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Small-scale fisheries (SSFs) play essential economic, social, and cultural roles

for many fleets in the Atlantic region. The basis of fisheries assessment and

management is the landings reported by observers or fishers. Even though the

information from the landings is essential, it can be subject to a fisher’s bias,

such as the tendency to inflate catches and the refusal to fill the logs. The

feasibility for managers using field surveys to validate these datasets is held up

by the high costs, shortage in monitoring, and the lack of prior information.

Alternatively, Benford analysis overcomes those limitations since it can be

applied directly on the logbook data. This method is growing in popularity,

underlining its suitability to many economic and biological fields. Hence, in this

study, we inspected small-scale fisheries data by the Benford’s distribution,

aiming to validate fish landing data from 27 points in Brazil’s northeastern

region over 3 years. Our results suggest that 20% of landings data are

considered highly imprecise (misinformation), especially from non-motorized

canoes. Also, harbors in remote locations provide poorer quality data,

specifically monthly catch values reported by several boats. The way we

mine our data affects the sensitivity of the analysis, with monthly data being

less prone to be accessed by this method than daily information. As the results

match our prior knowledge on the location, we endorse the suitability of the

method and reliability for assessing accuracy in fishing data. Hence, we

recommend that it ought to be used as an audit tool for SSF landing data

aiming to enlighten data reliance and support managers for planning

management actions.
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Introduction

Small-scale fisheries (SSFs) are essential for economic, social,

and cultural purposes contributing to half of the world’s fish

catches and employing more than 90% of the fisheries worker

force (Wyman, 2008; Ramos et al., 2017; FAO, 2020). In

addition, it is an important income source for developing

countries that experience high unemployment levels (FAO,

2020). However, the SFF’s economic sustainability relies on the

appropriate management of fish stocks, avoiding collapse and

keeping the activity profitable.

The basis of fisheries assessment and management is the

landings reported by observers or fishers. Even though the

information from the landings is essential, it can be subject to

fisher’s bias, such as the tendency to inflate catches and the

refusal to fill the logs (Jiorle et al., 2016). Hence, validating the

landing data is essential to support fisheries assessment and

management. Managers can verify these datasets with field

surveys, knowledge of the species biology, and data from

similar regions (Ivashchenko and Clapham, 2015; Mamula

et al., 2020; Suuronen and Gilman, 2020). However, the

feasibility of these types of validation is restricted by high

costs, hence the scarcity of field surveys, and by a general lack

of biological and ecological information.

Benford’s method is a statistical analysis intended to test

whether the observed data are reliable without requiring any

additional information for validation. This method was first

developed by Newcomb (1881) and reorganized by Benford

(1938). Economists mainly use the method to detect tax evasion

in national and international trades (Nigrini, 2012). However,

its suitability for identifying anomalies in datasets is also growing

in popularity to validate global temperature, global infectious

diseases, wildlife telemetry, and fisheries data (Sambridge et al.,

2010; Nigrini, 2012; Joannes-Boyau et al., 2015; Pröger et al.,

2021; Graham et al., 2009).

Benford analysis assumes that the first numerical digit in a

series follows a logarithmic distribution where the smaller

numeric digits are more frequent than the bigger ones (1 out

of 9) (Newcomb, 1881; Benford, 1938). Hence, if a dataset shows

significant departures from this distribution, possible data

construction is indicated and further investigation is suggested

as there are likely biased and suspicious data entries requiring

deeper investigation (Nigrini, 2012). The Benford rule can

validate landings, particularly when scientific surveys are

lacking (Graham et al., 2009). This method also identifies the

potential source of error, such as fishermen who have likely

provided biased data, and thus lays out the basis for

improvement in data recording and for open dialogs between

the fishing community, scientists, and managers.

Considering the importance of small-scale fisheries activities

for the world’s fisheries economics, knowledge of the quality of

SSF landing data is crucial for improving the accuracy and trust
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among fishing communities, scientists, and managers. In this

sense, in this study, we inspected small-scale fisheries data

according to Benford’s distribution, aiming to validate landing

data from 27 harbors in Brazil’s northeastern region over 3 years.

This method provides a robust diagnosis to point out whom or

which information in the dataset is more likely to offer a biased

report and improves the estimates of data uncertainty.
Material and methods

Study area

The study area comprises the continental shelf of Sergipe’s

state, Brazil, which has approximately 163 km of coastline

(Figure 1) with exposed sandy beaches and high-water

turbidity (da Silva et al., 2010). It is the narrowest portion of

the continental shelf of the country, ranging between 12 and

34.90 km, with a gentle slope with 50 m depth in the shelf break,

approximately, which can be considered shallow compared to

other areas (Silva et al., 2019).
Data

We used the database supported by “Projeto de

Monitoramento Participativo do Desembarque Pesqueiro”

(PMPDP) (Participatory Fishing Landing Monitoring Project).

This project has monitored daily landings from January 2014 to

December 2016 at 27 harbors of small-scale fisheries (Figure 1).

The information was collected at landing sites by trained

observers. It was composed of date, vessel identification,

landing site, species name, and catch in kilograms. The

observers were not involved directly in the landing’s

measuring process. They only filled the forms with the

information provided by the fishers. Under this arrangement,

the fishers hold the responsibility for the quality of the data.
Statistical analysis

Benford’s law was first reported by Newcomb (1881) and

then rediscovered in Benford (1938). The law establishes that the

probability of the first digit of numbers being between 1 and 9 is

not the same. Instead, it conforms to the following formula:

Fa = log
a + 1
a

� �
(1)

Where Fa is the frequency of the first digit a.

We applied Benford analysis to test if the first numerical

digit in a time series follows a particular distribution. It could

reveal a possible data fabrication if it has significant
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departures from this distribution (Nigrini, 2012). Such

departures can be visually identified and Figure 2 explains

how: in panel (A), the data conform to Benford analysis

because the bars (observed data) have a similar pattern to

the line (expected Benford distribution), while in panel (B),

there is no agreement with the Benford distribution as the

empirical data show higher or lower values than expected

(Nigrini, 2012). To corroborate our results, we performed two

additional statistical tests. First, the overall goodness of fit of

the data (Eq. 2) with the Benford frequencies was evaluated

using a chi-squared test, a standard analysis to measure

deviations in data (Kossovsky, 2021). This method tests

how well the landings data fit an expected distribution of
Frontiers in Marine Science 03
numbers (Graham et al., 2009). For our case, Benford’s

logarithm distribution was compared with the distribution

of landings.

x2 =o​

digits

(o − t)2

t
(2)

Where x2 is the overall goodness of fit, o is the observed data,

and t is the theoretical data expected by the Benford

logarithmic distribution.

Also, the mean absolute deviation (MAD) (Eq. 3) was used

to measure the difference between absolute and expected

proportions of the first digit and weighted based on the
A B

FIGURE 2

Two hypothetical first-digit distributions. The first (A) conforms to the Benford distributions and the second (B) does not. The blue bars are the
observed hypothetical data, and the red dashed lines are the expected Benford distribution.
FIGURE 1

Study area on Sergipe State (Brazil) with locations of the 27 landing harbors for small-scale fisheries.
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number of bins (Nigrini, 2012). This analysis is more suitable for

dealing with large sample sizes than the chi-squared test

(Kossovsky, 2021).

MAD =o​

digits

o − tj j
s� nd

(3)

Where MAD is the mean absolute deviation, o is the

landings data, t is the theoretical data expected by the

Benford logarithmic distribution, s is the sample size, and

nd is the number of digits.

We categorized the landing data into landings from

motorized vessels (canoes), non-motorized vessels, and

non-motorized boats to consider their technological

infrastructure and catch capacities. We applied Benford

analysis to each category. When the data did not conform

with the Benford distribution, we distinguished the digits

groups that do not have the expected proportions and

identified all the other information related to these landing

records within the dataset, such as species, harbors, and

vessels. In that sense, we quantified how many species were

reported, how often the same vessel is likely to misreport

landings across the years, which harbors are more likely to

present more misreported data, and if there was a correlation

(Pearson test) among these variables. In order to test the

efficacy and sensitivity of the Benford analysis, first, we

applied Benford analysis to daily landing records. Then, we

aggregated the data by month and repeated the analysis. In

addition, since one of our authors (MT-S) was the PMPDP

project manager in the evaluated period, we matched his

knowledge on data samplings with our model’s results.

We used the “benford.analysis” statistical package

(Cinelli, 2018) through the R software (R Development

Core Team, 2016) to estimate the Benford frequencies.

Also, we used the get.Suspects function from the same

package to identify the landing records from the digits

groups that did not conform with the Benford distribution.

The maps and graphs were generated with the package

ggplot2 (Wickham, 2016). A Pearson correlation test was

performed using the R base package.
Results

The data analyzed comprised 192,276 landings of 4,237

vessels (61% motorized canoes, 31% non-motorized canoes,

and 5% motorized boats) at 27 harbors. Along the 3 years of

landing data, the catch totalizes 6,365 tons (33% motorized

canoes, 10% non-motorized canoes, and 56% motorized boats)

composed of 80 species (fish and invertebrates, mainly shrimps).

Overall, 20% of the landings data were classified as likely biased

by our model.
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Daily catches by year

When daily landing records were used, data from almost all

vessel types did not conform to Benford’s law (Figure 3). The only

exceptions were the motorized canoes for 2016 and the motorized

boats for all the years, which conformed to Benford’s law, according

to the MAD index but not for the chi-squared test (Figure 3).

Data analysis of non-motorized canoes indicated that 5,472,

6,151, and 6,183 reports were likely biased for 2014, 2015, and 2016,

respectively. These values represent ~28%, ~30%, and ~30% of all

suspect data of each of these years. Most of these statistics were from

the same canoes identified multiple times as suspects in the dataset.

Indeed, almost 60% of the canoes had a frequency of occurrence

between 2 and 20 times each year (Figure 4A). However, an

expressive number of canoes also occurred only once in the data,

representing 33% (2014) and 35% (2015 and 2016) of all suspect

data records.

The number of species from the same vessel accused as likely

biased ranged from 1 to 15 species. However, most of the vessel’s

suspect data are from one species (which is not necessarily the

same for all the canoes). The non-motorized canoes represented

from 62% to 68% of all the likely biased information gathered

across the years. Yet, there is also a considerable proportion of

vessels which misreported between 2 and 5 species (~27%).

There is also a smaller part of non-motorized canoes which

misreported between 6 and 15 species (~4%) (Figure 4B). The

Macrobrachium spp. are the species that are more likely to have

likely biased data (32%, 22%, and 15% for the years 2014, 2015,

and 2016, respectively), followed by Goniopsis cruentata (~8%

for each of the years; see Supplementary Material, Figure SM1).

Comparing which canoes are suspect across the years, 60%

appear in 1 year, 23% in 2 years, and 17% in the whole study

period. Finally, while calculating which harbors are more likely

to have a larger amount of likely biased data, we discovered that

two places (L23 and L7) are more likely the sites of misreporting

(17% in 2014 and 14% in 2015 and 2016) (Figure 5A).

Although the number of suspect data correlated with the

number of suspect vessels of each harbor (year 2014: r = 0.59,

t = 3.28, df = 20, p< 0.003; year 2015: r = 0.57, t = 3.17, df = 20,

p< 0.004; year 2016: r = 0.64, t = 3.75, df = 20, p< 0.001), the

localities with the highest number of suspect data did not present

the highest number of suspect vessels (Figures 6A, B, 7B), which

can be seen in the model’s outliers (Figure 7A). Also, the total

catch values of each locality positively correlated with the number

of suspect data for all the years (year 2014: r = 0.60, t = 3.39,

df = 20, p< 0.002; year 2015: r = 0.68, t = 4.24, df = 20, p< 0.0003;

year 2016: r = 0.50, t = 2.38, df = 20, p< 0.02) (Figures 6C, 7A).

The reports of motorized canoes showed 14,378 and 7,290

data classified as likely biased for 2014 and 2015, respectively.

These values represent ~31% and ~12% of all suspect data for

each of these years. Like the non-motorized canoes, most vessels

had a frequency of occurrence between 2 and 20 times (61% and
frontiersin.org
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70% for 2014 and 2015, respectively) (Figure 4B). However,

unlike the non-motorized canoes, there were no high frequencies

of a single appearance (13% and 20% for 2014 and

2015, respectively).

The number of species from the same vessel accused as likely

biased ranged from 1 to 15. Unlike the non-motorized canoes,
Frontiers in Marine Science 05
the highest proportion of the motorized canoes has 2 to 5

different species, representing 47% in each of the years

(Figure 4B). The motorized canoes with one species composed

23% and 30% of the data from 2014 and 2015, respectively.

Unlike the non-motorized canoes, there were no species that

presented a high proportion of suspect data over the years (<5%;
A

B

C

FIGURE 3

Daily frequency distribution of the first digits, for each year, of motorized canoes (A), non-motorized canoes (B), and motorized boats (C) (blue
bars), and the expected Benford distribution (green line). MAD values higher or equal to 0.015 do not conform with Benford’s law (Nigrini, 2012).
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see Supplementary Material, Figure SM2). Comparing which

motorized canoes are suspect across the years, 51% only appear

in 1 year and 49% in 2 years. Also, four localities are more likely

to have suspicious information (L4, L8, L16, and

L27) (Figure 5B).

In the case of motorized canoes, although the number of

suspicious data correlated with the number of suspect vessels

for each harbor (year 2014: r = 0.67, t = 4.13, df = 20,

p< 0.0005; year 2015: r = 0.79, t = 5.81, df = 20, p< 0.0001),

the localities with the highest number of suspect data did not

present the highest number of motorized canoes (Figures 7B,

8A, B), as also seen in the model’s outliers (Figure 7B). Yet,

the total catch values of each locality positively correlated

with the number of suspect data for all the years (year 2014:

r = 0.56, t = 3.07, df = 20, p< 0.005; year 2015: r = 0.60,

t = 3.38, df = 20, p< 0.003) (Figures 7B, 8C).
Monthly catches by year

When monthly landing records were used, data from all

vessel types in all the years conformed to Benford’s distribution

(Figure 9). Yet, these categories only conformed according to the

MAD index, but not for the chi-squared test (p< 0.05).
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Discussion

Data accuracy by Benford analysis: Reply
to monitor and management

The knowledge of data accuracy at each location is essential

to steer funds and resources, markedly for small-scale fisheries,

which target multiple species and the landings of which are

scattered over large areas and distant harbors, making data

collection burdensome (De Graaf et al., 2015). Developing

countries on the Atlantic Ocean are prone to concentrate

knowledge-poor fisheries in the poorest segments of societies.

Loopholes in data gathering and insertion in databases, shortage

in long-term monitoring programs, and the lack of personnel

overtly contribute to the lack of reliable information (Andrew

et al., 2007; Franco et al., 2020).

In the Southwest Atlantic, 59% of the assessed stocks are

known to be unsustainably exploited, and there is little

information to support fisheries management and to

understand the effect of climate change on fish and fisheries

(FAO, 2020; Franco et al., 2020; Van Anrooy et al., 2022). In

near-shore southeast Brazil, for instance, a “tropicalization” of

fish fauna has been reported, a phenomenon that may be

underreported in other regions by data gaps or uncertain data
A

B

FIGURE 4

Percentage of how many times the same vessel is accused as suspicious and how many species from the same vessel are regarded as
suspicious for non-motorized (A) and motorized (B) canoes.
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(Araújo et al., 2018). Such a phenomenon requires management

decisions as to whether the budget should be directed to ports/

vessels reporting the data accurately or whether efforts (and

funds) should be allocated to improve the quality of the likely

biased data. These are hard-fought decisions that may be guided

by Benford analysis. If fishing managers aim to improve the

information recorded, the use of Benford analysis unveils where

data are flawed and provides guidance on where to focus efforts

to improve data gathering and monitoring.

As fishing data are regularly reported during landings in

dock areas, amid the trade of catches, and after fishing hours at

sea, multiple factors may affect data collection and accuracy.

Despite the paramount meaning of fisheries for food security, in

many developing countries, fisheries remain data-limited

(Hilborn et al., 2020), lacking landing monitoring programs

(Berkes et al., 2014) and mandatory fishery statistics (Pitcher,

2004). Consequently, fishing data collection in most of these

countries consistently relies on data filled by fishers or collected

by local monitors somehow trained to cooperate in short-lived

independent projects (Andrew et al., 2007; Carvalho et al., 2009;

Le Fur et al., 2011). Under these conditions, inaccurate short-

term memory, rough estimates, and limited infrastructure are

deterrents for fishers to provide, monitor, and extract good

information before the fish is marketed. However, there is

evidence that the higher the catches, the more reliable the data
Frontiers in Marine Science 07
(Damasio et al., 2015). Also, those high catches reflect more

comprehensive fishing infrastructure development (Hilborn

et al., 2020).

In this paper, the assessment of daily catch per year (raw

data) revealed at which ports inaccurate data were most

frequently recorded (farther ones), which vessels regularly

provided misinformed records (non-motorized canoes), and to

which species likely biased data are often recorded. Overall, the

boat type’s data with the higher catches were the only category to

conform to Benford’s distribution in all the years, supporting

such evidence (Damasio et al., 2015). Yet, for those boat types

that did not fit Benford’s distribution (motorized and non-

motorized canoes), there was a positive correlation between

catch and the number of likely biased data (places with higher

catches have more likely biased data). Thus, the catch amount

may not be directly related to the data reliability. Unlike canoes,

motorized boats use more advanced gear and propulsion

technology. Also, motorized boats have higher storage

capacity, which explains the more accurate data and higher

catches. Conversely, some canoes had no scales, and the weight

estimates relied only on the fisher’s experience and eye

estimation. Therefore, the relationship between catch size and

data reliability may be spurious. The boat’s gear technology is

probably a more important consideration for obtaining

accurate reports.
A

B

FIGURE 5

Percentage of suspect data for each harbor relative to each year for non-motorized (A) and motorized (B) canoes. No suspect data were found
from the harbors L2, L11, L21, L24, and L26; hence, these sites are not shown in the graph.
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In addition, remote harbors are outliers in the positive

correlation between catch and likely biased data. These

harbors do not dock more vessels or obtain higher production,

but they supply poorer information of fish species usually

caught, reporting similar monthly catch values among vessels.

Also, they are harder to visit or monitor and are explicitly used

by non-motorized boats. Between two and four remote harbors

were identified as hot spots for misreporting data accounting for

more than 50% of those data (L23 and L7 for non-motorized

canoes and L4, L8, L16, and L27 for motorized canoes). The

most reported as likely biased species wereMacrobrachium spp.,

G. cruentata, Ucides cordatus, and Callinectes danes. Indeed, it

makes sense since the estimate for these species was usually

based on fisher’s eye evaluation because of their low catch rates

(information provided by the project managers).

The percentage of suspect data for each harbor did not change

among years for non-motorized canoes (~30%). However, for
Frontiers in Marine Science 08
motorized canoes, Benford analysis indicated an improvement in

the monitoring system. Likely biased data reduced from 30% in

2014 to 12% in 2015, reaching total conformity in 2016. Indeed,

monitoring quality can be improved over the years by enhancing

social engagement, infrastructure, and observer’s experiences (Freed

et al., 2016; Sbragaglia et al., 2022). However, since most likely

biased data from non-motorized canoes are from remote harbors, it

is harder to improve monitoring quality over time. Conversely, in

the case of motorized canoes, managers were able to reduce the

likely biased data from 2014 to 2015 and achieve full acceptable

conformity in 2016, underlining the potential of Benford analysis

for tracking data quality over the monitoring period.

The overall findings indicated that 20% of landings data are

somehow misinformed and related to low catches since such error

represents up to 3% of the total catch over all boat types. Also, this

error is concentrated in smaller and farther dock areas used

precisely by non-motorized boats. The awareness provided by
A

B

C

FIGURE 6

Scatter map of suspicious data of non-motorized canoes (A), suspicious vessels (B), and total catch (C) for each harbor in 3 years of the study.
Circle size is related to the magnitude of the number of suspect data, suspect vessels, and catch size (kg).
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Benford analysis supplies a compelling point for improving the

monitoring system and management decisions in remote harbors,

for example, by delivering scales to fishers to weigh the production

before landing.
Data fitting, prospects, and caveats of
Benford analysis

Fisheries scientists and managers are constantly investigating

the health of fish stocks, relying on many fishing datasets from

different sources and levels of reliability. We applied Benford

analysis to detect the accuracy of data from small-scale fishing as

a strategy to enhance the chance for a clear understanding of the

status of fish stocks. The monthly pooled data conformed better to

Benford’s logarithmic distribution (skewed to the left and with the

mean higher than the median) (Busta and Weinberg, 1998;

Durtschi et al., 2004) than if applied to raw daily data, according

to the MAD index. However, this does not mean that the monthly

data are more suitable for management than the daily data. Instead,

it is less appropriate because average values hide error trends and

misinformed records. Benford analysis is not sensitive to work with

this type of data, generating false-positive results. Furthermore, as

the chi-squared test is not sensitive enough to large sample sizes (da

Silva et al., 2017), it produces unreliable results when Benford’s

distribution is applied to large datasets. Therefore, the temporal
Frontiers in Marine Science 09
resolution of the data effects certainly influences the analysis

performance and results produced.

Inspection of fishing data reliability is crucial. These data are

unlikely to provide standardized observations with no bias, mainly

when informed by fishers, and expecting otherwise is a false

assumption critical to fisheries management (Strieder Philippsen

et al., 2017). Furthermore, it is crucial to bear in mind that the

pandemic COVID-19 circumstances affecting the world since 2020

reduced fishing activity (Bennett et al., 2020), reducing landing data

collection. The implication of such an unprecedented period should

be considered with caution when examining fishing data in

pandemic years, to avoid duplicate or misreported data,

inaccurate memories of catches, or misinterpretation of valid zeros.

Distortion in data gathering could be reduced by allowing

fishers to register landings through technological tools, such as an

app on a cell phone, even during the fishing trip. In addition, a

digital transformation strategy could involve fishers, researchers,

and managers to increase participation, share responsibility, and

improve the quality of data reporting, automatically by fishers

(Noleto-Filho et al., 2021). Also, Benford analysis can be an

additional asset for the existing self-reporting applications such as

Abalobi (https://abalobi.info), iAngler (Jiorle et al., 2016), eCatch

(Merrifield et al., 2019), and Shiny4SelfReport (Noleto-Filho et al.,

2021), since it is an accessible method that can be applied directly to

logbook data. Beyond, Benford analysis is a valuable detection tool

of data accuracy for fisheries management that does not require any
A

B

FIGURE 7

Scatter plot between suspicious data and Suspicious vessels for each harbor of non-motorized (A) and motorized (B) canoes. Circle size is
related to the size of the total catch in kilograms.
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other data complement. The analysis provides a complete

diagnostic for accessing data reliability (species, fisher, harbor),

assisting in catching better quality data, improving fishery

monitoring, and better informing management decisions.

However, Benford analysis is only indicative, being

susceptible to producing false-negative and false-positive

results. There is a chance, for example, that one group of

collectors will be more rigorous than another, providing more

accurate data regardless of the informant’s trustfulness.
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Likewise, in the dataset used here for Benford analysis,

motorized boats, which have a more extensive commercial

range, detain more attention and rigor by harbor supervisors,

improving data-reported precision. Yet, Benford analysis

does not precisely indicate fraud (Nigrini, 2012). Other

methods like machine learning techniques or population

models from field surveys are necessary for more accurate

validations (Graham et al., 2009; Ivashchenko and Clapham,

2015; Di Minin et al., 2019; Mamula et al., 2020).
A

B

C

FIGURE 8

Scatter map of suspicious data of motorized canoes (A), suspicious vessels (B), and total catch (C) for each harbor in 3 years of the study. Circle
size is related to the magnitude of the number of suspect data, suspect vessels, and catch size (kg).
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A

B

C

FIGURE 9

Monthly data frequency distribution of the first digits of motorized canoes (A), non-motorized canoes (B), and motorized boats (C) (blue bars)
and the expected Benford distribution (green line) for each of the study years. MAD values higher or equal to 0.015 are considered as not in
conformity with Benford’s law (Nigrini, 2012).
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