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Abstract

Caves are unique natural laboratories for studying climate change and its ecological
impacts. However, analyzing air temperature in these environments is challenging due to
stable microclimatic conditions and high humidity. Collecting reliable data requires
dedicated devices and protocols. We developed a standardized quality control procedure—
Cave Air Temperature Quality Control (CAT-QC)—to assess the reliability of temperature
data collected inside caves. The protocol consists of four main steps: (i) assessing data
completeness; (ii) identifying physically implausible values; (iii) detecting statistical
outliers using three progressively sensitive methods; and (iv) conducting a final manual
check. We tested CAT-QC on a dataset from 19 caves in the Piedmont region (Northwest
Italy), recorded with iButton devices. The protocol effectively identified gaps, absurd
values, and abrupt temperature changes, many of which were due to human interference
or sensor issues. Data flagged through CAT-QC can be further reviewed to address biases
and rerun through the process if needed. Designed for broad applicability, CAT-QC is
dynamic and can be tailored to local series characteristics, making it suitable for diverse
subterranean environments. This tool provides a robust framework for ensuring data
quality and comparability in cave climate studies, supporting research and conservation
efforts in the context of climate change.

Keywords: air temperature, long-term monitoring, quality control, subterranean
ecosystem, climate change

1. Introduction

Caves are unique natural laboratories to study climate change processes and their broader
ecological impacts [1,2]. Their semi-closed nature makes them relatively insulated from
rapid external atmospheric fluctuations [3,4]. The temperature of the air inside the cave
becomes increasingly stable the more one moves away from the entrance [5] attaining
values typically hovering around the external mean annual temperature of the surface area
surrounding the cave [6,7,3]. As the insulation is recognized as affecting the thermal
regime along the caves, in this study, we refer to cave insulation as the thermal buffer of
the air inside the cave from the external atmosphere.

Notwithstanding these insulation mechanisms, theoretical and empirical studies
indicate that caves are sensitive to external climatic variations over longer time frames
[8,9,10]. In fact, due to their ability to buffer surface temperature changes, caves act as
important proxies for understanding past and present climate dynamics, offering a critical
perspective that complements traditional atmospheric climate studies [11]. In the same
vein, these systems could be used as models to anticipate the effect of current
anthropogenic climate change [12,2].

Moreover, caves serve as essential research sites for a range of disciplines,
including ecology, biology, hydrogeology, and conservation science. One key area of study
is the unique adaptations of cave-dwelling organisms, which thrive in stable conditions
characterized by darkness, high humidity, and constant temperatures. Even minor
alterations in these conditions could have profound effects on subterranean biodiversity
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[13]. Consequently, understanding climate change impacts on cave ecosystems is essential
for preserving these often-endemic species and maintaining ecological balance [14, 15, 16].

Despite the ecological and climatological importance, existing compilations of cave
temperature data from around the world remain highly uneven in both geographic and
temporal coverage (e.g., [3]). For example, data is particularly scarce in tropical regions
[17]. The lack of long-term monitoring programs and uniform methodologies hinders our
ability to evaluate the impact of climate change on subterranean environments [2]. Without
a consistent data collection framework, it is difficult to develop accurate models to predict
future climatic and biological shifts, particularly at regional and local scales, where
methodologies are highly sensitive to definition, scale, and estimation [14]. Indeed, most
climate change modelling exercises for subterranean species are based on far-from-ideal
proxy variables of interpolated external temperature conditions, leading to high
uncertainties (e.g. [18,19]). Furthermore, caves exhibit delayed equilibrium between
internal and external temperatures [12], reinforcing their role as valuable climate proxies
while highlighting the necessity for precise and continuous monitoring.

Several challenges contribute to the lack of standardized cave climate data. Firstly,
caves are often remote and difficult to access, requiring substantial resources for regular
monitoring. Secondly, the challenging conditions within caves, particularly high relative
humidity levels with values often close to saturation [5], increase the risk of sensor failure
and data loss for temperature sensors [2]. Thirdly, variations in lithology, altitude, and
outside climate can significantly influence cave microclimates. For example, caves formed
in high-thermal-conductivity rocks experience greater fluctuations in response to external
air temperature changes, while altitude influences external climatic conditions,
subsequently affecting subterranean temperatures [5].

Given these challenges, implementing a rigorous quality control protocol is essential
to ensure the reliability and comparability of cave temperature datasets. High-quality,
standardized climate records are fundamental for accurately assessing climatic trends and
ecological impacts in subterranean environments. A well-designed quality control
framework can help eliminate inconsistencies caused by sensor errors, site-specific
anomalies, or data gaps, thereby strengthening the validity of long-term cave climate
research. This study presents a novel Cave Air Temperature Quality Control (CAT-QC)
protocol (Fig. 1), developed through the monitoring (up to 4 years) of 19 small to medium
caves (from 10 to 3500 m of development) in northwestern Piedmont (Italy) using iButton
devices. Our approach establishes a standardized methodology to obtain reliable and
comparable temperature series in subterranean environments, addressing key data gaps,
physically implausible values, statistical outliers, and anomalies caused by human
interference or sensor malfunctions.

2. Methods
2.1. Cave Air Temperature Quality Control (CAT-QC)

In this study, we developed a structured and automated quality control workflow in R
(version 4.3.1;[20]), leveraging the packages lubridate (v1.9.3;[21]), ggplot2 (v3.5.1; [22]),
and zoo (v1.8.12;[23]) (Fig.1). The procedure involves complementary checks to identify
anomalies and data inconsistencies through different steps: i) assessment of data
completeness and the presence of missing values; ii) detection of physically non-sense
temperature values; iii) identification of different types of statistical outliers based on three
criteria of increasing sensitivity; and lastly iv) manual check aimed to examine outliers and
decide whether they have to be removed from the series. In case of data removal, an
additional run of the entire quality control procedure is necessary. Additionally, we
implemented visualization functions (plot data) to facilitate visual inspection and
interpretation of outliers. The custom R scripts, functions, plots and implementations



139
140
141
142

143

144
145

146

147
148
149
150
151
152
153
154
155

156

157
158
159
160
161
162
163

described herein are publicly available alongside this paper (Online Resource 1; Online
Resource 2), ensuring transparency and reproducibility of the quality control procedure.
These components provide a solid framework for flagging, documenting, and addressing
anomalies, enhancing data quality for downstream ecological and climatological analyses.

Data reordering
Data plotting

Completeness metrics }—‘ Completeness ratio

Gaps analysis

Enstablishing thresholds |

Data Format

Missing Data

Non-sense Values

Based on mean * 4sd

Based on mean of model
residuals + 4sd

T Outliers Flagging criteria

STEP 1

Based on mean rolling variance
(default window = 20) + 4sd

Data plotting
Manual check Flag inspection
Report table

Data removed No data removed

Accept the series

Fig. 1 Schematic summary of the Quality Control for Cave Air Temperature (CAT-QC)
workflow.

2.1.1. Step 0: Data format

Before any advanced quality control step, an appropriate data formatting process is needed
(Fig. 1). The CAT-QC achieves this by chronologically ordering the yearly series of data and
plotting them to obtain the complete temperature series available for each cave, allowing
the user to verify if the temperatures are continuous, and to visually see where non-sense
values are located. This shows the seasonality pattern as well, something to be inspected
to spotlight any suspicious seasonal trend given by a device’s error. Moreover, to provide
temporal consistency, the UTC standard time zone is set in every series. This approach
makes sure to avoid issues related to local time shifts that could happen during the data
recording phase.

2.1.2. Step 1: Missing data

The first step of the CAT-QC is the detection of missing data, if any. The CAT-QC assesses
data completeness based on the expected number of records and the length and
distribution of the possible gaps in the series. In most climatic analyses, monthly mean
values can be computed when at least 80% of daily data is available, with gaps not
exceeding six non-consecutive days per month [24]. For annual averages, a series is
considered complete when at least 94% of daily data is available, with gaps limited to 20
non-consecutive days [25, 26, 27]. Based on the acquisition rate of the time series being
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analysed, days with missing readings exceeding the 80% threshold are excluded from the
calculations.

2.1.3. Step 2: Non-sense values

Secondly, the CAT-QC evaluates the presence of non-sense values [28] (Fig. 1, Table 1).
Since the interest is in the signal of external air temperature inside caves, to exclude any
other source of subterranean heat, we used the thresholds based on the device temperature
range and on European temperature records which led to thresholds of +£40°C [29, 30, 31].
When non-sense values are identified, they are flagged as “non-sense value” and shown in
a report table. The identified non-sense values will not be cut nor converted in NA (i.e. not
available data) until the CAT-QC is completed.

2.1.4. Step 3: Outliers

We refer to outliers as any record that significantly deviates from the average range of the
dataset, based on three different criteria (see below). A typical series of temperatures
measured in a cave lies within a narrow temperature range [6], which is likely to become
narrower as the cave deepens. On the contrary, the temperature signals from a shallow
cave or other superficial subterranean habitats are much more similar to the external air
temperature, with seasonal and daily variations [9, 32]. These characteristics lead the
distribution of temperature series data to have both lower (deep caves) and higher (shallow
caves) variance. Therefore, depending on the location of the recording sensor within a
cave, outliers could be erroneous data caused by a device malfunction or natural values.
Furthermore, an outlier in a cave temperature series can also have other natural
explanations, such as an abrupt decrease in temperature due to water infiltration, such as
melting snow [5], or an abrupt increase due to visitors entering a tourist cave [33]. For this
reason, the highlighted “outlier” data is not blindly removed; instead, the decision is left to
the user via an appropriate subjective control (i.e. step 4). Because of this, the CAT-QC
uses three methods with increasing sensitivity to flag outliers:

A. The first outlier detection method is based on the overall mean *4 standard
deviations of the series, defined as the generally used threshold for outliers
[34]. When this kind of outlier is identified, it is flagged as “Type 1 outlier”.

B. For a more accurate procedure, the CAT-QC fits the temperature series
with a model, extracting residuals, and then targeting outliers among
those. We use a harmonic model to calculate the residuals, effectively de-
seasoning the time series. Specifically, we fit a single-frequency sinusoidal
function to capture the dominant annual cycle, which is the primary source
of variance in cave air temperature data. The model is defined as:
T(t)=A-sin(21/365.25-t+$)+C, where T(t) is the temperature at time t, A is
the amplitude, ¢ is the phase shift, and C is the mean temperature. We
acknowledge that this single-frequency approach may not perfectly capture
asymmetric seasonal peaks/troughs or higher-frequency variations (e.g.,
diurnal or weather-front related). However, the primary purpose of this
step is to remove the dominant seasonal signal to isolate anomalies. The
specific implementation of this harmonic model, including the use of the
sine and cosine terms to capture the annual cycle, as well as the
performance metrics for the harmonic models, including the R-squared and
coefficients for each time series, are calculated in the R script (Online
Resource 1) and shown in the models’ summary table (Online Resource 3).
The residuals, R(t)=T measured (t)-T(t), represent the deviation from this
expected seasonal pattern. Outliers are then flagged (“Type 2 outlier”)
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when a given value varies *4 standard deviations from the mean of the
residuals.

C. Lastly, the CAT-QC evaluates the amount of variance between records to flag
“Type 3 outlier”. To do this, it calculates the rolling variance choosing a
window of 20 records and then identifying outliers based on the mean
variance along the window, using a threshold of *4 standard deviation.
Notice that this window is an adjustable parameter that the user can set
according to the sensor’s acquisition rate and to the expected variance of the
series to increase or decrease the sensitivity of this step.

The output of this step of the CAT-QC procedure is a new extended dataset reporting all
preexisting information from the original series (no data is cut or converted into NA) plus
additional logical columns dedicated to the flags based on outlier types for each record.
Finally, the total number of each outlier type is automatically computed and shown in a
new object in the R environment. This allows for precise identification of each flagged data
across the dataset, so they can be properly analysed, counted, or removed based on the
type of flag in Step 4.

Table 1 shows all the outlier types with their description. The great added value of this step
is to provide a dynamic outliers' detection, which is strongly linked to local series features
since Step 3C is based on a rolling statistic which can be adjusted depending on the
considered data series.

Table 1 List of flags presented in the Quality Control for Cave Air Temperature (CAT-QC)
with their descriptions.

Flag Description

Non-sense values | Values above +40°C or under -40°C.

Type 1 outliers Outliers identified based on the overall mean = 4 times the
standard deviation.

Type 2 outliers Outliers identified based on * 4 times the standard deviation from
the mean of the residuals calculated with a harmonic model.

Type 3 outliers Outliers identified based on * 4 times the standard deviation from
a rolling variance calculated on a 20 records window.

2.1.5. Step 4: Manual check

To identify possible erroneous values and non-climatic biases in series, each step of the
quality control needs to be manually reviewed to make sure that the revealed record is
truly a measurement error. For the last manual control of the CAT-QC (Fig. 1), graphs are
plotted to allow the user to visualize the flagged data and to decide whether to remove
them. This step is crucial for differentiating between true sensor errors and real, albeit
extreme, natural events (e.g., sudden water infiltration or human presence). The manual
check also allows for the removal of large sections of data that, while not every single point
is flagged by the automated steps, are clearly erroneous based on expert knowledge and
field notes (e.g., periods where the sensor was known to be temporarily moved). In such
cases, the automated QC often flags a high density of outliers within the affected section,
indicating a systemic issue. This is a deliberate feature of the protocol, as the automated
steps are designed to be sensitive but not overly aggressive, and large-scale systematic
errors may not register as typical statistical outliers. The decision to remove unflagged
data is always documented and based on external evidence. Since outliers are coloured
differently to point out the different outlier types, one record can be flagged as a non-sense
value and as an outlier based on more than one criterion; in this case, it would appear in
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the plot with a different colour indicating multiple flags. The graphs enable to identify
seasonal patterns of the series and abrupt temperature changes and to link the events with
the date and time.
Each flag designated as NA during the final manual check is treated as missing data.
Consequently, once the manual check is complete, the CAT-QC process should be repeated
to identify any outliers that were previously deemed acceptable. When no erroneous data
are detected and the number of missing values does not compromise the integrity of the
dataset, the series can be considered reliable.

3. Application of CAT-QC on a case study

To test our quality control protocol, we analysed 38 air temperature series recorded in
caves located across the Western Alps between autumn 2020 and winter 2024-2025. To
establish a reliable dataset and remove erroneous records, we applied the quality control
process two times. The first run was performed on the raw data. After the first quality
control and erroneous data were removed, the QC-CAT was run again to further refine the
data.

3.1. Data collection and dataset

We analysed 19 different caves distributed across the Western Alps, Piedmont, Italy (Table
2). We measured air temperatures at two locations inside the cave: one at the cave opening
and the other as deep inside as possible (called entrance and internal, respectively). The
measurements were carried out continuously from autumn 2020 until winter 2024-2025
(Table 2), using I-Button devices (model DS1922L and DS1923) with an accuracy of £0.5°C
and a resolution of 0.0625 °C [31]. They combine a thermometer and a datalogger in a
single compact unit. The temperatures were recorded every 6 hours each day (i.e. at 0 am,
6 am, 12 pm, and 6 pm).

They rely on a battery for self-sustaining and energy supply, that should allow for a time of
use of multiple years of records. Storage-wise, the devices are capable of recording 8 kb in
8 or 16 bit [35]. To ensure continuous data collection within these limits, the instruments
were replaced annually, resulting in a total of 133 individual annual series. We decided to
use the I-Button because of their data recording capacity, their compact size to be hidden
in caves, and their cost-efficiency, as they are considered expendable materials. To create
a single, continuous record for analysis, the annual series were merged for each of the two
monitoring points (entrance and internal) in every cave prior to applying the CAT-QC
protocol.

A detailed description of the dataset is available in [36] (under preparation), and the
database itself is going to be accessible as well in Figshare.

Table 2 List of monitored caves (in Italian “grotte”) and their characteristics. All the
reported data are granted by the speleological inventory of the region [37].

Cave Inventor | WGS384 Elevati | Developm | Distan | Distan | Monitor
name y coordina | on of | ent (m) ce of|ce of|ed
number | tes (cave | the the the period
opening) | cave entran | intern
openin ce al
g Sensor | sensor
(m from from
a.s.l.) the the
cave cave




openin | openi
g (m) | ng (m)
Grotta PI12509 45.71191 | 770 3000 1 70 12 Nov
delle 9°N 2020
Arenarie 8.314520 28 Oct
7° E 2024
Buco PI1102 44.34840 | 852 115 1 20 21  Oct
dell'Aria 26° N 2020
Calda 7.462367 14 Nov
5°E 2024
Grotta PI1003 44.29000 | 714 690 1 50 21  Oct
Occident 2°N 2020
ale del 7.427431 14 Nov
Bandito °E 2024
Grotta di | PI2503 45.66065 | 415 170 1 150 12 Nov
Bercovei 09° N 2020
8.265406 04 Nov
1°E 2024
Grotta di | PI0108 44.24154 | 836 2800 1 1700 16 Oct
Bossea 8° N 2020
7.839849 17 Jan
8° E 2025
Grotta PI121 44.29300 | 778 3440 2 800 16 Oct
inferiore 25° N 2020
del 7.790578 17 Jan
Caudano 8°E 2025
Grotta di | PI1621 4494706 | 1080 27 1 6 20 Oct
Chiabran 61° N 2020
o 7.106046 14  Oct
2°E 2024
Grotta PI1593 45.44631 | 1350 180 1 26 17 Nov
La 79° N 2020
Custreta 7.545860 21  Oct
5°E 2024
Tuna dal | PI1591 45.02629 | 1392 140 1 50 20 Oct
Diaou 21° N 2020
7.121840 14  Oct
5°E 2024
Tana PI151 44.34401 | 525 134 2 80 27 Oct
della 87° N 2020
Dronera 7.845922 17 Oct
3°E 2025
Balma PI1597 45.12701 | 864 47 1 15 19 Oct
Fumarell 19° N 2022
a 7.031978 09 Oct
9°E 2024
Buca del | PI1609 45.51827 | 1550 24 2 16 17 Nov
Ghiaccio 79° N 2020
della 7.795233 21  Oct
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Cavallari 2°E 2024
a
Ghieisa PI1538 44.84923 | 841 50 12 27 Oct
d'la Tana 44° N 2020
7.222667 21  Oct
7° E 2024
Buco del | PI1148 44.68458 | 750 17 8 20 Oct
Maestro 75° N 2020
7.236304 11 Dec
4° E 2024
Grotta PI1569 45.11440 | 450 50 25 9 Oct
Testa di 36° N 2020
Napoleo 7.260589 25 Oct
ne-1 7° E 2022
Buco del | PI1315 44.50689 | 1170 13 11 17 Oct
partigian 7° N 2020
o} 7.293226 28 Sep
9°E 2024
Grotta PI1501 45.27227 | 820 765 500 29 Oct
del 21° N 2020
Pugnetto 7.412425 29 Nov
6° E 2024
Borna CAPI1756 | 45.32252 | 1387 17 12 29 Oct
del 8° N 2020
Servais B 7.327619 29 Nov
°E 2024
Sotterra | artificial 44.25222 | 784 91 50 21  Oct
nei del | (not 08° N 2020
forte (A) | included 7.527921 14 Nov
di in the | ° E 2023
Vernante | speleologi
cal
inventory
)
3.2. Results

3.2.1. Missing data

In our case study, all devices initially recorded without interruption, yielding a total of 133
annual time series, including data from device replacements. These yearly series were then
merged into longer multi-year time series, creating one pair per cave (entrance and
internal). However, due to occasional device failures, some series were incomplete,
typically missing about one year of data. In some instances, short overlaps between
consecutive device records occurred, providing an opportunity to test the CAT-QC protocol
on particularly raw and fragmented data. In summary, 5 internal series and 6 entrance
series—29% of the 38 multi-year series—had complete 4-year records. Another 6 internal
and 8 entrance series (37%) spanned 3 to 4 years, typically missing about one year of data.
The remaining 34% of the series covered 2 years or less.
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3.2.2. Non-sense values and outliers

Initially, the CAT-QC was applied to a total of 185,488 raw records. This allowed us to
recognize the erroneous data, which were then automatically removed. Thus, the records
were reduced to 160,460. With the second run of CAT-QC, no non-sense data was identified,
and the number of outliers greatly decreased (see Tables 3 and 4).

In the first run of CAT-QC, punctual non-sense values emerged in five internal series (i.e.
PI2503, PI1621, PI1593, PI1569, Sotterranei del forte di Vernante) and in one entrance
series (i.e. PI2509). The occurrence of anomalous temperature readings, such as -40°C,
may be attributed to battery depletion, leading to insufficient power for accurate sensor
operation, or a system reset triggered by power interruptions, as indicated by the Battery-
On Reset Alarm. Additionally, these extreme values could result from sensor malfunctions,
calibration errors, or the device defaulting to predefined failsafe values when proper
measurements cannot be obtained.

Specifically, the second iteration of the CAT-QC identified totally three type 1 outliers in
the internal series and five type 1 outliers in the entrance series (Tables 3 and 4); type 2
and type 3 outliers greatly decreased (Fig. 2).

A - Type 1 Outliers B - Type 2 Outliers

Entrance series

o0
First run 2 . o
Entrance series
Second run .
Internal series ° 3 ° .
First run . ¢ e °
Internal series s '
Second run
v v i T v v
0 200 400 0 200 400

C - Type 3 Outliers D - Total Outliers

Entrance series
Firstrun | e

Entrance series
Second run

%E.
¥ g

Internal series
First run

r

Internal series

°
L]
Second run

e
ff'?'?

260 4(']0 0 2(IJO 460
Fig. 2 Comparison of the number of records of type 1 (A), type 2 (B), type 3 (C) outliers

and of the total outliers’ number (D) between the outlier detection results of the CAT-QC
first and second run for the entrance (red) and internal (blue) series.

Various outliers were found by the CAT-QC. Some outliers highlighted as multiple
flags could be grouped because they all show significant temperature changes at the
beginning or end of the series. All series showed this behaviour because the devices started
recording temperatures as soon as they were set up a day before fieldwork, or they needed
some time to adjust to the cave condition after installation. Those records are likely to be
flagged as Type 1 outliers, or by multiple flags since major anomalies indicate the exact
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times when the instruments were set up before being placed in the cave or when they were
removed from the cave and brought back to the laboratory.

Although we suspected that the CAT-QC could also mistakenly indicate as type 1
outliers the temperature peaks that can normally be recorded outside the caves due to the
meteorological variability, this case did not occur, thanks to the natural insulation of caves.
On the other hand, only truly anomalous values caused by indoor recordings were found to
be type 1 outliers.

The type 2 outliers allowed us to check the seasonal pattern of the series and
highlight those data points that deviate from the normal residual distribution by identifying
smaller breaks than the type 1 outliers. Instead, type 3 outliers highlight rapid decreases
or increases in temperature. The comparison of each series plots (internal series first run
and second run, entrance series first run and second run) is available in the supplementary
materials (Online Resource 2).

Finally, the temperature series underwent two iterations of the CAT-QC, in which we
included a manual check of the flagged outliers, which were sufficient for our unique
database, spanning four consecutive years across 19 caves in the Western Alps.

4. Discussion

The CAT-QC protocol represents a simple-to-use, time-efficient tool for semi-automatically
assessing the reliability and consistency of air temperature records collected in
subterranean environments. The protocol provides a standardized framework for data
validation, which is crucial for enhancing the comparability of datasets across different
studies. By implementing a multi-step approach, the CAT-QC process aims to detect
erroneous data that could arise due to sensor malfunctions, external or human
disturbances. However, the protocol is not without limitations and could be fine-tuned for
broader applications to different geological, climatic and ecological contexts.

One of the primary challenges associated with the CAT-QC protocol is the
subjectivity involved in the final manual check of flagged data. While automated processes
help identify anomalies, researchers must make individual judgments on whether specific
values should be retained or discarded, introducing potential inconsistencies. The process
is also time-consuming, as multiple steps, including visual inspections, must be performed
to ensure the accuracy of the dataset. Additionally, the protocol's sensitivity to
environmental variability means that natural variations in cave temperatures may
sometimes be misclassified as outliers, particularly in caves with highly dynamic
temperature regimes. Another factor affecting its effectiveness is the quality and placement
of sensors within caves. If devices suffer technical failures, biases may be introduced that
the quality control process may fail to fully mitigate. Finally, as the protocol has only been
tested in the Piedmont region, its applicability to caves with different morphological and
climatic conditions remains to be fully validated. Moreover, as each cave exhibits unique
morphology, development, and environmental conditions, these factors must also be
carefully considered in the decision-making process.
For example, to find an explanation for type 2 and 3 outliers, a direct comparison with the
air temperature series recorded by automatic weather stations in the immediate
surroundings, with similar geographic context (i.e. altitude, land use, topographic
coherence), should be conducted. In addition, morphological and environmental
characteristics of the caves (e.g. cave’s development) should be considered. In fact, in our
case study, 14 out of 19 caves have a planimetric development of less than 500 m, therefore,
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they could be more influenced by the external air temperature fluctuation and atmospheric
events.

The application of the CAT-QC protocol highlighted several challenges associated with
long-term cave air temperature monitoring, particularly those related to sensor stability
and accessibility. Amongst the recommendations that we can suggest to minimize these
challenges in future monitoring efforts we encourage deploying multiple sensors in parallel
at each monitoring location to provide immediate cross-validation, allowing for the early
detection of sensor drift or failure.

In future protocols we are incorporating rigorous pre- and post-deployment calibration
checks against a certified reference thermometer. This practice would quantify sensor drift
over the monitoring period, allowing for more accurate data correction during the QC
process.

To minimize non-climatic biases, future protocols should require standardized sensor
shielding and placement guidelines (e.g., minimum distance from cave walls or floor) to
ensure that recorded temperatures accurately reflect the air temperature rather than the
rock surface temperature.

Despite these challenges, the CAT-QC demonstrated effectiveness on series with
different characteristics, making it adaptable to diverse temperature regimes with a
marked or lower degree of seasonal fluctuation. Therefore, it was crucial to apply the
protocol to both the more stable internal series and to the entrance series which show a
higher temperature fluctuation. Its structured methodology ensures a standardization of
cave temperature datasets, making them suitable for large-scale climate studies. The
protocol’s ability to identify and rectify anomalies enhances the overall integrity of the
collected data, reducing errors and improving the confidence researchers can place in their
analyses. Moreover, its flexibility enables adaptation to various cave environments, helping
to shed light on the intricate interactions between cave microclimates and external climatic
conditions. While further improvements, including automation and expanded testing, would
enhance its efficacy, the CAT-QC protocol remains a powerful tool for advancing knowledge
in this specialized field.

5. Conclusions

The stability of the subterranean climate offers unique opportunities for ecological and
climatological research. This study developed and applied a comprehensive quality control
protocol (CAT-QC) to assess the reliability of cave air temperature data, which we tested
on data collected in the Piedmont region (Italy) from autumn 2020 to winter 2024-25. The
protocol was designed to identify data gaps, non-sense values and outliers, ensuring a
standardized approach for future climatological studies in subterranean environments.
The CAT-QC proved to be an effective method for refining cave temperature datasets with
greater or lesser seasonality, providing a reproducible approach that can be applied to
other climatologically significant underground settings worldwide. By systematically
identifying and addressing data inconsistencies, the protocol enhances the accuracy and
comparability of cave temperature records, facilitating broader adoption of systematic cave
climate monitoring. This, in turn, contributes to interdisciplinary climate change research
by improving the reliability of long-term climate datasets. Indeed, we believe that
implementing standardized quality control methodologies is essential to support
conservation efforts and climate change mitigation strategies on a broader scale.
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Table 3 Comparison between the results emerged from the CAT-QC first and second runs with
the internal series. For each cave is shown from the left to the right the total records, the
number of records flagged as non-sense values, as type 1 outliers, tas type 2 outliers, as type 3
outliers, and the total number of outliers. The total records shown in the second run is the
number of records that underwent manual check at the end of the first run and therefore
cleaned from non-sense values and records found to be erroneous among the outliers.

Table 4 Comparison between the results emerged from the CAT-QC first and second runs with
the entrance series. For each cave is shown from the left to the right the total records, the
number of records flagged as non-sense values, as type 1 outliers, as type 2 outliers, as type 3
outliers, and the total number of outliers. The total records shown in the second run is the
number of records that underwent manual check at the end of the first run and therefore
cleaned from non-sense values and records found to be erroneous among the outliers.

Entrance series first run Entrance series second run
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