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The increasing magnitude and complexity of precipitation
datasets necessitate robust and efficient data integrity as-
sessment. This study systematically applies Benford’s Law,
a mathematical theorem describing leading digit frequen-
cies, as a novel diagnostic tool for precipitation data in the
environmental and hydroclimate sciences. We present a
reproducible and robust methodology, demonstrating that
global monthly precipitation consistently conforms to Ben-
ford’s Law across diverse data types, including raw obser-
vations, gridded products, reanalysis, and synthetic simula-
tions. This key finding fundamentally challenges traditional
assumptions regarding the influence of data origin on Ben-
ford’s Law adherence, significantly broadening its applica-
bility.

Our findings underscore the importance of underlying
quantitative characteristics for successful application: while
regional analyses reveal that monthly precipitation data in
the United Kingdom and Ireland do not conform to Ben-

Abbreviations: CRU-TS, Climatic Research Unit Terrestrial Series gridded product; CRU-TSRaw, Climatic Research Unit Terrestrial Se-
ries raw ungridded input dataset; ECMWF, European Centre for Medium-RangeWeather Forecasts; ERA5, Fifth-Generation ECMWF
Atmospheric Reanalysis; ERA5-TS, ERA5 Terrestrial Series (land-based precipitation data); ERA5UK&I-DTS, ERA5 United Kingdom
and Ireland Daily Terrestrial Series; ERA5UK&I-TS, ERA5 United Kingdom and Ireland Terrestrial Series; LD, Lead Digit; PDF, Prob-
ability Density Function; ROM, Robust Measure of Orders of Magnitude; Stochastic-TS, Stochastically Generated Terrestrial Series;
UK, United Kingdom
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ford’s Law-based principles, a shift to daily temporal granu-
larity successfully restores conformance, highlighting how
temporal resolution can introduce the necessary data prop-
erties. This research uniquely positions Benford’s Law as
a powerful, complementary diagnostic tool capable of de-
tecting subtle data corruptions, as demonstrated through
an artificial experiment. Ultimately, this work advances the
utility of Benford’s Law in climate research, providing a scal-
ablemethod to enhance the reliability of foundational datasets
critical for climate modeling, forecasting, and a wide array
of hydroclimatological applications.
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Benford’s Law, Precipitation Data, Data Quality, Data Validation,
Data Pipeline, Hydroclimatology, Error Detection

1 | INTRODUCTION
The rapid growth of large digital environmental datasets, driven by technological advancements, underscores the1

necessity for robust data validation in applications such as machine learning (Huntingford et al., 2019; Kaltenborn2

et al., 2023), climate modeling (Brönnimann et al., 2018; Bosilovich et al., 2013), and down-scaling techniques (Wilby3

and Wigley, 1997). However, errors arising from instruments, human input, or data transfer can compromise dataset4

integrity. This highlights a critical need for effective and scalable methods to assess dataset integrity.5

The concept now known as “Benford’s Law” originated from physicist Frank Benford’s 1938 observation that the6

early pages of logarithm tables, corresponding to numbers beginning with ‘1’, were notably more worn than those7

for higher leading digits (Benford, 1938). Thus, Benford’s Law states that the frequency of leading digits in datasets8

follows a logarithmic distribution, with lower digits appearing more often than higher ones. This phenomenon had9

also been independently discovered earlier by astronomer Simon Newcomb in 1881 (Newcomb, 1881). Historically,10

Benford’s Law became associated with “natural” datasets, a perception rooted in these initial observations across var-11

ied real-world data. However, more recent theoretical advancements have refined this understanding, revealing that12

its adherence stems from a dataset’s inherent mathematical distribution rather than its natural origin, thus expanding13

its applicability across diverse data sources (Cong et al., 2019; Wang and Ma, 2024).14

The predictable distribution of lead digits posited by Benford’s Law is defined by the logarithmic formula:15

Pd = log10
(
1 + 1

d

)
, (1)

where Pd represents the probability of randomly selecting a number with lead digit d ∈ {1, 2, 3, ..., 9}. Many authors16

have provided elegant proofs for this “lead digit law", e.g. Hill (1995) and Wang and Ma (2024), and its versatility is17

highlighted by its many useful applications. These include: financial fraud detection (Grammatikos and Papanikolaou,18

2021), hydrological stream flow data assurance (Nigrini and Miller, 2007), image alteration detection (Sheng et al.,19
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2017), and assessment of corruption levels in ambient air quality data (Brown, 2005). Beyond these diverse fields,20

Benford’s Law has increasingly found utility within the natural sciences, highlighting its broad analytical power.21

For example, Sambridge et al. (2010) demonstrated the prevalence of Benford’s Law across the natural sciences,22

even finding a near Benford-like distribution in global mean temperature anomalies. They further developed a Ben-23

ford’s Law-based statistical anomaly detection method, which was subsequently applied by Yang and Fu (2017) to24

identify regime shifts in precipitation data over America and China. However, Sambridge et al. (2010) themselves25

cautioned that such methods might simply be detecting increased orders of magnitude. Adding a layer of complexity26

to the application of Benford’s Law, Kossovsky (2021) highlighted a fundamental consideration: inherent correlations27

between leading digits may complicate an assumption of their independence in statistical analyses. Furthermore,28

Joannes-Boyau et al. (2015) utilized Benford’s Law to assess the homogeneity and quality of tropical cyclone path29

length datasets, revealing improved data reliability with increased observational records. More recently, Nakamura30

et al. (2024) employed Benford’s Law to examine synthetic tropical cyclone precipitation data for deviations from a31

Benford-like distribution. While these diverse studies suggest the potential of Benford’s Law within climate-related32

research, its robust and considered applicability to precipitation datasets remains an open area for investigation.33

The remainder of this paper is structured as follows. Section 2 details a reproducible and robust methodology for34

applying Benford’s Law to precipitation datasets, rigorously incorporating its underlying assumptions. An analysis in35

Section 3.1 then demonstrates that terrestrial global monthly precipitation consistently conforms to Benford’s Law36

across diverse data sources. Furthermore, a regional case study in Section 3.2 elucidates critical limitations, detailing37

when and why Benford’s Law is not applicable, thereby guiding its appropriate use in climate sciences. Finally, to38

showcase its practical utility for enhancing data quality pipelines, Section 4 demonstrates the detection of hypothetical39

data corruption within a precipitation dataset.40

2 | DEVELOPING A ROBUST BENFORD’S LAW METHODOLOGY FOR PRE-41 CIPITATION DATA42

The use of global precipitation datasets, whether derived from in-situ observations such as rain gauges, remotely43

sensed through satellite platforms, or reanalysis products, is ubiquitous throughout climate science. The reliability44

of these datasets is thus paramount for robust climate research (Sun et al., 2018). Here, we test the adherence of a45

range of precipitation data to Benford’s Law and, subsequently, the law’s efficacy as a quality control metric. We sys-46

tematically assess this adherence across a spectrum of commonly used sources of precipitation data – including raw47

station measurements, gridded products, and stochastically generated synthetic time series – to ascertain its broad48

applicability to precipitation. This analysis aims to demonstrate whether Benford’s Law can serve as a robust, data-49

type-agnostic diagnostic tool for precipitation data integrity, or if its patterns can differentiate the inherent character-50

istics of observational datasets from model-generated or stochastic products. To achieve this, our study incorporates51

a diverse range of precipitation data types, each with its own characteristics and limitations.52

Weather station observations are important point-scale precipitation datasets, useful for detecting climate change53

signals (Alexander et al., 2006), and with high enough spatial resolution for impact assessments and water resource54

management (Jiang et al., 2012; Sun et al., 2018). However, raw observations can suffer from systematic errors, miss-55

ing values, incomplete spatial coverage and in several cases, may not be long enough for stringent impact assessment56

(Wilks and Wilby, 1999; Viney and Bates, 2004; Daly et al., 2007; Wilby et al., 2017). Stochastic weather generators,57

originally developed for agricultural and hydrological modeling purposes, can simulate long sequences of continu-58

ous and stationary data, thus addressing the temporal constraints associated with raw station data (Wilks and Wilby,59
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1999).60

For applications requiring homogeneous and complete spatial coverage, interpolating raw observations provides61

gridded observational based datasetswith global (though typically land only) coverage, tackling issueswith spatial spar-62

sity and more readily facilitating comparison between climate model output and observations (Asadieh and Krakauer,63

2015). However, it is crucial to recognize that this interpolation process can introduce biases, systematic errors, and64

artifacts, particularly in regions with sparse observational networks, which users must carefully consider despite the65

considerable efforts and rigorous quality control procedures within these products (Harris et al., 2020) Reanalysis66

datasets are an additional source of global (land and sea) gridded precipitation, constructed by merging observations67

with models and providing data at a range of temporal resolutions. Though widely used as a proxy for observational68

precipitation, reanalysis datasets are known to have sources of bias induced from the physical modeling and assimila-69

tion procedures, and uncertainties between reanalysis datasets themselvesmay arise due to differences in assimilation70

schemes and model physics (Sun et al., 2018).71

Collectively, these diverse data types, ranging from raw observations to processed and synthetic products, pro-72

vide invaluable resources for climate science. Characterizing these data types is important for rigorously assessing73

Benford’s Law’s utility as a – potentially – data-type-agnostic quality control tool for precipitation. The specific data74

sources utilized in this study are detailed in the following section.75

2.1 | Data Sources76

Precipitation data are gathered from: the Climatic Research Unit Terrestrial Series raw ungridded input dataset, con-77

sisting of monthly precipitation observations from weather station rain gauges (CRU-TSRaw); its final gridded prod-78

uct (CRU-TS); the fifth-generation ECMWF atmospheric reanalysis (ERA5); and a stochastically generated, synthetic79

dataset from a weather generator whose parameters were diagnosed from ERA5 daily precipitation fields. All gridded80

datasets (i.e., CRU-TS, ERA5, and stochastically generated) are interpolated to and analysed on a common 2.5◦ × 2.5◦81

latitude-longitude spatial grid to ensure consistency across results. Key summary statistics for these datasets can be82

found in Table S1.83

The Climatic Research Unit Terrestrial Series gridded product (CRU-TS) is a widely used precipitation dataset84

with global land-surface coverage (excluding Antarctica) (Harris et al., 2020). In CRU-TS, precipitation is interpolated85

from an extensive network of weather station observations, with sparse data regions relaxed to their 1961-199086

climatology yielding complete global coverage with no missing values. The availability of both non-quality-controlled87

raw station data (CRU-TSRaw) and the final gridded product (CRU-TS) is a notable asset. This unique characteristic88

enables a direct comparison to analyse whether quality control procedures influence leading digit frequencies. For89

this research, version 4.06 was accessed, covering the period from January 1901 to December 2021 as monthly totals90

on a latitude-longitude grid.91

ERA5 monthly total precipitation and stochastically generated data are derived from ERA5 daily precipitation92

values (Hersbach et al., 2020). These data span the period January 2000 to December 2020 on a latitude-longitude93

spatial grid. To construct the synthetic precipitation time series, a two-state, first-order Markov chain-gamma model94

was fitted to simulate daily precipitation occurrence and amount at each grid cell (Richardson and Wright, 1984).95

These daily simulations and ERA5 products are aggregated to monthly totals for consistency with CRU data. We use96

a first-order Markov chain model to condition precipitation occurrence on the previous day’s precipitation status (i.e.,97

wet or dry). This has been identified as the most globally applicable Markov-chain order for simulating precipitation98

occurrence (Wilson Kemsley et al., 2021). More detailed information on this process can be found in Appendix A.99
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For a consistent comparison across all data sources, the main analysis utilizes only land-based precipitation data.100

This approach facilitates direct comparison between the inherently land-covering CRU data and the reanalysis and101

stochastically generated products. To denote datasets containing exclusively land data points, the suffix ‘-TS’ (Terres-102

trial Series) is appended; thus, these are referred to as ERA5-TS and Stochastic-TS.103

2.2 | An Algorithm for Large Datasets104

To ensure the appropriate application of Benford’s Law, data must adhere to two key requirements; it must span105

multiple orders of magnitude and its underlying distribution must be skewed (Kossovsky, 2021). Here we develop a106

four step methodology1:107

1. Data points are stripped of time and space dependence, and placed into one long list (i.e., flattened). Fill values108

(that indicate data gaps or grid cells with no observations, such as data over the oceans in CRU-TS) are removed109

and zero values excluded. The resulting dataset is denoted as X (n ) , where n ∈ Ò+.110

2. A Robust Measure of Orders of Magnitude (ROM) assessment is applied to ensure data spans multiple orders of111

magnitude, where:112

ROM = log10
(
P99
P1

)
> 2.5,

P99 and P1 are the 99th and 1st percentile values of X (n ) , respectively, following the work of Kossovsky (2021).113

3. The adjusted Fisher-Pearson standardized moment coefficient (Doane and Seward, 2011) is used to assess skew-114

ness. Datasets with “skew score" larger than 1 are considered skewed.115

4. Providing the conditions in Step 2 and 3 are validated, the lead digit frequency, Fd , is calculated for d ∈ {1, 2, 3, ..., 9}.116

A subset Sd of X (n ) is constructed containing all values of X (n ) with lead digit d . The frequency of lead digit117

occurrence, Fd , can now be calculated as :118

Fd =
Size(Sd )

Size(X (n ) ) · 100,

where Size(Sd ) and Size(X (n ) ) denote the number of elements in each set.119

It is expected that Fd ≈ Pd (recalling that Pd is the theoretical Benford’s Law derived lead digit frequency, specified120

by Eq. 1) provided that X (n ) is skewed and spans many orders of magnitude.121

2.3 | Expected Errors122

For the purposes of this work, lead digit frequencies (calculated using the methodology in Section 2.2) are considered123

within a maximum expected error range, Ed , for each lead digit d ∈ {1, 2, 3, . . . , 9}. If a calculated lead digit frequency124

falls considerably outside of the Benford’s Law determined frequency plus/minus the expected error (i.e., Pd +Ed < Fd125

or Pd − Ed > Fd ), then this is viewed as evidence of the dataset not adhering to Benford’s Law.126

Following the work of Cong et al. (2019), maximum error ranges are calculated for the terrestrial data examined127

1This methodology has been developed to retain generality and is thus readily applicable to many large datasets that meet the required conditions.
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TABLE 1 Maximum magnitude of expected errors (percent) for each lead digit frequency. Only applicable for
datasets with PDF fit λe−λx in a base 10 counting system. Values from Cong et al. (2019).

E1 E2 E3 E4 E5 E6 E7 E8 E9

2.97 1.94 1.41 1.11 0.91 0.76 0.77 0.59 0.53

in this study. To confidently apply an error range analysis, each dataset must be fitted to a probability density function128

(PDF). Here, all terrestrial datasets exhibit reasonable PDF fits to an exponential distribution of the form PDF(x ) =129

λe−λx (with rate parameter λ values of 0.012, 0.025, 0.03, and 0.03 for CRU-TSRaw, CRU-TS, ERA5-TS, and Stochastic-130

TS respectively, see Fig. 1). Cong et al. (2019) demonstrates that for an exponential distribution, the total error term131

in Benford’s Law simplifies significantly and is bound by the maximum amplitude of the periodic fluctuation around132

the logarithmic Laplace spectrum of the digital indicator function (Cong et al., 2019; Sornette, 1998) in base 10.133

These maximum error bounds are explicitly calculated for the exponential distribution in Cong et al. (2019) and are134

reproduced here in Table 1.135

3 | ASSESSING BENFORD’S LAW ADHERENCE IN PRECIPITATION DATA136

Having established a robust methodology for assessing Benford’s Law adherence in Section 2, this section now137

presents its empirical application to various precipitation datasets. The primary objective is to determine the extent to138

which diverse precipitation data, across different types and spatio-temporal scales, conform to the predicted leading139

digit frequencies. This analysis serves to validate Benford’s Law as a potential diagnostic tool for data integrity within140

hydroclimatology. We begin in Section 3.1 by analysing global terrestrial precipitation from a range of sources, investi-141

gating whether data origin or type influences adherence. Subsequently, Section 3.2 provides a detailed regional case142

study focusing on theUnited Kingdom and Ireland, which critically examines the geographical and temporal conditions143

under which Benford’s Law may or may not apply.144

3.1 | Global Terrestrial Precipitation145

Themethodology outlined in Section 2.2 is applied to the four terrestrial datasets from Section 2.1, with error analysis146

as described in Section 2.3. For each of our flattened datasets, we are left with sample sizes of 9134011 (CRU-TSRaw),147

3920408 (CRU-TS), 859952 (ERA5-TS), and 845272 (Stochastic-TS). Results are presented in Figure 1, with numerical148

values included for the interested reader in Table 1. Strikingly, across all four of these diverse datasets, comprising149

raw observations (CRU-TSRaw; Fig. 1a-b), quality-controlled gridded products (CRU-TS; Fig. 1c-d), reanalysis output150

(ERA5-TS; Fig. 1e-f), and entirely synthetic simulations (Stochastic-TS; Fig. 1g-h), the calculated lead digit frequencies151

consistently fall within the expected error bounds of Benford’s Law (see Figure 1b, d, f, and h). This widespread confor-152

mance provides compelling evidence that global monthly precipitation, when sampled over a broad terrestrial domain,153

inherently adheres to Benford’s Law, regardless of its observational or simulated origin. Crucially, this adherence is154

observed because the datasets meet the requisite conditions of spanning multiple orders of magnitude and exhibiting155

a sufficiently skewed, continuously monotonic underlying distribution (as illustrated by their histograms and PDF fits156

in Figure 1a, c, e and g).157

This strong adherence across varied data sources strongly suggests that the precise nature of the underlying data158

distribution, rather than the data’s classification as “natural," “modeled", or “synthetic", is the determinative factor159
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F IGURE 1 Lead digit frequency analysis applied to raw station data (CRU-TSRaw, panels a-b), gridded
observational data (CRU-TS, panels c-d), reanalysis data (ERA5-TS, panels e-f) and stochastically generated data
(Stochastic-TS, panels g-h). All data are monthly totals of precipitation (mm) sampled over a global land domain.
Panels a, c, e, and g show histograms (blue bars) and corresponding PDF fits (orange lines) for the precipitation totals.
The root mean squared errors (RMSEs) between the histograms and and PDF fits are denoted in each panel. Panels
b, d, f, h show the observed lead digit frequencies (blue bars) with theoretical Benford’s law predicted distributions
(orange bars) and expected error intervals (black vertical lines).
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F IGURE 2 Lead digit frequency analysis applied to only the United Kingdom & Ireland ERA5 monthly total
(ERA5UK&I-TS, Row 1) and daily total (ERA5UK&I-DTS, Row 2) precipitation. Panels a and c show histograms (blue
bars) for the monthly and daily precipitation, respectively, and a corresponding PDF fit for the daily precipitation
only (orange line, panel c). Panels b and d show the corresponding lead digit frequencies (blue bars) for monthly (b)
and daily (d) data with theoretical Benford’s law predicted distributions (orange bars) and expected error intervals for
the daily data (panel d, black vertical lines).

for Benford’s Law conformance. This empirical evidence provides robust support for theoretical arguments, such as160

those presented in Wang and Ma (2024), which emphasize the mathematical properties of a dataset’s distribution as161

the fundamental driver of Benford’s Law adherence. As discussed in Section 1, many applications of Benford’s Law162

traditionally focus on “natural" datasets (following the seminal work of Newcomb (1881)), often implicitly assuming163

their inherent properties lead to adherence. The results across these four datasets directly challenge this historical164

assumption, significantly expanding the utility of Benford’s Law to include artificial and modeled data, provided the165

underlying assumptions are respected.166

3.2 | Regional Terrestrial Precipitation: A Case Study of the United Kingdom and Ireland167

As demonstrated in Section 3.1, global monthly total precipitation data consistently adheres to the predicted lead digit168

frequencies of Benford’s Law, irrespective of data source or type. This finding is valuable for global-scale analyses169

and utilised directly in Section 4. However, it is prudent to note that numerous climatic applications, such as regional170

forecasting, simulation, and data recovery initiatives (e.g., the Rainfall Rescue project outlined in Hawkins et al. (2023)),171

operate at sub-global spatial scales. Therefore, it is useful to assess the applicability of Benford’s Law directly to172

regional precipitation datasets. The two fundamental prerequisites for the valid application of Benford’s Law, as173

detailed in Section 2.2, are that data must span across multiple orders of magnitude and possess a skewed underlying174
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distribution. While these conditions were met by the global datasets of Section 3.1, it is not immediately evident that175

theywould hold true at a regional scale, where climatic variability may be constrained, limiting the orders of magnitude176

of observed precipitation rates.177

To investigate the application of Benford’s Law at a sub-global scale, we focus on monthly total precipitation178

data from ERA5 limited to land grid points over the United Kingdom and Ireland (denoted as ERA5UK&I-TS). By179

decreasing the spatial extent of our analysis, the number of samples in our flattened dataset decreases; to increase180

the size (now equalling 4080), we consider ERA5UK&I-TS on a finer 1.25◦ × 1.25◦ resolution (Hersbach et al., 2023).181

The United Kingdom and Ireland (hereafter UK&I) was selected for this case study due to its non-monsoonal climate182

and relatively small spatial area, providing a stringent test for the orders of magnitude criterion. The methodology183

outlined in Section 2.2 was applied to ERA5UK&I-TS, with results presented in the top row of Figure 2. The algorithm184

immediately signalled non-conformance across both the ROM and skewness criteria, yielding values of 1.08 and185

0.93, respectively. As illustrated in Figure 2(a), the underlying distribution of ERA5UK&I-TS more closely resembles a186

Gaussian distribution, with characteristics that fundamentally undermine key assumptions upon which Benford’s Law187

are predicated (Cong et al., 2019; Wang and Ma, 2024), particularly the requirement for a continuously monotonic188

and skewed distribution.189

This finding indicates that applying Benford’s Law-based lead digit frequency analysis to assess the reliability of190

monthly total UK&I precipitation is inappropriate and highlights the role of the algorithm’s built-in validation checks191

as crucial safeguards. From a monthly perspective, the climatic variability within the UK&I is comparatively limited,192

resulting in a narrower range of precipitation values that do not span the requisite orders of magnitude. Consequently,193

this case study underscores the importance of thoroughly assessing the inherent characteristics of a dataset prior to194

the application of Benford’s Law. It suggests that Benford’s Law is unsuitable for geographical domains characterized195

by restricted climatic variability. For academic completeness, the observed lead digit frequencies for ERA5UK&I-196

TS are presented alongside the theoretical Benford’s Law predictions in Figure 2(b). This visual comparison clearly197

demonstrates the significant deviation from Benford’s Law, precisely as would be anticipated given the dataset’s198

underlying approximate Gaussian distribution.199

Recognizing the unsuitability of monthly totals for Benford’s Law analysis in this regional context, we shift our200

investigation towards daily precipitation totals for the UK&I, derived from ERA5 daily precipitation totals (see Sec-201

tion 2.1). This new dataset, with size 121957, denoted by ERA5UK&I-DTS (ERA5 United Kingdom and Ireland Daily202

Terrestrial Series), allows us to explore whether a finer temporal resolution would introduce the necessary data char-203

acteristics for Benford’s Law adherence. Upon applying the methodology from Section 2.2 to ERA5UK&I-DTS, the204

dataset has a ROM value of 4.47 and a skew score of 2.22. Both values exceed their thresholds indicating that daily205

precipitation over the UK&I has strong potential for Benford’s Law adherence. The histogram and fitted probabil-206

ity density function for ERA5UK&I-DTS, presented in Figure 2(c), clearly illustrate its exponential-like distribution207

enabling error analysis (see Section 2.3) to be applied. Figure 2(d) displays the calculated lead digit frequencies for208

ERA5UK&I-DTS which exhibit alignment with Benford’s Law, all remaining within the expected error bounds for each209

digit. This contrast with the monthly totals underscores that while monthly aggregation in the UK&I diminishes neces-210

sary variability, daily precipitation totals retain the intrinsic properties that enable them to conform to Benford’s Law.211

Hence Benford’s Law could be used as a quality control metric for daily ERA5UK&I precipitation, leading to confidence212

that it could also be appropriate for other regional daily datasets with similar or more varied climatic behaviour.213
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4 | ASSESSING CORRUPTION DETECTION214

Having confirmed global monthly total precipitations’ adherence to Benford Law (Section 3.1), we now demonstrate a215

practical application of detecting data corruption via an artificial experiment utilising CRU-TS. In Section 3.2, PDF fits216

were shown to be useful in understandingwhy lead digit frequencies for ERA5UK&I-TS and ERA5UK&I-DTS either did217

or did not conform to Benford’s Law. This raises the question: is Benford’s Law analysis more beneficial than manually218

examining histograms or overall dataset characteristics? The key advantage lies in its ability to identify subtle data219

quality issues that may not be apparent from broad data metrics like skewness or orders of magnitude, and that can220

be time-consuming and subjective to detect through manual visual inspection of PDFs.221

In this artificial experiment, data pointswithin CRU-TS are randomly selected and replacedwith “corrupted” values222

at varying rates, first ranging from 1% to 20% of the total data entries. These corrupted values take four distinct forms:223

a Incorrect ocean fill values: Data were corrupted by placing an incorrect ocean fill value of 9999. This specific simu-224

lationwas run once to evaluate a distinct type of data error; fill values of±9999 are commonplace in environmental225

datasets.226

b Mean substitution: A subset of data was corrupted by replacing selected values with the mean of the subset. This227

approach avoided altering the overall order of magnitude or the mean of the dataset. This specific scenario was228

also run once.229

c Random uniform corruption: Subsets of precipitation data were replaced with randomly selected integers from230

a discrete uniform distribution (bound by the original dataset’s minimum and maximum). This experiment was231

repeated 11 times with consistent outcomes.232

d Random Gaussian corruption: Data points were replaced with random values sampled from a Gaussian distribu-233

tion with the same mean (59.09mm) and standard deviation as the original data (78.39mm). We repeated this234

corruption a total of 11 times with consistent results.235

Results are presented in Figure 3, where grey cells indicate data corruption detected by the algorithm (i.e., Pd +236

Ed < Fd or Pd − Ed > Fd ). Benford’s Law proved particularly effective in detecting incorrectly filled ocean values237

(Figure 3a). At a 1% corruption rate, the lead digit frequency of 9 (LD9) exceeds the expected error range. At 8%238

corruption, the lead digit frequency of one (LD1) is also highlighted. Mean value corruption, mimicking “replace with239

mean" approaches for infilling missing precipitation data (Hırca and Eryılmaz Türkkan, 2024), was also detected at240

low corruption rates (Figure 3b). For example, LD5 alerted at a 2% corruption rate, followed by LD9 at 7%. By 10%241

corruption, over half of the lead-digit frequencies lie outside expected ranges.242

Interestingly, the method showed less sensitivity to randomly introduced errors. This is likely due to random243

substitutions spreading corrupted values more evenly across the digits, so the lead-digit frequency distribution is244

not as strongly distorted. For the uniform-discrete corruption (Fig. 3c) – intended to mimic random observational or245

satellite-retrieval errors (Ciach, 2003; AghaKouchak et al., 2012; Sun et al., 2018) – corruption is only detected at246

rates exceeding 15%, and in these cases, the first leading digit (LD1) is the only one that falls outside the expected247

range. This is most likely due to the fact that one is the most common lead digit, and therefore the most sensitive248

to random swaps. We also find that our method is even more insensitive to Gaussian replacement, where lead-digit249

frequencies remained within expected bounds up to 20% corruption.250

Though direct Gaussian replacement does not necessarily mimic a common source of precipitation error, we251

previously showed that monthly ERA5-UK&I-TS precipitation failed to meet the assumption of Benford’s Law due to252
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F IGURE 3 CRU-TS corruption experiments for four different corruption types: (a) erroneous ocean fill value, (b)
mean value filled, (c) random value change and (d) Gaussian corruption. The y-axis represents corruption rate as a
total dataset percentage. Each column on the x-axis represents a lead digit e.g. LD1 for ‘lead digit 1’. If the calculated
lead digit frequency falls within/outside of the expected error range then the cell is green/grey, respectively.

its near-Gaussian distribution, whereas the more skewed daily precipitation conformed (Fig. 2). Because Benford’s253

Law requires skewed data, Gaussian replacement must eventually be detected and thus this experiment examines a254

transition from a conforming (i.e., original CRU-TS) to a non-conforming dataset. We find that Gaussian replacement255

only breaks adherence after approximately 40% of the data were replaced. In contrast, uniform-discrete corruption,256

which spreads leading digits more evenly, and single-value substitutions, which impose strong bias, disrupted the257

Benford pattern at much lower levels. Gaussian corruption therefore alters Benford behaviour only once a substantial258

fraction of the dataset has been replaced.259

This artificial experiment highlights the utility of Benford’s Law in climate data quality assessment, especially260

when detecting specific single-value corruptions which is common in environmental datasets. We have shown that261

the method is less effective in detecting purely random corruption – such as uniform discrete or Gaussian – within262

data.263

5 | CONCLUSIONS AND DISCUSSION264

This study demonstrates the application of Benford’s Law as a novel and potentially powerful tool for evaluating the265

integrity of precipitation datasets. The semi-autonomous methodology offers a practical and efficient approach to266

precipitation data validation and could be used to enhance data reliability. However, it is crucial to recognize that this267

method should be integrated as part of a comprehensive data quality pipeline, rather than used as a stand-alonemetric,268

especially if data are vulnerable to randomised corruption. The accuracy of expected error ranges is contingent upon269

a thorough understanding of the parent dataset’s underlying probability density function, which should be carefully270

examined and validated prior to implementing Benford’s Law.271

A key outcome of this work is the compelling evidence that the data type itself does not inherently dictate the272

applicability or utility of Benford’s Law to precipitation data. As demonstrated in Section 3.1, global monthly pre-273

cipitation from diverse sources – ranging from raw station observations and quality-controlled gridded products to274

reanalysis output and entirely synthetic simulations – consistently conformed to Benford’s Law. This widespread ad-275

herence, observed across different data generation methods, strongly supports the theoretical advancements that276

emphasize a dataset’s inherent mathematical distribution, rather than its “natural” or “artificial” origin, as the primary277

determinant for Benford’s Law conformance (Kossovsky, 2021; Wang and Ma, 2024). This finding expands the poten-278
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tial application of Benford’s Law beyond its traditional scope, positioning it as a versatile tool for integrity assessment279

across a broader spectrum of datasets.280

The UK&I-based case study (Section 3.2) provided crucial insights into the geographical and temporal granularity281

considerations for Benford’s Law application. While monthly precipitation totals for the UK&I failed to adhere to282

Benford’s Law, this was primarily due to a constrained range of values and a near-Gaussian distribution, an adjustment283

to daily precipitation totals successfully restored conformance. This outcome underscores that while regional climatic284

variability can indeed limit the applicability of Benford’s Law at coarser temporal aggregations, moving to a finer285

granularity (e.g., daily totals) can reintroduce the necessary data characteristics (wider range, stronger skew) for its286

valid application. This highlights the importance of the initial diagnostic checks within our methodology, ensuring that287

the law is applied appropriately and guiding researchers in selecting suitable spatio-temporal scales for analysis.288

Beyond assessing adherence, this research highlights Benford’s Law’s tangible impact on enhancing data qual-289

ity pipelines, particularly for large and complex datasets. As discussed in Section 4, the method’s ability to detect290

relatively low levels of corruption (at a rate of 1% and 2% for some common corruption types) positions it as a valu-291

able complementary diagnostic tool. This is increasingly vital in an era of large data volumes, where automation and292

robust validation are paramount for applications ranging from climate modeling and forecasting to machine learn-293

ing. The methodology developed here offers a deployable and scalable solution for routine data integrity checks in294

environmental sciences, contributing directly to the reliability of foundational datasets.295

Looking ahead, several promising avenues for future research emerge from these findings. Expanding the analy-296

sis to global daily precipitation totals would build upon the success observed with the United Kingdom and Ireland297

daily data, providing a comprehensive assessment of its large-scale applicability. Further regional case studies are298

warranted to more fully characterize the geographical boundaries and conditions under which Benford’s Law applies299

to precipitation. For example, the work of Yang and Fu (2017) demonstrates promise that Benford’s Law could be suc-300

cessfully applied to Chinese and/or American precipitation datasets as they use a statistical technique closely linked301

to Benford’s Law in detecting regime shifts over these regions. Investigating the conformance of oceanic precipitation302

data to Benford’s Law would also be a crucial next step, given its distinct characteristics and measurement challenges303

compared to terrestrial precipitation. Finally, applying Benford’s Law to a wider range of non-Gaussian climate data304

fields, potentially cloud datasets, could extend the use of these methods beyond precipitation data alone.305

Open Research Section306

The data that support the findings of this study are predominantly openly available and can be found at the following307

locations:308

CRU-TS and source observations version 4.06 available at the Centre for Environmental Data Analysis (Harris309

et al., 2022). Registration is Required.310

ERA5 data available from the Copernicus Climate Change Service Climate Data Store (Hersbach et al., 2023).311

Registration is Required.312

Stochastic rainfall data and UK&I masked data used in this research are available via a supporting Zenodo Repos-313

itory (Gollop and Wilson Kemsley, 2025).314

https://data.ceda.ac.uk/badc/cru/data/cru_ts/cru_ts_4.06
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels
https://zenodo.org/records/15731168?token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6ImM0YTQwZGQxLTRlYWUtNDVlMi04OWE5LWU3NGY4MzBkYjQ3YyIsImRhdGEiOnt9LCJyYW5kb20iOiJjNTczYjlmZDNmMDI5YTQzZDVmOWI5MzYzMjI1OTEyMyJ9.uKNvDLhz7UpwFYYH-aANCZH_JGpVRn1Xd8qkOQ1xnLAEcXXBHQvu4tAhuke4S3zg6ayFGARcMVd2O49sia1eBA
https://zenodo.org/records/15731168?token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6ImM0YTQwZGQxLTRlYWUtNDVlMi04OWE5LWU3NGY4MzBkYjQ3YyIsImRhdGEiOnt9LCJyYW5kb20iOiJjNTczYjlmZDNmMDI5YTQzZDVmOWI5MzYzMjI1OTEyMyJ9.uKNvDLhz7UpwFYYH-aANCZH_JGpVRn1Xd8qkOQ1xnLAEcXXBHQvu4tAhuke4S3zg6ayFGARcMVd2O49sia1eBA
https://zenodo.org/records/15731168?token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6ImM0YTQwZGQxLTRlYWUtNDVlMi04OWE5LWU3NGY4MzBkYjQ3YyIsImRhdGEiOnt9LCJyYW5kb20iOiJjNTczYjlmZDNmMDI5YTQzZDVmOWI5MzYzMjI1OTEyMyJ9.uKNvDLhz7UpwFYYH-aANCZH_JGpVRn1Xd8qkOQ1xnLAEcXXBHQvu4tAhuke4S3zg6ayFGARcMVd2O49sia1eBA
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