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Abstract: Stable isotopes of hydrogen and oxygen in precipitation (δₚ) are important natural tracers in wide range of 12 

environmental applications (e.g., the exploration of the water cycle, ecology and food authenticity), yet observational records 13 

commonly contain gaps, although applications in hydrology and earth science frequently require complete cases. Eight 14 

imputation approaches were benchmarked using monthly δₚ time series from Austria, Slovenia, and Hungary. Uninterrupted 15 

periods were selected, and monthly data were masked site-wise with an increasing degree of missingness, removing 1 to 32% 16 

of the data using bootstrapping. The imputation performance of the following methods was assessed on the masked monthly 17 

data using the mean absolute difference and root mean square error between the observed and imputed values for primary and 18 

secondary isotopic parameters: Last Observation Carried Forward, Linear Interpolation, Spline Interpolation, Stineman 19 

Interpolation, Kalman Smoothing, Moving Average Imputation, Sinusoidal fit, and a spatial proximity-based imputation 20 

(SPbI) approach introduced in the present paper. SPbI estimates missing δₚ values using the mean of altitude-corrected δₚ data 21 

from within a predefined search radius. Across masking levels, SPbI was the most accurate and least prone to amplitude 22 

damping in δₚ records. Sinusoidal imputation remained robust under increasing missingness but has shown a tendency of 23 

reducing extremes, indicating amplitude loss in both δₚ and d-excess. Spline performed worst overall with the rest performing 24 

similarly up to ~16% masking beyond which their performance deteriorated. A sensitivity analysis using non-cumulative 50-25 

km distance bands up to 400 km showed that SPbI errors increase with distance; beyond ~250 km, mean errors approach those 26 

of the sinusoidal method, making the sinusoidal—or even the simpler linear interpolation—a viable alternative when proximal 27 

observations are sparse. The benchmarking results recommend the use of SPbI where station data are available within 250 km 28 

distance, and the sinusoidal or linear approach otherwise. 29 

 30 
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1.Introduction 31 

The ratio between the heavy and light stable isotopes in the water molecule (18O/16O;2H/1H) is an effective tool in solving 32 

practical problems in environmental isotope geochemistry (Coplen et al., 2000). Stable isotope composition of oxygen and 33 

hydrogen is conventionally expressed as δ values (δ2H and δ18O respectively) reported in per mill (‰) (Coplen, 1994). 34 

Systematic observations of the stable isotope composition of precipitation (δp) began in the mid-20th century (Baertschi, 1953; 35 

Dansgaard, 1953), and the global isotope monitoring network for hydrogen and oxygen isotopes in precipitation, called Global 36 

Network of Isotopes in Precipitation (GNIP), was launched in 1960 by the International Atomic Energy Agency (IAEA) and 37 

the World Meteorological Organization (WMO) (Araguas-Araguas et al., 1996). Besides the GNIP, individual stations (Vodila 38 

et al., 2011; Crawford et al., 2023; Wu et al., 2022) and regional precipitation monitoring networks (Vreča et al., 2022; Liu et 39 

al., 2014; Vachon et al., 2010; Garcia-Moya et al., 2024) were launched in the past decades providing essential isotope 40 

hydrological observation in assessing the state and understanding the change of the atmospheric branch of the hydrological 41 

cycle. 42 

However, data sets collected during precipitation isotope monitoring efforts, like any environmental monitoring, suffer from 43 

data deficiencies. Reasons for incomplete data are manifold. Data gaps can emerge as early as the sample collection stage for 44 

numerous natural reasons, such as insufficient amount of precipitation for analysis (Von Freyberg et al., 2022), or damage to 45 

the sample collector during a severe storm (Friedman et al., 2002). Anthropogenic causes also occur, such as loss of the sample 46 

or vandalism of the monitoring site (Dores et al., 2020; Michelsen et al., 2019), as well as technical issues, such as malfunction 47 

of the sampling device (Friedman et al., 2002; Fischer et al., 2017), can also lead to missing values in an observation record. 48 

Data deficiency can arise also at a later stage of sample processing, for instance sample evaporation due to improper storage 49 

conditions (Nigro et al., 2024) may result in a lack of data assigned to a sampling date despite correct sample collection. Last 50 

but not least, inconsistent data or untraceable database errors can be identified during database screening, in which case certain 51 

data must be retrospectively excluded from the data set (IAEA, 1992; Erdélyi et al., 2024). 52 

The comprehensive handling of missing data is a decadal problem (Rubin, 1976) and is one of the most frequently occurring 53 

data quality issue (Jäger et al., 2021; Little and Rubin, 2019; Rubin, 1976) in data science. Missing data in precipitation stable 54 

isotope time series can cause various challenges for some advanced time-series analysis methods (Yiou et al., 1996; Huang, 55 

2014; Shumway and Stoffer, 2011). Its solutions include discarding records with incomplete cases — case-wise or variable-56 

wise — restricting the data to the longest continuous segment, or filling the gaps with reasonable values (Yapiyev et al., 2023; 57 

Koeniger et al., 2025; Gačnik et al., 2026) to avoid losing potentially critical observations for evaluating environmental 58 

processes.  59 

Gapless precipitation stable isotope time series may be required if one wishes to use δp time series as input data for isotope 60 

hydrological models (Delavau et al., 2017; Watson et al., 2024) or as predictors in machine learning models (Rácz and Gere, 61 

2025; O' Sullivan et al., 2023; Azhar et al., 2025). Although different strategies can help maintain the operational stability of 62 

data-processing workflows, they frequently reduce the usable dataset size and — depending on the nature of the missingness 63 
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— may introduce bias into subsequent analyses, thereby further diminishing overall data quality (Little and Rubin, 2019; 64 

Schafer and Graham, 2002). Therefore, considering discipline and problem specific criteria is of the essence.  65 

Imputation of precipitation stable isotopic time series is a challenge. In most cases it relies on the equation describing the 66 

regional linear covariance of δ18O and δ2H data (Cui et al., 2025; Nelson et al., 2021). This, however, can only be considered 67 

if at least one of the primary isotopic parameters is available. Another option is to exploit an empirical relationship with a 68 

highly correlating environmental variable (Dansgaard, 1964). Nevertheless, in this case the relationship of the δp time series 69 

should not be evaluated with the given environmental variable due to circular reasoning.  70 

While a variety of studies exist on benchmarking imputation approaches, see Hassani et al. (2019); Jäger et al. (2021), (i) there 71 

is no imputation method which would outperforms all others in all occasions, and (ii) no benchmarking has been performed to 72 

evaluate the imputation-efficiency on water stable isotope time series. Therefore, the aim of the present work is to evaluate 73 

and compare various imputation methods for handling data deficiencies in precipitation stable isotopic time series with a focus 74 

on assessing their performance under different levels of artificially generated and controlled data sparsity taking isotope 75 

hydrological principles into account. 76 

 77 

2.Materials and Methods 78 

2.1. Used data and preprocessing 79 

Monthly δp values were acquired from a total of 132 monitoring stations operating in three contiguous countries in Europe: 80 

Austria, Slovenia and Hungary (Fig. 1). The selected domain is particularly suitable for the planned study since the available 81 

monthly precipitation stable isotope records have undergone rigorous screening for potential database errors and 82 

inconsistencies with — in several cases — proposed solutions for the identified inconsistencies (Erdélyi et al., 2024; Hatvani 83 

et al., 2026; Fórizs et al., 2025). Deuterium excess (d-excess) (Dansgaard, 1964) was calculated following the conventional 84 

formula (Eq. 1) for all sites  85 

d-excess	=	δ2H	–	8	×	δ18O	 (1)	86 

This metric was then applied consistently to identify the same candidate period with the most continuous station data for both 87 

parameters. Data deficiency was evaluated site-by-site by (i) comparing the set of months with d-excess measurements against 88 

the full-time span of a given record and temporal bounds of the longest uninterrupted run of data. Several test iterations showed 89 

when longer (e.g. > 10 years) record lengths were required, the number of stations meeting the selection criteria decreased 90 

substantially. Conversely, when the record length was set below 50 months, introducing a 1% artificial gap became 91 

meaningless given the monthly resolution of the data. Therefore, a duration of 84 months (7 years) of uninterrupted coverage 92 

between January 1973 to December 2022 was adopted as a practical compromise (Fig. 1). Most of the chosen stations — 93 
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hereinafter called focus sites — came from Austria, complemented by two from Slovenia and one from Hungary (Fig. 1). 94 

These continuous periods were used to test imputation methods while the remaining fragmented records were only used to 95 

calculate regional average δp values in the spatial imputation exercise (see sect. 2.2.1). 96 

 97 

 98 

Fig. 1. Spatial distribution of the precipitation stable isotope monitoring sites across the study area. Circles denote the locations with 99 
δp data, while triangles mark the sites with at least 7 years uninterrupted monthly δ18O and δ2H observations between 1973 and 2022. 100 
Basemap digital elevation data acquired from ETOPO 2022 (NOAA, 2022). 101 

 102 

2.2. Methodology 103 

2.2.1. Imputation framework 104 

The time series of the focus sites were rarefied by masking monthly data (i.e. set to NA) by X ∈ {1, 2, 4, 8, 16, 32%}. For each 105 

masking level, the number of bootstrap replicates was set dynamically (ranging from ~950 to 35, as X increased) to obtain 106 

~200,000 cases (imputed monthly values in the time series) across all sites. This yields comparable sample sizes at each X 107 

avoiding a replication bias among the bootstrap datasets (Davison and Hinkley, 1997) for the different masking levels.  108 

Six frequently used imputing techniques were taken from the imputeTS R (Steffen and Thomas, 2017) package, namely:  109 

LOCF: na_locf: last observation carried forward, replaces each missing value with the most recent present value 110 

prior to it; 111 
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Linear: na_interpolation(linear); 112 

Spline: na_interpolation(option = "spline"), performs cubic spline interpolation of given data points 113 

(De Boor, 1978); 114 

Stine: (na_interpolation(option = "stine") performs an interpolation using a function that runs 115 

through a set of points in the xy-plane according to the algorithm of Stineman (1980); 116 

Kalman: na_kalman It uses Kalman Smoothing on structural time series models (or on the state space 117 

representation of an ARIMA model) for imputation (Harvey, 1990);  118 

Moving-average: na_ma (k = 5): simple symmetric moving-average (window ± 2 months when available).  119 

Besides these, two additional imputation approaches were involved considering specific isotope hydrological characteristics 120 

of precipitation. It was widely reported that isotope ratios in precipitation display distinct seasonal cycles that can be 121 

approximated by sine curve (Dutton et al., 2005; Feng et al., 2009; Allen et al., 2019), thus a Sinusoidal imputation was also 122 

applied (Eq. 2). A 12-month sinusoidal was fit per site × replicate on the rarefied series’ observed values only:  123 

𝛿4t	=	A	+	B	×	sin(2π	t	/	12	+	φ),	 (2)	124 

where t is the month index counted from the site’s first observed month. Parameters (A, B, φ) are estimated by bounded 125 

nonlinear least squares using the nlsLM() function of the minpack.lm package (Elzhov et al., 2023) with starting values: 126 

offset A = mean(δp), amplitude B = (max − min)/2, φ = 0. Predictions are produced for all months, and any convergence failure 127 

or non-finite result yields NA at those months, which are logged as fallbacks. 128 

Lastly a spatial proximity-based imputation approach (SPbI) was applied building on the foundations of spatial autocorrelation 129 

characterizing δp records (Terzer et al., 2013; Hatvani et al., 2020) inherited from the environmental parameters regulating 130 

their spatiotemporal variations. For each masked month the surrounding sites situated closer than 100 km with available data 131 

were identified and their corresponding δp values corrected to the focal site’s elevation using the regional empirical isotopic 132 

lapse rates (δ¹⁸O: 1.2‰ km-1; δ²H: 7.9‰ km-1; (Kern et al., 2020)). Masked monthly values were imputed with the regional 133 

mean of the available altitude‑corrected neighbor values. If no neighbor value was available at a given month, the imputation 134 

was unsuccessful and logged as a fallback.  135 

 136 

2.2.2. Performance evaluation 137 

The performance of the eight imputation methods was evaluated by excluding the fallbacks and calculating the absolute 138 

differences between the observed and the imputed values for the primary isotopic parameters and d-excess by imputation 139 

method and masking percentage. For every masked month, the observed, and the imputed values were recorded, and the 140 

corresponding d-excessorig and d-excessimp were computed for further evaluation of not only the primary (δp), but the secondary 141 

isotopic parameters unique to isotope hydrological studies. In the procedure it was ensured that the same masked months are 142 

https://doi.org/10.5194/egusphere-2025-5493
Preprint. Discussion started: 17 December 2025
c© Author(s) 2025. CC BY 4.0 License.



6 
 

used for δ18O and δ2H in a given replicate, ensuring consistent d-excess comparison. Then, root mean square error (RMSE) 143 

and mean absolute difference (MAD) between the observed and imputed values for 𝛿! and d-excess were summarized by 144 

imputation method and masking percentage. 145 

RMSE is the quadratic mean of the differences between the observed values and predicted ones (Eq. 3). 146 

𝑅𝑀𝑆𝐸 = D"
#
∑ (𝛿$ − 𝛿%G)&#
$'" 	 (3) 147 

where n is the number of data points, 𝛿4i the estimated value returned by imputation method and δi the actual value for data 148 

point i. To avoid the amplification of the higher errors compared to the lower ones (Willmott and Matsuura, 2005) and get a 149 

more comprehensive picture MAD (Eq. 4) was also used besides root mean square error. 150 

𝑀𝐴𝐷 =	 "
#
∑ J𝛿$ − 𝛿%GJ#
$'"  (4) 151 

where n is the number of data points, 𝛿4i the value returned by the model and δi the actual value for data point i. For each 152 

(method, X), the fallback proportion was reported in percentage as 100 × (count of NA in *imp)/(count of masked rows), which 153 

is also considered as an important factor when benchmarking the different imputation approaches. Simplified Bland–Altman 154 

plots (Bland and Altman, 1999) were also produced by each method and masking level to see the agreement between the 155 

observed and the imputed values by plotting their pairwise difference against the observations. 156 

A sensitivity analysis was carried out to quantify how the performance of the SPbI for the primary isotopic values changes 157 

with distance from 50 to 400 km with 50 km increments in a non-cumulative way, band-wise. For each spatial band the same 158 

months’ δp records were the imputation target as in the core run. 159 

 160 

3. Results and discussion 161 

3.1. Overall performance evaluation 162 

In the case of both δp the pattern of the differences between the measured and the estimated values is quite similar (Fig. 2, Fig. 163 

S1). The average performance of all the methods is good, as the differences (imputed – observed) mostly scatter around zero. 164 

However, uncertainty (i.e. scatter) clearly increases as the degree of rarefaction (X%) rises (Hassani et al., 2019; Jäger et al., 165 

2021), indicating more missing data, leads to greater uncertainty (Jäger et al., 2021) particularly with the Spline approach and 166 

less so with the Moving average (Fig. 2). The Spline approach performs poorly despite its capability to restrain the spectral 167 

characteristics of a given dataset (Hatvani et al., 2018), highlighting the importance of field – in our case isotope hydrological 168 

– exercises on imputation benchmarking. In contrast, the methods considering isotope hydrological principles to at least some 169 

https://doi.org/10.5194/egusphere-2025-5493
Preprint. Discussion started: 17 December 2025
c© Author(s) 2025. CC BY 4.0 License.



7 
 

extent (Sinusoidal and SPbI) remain the most stable, with bias staying close to zero and only a slight increase in spread (Fig. 170 

2, Fig. S1).  171 

According to the overall picture there is a continuous increase in both MAD and RMSE for the Spline method, while Kalman, 172 

Linear, LOCF, Moving-average, and Stine methods perform quite similarly regardless of the rarefaction up to about 16% 173 

where a clear drop in performance is seen. As for the Sinusoidal and SPbI approaches, a steady performance is seen with SPbI 174 

performing about twice as good as the Sinusoidal with regard to MAD and RMSE (Fig. 2), with the SPbI approach performing 175 

the best overall. It should also be noted that fallback only occurred occasionally (< 0.15%) in the case of the SPbI approach, 176 

and only when there were no δp observations to calculate the regional mean in a given month for a given station. In the 177 

meanwhile, the bias (imputed minus observed) versus the observed values offers a more detailed view of the error distribution 178 

along the ordinate. For given approaches a quite striking difference is seen. It should also be noted, there is a tilt seen in the 179 

case of most of the tested imputing methods, most obviously for the smoothing methods (Kalman/Stine/Moving-average), 180 

confirming growing amplitude loss. Regarding the Sinusoidal approach, a negative slope is also observed indicating that it 181 

shrinks extremes toward the center— a classic case of smoothing or regularization, which underestimates highs and 182 

overestimates lows (Fig. 2). In the meanwhile SPbI is the only approach which does not show such a pattern on the Bland-183 

Altman plots, implying it results in the least amplitude loss compared to the others (Fig. 2). 184 
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 185 

Fig. 2. Bland–Altman plots showing the differences between imputed and observed values (imputed − observed) versus the observed 186 
δ¹⁸O value across all masking percentages (X %). Hex-binning is used to visualize the density of points. The Y-axis represents the bias 187 
for each point (solid horizontal blue line indicates no bias; positive values indicate overestimation, negative values underestimation). Limits 188 
of agreement are omitted for clarity. A tilted cloud indicates proportional bias (bias depends on magnitude). The numbers at the top of the 189 
panels are the [median MAD; median RMSE]. Results were aggregated across stations and bootstrap replicates for each rarefaction level X.  190 

 191 

3.1.1. Effect of imputation on d-excess 192 

There is a clear need for discipline-specific evaluations of imputation techniques (Gendre et al., 2024) as it remains difficult 193 

to determine which method performs best under realistic missingness conditions across diverse datasets (Jäger et al., 2021). 194 

Therefore, the performance of the imputation methods was evaluated from an isotope hydrological perspective using the 195 
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secondary isotopic variable d-excess. The errors in the primary isotopic variables (Gröning, 2011) are propagated into 196 

secondary isotopic variables (Terzer-Wassmuth et al., 2023), making d-excess a sensitive error-indicator to shed a light on any 197 

systematic bias. While the bias of the imputed values is generally close to zero, the scatter of the errors tends to increase as the 198 

degree of rarefaction rises (Fig. 3) unanimously with the observations on the primary variables (Fig. 2, Fig. S1).  199 

 200 

 201 
 202 
Fig 3. Comparison of observed and imputed d-excess values across all masking percentages (X %). Color scale = point density. Hex-203 
binning is used to visualize the density of points. The dashed red line indicates the 1:1 relationship. Results were aggregated across stations 204 
and bootstrap replicates for each rarefaction level X.  205 

 206 

Errors in d-excess highly increased with the fraction removed (X) for the Kalman and Spline methods, whereas the Stine, 207 

Linear, LOCF, and Moving-average showed modest degradation (Fig. 3). The Sinusoidal and SPbI approaches were generally 208 

insensitive to the increasing masking percentage. This pattern reflects the underlying design of the methods since the spatial 209 

estimator at a target month is the same altitude-corrected regional mean, independent of how many other months at the focal 210 
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site were withheld, and the Sinusoidal model imposes a single seasonal curve whose predictions at a given month change only 211 

marginally as additional points are removed. Consequently, increasing masking percentage primarily raises the number of 212 

imputed months drawn from an essentially unchanged error distribution for the Sinusoidal and SPbI imputations, rather than 213 

shifting that distribution itself. 214 

Nevertheless, there is a crucial distinction between the Sinusoidal and SPbI approaches. The error-cloud is spread horizontally 215 

in the case of the former, while in the latter points are more tightly aligned along 1:1 line, suggesting a better match between 216 

the observed and imputed values, consequently the highest accuracy in the secondary isotopic parameter.  217 

 218 

3.2. In-depth benchmarking of the best performing interpolation methods  219 

It is well known that there are remarkable changes in δp already on a continental scale (Terzer-Wassmuth et al., 2021; Terzer 220 

et al., 2013), while on intercontinental level even seasonality of δp can reverse (Feng et al., 2009; Allen et al., 2019). Therefore, 221 

it is necessary to explore how the performance of the spatial proximity-based imputation method depends on the increasing 222 

distance to select data to derive the regional averages by.  223 

To test this, SPbI is compared to the two other best performing approaches, the Sinusoidal and the Linear methods. The former 224 

relies on a general rule of isotopic seasonality of precipitation, whereas the latter represents a commonly applied simple and 225 

computationally inexpensive approach. The benchmarking shows that errors tend to increase as farther stations are used to 226 

estimate the regional mean for imputation (Fig. 4, Fig. S2). However, if relatively nearby data are available the SPbI clearly 227 

outperforms both Sinusoidal and Linear imputation methods. Not only the mean error, either MAD or RMSE (Fig. 4, S2), are 228 

lower but even upper quartile of the SPbI error range is below the corresponding mean error of the other methods across all 229 

tested masking percentages.  230 

When the data used for calculating the imputed values originates from stations located more than 250 km apart at X < 5% the 231 

interquartile interval of the errors in SPbI reaches the baseline of the Sinusoidal approach (Fig. 4, Fig. S2). Due to the decay 232 

of spatial association between δp data (Terzer et al., 2013; Hatvani et al., 2020, 2021) it is reasonable to assume that beyond a 233 

certain search radius — where increasingly distant δp stations are incorporated into the regional mean — the Linear or 234 

Sinusoidal approaches may become more suitable than SPbI, the predictive power of which decays with spatial coherence.  235 

 236 
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 237 

Fig. 4. Comparison of the performance of the SPbI approach using δ¹⁸O values of the surrounding stations in non-overlapping 50 km 238 
spatial bands up to 400 km with 50 km increments in a non-cumulative way vs. the mean error of the Linear and Sinusoidal 239 
approaches. The Y-axis shows the absolute error of the imputed values, while the X-axis represents the spatial band used for selecting 240 
surrounding stations of SPbI. Each box shows the interquartile range (Q1–Q3) of the errors, with the mean represented by the central line. 241 
Dashed horizontal lines indicate the mean error of the Linear (red) and Sinusoidal (cyan) approaches. 242 

 243 

4. Conclusions and outlook 244 

The performance of eight imputation approaches was evaluated using monthly precipitation stable isotope time series from a 245 

merged dataset covering both high- and low-relief subdomains across three adjacent countries. In addition to six commonly 246 

applied imputation methods widely used across disciplines (Steffen and Thomas, 2017; Van Buuren, 2018), two approaches, 247 
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considering isotope hydrological features were tested. The Sinusoidal imputation exploits the general rule of isotopic 248 

seasonality of precipitation, whereas the approach of spatial proximity-based imputation (SPbI) – introduced in the present 249 

paper - leverages the spatial autocorrelation characterizing precipitation stable isotopes.. The results revealed that SPbI 250 

provides the most accurate imputation less prone to amplitude loss among the considered methods. However, when available 251 

data are located more than ~250 km from the target station whose gappy δp time series should be imputed, the Sinusoidal 252 

imputation—or, alternatively, the computationally simpler Linear interpolation—can be considered as viable options. 253 

 254 

5. Code and data availability 255 

The code to perform the analysis is available at: https://github.com/istvan60/SPbI/blob/main/v4 , while the used data was 256 

compiled from the following sourcesUmweltbundesamt, 2019; Erdélyi et al., 2024; Vreča et al., 2024; Vreča et al., 2014; 257 

Vreča et al., 2017; Gačnik et al., 2026; Vreča et al., 2022; Krklec et al., 2018; Domínguez-Villar et al., 2018; Rusjan et al., 258 

2019; Mali, 2006; Doctor, 2002; Zavadlav, 2013; Kern et al., 2020; Fórizs et al., 2020; Fórizs et al., 2025; Vodila et al., 2011; 259 

Czuppon et al., 2021. 260 
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