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ABSTRACT
The increasing magnitude and complexity of precipitation datasets necessitate robust and efficient data integrity assessment. This 
study systematically applies Benford's Law, a mathematical theorem describing leading digit frequencies, 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 Benford's Law across diverse data types, including 
raw observations, gridded products, reanalysis and synthetic simulations. This key finding fundamentally challenges traditional 
assumptions regarding the influence of data origin on Benford's Law adherence, significantly broadening its applicability. 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 Benford's Law-based principles, a 
shift to daily temporal granularity successfully restores conformance, highlighting how temporal resolution can introduce the 
necessary data properties. This research uniquely positions Benford's Law as a powerful, complementary diagnostic tool capable 
of detecting subtle data corruptions, as demonstrated through an artificial experiment. Ultimately, this work advances the utility 
of Benford's Law in climate research, providing a scalable method to enhance the reliability of foundational datasets critical for 
climate modelling, forecasting and a wide array of hydroclimatological applications.

1   |   Introduction

The rapid growth of large digital environmental datasets driven 
by technological advancements, underscores the necessity for 
robust data validation in applications such as machine learn-
ing (Huntingford et  al.  2019; Kaltenborn et  al.  2023), climate 
modelling (Brönnimann et al. 2018; Bosilovich et al. 2013) and 
downscaling techniques (Wilby and Wigley 1997). However, er-
rors arising from instruments, human input or data transfer can 

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

The concept now known as ‘Benford's Law’ originated from 
physicist Frank Benford's (1938) observation that the early pages 
of logarithm tables, corresponding to numbers beginning with 
‘1’, were notably more worn than those for higher leading digits 
(Benford 1938). Thus, Benford's Law states that the frequency 
of leading digits in datasets follows a logarithmic distribution, 
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with lower digits appearing more often than higher ones. This 
phenomenon had also been independently discovered ear-
lier by astronomer Simon Newcomb in 1881 (Newcomb 1881). 
Historically, Benford's Law became associated with ‘natural’ 
datasets, a perception rooted in these initial observations across 
varied real-world data. However, more recent theoretical ad-
vancements have refined this understanding, revealing that its 
adherence stems from a dataset's inherent mathematical distri-
bution rather than its natural origin, thus expanding its appli-
cability across diverse data sources (Cong et al. 2019; Wang and 
Ma 2024).

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

where Pd represents the probability of randomly selecting a 
number with lead digit d ∈ {1, 2, 3, … , 9}. Many authors have 
provided elegant proofs for this ‘lead digit law’, for example, 
Hill (1995) and Wang and Ma (2024), and its versatility is high-
lighted by its many useful applications. These include: financial 
fraud detection (Grammatikos and Papanikolaou 2021), hydro-
logical stream flow data assurance (Nigrini and Miller  2007), 
image alteration detection (Sheng et  al.  2017) and assessment 
of corruption levels in ambient air quality data (Brown 2005). 
Beyond these diverse fields, Benford's Law has increasingly 
found utility within the natural sciences, highlighting its broad 
analytical power.

For example, Sambridge et al.  (2010) demonstrated the prev-
alence of Benford's Law across the natural sciences, even 
finding a near Benford-like distribution in global mean tem-
perature anomalies. They further developed a Benford's 
Law-based statistical anomaly detection method, which was 
subsequently applied by Yang and Fu (2017) to identify regime 
shifts in precipitation data over America and China. However, 
Sambridge et al. (2010) themselves cautioned that such meth-
ods might simply be detecting increased orders of magnitude. 
Adding a layer of complexity to the application of Benford's 
Law, Kossovsky  (2021) highlighted a fundamental consider-
ation: inherent correlations between leading digits may com-
plicate an assumption of their independence in statistical 
analyses. Furthermore, Joannes-Boyau et  al.  (2015) utilised 
Benford's Law to assess the homogeneity and quality of tropi-
cal cyclone path length datasets, revealing improved data re-
liability with increased observational records. More recently, 
Nakamura et  al.  (2024) employed Benford's Law to examine 
synthetic tropical cyclone precipitation data for deviations 
from a Benford-like distribution. While these diverse studies 
suggest the potential of Benford's Law within climate-related 
research, its robust and considered applicability to precipita-
tion datasets remains an open area for investigation.

The remainder of this paper is structured as follows. Section 2 
details a reproducible and robust methodology for applying 
Benford's Law to precipitation datasets, rigorously incorpo-
rating its underlying assumptions. An analysis in Section 3.1 
then demonstrates that terrestrial global monthly precipitation 

consistently conforms to Benford's Law across diverse data 
sources. Furthermore, a regional case study in Section 3.2 elu-
cidates critical limitations, detailing when and why Benford's 
Law is not applicable, thereby guiding its appropriate use in 
climate sciences. Finally, to showcase its practical utility for 
enhancing data quality pipelines, Section 4 demonstrates the 
detection of hypothetical data corruption within a precipita-
tion dataset.

2   |   Developing a Robust Benford's Law 
Methodology for Precipitation Data

The use of global precipitation datasets, whether derived from 
in  situ observations such as rain gauges, remotely sensed 
through satellite platforms or reanalysis products, is ubiquitous 
throughout climate science. The reliability of these datasets is 
thus paramount for robust climate research (Sun et  al.  2018). 
Here, we test the adherence of a range of precipitation data to 
Benford's Law and, subsequently, the law's efficacy as a qual-
ity control metric. We systematically assess this adherence 
across a spectrum of commonly used sources of precipitation 
data—including raw station measurements, gridded products 
and stochastically generated synthetic time series—to ascertain 
its broad applicability to precipitation. This analysis aims to 
demonstrate whether Benford's Law can serve as a robust, data-
type-agnostic diagnostic tool for precipitation data integrity, or 
if its patterns can differentiate the inherent characteristics of 
observational datasets from model-generated or stochastic prod-
ucts. To achieve this, our study incorporates a diverse range of 
precipitation data types, each with its own characteristics and 
limitations.

Weather station observations are important point-scale pre-
cipitation datasets, useful for detecting climate change signals 
(Alexander et  al.  2006), and with high enough spatial resolu-
tion for impact assessments and water resource management 
(Jiang et al. 2012; Sun et al. 2018). However, raw observations 
can suffer from systematic errors, missing values, incomplete 
spatial coverage and in several cases, may not be long enough 
for stringent impact assessment (Wilks and Wilby 1999; Viney 
and Bates 2004; Daly et al. 2007; Wilby et al. 2017). Stochastic 
weather generators, originally developed for agricultural and 
hydrological modelling purposes, can simulate long sequences 
of continuous and stationary data, thus addressing the tem-
poral constraints associated with raw station data (Wilks and 
Wilby 1999).

For applications requiring homogeneous and complete spatial 
coverage, interpolating raw observations provides gridded 
observational-based datasets with global (though typically 
land-only) coverage, tackling issues with spatial sparsity 
and more readily facilitating comparison between climate 
model output and observations (Asadieh and Krakauer 2015). 
However, it is crucial to recognise that this interpolation pro-
cess can introduce biases, systematic errors and artifacts, 
particularly in regions with sparse observational networks, 
which users must carefully consider despite the consider-
able efforts and rigorous quality control procedures within 
these products (Harris et al. 2020). Reanalysis datasets are an 

(1)Pd = log10

(

1 +
1

d

)

,



3 of 10International Journal of Climatology, 2026

additional source of global (land and sea) gridded precipita-
tion, constructed by merging observations with models and 
providing data at a range of temporal resolutions. Though 
widely used as a proxy for observational precipitation, reanal-
ysis datasets are known to have sources of bias induced from 
the physical modelling and assimilation procedures, and un-
certainties between reanalysis datasets themselves may arise 
due to differences in assimilation schemes and model physics 
(Sun et al. 2018).

Collectively, these diverse data types ranging from raw obser-
vations to processed and synthetic products, provide invaluable 
resources for climate science. Characterising these data types is 
important for rigorously assessing Benford's Law's utility as a 
(potentially) data-type-agnostic quality control tool for precip-
itation. The specific data sources utilised in this study are de-
tailed in the following section.

2.1   |   Data Sources

Precipitation data are gathered from: the Climatic Research 
Unit Terrestrial Series raw ungridded input dataset, con-
sisting of monthly precipitation observations from weather 
station rain gauges (CRU-TSRaw); its final gridded product 
(CRU-TS; Harris et  al. 2022) the fifth-generation ECMWF 
atmospheric reanalysis (ERA5; Hersbach et  al. 2023) and a 
stochastically generated, synthetic dataset from a weather 
generator whose parameters were diagnosed from ERA5 daily 
precipitation fields. All gridded datasets (i.e., CRU-TS, ERA5 
and stochastically generated) are interpolated to and analysed 
on a common 2.5◦

× 2.5
◦ latitude-longitude spatial grid to en-

sure consistency across results. Key summary statistics for 
these datasets can be found in Table S1.

The Climatic Research Unit Terrestrial Series gridded product 
(CRU-TS) is a widely used precipitation dataset with global land-
surface coverage (excluding Antarctica) (Harris et al. 2020). In 
CRU-TS, precipitation is interpolated from an extensive network 
of weather station observations, with sparse data regions relaxed 
to their 1961–1990 climatology, yielding complete global cover-
age with no missing values. The availability of both nonquality-
controlled raw station data (CRU-TSRaw) and the final gridded 
product (CRU-TS) is a notable asset. This unique characteristic 
enables a direct comparison to analyse whether quality con-
trol procedures influence leading digit frequencies. For this 
research, version 4.06 was accessed, covering the period from 
January 1901 to December 2021 as monthly totals on a latitude-
longitude grid.

ERA5 monthly total precipitation and stochastically gener-
ated data are derived from ERA5 daily precipitation values 
(Hersbach et  al.  2020). These data span the period January 
2000 to December 2020 on a latitude-longitude spatial grid. To 
construct the synthetic precipitation time series, a two-state, 
first-order Markov chain-gamma model was fitted to simulate 
daily precipitation occurrence and amount at each grid cell 
(Richardson and Wright  1984). These daily simulations and 
ERA5 products are aggregated to monthly totals for consis-
tency with CRU data. We use a first-order Markov chain model 
to condition precipitation occurrence on the previous day's 

precipitation status (i.e., wet or dry). This has been identified 
as the most globally applicable Markov-chain order for simu-
lating precipitation occurrence (Wilson Kemsley et al. 2021). 
More detailed information on this process can be found in 
Appendix A.

For a consistent comparison across all data sources, the main 
analysis utilises only land-based precipitation data. This ap-
proach facilitates direct comparison between the inherently 
land-covering CRU data and the reanalysis and stochasti-
cally generated products. To denote datasets containing ex-
clusively land data points, the suffix ‘-TS’ (Terrestrial Series) 
is appended; thus, these are referred to as ERA5-TS and 
Stochastic-TS.

2.2   |   An Algorithm for Large Datasets

To ensure the appropriate application of Benford's Law, data 
must adhere to two key requirements: it must span multiple 
orders of magnitude and its underlying distribution must 
be skewed (Kossovsky  2021). Here we develop a four-step 
methodology1:

1.	 Data points are stripped of time and space dependence, and 
placed into one long list (i.e., flattened). Fill values (that 
indicate data gaps or grid cells with no observations, such 
as data over the oceans in CRU-TS) are removed and zero 
values excluded. The resulting dataset is denoted as X (n), 
where n ∈ ℝ

+.

2.	 A Robust Measure of Orders of Magnitude (ROM) assess-
ment is applied to ensure data spans multiple orders of 
magnitude, where:

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

3.	 The adjusted Fisher-Pearson standardised moment coeffi-
cient (Doane and Seward 2011) is used to assess skewness. 
Datasets with ‘skew score’ larger than 1 are considered 
skewed.

4.	 Providing the conditions in Step 2 and 3 are validated, the 
lead digit frequency, Fd, is calculated for d ∈ {1, 2, 3, … , 9} . 
A subset Sd of X (n) is constructed containing all values of 
X (n) with lead digit d. The frequency of lead digit occur-
rence, Fd, can now be calculated as:

where Size 
(

Sd
)

 and Size (X (n)) denote the number of ele-
ments in each set.

It is expected that Fd ≈ Pd (recalling that Pd is the theoreti-
cal Benford's Law derived lead digit frequency, specified by 
Equation (1)) provided that X (n) is skewed and spans many or-
ders of magnitude.

ROM = log10

(

P99
P1

)

> 2.5,

Fd =
Size

(

Sd
)

Size(X (n))
⋅ 100,
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2.3   |   Expected Errors

For the purposes of this work, lead digit frequencies (calcu-
lated using the methodology in Section  2.2) are considered 
within a maximum expected error range, Ed, for each lead 
digit d ∈ {1,2,3, … , 9}. If a calculated lead digit frequency 
falls considerably outside of the Benford's Law determined 
frequency plus/minus the expected error (i.e., Pd + Ed < Fd or 
Pd − Ed > Fd), then this is viewed as evidence of the dataset not 
adhering to Benford's Law.

Following the work of Cong et  al.  (2019), maximum error 
ranges are calculated for the terrestrial data examined in 
this study. To confidently apply an error range analysis, each 
dataset must be fitted to a probability density function (PDF). 
Here, all terrestrial datasets exhibit reasonable PDF fits to 
an exponential distribution of the form PDF (x) = �e−�x (with 
rate parameter � values of 0.012, 0.025, 0.03 and 0.03 for CRU-
TSRaw, CRU-TS, ERA5-TS and Stochastic-TS respectively, see 
Figure  1). Cong et  al.  (2019) demonstrates that for an expo-
nential distribution, the total error term in Benford's Law sim-
plifies significantly and is bound by the maximum amplitude 
of the periodic fluctuation around the logarithmic Laplace 
spectrum of the digital indicator function (Cong et  al.  2019; 
Sornette 1998) in base 10. These maximum error bounds are 
explicitly calculated for the exponential distribution in Cong 
et al. (2019) and are reproduced here in Table 1.

3   |   Assessing Benford's Law Adherence in 
Precipitation Data

Having established a robust methodology for assessing 
Benford's Law adherence in Section 2, this section now pres-
ents its empirical application to various precipitation datasets. 
The primary objective is to determine the extent to which 
diverse precipitation data, across different types and spatio-
temporal scales, conform to the predicted leading digit fre-
quencies. This analysis serves to validate Benford's Law as a 
potential diagnostic tool for data integrity within hydroclima-
tology. We begin in Section 3.1 by analysing global terrestrial 
precipitation from a range of sources, investigating whether 
data origin or type influences adherence. Subsequently, 
Section  3.2 provides a detailed regional case study focusing 
on the United Kingdom and Ireland, which critically exam-
ines the geographical and temporal conditions under which 
Benford's Law may or may not apply.

3.1   |   Global Terrestrial Precipitation

The methodology outlined in Section 2.2 is applied to the four 
terrestrial datasets from Section 2.1, with error analysis as de-
scribed in Section  2.3. For each of our flattened datasets, we 
are left with sample sizes of 9,134,011 (CRU-TSRaw), 3,920,408 
(CRU-TS), 859,952 (ERA5-TS) and 845,272 (Stochastic-TS). 
Results are presented in Figure  1, with numerical values in-
cluded for the interested reader in S1. Strikingly, across all 
four of these diverse datasets comprising raw observations 
(CRU-TSRaw; Figure 1a,b), quality-controlled gridded products 

(CRU-TS; Figure 1c,d), reanalysis output (ERA5-TS; Figure 1e,f) 
and entirely synthetic simulations (Stochastic-TS; Figure 1g,h), 
the calculated lead digit frequencies consistently fall within the 
expected error bounds of Benford's Law (see Figure  1b,d,f,h). 
This widespread conformance provides compelling evidence 
that global monthly precipitation, when sampled over a broad 
terrestrial domain, inherently adheres to Benford's Law, re-
gardless of its observational or simulated origin. Crucially, this 
adherence is observed because the datasets meet the requisite 
conditions of spanning multiple orders of magnitude and exhib-
iting a sufficiently skewed, continuously monotonic underlying 
distribution (as illustrated by their histograms and PDF fits in 
Figure 1a,c,e,g).

This strong adherence across varied data sources strongly 
suggests that the precise nature of the underlying data distri-
bution, rather than the data's classification as ‘natural’, ‘mod-
elled’ or ‘synthetic’, is the determinative factor for Benford's 
Law conformance. This empirical evidence provides robust 
support for theoretical arguments, such as those presented 
in Wang and Ma  (2024), which emphasise the mathematical 
properties of a dataset's distribution as the fundamental driver 
of Benford's Law adherence. As discussed in Section 1, many 
applications of Benford's Law traditionally focus on ‘nat-
ural’ datasets (following the seminal work of Newcomb (1881)), 
often implicitly assuming their inherent properties lead to ad-
herence. The results across these four datasets directly chal-
lenge this historical assumption, significantly expanding the 
utility of Benford's Law to include artificial and modelled data, 
provided the underlying assumptions are respected.

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

As demonstrated in Section 3.1, global monthly total precip-
itation data consistently adheres to the predicted lead digit 
frequencies of Benford's Law, irrespective of data source or 
type. This finding is valuable for global-scale analyses and 
utilised directly in Section  4. However, it is prudent to note 
that numerous climatic applications, such as regional fore-
casting, simulation and data recovery initiatives (e.g., the 
Rainfall Rescue project outlined in Hawkins et  al.  (2023)), 
operate at subglobal spatial scales. Therefore, it is useful to 
assess the applicability of Benford's Law directly to regional 
precipitation datasets. The two fundamental prerequisites 
for the valid application of Benford's Law, as detailed in 
Section  2.2, are that data must span across multiple orders 
of magnitude and possess a skewed underlying distribution. 
While these conditions were met by the global datasets of 
Section 3.1, it is not immediately evident that they would hold 
true at a regional scale, where climatic variability may be con-
strained, limiting the orders of magnitude of observed precip-
itation rates.

To investigate the application of Benford's Law at a subglobal 
scale, we focus on monthly total precipitation data from 
ERA5 limited to land grid points over the United Kingdom 
and Ireland (denoted as ERA5UK&I-TS). By decreasing the 
spatial extent of our analysis, the number of samples in our 
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flattened dataset decreases; to increase the size (now equal-
ling 4080), we consider ERA5UK&I-TS on a finer 1.25◦

× 1.25
◦ 

resolution (Hersbach et  al.  2023). The United Kingdom and 
Ireland (hereafter UK&I) was selected for this case study 
due to its nonmonsoonal climate and relatively small spa-
tial area, providing a stringent test for the orders of magni-
tude criterion. The methodology outlined in Section 2.2 was 
applied to ERA5UK&I-TS, with results presented in the top 
row of Figure  2. The algorithm immediately signalled non-
conformance across both the ROM and skewness criteria, 

yielding values of 1.08 and 0.93, respectively. As illustrated in 
Figure 2a, the underlying distribution of ERA5UK&I-TS more 
closely resembles a Gaussian distribution, with characteris-
tics that fundamentally undermine key assumptions upon 
which Benford's Law are predicated (Cong et al. 2019; Wang 
and Ma 2024), particularly the requirement for a continuously 
monotonic and skewed distribution.

This finding indicates that applying Benford's Law-based lead 
digit frequency analysis to assess the reliability of monthly total 

FIGURE 1    |    Lead digit frequency analysis applied to raw station data (CRU-TSRaw, panels a and b), gridded observational data (CRU-TS, panels 
c and d), reanalysis data (ERA5-TS, panels e and f) and stochastically generated data (Stochastic-TS, panels g and 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). [Colour figure can be viewed at wileyonlinelibrary.com]

https://onlinelibrary.wiley.com/
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UK&I precipitation is inappropriate and highlights the role of 
the algorithm's built-in validation checks as crucial safeguards. 
From a monthly perspective, the climatic variability within the 
UK&I is comparatively limited, resulting in a narrower range of 
precipitation values that do not span the requisite orders of mag-
nitude. Consequently, this case study underscores the impor-
tance of thoroughly assessing the inherent characteristics of a 
dataset prior to the application of Benford's Law. It suggests that 
Benford's Law is unsuitable for geographical domains charac-
terised by restricted climatic variability. For academic complete-
ness, the observed lead digit frequencies for ERA5UK&I-TS are 
presented alongside the theoretical Benford's Law predictions in 
Figure 2b. This visual comparison clearly demonstrates the sig-
nificant deviation from Benford's Law, precisely as would be an-
ticipated given the dataset's underlying approximate Gaussian 
distribution.

Recognising the unsuitability of monthly totals for Benford's 
Law analysis in this regional context, we shift our investiga-
tion toward daily precipitation totals for the UK&I, derived 
from ERA5 daily precipitation totals (see Section 2.1). This new 

dataset, with size 121,957, denoted by ERA5UK&I-DTS (ERA5 
United Kingdom and Ireland Daily Terrestrial Series), allows us 
to explore whether a finer temporal resolution would introduce 
the necessary data characteristics for Benford's Law adherence. 
Upon applying the methodology from Section 2.2 to ERA5UK&I-
DTS, the dataset has a ROM value of 4.47 and a skew score of 
2.22. Both values exceed their thresholds indicating that daily 
precipitation over the UK&I has strong potential for Benford's 
Law adherence. The histogram and fitted PDF for ERA5UK&I-
DTS, presented in Figure  2c, clearly illustrate its exponential-
like distribution enabling error analysis (see Section 2.3) to be 
applied. Figure 2d displays the calculated lead digit frequencies 
for ERA5UK&I-DTS which exhibit alignment with Benford's 
Law, all remaining within the expected error bounds for each 
digit. This contrast with the monthly totals underscores that 
while monthly aggregation in the UK&I diminishes necessary 
variability, daily precipitation totals retain the intrinsic prop-
erties that enable them to conform to Benford's Law. Hence, 
Benford's Law could be used as a quality control metric for daily 
ERA5 UK&I precipitation, leading to confidence that it could 
also be appropriate for other regional daily datasets with similar 
or more varied climatic behaviour.

4   |   Assessing Corruption Detection

Having confirmed global monthly total precipitations' adher-
ence to Benford Law (Section 3.1), we now demonstrate a prac-
tical application of detecting data corruption via an artificial 
experiment utilising CRU-TS. In Section  3.2, PDF fits were 

FIGURE 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). [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 1    |    Maximum magnitude of expected errors (percent) for 
each lead digit frequency. Only applicable for datasets with PDF fit �e−�x 
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

https://onlinelibrary.wiley.com/
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shown to be useful in understanding why lead digit frequencies 
for ERA5UK&I-TS and ERA5UK&I-DTS either did or did not 
conform to Benford's Law. This raises the question: is Benford's 
Law analysis more beneficial than manually examining histo-
grams or overall dataset characteristics? The key advantage lies 
in its ability to identify subtle data quality issues that may not 
be apparent from broad data metrics like skewness or orders of 
magnitude, and that can be time-consuming and subjective to 
detect through manual visual inspection of PDFs.

In this artificial experiment, data points within CRU-TS are 
randomly selected and replaced with ‘corrupted’ values at vary-
ing rates, first ranging from 1% to 20% of the total data entries. 
These corrupted values take four distinct forms:

a.	 Incorrect ocean fill values: Data were corrupted by placing 
an incorrect ocean fill value of 9999. This specific simula-
tion was run once to evaluate a distinct type of data error; 
fill values of ± 9999 are commonplace in environmental 
datasets.

b.	 Mean substitution: A subset of data was corrupted by re-
placing selected values with the mean of the subset. This 
approach avoided altering the overall order of magnitude 
or the mean of the dataset. This specific scenario was also 
run once.

c.	 Random uniform corruption: Subsets of precipitation data 
were replaced with randomly selected integers from a dis-
crete uniform distribution (bound by the original dataset's 
minimum and maximum). This experiment was repeated 
11 times with consistent outcomes.

d.	 Random Gaussian corruption: Data points were replaced 
with random values sampled from a Gaussian distribution 
with the same mean (59.09 mm) and standard deviation as 
the original data (78.39 mm). We repeated this corruption a 
total of 11 times with consistent results.

Results are presented in Figure  3, where grey cells indicate 
data corruption detected by the algorithm (i.e., Pd + Ed < Fd or 
Pd − Ed > Fd). Benford's Law proved particularly effective in 
detecting incorrectly filled ocean values (Figure  3a). At a 1% 
corruption rate, the lead digit frequency of 9 (LD9) exceeds the 

expected error range. At 8% corruption, the LD1 is also high-
lighted. Mean value corruption, mimicking ‘replace with mean’ 
approaches for infilling missing precipitation data (Hırca and 
Eryılmaz Türkkan 2024), was also detected at low corruption 
rates (Figure 3b). For example, LD5 alerted at a 2% corruption 
rate, followed by LD9 at 7%. By 10% corruption, over half of the 
lead-digit frequencies lie outside expected ranges.

Interestingly, the method showed less sensitivity to randomly 
introduced errors. This is likely due to random substitutions 
spreading corrupted values more evenly across the digits, so the 
lead-digit frequency distribution is not as strongly distorted. For 
the uniform-discrete corruption (Figure 3c)—intended to mimic 
random observational or satellite-retrieval errors (Ciach  2003; 
AghaKouchak et al. 2012; Sun et al. 2018)—corruption is only 
detected at rates exceeding 15%, and in these cases, the first 
leading digit (LD1) is the only one that falls outside the expected 
range. This is most likely due to the fact that one is the most 
common lead digit, and therefore the most sensitive to random 
swaps. We also find that our method is even more insensitive to 
Gaussian replacement, where lead-digit frequencies remained 
within expected bounds up to 20% corruption.

Though direct Gaussian replacement does not necessarily 
mimic a common source of precipitation error, we previously 
showed that monthly ERA5-UK&I-TS precipitation failed to 
meet the assumption of Benford's Law due to its near-Gaussian 
distribution, whereas the more skewed daily precipitation con-
formed (Figure 2). Because Benford's Law requires skewed data, 
Gaussian replacement must eventually be detected and thus this 
experiment examines a transition from a conforming (i.e., origi-
nal CRU-TS) to a nonconforming dataset. We find that Gaussian 
replacement only breaks adherence after approximately 40% of 
the data is replaced. In contrast, uniform-discrete corruption 
(which spreads leading digits more evenly), and single-value 
substitutions (which impose strong bias) disrupted the Benford 
pattern at much lower levels. Gaussian corruption therefore 
alters Benford behavior only once a substantial fraction of the 
dataset has been replaced.

This artificial experiment highlights the utility of Benford's 
Law in climate data quality assessment, especially when de-
tecting specific single-value corruptions, which are common in 

FIGURE 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, for example, 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. [Colour figure can be viewed at wileyonlinelibrary.com]

https://onlinelibrary.wiley.com/
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environmental datasets. We have shown that the method is less 
effective in detecting purely random corruption (such as uni-
form discrete or Gaussian) within data.

5   |   Conclusions and Discussion

This study demonstrates the application of Benford's Law as 
a novel and potentially powerful tool for evaluating the integ-
rity of precipitation datasets. The semi-autonomous method-
ology offers a practical and efficient approach to precipitation 
data validation and could be used to enhance data reliability. 
However, it is crucial to recognise that this method should be 
integrated as part of a comprehensive data quality pipeline, 
rather than used as a stand-alone metric, especially if data 
are vulnerable to randomised corruption. The accuracy of 
expected error ranges is contingent upon a thorough under-
standing of the parent dataset's underlying PDF, which should 
be carefully examined and validated prior to implementing 
Benford's Law.

A key outcome of this work is the compelling evidence that the 
data type itself does not inherently dictate the applicability or 
utility of Benford's Law to precipitation data. As demonstrated in 
Section 3.1, global monthly precipitation from diverse sources—
ranging from raw station observations and quality-controlled 
gridded products to reanalysis output and entirely synthetic 
simulations—consistently conformed to Benford's Law. This 
widespread adherence, observed across different data genera-
tion methods, strongly supports the theoretical advancements 
that emphasise a dataset's inherent mathematical distribution, 
rather than its ‘natural’ or ‘artificial’ origin, as the primary de-
terminant for Benford's Law conformance (Kossovsky  2021; 
Wang and Ma 2024). This finding expands the potential applica-
tion of Benford's Law beyond its traditional scope, positioning it 
as a versatile tool for integrity assessment across a broader spec-
trum of datasets.

The UK&I-based case study (Section  3.2) provided crucial in-
sights into the geographical and temporal granularity con-
siderations for Benford's Law application. While monthly 
precipitation totals for the UK&I failed to adhere to Benford's 
Law, this was primarily due to a constrained range of values 
and a near-Gaussian distribution; an adjustment to daily pre-
cipitation totals successfully restored conformance. This out-
come underscores that while regional climatic variability can 
indeed limit the applicability of Benford's Law at coarser tem-
poral aggregations, moving to a finer granularity (e.g., daily to-
tals) can reintroduce the necessary data characteristics (wider 
range, stronger skew) for its valid application. This highlights 
the importance of the initial diagnostic checks within our meth-
odology, ensuring that the law is applied appropriately and guid-
ing researchers in selecting suitable spatio-temporal scales for 
analysis.

Beyond assessing adherence, this research highlights Benford's 
Law's tangible impact on enhancing data quality pipelines, 
particularly for large and complex datasets. As discussed in 
Section 4, the method's ability to detect relatively low levels of 
corruption (at a rate of 1% and 2% for some common corrup-
tion types) positions it as a valuable complementary diagnostic 

tool. This is increasingly vital in an era of large data volumes, 
where automation and robust validation are paramount for ap-
plications ranging from climate modelling and forecasting to 
machine learning. The methodology developed here offers a de-
ployable and scalable solution for routine data integrity checks 
in environmental sciences, contributing directly to the reliabil-
ity of foundational datasets.

Looking ahead, several promising avenues for future re-
search emerge from these findings. Expanding the analysis to 
global daily precipitation totals would build upon the success 
observed with the United Kingdom and Ireland daily data, 
providing a comprehensive assessment of its large-scale appli-
cability. Further regional case studies are warranted to more 
fully characterise the geographical boundaries and conditions 
under which Benford's Law applies to precipitation. For ex-
ample, the work of Yang and Fu (2017) demonstrates promise 
that Benford's Law could be successfully applied to Chinese 
and/or American precipitation datasets as they use a statis-
tical technique closely linked to Benford's Law in detecting 
regime shifts over these regions. Investigating the confor-
mance of oceanic precipitation data to Benford's Law would 
also be a crucial next step, given its distinct characteristics 
and measurement challenges compared to terrestrial precip-
itation. Finally, applying Benford's Law to a wider range of 
non-Gaussian climate data fields, potentially cloud datasets, 
could extend the use of these methods beyond precipitation 
data alone.
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Endnotes

	1	This 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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