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Abstract 

 
 Benford’s Law (BL) is being used extensively in research for several purposes including for the detection of 
potential manipulations of the data to detect fraud since datasets tend to follow the Benford’s distribution when they 
occur naturally without artificial control. The COVID-19 pandemic has heavily impacted business and non-business-
related activities. Datasets related to the pandemic are being used in many different analyses to arrive at different 
conclusions. However, the credibility of the results and conclusions depend heavily on the accuracy of the datasets. 
The COVID-19 related datasets are obvious results of intense human intervention and artificial control efforts; 
therefore, the question arises as to whether Benford’s analysis can still be used to detect anomalous datasets among 
them? This research uses several publicly available datasets and uses predictive analytics to perform the Benford’s 
analysis. The applicability of BL is first verified using a regular dataset occurred prior to the pandemic, and then 
applied on COVID-19 related datasets to test the research hypothesis.  The results demonstrate that even the datasets 
with sufficiently large sample sizes with considerable human intervention and artificial control follow the Benford’s 
distribution and that Benford’s analysis can still detect the  anomalous datasets. The findings are anticipated to be 
useful for the data analysts and researchers and adds to the current literature gap. This paper may also serve as a class 
case study for the academia teaching data analytics. 
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1. Introduction 
 According to Lee et al., (2020), Benford’s Law (BL) is an empirically discovered pattern for the frequency 
distribution of first digits in many real-life datasets including forensic analysis for potential manipulations of the data 
to detect fraud; applied to genome data; the half-lives of unstable nuclei; self-reported toxic emissions data; tax 
auditing; accounting; election data; stock markets; regression coefficients; inflation data; World Wide Web; religions;  
birth data; river data; first letter words; elementary particle; decay rates; and astrophysical measurements. According 
to Kraus et al. (2014), BL may be categorized as a descriptive data mining method, as it discriminates data, but also 
as predictive, as it identifies characteristics of datasets that may help to predict future schemas. Further, the authors 
mention that the applicability of the law is verified, but also controversially discussed in numerous papers. By 
observing the literature, it is obvious that the BL is applied in multiple research. According to Nigrini (1999), 
Benford’s analysis might be helpful within the supply chain processes for estimations in the general ledger; the relative 
size of inventory unit prices among locations; check for duplicate payments; and check on customer refunds. Gauvrit 
et al. (2017) state various different applications of the law such as the distance between earth and known stars, crime 
statistics, the number of daily-recorded religious activities, earthquake depths, financial variables, study of gambling 
behaviors, and brain activity recordings. It is also important to note that the BL is very much applied as a fraud 
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indicator in supply chain data by using the ‘trust-but-verify’ approach that is advocated in the practitioner literature 
(Hales et al., 2009). 
 
 However, the literature states limitations to the application of BL, mainly depending on the sample size, and 
the fact that the dataset should occur naturally without any intervention to artificially control the data (Hales et al., 
2009).  The COVID-19 pandemic has been shattering the world, heavily impacting all business and non-business 
transactions. Datasets related to the pandemic are being used in many different analyses to arrive at different 
conclusions. However, the credibility of the results and conclusions depend heavily on the accuracy of the datasets. 
Much research is done using publicly available pandemic related datasets that are both directly and indirectly impacted 
by the high human control interventions.  Therefore, it is important to detect any anomaly in datasets before they are 
utilized. According to a study by Lee et al. (2020), if the COVID-19 epidemic growth curve follows an exponential 
distribution, the number of infections and deaths will obey BL. Their conclusion is that it is possible that when the 
degree of intervention is high, the growth of death or infection rates may not obey BL. Thus, they state that BL testing 
alone would not be sufficient to detect potential manipulations of the growth of the COVID-19 death rate. This leaves 
much doubt that is worth of more detailed investigation as almost all datasets available with the pandemic are at least 
of some degree of artificial control due to the sudden, unexpected responses needed.  
 
1.1 Objective  
 This research study attempted to answer the question “Do the Pandemic Related Datasets with High Artificial 
Control Still Follow Benford’s Law?”.  The findings are anticipated to be useful for the data analysts and researchers 
while it adds to the current literature gap. This paper may also serve as a class case study for the academia teaching 
data analytics and SAP predictive analytics software. 
 
2. Literature Review 
2.1 Benford’s Law 
 According to Nigrini (2012), Benford found out that numbers with low first digits occurred more often and 
then derived the expected frequencies of the digits as in: 𝑝𝑝(𝑑𝑑 = 𝑑𝑑1) = 𝑙𝑙𝑙𝑙𝑙𝑙10 �1 + 1

𝑑𝑑1
�  𝑓𝑓𝑙𝑙𝑓𝑓 𝑑𝑑𝑑𝑑{1,2, … ,9} ; where d is a 

number {1,2,9} and p is the probability. Table 1 lists the percentages expected on each of the four digits as per the 
BL. The BL is also referred to as the First-Digit law, or the Newcomb-BL to honor Newcomb (1881) who first found 
the phenomenon (Gauvrit et al., 2017). 
 

Table 1. Benford’s distribution of first, second, third and fourth digits 
First Digit Expected 1st 

digit, % 
Expected 2nd 
digit, % 

Expected 3rd 
digit, % 

Expected 4th 
digit, % 

0  - 11.97 10.18 10.02 
1 30.10 11.39 10.14 10.01 
2 17.61 10.88 10.10 10.01 
3 12.49 10.43 10.06 10.01 
4 9.69 10.03 10.02 10.00 
5 7.90 9.67 9.98 10.00 
6 6.70 9.34 9.94 9.99 
7 5.80 9.04 9.90 9.99 
8 5.10 8.76 9.86 9.99 
9 4.60 8.50 9.83 9.98 

 
 Although frequencies for several leading digits were proposed, the Benford’s first digit law is the most 
common application. The first two-digit test is regarded as a more focused test than the first digit test and is to detect 
abnormal duplications of digits and possible biases in the data (Kraus and Valverde, 2014; Nigrini, 2012).   
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2.2 Use of Benford’s Law for Data Anomaly Detection in Supply Chains 
 A supply chain is an integrated process wherein many business entities (i.e., suppliers, manufacturers, 
distributors, and retailers) work together to acquire raw materials, convert these raw materials into specified final 
products, and deliver these final products to retailers (Beamon, 1992; Dissanayake and Cross, 2018). Managing supply 
chains has become even more challenging as its scope change dynamically due to many factors including changes 
brought about by global customer preferences. With its immense scope overwhelmed with information, supply chain 
management naturally calls for the need for managing big data in all of its functions. According to Gawankar et al. 
(2020), the data anomalies can be caused by many different factors including wrong procedures, wrong measurements, 
human and machine errors and fraud. As mentioned by Verma and Khan (2012), there is no effective audit tool 
available to date for identification of all types of mistakes/ frauds/ irregularities.  According to Kraus and Valverde 
(2014), large data volumes and the inability to analyze them may lead to fraud and increased costs of supply chain 
management.  With the increase of cyber-attacks and the hackers’ use of sophisticated tools for malicious attacks, 
detecting such fraudulent and suspicious activities become even more challenging. Kraus and Valverde (2014) suggest 
that a fraud detection mechanism is necessary to reduce the risk of fraud especially in the supply chain area. While 
There are many different approaches in forensic data analysis to detect data anomalies, all approaches are based on a 
basic set of principles and knowledge (Varma and Khan, 2012). Authors further state that the BL is one such approach 
that is used to quickly spot potential anomalies and mismatches in data. The in-depth analysis of those data leads to 
the root causes of problems, therefore the application of the BL help managers to formulate potential anomaly/fraud 
preventive actions in a more effective manner. 
 
2.3 Use of Predictive Analytics Tools 
 More high-quality information is advantageous as it leads to better informed managerial decisions. The digital 
world today is inundated with information. According to DuttaRoy (2016), ‘business analytics’ has become an art of 
combining every data footprint to gain actionable insights from huge data, and can help businesses grow, improve 
customer experience, and generate more revenue. SAP Expert Analytics that comes with SAP Predictive Analytics 
software  is one of these statistical analysis and data mining toolset that enables the building of predictive models to 
discover hidden insights and relationships in data. (SAP Analytics 3.3 online help guide, 2020) Further, features in it 
include the ability to perform various types of data analyses; ability to visualize the quality of models from training 
datasets; ability to support a range of predictive algorithms; ability to support the use of the R; and its in-memory data 
mining capabilities for handling large volume data analysis efficiently (SAP Analytics 3.3 online help guide, 2020). 
 
 According to McLeod et al. (2017), analytical tools offer the greatest benefit, and the organizations use 
predictive analysis to gain insight, expose opportunities by building models, and for in-depth understanding. As stated 
by Menon (2020), SAP Predictive Analytics is a powerful system that leverages in memory computing capabilities of 
the HANA database and offers the business value of running predictive models on production data that feeds the 
operational systems. SAP Expert Analytics is one of many SAP Predictive Analytics tools that has many functions 
including the retraining of the models to insure their performance level and accuracy, as well as the detection of the 
model’s deviations. However, as stated by McLeod et al. (2017), since these products are relatively new products, the 
curricula for these big data and analytics tools are still developing, and it is important to add to the available literature 
to support the widespread application of these tools.  
 
3. Methods 
 This research used datasets from several data sources to cover different time periods and sample sizes: None- 
COVID-19 related data are assumed to have no or insignificant artificial control, whereas COVID-19 related data are 
influenced by considerable effort made towards controlling the final outputs. SAP Expert Analytics tool pack was 
used for performing the Benford’s analysis and obtain the graphs as shown in figure 1, 2, and 3 below. The procedure 
was as per the instructions published by Kale, and Jones in chapter 8 of their ‘Predictive Analytics’ textbook (Kale, 
N., & Jones, N., 2020). To evaluate the reliability of adhering to the BL, visual observation coupled with Pearson’s 
chi-square test for goodness of fit, and the Kupier’s test were performed. The Pearson’s goodness-of-fit Chi-square 
statistic, χ2 , computes the sum of the squared deviations of the empirical number of observations Nj (with 
χ2=∑ (Nj−nj)2

nj
m
j=1   Nj ) for each of the first digit j ∈ {1, 2, 3 . . ., 9} and the expected frequency n j = (p (j) x n) as 

proposed by the BL. The Kuiper's test statistic is a rotation-invariant Kolmogorov-type test statistic. The critical values 
of a modified Kuiper's test statistic are used according to the guidelines given in Stephens (1970): for n>8, 1.537 for 
15% significance, 1.620 for 10% significance, 1.757 for 5% significance, and 2.001 for 1% significance (Koch and 
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Okamura 2020). Chi-Square test is extremely sensitive for large sample sizes and tends to reject statistical significance 
even for small differences (Koch and Okamura 2020), however Kupier test is not that sensitive. In the Kupier test, the 
test statistic, T is calculated as: T = (Dn

+ +  Dn
−)[√n + 0.155 + 0.24

√n
]    where, Dn

+ = sup (Hd − Pd)   and Dn
− =

sup (Pd − Hd); where Hd stands for the cumulative frequency of the first digit d in the observed data, and Pd  that of 
the Benford distribution.  
  
The following hypothesis are used in this study. 
H0:  The observed distribution follows the theoretical Benford’s distribution. 
Ha:  The observed distribution does not follow the theoretical Benford’s distribution. 
 
Null hypothesis is not rejected if the test statistic does not exceed the corresponding critical values: 20.09 for α = 0.01, 
and 15.51 (13.36) for α = 0.05 (α = 0.10) respectively. 
 
4. Data Collection 
 This research study used several different datasets from several sources, several time periods, and several 
sample sizes. They include an USAID supply chain health commodity shipment and pricing dataset with regular data 
before the COVID-19 pandemic, and datasets related to the COVID-19 pandemic from several sources. Table 2 reports 
the sample sizes after removing non-data and zeroth digit rows. According to Hales et. al. (2009), literature do not 
provide any firm rules on the sample sizes for Benford’s Analysis. The literature suggests that the primary 
qualifications to apply the BL is for the dataset to be large enough, and generated naturally (i.e., without the 
intervention or artificial limitations that prohibit digits from taking on values from 1 to 9) (Hales et al., 2009). 
However, it is also found that the artificial limitations assumption can be relaxed in certain contexts (Hales et al., 
2009). As published by Hales et. al. (2009), the minimum size necessary to conduct digital analysis has not been 
established except that it must be large. The authors further state that the sample sizes small as 100 have been tested 
with little success, sample sizes around 500 have provided mixed results, while those above1000 have provided the 
best results when used with appropriate data types. 
 

Table 2: Size of the datasets and their time periods

 
 
5. Results and Discussion  
5.1 Numerical Results  
 Table 3 shows the observed first digit distribution percentages for shipping value, packing price, freight cost, 
and freight quantity of health commodity shipments prior to the pandemic, and their chi-square and Kupier test 
statistics. By observing the Chi-square statistics and Kupier statistics in table 3, it can be inferred that the frequency 
distribution percentages of the first digit of all the observations failed to reject the null hypothesis at a significance 
level of 10% for the Chi- Square test, and at a significance level of 15% for the Kupier test. Thus, this indicates that 
there are no red flags, and no indication of any data irregularity or anomaly. This dataset demonstrates strong 
adherence to the Benford’s law and verifies regular datasets without human intervention follows the suggested 
distribution.  
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Table 3. Test results for regular before COVID-19 datasets

 
 

Table 4: Test results for COVID-19 pandemic related datasets with high intervention 

  
 

Table 5: Test results for after COVID-19 pandemic related datasets with high intervention 

Table 4 and Table 5 are showing observed first digit distribution percentages and the test results for datasets 
related to the COVID-19 pandemic. These datasets had both big and small sample sizes of >100. It is clear from the 
results that the Chinese_Total Cases data in table 5 fails to meet the critical values for both Chi-Square and Kupier 
tests at significance levels of 10% and 15% respectively. Failing both statistical tests, it can be inferred that the null 
hypothesis is rejected in favor of the alternative hypothesis for the Chinese COVID death related dataset, while all 
other COVID 19 related datasets pass the statistical tests. Therefore, the Chinese COVID 19 death related dataset is 
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peculiar and raises the red flag for the presence of possible data anomaly since it does not follow the Benford’s 
distribution. On the other hand, the rest of the pandemic related datasets do follow the Benford’s distribution, even if 
they are highly controlled artificially. 
 
5.2 Graphical Results 
 Figure 1 below presents the visualization of the observed first digit distribution against the Benford’s 
expected distribution for the before pandemic dataset. Figures 2 and 3 visualize the pandemic related dataset with high 
intervention. It is clear that except for the Chinese_COVID 19 death related data distribution, all the other graphs do 
follow a distribution very close to the exponential distribution . This can be verified using literature as Lee et al. (2020) 
states that the Benford’s distribution is typically closer to that of an exponential distribution specially with big datasets.  
 

 
Figure 1. Observed first digit distributions Vs Benford’s expected distribution for before COVID-19 dataset 

Graph on Shipping Value 

Graph on Pack Price Graph on Freight Cost 

Graph on Shipping Quantity Graph on Shipping Value 
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Figure 2. Observed first digit distributions vs Benford’s expected distribution for after COVID-19 datasets reported 

in table 4 
 
 
 

 
Figure 3. Observed first digit distributions vs Benford’s expected distribution for after COVID-19 datasets reported 

in table 5 
 
 

Graph on COVID Deaths 

Graph on COVID Positives 

Graph on COVID_19 Recovered Cases 

Graph on PPE Sales Quantity 

Graph on Chinese_COVID_19 Cases Graph on US_COVID_19 Cases 

Graph on All COVID-19 Cases Graph on All COVID-19 Deaths 
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6. Conclusion 
 This study was conducted to answer the questions on “Do pandemic related datasets with high artificial 
control still follow the Benford’s law?” The study used several datasets, all >100 in sample size from several data 
sources. The findings suggest that any dataset with reasonably big enough sample size both  with or without human 
intervention, obey the BL, and that Benford’s analysis can be used to identify anomalous datasets. The conformity 
can be visualized using graphs, and verified using statistical tests, and this study used the Chi-square and the Kupier 
tests. One of the post COVID-19 datasets failed both tests, and when its graph for the observed % of first digit vs the 
expected % in Benford’s was observed, this non-conformity was apparent because the distribution was not following 
the expected shape of an exponential curve.  
 
 As per Todter (2009), the BL is a potentially useful instrument to discover fraud and manipulation, however 
there may be many plausible reasons for deviations from the BL, such as insufficient variability of the underlying 
data, rounding effects or other irregularities (Kraus and Valverde, 2014). According to Kraus and Valverde (2014), 
supply chain data as well as other data requires a detailed business know how for interpreting to prevent 
misinterpretations. Gaining insight into data requires careful extraction, presenting of information in a meaningful 
way, and the transformation of findings into actionable insights (Gole and Shiralkar, 2020). Therefore, the red flag 
raised from Benford’s analysis is another strong signal that caution should be practiced before making use of this 
dataset further. It is suggested in literature that any red-flags such as this should follow the ‘trust-but-verify’ approach 
before making conclusions. According to Koch, & Okamura (2020), the media frequently claim that the Chinese 
government has understated the numbers of those affected, and that it can be because the data sharing practices China 
had at the early stages of the pandemic were inadequate since they were affected first. The authors further state that 
the Chinese government was unable to test those who did not present at hospitals, and the testing capacities were 
limited. The results of this study showing anomaly in Chinese data therefore is justified, and it is clear that by applying 
BL on any dataset of reasonable size, presence of anomaly and irregularities can be identified. 
 
 This study demonstrated the procedure to detect potential data anomalies using SAP Predictive Analytics 
tools. Since the process is simple, effective, and quick for the supply chain managers or auditors to detect red flags in 
their supply chain big data, they can follow in-depth to detect anomalies including fraud. The findings will support 
the managers/auditors with their preventive measures and/or the formulation of organizational policies. As it is more 
efficient to run the checks and store the results in the cloud with SAP Expert Analytics, analysts can perform more 
frequent checks on big data from the business world. While this article adds to the current lacuna in literature in this 
field, it may also be utilized as an SAP analytics software training guideline. Since the procedure is well detailed, and 
the dataset is openly accessible, the supply chain academia may use this as one of the class case studies. 
 
 More future research on effective sample sizes, and a clear taxonomy may help the generation of a clear set 
of guidelines for organizations to apply the BL. Such initiative can help the organizations to avoid the unnecessary 
investigations and expenditure on ‘false-alarms’. With Benford’s analysis becoming more common in fraud detection, 
new complementary analyses are already introduced making it more difficult, even for informed swindlers 
intentionally conforming to the law to remain undetected (Gauvrit et al., 2017). These complementary analyses are  
also  a another area generating more future research.  
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