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Abstract.  Benford’s law explains the characteristic probability distribution of leading digits observed in 

many naturally occurring datasets. When data are artificially modified or manipulated, this distribution 

typically diverges from the theoretical expectation. Consequently, Benford-based techniques are valuable 

for detecting irregularities that suggest non-natural data alterations. This study provides a concise 

explanation of the theoretical background of Benford’s law and summarizes its essential features. It then 

examines statistical conformity tests employed to identify discrepancies between altered and original 

datasets. The analyzed data originate from electricity consumption meters. The findings illustrate how 

artificially modified datasets align or fail to align with Benford’s distribution through simulations involving 

exceptionally small sample sizes. These limited samples intentionally challenge standard assumptions of 

conformity, offering insight into the law’s robustness under constrained data conditions.

1  Introduction 

Use This paper examines the analysis and processing of 

real operational data from the electric power sector, with 

a particular focus on assessing how well the data follows 

Benford’s Law, the empirical pattern describing the 

frequency of leading digits in naturally occurring 

numerical datasets. The opening section outlines the 

essential principles of Big Data and statistical evaluation 

within the energy industry, emphasizing the role of 

Benford’s Law as a tool for detecting anomalies or 

potential data manipulation [1]. Although Benford’s 

Law has been widely employed in areas such as 

financial auditing, fraud detection, and forensic 

accounting, its application to technical and operational 

datasets, especially those in the energy domain, remains 

comparatively underexplored. Previous research [3] has 

indicated that Benford’s Law can help uncover 

irregularities in large-scale sensor or metering data, 

though such studies often lack detailed empirical testing 

under intentionally modified conditions [2]. Unlike 

previous work, this article utilizes real datasets collected 

from smart metering infrastructure and conducts a 

systematic assessment of their alignment with Benford’s 

distribution. It also explores how sensitive Benford’s 

Law is to deliberate numerical modifications by 

applying random multipliers to selected portions of the 

data (from 10% up to 100%) and by evaluating reduced 

dataset samples (0.1%, 1%, and 10%). Deviations from 

the expected distribution were quantified using the Chi-

squared test and average deviation measures [3, 4]. 

The results demonstrate that several unmodified 

datasets naturally follow Benford’s distribution, while 

deliberate numerical adjustments substantially decrease 
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this compliance. Additionally, the analysis shows that 

smaller datasets are more vulnerable to such 

modifications. These insights confirm the practical 

value of Benford’s Law for data validation in the power 

industry and extend existing knowledge by illustrating 

its capability to detect atypical patterns or measurement-

related errors in technical datasets [5, 6]. 

2 Experimental methods 

The next subsections provide a detailed explanation of 

the procedure used to select, prepare, and process the 

source data. The initial task is to identify a dataset that, 

in its original and unmodified form, shows the closest 

alignment with Benford’s first-digit distribution. Once 

such a dataset is identified, a smaller sample will be 

extracted to determine whether this reduced portion also 

maintains the expected Benford pattern. Both the 

complete dataset and its reduced version will then 

undergo identical numerical modifications to assess 

whether the same intervention influences their 

conformity with Benford’s distribution differently 

depending on dataset size. The purpose of the 

experimental section is to verify or disprove the 

following assumptions: some datasets naturally conform 

to Benford’s first-digit distribution without requiring 

any modifications; numerical manipulations, such as 

multiplying a portion of the values, can disrupt 

compliance with Benford’s law; deliberate adjustments 

applied to a reduced dataset can produce measurable 

deviations; and reducing the dataset size alone does not 

necessarily lead to a loss of agreement with Benford’s 

distribution. 
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2.1 Description of source data 

All original values, datasets, and measurement files used 

in this work were supplied by the Department of 

Electrical Power Engineering at the Faculty of Electrical 

Engineering and Informatics, Technical University of 

Košice, with partial cooperation from the Eastern 

Slovak Distribution Company. In total, 50 datasets were 

examined, originating from different consumption 

points within the distribution electricity network. The 

electricity consumption data was collected using smart 

meters, with the first measurement taken on 1 January 

2021 at 00:15:00. Consumption values are reported in 

Watts. The final measurement was taken on 1 April 

2022 at 00:00:00. Each dataset contains precisely 

43,676 records. The data was delivered in xls format, 

with each consumption point and meter stored as an 

individual file. Because the raw datasets could 

potentially be misused, all tables, charts, and figures that 

might directly reveal or indirectly allow identification of 

a specific consumption point, smart meter, or 

distribution company will be anonymized or slightly 

altered to ensure data protection. However, results, 

intermediate outputs, and aggregated information, 

including the total number of records, distributions of 

leading digits, digit frequencies, or comparisons with 

the expected Benford distribution will, unless explicitly 

stated otherwise, be presented in their complete and 

unmodified form. 

2.2 Selection of a representative dataset for 
Benford’s law evaluation 

At the initial stage of the verification experiments, it was 

necessary to identify datasets that, in their original and 

unmodified state, showed the closest possible 

conformity with Benford’s first-digit distribution. To 

assess how well the empirical data matched the expected 

values defined by Benford’s law, the Chi-square 

goodness-of-fit test was used together with the average 

deviation and a visual inspection of the graphical results. 

A dataset was regarded as suitable if the Chi-square test 

output approached the value 1 and if the average 

difference between the theoretical and observed 

frequencies was close to 0.0. All 50 available datasets 

were examined in detail, and according to these criteria, 

dataset A demonstrated the highest level of conformity. 

2.2.1 Data preparation procedure 

Since the source data was provided in Microsoft Excel 

(xls) format, its original structure was not directly 

suitable for the required calculations and analyses, 

making data filtering and extraction of relevant values 

necessary. Microsoft Excel was selected as the primary 

tool after considering Excel, MATLAB, due to its 

sufficient functionality, accessibility, and convenient 

data handling. The data was reorganized into separate 

Excel files, and datasets from the low-voltage 

distribution network were initially merged to identify a 

dataset that naturally complied with Benford’s law. 

Once such a dataset was found, it was isolated for further 

analysis and experimental modification. Each dataset 

contained the Timestamp, Value and the First Digit 

extracted as the first non-zero digit using the Excel 

function =LEFT(). Based on the extracted digits, 

summary tables, statistical evaluations, and comparison 

charts were generated to assess compliance with 

Benford’s distribution both numerically and visually. 

2.2.2 Example of a dataset showing low 
conformity with Benford’s law 

The results shown in Table 2., for the examined dataset 

of 43,676 unmodified entries demonstrate clear 

discrepancies between the observed frequencies and the 

values predicted by Benford’s distribution. 

Table 1. Dataset result showing low conformity with 

Benford’s law. 

First 

digit 

Act. 

abundance 
Exp. BL 

Act. 

Freq. [%] 

Exp. BL 

Freq. [%] 
Diff. [%] 

1 6986 13148 15,995 30,103 14,108 

2 1889 7691 4,325 17,609 13,284 

3 4256 5457 9,744 12,494 2,75 

4 11010 4233 25,208 9,691 15,517 

5 8062 3458 18,459 7,918 10,541 

6 4299 2924 9,843 6,695 3,148 

7 3176 2533 7,272 5,799 1,473 

8 2277 2234 5,213 5,115 0,098 

9 1721 1999 3,94 4,576 0,636 

 

The deviations are substantial, the largest difference 

appears for the first digit 4, reaching 15.517%, while the 

smallest deviation occurs for digit 8 at only 0.098%. 

Overall, the average deviation for the dataset is 6.839%. 

The Chi-square test produced a very low value of 1.117 

∙ 10⁻⁹, which, in conjunction with the visual comparison, 

confirms a significant mismatch between the empirical 

and theoretical distributions. 

2.2.3 Overview of selected dataset A 

Table 2. Dataset result showing low conformity with 

Benford’s law. 

First digit 
Act. 

abundance 
Exp. BL 

Act. 

Freq. [%] 

Exp. BL 

Freq. [%] 
Diff. [%] 

1 11847 13148 27,125 30,103 2,978 

2 5932 7691 13,582 17,609 4,027 

3 5054 5457 11,572 12,494 0,922 

4 4587 4233 10,502 9,691 0,811 

5 4108 3458 9,406 7,918 1,488 

6 3614 2924 8,275 6,695 1,58 

7 3598 2533 8,238 5,799 2,439 

8 2814 2234 6,443 5,115 1,328 

9 2101 1999 4,81 4,576 0,234 

 

Fig. 1. Graphical visualization of the results from Table 2. 
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Dataset A showed the strongest conformity with the 

criteria of Benford’s law. Figure 1 illustrates the results 

obtained from processing a dataset consisting of 43,676 

records in their original, unaltered form. A comparison 

of the observed frequencies (blue bars) with the 

theoretical Benford distribution (green curve) indicates a 

high level of consistency. The deviations between the 

empirical and expected values (red bars) are very small, 

the largest difference appears for the digit 2, reaching 

4.027%, while the smallest deviation is observed for the 

digit 9 at only 0.234%. The overall average deviation of 

the dataset is 1.756%, which is statistically considered 

very low. Furthermore, the Chi-square test returned to a 

value of 0.908, which, together with the graphical 

representation, confirms a strong agreement with 

Benford’s distribution. These findings demonstrate that 

the dataset is well suited for further analyses and for the 

experimental testing of the proposed hypotheses. 

2.3 Formation and selection of a reduced 
dataset for analysis 

Another objective was to generate or identify reduced 

subsets of data from the representative dataset that 

would maintain the first-digit distribution consistent 

with Benford’s law even after a substantial reduction in 

size, while keeping the data in their original, unmodified 

form. From the initially selected representative dataset 

A, samples containing 10%, 1%, and 0.1% of the records 

were extracted using random sampling. These reduced 

subsets were then evaluated using the Chi-square 

goodness-of-fit test, complemented by calculations of 

the average deviation between the observed and 

theoretical frequencies, as well as visual assessment 

through graphical plots. Based on these evaluation 

methods, the reduced samples that demonstrated the 

highest level of conformity with Benford’s distribution 

were selected for further use. 

2.3.1 Construction and evaluation of the 10% 
sample from dataset A 

Table 3. Dataset result showing low conformity with 

Benford’s law. 

First digit 

Act. 

abundanc

e 

Exp. BL 
Act. 

Freq. [%] 

Exp. BL 

Freq. [%] 
Diff. [%] 

1 1187 1315 27,181 30,103 2,922 

2 609 769 13,946 17,609 3,663 

3 489 546 11,198 12,494 1,296 

4 472 423 10,808 9,691 1,117 

5 404 346 9,251 7,918 1,333 

6 383 292 8,77 6,695 2,075 

7 354 253 8,106 5,799 2,307 

8 278 223 6,366 5,115 1,251 

9 188 200 4,305 4,576 0,271 

 

A randomly selected sample representing 10% of dataset 

A was extracted, yielding a total of 4,367 values. This 

reduced subset was then examined with respect to the 

distribution of the first digits, and the results were 

compared with the expected Benford distribution. To 

ensure proper comparability, the same analytical 

procedure as in the case of the full dataset was applied.  

 

 

Fig. 2. Graphical visualization of the results from Table 3. 

The evaluation of the digit frequencies and their 

comparison with the theoretical values revealed only 

minor deviations. The average absolute deviation was 

1.804%, and the Chi-square test produced a value of 

0.9056. This result is nearly identical to the Chi-square 

value obtained for the full (100%) dataset, indicating 

that reducing the dataset to one tenth of its original size 

did not significantly influence its conformity with 

Benford’s law. 

2.3.2 Construction and evaluation of the 1% 
sample from dataset A 

Table 4. Dataset result showing low conformity with 

Benford’s law. 

First 

digit 

Act. 

abundance 
Exp. BL 

Act. 

Freq. [%] 

Exp. BL 

Freq. [%] 
Diff. [%] 

1 119 131 27,294 30,103 2,809 

2 61 77 13,991 17,609 3,618 

3 59 54 13,532 12,494 1,038 

4 36 42 8,257 9,691 1,434 

5 33 35 7,569 7,918 0,349 

6 41 29 9,404 6,695 2,709 

7 36 25 8,257 5,799 2,458 

8 33 22 7,569 5,115 2,454 

9 18 20 4,128 4,576 0,448 

 

Fig. 3. Graphical visualization of the results from Table 4. 

A 1% random sample was subsequently generated from 

the original dataset A, consisting of 436 records. The 

analysis results indicated a slight increase in the average 

deviation, which reached 1.924%. Although this value 

is higher than that obtained for the 10% sample, it still 

falls within the acceptable tolerance for assessing 

conformity with Benford’s distribution.  The Chi-square 

goodness-of-fit test produced a value of 0.7913, 

representing a decrease compared to both the 10% 

sample and the full dataset, yet still reflecting a 

satisfactory level of agreement between the empirical 
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and theoretical distributions. These findings 

demonstrate that even a 1% subset of the original dataset 

can preserve the first-digit distribution predicted by 

Benford’s law. While the effect of random sampling is 

somewhat more pronounced at this reduced scale, it 

remains sufficiently limited to support further analyses 

and subsequent numerical modifications. 

2.3.3 Construction and evaluation of the 0,1% 
sample from dataset A 

Table 5. Dataset result showing low conformity with 

Benford’s law. 

First 

digit 

Act. 

abundance 
Exp. BL 

Act. 

Freq. [%] 

Exp. BL 

Freq. [%] 
Diff. [%] 

1 8 13 18,605 30,103 11,498 

2 10 8 23,256 17,609 5,647 

3 7 5 16,279 12,494 3,785 

4 5 4 11,628 9,691 1,937 

5 2 3 4,651 7,918 3,267 

6 5 3 11,628 6,695 4,933 

7 3 2 6,977 5,799 1,178 

8 2 2 4,651 5,115 0,464 

9 1 2 2,326 4,576 2,250 

 

Fig. 4. Graphical visualization of the results from Table 5. 

For the 0.1% sample, which consisted of only 43 

randomly selected values, the limitations of statistical 

representativeness in evaluating conformity with 

Benford’s law begin to appear. In this case, the average 

deviation increased to 3.884%, and the graphical 

assessment also shows more noticeable discrepancies 

between the observed and expected first-digit 

frequencies (Figure 4). The Chi-square test value 

decreased to 0.0790, indicating a low level of agreement 

with the theoretical distribution. This outcome can be 

attributed both to the very small sample size, where even 

minor fluctuations in digit counts can significantly 

influence the statistical results, and to the higher 

likelihood of random deviations in such a limited 

dataset. 

2.4 Artificial modifications and data 
manipulation 

Since the 0.1% sample from dataset A demonstrated a 

low level of conformity with Benford’s law, mainly due 

to its very small size and the resulting high average 

deviation, it was not considered a suitable representative 

sample for further analysis. Based on the previous 

findings, a 1% sample of dataset A containing 436 

values and the full dataset A with 43,676 values were 

selected for subsequent processing and experimental 

modifications. These two datasets were selected 

because, even after the reduction in data volume, they 

still showed acceptable agreement with Benford’s 

distribution. Both the Chi-square test and the visual 

evaluation of the graphs confirmed a good level of 

correspondence with the expected values. Both selected 

datasets were then subjected to a series of numerical 

modifications to examine how these interventions would 

influence the outcomes of the statistical tests. The 

evaluation was based on the average deviation between 

the expected and observed digit frequencies, the Chi-

square value obtained from the goodness-of-fit test, and 

the visual appearance of the graphical representations of 

the first-digit distribution. 

The purpose of this section was to assess how 

sensitive Benford’s law is to numerical manipulations 

and to determine whether smaller samples resist 

distortions as effectively as full datasets. During 

preprocessing, a randomly selected portion of each 

dataset, ranging from 10% to 100% in steps of 10%, was 

modified by multiplying chosen values with a constant 

from 1.0 to 10.0 in increments of 0.1. This approach 

simulated different levels of noise and enabled 

observation of how such changes affect the subsequent 

analysis. Summary tables containing Chi-square test 

results and average absolute deviations were generated 

for each intervention level, and graphical 

representations were created to compare the effects of 

multiplication on the 1% and 100% samples from 

dataset A. 

The visualizations provide a clear overview of how 

conformity with Benford’s law changes depending on 

the multiplication coefficient, the proportion of 

modified values, and the size of the analyzed dataset. By 

combining these parameters, it was possible to evaluate 

the sensitivity of the datasets to various interventions 

and to identify which types of modifications most 

significantly disrupt statistical agreement with 

Benford’s distribution. As in the original data file, the 

dataset structure is based on three primary columns: the 

first digit, defined as the first non-zero digit extracted 

from the Value column; the Value, representing the 

measured transmitted power in watts; and the 

Timestamp, indicating the time of measurement.  

3 Results of artificial interventions 

This chapter examines how numerical modifications 

influence the distribution of first digits in dataset A. The 

procedure involves multiplying a randomly selected 

portion of the data by a constant from 1.0 to 10.0 with a 

step of 0.1. The aim was to determine how agreement 

with Benford’s law changes when different proportions 

of the data are modified, from 10% to 100%, and when 

different dataset sizes are used, specifically the 1% and 

100% samples. Detailed results were obtained for each 

intervention level, including Chi-square goodness-of-fit 

values and average deviations between the observed and 

expected first-digit frequencies. The analysis covered 

intervention rates from 10% to 100% and multiplication 

coefficients from 1.0 to 10.0. These results make it 

possible to compare how identical manipulations affect 

datasets of different sizes, particularly the 1% and 100% 

samples. The findings form a key foundation for the 
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graphical analyses in the following sections and are 

essential for interpreting the observed patterns and 

differences. 

3.1 Relationship between the Chi-square test 
and the multiplication coefficient 

In this study, the reported Chi-square (χ²) values 

represent the standard Pearson Chi-square test statistic 

used to evaluate the goodness-of-fit between observed 

and expected frequencies. 

The decision rule is based on the comparison of the 

calculated χ² statistic with the critical value from the 

Chi-square distribution table at the selected significance 

level. In this analysis, the significance level was set to α 

= 0.05. 

For each test: 

If χ²_calculated ≤ χ²_critical, the null hypothesis is 

not rejected, indicating conformity between the 

observed and expected distributions. 

If χ²_calculated > χ²_critical, the null hypothesis is 

rejected, indicating low conformity. 

Alternatively, when p-values are reported: 

If p ≥ 0.05, the result indicates conformity. 

If p < 0.05, the result indicates statistically 

significant deviation (low conformity). 

Thus, the classification of “conformity” or “low 

conformity” in the tables is based strictly on this 

statistical decision rule. 

In most of the analyzed situations, the 100% sample 

exhibited a more stable behavior in the Chi-square test 

values, which remained over the long term near the ideal 

level of approximately 1. In comparison, the 1% sample 

proved to be noticeably more sensitive to numerical 

modifications, which was reflected in a higher 

variability of the results. Local decreases could fall 

below the value of 0.65. For interventions in the range 

from 10% to 40%, the behavior of both samples 

remained relatively similar, and the differences between 

them were less pronounced, particularly for lower 

multiplication coefficients up to a value of about 7. The 

100% sample preserved a smooth and consistent course 

in this range without significant fluctuations. As the 

extent of the intervention increased, specifically within 

the interval from 50% to 80%, the samples began to 

show a progressively stronger influence of the applied 

coefficient. In the case of the 1% sample, the shape of 

the test curve became more irregular and less consistent. 

The most prominent differences appeared at 

intervention levels of 90% and 100%, where the test 

curves became markedly uneven, highly unpredictable, 

and clearly distinct between the two samples.  

The results confirm that the size of the dataset plays 

a crucial role in the stability and interpretability of Chi-

square test outcomes under numerical manipulation. 

While the full 100% dataset is considerably more 

resistant to distortions, the small 1% sample may 

respond to even minor modifications with significantly 

skewed results, which reduces its reliability when 

evaluating conformity with Benford’s law. 

 

 

Fig. 5. Chi-square Test Result for a 20% Adjusted Data 

Sample 

 

 

Fig. 6. Chi-square Test Result for a 80% Adjusted Data 

Sample 

3.2 Relationship between the average deviation 
and the multiplication coefficient 

When examining the development of the average 

absolute deviation between the expected and observed 

first-digit frequencies, it became apparent that the two 

samples, the 1% and the 100% versions, react differently 

to numerical interventions. Their behavior depends 

mainly on the proportion of modified data and on the 

value of the multiplication coefficient. For lower 

intervention levels, in the range from 10% to 40%, the 

patterns of the two samples differ. The 100% sample 

generally shows smaller deviation values and its 

progression is more stable, while the 1% sample is more 

sensitive to changes and displays a greater number of 

fluctuations. 

 

 

Fig. 7. Average Deviation for a 20% Adjusted Data Sample 

As the intervention level increases, specifically 

between 50% and 80%, the behavior of the two samples 

begins to move closer together. Although the 100% 

sample still maintains a more stable course, it also 

begins to show minor fluctuations and occasional local 

extremes. Even so, its progression remains smoother 

than that of the 1% sample. At the intervention levels of 

90% and 100%, the courses of both samples become 

markedly irregular, with frequent and sharp changes in 

the average deviation values. At this point, the 

differences between the samples become less distinct 

and their behavior increases nonlinear. 
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Fig. 8. Average Deviation for a 80% Adjusted Data Sample 

4 Comparative evaluation of the results 

In the experimental part of this work, only one type of 

numerical modification was applied, namely the scaling 

of selected portions of the dataset. This form of 

manipulation is often discussed in relation to Benford’s 

law because, in theory, it should not affect the 

distribution of first digits in sufficiently large and well-

structured datasets. For the final comparison, graphical 

outputs were prepared for both data samples, the full 

100% dataset and the 1% subset, each evaluated in two 

states. The multiplication coefficient was selected based 

on calculations showing that it produced the largest 

difference in the Chi-square result. The experiment 

demonstrated that in small datasets, scaling can disrupt 

conformity with Benford’s distribution, even though 

such an intervention should theoretically have no effect. 

For the full dataset, the Chi-square test and the average 

deviation remained close to the original values; when 

80% of the data was modified using a coefficient of 

8.70, the Chi-square result was 0.9147 and the average 

deviation was 1.821%. In contrast, the same intervention 

applied to the 1% sample produced a much stronger 

effect, with the Chi-square value falling to 0.6243 and 

the average deviation increasing to 2.306%. 

The graphical comparison shows that the deviation 

for most digits is higher in the case of the smaller 1% 

sample, although in some situations the differences are 

only minor. The most pronounced difference between 

the samples was found for the first digit 8. In the full 

100% dataset, the deviation was 2.454%, while in the 

1% sample it reached only 0.229%. The smallest 

difference appeared for digit 7, where the values were 

almost identical, with 1.311% for the 100% sample and 

1.29% for the 1% sample. These findings confirm that 

although large datasets tend to preserve their 

distribution structure after numerical interference, small 

samples are more susceptible to distortions, even when 

the type of intervention used should theoretically not 

alter the expected conformity with Benford’s law. 

5 Conclusions 

Based on the analyses and experiments carried out in 

this work, it can be concluded that the objective of 

verifying the behavior of datasets from the field of 

electrical power engineering in relation to Benford’s law 

and assessing their sensitivity to numerical 

modifications has been achieved. At the beginning of 

the practical part, a dataset was identified that showed 

strong conformity with Benford’s distribution in its 

original form. A reduced 1% sample was then created, 

and the results demonstrated that even such a small 

subset can maintain acceptable compliance with 

Benford’s law, although with slightly lower Chi-square 

values and a higher average deviation. 

The focus of the work was on numerical 

interventions performed by multiplying a randomly 

selected portion of the dataset with a coefficient from 

the interval 1.0 to 10.0. The findings show that larger 

datasets containing 100% of the values are generally 

more resistant to modifications and produce more stable 

Chi-square results, while smaller datasets with only 1% 

of the values are considerably more sensitive, with even 

minor adjustments leading to noticeable changes in their 

conformity with Benford’s law. The results also 

demonstrate that both the extent of the intervention and 

the size of the dataset significantly influence the 

distribution of first digits, which contradicts the 

theoretical assumption that scaling should not affect this 

distribution. An important observation is that the 

multiplication operation, although theoretically neutral, 

can influence the test results when applied to very small 

datasets, as confirmed by selected experiments and 

graphical comparisons. The findings therefore indicate 

that when using Benford’s law for data verification, it is 

essential to consider not only the type of intervention but 

also the size of the dataset. The work also shows that 

Benford’s law can be an effective tool for detecting 

anomalies or potential data manipulation when the 

context and characteristics of the dataset are properly 

evaluated, confirming its practical usefulness for 

assessing the consistency and quality of data in electrical 

power systems. 
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