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Abstract 

Developing economies are characterized by limited compliance with government regulation, such as 
taxation. Resources for enforcement are scarce, but the increasing availability of digitized data and 
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an experiment at scale in Senegal, we compare the yield of tax audit cases selected by a risk-scoring 
algorithm to cases selected by tax inspectors based on a traditional discretionary procedure. The 
algorithm computed indicators of inconsistencies and anomalies based on available information 
about firms, including their own tax declarations and third party data. Discretionary methods select 
larger firms than the algorithm, and uncover equivalent evasion rates, thus outperforming it in 
absolute values of fines. 
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1 Introduction

To ensure compliance with regulations, governments allocate scarce resources towards en-

forcement activities. In low-income countries, bureaucrats at enforcement agencies hold a

significant degree of discretion over the inspection strategy. Discretion over inspection choice

may be optimal if the bureaucrats’ personal experience and soft information enable them to

select inspections effectively. However, data-driven methods to select audits may reduce hu-

man errors and make enforcement more accountable. Although digitized data is increasingly

available, many administrations do not take advantage of it systematically but rather on an

ad-hoc basis. Can the systematic use of data in settings with low state capacity improve

enforcement activities?

In this paper, we study the implementation at scale of a data-driven selection of firm tax

audits in Senegal and compare it to the discretionary selection method in use. Until 2017,

inspectors selected all audit cases in Senegal with a discretionary procedure. From 2018

onwards, we have started collaborating with the Senegalese tax administration to select part

of the audits program via a data-driven method based on risk indicators. We compare the

two selection methods across several dimensions: the characteristics of selected firms, the

amount of recovered taxes in the inspections, and the quality of the inspections.

The research team compiled a large dataset of self-reported tax declarations with third-

party information from customs, procurement contracts, and transacting partners. We then

used the dataset to construct two sets of risk indicators: discrepancy indicators and anomaly

indicators. Discrepancy indicators are intra-firm comparisons between tax declarations and

third-party data. In contrast, anomalies indicators are inter-firm comparisons revealing out-

lying reporting behaviors. We then ranked firms within comparable groups and assigned

them scores, which we used to select firms into the audit program.

We conducted the experiment at scale, intervening in approximately half of the audit

program in the participating tax centers.1 The experiment included the two types of audits

in Senegal: in-person full audits, carried out by groups of inspectors, and desk audits, car-

ried out individually by inspectors from their offices. Each tax unit selected half of the cases

planned for the full (in-person) audit program, and the risk-score assigned the remaining

1Selected firms represented 24% of corporate tax revenue of the tax centers in the experiment. The total
amount of corporate tax liability (VAT and CIT) over the years 2015-2018 for the tax centers used was
around 315 billion FCFA, and the selected firms in the 2019 program accounted for 75 billion FCFA.), and
implemented directly by the audit planning and intelligence division of the tax administration.
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half. Moreover, each inspector selected 45% of her desk audit program, 45% came from the

risk-score, and the remaining 10% were selected randomly. Moreover, we cross-randomized

an information treatment for desk audits across the three selection methods. Information-

treated cases received information on the most significant compliance risks detected by the

risk score and detailed data from third parties regarding that taxpayer. The information

treatment facilitates data access and analysis, thus potentially easing inspectors’ work. We

submitted the experiment, hypothesis, and specifications to the AEA registry.

We analyzed how the audit selection methods differ regarding the type of selected firm,

the completion rates, and the uncovered tax evasion. On average, discretionary method cases

report 50-80% larger revenues than risk score-selected firms and higher profits. Second, we

find inspectors were four percentage points less likely to start risk-based cases than discre-

tionary cases. Among started audits, risk score cases were five percentage points less likely

to uncover evasion and require a payment from the taxpayer. In absolute terms or as a per-

centage of the firm’s turnover, the required payments were statistically equivalent across the

discretionary and risk-based selection methods. Finally, the information treatment yielded

no significant improvement in audit yield, but it increased the probability of the audit being

started.

The results are heterogeneous across the two types of audits. For example, the inspec-

tors’ reluctance to start risk-based audits was stronger for full audits than for short audits.

Moreover, the results vary depending on how much data was available about the firms. The

risk-based method was more likely to uncover evasion for firms for which third-party data

is available (such as customs data and treasury payments) than the discretionary methods

and less likely for firms without third-party information.

To construct the risk score, we applied the best international practices after ample consul-

tation. We did not rely on machine-learning tools and fine-tuned parametrization, preferring

an explicit parametric formula with indicators that the inspectors could easily understand.

Moreover, limited data availability, particularly regarding historical audit results, reduced the

scope for machine learning methods. The intervention only targeted the selection methods

without changing career or monetary incentives for tax inspectors. Therefore, tax inspectors

could choose to devote efforts asymmetrically across selection methods despite the pressure

from their hierarchy to devote equal efforts. Changing the monetary incentives is not al-

lowed legally. The institutional and technical constraints faced in this experiment are likely

to represent a credible benchmark for other low-income countries considering introducing a

4



transparent risk-based selection of audits at scale, in particular in West Africa, which often

looks at Senegal for administrative innovations.

To our knowledge, this is the first study to rigorously evaluate the differences between

audit selection methods for tax audits. The IMF and World Bank have long advocated

risk-based algorithms for audit selection. However, we know no impact evaluation of the

adoption of such algorithms.2 In the risk-based approach that we propose, we emphasize

the use of third-party information to flag potential evaders. The importance of third-party

information to detect and deter evasion is emphasized in a growing literature (Pomeranz

2015, Kleven et al. 2011, Kleven et al. 2016 Naritomi 2019).3 However, if third-party data

is scarce, inspectors’ private information may be valuable. In that case, the advantages of

migrating towards a data-driven approach are mitigated. Our study provides a unique op-

portunity to exploit the benefits of adopting risk-based audit selection, a standard practice in

developed and developing countries (Khwaja et al. 2011) but absent in Senegal until recently.

Our paper also contributes to answering the question about the value of discretion in au-

dit selection (Duflo et al. 2018, Kang and Silveira 2021), particularly relevant in developing

countries. In an experimental approach, we provide credible estimates of the differences of

the risk-based approach relative to discretion. In contrast, Duflo et al. 2018 also propose an

experimental approach but compare random audits to discretionary ones.

Finally, the study of selection methods is related to how tax administrations are run.

Tax administrations have scarce resources, which they must allocate based on complex func-

tions of policy objectives, political considerations, inspectors’ incentives, and data about

taxpayers. Efficient administrations are vital to building state capacity (Besley and Pers-

son 2013), by aligning correctly the incentives of bureaucrats with those of the state (Xu

2019, Bertrand et al. 2018; Finan et al. 2017) or improving enforcement. Recent experimen-

tal evidence has shown that monetary incentives for tax inspectors improve the quality of

inspections (Okunogbe and Pouliquen 2018) and increase revenues (Khan et al. 2015). In

our Senegal experiment, we keep the incentives of inspectors fixed and change the selection

2According to Khwaja et al. 2011, for example, in the U.K., 55% of all cases are based on discretionary
selection. In contrast, 35% and 10% of cases are respectively selected via a risk-scoring technique and a
simple random sample. This approach is closest to the policy reform we introduce in Senegal. In other
sub-Saharan African countries, Kenya uses a risk for all large taxpayers and discretionary selection for all
others. Tanzania and Lesotho constitute examples on the extreme, respectively relying only on risk-scoring
and random selection to audit all taxpayers.

3Recent papers study firms’ behaviour as they get exposed to new third-party information trails and
show that taxpayers substitute evasion to less verifiable margins (Carrillo et al. 2017, Slemrod et al. 2015).
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methods for audits. Audit selection is also a relevant topic in fighting wastes and money

diversion of government expenditures (Banerjee et al. 2020, Gerardino et al. 2020).

Overall our results point to a nuanced contribution of data-driven selection methods. On

the one hand, the data-driven method allows for systematic and objective audit selection,

sparing time and efforts at the selection process and execution stage. On the other hand,

the data-driven method seems to select several firms for which inspectors fail to find evasion.

Moreover, the risk-based method’s failure to select firms with detectable tax evasion is more

significant among firms with little third-party data, suggesting that the risk-score method

relies heavily on broad data availability. For firms with limited data availability, such as

firms that only declare one type of tax, the discretionary method performs better.

2 Institutional Setting: Senegal’s Revenue Administration

2.1 Taxes in Senegal

Tax revenue represented on average 16.7% of GDP in Senegal between 2013 and 2019.

These revenue collection levels are below the West African Economic and Monetary Union

(WAEMU) target of 20%, and fall short of goals set in Senegal’s own medium term expen-

diture strategy. Tax gap estimates indicate that 23% of the theoretical VAT revenue is not

collected (a shortfall of 2% of GDP) and that close to 63% of theoretical receipts from income

taxes are missing (approximately 7% of GDP).

Similar to other developing countries, most taxes in Senegal are remitted by large and

medium companies (Slemrod et al. 2001). In particular, firms remit the Value Added Tax

(VAT) and income taxes (Corporate income tax, personal income tax and dividend withhold-

ing taxes), accounting for 36% and 29% percentage of total tax revenue in 2019. Firms also

withhold income taxes on their employees’ wages (Pay-as-You-Earn), which is often the only

source of reporting on salaried income, given the incompleteness of self-reported personal

income taxes. Other significant revenue sources are customs duties (15%) and specific taxes

on petroleum, which we do not cover in this study.

The Corporate Income Tax (CIT) is paid annually, at a rate of 30% profits or a 0.5%

of turnover, whichever is larger. The Value Added Tax (VAT) is paid on a monthly basis,

at a standard rate of 18% and a reduced rate of 10% for tourism businesses and hotels. A

small number of financial sector firms pay the financial services tax instead of the VAT, also
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at a rate of 18%. Small firms with a yearly turnover of less than 50 million CFA Francs

(about 100,000 USD) are eligible for a simplified tax (Contribution globale unique, CGU),

which replaces all other taxes. The CGU is levied on turnover, at rates varying from 1%

to 8%, where rates vary across sectors and increase in turnover. As already mentioned, the

Pay-As-You-Earn taxes are withheld personal income tax on employees’ wages with a formal

employment contract.

2.2 The tax enforcement agency

The Direction Générale des Impôts et des Domaines (DGID) is the administrative body in

charge of domestic tax collection and enforcement, and reports to the Ministry of Finance.

Figure 1 displays DGID’s organizational chart. The large taxpayer directorate oversees firms

whose turnover is greater than equal to 3 billion CFA francs (approximately 5.3 million USD)

and has four units, which are specialized by economic sectors.4 The medium taxpayer di-

rectorate oversees firms with less than with turnover between 100 million CFA francs and

3 billion CFA francs, and has two units. A third unit is in charge of the regulated liberal

professions such as lawyers, notaries and medical practitioners. The remaining taxpayers,

mostly small and medium enterprises (SMEs), are assigned to one of 19 regional tax offices.

There are two principal types of audits: desk audits and full audits.5 Desk audits (or short

audits) are carried out by individual inspectors from within the tax authority’s premises,

using the firm’s tax returns and, eventually, third-party data. Taxpayers are unaware of

these audits unless inspectors make information requests, for example, when data is missing

or seems inconsistent. Full audits are carried out by a team of inspectors at the taxpayer’s

premises. Full audits are announced at least five days before the audit starting date with

an information request notice to the taxpayer. Tax inspectors may collect information for

several weeks at the taxpayer’s premises and continue requesting information for up to 12

months.6

4Unit 1 is in charge of the mining and energy sectors. Unit 2 deals with financial services and the
telecommunications industry. Unit 3 covers real estate and firms. Unit 4 is a generalist one with broad
competence covering all other sectors.

5There are also surprise audits which can take place either based on information that DGID receives
either internally or from whistle-blowers. Surprise audits are similar to full audits, except that they are
unannounced, as their name indicates.

6For firms with a turnover of less than 1 billion CFA francs (about 2 million USD), full audits can only
last up to four months. These maximum limits are general rules. There may be extensions in cases with
highly suspicious activity or when there is a delay in the transmittal of the requested information to auditors.
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The selection method of tax audits in Senegal is essentially discretionary. Inspectors fol-

low some rules of thumb, such as avoiding recently audited firms and firms with low turnover.

However, there are no objective rules or formulas to add or drop firms from their selected

program. Our study intervenes precisely at this stage of the tax administration’s operation

by including a machine-based selection in part of the audit program of the tax authority,

both for short and full audits.

Figure 2 illustrates the steps in the audit process. After reviewing a case, inspectors

list the detected irregularities and penalties and send them to the taxpayer in an “initial

notice”. They can also request additional information from the taxpayer. Upon receiving the

initial notice, taxpayers have 30 days to respond to the inspector’s findings.7 The inspector

examines the response has 60 days to prepare and send a “confirmation notice”, again with

the detected irregularities and penalties. The inspector then creates a revenue order for the

tax collection unit, which requires the taxpayer to make a payment within ten business days.

Taxpayers can appeal at the Minister of Finance or a judicial court, and the appeal may

suspend the payment process temporarily.

3 Data

Our study draws on three sets of administrative data sources and two surveys. The three

sets of administrative data are the tax declarations filed by taxpayers, third-party data on

transactions, and audit outcomes. We discuss details of the matching process and match

rates in Appendix C. We complement the administrative datasets with a taxpayer survey

and a tax inspector survey, which were designed by the research team and were not available

to the Senegalese tax authorities.

Tax Declarations. Table 6, Panel A, provides an overview of the available tax declara-

tions. Our primary sources of information are the tax declarations on Corporate Income

Tax, Value Added Tax, and the Pay-As-You-Earn tax (withheld progressive personal in-

come tax), covering the period of 2014-2019. The CIT data covers about 4 thousand firms

per year, and the VAT data around 8 thousand firms.8 Finally, we match these data with

monthly Pay-As-You-Earn data, which allows us to calculate the number of employees and

the aggregate wage bill for each firm.

7If the taxpayer fails to respond, it means for legal purposes that they agree with the inspector’s findings.
8Many more firms declare VAT than CIT because self-employed individuals and unincorporated firms

file VAT but not CIT.
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Third-Party Data. Table 6, Panel B, describes the third-party data, that is, informa-

tion about transactions of companies which we obtain from third parties. The third-party

datasets are the import-export transactions (customs data), payments from state institutions

to firms (procurement data), and in recent years VAT annexes documenting transactions be-

tween firms.9 These datasets are at the transaction level, and we aggregate them at the

firm-year level to merge with the tax data. As the last two columns in Table 6 indicate, a

non-negligible share of firms captured in the third-party data fail to file taxes in the corre-

sponding year. The share of taxpayers for whom third-party data is available hovers around

28%, with the share increasing over time and in firm size.

Audits data. We collect selected audit programs and audit results data for fiscal years

2018, 2019, and 2020. The selected audit programs are partly produced by the risk-scoring

algorithm, and the rest by the inspectors themselves. The audit results contain information

on key audit process steps: audit announcement, notification, confirmation, and payment

request. The audit results data contains several ad hoc audits which were carried out despite

not being initially programmed. The data contain the inspector’s name, taxes verified in

the audit, infractions detected, evaded amounts, applicable penalties, and the dates of each

step. We use this information to compute our outcomes, such as audit yield and evasion

rates. Moreover, we asked inspectors to fill in spreadsheets with qualitative information

about each audit case, such as the perceived difficulty of the audit, whether the taxpayer

was uncooperative, the business activities were complex, or information was unavailable.

Tax Inspector Survey. Prior to our intervention, we conducted a detailed survey among all

participating tax inspectors, capturing information about their demographics, employment

history, perceptions of the audit function, methods for audit selection, and use of different

sources of information. The survey data contain 97 inspectors, which covers most inspectors

involved in audits in 2018-2020.

Taxpayer Survey. We surveyed approximately 750 firms in the Dakar region, most of

which had been audited shortly before. We conducted the taxpayer survey in two waves,

from October to December 2020 and March to May 2021. The survey allowed us to elicit

taxpayers’ perspectives on tax inspections, audit risk, and their opinions on the tax authority.

9VAT annexes have become increasingly available in recent years, following efforts by the tax adminis-
tration to digitize information and require that taxpayers file their VAT annexes electronically.
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4 Audit Selection and Experimental Design

4.1 Discretionary Selection

Until 2018, all audit cases in Senegal were selected exclusively with a discretionary proce-

dure. At the beginning of the year, the Director-general of the tax authority requests each

unit to propose the annual program of firm audits. Each unit suggests a set of full audits

and desk audits, the latter suggested by the inspectors that will conduct them individually.10

Tax inspectors use a standardized form to motivate the full audit selection. The form

contains information on the identity of the selected firm, past audit history, and a summary

of relevant indicators such as tax turnover and profit margin. Once the tax unit’s manager

approves the form, a selection committee in the Director-general’s office finalizes the list

of firms for the full audit program. The committee accepts most proposed cases, though

the committee may request additional information, reject proposals, or add their proposals

based, for example, on denunciations. The committee then returns the names of approved

audits to tax units.11The selection of short audits also takes place at the beginning of the

year, but the procedure is simpler than for full audits. Individual inspectors propose cases

to their tax unit’s director without any particular guideline.

4.2 Risk-Score Method

In the past decade, the Senegalese tax administration has invested in digitizing its tax data,

widening the availability of information about its taxpayers and creating the opportunity to

select audits selection in a data-driven way. The cooperation between the researchers and

the tax authority started in 2017, first by mapping available data sources and indicators that

could be useful to assess compliance risk. We designed a risk-scoring tool based on a set

of indicators, drawing on work by the World Bank (tax administration projects in Pakistan

and Turkey), SKAT in Denmark, and the IMF’s recommendations to Senegal.

We designed an algorithm based on intuitive indicators, which we discussed and ex-

plained to the tax authority staff. We preferred this method rather than a machine-learning

tool, which would yield a less transparent selection. There are two reasons for preferring an

10Since desk audits are selected individually, different inspectors might select the same taxpayer; in
practice, this is rare as inspectors specialize by economic sectors or geographical areas. When this happens,
the manager presumably rules which inspector is in charge of the case.

11This description is based on interviews with members of the committee.
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indicator-based parametric algorithm to a nonparametric machine-learning algorithm. First,

we needed a simple and transparent tool that would easily convey the identified compliance

risks associated with a firm to tax inspectors. Second, the available data on historical dig-

itized audit results was sparse, limiting the scope for model training and prediction of tax

evasion.12 Our proposed risk-score tool is a transparent risk assessment based on inter-

national best-practice, designed in cooperation and dialogue with the tax authority taking

into account their capacity constraints. The constraints faced by DGID are likely to bind

in many low-income countries, especially in West Africa, which often looks at Senegal for

administrative innovations.

Table 1 summarizes the seven critical steps in the design of the risk score algorithm.

Step (1) corresponded to the construction of a database covering all tax declarations across

years and merged with third-party reported sources, as discussed in section 3. Steps (2) and

(3) determined the risk indicators based on intra-firm discrepancies across data sources and

inter-firm anomalies based on comparisons with similar firms. Step (4) defined the peer-

group comparison clusters, defined by economic activity and tax center. Step (5) assigned a

numerical value to each risk indicator, depending on the size of the inconsistency or anomaly

(with higher scores for larger discrepancies). Step (6) assigned weights to each indicator,

reflecting our judgment about their relative importance. Finally, step (7) aggregated the

weighted indicators over the past four fiscal years to form a single risk score.

As already mentioned, the risk score relies on two types of risk indicators: discrepancies

and anomalies. Discrepancies are intra-firm indicators, which flag taxpayers with inconsistent

information across different datasets. For example, a discrepancy arises if the self-reported

turnover is inferior to what we can expect from reading customs data, state procurement,

and transacting partners. In contrast, anomalies indicators are inter-firm indicators, which

compare a firm to a group of similar peers. An example is a firm with an abnormally low

margin of profits relative to its peers. Firms were given a higher risk score for all indicators

depending on how severe the irregularity seemed to be. In the last iteration of the algo-

rithm, we included four discrepancy indicators and six anomaly indicators to construct the

risk score. We over-weighted the discrepancies compared to anomalies to reflect the higher

confidence that discrepancies reflect non-compliance, while anomalies might only reflect tem-

porary economic problems or poor management.

12In the early stages of the design, we implemented a random-forest algorithm to predict evasion, which
predicted historical evasion with similar degrees of accuracy as the parametric indicators, but which was far
less easy to manipulate and interpret.
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4.3 Study Design

The intervention changed the selection method for audits at the tax authority by selecting

part of the audit program with a data-driven risk-based algorithm. A small portion of the

program for short audits was also selected entirely randomly. Figure 3 illustrates the time-

line of the design and case selection. The selection of the audit program proceeded in three

main steps. First, inspectors selected cases at their discretion and submitted them to their

hierarchy. Second, we ranked firms based on these computed risk scores within each tax cen-

ter and selected a pre-agreed number for audits (usually the same number of firms selected

via the discretionary method). 13 In the case of desk audits we also selected some firms

at random. Third, a committee within the tax administration reviewed all the selections,

excluding some firms that had been recently audited and a few state-owned companies. The

approved lists were sent to the tax centers and individual inspectors.14

In summary, 50% of full audits were selected by the discretionary method (that is, by

inspectors) and 50% by the risk score algorithm. In contrast, 40% of short audits were se-

lected by the discretionary method, 40% by the algorithm, and 20% at random. The exact

number of cases varies by tax center as displayed in Tables 2 and 3.

We also proposed sequencing of audits to induce inspectors to carry out the algorithm and

discretionary cases in an alternated manner.15 Inspectors knew which cases were algorithm-

selected and which ones were selected by the discretionary method (either themselves or

their hierarchy).16 We also shared with inspectors a methodological note containing the

indicators used in the algorithm. We presented the algorithm at a workshop organized by

the intelligence unit of the tax authority in Dakar.

13In case of overlap between algorithm and discretionary methods, we assign the next highest score until
we meet the pre-agreed number of algorithm cases.

14The Director General’s office informed inspectors about the experiment, urging them to follow guidelines
in carrying out audits at the proposed sequencing and reporting audit results rigorously. This complements
presentations by the intelligence unit of DGID and the research team to each center.

15We randomly ordered each tax inspector’s list of cases. This ensures that the order of audits is uncorre-
lated with audit quality. However, we were unable to ensure discipline in following the designated sequence
for the workload. For instance, inspectors could choose to prioritize cases they select themselves and which
they believe could leave to higher yield. Nonetheless, the Director General signed a guideline urging staff to
follow the sequence set in their assignments.

16We marked the non-discretionary cases as “New methods” in the inspectors’ spreadsheets. Therefore
they could not distinguish between cases selected by the risk-score and cases selected at random.
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Finally, we included a supplementary information treatment for desk audits. For a ran-

dom sample of desk audits, regardless of their selection method, we provided inspectors with

a readable version of the combined datasets of the selected firm (information treatment 1).

For another random sample, we provided inspectors with the list of three main risk indicators

flagged for the selected firm. By providing the data in a spreadsheet, we ease the efforts that

they would have used to work on a case, compared to control cases.

5 Results

We study how the selection methods in three dimensions: i) the characteristics of selected

firms, such as their size and profitability, ii) the probability that inspectors analyze the

selected case, and iii) the probability that the inspectors detect irregularities during the

audit. To examine the effect of the selection method on audit implementation and results,

we estimate the following model:

yiot =β0 + β1Algorithmiot + β2Randomiot + β3AdHociot + δt + γo + εiot (1)

Where yiot is the outcome of an audit for case i, registered in tax office o and selected

for audit in year t, and εiot is a conditional mean zero error term. Algorithm is an indicator

function that is equal to 1 if the firm was selected for audit by the algorithm, and 0 otherwise.

We define in a similar way Random for randomly selected cases (which applies only for desk

audits), and AdHoc for audits that were carried out despite not being initially programmed.

Finally, δt are year fixed effects, and γo tax office fixed effects. We estimate the model by

ordinary least squares.

The experiment intervened at the selection process, and the intervention level is a case i

in the audits program, which is filled by a firm according to a selection method. This is not

an intervention to assess behavioral changes in firms, but to assess the ability of methods

to find firms with certain characteristics. The behavior of a firm is fixed, and the counter-

factual observation for an algorithm-selected firms is the discretionary selection that would

have taken place in its place.

Using the potential outcomes notation, we can write the outcome y as a function of the

selected method: y(A) for algorithm and y(D) for discretionary, with yiot being the ob-

served outcome for case i. The main object of interest is the average effect on the audits

program of selecting firms via the algorithm relative to selecting them in a discretionary
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manner. That is, ATE = E[y(A) − y(D)]. Since we selected the same number of cases

for the algorithm as the number of discretionary cases (in most instances), we can guar-

antee that the selected cases by each method are the most preferred cases according to

that method. This ensures that E[y(A)|Algorithm = 1] = E[y(A)|Algorithm = 0] and

E[y(D)|Algorithm = 1] = E[y(D)|Algorithm = 0]. We can identify ATE by computing

averages from the observed sample, or estimating β1 by ordinary least squares.

We also run some specifications containing controls for the presence third party data

(at the firm level), and inspector fixed effects. We run most specifications separately for

full audits and desk audits. Whenever they are pooled together, we add a dummy variable

indicating whether the audit is a full audit.

5.1 Differences in characteristics of algorithm and discretionary cases

The algorithm cases are markedly different from the discretionary case concerning the size

of selected firms. Table 7 summarizes pre-audit firm characteristics across different selec-

tion methods: randomly selected firms, risk-score selected firms, and tax authority selected

firms.17 The table shows that the randomly selected firms present similar averages as the

population of firms for their declared turnover, profits, profit rates, and tax liability over

the period 2015-2018. Even though the number of randomly selected firms was low (around

10% of the audits program), it is a somewhat representative group of the firms registered at

the tax centers under analysis.

Firms selected by the algorithm and by DGID, on the other hand, are very different from

the population’s average (or the randomly selected firms’). Selected firms in both cases are

larger in terms of their declared turnover, profits, and tax liability. Moreover, as can be

seen in table 7, DGID selected firms with substantially larger declared turnover than the

risk score algorithm (53% larger on average), larger profits (though not significant), and

larger profit rates. The firms in the two selection methods present a similar amount of tax

liability. The risk score is larger for the algorithm-selected firms, which is unsurprising since

the risk-score selection explicitly picks the firms with the largest values of this variable.

The main difference is the declared turnover by firms. The discretionary method is more

likely to select firms with large declared sales, even though this typically means selecting

17Very few firms were selected both by the tax authority and the algorithm (remember that the discre-
tionary selection happened before the discretionary selection). In the comparisons of table 7, we disregard
these firms, and we include a dummy to control for these cases in the regressions tables.

14



firms already paying high levels of taxes. On the other hand, the algorithm considers low

turnover declarations as a risk factor and attributes a higher probability of selecting those

firms.

5.2 Effect of selection method on audit execution

We here analyze the probability of inspectors starting case i. We observe that inspectors

started a case when they filled out at least one key information regarding the audit process,

such as an information request to the taxpayer. Inspectors know the selection method of

each case and possibly take that into account in deciding to start a case. If discretionary

cases are easier to conduct or have a higher expected return, inspectors may be reluctant to

open algorithm-selected cases.

Table 5 examines this hypothesis. The outcome is a dummy variable that takes value

1 if inspectors opened the case and 0 otherwise. Each column shows a linear probability

model, and the coefficient on Algorithm shows the difference between the average probabil-

ity of starting an algorithm case versus a discretionary case. On average, algorithm-selected

audits are 10-14% less likely to be opened. The algorithm cases that are more likely to

be started are those that have a larger turnover. The negative result on the probability of

starting algorithm cases is stronger for full audits than short audits, where the difference

between the probabilities is small.

One reason inspectors preferred their cases is the firm’s size: the algorithm cases were

on average smaller than the discretionary cases, as measured by the firm’s mean declared

turnover over the previous four years. Inspectors have a marked preference for larger firms:

they select larger firms than the average of their tax center, and they start more often audits

of larger firms among those selected. However, even controlling for firm size, it is clear that

the probability of an algorithm-selected firm having an audit started is lower, on average,

for almost all levels of firm size.

5.3 Effect on audit outcomes

We next compare cases by looking at the audit outcomes, in particular, whether inspec-

tors detected irregularity. We code the outcome as a binary variable that takes value 1 if

the inspectors sent a “confirmation notice” with a positive required adjustment or penalty.
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The analysis is conditional on the audits that were started, a decision taken by inspectors.

Still, among started cases, many do not finish in positive required adjustments or penalties,

meaning that despite the inspectors’ analysis, there was no detected irregularity. Here we

show how the probability of finding an irregularity changes for algorithm versus discretionary

cases, conditional on audits being started.

Table 10 shows that the neither the audit selection method, nor the firms size, nor other

audit case attributes significantly predict the audit return in absolute value, as measured

by the notifications sent to taxpayers. This results is robust across all specifications, and is

similar across all tax centers (Figure 6).

Table 11 shows slightly different results for the audit yield as a share of turnover, a proxy

of the firm’s evasion rate. Mechanically, turnover is negatively correlated with the outcome.

The algorithm selection dummy is not positive, suggesting algorithm-selected cases exhibited

a higher audit return, although this result is not statistically significant. The effect becomes

significant, however, in the tax offices in charge of liberal professional, among whom we

would indeed expect evasion to be high and the predictive power of the algorithm to be

strong.

6 Conclusion

In this paper, we have studied whether a data-driven algorithm can help improve the target-

ing of enforcement, focusing on the context of tax audits. Collaborating with the Senegalese

tax administration DGID in an intervention at scale, we compare the implementation and

return of audit cases which were selected by a risk-scoring algorithm to cases selected by tax

inspectors based on a traditional discretionary procedure. We also test whether providing

inspectors with easily analyzable information and with risk flags about the selected cases

improves audit outcomes. Our analysis relies on partial outcome data, so that the results are

still preliminary. We find that algorithm-selected audits are slightly less likely to have been

implementation, and that inspector-selected audits focus on larger firms and detect the same

evasion rate, thus yielding a higher return in absolute value. We do not find any evidence

that the provision of information on the case or of risk flags affects audit outcomes. We

aim to soon update our empirical analyses with manually digitized data on audit outcomes,

which we consider more complete and of higher quality.
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A Figures

Figure 1: DGID’s organizational chart

Figure 2: Audit process
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Figure 3: Program design and audit selection timeline
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B Audit procedure

Table 1: Steps of risk-score design

Step Description

(1) Prepare database The tax declarations of each taxpayer are merged across type of

taxes (VAT, CIT, Payroll) and across years. Data from third par-

ties is then added (customs, procurement, transaction network).

(2) Choose indicators: discrepancies Discrepancies are situations in which a self-reported tax liability

can be considered as misreported or incomplete, by cross checking

several data sources together.

(3) Choose indicators: anomalies Anomalies correspond to abnormal reporting behavior, compared

to peers. Anomalies suggest that firms should be monitored, but

do not indicate tax evasion behavior with certainty.

(4) Define comparison clusters Clusters regroup firms in the same economic sector and of com-

parable size. Peer comparisons are done within clusters

(5) Assign values to indicators The magnitude of the inconsistency is used to assign a value,

ranging from one to ten (using deciles). For anomalies firms within

the top decile of a particular indicator receive a value of one.

(6) Assign weights to indicators Weights are assigned to each indicator reflecting beliefs about their

relative importance.

(7) Aggregate indicators and years The weighted risk indicators are first aggregated across indicators

in each year. Then the yearly scores are summed up to form a

total risk score covering the past four years of tax declarations.

More recent years are slightly over-weighted.

C Program execution

The following sections provide an analysis of the 2019 audit reports, executed in the scope

of an experiment in partnership with the Senegalese Internal Revenue Services (DGID in

the French acronym, henceforth designated IRS). The experiment consisted in altering the

selection method of the audits program of 2019 in some fiscal centers. Part of the audits

program was chosen according to the IRS’ discretionary method, and part was chosen ac-

cording to an algorithm, following explicit rules. The tax authority was then asked to carry

out the audits on the selected firms. At the end of the year, only part of the initially planned

audits had been carried out. The purpose of the analysis is to establish whether the use of

the algorithm improved the ability of the tax authority to select firms for audit, especially

in terms of verified tax evasion.

The audits program of 2019 consisted of 1298 firms in seven different tax centers: the

two centers for middle-sized enterprises (called CME 1 and CME 2 in the French acronym),
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the center for liberal professionals (CPR) and four location-specific centers for small and

medium enterprises, all of them in the region of Dakar, Senegal’s capital (the four centers

were Dakar Plateau, Grand Dakar, Ngor Almadies and Pikine Guediawaye). Part of the

1298 firms were not initially in the list of selected firms, prepared in the beginning of 2019,

but were added at the IRS’ discretion during the course of the year. We added them as firms

selected by the IRS in our analysis.

Table ?? summarizes the execution of the 2019 progam. Out of the 1298 selected firms,

1068 were chosen to be subject to “short audits” (also called CP in the Senegalese IRS’

jargon), and the remaining 230 were supposed to be subject to “full audits” (VG in the IRS’

jargon). The execution rate was around 50%, meaning that for half the firms in the list there

is no indication that the inspectors audited them. For the remaining half, only 37% of them

ended in a request for adjustment and eventual payment of a fine.

Table 2: Summary execution full audits

Selected Started

All Algorithm Random Discretionary Ad hoc All Algorithm Random Discretionary Ad hoc

All years

All 947 451 0 533 0 887 198 0 304 419

LTU 386 157 0 257 0 345 74 0 145 149

MTU 301 154 0 151 0 437 104 0 123 216

Liberal 76 46 0 30 0 68 10 0 18 41

SME 184 94 0 95 0 37 10 0 18 13

2018

All 294 159 0 149 0 382 102 0 124 176

LTU 163 89 0 86 0 172 48 0 70 68

MTU 106 55 0 53 0 178 46 0 45 91

Liberal 20 12 0 8 0 22 4 0 7 12

SME 5 3 0 2 0 10 4 0 2 5

2019

All 327 144 0 198 0 328 65 0 115 160

LTU 122 37 0 96 0 144 24 0 60 69

MTU 94 48 0 48 0 134 31 0 38 67

Liberal 26 14 0 12 0 35 6 0 8 21

SME 85 45 0 42 0 15 4 0 9 3

2020

All 326 148 0 186 0 177 31 0 65 83

LTU 101 31 0 75 0 29 2 0 15 12

MTU 101 51 0 50 0 125 27 0 40 58

Liberal 30 20 0 10 0 11 0 0 3 8

SME 94 46 0 51 0 12 2 0 7 5

Obs: This table contain the number of firms selected for audit and the number of audits

that were started by the tax authority. Discretionary audits are the audits chosen by

the tax authority. Algorithm audits are the ones chosen by the risk-based algorithm.

Random audits are selected at random within the tax centers. Ad hoc audits are audits

that were not in the initial program but were carried out.
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Table 3: Summary execution short audits

Selected Started

All Algorithm Random Discretionary Ad hoc All Algorithm Random Discretionary Ad hoc

All years

All 3526 1708 364 1658 24 2829 300 119 396 2071

LTU 531 242 59 313 4 297 47 23 53 189

MTU 792 365 137 321 14 1761 188 69 254 1285

Liberal 523 247 77 218 3 458 31 8 45 379

SME 1680 854 91 806 3 313 34 19 44 218

2018

All 798 318 202 303 21 1293 138 78 207 899

LTU 208 83 59 78 4 165 33 23 33 85

MTU 351 140 85 132 13 817 83 45 137 568

Liberal 224 91 53 89 2 222 18 5 31 172

SME 15 4 5 4 2 89 4 5 6 74

2019

All 985 468 162 390 3 813 111 41 139 539

LTU 2 0 0 2 0 73 0 0 2 71

MTU 350 174 52 145 1 506 81 24 95 322

Liberal 158 76 24 60 1 96 4 3 6 83

SME 475 218 86 183 1 138 26 14 36 63

2020

All 1743 922 0 965 0 723 51 0 50 633

LTU 321 159 0 233 0 59 14 0 18 33

MTU 91 51 0 44 0 438 24 0 22 395

Liberal 141 80 0 69 0 140 9 0 8 124

SME 1190 632 0 619 0 86 4 0 2 81

Obs: This table contain the number of firms selected for audit and the number of audits

that were started by the tax authority. Discretionary audits are the audits chosen by

the tax authority. Algorithm audits are the ones chosen by the risk-based algorithm.

Random audits are selected at random within the tax centers. Ad hoc audits are audits

that were not in the initial program but were carried out.
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Table 4: Tax audit selection methods in selected countries

Country Discretionary selection Risk analysis Random selection

Kenya Yes ; For all except large taxpayers Yes ; Only for large taxpayers No

Senegal Yes Yes, Introduced in FY 2018 Introduced in FY 2018

Zimbabwe Yes; Inspectors rated on selection. Yes; based on turnover variances No

Lesotho No No Yes ; Randomly by managers

Tanzania Abandonned in 2007 Yes

United Kingdom Yes; For 55% of audit cases Yes; Risk scoring Yes ; Simple random sample

Switzerland Yes for all cases No Yes, periodically for some taxes

United States No Yes

France Yes; For intelligence gathering Yes; statistical techniques, data-mining No

Bulgaria Yes ; According to set criteria Yes; Central risk analysis No

Turkey No Yes; Analysis by tax type Yes ; to collect unbiased data

Sources; Khwaja et al. 2011 and Authors’ survey of select country tax officials.
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C.1 Firms’ characteristics

Table 5: Number of firms by data source

2014 2015 2016 2017 2018 2019

Self reported

VAT 0 6138 6359 6486 5883 5842

CIT 0 3823 3970 4245 4159 0

CGU 0 16 34 63 76 62

WIT 0 4503 4574 5101 5329 5344

TAF 0 19 18 19 18 16

Third party

Imports 0 1500 1556 1483 1450 0

Exports 0 446 463 441 429 0

Treasury 0 547 547 428 444 0

VAT annexes 0 0 0 0 0 0

Audits data
Fiches de suivi 0 0 0 0 0 1286

Saisie 0 0 0 0 0 0

Note: Number of firms for which data was available, according to each data source. There are three

main sources of data: self-reported tax declarations (Value Added Tax, Corporate Income Tax, simplified

regime CGU, Withtheld Income Tax, financial services tax TAF), third party data (exports, imports,

treasury payments and VAT annexes concerning inter-firm transactions) and the data produced by the

tax inspectors regarding the audit program of 2019. The data includes the following tax centers in

Senegal: medium taxpayers 1, medium taxpayers 2, liberal professionals, Dakar Plateau, Grand Dakar,

Pikine Guediawaye, Ngor Almadies.
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Table 6: Number of firms by data source
Mean population Mean random selection Difference p-value Mean IRS selection Mean algorithm selection Difference p-value

Turnover (mean 2015-2018) 162 172 -10 .87 463 290 173 0

Mean profit (mean 2015-2018) 1 3 -1 .85 6 -2 7 .23

Profit rate (2015-2018) Mean Payroll (2015-2018) 9 11 -3 .48 24 15 9 .01

Tax liability (total 2015-2018) 33 30 3 .76 94 84 10 .48

Risk score 0 156 -156 0 175 1618 -1443 0

Turnover 2018 233 326 -93 .4 597 400 197 .01

Profit 2018 15 8 7 .87 34 70 -36 .46

Number of employees 2018 414 12 403 .3 229 215 14 .93

N 11386 154 . . 600 574 . .

Note: Number of firms for which data was available, according to each data source. There are three

main sources of data: self-reported tax declarations (Value Added Tax, Corporate Income Tax, simplified

regime CGU, Withtheld Income Tax, financial services tax TAF), third party data (exports, imports,

treasury payments and VAT annexes concerning inter-firm transactions) and the data produced by the

tax inspectors regarding the audit program of 2019. The data includes the following tax centers in

Senegal: medium taxpayers 1, medium taxpayers 2, liberal professionals, Dakar Plateau, Grand Dakar,

Pikine Guediawaye, Ngor Almadies.

C.2 Outcomes

To analyze the data, we propose six outcomes: the probability that the audit started, the

probability that there was an adjustment (conditional on audits having started), the amount

of the first notification (the initial quantity of suspected evasion communicated to the tax-

payer), the confirmed amount of evasion, the evasion rate as a percentage of the total tax

liability, and the evasion rate as a percentage of mean turnover. A first comparison of the

outcomes across short audits and full audits, and across selection methods, can be observe

in table ?? below.

Table 7: Mean characteristics firms - All firms

Mean Random Mean IRS selection Mean algorithm selection Difference p-value

1 probability being started .58 .63 .49 .14 0

2 audit ending in adjustment .31 .57 .31 .27 0

3 log (initial notice) 17.17 17.88 17.33 .55 .01

4 log (final notice) 16.59 17.22 16.75 .47 .02

5 evasion as % liability .71 .68 .68 .01 .9

6 evasion as % of mean turnover .4 .3 .4 -.1 .01

7 days spent on case 4.55 40.77 19.08 21.69 0

8 log turnover 2019 11.02 14.36 14.12 .24 .85

Note: Mean characteristics of firms in selection and in the population. Total tax liability includes only

self declared tax liability in VAT, CIT, PAYE and CGU for firms. The data includes the following tax

centers in Senegal: medium taxpayers 1, medium taxpayers 2, liberal professionals, Dakar Plateau, Grand

Dakar, Pikine Guediawaye, Ngor Almadies. Values of turnover, tax liability and profits are expressed

in Millions FCFA. Profit rate is in percentage of turnover, computed as the mean profit divided by the

mean turnover. Number of employees refers to the number of employees in the PAYE declarations.
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The definition of the outcomes is as follows:

• i(Auditstarted): indicator function that takes value 1 if the audit contained any indi-

cation that the inspector worked on it. This variable takes value 1 whenever the audit

report of the firm contains the indication of some evasion quantity, some qualitative

variable, or even an indication of the date in which the audit was started. For many

cases, the audit is started but not finished.

• i(Adjustment > 0): indicator function containing some quantity of uncovered evasion.

It can be the final amount the firm is asked to pay or the initially notified amount

(which happens more often).

• log(Notification): log of the value of the notified amount of evaded taxes. That is the

amount of evasion that is assessed by the inspectors after the inspection. This amount

is then negotiated with the firm, which provides some explanation about the problems,

and is typically reduced in the confirmation stage.

• log(Evasion): log of the assessed evasion of the firm. In this stage, we use the value

of the confirmed amount of evaded taxes or the final requested payment. Whenever

the two values are not the same (which happens very rarely) we take the max between

them. We complement missing information with the value of notification (the outcome

before) adjusted by the mean deduction from notification and confirmation at the tax

office level and for each particular audit type (full or short audits). For example, in

the Liberal Professions office, we observe that on average the confirmation is 57% the

value of the initial notification (when both quantities are filled in) for full audits, so

when we only have the value of notification (for full audits in that particular office) we

complement the evasion variable by multiplying it by 57%.

C.3 Description of the firms and outcomes by firm size

In the 2019 wave of the experiment, we proposed firms to be audited in tax centers in the

Dakar area. The tax centers included small to medium enterprises. Based on their self

reported yearly turnovers, we can plot the distribution of firm size in each of the tax centers

below.
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Figure 4

In every tax office, firms with larger declared turnover have a higher probability of being

audited, in particular for IRS selected cases. The algorithm also gives explicitly more weight

to firms with more declared turnover. Even though the algorithm explicitly gives more

weight to firms with larger turnover, its selection is less concentrated at large firms than

the inspector selection. The following figure shows how the two selections differ in terms of

(self-declared) firms size. Firms with mean declared turnover lower than 16 Million FCFA

(roughly 25 thousand euros) per year have virtually no chance of being selected for audit

by the tax authority, while the algorithm assigns them positive probability of audit. In

particular, firms with extremely low declarations had almost 10% chances of being selected

by the algorithm, while no chance of being selected by the tax inspectors.
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C.4 Impact of selection on outcomes

Table 8: Effect of algorithm selection on probability of audit being started
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

All audits Full audits Full audits Full audits Full audits Full audits Short audits Short audits Short audits Short audits Short audits Short audits Short audits

Algorithm selection -0.0402*** -0.117*** -0.143*** -0.0980** -0.171*** -0.0162 -0.0985*** -0.00847 -0.00913 0.00400 -0.0322**

(0.0101) (0.0286) (0.0500) (0.0383) (0.0358) (0.0103) (0.0362) (0.0115) (0.0107) (0.00932) (0.0135)

Algorithm X Exporting -0.0394 0.00955

(0.0515) (0.0232)

Algorithm X TP data 0.157*** 0.0208

(0.0516) (0.0285)

Algorithm X LTU -0.121*** -0.00912

(0.0447) (0.0281)

Algorithm X Medium -0.0649 0.0856***

(0.0447) (0.0304)

Algorithm X Lib. -0.396*** -0.108***

(0.0713) (0.0256)

Algorithm X SME -0.0567 -0.0347***

(0.0562) (0.00700)

Random -0.0620** -0.0163 -0.171*** 0.0642** 0.0625** -0.00768 0.0424 -0.0295

(0.0274) (0.0278) (0.0503) (0.0272) (0.0272) (0.0286) (0.0404) (0.0286)

Ad hoc 0.554*** 0.277*** 0.319*** 0.308*** 0.275*** 0.631*** 0.661*** 0.648*** 0.643*** 0.523*** 0.639***

(0.0109) (0.0244) (0.0245) (0.0245) (0.0250) (0.0121) (0.0121) (0.0126) (0.0136) (0.0206) (0.0121)

Full audit 0.130***

(0.0124)

Exporting firm 0.0788*** 0.0120

(0.0265) (0.0120)

TP data 0.00384 0.0527***

(0.0255) (0.0101)

Information treatment 0.0351**

(0.0144)

Sample All centers All centers Only MTU All centers All centers All centers All centers Only MTU All centers All centers All centers All centers All centers

Tax Center fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Activity group fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Inspector fixed effects No No No No No No No No No No No Yes No

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

N 7440 1361 302 1361 1361 1361 6079 868 6079 6079 6079 5036 6079

R2 0.617 0.325 0.0464 0.297 0.301 0.333 0.683 0.0552 0.666 0.668 0.686 0.810 0.683

Mean outcome 0.48 0.64 0.73 0.64 0.64 0.64 0.44 0.54 0.44 0.44 0.44 0.42 0.44

Note: OLS regression of probability of audit being started on the selection method. Different specifi-

cations controlling for the type of audit, the firm’s mean turnover (with the information available over

years 2015-2018), and dummies for the 6 tax centers (medium enterprises 1, medium enterprises 2, liberal

professions, Dakar Plateau, Grand Dakar, Pikine Guediawaye, and Ngor Almadies). Standard errors are

shown parentheses, and were computed clustered at the tax center level.
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Figure 5: Effect of algorithm selection on probability of audit being started, by tax center
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Obs: Coefficients of the regression of the outcome on the algorithm
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regression as the last two columns of the corresponding regression table.
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Table 9: Effect of algorithm selection probability of adjustment
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

All audits Full audits Full audits Full audits Full audits Full audits Short audits Short audits Short audits Short audits Short audits Short audits Short audits

Algorithm selection -0.0536** -0.0362 -0.0749 -0.0615 -0.114** -0.0819** -0.131*** -0.0877** -0.112*** -0.0475 -0.0828**

(0.0264) (0.0400) (0.0627) (0.0574) (0.0564) (0.0353) (0.0457) (0.0412) (0.0414) (0.0526) (0.0363)

Algorithm X Exporting 0.0855 -0.0131

(0.0734) (0.0639)

Algorithm X TP data 0.213*** 0.0730

(0.0722) (0.0618)

Algorithm X LTU 0.00903 -0.0241

(0.0534) (0.0676)

Algorithm X Medium -0.0267 -0.0974**

(0.0572) (0.0423)

Algorithm X Lib. -0.307** 0.0149

(0.156) (0.0753)

Algorithm X SME -0.229 -0.247**

(0.183) (0.103)

Random -0.111** -0.150*** -0.261*** -0.139*** -0.138*** -0.149*** -0.163* -0.151***

(0.0496) (0.0516) (0.0674) (0.0527) (0.0526) (0.0517) (0.0835) (0.0529)

Ad hoc -0.147*** -0.0483 -0.0289 -0.0390 -0.0488 -0.209*** -0.215*** -0.223*** -0.209*** -0.183*** -0.207***

(0.0204) (0.0338) (0.0344) (0.0347) (0.0339) (0.0259) (0.0258) (0.0258) (0.0260) (0.0460) (0.0281)

Full audit 0.0461**

(0.0200)

Exporting firm 0.0793** 0.0583**

(0.0370) (0.0261)

TP data -0.0240 0.0242

(0.0367) (0.0203)

Information treatment 0.00389

(0.0335)

Sample All centers All centers Only MTU All centers All centers All centers All centers Only MTU All centers All centers All centers All centers All centers

Tax Center fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Activity group fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Inspector fixed effects No No No No No No No No No No No Yes No

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

N 3589 880 221 880 880 880 2709 476 2709 2709 2709 2108 2709

R2 0.0835 0.0749 0.0410 0.0532 0.0517 0.0800 0.0803 0.0554 0.0746 0.0740 0.0816 0.166 0.0803

Mean outcome 0.58 0.68 0.66 0.68 0.68 0.68 0.55 0.68 0.55 0.55 0.55 0.49 0.55

Note: OLS regression of log (initial notice) on the selection method. Different specifications controlling for the type of audit, the firm’s mean

turnover (with the information available over years 2015-2018), and dummies for the 6 tax centers (medium enterprises 1, medium enterprises

2, liberal professions, Dakar Plateau, Grand Dakar, Pikine Guediawaye, and Ngor Almadies). Standard errors are shown parentheses, and were

computed clustered at the center level.
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Table 10: Effect of algorithm selection on log (initial notice)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

All audits Full audits Full audits Full audits Full audits Full audits Short audits Short audits Short audits Short audits Short audits Short audits Short audits

Algorithm selection -0.0511 -0.382** -0.861*** -0.611** -0.504* 0.138 0.0200 0.121 0.00717 0.250 0.147

(0.123) (0.183) (0.242) (0.276) (0.268) (0.156) (0.184) (0.183) (0.185) (0.181) (0.157)

Algorithm X Exporting 0.407 0.0601

(0.345) (0.268)

Algorithm X TP data 0.274 0.391

(0.342) (0.264)

Algorithm X LTU -0.112 0.183

(0.274) (0.296)

Algorithm X Medium -1.080*** 0.104

(0.234) (0.170)

Algorithm X Lib. 1.536** 0.503

(0.660) (0.971)

Algorithm X SME 2.304*** 0.106

(0.644) (0.608)

Random 0.00579 0.00710 -0.145 -0.0102 0.0111 0.00700 0.231 0.0218

(0.192) (0.193) (0.235) (0.192) (0.194) (0.193) (0.280) (0.198)

Ad hoc 0.0666 0.122 0.153 0.129 0.0739 0.125 0.112 0.0852 0.126 0.281* 0.104

(0.0910) (0.153) (0.154) (0.154) (0.149) (0.111) (0.109) (0.110) (0.111) (0.153) (0.127)

Full audit 1.003***

(0.0901)

Exporting firm 0.218 0.325***

(0.164) (0.104)

TP data -0.0677 0.0562

(0.158) (0.0910)

Information treatment -0.0521

(0.139)

Sample All centers All centers Only MTU All centers All centers All centers All centers Only MTU All centers All centers All centers All centers All centers

Tax Center fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Activity group fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Inspector fixed effects No No No No No No No No No No No Yes No

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

N 2397 644 164 644 644 644 1753 357 1753 1753 1753 1410 1753

R2 0.258 0.140 0.0838 0.147 0.139 0.179 0.175 0.00359 0.179 0.175 0.176 0.404 0.175

Mean outcome 18.41 19.59 18.63 19.59 19.59 19.59 17.97 17.93 17.97 17.97 17.97 17.85 17.97

Note: OLS regression of log (initial notice) on the selection method. Different specifications controlling for the type of audit, the firm’s mean

turnover (with the information available over years 2015-2018), and dummies for the 6 tax centers (medium enterprises 1, medium enterprises

2, liberal professions, Dakar Plateau, Grand Dakar, Pikine Guediawaye, and Ngor Almadies). Standard errors are shown parentheses, and were

computed clustered at the center level.
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Figure 6: Effect of algorithm selection on log(initial notice), by tax center
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Obs: Coefficients of the regression of the outcome on the algorithm

selection, controlling for mean firm turnover, by tax office and type of

audit. The last two coefficients (All) represent the coefficients of same

regression as the last two columns of the corresponding regression table.
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Table 11: Effect of algorithm selection on evasion as % of mean turnover
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

All audits Full audits Full audits Full audits Full audits Full audits Short audits Short audits Short audits Short audits Short audits Short audits Short audits

Algorithm selection 0.00281 0.0339 0.00257 0.0236 0.0156 -0.0254 -0.0120 -0.0101 -0.0208 -0.0346 -0.0252

(0.0166) (0.0289) (0.0378) (0.0418) (0.0444) (0.0187) (0.0247) (0.0229) (0.0235) (0.0316) (0.0191)

Algorithm X Exporting 0.0470 -0.0551*

(0.0551) (0.0314)

Algorithm X TP data 0.0823 -0.0217

(0.0556) (0.0298)

Algorithm X LTU 0.0242 -0.102***

(0.0419) (0.0347)

Algorithm X Medium 0.0220 0.00137

(0.0365) (0.0232)

Algorithm X Lib. 0.0939 -0.0453

(0.183) (0.0300)

Algorithm X SME 0.559*** -0.0877

(0.0707) (0.106)

Random 0.0128 -0.00338 -0.00486 0.00521 0.00423 -0.00767 0.0254 -0.00321

(0.0316) (0.0312) (0.0348) (0.0309) (0.0308) (0.0313) (0.0518) (0.0324)

Ad hoc 0.0125 0.0298 0.0327 0.0343 0.0297 -0.00825 -0.0325** -0.0341** -0.00831 -0.0602** -0.00844

(0.0142) (0.0259) (0.0263) (0.0261) (0.0258) (0.0166) (0.0157) (0.0156) (0.0167) (0.0296) (0.0172)

Full audit 0.0751***

(0.0149)

Exporting firm -0.00354 -0.00503

(0.0276) (0.0167)

TP data -0.0842*** -0.0378**

(0.0282) (0.0172)

Information treatment -0.000601

(0.0187)

Sample All centers All centers Only MTU All centers All centers All centers All centers Only MTU All centers All centers All centers All centers All centers

Tax Center fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Activity group fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Inspector fixed effects No No No No No No No No No No No Yes No

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

N 1616 542 148 542 542 542 1074 324 1074 1074 1074 761 1074

R2 0.0807 0.0751 0.140 0.0345 0.0485 0.0849 0.0737 0.0806 0.0449 0.0489 0.0787 0.334 0.0737

Mean outcome 0.15 0.21 0.18 0.21 0.21 0.21 0.12 0.15 0.12 0.12 0.12 0.12 0.12

Note: OLS regression of evasion as % of mean turnover on the selection method. Different specifications controlling for the type of audit, the

firm’s mean turnover (with the information available over years 2015-2018), and dummies for the 6 tax centers (medium enterprises 1, medium

enterprises 2, liberal professions, Dakar Plateau, Grand Dakar, Pikine Guediawaye, and Ngor Almadies). Standard errors are shown parentheses,

and were computed clustered at the tax center level.
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Obs: Coefficients of the regression of the outcome on the algorithm

selection, controlling for mean firm turnover, by tax office and type of

audit. The last two coefficients (All) represent the coefficients of same

regression as the last two columns of the corresponding regression table.
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Figure 7: Probability of audit being started
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Obs: Non parametric regression of outcome on mean turnover (no

controls), using Epanechnikov kernel, bandwidth computed according

to the rule-of-tumb method.

Figure 8: log(Initial notice)
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Figure 9: Evasion as a % of mean turnover

-.5
0

.5
1

1.
5

.25 .71 2.03 6 16 47 134 381 1085 3092
Mean turnover in Millions F CFA(deciles of turnover in the population)

IRS Algorithm
Note: Comparison between firms selected by IRS (155 firms) and algorithm (85 firms).

All tax offices

evasion as % of mean turnover

Obs: Non parametric regression of outcome on mean turnover (no

controls), using Epanechnikov kernel, bandwidth computed according

to the rule-of-tumb method.

C.5 Evaluation of risk score

Appendix C Risk Scoring of Tax Evasion

C.1 Motivation

A key feature of this project is to assist the Senegalese tax administration (DGID) to design

a tool which assesses firms’ tax evasion risk. Starting in 2017, the team held consultations

with DGID leadership and former tax inspectors to map the compliance risks of Senegalese

firms and to exploit all available data sources to assess this risk. Moreover, we discussed

with experts in the field of taxation and risk management, who worked on tax evasion risk

assessment in middle-income countries. With these inputs, we designed a risk-scoring tool,

following best international practice, as implemented by the World Bank and its partner

institutions.

Although the use of advanced machine-learning tools for prediction has exploded in eco-

nomic analysis, it was decided together with DGID that the risk-score would be guided by

simple variables which logically should predict evasion risk. The simplicity of the design is

motivated by several factors, ranked by order of importance. First, the tool needed to be

transparent, such that underlying compliance risks could be understood by tax inspectors,
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and explained to taxpayers when required. Second, the available data on historical audit

results was sparse and not digitized, which limited the scope of our model calibration and

model selection exercises (further details below). Finally, all cases concluded by 2017 were

selected in a discretionary manner.

Thus, one should consider the risk-scoring tool as a transparent best-practice risk assess-

ment, given the administrative capacity, rather than a fined-tool fully optimized algorithm.

We note that the constraints faced by DGID are likely to bind in many low income countries,

and especially in other West African countries, which often look at Senegal for administrative

innovations.

Table XX summarizes the seven key steps in the design of the risk-score. Step (1)

corresponds to the construction of a database covering all tax declarations across years

and merged with third-party reported sources. Steps (2) and (3) determine specific risk

indicators, based on discrepancies across sources or behavioral outliers, examples of which

are discussed below. Step (4) defines the peer-group comparison: these clusters regroup

firms by economic activity and either size or geographical zones, depending on the structure

of each tax center. Step (5) assigns a numerical value to each risk indicator, depending on

the size of the deviation (higher scores when larger discrepancies), while step (6) assigns

weights to each indicator reflecting beliefs about their relative importance. Finally, step (7)

aggregate the weighted indicators in each of the past four fiscal year, and then sums up the

yearly scores to form a total risk score.
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Table C1: Steps of risk-score design

Step Description

(1) Prepare merged dataset The tax declarations of each taxpayer are merged across type of

taxes (VAT, CIT, Payroll) and across years. Data from third par-

ties is then added (customs, procurement, transaction network).

(2) Choose indicators: discrepancies Discrepancies are situations in which a self-reported tax liability

can be considered as misreported or incomplete, by cross checking

several data sources together.

(3) Choose indicators: anomalies Anomalies correspond to abnormal reporting behavior, compared

to peers. Anomalies suggest that firms should be monitored, but

do not indicate tax evasion behavior with certainty.

(4) Define comparison clusters Clusters regroup firms in the same economic sector and of com-

parable size. Peer comparisons are done within clusters

(5) Assign values to indicators The magnitude of the inconsistency is used to assign a value,

ranging from one to ten (using deciles). For anomalies firms within

the top decile of a particular indicator receive a value of one.

(6) Assign weights to indicators Weights are assigned to each indicator reflecting beliefs about their

relative importance.

(7) Aggregate indicators and years The weighted risk indicators are first aggregated across indicators

in each year. Then the yearly scores are summed up to form a

total risk score covering the past four years of tax declarations.

More recent years are slightly over-weighted.
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C.2 Choosing indicators and weights

As explained above, the algorithm computes some ratios from the data of firms (declarations

and third party data) and then calculates the value of the indicator based on the distribution

of this ratio within a cluster of comparable firms. We tried several combinations of indica-

tors before stabilizing the algorithm in a reduced set of them. The goal was to have a set of

indicators that was sensible and correlated with evasion, but at the same time simple and

understandable for the tax inspectors.

Table C1 summarizes the steps that we took to conceptualize the algorithm. We tried out

several possible indicators that could suggest under-declaration of tax liability. We discarded

most based on some analysis of data availability or statistical relevance. In the end, we dis-

carded indicators that required information that was available for a reduced set of firms and

indicators that did not seem to have any correlation with evasion, as per past evasion data.

We tested these indicators on data from historical audits data. We performed out of sample

regressions with LASSO and OLS and computed the out of sample mean squared prediction

errors to compare different models. This allowed us to assert that the ranking normalization

performed well with respect to alternatives (meaning that it presented a lower prediction

error).

We refer to the appendix for an analysis of these indicators using historical audits data.

From this analysis we decided to restrict the algorithm to a small list of indicators. Three of

them are inconsistencies, plus a flag for inconsistent filing of taxes. On top of that, we have

seven anomalies, of which two refer to value added tax, two refer to corporate income tax,

one refers to third party data comparisons, one to share of imports from low tax countries

and one refers to the financial services tax (only applicable to a reduces set of firms). The

final list of indicators that is used in the algorithm, and the respective weights (ω and ξ in

equation ??) is summarized in the following table.

Some details for the calculation of the indicators are worth mentioning. In some cases of

anomalies, the top decile within a cluster comprises more than 10% of cases. As long as the

value is not zero, we include all these firms. Whenever there is not enough non-zero values

that can fill un 10% of the firms, we only flag the non-zero values. We also top code (999

999 999) all values for which the denominator of te underlying ratio of the indicator is zero

or missing. Therefore they belong by definition to the top decile. We also top code all values

of negative tax liability, to make sure they also get flagged. The idea of the indicators is

always that the larger the ratio, the less taxes the firm is paying.

We designed the risk-scoring scheme using best practices, drawing on policy documents
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from the World Bank (tax administration projects in Pakistan and Turkey), SKAT in Den-

mark, and the IMF’s recommendations to DGID. We provide a high-level description of

this process to preserve confidentiality around audit selection processes. We compute risk

scores using information sets/tax returns submitted to DGID on corporate income taxes,

VAT, personal income tax withholding remittance, as well external data from customs (im-

ports/exports) and public procurement contracts, for the period 2013-2016 18. The score

relies on two types of risk indicators: discrepancies and anomalies. Discrepancy indicators

flag taxpayers whose self-reported information according to their tax returns differs from

information in datasets obtained from customs or the government budget department in

charge of paying state procurement. For instance, a discrepancy indicator is logged when

taxpayers’ reported turnover over multiple years is lower than its aggregate costs, that its

imports plus its wage bill over the same period. Anomaly indicators use industry/sector

benchmarking to flag firms with unusual behavior relative to their peers. An example would

be a firm in petroleum retail with low profit rate compared to its peers, which might be

associated with evasion. Discrepancies and anomalies are aggregated to produce a risk-score

for each taxpayer.

18We also attempted to apply predictive analytics from the machine learning literature on these datasets
and on previous audit results was conducted to check whether risk indicators could predict DGID audit
returns. This exercise was inconclusive because of the selected nature of the sample for whom audit returns
are available, the small number of observations and noise in the data.
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