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Benford’s Law as an instrument for fraud detection in
surveys using the data of the Socio-Economic Panel (SOEP)*

Jorg-Peter Schriplert

Abstract

This paper focuses on fraud detection in surveys using Socio-Economic Panel (SOEP) data
as an example for testing newly methods proposed here. A statistical theorem referred to as
Benford’s Law states that in many sets of numerical data, the significant digits are not uni-
formly distributed, as one might expect, but rather adhere to a certain logarithmic probability
function. To detect fraud we derive several requirements that should, according to this law, be
fulfilled in the case of survey data. We show that in several SOEP subsamples, Benford’s Law
holds for the available continuous data. For this analysis, we have developed a measure that
reflects the plausibility of the digit distribution in interviewer clusters. We are able to demon-
strate that several interviews that were known to have been fabricated and therefore deleted in
the original user data set can be detected using this method. Furthermore, in one subsample,
we use this method to identify a case of an interviewer falsifying ten interviews who had not
been detected previously by the fieldwork organization. In the last section of our paper, we
try to explain the deviation from Benford’s distribution empirically, and show that several
factors can influence the test statistic used. To avoid misinterpretations and false conclusions,
it is important to take these factors into account when Benford’s Law is applied to survey data.
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JEL classification: C69, C81, C83
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1 Introduction

In any survey in which the data are collected by personal interviews, there is a risk that interviewers
may cheat, or that some may fabricate data. We can distinguish several forms of cheating.

Firstly, the most blatant form is when an interviewer fabricates all 'responses’ in an entire
questionnaire. The US Bureau of the Census refers to this practice as ’falsification’ or 'fabrication’.
Sometimes this practice is also unofficially called ’curbstoning’, thus named because a census taker
”stands at the curb” and guesses the number of residents in a building or house without ever
entering. Interviewers who do this are called curbstoners! (Moore and Marquis 1996).

Secondly, a more subtle form is when an interviewer asks some questions in an interview and
fabricates the responses to others.

A third form of cheating is when an interviewer knowingly deviates from prescribed interviewing
procedures, such as conducting an interview with someone who is easily reachable and willing to
participate in the place of the appropriate person.

Falsification might also include the acceptance of proxy information when self-response is re-
quired and the unauthorized use of the telephone when a personal visit is required.

In this paper we deal only with the first form of cheating: the fabrication of an entire inter-
view. We focus on fabricated data in the German Socio-Economic Panel (SOEP) and apply an
unconventional benchmark by the name of Benford’s Law, which has already been used by several
accountants to uncover fraud. Benford’s Law is now also being used by several researchers in the
social sciences to detect fabricated survey data (Diekmann 2002; Swanson et al. 2003; Schrapler
2004; Schrapler and Wagner 2005; Schéfer et al. 2005; Bredl et al. 2008) and frauds in regression
coefficients in economics and the social sciences (Todter 2009; Diekmann 2007). In our paper we
try to give some explanatory notes for this logistic distribution and explore the effectiveness of this
procedure in the case of survey data.

2 Previous results on cheating behavior

In comparison with other methodological topics, the literature contains only a few studies dealing
with cheating by interviewers. Crespi (1945) described several factors that may contribute to cheat-
ing behavior. He distinguished between factors relating to questionnaire characteristics (design and
length, difficult and antagonistic questions), administrative demoralizers (inadequate interviewer
remuneration and training), as well as external factors (bad weather, bad neighborhoods, etc.).
He proposed a dual strategy of eliminating demoralizers and using a verification method to deter
cheating. Some more recent studies have referred to these verification methods and dealt with
optimal designs of quality control samples to detect interviewer cheating (Biemer and Stokes 1989)
and the evaluation of quality control procedures for interviewers (Stokes and Jones 1989).

Because of the lack of factual information concerning the nature of interviewer falsification, in
1982 the US Census Bureau implemented an ”Interviewer Falsification Study” (Schreiner, Pennie,
and Newbrough 1988). In this study data were compiled from fifteen surveys conducted by twelve
US Census Bureau regional offices over a five-year period. They found 205 cases of confirmed
falsification. Most of these (74%) were detected through re-interviews, and the majority (79%) were
determined to have been fabricated interviews. Their results provide evidence that the shorter the
length of service, the more likely an interviewer is to falsify data (Schreiner, Pennie, and Newbrough
1988). Furthermore, when new interviewers falsify data, they usually do so for a relatively high
proportion of their assignments, and they tend to fabricate entire interviews. Interviewers with
five or more years of experience usually falsify a smaller proportion of their assignments and tend
to classify eligible units as ineligible (Hood and Bushery 1997).

ICurbstoning is a term that originated with 18th-century census-taking. This term was coined when it was
discovered that some interviewers simply filled out interview forms without even contacting a respondent.



Other studies have dealt with the ’quality’ of faked interviews and the impact of fabricated
data on substantive analysis. Reuband (1990) showed that students are able to reproduce data in
fictive interviews using available demographic variables on real respondents.

Schnell (1991) performed a study in which he substituted 220 real interviews from the German
General Social Survey (ALLBUS 1988, N = 3,052) with fictive interviews fabricated by sociology
students and their fellow students at the same university. He analyzed the quality of the fabri-
cated data and the robustness of substantive empirical results by comparing the German General
Social Survey with the substituted false data. His main result was that univariate statistics like
proportions, means, and variances are relatively robust against typical amounts of fabricated data
in surveys (less than 5%). Nevertheless, he also found some minor effects on multivariate statistics
such as multiple regressions. Moreover, using simulations, he showed that higher proportions of
fabricated data in surveys have a serious impact on multivariate statistics and data quality.

In the ALLBUS 1994, the ADM design was replaced with a new sampling design that offers
the opportunity to systematically check that the interviews (N = 3,505) were performed correctly.
The interviewers were given the names and address of the respondents directly. In six percent of
the cases, irregularities were detected; half of them were falsified by the interviewers (Koch 1995).
These fabricated data (n = 45) were found after the routine monitoring by the data collection
institute via the postcard method, which detected fifteen falsified interviews in this survey. Another
finding was that interviewers who cheat are mainly younger people with higher levels of education
(Abitur) and with a relatively high workload (number of interviews). The SOEP is aware of the
interviewer characteristics of those who cheat and was therefore able to compare them with the
characteristics found in the ALLBUS (see Schrépler/Wagner 2005).

A rare debacle caused by falsified interviews is referred to by Diekmann (2002). In the German
city of Rostock, a traffic study about drivers was carried out by means of 600 face-to-face interviews.
Eighty cases were later re-contacted for another study, which showed that sixteen of the former
interviews were completely or partly fabricated by the interviewer. If we extrapolate this to the
whole sample, that amounts to a share of 20% fakes.

3 Benford’s Law

Besides the ’conventional’ tests for stability and consistency, an unconventional benchmark by the
name of Benford’s Law has recently been used by several accountants to detect frauds. Social
researchers have also proposed using this method for survey data (Diekmann, 2002). In this and
the following chapter, we will test whether Benford’s Law can be used as an instrument for quality
control and fraud detection in surveys.

Benford’s Law is an empirical 'law’ which states that in many tables of numerical data, the
significant digits are not uniformly distributed, as one might expect, but rather adhere to a certain
logarithmic probability distribution (Hill 1996b). According to Hill (1999), in 1881, the astronomer
Newcomb (Newcomb 1881) explained that his discovery of the significant digit law was sparked
by an observation that the pages of a book of logarithms were dirtiest in the beginning and
progressively cleaner throughout. Nevertheless, the law is named after Dr. Frank Benford, a
physicist who had made the same observation in 1938, when he embarked on a mathematical
analysis of 20,229 sets of numbers, including such wildly disparate categories as the areas of rivers,
baseball statistics, numbers in magazine articles and street addresses (see table 1, Benford 1938).

He found that all these seemingly unrelated sets of numbers followed the same first-digit prob-
ability pattern.? In most cases the number 1 turned up as the first digit about 30 percent of the

2Nevertheless Benford made no attempt to assess how good the fit was. On closer inspection of table 1, we can
see that for some of these data sets, the digit frequency is not even a monotonically decreasing function of digit
magnitude for higher valued digits. Using x2-tests Scott/Fasli (2001, p.5) show that only three of these data sets
(D,F and R) have remarkably close fits, eight (A,G,I,M,0,P,Q and T) satisfy the standard 5% significant criterion,
the remaining nine sets of data cannot be regarded as conforming to Benford’s Law.



TABLE 1: The distribution of leading digits in Benford’s data sets in percentages (Benford 1938)
Group Title 1 2 3 4 5 6 7 8 9 Count

A Rivers, Area 31.0 164 10.7 11.3 72 86 55 4.2 5.1 335
B Population 33.9 204 14.2 8.1 7.2 6.2 4.1 3.7 2.2 3,259
C Constants 41.3 144 4.8 86 10.6 5.8 1.0 29 10.6 104
D Newspapers 30.0 18.0 12.0 10.0 80 6.0 6.0 5.0 5.0 100
E Spec. Heat 24.0 184 16.2 146 106 4.1 3.2 48 4.1 1,389
F Pressure 29.6 18.3 128 9.8 83 64 57 44 4.7 703
G H.P.Lost 30.0 184 11.9 10.8 81 7.0 5.1 5.1 3.6 690
H Mol. Weight 27.7 253 154 10.8 6.7 51 41 28 3.2 1,800
I Drainage 271 239 13.8 126 82 50 50 25 1.9 159
J Atomic Wgt. 47.2 18.7 5.5 4.4 6.6 44 33 44 5.5 91
K nt n,... 25.7  20.3 9.7 6.8 66 68 7.2 8.0 8.9 5,000
L Design 26.8 14.8 14.3 7.5 83 84 70 73 5.6 560
M Gigest 334 185 124 7.5 71 6.5 55 4.9 4.2 308
N Cost Data 324 188 10.1 10.1 98 55 4.7 5.5 3.1 741
(0] X-Ray Volts 279 17,5 144 9.0 81 74 51 58 4.8 707
P Am. League 327 176 126 9.8 74 64 49 5.6 3.0 1,458
Q Black Body 31.0 173 14.1 8.7 66 70 52 4.7 5.4 1,165
R Addresses 289 19.2 126 8.8 85 64 56 5.0 5.0 342
S nt,n? ...,nl 253 160 120 100 85 88 6.8 7.1 55 900
T Death Rate 27.0 18.6 15.7 9.4 6.7 65 7.2 48 4.1 418

Average 30.6 185 124 9.4 80 64 51 4.9 4.7 1,011

Predicted 30.1 176 125 9.7 79 6.7 58 5.1 4.6

time, more often than any other. Benford derived a formula to predict the frequency of numbers
found in many categories of statistics. The leading significant (non-zero) digit obeys the law

1
Prob(first significant digit = d) = log1o (1 + d) , d=1,2,...,9

Hence, a number chosen at random has leading significant digit d = 1 with probability 0.301,
a leading digit d = 2 with probability 0.176 and so on monotonically down to probability 0.046
for leading digit d = 9. The general law for second and higher significant digits and their joint
distribution is (Hill 1996a, 1999):

k -1
Prob(Dy =du,..., Dy = di) = logio |1+ (Z d; x 10k_i> (1)

i=1

where di € {1,2,...,9} and d; € {0,1,2,...,9},j = 2,...,k. Therefore the joint probability
PT’Ob(Dl =1, Dy = 5,D3 = 2) = 10910(1 + (152)71) =~ 0.0028.

From equation 1 follows that the significant digits are dependent and not independent. In the
appendix, table 16 shows the joint distribution for the first two digits. It can easily be seen that
the joint probability that the second digit is 3, given that the first digit is 1, is P(Dy = 1, Dy =
3) ~ 0.0322, but P(Dy; =1)- P(Ds = 3) =~ 0.0314.

This interdependence among significant digits decreases rapidly as the distances between the
digits increases. The table below table 16 shows the distribution of the first to the fourth significant
digits. We can recognize that the distribution of the nth significant digit approaches the uniform
distribution on 0,1,...,9 exponentially fast as n — oo (c.f. Hill 1995, p.355).

For many years, this law was considered little more than a numerical curiosity, but practical
implications began to emerge in the 1960s (Scott/Fasli 2001). It was recognized that the suggestion
that almost 1/3 of the numbers processed began with the digit ’1’ could have implications for the



design of efficient computers (Hamming 1970; Knuth 1981). In recent years Benford’s Law has
been used successfully to detect fraudulent financial data (Nigrini 1999).

Despite this rather slender empirical support (Scott/Fasli 2001), there is disagreement about
whether this law is a necessary mathematical truth or a contingent property of nature.

3.1 Explanations of Benford’s Law
3.1.1 Scale invariant Theorem

The literature contains several theoretical papers that have attempted to explain why Benford’s
Law is true. The first step towards explaining this relationship was taken in 1961 by the math-
ematician Roger Pinkham (Pinkham 1961). He argued that if there is a law of digit frequencies,
it should be universal and ’scale-invariant.” This means that if we multiply all our numbers by
an arbitrary constant, then the distribution of first-digit frequencies should remain unchanged.
Pinkham provided the proof that if a law of digit frequencies is invariant under changes of scale
(e.g., dollars to euros) then it has to be Benford’s Law. Furthermore, Hill (1995) was able to show
that scale invariance implies base invariance, but not conversely.?> Nevertheless, this explanation
makes no contribution to answering the question as to whether real data should conform to the
logarithmic law.

3.1.2 Multiplying a lot of numbers together

Another approach is based on the notion of producing a number by multiplying a lot of numbers
together.? Boyle (1994) showed that the logarithmic distribution is the limiting distribution of
leading digits when random variables are repeatedly multiplied, divided, or raised to integers
powers. Scott/Falsi (2001) were able to show in their simulations that there is indeed convergence
towards the logarithmic distribution in all checked cases, and that for some distributions this
convergence is rapid.’

3.1.3 The random-samples-from-random-distribution theorem by Hill (1995)

A plausible theoretical explanation for the appearance of this logarithmic distribution is the
random-samples-from-random-distribution theorem by the mathematician Hill (1995). He showed
”that if probability distributions are selected at random, and random samples are then taken from
each of these distributions in any way so that the overall process is scale (or base) neutral, then the
significant digit frequency of the combined sample will converge to the logarithmic distribution.”
(Hill 1995, p. 360). If Hill’s theorem is correct, this means that the digits derived from a random
mix of different sources, from census data to stock market prices, should follow Benford’s Law.
The mixture of data may be the key.® It is not a requirement that the individual realizations of
a random variable have to be scale- or base-invariant. However, it is necessary that the sampling
process on average does not favor one scale over another (Hill 1995, p.361). This theorem may be
important in helping us to answer the question as to whether Benford’s Law is feasible for survey
data as survey data contain different variables with different distributions.

3However Lolbert (2008) attempted to show that there exists no probability measure that would obey Benford’s
law for any base, but if the set of possible bases does not exceed a given upper limit, most real-life distributions
obey, or can be transformed to obey Benford’s law.

4This approach is appealing because of its similarity to the Central Limit Theorem. The notion that Benford’s
Law might embody a similar general rule for the production of a number of random variables is very pleasing
(Scott/Falsi 2001, p.4).

5They showed that two factors influence the rate of convergence: the variance of the mantissa of the random
variate and the deviation of the random variate’s distribution from Benford’s Law.

6In table 1 Benford computed the average values for each of the digit frequencies. They look very close to the
predicted values. However, it seems that he simply computed the average percentages for each digit and taken no
account of the different sample sizes of the data sets.



3.2 Empirical evidence

There is evidence that many classes of true data sets follow Benford’s Law. It has been found
to apply to many sets of financial data, including income tax and stock exchange data, corporate
disbursements and sales figures, demographic and scientific data (e.g., Nigrini 1999), as well as
numbers gleaned from newspaper articles (Benford 1938; Hill 1999). In the case of non-random
sequences Luque/Lacasa (2009) showed that Benford’s Law describes with astonishing precision
the statistical distribution of leading digits in the prime number sequence. Stock prices may seem
to be a single distribution but their value actually stems from many measurements (salaries, the
cost of raw material and labor) and so it is expected that they will follow Benford’s Law in the
long run. A recent study about whether tax returns in Germany follow Benford’s Law showed that
not all but the majority do conform to the logarithmic distribution” (Posch 2003).

In the case of stock market companies, which represent all stages of growth, Nigrini gave an
additional intuitive explanation. We can consider a growing company with a market value of 100
million euros. For the value to reach 200 million euros, the company must double its value. For
it to increase from 200 million euros to 300 million euros it must increase only 50%, and for it to
increase from 900 million euros to 1000 million euros it must increase by just 11%. Moreover, for it
to increase from 1,000 million euros to 2,000 million euros it must again double. Hence a growing
company spends longer with a "1’ as the first digit of its market capitalization than it does with
any other number. The persistence of a 1 as a first digit will occur with any phenomenon that has
a constant or erratic growth rate (Nigrini 1999).

On the other hand, truly random numbers do not confirm to Benford’s Law because the pro-
portion of leading digits in such numbers are, by definition, equal. Those data sets most likely
to follow Benford’s Law have numbers that do not contain a built-in maximum and describe the
sizes of similar phenomena (Nigrini 1999). Assigned numbers, such as social security numbers or
bank accounts, will not conform to it. Furthermore, deviations from the law’s prediction can be
caused by merely rounding numbers up and down. Moreover, the sample of numbers should be
large enough to give the predicted proportions a chance to assert themselves (Pinkham 1961), and
the sets of numbers should essentially be subsets of a larger series and not just huge chunks of that
series.

Recently Benford’s Law has been used to determine the normal level of number duplication
in data sets, which in turn makes it possible to identify abnormal digit and number occurrence.
Accountants and auditors have begun to apply Benford’s law to corporate accounting to discover
number pattern anomalies and frauds. Nigrini found that true tax data have a close fit to Benford,
and there is substantial evidence that in most fabricated tax data the significant digits are not close
to Benford. Usually the falsified data reveal conspicuous patterns and do not follow the expected
distribution. Nigrini used a goodness-of-fit-to-Benford test and successfully identified fraudulent
financial data.

3.3 Recent empirical explanations

The simulation results of Scott/Fasli (2001) Scott and Fasli (2001) pointed out that ”the
situation is thus such that, if it should turn out to be the case that Benford’s Law is valid, then
there are several alternative mathematical explanations of why this should be so. On the other
hand, none of them imply that the logarithmic law is necessary true.” (Scott/Fasli 2001, p.4).
In their experimental study, they first tried to find 'natural data sets’ that conform to Benford’s
Law. They investigated 230 data sets, all of which can be accessed on the web. In total, over a
half a million numbers were examined. They found that only 12.6% (29 of 230) satisfied the 5%
significance criterion for conformity to Benford’s Law. However, they found a significant number

"Posch (2003) investigated a data base with tax returns (N = 21 mill. records) from the year 2001 from a finance
office in NRW. His results show that foreign earnings, earnings from independent personal services, from leasing,
and from capital assets closely adhere to Benford’s Law. Gross earnings do not follow the logarithmic distribution.
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FIGURE 54: Spearman’s correlation for the Benford and the ’unusual pattern’ ranking (sample
A/B, wave 1)

FIGURE 55: Spearman’s correlation for the Benford and the 'unusual pattern’ ranking (sample E,
wave 1)
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FIGURE 56: Spearman’s correlation for the Benford and the 'unusual pattern’ ranking (sample F,
wave 1)

6.1 Hypotheses
6.1.1 Homogeneity

We can assume that homogeneity is one important reason why Benford’s Law does not hold in
particular clusters.

Homogeneity in data can be due to two reasons: 1. The interviewer has fabricated the values
and has used quite similar values. 2. The interviewer works in a very homogeneous area. It may
be that the distribution of the continuous values in an interviewer cluster are quite similar because
the field representative works in an area where respondents tend to have similar living conditions
and incomes. If the first digit distribution for each respondent always deviates in the same way
from the logarithmic distribution within a particular cluster, we can expect an accumulation and
a higher disproportion of certain digits. The test statistics, therefore, show higher values for these
homogeneous clusters.

Unfortunately, in the SOEP, the interviewers are not randomly assigned to areas like most
other big household surveys!?. We cannot, therefore, distinguish between these two reasons.

We can assume that in the case of a homogeneous area, the respondents tend to have close
gross income values, or that the standard deviation of the gross income variable is lower than in
heterogeneous areas. If we consider the chi-square values for sample E, 1998, in scatterplot figure
57 (left-hand side) on page 37 we can observe, very close to the two faked clusters, an (assumed)
valid cluster (circled) with a chi-square value of 43.47 in the case of n = 177 digits. The distribution
of the standard deviations by the mean of income is shown on the right-hand side of figure 57.2°

19 An exception is the experimental subsample in the BHPS, wave 2. Nevertheless, this experiment was conducted
for only a quarter of the full sample in sample 2.

20We calculate the standard deviation of the mean values only for clusters with at least three gross income values.
Three small falsified clusters have only two gross income values and they were excluded from the scatterplot.
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