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Abstract
Highlighting atypical segments of a sequence is an important goal in very diverse do-mains. In the case where no prior information on the length of the segment to be high-lighted is known, Karlin and Altschul defined, in 1990, the local score for biological se-quence analysis, and an asymptotic approximation of its distribution was proposed in1992. There are now many other theoretical results that can be used to establish thep-value of the local score in different contexts. We have developed an R package bring-ing together these results for a sequence modelled by independent and identically orMarkovian distributed variables. It calculates the local score, the sub-optimal scores andtheir positions, and proposes to establish the p-value of the local score using the varioustheoretical methods available to date. An automatic analysis is also proposed to applythe most appropriate method depending on the sequence analyzed. Here we presentthe software package and various application examples. Comparisons with other toolsused depending on the context of the application are also given. The localScore packageis available on CRAN under the GPL-2 license (core program) and various licenses for theembedded Eigen library.
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Introduction
Highlighting atypical periods or segments in sequences is an issue of interest in many fields,such as Bioinformatics and Genomics, Biosurveillance, Ecology and Environmental Sciences, Epi-demiology and Health Sciences, Finance, Reliability and Quality Control, Telecommunication Sci-ences, andmany others... Scan statistics are a popular approach to address such a problem. But, amajor challenge with the scan statistics has been finding analytical results regarding its statisticalsignificance. Indeed, all data collection has natural variability, which can be called "noise," and es-tablishing statistical significance allows us to knowwhether an observation exceeds this randomvariability. Calculating statistical significance is a fundamental tool to ensure that observationsare not simply the result of chance, but reflect real and relevant phenomena, thus ensuring thereliability and relevance of conclusions. Unfortunately, in the case of scan statistics, the com-putation required to obtain exact p-values is complex and often impractical (Glaz et al., 2001,p.371). Good approximations have been proposed in special cases (Naus, 1982, Wallenstein andNeff, 1987). The main advantages of scan statistics are: the mathematical tools for establishingtheoretical results on the statistical significance of the results allow generalization to dimensions2 and sometimes 3 with certain model assumptions on the observations; convergence rate re-sults are available in some cases; an asymptotic approximation; results also exist for continuoussequences. However, these advantages do not occur for longitudinal and discrete data. The dis-advantages of scan statistics, in our opinion, lie in the choice of a pre-fixed window length and inthe fact that the results are limited to precise models on the observations (Poisson, uniform,...).The work of Naus and Wallenstein, 2006 and Nagarwalla, 1996 extends the scan statistics toa statistic with a variable window, whose size does not need to be chosen a priori. This work isbased on the use of a Generalised Likelihood Ratio Test (GLRT) and allows the window size tobe varied within a given interval. Nargawalla (Nagarwalla, 1996) provided a simple algorithm forimplementing his method, and the Monte Carlo hypothesis testing is used to obtain the p-value,since it is impossible to obtain the null distribution for the statistic under consideration by simu-lation. These questions about variable-width scan statistics are still relevant (Cucala, 2017; Glazet al., 2001; Wang and Glaz, 2014). Cucala (Cucala, 2008; Cucala, 2017) proposes a statistic forvariable-width scan statistics for longitudinal data not relying on usual likelihood ratio methods,and statistical significance is again established by appropriate simulation.In comparison, the local score allows one to completely avoid the choice of window size; thestatistical significance on its null distribution can be established theoretically by any model on in-dependent and equally distributed observations; and theoretical results exist for theMarkov-likedependence models on the data succession. Karlin and Altschul, 1990 defined the local scorestatistic to analyze biological sequences: it corresponds to the maximum cumulative value of agiven property over every possible segment in a sequence, considering segments of any positionand any length (see Equation (1)). Karlin and Dembo, 1992 proposed asymptotic approximationsof the distribution of the local score when the length of the sequence is growing to infinity,thus the statistical significance can be computed. A generalization of this approximation for thesequence comparison case has been developed in BLAST Software1, but to our knowledge nodevelopment has been done for a single sequence analysis case. At present, results exist thatconsider independent or dependent models on the sequence. Those results include: improve-ments of the approximations of Karlin et al. (see Cellier et al., 2003 for the independent modeland Grusea and Mercier, 2020 for the Markov model); exact methods (see Mercier and Daudin,2001 for the independent model and Hassenforder and Mercier, 2007 for the Markov model);a result on the distribution for the pair of the local score value and the length of the segmentthat realizes the local score value (see Chabriac et al., 2014; Lagnoux et al., 2017). We developedthe package localScore (Simon et al., 2023) for the software R (R Core Team, 2024). In thepackage, we focus on the different ways to establish the statistical distribution of the local scorein a sequence modeled by independent and identically distributed (I.I.D.) random variables, orby Markovian random variables. For a more elaborated model of the sequence, a Monte Carlofunction is available, provided that the user can simulate sequences from his model. The local

1https://blast.ncbi.nlm.nih.gov/
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score corresponds to the optimal segment achieving the maximum score. However, sub-optimalsegments are also interesting, but their common analysis leads to a multiple test. In the case ofthe I.I.D. model, it was shown (Fariello et al., 2017, supplementary material) that the distributionof the local score is the one to use on all sub-optimal segments of the sequence.The remainder of the article contains a brief presentation of themain theoretical backgroundsimplemented in the localScore package. Then the package is described in Section Softwarethrough a standard workflow to follow and a description of the main functions. Section Illustra-tions presents examples of using localScore in four different domains for which we comparethe results of usual methods in the corresponding area: biological sequence analysis and a com-parison with sliding window statistics; a signal detection context and a comparison with controlcharts; epidemiology and a comparison with scan statistics; a genomic sequence analysis. Thefirst example on biological sequences, and the last one on genomic sequences, also show theuse of local score distribution for a multiple test on suboptimal segments.
Theoretical background

Let us consider a sequence as a succession of components that belong to a finite set A. Itcan be for example a DNA sequence with A = {A, C , G , T}. Let us define a score scheme ora score scale as a function s that assigns a real number to any letter of A. The score can, forexample, quantify a physico-chemical property. See the website of Protscale2 for an illustrationof different score scales in biological sequence analysis context. LetA = (Ai )1⩽i⩽n be a sequence,and let us denoteXi := s(Ai ), for i ⩾ 1, the scoring sequence associated to the sequenceA basedon the score function s . Examples of scoring functions are presented in Section Illustrations.With X0 := 0, the local scoreMn of one sequence X of length n is defined by

(1) Mn := max
0⩽i⩽j⩽n

j∑

k=i

Xk .

In Mercier and Daudin, 2001 the authors proved that the local score can also be defined as:
Mn := max0⩽i⩽n Ui with U0 := 0 and Ui+1 := max(Ui + Xi+1, 0) the Lindley, or CUSUM process,associated to the sequence (Xi )1⩽i⩽n. The Lindley process defines nonnegative excursions andthe height of the highest one is equal to the local score. The other excursions are called the suboptimal segments.The local score approachmakes it possible to avoid choosing a segment length in the absenceof prior information about it. Let us present below the two main kinds of results, approximationand the exact method, when the random variables (Ai )1⩽i⩽n are independent and identicallydistributed (I.I.D.) and so are the (Xi )1⩽i⩽n.
Karlin and Dembo approximation

The asymptotic approximation of Karlin and Altschul, 1990 and Karlin and Dembo, 1992 cor-responds to an asymptotic result converging to a Gumbel distribution when the length of thesequence n tends to infinity. This result stands on the two following hypotheses: The averagescore must be nonpositive, E[X ] < 0, and a nonnegative score must be possible, P(X > 0) > 0.We have
(2) lim

n→+∞
P

(
Mn ⩽ ln n

λ
+ x

)
= e−K∗e−λx

where λ and K ∗ depend on the score distribution. For a score distribution denoted as followswith pi = P[X = i ] for i = 0, 1, ..., u, and qj = P[X = −j ] for j = 1, ..., v , and ∑
i=0,...,u pi +∑

j=1,...,v qj = 1, let us define the following polynomial P(x) = xu · (E [x−X − 1]). We get
(3) P(x) =

u∑

i=1

pi · xu−i + (p0 − 1) · xu +
v∑

j=1

qj · xu+j ,

2https://web.expasy.org/protscale
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of degree u + v the range of possible scores. Under the hypothesis E [X ] < 0 (see proposition1 [Distribution for the maximal partial sums] of Cellier et al., 2003; Karlin and Dembo, 1992),the polynomial P has only two real positive roots that are of simple multiplicity: 1 and R with
0 < R < 1. The parameter λ = ln(1/R) and K ∗ is obtained using the other roots of P .At present, the method used to deduce the roots of the polynomial is based on the Bairstowmethod (Bairstow, 1920).The parameter λ corresponds to the single root of a polynomial of degree equal to the am-plitude of the scores (maximum score minus minimum score) and checking E[exp(λX )] = 1. Theexistence of λ is ensured by the assumption E[X ] < 0. The set of other roots is also used for thecalculation of K ∗ notably using a square matrix called Vandermonde comprising at each line ageometric progression associated with one of the roots of the polynomial. This gives the follow-ing approximation for an observed local score a

(4) P(Mn ⩽ a) ≈ e−K∗ne−λa
.

The approximation given in (4) is very accurate for sequence lengths larger than thousandsand very fast to obtain, but must be avoided for sequences of less than a hundred components.
Karlin by Monte Carlo

The Karlin and Dembo approximation in (2) calculates the value of two parameters λ and K ∗

according to the values and the distribution of the scores. Here we propose to estimate themusing a Monte Carlo approach. This method is useful in the case of a sequence of scores that istoo long to perform a direct Monte Carlo as it does not require simulating full-length sequences.Formula (4) can be linearized in λ andK ∗ using logarithms as long as n is large enough. That leadsto the following formula:
(5) ln {− ln {P(Mn ⩽ a)}} ≈ lnK ∗ − λa+ ln n .

Given the previous formula, the Karlin by Monte Carlo procedure consists in:
(1) Choosing a sequence length nsim for the simulation big enough to have a satisfying Karlinand Dembo approximation and small enough to be computed with reasonable resources.(2) Simulating sequences of size nsim.(3) Calculating the local score of each sequence to derive empirical distribution function ofthe local score for sequences of size nsim.(4) Deriving estimation of λ and K ∗ by a linear regression on the empirical distribution func-tion using Formula (5), i.e., λ̂ = −b̂ and K̂ ∗ = exp (â)/nsim where â and b̂ are respectivelythe slope and the intercept of the regression.(5) Using Karlin and Dembo approximation to calculate the p-value of the local score ob-served on the full sequence of size n.

Daudin
For a an observed local score value, the exact method in the I.I.D. case is based on an appro-priate stopped process constructed to be a Markov chain and taking its values in {0, ... , a}. Letus denote P = (Pij)0⩽i ,j⩽a its corresponding transition matrix. Mercier and Daudin, 2001 provedthat

(6) (∀a ⩾ 0) P(Mn ⩾ a) = (Pn)(0,a) .

There is no restriction on the sign of the average score when using the exact method. Thismethod is accurate and sufficiently fast as long as the value n and the value a for which the
p-value is calculated are not too large. In fact, a square matrix of size a is store into memory andexponentiated to the value n. As there is a limit to the exponentiation of P for n tending towardsinfinity, it is not necessary to use the correct value of n for sequences longer than a hundredthousand, to obtain an accurate value, but a smaller value can be used.
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Improved approximation of Karlin et al. in the I.I.D. case
An improved approximation to that proposed in Karlin and Dembo, 1992 is proposed in Cel-lier et al., 2003. As with the Karlin et al. method, it is necessary to compute the roots of thesame polynomial which are then used in several steps to compute the additive correction termsin order to improve the Karlin et al. approximation. For large a values, we have

(7) P(Mn ⩽ a) ≈ (1 −
∑

i=1

KiR
a
i )

n
µ
+1

with (Ri )i the roots of module strictly less than 1 of a polynomial directly defined with thescore distribution (see Formula 3). The degree of this polynomial is equal to the range of possiblescores. Based on the two assumptions used in the work of Karlin and Dembo, there is a uniquepositive real root of modulus less than 1, e−λ, with λ defined in Equation (2). The parameters Kiand µ are also derived from the distribution of scores and from calculations based on the Van-dermonde matrix and certain resolutions of systems of equations. The improved approximationin (7) is accurate and fast for n values of several hundred, but should be avoided for sequencelengths of less than a hundred.All the above theoretical results must be considered as complementary for practical applica-tion according to the scoring scheme, with its range, the sign of the average score and the lengthof the sequence to be analyzed.
Software features and contents

Workflow
A tentative workflow using localScore might look like this:
(1) Transform the component of a given set of sequences into score sequences using a givenscore function.(2) Learn the distribution of scores on score sequences.(3) Compute the local score of each sequence.(4) Calculate the corresponding p-values using the automaticmethod for the calculated localscore value, the corresponding sequence length and the global score distribution.

Main functions
Following the workflow outlined above, here are the main functions that can be used at eachstage.To obtain a score sequence: A sequence of components, such as DNA, can be transformedinto a sequence of scores using the CharSequence2ScoreSequence function. Integer or realscores can be taken into account.To learn a distribution: Several functions can be used to learn the distribution of the com-ponents of given sequences or scores. For example, the empirical distribution of a numericalsequence or a list of sequences is constructed by scoreSequences2probabilityVector.To calculate the local score: The function localScoreC calculates the local score for a se-quence of integer or real scores. It provides the local score and all sub-optimal segments withtheir associated scores. The functions suboptimalSegment or lindley can be used to ob-tain the others locations of the different realisations of the local score. lindley is also usefulto graphically representing the interersting region of the sequence.To calculate the corresponding p-values: Next, the following functions offer different methodsfor calculating the p-values associated to the local score of a sequence:

• karlin: The Karlin et al’s approximation (see (4)). This method requires a nonpositiveaverage score, E[X ] < 0, and integer scores, and is best suited to long sequences withlength greater than a few thousand components, depending on the expectation of thescore distribution.
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• mcc: An improved approximation of the previous one, presented in Cellier et al., 2003.This method also requires a nonpositive average score, E[X ] < 0, and integer scores.It is more suitable for sequences with a few hundreds components, depending on theexpectation of the score distribution.
• daudin: An exact method for integer scores is also integrated and can be used regard-less the sign of the expected score (see (6)). This method is computationally suitable fornot too long sequences, but several thousand components can be easily handled. The im-plementation is based on the exponentiation of a square matrix of size a, with a a givenlocal score value.
• monteCarlo: A classical Monte Carlo method taking a random generator function asparameter.
• karlinMonteCarlo: A mixture of the Karlin et al.’s and the Monte Carlo methods. Itallows for an approximate distributionwith a shorter computation time than the empiricalMonte Carlo method, for very long sequences. This mixedmethod also requiresE[X ] < 0.

We have also developed the automatic_analysis function for less experienced users. Asits name suggests, this function automatically selects the most appropriate p-value method forthe data entered by the user according to the configuration described in Table 1. The functioncalculates the p-value based on the length of each entered sequences. It can use an empiricalscore distribution based on the input data or a distribution provided by the user. By setting the
method_limit, the user can also decides up to which sequence length the computationallyintensive methods (daudin, exact_mc) should be used to calculate the p-value.

Table 1 – Adequate methods to compute the local score p-value depending on the av-erage score value E[X ] and the sequence length n order ; with E : daudin() ; MCC :
mcc() ; K : karlin() ; MC : monteCarlo() ; MC-K : karlinMonteCarlo().

n < 100 102 ⩽ · < 103 103 ⩽ · < 104 ⩾ 104

E[X ] < 0 E ; MC E ; MCC ; MC E ; MCC ; MC MCC ; K ; MC ; MC-K
E[X ] ⩾ 0 E ; MC E ; MC E

Inputs / outputs
Inputs. When the workflow starts, the first input is a sequence. This can be imported into Rfrom an ASCII file using standard reading functions such as read.table and related functions.For users wishing to analyze biological sequences composed of nucleotides or amino acids, thepackage can also handle FASTA files as input. In FASTA files, each sequence is preceded by atitle (marked with a ">") and a line break. A sequence occupies one line, followed by a line breakand a line containing only a tab.Additionally, if no sequence is passed to the automatic_analysis function, it allows theuser to choose a FASTA file. In this case, and if the user has not provided a scoring system (whichcan be done by passing a named list with the appropriate scores for each character), the secondfile dialog box appears. The latter allows you to choose a file containing the score, and if theuser provides an additional column for probabilities, these are also used - see the "File Formats"section in the vignette for details.Score files can also be imported in a standard way from an ASCII file. Such a file must containa header and each row contains a letter and its score. Optionally, a probability for each scorecan also be provided.
Numerical outputs. The main numeric output is provided by the localScoreC function. It con-tains a list with the following attributes:

• The value of the local score and the start and end indices of the segment achieving thisoptimal score.
• All local maxima of the Lindley process (only strictly positive excursion) and their startand end indices.
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• The recording times of the Lindley process.
Any method calculating p-values only provides the value obtained.

Graphical outputs. Graphical outputs can be optionally displayed by the monteCarlo and the
karlinMonteCarlo functions. They represent the distribution of all simulated local scoresand the cumulative distribution. The Lindley process plot provides a convenient representationof the data.
Example data

Some data we propose to analyze in the section are already integrated into the packagefor illustration purposes. Seq1093 is a real biological sequence with 1093 characters referringto Q60519 queries in UniProt Data base1. SeqListSCOPe contains 285 protein sequencesranging in length from 31 to 404. They are referenced as CF_scop2dom_20140205aa in theStructural Classification Of Proteins database (SCOP)2. SJSyndrome is a dataset of 824 rows,each describing an appearance of Stevens-Johnson syndrome described by 15 covariates includ-ing Case ID, Initial FDA Received Date, days since last FDA. The third column is the number ofdays between two adverse events. Aeso consists of the individual birthdates of over 35 casesof the congenital oesophageal and tracheoesophageal fistula malformations seen at Birminghamhospital.
Illustrations

We illustrate the use of the localScore package on four examples in different fields. First,one of the biological sequences embedded in the package is used as a toy example to showthe basic usage of the package. Similarly, we illustrate how to deal simultaneously with a set ofsequences. Then, we analyze two medical data sets to show how the local score can be usedto detect an eventual shift in sequential observations. The last subsection deals with studyinga chromosome to associate genomic regions with phenotype differentiation. We also present,for each case, the results of other methods. The R scripts are provided in Robelin et al., 2025(Appendixes).
Biological sequences

We first describe how to analyze one single sequence and then show how to process a setof multiple sequences at once.
One single sequence. See Robelin et al., 2025 (Appendix A1-3) for corresponding code.Several sequences are already included in the package. Let us use the object Seq1093, cor-responding to the protein Q60519 SEM5B_MOUSE3. With 1093 characters, we consider this tobe a sequence whose statistical significance can be established by almost all proposed methods(see Table 1).The CharSequence2ScoreSequence function converts the character sequence into ascore sequence using the HydroScore object, which provides the correspondence betweenan amino acid and its score according to Kyte & Doolittle hydrophobic scoring scale (Kyte andDoolittle, 1982). The local score computation can then be performed with localScoreC, toprovide the following result.
$localScore
value begin end

65 956 1001

$suboptimalSegmentScores
value begin end

[1,] 40 1 20

1https://www.uniprot.org2https://scop.mrc-lmb.cam.ac.uk/3https://www.uniprot.org/uniprot/Q60519
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[2,] 10 71 73
[3,] 23 80 99
[...]
[75,] 3 1079 1079
[76,] 2 1083 1083
[77,] 6 1089 1090

$RecordTime
[1] 0 70 77 78 79 112 113 115 [...]

[19] 129 176 177 178 179 180 218 219 [...]
[...]
[181] 1055 1061 1062 1063 1069 1070 1071 1072 [...]
[199] 1093

We retrieve only the local score value for further use when calculating the p-value.To do so, the function scoreSequences2probabilityVector builds an empirical distri-bution from the sequence.
-5 -4 -3 -2 -1 0 1 2 3 4 5

0.074 0.203 0.020 0.075 0.212 0.078 0.000 0.071 0.094 0.144 0.028

The exact method (see (6), function daudin) can then be used to compute the p-value. Theapproximate method of Karlin et al. (see (4)) can be performed equivalently with the karlinfunction.The two p-values are quite close (0.072 for the exact method, 0.076 for the approximateone).In comparison, here are the results obtained with ProtScale Expasy web tool on the samesequence. ProtScale computes and represents the profile on a selected protein produced byany amino acid scale and accumulates the score values over a sliding window of a chosen size.Note that the possible window sizes are restricted to odd values from 3 to 21. We used thehydropathicity scale proposed by Kyte and Doolittle, 1982. We chose a size equal to 21 which isthe closest value to the length of the optimal segment given by the local score approach withoutany prior information on it. The results are presented in Figure 1. We can observe one main peakand the numerical output (not shown) gives us a window value equal to 2.195 and a center indexequal to 989 (begin index 979; end index 999). This segment corresponds to the one highlightedby the local score but with a length equal to 45 with a beginning index of 956 and an end indexof 1001. The local score p-value allows us to say that this region is not statistically significant.For a window size equal to 9 corresponding to the one given by default, we can observe severalpicks with a similar value before the one we discussed previously. We have also represented thecorresponding Lindley process using the lindley function.
A set of sequences. See Robelin et al., 2025 (Appendix A1-3) for corresponding code.The data consists of a list of 285 character strings with their entry codes as names extractedfrom the Structural Classification Of Proteins database (SCOP)2. More precisely this data con-tain the 285 protein sequences of the data called “CF_scop2dom_20140205aa” with sequencelength from 31 to 404.This sequence is a part of the package and can be loaded and briefly explored. For instance,here is the first sequence of the set (P50456). It is composed of 165 characters.
P50456
"ARDVIQVVIDHNVGAGVITDGHLLHAGSSSLVEIGHTQVDPYGKRCYCGNHGCLETIAS
VDSILELAQLRLNQSMSSMLHGQPLTVDSLCQAALRGDLLAKDIITGVGAHVGRILAIMV
NLFNPQKILIGSPLSKAADILFPVISDSIRQQALPAYSQHISVEST"

Overall, accross all sequences, sequence lengths range from 31 to 404 with a median lengthof 102 and a mean length of 122.
2https://scop.mrc-lmb.cam.ac.uk/
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Figure 1 – Top: Graphical output of the results provided by the Expasy ProtScale web toolfor the corresponding sequence Q60519, the Kyte and Doolittle scale and a window sizeequal to 21. Bottom: Lindley process calculated with the localScore package.

The CharSequence2ScoreSequence function transforms the protein sequence into ascore sequence using the HydroScore object. The score corresponding to each amino acidis:
A C D E F G H I K L M N P Q R S T V W Y
2 3 -4 -4 3 0 -3 5 -4 4 2 -4 -2 -4 -5 -1 -1 4 -1 -1
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Figure 2 – Distribution of the local score of every sequence in the object MySeqList.
Then we use automatic_analysis function to perform the most appropriate method tocompute the p-value of the local score of each sequence.The results can then be investigated. For instance, the first sequence of the list has a localscore value equal to 62, and the segment that realizes this maximum begins at index 4 andfinishes at index 144. Its p-value equals 6.39%.We can easily extract the first 10 p-values, the 5 smallest p-values, the significant sequences,or their local score values using the sapply function as indicated in Robelin et al., 2025 (Appen-dix A1-3).Figure 2 displays the distribution of the local scores computed on the different sequences.The methods used to calculate p-values for each sequence are stored in the component

method of the output of the automatic_analysis function.Since the maximum sequence length is 404, it is expected for the exact method to be usedfor all sequences in the database. The score distribution used to calculate the p-value for eachlocal score is the empirical distribution estimated over the entire data set. It can be representedusing the scoreSequences2probabilityVector function.
-5 -4 -3 -2 -1 0 1 2 3 4 5

0.055 0.264 0.022 0.041 0.148 0.072 0.000 0.105 0.052 0.175 0.067

Stevens-Johnson syndrome data
In other fields, such as Telecommunication Sciences or Quality Control to name just two,where the goal is to highlight a change or a breakpoint in the signal sequence, the data areanalyzed as soon as they are collected. In these application fields, no score scales is proposed orconstructed as is the case in biological sequence analysis. When testing at each time i , the nullhypothesis H0: “The observations (Ak)1⩽k⩽i follow the distribution fθ with parameter θ = θ0” vs

H1: “The observations (Ak)1⩽k⩽i follow fθ1 with θ1 ̸= θ0”, it is common to define the score of agiven observation Ai at time i by the following Log Likelihood Ratio:
xi = s(Ai ) = ln

(
fθ1(Ai )

fθ0(Ai )

)
.

Such a score function is used in this subsection and in the Subsection Congenital oesophagealatresia data.The local score can also be used to detect a potential shift in sequential observations. Here,we propose to analyze data relating to the onset of Stevens-Johnson syndrome, a serious derma-tological disease due to a drug allergy. The detection of an atypical cluster of Stevens-Johnsonsyndrome cases can allow us to analyze the possible causes of these exceptional occurrences ofside effects. It is reasonable to assume that the cause, or causes, common to all patients, whetherdirectly related to the treatments or external to them, are more easily detected when an atypi-cal cluster appears. Preventive actions can then be proposed and/or implemented to limit suchoccurrences in the future.

10 David Robelin et al.
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The data present 824 occurrences of adverse events leading to 823 values of Time Betweentwo adverse Events (TBE) in days. The third column of the dataset days.since.last.fdacorresponds to the number of days elapsed since the last event (sequence of the Time BetweenEvents). See appendix A2 in Robelin et al., 2025.The TBE sequence can be modeled by a geometric distribution. An estimation of its param-eter is given by
R> p0Hat <- 1/(mean(DatesTBE[1:n]) - 1)

The estimated value (0.0453) corresponds to the probability of observing an adverse eventon a given day among the entire population studied. Let denote (Ti )1⩽i⩽n the TBE observations.At each time i , wewish to test the following hypotheses :H0 “The observations (Tk)1⩽k⩽i follow ageometric distribution with parameter p0” vs H1 “The observations (Tk)1⩽k⩽i follow a geometricdistribution with parameter p1 = 1.5 · p0”, with p0 and p1 in ]0, 1[.Let us define:
LLR(T ) = ln

f1(T )

f0(T )with fj the probability density function of a geometric variable of parameter pj for j = 0, 1. Ateach time i , the local score of the sequence (LRR(Tk))1⩽k⩽i and its corresponding p-value are
calculated using the package. More precisely, we calculate LLR = ⌊E · ln f1(T )

f0(T )⌋ with E a tuning
parameter that allows a larger range of possible nonnegative scores. Using this tuning parameterdoes not change the segment that achieves the local score or its p-value (see Fariello et al., 2017Supplementary materials, for more details), but it does highlight suboptimal segments that mightbe of interest. Here, we have at least 3 nonnegative scores for E = 8.We calculate the sequence of scores and the local score for each sequence up to index ifor sequential analysis. An alarm can be set when the p-value of an observed local score valueis below a given nominal level, typically 5% or 1%. To establish the p-value, it is necessary toknow the distribution of scores under the hypothesis H0. This distribution can be establishedtheoretically, but to simplify presentation, we empirically estimate the distribution of scores onthe data. The first and last six empirical estimates are:
[1] -109 -75 -61 -56 -54 -46
0.0012151 0.0012151 0.0012151 0.0036452 0.0012151 0.0012151
[1] -2 -1 0 1 2 3
0.036452 0.093560 0.117861 0.134872 0.227217 0.160389

Note that not all possible values between the minimum and the maximum scores are present(e.g. between -109 and -75). The vector of the score distribution must be fulfilled with 0.The average score under H0 is negative (-1.633) so any method, exact as approximate, canbe used to calculate the statistical significance of the local score. We use the exact method with
daudin function as the sequence lengths allows.Figure 3 illustrates the example on the first 300 observations where a first alarm, using anominal level α = 5%, appears at index 229.In order to assess the robustness of the analysis, different values of the parameter p1 weretested (p1=0.05, 0.048 and 0.055 with adapted values for E to obtain at least 3 nonnegativescores, E=29, 47 and 15 respectively). Each case leads to a similar result. Figure 3 representingthe p-values at each index, can be considered as a control chart generally used to analyze onlinesequences in industrial data (see for example the first and the most famous control chart de-fined in 1930 and called the Shewhart chart, see Shewhart, 1931 mainly used for the Gaussiandistribution). We can observe a single clear alarm at index 229. In Mercier, 2020 for a Gaussianmodel, it is shown that using the local score avoids false alarm better than usual control chartsand allows detecting existing parameter variation in a competitive average time.Let us observe the g chart, a Shewhart chart adapted for geometric distribution, and pro-posed in the package qcc in Figure 4.Here the lower control limit (LCL) is equal to 0 and has no direct use. The twelve points upperthan the upper control limit (UCL) in red are not “bad” alarms as they correspond to a longer-than-expected serie between two adverse events and are therefore considered an improved situation.
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Figure 3 – Stevens Johnson syndrome: a unique alarm at index 229.
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Figure 4 – Stevens Johnson syndrome - Shewhart g chart: A lot of alarms are pointedout.We can observe a violating run, corresponding to a particularly numerous successivepoints under the central control limit, beginning at index 206 and including the index 229of the alarm of the local score chart.
We observe several violations run in orange, corresponding to a particularly high number ofsuccessive points below the central control limit, which are considered alarms. One of these isparticularly long, starting at index 206 and including index 229 of the local score plot alarm.Regarding the local score and g plots, we suggest that the series of points below the lowercontrol limit before index 206 in the g plot could be considered false alarms.
Congenital oesophageal atresia data

The data include the individual birthdates of n = 35 cases of congenital esophageal andtracheoesophageal fistulas seen in a hospital in Birmingham, UK, over a period of 2191 days,from 1950 to 1955, the first day being January 1, 1950 (see Knox, 1959). Glaz et al., 2009
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presents in Chapter 17 different works on these data, based on the use of scan statistics. In thissection, we first present the results of the scan statistics analyses proposed in Glaz et al., 2009,and then two different approaches based on the local score. The discrete scan statistics Sn,k ,with k ⩽ n two positive integers, of a sequence (Si )1⩽i⩽n of n binary trials (1: success, 0: failure)has been defined as the maximum number of successes among k consecutive trials. Consider adiscrete sequence (Si )i=1...n. We have Sn,k = max1⩽i⩽n−k+1
∑i+k−1

j=i Sj . We also deduce the TimeBetween two Events (or "successes"). The TBE sequence is modeled by a geometric distributionwith parameter p = 0.016. The R code is provided in Robelin et al., 2025 (Appendix A1-3).
Scan statistic approach. Considering the date sequence, Glaz et al., 2009 gives the values of thescan statistics for different choices ofwindow length k ; the corresponding statistical significance;and the position of the window that realizes the maximal value. They also present the methodof Nagarwalla, 1996 using a scan statistics with a variable window size for which the statisticalsignificance is established by the Monte Carlo method. The results are presented in Table 2.

Table 2 – Results of the scan statistic approaches.
k value p-value begin end
100 7 0.08833 1233 1305
200 10 0.04993 1233 1390
300 15 0.00141 1233 1491
365 16 0.00271 1233 1583Nagarwalla 15 0.00580 1233 1491

We can observe that the different statistical significances are very different depending on thechoice of thewindow size: Using nominal level equal to 1%, we obtain not significant p-values fora window size k = 100 or k = 200 and significant values for k = 300, 365 and for the Nagarwalla’smethod.
Log Likelihood Ratio test and local score approach. Here, we propose to consider a possible driftof the parameter p. Consider H0: p = p0 and H1: p = p0 · (1+ δ) for a given δ value. First consider
δ = 5%.We associate to the Time Between Events sequence (called tbe in the code provided in Ro-belin et al., 2025 (Appendix A3), the following sequence of scores, calculated with

X (tbe) = ⌊E · ln
(
f1(tbe)

f0(tbe)

)
⌋

with fi being the probability of a geometrically distributed random variable with parameter pi , for
i = 0or1; E is a tuning parameter we have previously presented in Subsection Stevens-Johnsonsyndrome data. Here, it is rated at 62.This leads to the following sequence of scores:
-6 -5 -4 1 -21 -2 -2 -3 2 3 2 2 2 1 -1
2 2 0 2 2 2 1 -2 -3 2 -2 -4 0 -1 2
2 2 1 0 1

Score distribution. Let us calculate the distribution of scores in two ways: the first, based on theestimation of the occurrence of the score on the observed sequence, and the second, based ontheoretical work on a geometric model, which leads to a more precise distribution. The first sixand last six values of the probability score and the theoretical score are
ProbScore ProbScoreTheo

-21 0.02857143 0.0001725077
-20 0.00000000 0.0002380570
-19 0.00000000 0.0003285136
-18 0.00000000 0.0004533418
-17 0.00000000 0.0006256021
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-16 0.00000000 0.0008132325
[...]
-2 0.11428571 0.07592718
-1 0.05714286 0.09869924
0 0.08571429 0.14228152
1 0.14285714 0.19634549
2 0.37142857 0.27095262
3 0.02857143 0.01597444

Next, for the given offset δ, we calculate the local score value and its p-value using the twodifferent score distributions. Since the sequence length is very short, n = 35, we use the exactmethod to determine the p-value with the function daudin. The start and end indices are alsogiven.
$localScore
value begin end

22 9 22
$suboptimalSegmentScores

value begin end
[1,] 1 4 4
[2,] 22 9 22
$RecordTime
[1] 0 1 2 3 5 6 7 8

The segment that achieves the local score value begins at date index 1233 and ends at dateindex 1491, which corresponds to the segment highlighted by the scan statistics approach witha window size k = 300. Its statistical significance for the observed local score is approximately0.026.One could argue that the choice of the window length in the scan statistics method is notnecessarily the same as in the local score method. However, the choice of a δ value to constructthe scoring function based on p0 and p1 is different. Without prior knowledge of the length ofthe segment to be highlighted, it is easier to choose the smallest drift to detect. Let us considera set of different δ values, ranging from 1% to 5%.
Table 3 – Value of the local score, its statistical significance, the position of the startand end indices in the sequence tbe and in the sequence date, for different values of δ.We also give in the second column the tuning parameter E used to obtain at least threenonnegative scores.

δ E Local score p − value b.tbe e.tbe b.date e.date
0.01 302 22 0.02962169 9 22 1233 1491
0.02 152 22 0.02835914 9 22 1233 1491
0.03 102 22 0.02757781 9 22 1233 1491
0.04 77 22 0.02735163 9 22 1233 1491
0.05 62 22 0.02647577 9 22 1233 1491

We can observe in Table 3 that the value of the local score does not change and neitherthe segment that achieves the local score: See b.tbe (respectively b.date) the start index in thetbe (resp. date sequence and see e.tbe (respectively e.date) the end index in the tbe (resp. date)sequence. Moreover, the statistical significance is quite constant and around 3%.
Direct analysis on the 0-1 sequence. Below, we propose to analyze the initial sequence of occur-rences (0-1) without constructing the TBE sequence. The model is then based on a Bernoullidistribution, still with parameter p0 = 0.0159. Consider a drift p1 = 1.05 · p0. We have two differ-ent score values: (ln(p1(1 − p0)/(p0(1 − p1))) + log((1 − p1)/(1 − p0))) corresponding to 1 and
ln((1 − p1)/(1 − p0)) to 0.
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These first score values lead us to choose a tuning parameter E equal to 1000 in order tomaintain the proportion between these two values and obtain integer values allowing the use theexact method. Remember that this modification of the score function only affects the local scorevalue, but not the segment that achieved it, nor the statistical significance. The two possiblescores are then: -1 and 48. We observe that the segment that achieved the local score is still thesame as with the geometric model with a starting index of 1233 and an ending index of 1491.Let us examine the statistical significance. But first, let us give the distribution of the scores.The probabilities under H0 associated with the scores are equal to 1 − p0 for -1 and p0 for 48.The obtained p-value (0.0250) is comparable to that of the previous study using the localscore approach and the geometric model on the TBE sequence.Both studies based on the local score highlight the same segment as the sweep statistic witha window size of 300 and that highlighted by the Nagarwalla’s method with a variable window.This segment is statistically significant in eachmethod. The local score avoids the need to choosea window length and allows for theoretically establishing statistical significance.
Genomic regions associated with phenotypic differentiation of European local pig breeds

The original dataset is based on European local pig breeds characterized genetically usingpolledDNA sequencing data, and phenotypically using breed-level phenotypes related to stature,fattening, growth, and reproductive performance. It is composed of 19 populations of Europeanlocal pig breed populations and 7 industrial breeds populations. Genetic diversity is assessedthrough a medium-density SNP (Single Nucleotide Polymorphism) leading to 16,403,270 SNPsspanning 18 chromosomes of the pig genomes after filtering out SNPs with missing data. Thesecond part of the original dataset consists of phenotypic characterizations of each breed com-bined into four distinct groups summarizing stature, fattening, growth, and reproductive perfor-mance. The objective of the study published in Poklukar et al., 2023 is to detect genomic regionsexhibiting signatures of selection linked to phenotypic traits in order to discover potential can-didate genes that may be undergoing adaptation to specific environments. The methodology inPoklukar et al., 2023 uses the same approach as Coop et al., 2010, which leads to the develop-ment of a Bayes Factormeasuring the link between phenotypic and genotypic variations for eachSNP. Statistical significance is then assessed SNP by SNP, correcting the multiple test problemwith a False Discovery Rate (FDR) approach from Benjamini and Hochberg, 1995. They finallyrevealed 234 regions associated with traits of stature, fatness, growth, or reproduction.Here, we propose using a local score approach to analyze the final dataset containing Bayesfactors associated with stature traits, kindly provided by the authors of Poklukar et al., 2023.For each of the approximately 16 million SNPs covering 18 pig chromosomes, we have the SNPpositions and associated Bayes Factor statistics. Table 4 shows the number of points for eachchromosome. Note that a Bayes Factor is a real number, and p-values associated with the localscore can not be directly assessed by the function karlin, mcc nor daudin as their associatedmethodologies require integer scores. One proposed solution is to discretize the scores. In thesecond part of this illustration, we also assess the effect of this discretization on the results,comparing three schemes: 1. real scores 2. scores multiplied by 10 and rounded to the closestunit 3. scores rounded to the closest unit. Due to the length of the sequence, we evaluate the
p-values using the karlinMonteCarlo function, see Formula (5). See the R code in Robelinet al., 2025 (Appendix A4).
Data analysis. To analyze this big data file, we proceed chromosome by chromosome and usethe R library sqldf to load the data. Refer to the R code in Robelin et al., 2025 (Appendix A4).Without compromising generality, we present here the detailed analysis and results for chro-mosome 1. Note that the empirical expectation of the score is strictly negative and the scores arestrictly positive, as expected for a meaningful local scoring analysis. Figure 5 shows the observedSNP score along chromosome 1 and the associated Lindley process.The local score, its position, and all the suboptimal scores are calculated by thelocalScoreCfunction. The local score on chromosome 1 is 702.7715 and is realized by the segment situatedin position (86184149, 86566846) with a p-value < 10−16.
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Figure 5 – Observed SNP scores along chromosome 1: Top) SNP Score values; Bottom)Associated Lindley process, with horizontal lines representing thresholds associated as-sociated with local score statistical significance at the 5% (red), 1% (green) and 1‰(blue)levels.
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Table 4 – Number of SNPs by pig chromosome in the dataset.
Chromosome SNPs count1 14275392 10721763 9463324 9237315 7923666 12067017 8990348 11104229 102053110 69509111 66461012 56340013 122544614 102916215 89932016 69463717 57059918 417965

In the same way, we assess the statistical significance of the scores of sub-optimal segments.Asmentioned in Fariello et al., 2017, the local score threshold given for a first-order riskα also en-sures a first-order risk α for at least one false positive among all excursions above this threshold.In other word, all excursions above this threshold can be considered as significant sub-optimalsegments scores. On chromosome 1, we found a total of 67535 segments with positive cumu-lative scores, from which 225 segments appear to be significant at 5%-level, 210 segments at1%-level, and 183 segments at 1‰-level. See the code in Robelin et al., 2025 (Appendix A4) toobtain these results.Chromosome 1 contains a total of 1421525 SNPs with individual scores. The proportionof SNPs present in significant segments relative to this total is approximately 4% (see Table 5).In Poklukar et al., 2023, the Bayes factor-based whole-genome analysis retains 2 significantsegments at threshold 5%, corrected for multiple tests, compared to 225 segments significantlydetected by the local score approach for the stature trait.
Table 5 – Numbers and proportions of SNPs present in a significative segment accordingto the test threshold.

Test threshold 0.05 0.01 0.001Number of SNPs present in significant segment 54129 52954 51357Proportion of SNP present in significant segment 0.04 0.04 0.04
Score discretization assessment. Three scoring schemes are compared: a) real scores as given bythe input Bayes factor b) decimal scores multiplied by 10 and then rounded c) scores roundedto the nearest whole number. b) and c) give integer scores. Figure 6 shows the empirical distri-butions of each scoring system obtained from chromosome 18. Other chromosomes show verysimilar distributions (not shown).For each chromosome in the entire genome, Table 6 summarizes the number of significantsegments detected applying a threshold of 5%, 1% and 1‰. These numbers are also indicatedaccording to the scoring system.Let us also examine the influence of the three scoring systems on the length of segments thatachieve the local score: Figure 7 shows comparable boxplots of the (log)-length of the detectedsegments below the 5% threshold for the three scoring schemes.
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Figure 6 – Empirical distributions of SNP scores obtained on chromosome 18 for threescoring scheme: 1. Real score 2. Two-digits rounded score 3. One-digit rounded score.

Considering the segments obtained with the real scores as a reference, Table 7 displays thenumbers of false positive and false negative segments that occur with 1-digit scores and 2-digitscores. Caution should be taken as a threshold is applied to p-value below 5%, whichmay changethe list of significant close to the threshold. Given the wide range and distribution skewness ofthe real scores, the rounded 2-digit scores only slightly change the results, missing only 9 seg-ments (0.5%) over 1882 real segments on the whole scale and falsely detecting 45 segments(2.3%) over 1919 detected segments. Note that the performance of the brutal unit roundedscore essentially reflects the real segment detected with only 76 missing segments (4%) (falsenegative) over 1882 and falsely detecting (false positives) 157 segments (8%) over 1938 de-tected segments.
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Table 6 – Numbers of significant segments detected applying a threshold of 5%, 1% and‰. These numbers regarding the scoring scheme are also indicated.
chromosomes Real scores 2-digits scores Unit scores

5% 1% 5‰ 5% 1% 5‰ 5% 1% 5‰1 NC_010443.5 226 212 185 225 213 185 218 201 1792 NC_010444.4 70 60 49 70 59 48 67 55 443 NC_010445.4 56 54 46 56 53 45 56 53 454 NC_010446.5 90 78 70 87 78 67 89 80 715 NC_010447.5 94 85 67 94 85 68 105 92 726 NC_010448.4 93 83 74 102 91 78 109 96 887 NC_010449.5 94 83 71 96 85 72 96 84 728 NC_010450.4 131 118 108 131 118 107 127 121 1129 NC_010451.4 132 120 105 134 123 107 145 136 12010 NC_010452.4 108 97 86 111 98 86 123 104 9111 NC_010453.5 67 58 50 66 57 50 60 51 4412 NC_010454.4 52 46 40 55 47 41 56 46 4113 NC_010455.5 161 153 130 162 156 135 160 150 13314 NC_010456.5 135 122 105 143 126 112 140 127 10715 NC_010457.5 142 124 110 157 138 120 152 133 11316 NC_010458.4 74 69 64 75 71 65 81 76 6917 NC_010459.5 70 62 57 68 61 57 68 61 5718 NC_010460.4 87 71 61 87 73 61 86 73 63Total 1882 1695 1478 1919 1732 1504 1938 1739 1521
Table 7 –Considering the real scoring scheme as the detection reference, the table showsthe number of segments that differ from the reference for the 2-digit rounded scoringscheme, and the unit rounded scheme on the whole genome analysis. "False negative":number of segment that are present in the reference, but not in the considered scoringscheme; "False positive": number of segments significantly detected but not present inthe reference.

score scheme Real 2-digits 1-digitTotal detected segments (<5%) 1882 1919 1938False negative 9 (0.5%) 76 (4%)False positive 45 (2.3%) 157 (8%)
Computational details

The results in this paper were obtained using R 4.3.1. R itself and all packages used areavailable from the Comprehensive R Archive Network (CRAN) at https://CRAN.R-project.
org/. Computation times are discussed in Robelin et al., 2025 (Appendix B).

Conclusion
When no a priori information is known about the length of the segments to be highlighted,the local score is a dedicated tool to exploit and complement sliding windows or scan statisticsmethods.The localScore package allows to calculate statistical significance in different contextsand thus to distinguish segments with atypical optimal scores from those appearing randomly.The package groups together various functions allowing in particular to visualize and point outthe highlighted regions. Different methods for evaluating statistical significance are proposed. Afunction allows to perform this calculation by automatically selecting the method most suitedto the context, according to the length of the sequence, and the average score under a givenor learned model. If the local score was initially defined for the identification of atypical regions
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Figure 7 – Log-length of the detected segments below the threshold of 5% for the threescoring schemes by chromosomes.
within biological sequences, it can also be useful in many application areas, as we wanted toillustrate in our examples. It can also be applied to online analyses, in particular to the detectionof breakpoints.The disadvantage of the local score is that it is currently not generalizable to the continuouscase or spatial (2-dimension) data, and may require a transformation of the data via a functioncalled the score function, which must allow positive and negative values.
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