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ABSTRACT

The reproducibility of electrospinning is strongly influenced by the ambient environment, as temperature and relative humidity
affect solvent evaporation, jet stability, and fiber formation. In practice, these variables are often documented only retrospectively,
which limits the ability of researchers to anticipate weather-driven shifts in laboratory conditions and in turn can hinder
reproducibility.

Here, we present a machine-learning-based decision-support framework for forecasting indoor laboratory relative humidity from
local meteorological measurements and forecasts and internal climate measurements. To preserve room-specific influences
such as orientation, ventilation context, and local thermal buffering, we trained and evaluated separate regression models for
four laboratories within the same building rather than assuming a single shared indoor-outdoor transfer function. We then used
site-specific weather forecasts to assess predictive performance and uncertainty across forecast horizons from 1 to 7 days.
To examine user-related indoor variability without relying on direct occupancy sensing, we additionally analyzed working-
and non-working-day patterns using a calendar-based occupancy proxy and Wasserstein-distance heatmaps. The resulting
framework provides a seven-day indoor humidity forecast with lead-day-specific prediction intervals intended to support
experiment planning under weather-responsive indoor conditions.

Because the study was conducted in four laboratories within a single building, the trained models should be understood as
site-specific rather than directly transferable to other laboratory environments. The broader contribution of this work therefore
lies in the forecasting and decision-support workflow, which can be adapted to other settings using local data. At its current
stage, the framework is intended to indicate likely indoor relative humidity shifts and their uncertainty; the experimental
significance of those shifts remains to be interpreted by the researcher in the context of the specific polymer system and target
fiber outcome.

Introduction

Electrospinning is a versatile route for producing micro- and nanofibrous materials, and the final fiber architecture is highly
sensitive to the coupled effects of solution properties, electrical forcing, distance to the collector, feed rate, and ambient
conditions during jet flight and solidification!. Among the environmental variables, relative humidity (RH) is especially
influential because it affects charge dissipation, solvent evaporation, phase separation, fiber solidification and in turn morphology,
mechanical behavior, and, in many polymer-solvent systems, crystalline structure>>. As a result, RH is not merely a background
laboratory parameter but a major determinant of process stability, repeatability, and product quality in electrospinning.

The effect of RH on electrospun fibers is strongly dependent on polymer-solution composition and desired result, which
makes humidity control scientifically important, but deciding whether to increase or decrease humidity a complex decision.
In hydrophilic or water-compatible polymer-solution systems, increasing RH can slow evaporation and delay solidification,
enabling prolonged jet stretching, bead formation, fiber fusion, or film-like defects, whereas in hydrophobic systems the same
humidity increase can accelerate water-induced phase separation and promote thicker, rougher, wrinkled, or porous fibers>.

In principle, Heating, Ventilation, and Air Conditioning (HVAC) systems should buffer electrospinning environments from
outdoor weather. In practice, however, indoor humidity often can retain a measurable dependence on external conditions over
hourly to seasonal timescales*. Studies on indoor-climate prediction have shown that future indoor RH can be forecast from
recent indoor and outdoor climate histories, although predictive accuracy depends on building behavior, data quality, and the
degree of coupling to external disturbances™%. Likewise, predictive building-control research shows that indoor states evolve
over finite horizons under the combined influence of weather, infiltration, fresh-air exchange, internal gains, and building
thermal mass, implying that future indoor conditions are dynamically structured rather than random.”-8
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Figure 1. Boxplots of daily daytime relative humidity swing in laboratories A-D by month. Humidity swing was defined as
the difference between the daily maximum and minimum relative humidity (RHmax,day — RHmin,day) measured between 08:00
and 18:00. The plots highlight both seasonal variation and inter-laboratory differences in the magnitude and dispersion of
intra-day humidity fluctuations relevant to electrospinning process stability.

This point is especially relevant for electrospinning laboratories, where even modest weather-driven humidity shifts may
move a process outside morphology-sensitive operating conditions before the operator recognizes the risk from current sensor
readings alone®>. However, although the electrospinning literature has described how humidity affects fiber outcomes and
building-climate studies have demonstrated the predictability of indoor environmental dynamics, these strands have rarely been
combined into a framework designed to support laboratory decision-making.

In this work, we propose a decision support system (DSS) for electrospinning laboratories that links outdoor weather
evolution with indoor humidity response to provide actionable forecasts for researchers. Rather than prescribing autonomous
control actions, the DSS is intended to warn operators ahead of likely weather-driven indoor RH shifts and thereby support
improved scheduling, preparation, and interpretation of humidity-sensitive experiments. Because indoor-outdoor humidity
transfer depends on room-specific boundary conditions such as orientation, ventilation context, and local thermal buffering, we
treat the forecasting problem at the room level rather than assuming a single transferable response across laboratory spaces.
In this way, the framework translates indoor-climate forecasting into practical laboratory guidance while keeping the trained
models aligned with the local conditions under which they are deployed.

Results

Humidity drift over the year

Across all four validation laboratories, the daytime relative humidity swing varied over the year and differed between rooms
(Fig. 1). Here, humidity swing was defined for each day as the difference between the maximum and minimum relative humidity
recorded between 08:00 and 18:00.

The smallest daily swings occurred in winter. In January, the median swing ranged from 1.95% in Lab A to 4.23% in Lab D,
and in February from 2.83% in Lab A to 5.24% in Lab D. Median swings increased during spring, with April values between
4.64% and 6.14%, and May values between 6.67% and 8.73%.

The highest median daytime swings were recorded from June to September. Lab A showed the largest median values in this
period, reaching 14.12% in June, 15.78% in July, 12.99% in August, and 13.28% in September. Over the same months, median
swings in Labs B-D were lower and remained between 7.81% and 10.31%.

Large day-to-day excursions were also evident in summer and early autumn. In Lab A, some individual days showed
daytime humidity swings above 30%, with the highest values occurring in September. In Labs B, C, and D, individual daily
swings also exceeded 15% during this period.

Differences between laboratories were present throughout the year. Lab A generally showed the largest daytime swings
from May to September. By contrast, Lab D showed the highest winter medians among the four rooms, with median swings of
5.40% in November, 5.89% in December, 4.23% in January, and 5.24% in February.
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Figure 2. Workday impact on variance in given timeframes for Lab A: Days are categorized into working and non-working
days with working day categorization (15). The data is plotted over hour of day to compare variance in form of whisker spread
(Tukey’s Fences)

Working-day occupancy proxy analysis

To assess whether human activity introduced a systematic and learnable signal into the indoor climate, indoor temperature
was analyzed using a calendar-based working-day proxy. Across the four laboratories, the comparison between working and
non-working days revealed clear time-of-day differences, indicating that room usage contributed measurably to short-term
indoor climate variability. Temperature was particularly suitable for this comparison because occupancy-related effects appear
more directly and rapidly in the thermal signal: human presence, door opening, and experiment-related activity can alter indoor
temperature over short time scales, whereas relative humidity is typically more buffered by moisture storage in the room and
pressure disturbances tend to equalize quickly®-'°.

The hourly boxplots in figure 2 showed that temperature distributions during working days were consistently broader than
during non-working days, particularly within the core daytime period. This effect was expressed less by a strong shift in median
temperature than by an increase in spread, with the whisker extent generally exceeding those of non-working days.

The day-by-hour Wasserstein distance analysis in figure 3 confirmed these observations and provided a more explicit view
of weekly laboratory use patterns. When non-working days were used as the low-occupancy baseline, the resulting heatmaps
showed elevated distances primarily during normal working hours, demonstrating that weekday temperature distributions
deviated systematically from the baseline state. The strongest deviations were concentrated in the daytime, whereas nighttime
periods remained comparatively similar to the non-working reference, consistent with reduced room activity outside regular
operating hours.

A recurring weekly structure was visible across the laboratories. Monday and Friday generally showed smaller deviations
from the non-working baseline than the mid-week period, whereas the central weekdays showed larger and more persistent
deviations.

Room-specific differences were also apparent. Laboratories with standard daytime use showed broad weekday daytime
deviation windows, the laboratory characterized by earlier and longer experiments showed an earlier onset of deviation from
the non-working baseline, and the intermittently used laboratory showed stronger deviations concentrated on mid-week days.

Model performance

The blocked temporal validation showed that indoor relative humidity in Lab C could be predicted from engineered outdoor,
temporal, solar-geometry, and calendar-based features. Figure 4 shows that across the model achieved mean absolute errors
between 0.532 and 2.154 percentage points RH and R? values between 0.9179 and 0.9927.

Model performance was strongest in January, February, November, and December, where the MAE remained below 0.8
percentage points RH and R? ranged from 0.9826 to 0.9928. October showed an MAE of 0.857 percentage points RH and
R?=0.9817.

Performance was lower from March through September. Within this period, the highest MAE was observed in September at
2.154 percentage points RH, while the lowest R> was observed in March at 0.918.

When the final model was trained on the full available development dataset and evaluated on a fully unseen period from 8
December 2025 to 9 March 2026, it achieved an MAE of 0.747 percentage points RH and an R? of 0.982, as shown in Fig. 5.

Feature-importance analysis in Fig. 6 showed a similar ranking across the tree-based models used for Lab C. In both
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Figure 3. Probability distribution shifts for indoor temperature (Wasserstein): Computed by comparing working and
non-working days and plotted on a Day-Of-Week Hour-Of-Day heatmap to visualize temporal patterns in lab usage. Brighter
colors indicate a higher variance difference between working and non-working days for the given hour of day and day of week.
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Figure 4. Monthly distribution of residual errors from blocked-month validation of the XGBoost model for indoor relative
humidity prediction. Residuals are defined as RHpegicted — RHopserved and are reported in percentage points for all 10-min
observations within each held-out calendar month. The figure therefore summarizes month-specific model performance and
spread across the annual cycle, while the labels above each month give the corresponding coefficient of determination (R?) and
the number of evaluated samples (n).
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Figure 5. Prediction of indoor relative humidity in Lab C using the most recently updated forecast'!. The left panel shows
observed indoor relative humidity and the corresponding forecasted indoor relative humidity over time, together with forecasted
outdoor relative humidity on the secondary axis. The right panel shows predicted versus observed indoor relative humidity,
with the close clustering around the 1:1 reference line indicating high predictive accuracy.

Random Forest and XGBoost, outdoor dew-point variables received the highest importance scores, with the 1 h, 2 h, and 3 h
moving averages ranked highest in both models, whereas outdoor temperature, solar-geometry, and calendar-based variables
showed lower importance values.

No lagged indoor humidity terms were included in this baseline configuration.

Model forecast performance across prediction horizons

Model performance decreased systematically with increasing forecast horizon for all evaluated approaches. Across days 0-7,
mean absolute error increased, R? declined, and the 95% predictive interval width broadened, indicating the expected loss of
forecast skill with lead time, as shown in figure 7.

The multilinear regression (LR) baseline performed worst throughout. Its MAE increased from 2.74 on day O to 6.70 on
day 7, while R? decreased from 0.814 to —0.10. In parallel, the 95% predictive interval width increased from 15.26 to 34.48,
showing that the linear model was not able to represent the longer-horizon humidity dynamics reliably.

At short forecast horizons, the random forest (RF) model achieved the strongest overall performance. On day 0, RF yielded
the lowest MAE (0.17), the highest R? (0.965), and the narrowest 95% predictive interval width (5.37). RF remained the
best-performing model through day 2, with consistently lower errors, higher explained variance, and narrower predictive
intervals than XGB over the near-term horizon.

At intermediate and longer forecast horizons, the performance gap between the two non-linear models became small, and
XGB generally took the lead. Beginning on day 3, XGB achieved slightly lower MAE, higher R?, and narrower predictive
intervals than RF in most cases. For example, on day 4, XGB reached an MAE of 2.86, an R? of 0.778, and with an interval
width of 16.38, marginally outperforming RF in this regard.

By the longest horizon, all models showed substantial degradation, but RF provided the strongest overall performance
among the non-linear approaches. On day 7, XGB achieved the lowest MAE (4.93), the highest R> (0.409), and the narrowest
95% predictive interval width (26.19), while RF followed closely with similar but slightly weaker results. This suggests that RF
was preferable at short lead times, whereas XGB was more robust at longer forecast horizons.

Overall, the comparison revealed a clear separation between the simple linear baseline and the more flexible non-linear
models. RF was most effective for short-term prediction, whereas XGB was more accurate at longer horizons, particularly when
overall robustness across error, explained variance, and predictive uncertainty was taken into account. Such horizon-dependent
behavior is consistent with previous indoor-climate forecasting studies, in which predictive performance typically declines with
lead time and depends on the extent to which the model captures non-linear building response and external disturbances.”~”.

Because all methods were supplied with the same forecast input, the similar increase in error at longer lead times indicates
that horizon-dependent input uncertainty dominates the total prediction error; the methods therefore do not converge, but
deteriorate similarly under the same forecast constraints.

Operator-facing decision support output

To translate the forecasting framework into a form usable during laboratory planning, the final model output was rendered as an
operator-facing decision-support visualization for Lab C. The DSS presents indoor relative humidity as a continuous 7-day
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Figure 6. Feature importance for indoor humidity prediction in the electrospinning lab (Lab C) using Random Forest and
XGBoost models. Relative importance is shown on a logarithmic scale. In both models, outdoor dew-point variables,
particularly the 1 h, 2 h, and 3 h moving averages, rank highest.

Humidity MAE Humidity R* Score 95% Uncertainty Width (Spread)
10
Model . i Model % Model .
s IR T L] e IR e IR
6 RF ¥ % RF % RF
+ XGB 8. —e Fa % = XGB % . xcB .
.
o ] L =
it |
§ » 1 ag ° M ® T W
5 )
[ % @ g il
g4 . : 8 = )
3 204 5 s « g2 ’
& . " = = . '
§ ° * i
g3 - %
= . . 3
2 | 10 + H
! c 0.0 et e e =
M. . 5 x
0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
Days Ahead Days Ahead Days Ahead

Figure 7. Forecast performance of multilinear regression (LR), Random Forrest (RF), and Extreme Gradient Boosting (XGB)
models for indoor humidity prediction at increasing lead times. Model performance is shown for prediction horizons from 0 to
7 days ahead using three metrics. The left panel presents humidity MAE, the middle panel presents humidity R?, and the right
panel presents the 95 % uncertainty width, allowing direct comparison of accuracy, explained variance, and predictive spread
across models and forecast horizons.
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Figure 8. Operator-facing 7-day decision-support output for Lab C. The magenta line shows the forecast indoor relative
humidity. The black line indicates measured indoor relative humidity and is shown in this figure for evaluation and visual
comparison only; it is not part of the operational DSS, which relies exclusively on forecast information. The dashed green line
shows forecast outdoor relative humidity as contextual weather forcing. Shaded bands indicate calibrated prediction intervals
(50 %, 90 %, 95 %, and 99 %) applied separately for each forecast lead day, such that uncertainty increases with prediction
horizon. Horizontal dashed lines are user defined working upper and lower limits for a specific polymer solvent combination.

Vertical dotted lines mark day boundaries and support identification of the timing and confidence of potential RH excursions
relevant to electrospinning operation.

forecast together with the corresponding outdoor humidity signal and nested calibrated prediction intervals, allowing expected
indoor RH evolution and forecast uncertainty to be assessed simultaneously.

Figure 8 shows that the forecast output retained short-term structure in the indoor humidity trajectory while also communi-
cating the progressive loss of certainty at longer lead times. Because prediction intervals were calibrated separately for each
forecast day, uncertainty expanded in a horizon-aware manner rather than being represented by a single fixed band across the
entire 7-day window.

The resulting display functioned as a warning-oriented summary of the forecast state. It allowed periods of probable
RH excursion to be identified in advance, together with the timing and confidence of those excursions, thereby converting
the probabilistic forecast into information directly relevant for electrospinning planning under weather-responsive indoor

conditions.

Discussion

The present study shows that relative humidity in laboratory spaces connected to air handling units cannot be treated as a
static background condition, even when the rooms are embedded within a centrally conditioned building. Instead, the indoor
environment behaved as a damped but dynamically responsive system in which outdoor weather signals remained visible
indoors over short time spans. For electrospinning, this is practically important because RH directly affects charge dissipation,
solvent evaporation, jet solidification, phase separation, surface morphology, pore formation, and fiber diameter?.

A central implication of the results is that building-level climate control alone did not fully suppress weather-driven
variability in the investigated laboratories. The observed humidity drift suggests that indoor RH emerged from the interaction
of outdoor moisture forcing, envelope buffering, air exchange, solar exposure, and room-specific operating conditions rather
than from strict humidity regulation at room level. This interpretation is consistent with indoor-climate forecasting studies
showing that future indoor conditions depend on both external disturbances and the dynamic response of the building, including
inertia, ventilation, and control regimes’ 12,

The magnitude of the observed variability is also relevant for electrospinning practice. In the present data, daytime RH
swings of around 15 percentage points occurred within a single working day, and in Lab A some summer and early autumn days
exceeded 30 percentage points. Changes of this order are large enough to move the process across RH ranges that are known to
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alter electrospun fiber morphology and size®. Across the electrospinning literature, RH shifts have been reported to induce or
suppress bead-on-string formation, change pore density and surface roughness, and produce large diameter changes, including
an approximately 300% increase for PS between 10 and 70% RH and a fourfold decrease for PVA between 4 and 60% RH?.

For multi-hour runs, this means that fibers deposited at the beginning and end of a single production sequence may not be
formed under equivalent ambient conditions even when all nominal machine settings are kept constant. In such cases, variation
may develop within the product itself rather than only between separate runs. Because RH affects not only mean fiber diameter
but also porosity, surface structure, and fiber-fiber interactions, this type of intra-run drift can complicate interpretation of
product quality, especially when the resulting heterogeneity is distributed through the mat rather than confined to a clearly
separable top or bottom layer.

The occupancy proxy analysis further indicates that not all unexplained indoor variability should be attributed to weather.
The clear weekday and hour-of-day structures found in the temperature-based working-day Wasserstein heatmaps (Fig 3)
suggest that user presence, door opening, and experimental activity introduced additional short-term disturbances that were
systematic rather than random. This matters for predictive modelling because it implies that part of the residual climate signal
might in principle learnable from temporal and calendar features, even in the absence of direct occupancy sensing®”.

The month-wise validation results indicate that forecast difficulty was not constant throughout the year. Lower errors
in winter and late autumn, together with weaker performance in late spring, summer, and early autumn, suggest that the
indoor-outdoor coupling was not stationary across the monitoring period. A plausible explanation is that the relationship
between outdoor forcing and indoor humidity changed with the thermal operating state of the building, for example between
heating-dominated, cooling-dominated, and transitional periods. This interpretation remains tentative because the present
dataset does not yet cover multiple years.

Regarding feature-importance analysis, across both Random Forest and XGBoost, the most influential predictors were
outdoor dew-point variables, particularly the 1 h, 2 h, and 3 h moving averages. The steep gradient in feature importance
suggests that, for this building, outdoor dew point is the dominant driver of indoor RH prediction, likely because the centralized
ventilation system continuously exhausts indoor air and supplies fresh outdoor air, thereby creating strong coupling between
indoor and outdoor moisture conditions. This is in line with findings from Mendes et. al. with strong coupling of absolute
outside and inside humidity in a similar vented clean room* and Psomas et. al. also state that ventilation is a critical factor
regarding relative indoor humidity'3. The lower-ranked contribution of solar, temperature, and calendar-based variables does
not imply that these factors were irrelevant. They still contributed to overall model performance, although their predictive effect
was weaker than that of the moisture-related descriptors within the present feature set and study period.

The model results support that interpretation. Even under the deliberately restrictive baseline formulation, in which no
lagged indoor humidity terms were provided, indoor RH in Lab C could be reconstructed with high accuracy from engineered
outdoor, temporal, solar-geometry, and calendar-based predictors alone. This indicates that the selected exogenous feature
set captured a substantial part of the physically meaningful forcing structure governing indoor humidity. At the same time,
the month-wise blocked validation showed that forecast difficulty varied across the year, with lower errors in winter and late
autumn and weaker performance in late spring, summer, and early autumn. Although the current dataset does not yet justify a
strong annual-seasonality claim, the pattern suggests that the indoor-outdoor transfer function was not stationary and may have
changed with the thermal operating state of the building, particularly between heating-dominated, cooling-dominated, and
transitional periods.

A likely methodological extension would be to include lagged indoor humidity or temperature terms and to propagate
predictions recursively across the forecast horizon. Such an approach could plausibly improve predictive performance, especially
at short lead times, because many indoor-climate forecasting studies use historical indoor-state information to represent inertia
and delayed system response>®. However, it would also make the framework more operationally demanding by increasing
model complexity, tightening the dependence on uninterrupted recent indoor measurements, and introducing additional error
propagation as each forecast step becomes an input to the next. In the present context, the decision to rely on exogenous
predictors and current indoor sensing therefore served not only as a conservative modeling test, but also as a deliberate
design choice in favor of accessibility, portability, and low-barrier deployment across laboratories with limited monitoring
infrastructure.

An important methodological implication is that these indoor-outdoor transfer characteristics should not necessarily be
expected to collapse into a single shared response across rooms. The four laboratories differed in window orientation, room
size, ventilation context, and typical usage pattern, and the occupancy-proxy analysis showed that these usage differences
were reflected in distinct temporal disturbance structures. For that reason, the use of separate room-level models should be
understood not as a weakness of the framework, but as a deliberate design choice that preserves laboratory-specific climate
dynamics relevant to operational forecasting. In the present application, the aim was therefore not to maximize room-to-room
generalization, but to obtain the most decision-relevant forecast for each target laboratory under its own local boundary
conditions.
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The horizon-dependent model comparison adds a second practical insight. Forecast skill decreased systematically with
lead time for all approaches, which is expected because longer-range predictions must propagate uncertainty from both the
indoor response and the weather forecast itself. The strongest near-term performance of the non-linear models, together with
the weaker performance of the linear baseline, suggests that the humidity dynamics of the laboratories are not well described by
simple linear relationships alone. This agrees with prior building-forecasting studies, which report that predictive performance
depends on how well the model captures non-linear interactions between recent boundary conditions, internal loads, and the
dynamic state of the building>~".

From a laboratory operations perspective, these findings justify the use of a decision support system rather than relying only
on current sensor readings. In electrospinning, the critical issue is often not that humidity eventually changes, but that it crosses
morphology-sensitive ranges before the operator has time to react>>. A forecast-centered DSS can therefore create practical
value even if it does not eliminate uncertainty: it gives the operator time to postpone a run, bring forward a run, adapt polymer
concentration or solvent composition, prepare the room earlier, or interpret later fiber deviations against forecast humidity
stress. This operator-facing concept also fits the actual needs of electrospinning laboratories better than autonomous HVAC
control, because the relevant intervention is dependent on the desired outcome and often needs a manual change in process
setup rather than a direct actuation of the building system.

The present empirical demonstration was carried out in four laboratories within a single building, so the specific transfer
functions learned here will likely require re-estimation or adaptation for laboratories with different constructions or operating
regimes. The proposed model was developed and validated in a laboratory environment where each room is served by a
centralized air-handling unit. However, the broader contribution of this work is not a single globally transferable fitted model,
but a forecasting and decision-support framework that can be adapted to other laboratories through the same pipeline of indoor
and outdoor data acquisition, preprocessing, feature engineering, uncertainty calibration, and user-facing warning output. In
that sense, the framework is intended to be portable, while the trained models remain site-specific and should be re-estimated
using local laboratory data.

Second, the available monitoring period did only represent one year, so any interpretation of seasonal dependence must
remain provisional. Third, the occupancy analysis was based on a calendar proxy rather than direct measurements of presence,
door state, or experiment schedules. This may leave some user-driven disturbances only indirectly represented, but it is also a
deliberate strength of the framework, because it keeps the required instrumentation limited to indoor climate sensing, outdoor
weather data, and forecast inputs, thereby improving accessibility and lowering the barrier to adoption in laboratories that
do not have access to more specialized building-monitoring infrastructure. Fourth, although Lab C was the electrospinning
laboratory of primary interest and therefore the main focus of detailed exogenous-feature validation, future studies should
evaluate the full framework across a broader range of laboratories and climates to test how readily the feature set, model classes,
and uncertainty-calibration strategy transfer to other operational settings. Finally, the current forecasting framework predicts
indoor humidity but does not formally encode polymer-specific response thresholds, the translation from forecasted RH to
expected fiber consequences is intentionally left to operator expertise, with formal polymer-specific thresholds identified as a
key target for future enhancement.

These limitations point directly to the next development steps. Longer monitoring periods covering multiple full seasonal
cycles would allow the stability of the indoor-outdoor coupling to be tested more rigorously and would improve blocked
temporal validation under truly repeated annual regimes. Incorporating direct occupancy indicators, door events, or local
ventilation-state information could still be explored as optional extensions for settings where such data are available, but they
are not a prerequisite for using the present framework. Equally important, the framework is well suited to continuous refinement
during operation, because newly collected local sensor data can be incorporated into periodic retraining and recalibration cycles,
allowing the forecasting model to improve over time as it observes additional seasons, weather regimes, and laboratory usage
patterns. Most importantly for electrospinning practice, future work should link the humidity forecast to formulation-specific
process windows so that the DSS can move from a general warning system to a polymer-aware advisory tool that translates
predicted RH excursions into concrete, human-readable recommendations for laboratory operation.

Methods

Validation laboratories

To validate the proposed forecasting and decision-support approach, four laboratories within the same centrally conditioned
building were selected as test environments. The buildings air exchange system consists of a central large air handling unit
with filters, a heat recovery system and heating and cooling coils to precondition the fresh air and releases the exhaust air.
The exhaust air from the fume hoods is vented separately. The rooms were chosen to span relevant boundary conditions for
indoor humidity dynamics while maintaining broadly comparable building services. Laboratory A is a small north-facing room
with heating, ventilation, and centralized air conditioning, used mainly during standard daytime operation. Laboratory B is
a large north-facing room with the same building services but a more intermittent usage profile, with activity concentrated
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primarily on Wednesdays and Thursdays. Laboratory C is a small east-facing room with comparable building services and is
characterized by an early daily start and longer-duration experiments. Laboratory D is a large east-facing room with the same
service configuration and standard daytime use. The Laboratories all have an air exchange rate of 50 m%h are located in the
Leibniz University Hannover campus for mechanical engineering in Garbsen Germany and were built in 2019.

Separate room-level models were used rather than assuming a single shared indoor-outdoor transfer function across all
spaces, because local boundary conditions were expected to modulate how outdoor weather signals propagate indoors. In
particular, differences in room size, orientation, usage schedule, and local cooling context were expected to influence solar
gains, buffering behavior, and the effective coupling between outdoor and indoor humidity conditions. The observed weekday
structure was broadly consistent with operational impressions and with German hybrid-work statistics showing that workplace
presence is typically higher on Tuesdays through Thursdays than on Mondays and Fridays'4.

Data acquisition

Indoor climate data were collected at 1 min resolution using Bosch BME280 sensor modules interfaced with Raspberry Pi units.
The sensors measured air temperature, relative humidity, and barometric pressure, and all observations were transmitted via the
local area network to a backend server running a database for storage and retrieval. Continuous indoor monitoring data were
available from 14 April 2025 onward.

Meteorological boundary conditions were compiled from two external sources. Deutscher Wetterdienst (DWD) data were
used for model training owing to their finer temporal resolution (10 min) and included air temperature, relative humidity,
pressure, diffuse sky radiation, global radiation, and sunshine duration. Open-Meteo data were used both to reconstruct past
forecasts for the calibration of prediction intervals and to provide operational forecast inputs at hourly resolution. All time
series were cleaned and synchronized prior to analysis'> 1517,

DWD station data were used as meteorological inputs; however, solar radiation variables for the Langenhagen station were
no longer available from 16 December 2025 onward. Consequently, station-based solar predictors were only used up to this
date.

Data preprocessing

Raw outdoor data from DWD were parsed from compressed station files and converted to timestamped tabular records.
Air-temperature and solar datasets were merged on their common time index, non-informative metadata columns were removed,
and the remaining variables were renamed to physically interpretable labels. For the DWD station record, only observations
after 14 April 2025 were retained for further processing.

Outdoor data quality control was performed before interpolation. Records were retained only when air temperature and
relative humidity were both available and within physically plausible bounds (—100 to 100°C for temperature and 0 to 100%
for relative humidity). The cleaned outdoor series were then resampled to 1 min resolution and linearly interpolated onto a
regular time grid. To avoid bridging major outages, gaps of 20 min or longer were identified prior to interpolation and flagged;
timestamps falling within such gaps were excluded from the final merged dataset.

Indoor sensor exports were concatenated across files, timestamps were parsed and rounded to 1 min resolution, and the
measurement columns were converted to numeric format. For each room, temperature, pressure, and relative humidity were
aggregated to 1 min means. Indoor records were retained only when temperature and relative humidity were present and within
the same plausibility bounds applied to the outdoor data.

The cleaned indoor and outdoor datasets were merged by timestamp for each room. Rows associated with previously flagged
large interpolated outdoor gaps were removed, and rows lacking valid outdoor temperature or humidity after merging were
discarded. The resulting room-specific datasets were exported as analysis-ready time series for subsequent feature engineering
and model development.

Feature engineering

From the cleaned indoor-outdoor time series, additional predictors were derived to represent moisture state, temporal periodicity,
solar exposure, recent weather history, and expected occupancy-related effects. This follows common indoor-climate and
building-prediction practice, in which derived psychrometric variables and calendar-related descriptors are added to the predictor
set to better represent non-linear environmental dynamics®”.

Moisture-state variables. Dew-point temperatures were calculated from air temperature and relative humidity using the
Magnus-Tetens approximation'®. An intermediate term, y(T,RH), was first defined, after which the dew-point temperature,
Ty, was obtained as follows:

RH) LT ¢y(T,RH)

Y(T,RH) =In (100 T’ (D Ty = m 2
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where b = 17.625 and ¢ = 243.04°C corresponding to a commonly used Magnus coefficient set for dew-point calculations.'.

The inclusion of derived moisture variables is consistent with earlier indoor-climate forecasting studies, in which psychrometric
transformations such as absolute humidity were introduced to represent moisture dynamics more effectively than raw temperature
and relative humidity alone> %20:21,

Temporal descriptors. To preserve the cyclical structure of time, temporal variables were encoded using circular transforma-
tions. For hour of day / and day of week dy.ccx cosine encodings were defined as

2rh 2rd
heos = €OS (24) ) 3) dyeck,cos = COS <7week> ) “4)

Such time-based descriptors are well aligned with prior building-prediction studies, in which calendar information is used
to represent recurring patterns in occupancy, equipment use, and indoor environmental response®7-2%-22-24,

Solar-exposure variables. To represent room-specific solar loading, solar-radiation variables from DWD and Open-Meteo
were first harmonized to a common irradiance basis consisting of global horizontal irradiance, Iy, diffuse horizontal irradiance,
Ipyr, and direct normal irradiance, Ipny. The solar zenith angle, 6y, and solar azimuth, 7;, were evaluated at the midpoint of
each interval. For DWD observations, the provided zenith angle was used directly; for forecast records, solar position was
derived from timestamp and site location.

For a surface with tilt § and azimuth %, the angle of incidence, 6;, was calculated as

cos(6;) = cos(0s) cos(B) + sin(6y) sin(B) cos(¥ — Yw)- 35)
For vertical windows (8 = 90°), this reduces to
cos(6;) = sin(6s) cos(Ys — Y%y)- (6)

The beam-exposure factor, Fyeam, Was defined as

cos(6;), if B, <90° and 6; < 90°,
Foeam = { ( l) ’ . l (7)
0, otherwise.
When direct normal irradiance was not available directly, it was estimated from the horizontal beam component as
Igur — I
max (o, GHIDHI) . if 6, < 90°,
Ipnt = cos(6y) 3
0, otherwise.
The effective solar-impact feature was then defined as
1 4-cos
Lett = IpN1 Foeam + IDHI % )]
For vertical windows (8 = 90°), this simplifies to
1
Lett = IpN1 Foeam + EIDHI' (10)

Outdoor weather-memory and change variables. To provide the model with short-term meteorological context, rolling
averages were computed for outdoor variables over a 6 h window. For a generic outdoor variable X;, the rolling mean was
defined as
o 1!
Xi=—) X 11
t N l;o 1—1 ( )

where N denotes the number of samples within the 6 h window.
In addition, 1 h first-difference features were computed for outdoor temperature and relative humidity to capture the
direction and short-term rate of change in meteorological forcing:

AT =T — T, (12) ARH™ = RH™ — RH™,,. (13)

These features were introduced to represent delayed indoor response to recent outdoor forcing. Whereas the rolling averages
describe the recent exposure history, the first-difference terms capture whether outdoor conditions are increasing or decreasing
over the last hour. This formulation is consistent with prior building time-series studies that combine weather variables with
historical information to account for inertia and lagged system behavior>~71%23,
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Working-day indicators To account for occupancy-related differences between regular working days and reduced-activity
periods, calendar indicators were derived from German public holidays and predefined university closure periods. Let D denote
the set of public holidays and institutional closure dates. The holiday indicator, H;, and the working-day indicator, W;, were
defined as follows:

o 1, ifdate(r) € D, (14)
"= 0. otherwise, W, =¥ (dayofweek(r) < 5) A (H; =0). (15)

This feature design is consistent with earlier building-prediction work showing that time and calendar variables can serve as
proxies for occupancy schedules and related internal loads® 7202326,

Working-day occupancy proxy analysis

To estimate usage-related effects on the indoor climate without relying on direct occupancy sensing, a calendar-based occupancy
proxy analysis was performed for each room. Following the common use of calendar information as a surrogate for building-use
patterns, days were classified as working days or non-working days based on weekday, German public holidays, and a predefined
winter closure period from 22 December 2025 to 4 January 2026%7-2%-25 All timestamps were converted to the local time zone
(Europe/Berlin), and the hour of day and day of week were extracted from the time index.

Two complementary visual analyses were used. First, hourly distributions of the selected indoor variable were compared
between working and non-working days using boxplots. These plots were used to assess whether the central tendency and
spread of the variable changed systematically between regular operation and reduced-activity periods.

Second, a distribution-based distance analysis was carried out using the first Wasserstein distance. To reduce the influence
of extreme values, outliers were removed using the 1tile range rule. For each hour of the day, the non-working-day observations
were taken as the baseline distribution, representing an approximate low-activity room state. The first Wasserstein distance W
was then calculated between this hourly baseline distribution and the corresponding distribution for each day-of-week and hour
combination, as defined in Equation 16. The resulting distances were arranged as a day-by-hour heatmap, where larger values
indicate a stronger shift away from the non-working baseline and thus a larger usage-related perturbation of the indoor climate.

1
Wl = Wl (Fday,houraFnon—working,h()ur) = /0 ‘Fd;yl,hour(u) - Fn;rll—working,hour(u) du. (16)

Forecasting model development and blocked temporal validation

To test whether the engineered exogenous feature set was physically informative, a deterministic outdoor-only baseline model
was first developed using observed outdoor weather data from DWD together with measured indoor relative humidity. This
baseline was intended as a feature-validation step under known boundary conditions rather than as the final deployment model.
The target variable was indoor relative humidity in Lab C, as it is the laboratory used for electrospinning, while the predictor
set consisted exclusively of engineered outdoor, temporal, solar-geometry, and calendar-related features. No lagged indoor
measurements or other indoor history terms were included in this baseline configuration. After feature generation, rows with
missing values were removed.

Model development was performed using XGBoost regressor. Temporal generalization performance was assessed using a
blocked temporal validation strategy. For each available calendar month, all samples belonging to that month were withheld as
an external test block, while the remaining months formed the development pool. This design avoided evaluating the model on
randomly mixed neighboring samples from the same period and instead tested whether a model trained on other parts of the
year could reproduce indoor humidity dynamics in an unseen monthly regime. This type of time-aware evaluation is consistent
with prior indoor-climate forecasting practice, where the newest portion of the time series is commonly reserved for testing so
that performance reflects prediction on unseen future data rather than on randomly shuffled observations®%2%-24,

Within the development pool, a random 90:10 split was used to separate training and internal evaluation data for early
stopping only. Thus, randomness was used only inside the training pool, whereas the final assessment remained strictly
month-blocked.

Model performance for each withheld month was quantified using the mean absolute error (MAE) and the coefficient of
determination (R?). In this way, the baseline quantified how well indoor humidity could be inferred from observed outdoor
forcing and calendar-dependent structure alone, without access to lagged indoor-state variables. This formulation was retained
deliberately as a conservative and low-barrier modeling choice, because it isolates the informativeness of exogenous weather
and calendar features. Similar outdoor and calendar predictors have been shown to be informative for indoor temperature and
humidity forecasting in prior work, typically in combination with indoor history inputs rather than as stand-alone exogenous
models'?21-23,
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Probabilistic forecasting and interval calibration

After establishing the feature-validity baseline under observed outdoor forcing, a forecast-driven prediction model was developed
to represent the intended operational decision-support setting. Unlike the baseline experiment, this stage used forecast weather
inputs from Open-Meteo so that the full forecast-to-warning pipeline could be evaluated under realistic deployment conditions.
The model was designed to estimate both expected indoor relative humidity and the uncertainty of the resulting forecasts.

For point prediction, indoor relative humidity was modeled with XGBoost at each forecast time step. The same cleaned
laboratory dataset used in the deterministic analysis was retained, restricted to physically plausible values, aggregated to 10 min
resolution, and enriched with the engineered forecasting predictors described above. Indoor relative humidity served as the
target variable, and prediction was based on a predefined feature set.

Hyperparameters were optimized with Optuna. The search space comprised the learning rate, tree depth, L1 and L2
regularization, subsampling ratio, column subsampling ratio, and minimum child weight. To preserve temporal ordering, model
selection used a 3-fold time series split on the training pool and minimized the mean validation score across folds. This follows
the general principle that building time-series models should be evaluated on unseen future segments rather than on randomly
shuffled samples.

For each trial, the XGBoost model was trained with early stopping and evaluated on validation-fold predictive accuracy.
After completion of the Optuna study, the model was retrained with the best-performing hyperparameter set and saved for
downstream forecasting.

Uncertainty quantification was not based on in-sample residuals or model-internal interval estimates. Instead, prediction
intervals were constructed empirically from archived past forecasts and their realized indoor humidity outcomes, following the
out-of-sample forecast-error approach of Lee and Scholtes?’. For each forecast horizon & € {0,...,7}, out-of-sample forecast
errors were defined as

€t.h = Yt+h —§z+h|t- 17

For a nominal central coverage level 1 — ¢, the empirical prediction interval was then given by

Izl,;a = [Drsnye + Qajaern)s Frsne + Q1—ayalern)] (18)

with quantiles estimated separately for each lead day.

Multi-day forecasts were generated for lead days O to 7, together with empirical prediction intervals at central coverage
levels of 50%, 90%, 95%, and 99%. Because the forecast-error distribution was estimated separately for each lead day, interval
width increased naturally with forecast horizon and reflected the observed deterioration in predictive skill at longer lead times.>’

Model performance was assessed in two complementary ways. Point forecast accuracy was evaluated using MAE and R?,
while interval quality was assessed using empirical coverage and average interval width for each nominal confidence level. This
separation between the observed-weather baseline and the forecast-driven uncertainty model made it possible to distinguish the
contribution of feature design from the additional uncertainty introduced by operational weather forecasts.

Benchmark models

To evaluate the proposed forecasting framework independently of any single learner, three model classes were implemented
within the same methodological pipeline: multiple linear regression, random forest regression and XGBoost. All models used
the same predictor set, forecast targets, lead-day definitions, and blocked temporal train, calibration, and evaluation periods,
such that performance differences could be attributed to model structure rather than differences in preprocessing, tuning effort,
or data handling.

Random forest and XGBoost were treated as alternative non-linear formulations of the same forecasting task. Hyperparam-
eters for the non-linear models were optimized with Optuna under the same tuning framework, while multiple linear regression
was included as an interpretable linear baseline. XGBoost served as the initial implementation of the forecasting framework
and was subsequently compared against random forest, and multiple linear regression under the same evaluation protocol.

User-facing DSS output

To support day-ahead planning for humidity sensitive experiments, the user-facing DSS was implemented as a model-agnostic
visualization layer that converts the hourly indoor humidity forecasts into actionable graph containing lead-time-specific
prediction intervals as information for risk assessment. Its main purpose is not automated control, but advance decision support
based on the expected timing, magnitude, and uncertainty of upcoming indoor RH changes.

For each issuance time, the DSS assembles a continuous forecast from day 0 through day 7 and applies prediction intervals
separately for each lead day. This per-day calibration step accounts for the fact that forecast error is not constant across the
horizon and typically increases with temporal distance from the forecast origin. The displayed uncertainty bands therefore
expand in a structured, horizon-aware manner rather than using a single fixed interval width across the full 7-day period.
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The interface visualizes the predicted indoor RH trajectory as the central forecast line and overlays nested calibrated
intervals, such as 50%, 90%, 95%, and 99%, to communicate increasing levels of uncertainty. In addition, the corresponding
outdoor humidity signal can be displayed as contextual information, allowing the operator to interpret predicted indoor RH
changes in relation to approaching weather conditions. User defined boundaries for relative humidity can be displayed as
dashed horizontal lines to help gauge, when predicted humidity leaves a safe zone.

The practical output of the DSS is therefore a forecast-centered warning view in which operators can identify when an
RH excursion is most likely, how uncertain that forecast is on each day ahead, and how much confidence should be placed in
preventive planning decisions.
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