7.5% of body mass on the same ergometer. Participants were instructed
to refrain from strenuous exercise, caffeine, and alcohol for 24 hours before testing. They were also required to fast for at
least 3 hours before the test, with only water permitted during this period.

SWL and SWR Measurement

SWL was continuously measured during exercise and recovery using a wearable electrochemical sensor (GSM-00013,
Grace Imaging, Japan).'> The SWL sensor was attached 2 cm medial to the upper edge of the right scapula. The device
detects lactate via a current response (0—5 mmol/L, 2.4 pA/mM sensitivity),'> with data recorded at 1 Hz via a Bluetooth
app (SweatWatch, Grace Imaging). SWR was simultaneously monitored using a ventilated capsule-type perspiration
meter (SKN-1000, Skinos, Japan) placed adjacent to the lactate sensor and calibrated before each session.

BL Sampling

Capillary BL samples were collected from the fingertip at baseline and at 0.5, 2, 5, 10, 15, 20, 25, and 30 minutes
following exercise using Lactate Pro2 (Arkray, Japan). Blood lactate concentration was modeled using a two-term
exponential equation'~ to characterize its dynamic response over time.

Statistical Analysis

Time-to-peak values for BL, SWL, and SWR were analyzed. Pearson correlation coefficients were calculated to assess
the relationship between BL and the time-series data of SWL and SWR. A multiple linear regression model was used to
predict BL from these variables. Repeated-measures ANOVA with Bonferroni correction compared peak timings. All
analyses were conducted using Python (v3.10), with significance set at p < 0.05.

Results

Figure 1 illustrates the measured blood lactate concentration after WAnT, alongside the estimated curve generated using
a binomial exponential function model, and the average changes in perspiration and sweat lactate levels before, during,
and after WANT over time. BL exhibited a single delayed peak at 6.4 + 1.2 min (Figure 1). SWL and SWR demonstrated
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Figure | Time course of blood lactate concentration, sweat lactate, and sweat rate during and after WANT.

biphasic patterns, with initial peaks at ~2 min and delayed second peaks at 7.5 = 2.2 min (SWL) and 9.8 + 1.3 min
(SWR), respectively. The second SWL peak closely aligned with the BL peak.

Peak-based correlations among BL, SWL, and SWR were not statistically significant, likely due to the small sample size. In
contrast, Pearson correlation analyses using continuous time-series data revealed strong correlations between BL and SWL (r =
0.501 to 0.933, p < 0.001) and between BL and SWR (r = 0.515 to 0.805, p < 0.001). Building on these findings, regression
analysis using the same continuous data demonstrated that SWL and SWR jointly predicted BL with high accuracy (R?= 0.763,
RMSE = 1.612, MAE = 0.995, p < 0.001) (Figure 2). The resulting regression model was expressed as:
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Figure 2 Time course of blood lactate (BL) with two-term exponential fitting and predicted concentrations following high-intensity exercise.

BL(f) = 12.12 — 17.35 x SWR(t) + 8.51 x SWL({)

with both predictors reaching statistical significance (p < 0.001).

Discussion

This study demonstrates that the combined use of sweat lactate (SWL) and sweat rate (SWR) time-series data can
effectively predict blood lactate (BL) dynamics after short-term high-intensity exercise. The biphasic profiles observed in
both SWL and SWR suggest the presence of two physiologically distinct phases: an initial rapid sweat response likely
associated with neural and local metabolic activation of eccrine glands, and a delayed response that more closely reflects
systemic metabolic processes, including lactate transport from the blood.*'!”

Our findings showed that the second SWL peak (SWL2) occurred around 7.5 + 2.2 minutes post-exercise, closely
aligning with the BL peak at 6.4 + 1.2 minutes. This temporal proximity supports the hypothesis that the delayed SWL
response is influenced by systemic lactate dynamics, potentially via lactate transporter activity within sweat glands.
Although the expression of monocarboxylate transporters (MCTs) in eccrine glands has not been directly demonstrated,

Nielsen et al'®

reviewed solute carrier (SLC) and ATP-binding cassette (ABC) transporters in the skin and suggested
possible roles in metabolite transport, including lactate. This supports the hypothesis that lactate transport into sweat may
involve MCTs or other related proteins in cutaneous structures. Supporting this, Sato’ showed that eccrine glands are
equipped with metabolic machinery capable of both producing and responding to lactate, thus acting as both local
metabolic effectors and systemic reflectors. Likewise, Gordon et al® indicated that eccrine gland lactate may derive from
blood glucose, reinforcing the systemic linkage.

In terms of predictive accuracy, our multivariate linear regression model, using continuous SWL and SWR data,
achieved strong performance (R? = 0.763). Notably, SWL was a positive predictor and SWR a negative predictor of BL,
which aligns with the notion that higher sweat production dilutes lactate concentration in the sweat matrix. Research

indicates that lactate produced by sweat gland metabolism may confound the relationship between sweat and blood
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lactate.!’ These findings are consistent with the work of Rabost-Garcia et al'> who demonstrated that combining sweat
biomarkers improved estimation accuracy of BL beyond what SWL alone could achieve. However, unlike their model,
which incorporated heart rate, our model relies solely on two sweat-derived variables, enhancing the practical applic-
ability in minimal-sensor systems.

Although peak-based comparisons did not reach statistical significance, likely due to the small sample size, the
trends observed—particularly the alignment between SWL2 and the BL peak—suggest meaningful physiological
associations. These findings align with prior studies reporting early SWL elevations preceding or paralleling BL
increases, albeit often influenced by local metabolic activity and non-thermal inputs such as central command and
muscle afferents,'%'?2°

To complement these observations, we also performed Pearson correlation analyses between BL and both SWL and
SWR using continuous time-series data. The results revealed moderate to strong positive correlations in all subjects (r =
0.625-0.884 for SWL, r = 0.699-0.876 for SWR; all p < 0.001), supporting the physiological relevance of both
biomarkers. These significant correlations further justify the inclusion of both variables in the predictive regression
model and reinforce the notion that sweat-derived measures can reflect systemic lactate dynamics.

Importantly, this study reinforces the view that using SWL alone is insufficient for reliable estimation of systemic
lactate levels due to inter-individual variability, sweat dilution effects, and local lactate production. Incorporating SWR
helps to account for these confounders. This was evident in our data: despite non-significant correlations between
individual peak magnitudes, regression modeling of continuous data yielded highly accurate predictions, suggesting that
dynamic fluctuations — rather than static peaks — are more informative for estimating systemic responses.

Technological advances have also played a crucial role. Wearable biosensors equipped with diffusion-limiting

1?! and reviewed by Yang

membranes or pH/temperature correction algorithms, such as those reported by Xuan et a
et al*? have significantly improved signal fidelity in on-body applications. In our study, the wearable SWL sensor and
ventilated capsule-type SWR meter allowed for robust temporal alignment and continuous data collection, enabling
construction of a physiologically interpretable regression model.

We acknowledge that key statistical assumptions for multiple linear regression—such as basic diagnostic checks—
were not formally tested due to the exploratory nature and small sample size of this pilot study. While this limits the
robustness of the model, the high predictive performance (R?= 0.763, RMSE = 1.612, MAE = 0.995, p < 0.001) suggests
potential utility. Nevertheless, the limited sample size also reduces statistical power and restricts the generalizability of
the findings. Future studies with larger cohorts are needed to validate model assumptions and improve reliability.
Additionally, inter-individual differences in sweat gland density, skin hydration, and sensor placement may introduce
variability in measurements. As noted by Derbyshire et al,” subject-specific calibration or normalization strategies may
be necessary. Prior research also indicates that sweat lactate does not consistently correlate with blood lactate under
conditions of high sweat rate, highlighting the complexity of non-invasive monitoring.'"**

Temporal shifts in sweat lactate dynamics under fatigue induced by constant workload exercise have also been
reported, with peak responses occurring earlier following fatigue.”* While these findings do not indicate a biphasic
pattern per se, they do support the idea that the timing of sweat lactate responses can vary across exercise modalities.
This interpretation is further reinforced by earlier physiological studies that demonstrated the rapid onset of sweating
with muscular work'” and by foundational analyses of sweat composition.*> Additionally, thermoregulatory influences on
sweat production and composition, as described in previous studies, should be taken into account when interpreting

sweat-derived biomarkers.'®

Conclusion

This pilot study demonstrated that blood lactate dynamics after short-term high-intensity exercise can be estimated with
reasonable accuracy using time-series data of sweat lactate and sweat rate. Although the sample size was small, the
proposed regression model showed strong predictive performance. These findings support the potential of wearable
biosensors for non-invasive metabolic monitoring and highlight the need for validation in larger cohorts.
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