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Summary

A large number of methods are available to type microbial pathogens. These methods
provide a phenotypic or genotypic characterization about the strains under study and
may allow, together with collected epidemiological data, the inference of clonal
relationships between isolates. This collected information about the strains makes
possible studies on different subjects: bacterial population genetics, pathogenesis and
natural history of infection, surveillance of infectious diseases and outbreak
investigation and control.

Nowadays, databases of strains characterized with a plethora of typing methods are
appearing all over the world, providing researchers with material to conduct the
aforementioned studies. The novel challenge resides in the combined data analysis of
such large numbers of typing and epidemiological data, since the conventional
methods of analysis were developed for studies with fewer than one hundred strains.

In this thesis we present a series of articles in which we address this novel challenge of
large scale epidemiological data storage and the development of new methods for the
analysis of those data.

This thesis is organized in the following structure:

Chapter | — Introduction — Presents background information on microbial typing
methods and related data analysis techniques.

Chapter Il - EURISWEB: Web-based epidemiological surveillance of antibiotic-resistant
pneumococci in Day Care Centers — this article presents an online database developed
for the 5th Framework European project EURIS (European Resistance Intervention
Study), demonstrating a multi-national and multi-centric database where strains are
included with demographic information about their carriers as well as typing data. This
database was constructed as a prototype for a fully-fledged Epidemiological
Information System.

Chapter Ill — New developments on EURISWEB - in this chapter we present the latest
developments on the EURISWEB online database and its expansion for the 6 th
Framework project PREVIS (Pneumococcal Resistance Epidemicity and Virulence - An
International Study).

Chapter IV - Assessment of band-based similarity coefficients for automatic
Type/Subtype classification of microbial isolates analyzed by Pulsed-Field Gel
Electrophoresis — In this article we present a methodology based on receiver operating

characteristic (ROC) curves for assessment of commonly used band-based similarity
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coefficients for type classification using an accepted criteria applied to a large Pulsed-
Field Gel Electrophoresis band patterns collection.

Chapter V - A common framework for relating multiple typing methods illustrated using
macrolide- resistant Streptococcus pyogenes — in this article, we demonstrated the
usefulness of a framework of measures that quantitatively addresses two important
guestions namely, 1) could the results of a given typing method have been predicted
from the results of another? and 2) how does a novel typing method relate to previously
used typing schemes?

Chapter VI — Final discussion — In this final chapter we bring together the conclusions
of the previous chapters and discuss further uses of the novel methodology presented

here. Also future developments in the area are discussed.

This thesis presents work described in the following publications:

Silva, S., et al., EURISWEB--Web-based epidemiological surveillance of
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Carrico, J.A., et al., Assessment of band-based similarity coefficients for
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Chapter | - Introduction

Chapter |

1. Introduction

The Merriam-Webster online dictionary defines “classification” as the “systematic
arrangement in groups or categories according to established criteria”. When
associated with biology a definition commonly found is “the systematic grouping of
organisms into categories on the basis of evolutionary or structural relationships
between them”. The ability to classify microorganisms at strain level is as paramount
for molecular epidemiology studies as it is for population genetics studies. Microbial
typing methods are the tools that provide researchers with criteria to do that
classification. In this chapter, we provide some definitions important to the field and
describe briefly some of the most common typing and data analysis methods used to

recognize a type.

1.1. From isolates to clones

Tenover et al (44), proposed a series of definitions for terms commonly used in
epidemiological typing, that were recommended and adapted by the European Study
Group on Epidemiological Markers (42). Of these definitions, four are of major
importance for this report:

* Isolate - Population of microbial cells in pure culture derived from a single
colony on an isolation plate and characterized by identification to the species
level.

» Strain — Isolate or group of isolates exhibiting phenotypic and/or genotypic
traits which are distinctive from those of other isolates of the same species.

« Type - A specific pattern, or set of marker scores, displayed by a strain on
application of a particular typing system.

e Clone - An isolate or group of isolates presumed to descend from a common
precursor strain by nonsexual reproduction exhibiting phenotypic or genotypic
traits characterized by one or more strain-typing method to belong to the same
group.(Adapted from (34) and (44))

The relationships derived from these definitions are represented in Figure 1. The
definition of clone aggregates all the other definitions but it based on the assumption
that an isolate characterized at strain level by one or more typing methods is capturing
a phylogenetic signal, allowing the inference of clonality. So the definition of clone can

vary depending on the typing method used and how the data analysis is performed.
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This is especially true when the assignment to a given type depends on a decision of a
cut-off at a given similarity level (such as the threshold selection for type definition in
Pulsed-Field Gel Electrophoresis (PFGE) based on the number of band differences or

on a dendrogram).

[solate

Clone m————=——=———=77] otrain
Inferred from

Type

Figure 1- Data Model describing relationships betwe  en lIsolate, Strain, Type and Clone
definitions. The letters and numbers represent the cardinality of the relationships, i.e, a
Strain can define a group of one or more Isolates (cardinality n) while each isolate can
be assigned only to a single Strain (cardinality 1)

This flexibility for defining clone creates the need of standardization of the data analysis
of microbial typing methods, if inter-study comparisons are to be performed.
Ideally, to achieve maximum ease of interpretation of results, there should be a direct

equivalence from a clone to a single strain defined by a selection of typing methods.

1.2. Microbial typing methods

To achieve classification at strain level a plethora of microbial typing methods are
available to the researchers. The ultimate goal when applying those methods is to
discriminate epidemiological unrelated isolates and trying to quantify relatedness
between those assumed to be clonally related.

Advances in the ability to discriminate and classify isolates at strain level, were always
driven by technological developments. The first typing methods used were based on
the phenotypic characteristics of the isolates, such as antimicrobial resistance, phage
lysis of isolates (phage typing), biochemical tests (biotyping) or antigenic determinants
(serotyping). Advances on molecular biology techniques, allowed new methodologies
that probe for characteristics at the level of the bacterial chromosome. Methods like
restriction fragment length polymorphisms (RFLP) (12) and pulsed-field gel

electrophoresis (PFGE) (36) provided more discriminatory power than the classical
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phenotypic methods, and become standards for epidemiological studies all over the
world. With the increasing availability of affordable sequencing methods, another shift
occurred towards the use of sequence based typing methods such as multilocus
sequence typing (MLST) (25) and emm sequence typing (2), among others.

The sequence based methods have a large appeal since they provide unambiguous
data and are intrinsically portable, allowing the creation of databases that, if publicly
available through the internet, enable the comparison of local data with that of previous
studies in different geographical locations.

Although complete description of all the typing methods in use is behind the scope of
this report, we now present a description of the most currently used methods from
phenotypic, genotypic and sequence based methods, which are also discussed in the

next chapters.

1.2.1. Serotyping

Together with antimicrobial resistance profiles, serotyping is currently the most
commonly used of the phenotypic typing methods. It is based on the fact that
organisms belonging to the same species can express different antigenic determinants
on the surface of the bacterial cell. These antigenic determinants include proteins,
polysaccharides and lipopolysaccharides. The isolates are tested in an agglutination
assay against a pool of known sera. The strain is given a serotype number following a
key representing which combination of sera produced cell agglutination.

It remains an essential method for typing isolates of Salmonella, Shigella and
pNeumococci.

For the typing of Streptococcus pneumoniae, serotyping has demonstrated good
discriminatory power (although significantly less than PFGE). Some serotypes were
shown to be associated preferentially with invasive disease, and has been proposed
that the capsule may have more importance that the genotype in the ability to cause
invasive disease(4). Also, an association between certain Salmonella serotypes and
food-borne disease has been demonstrated (6, 47). This association between
serotypes and disease provide a fast way to detect possible outbreaks.

There are several limitations to this technique: different strains from the same species,
or even strains for different species, may present cross-reacting antigens on their
bacterial cell wall, yielding a false-positive result to more than one serum; some strains
do not express antigens on the bacterial cell surface, being classified as non-typable

and, maintaining a stock of sera.
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1.2.2. Pulsed-field Gel Electrophoresis

The first described application of PFGE was the separation of yeast chromosomes by
Schwartz in 1984 (36). The ability to separate DNA fragments of sizes from 10 to 800
Kb, allowed this technique to become the genotypic method of choice for many
different bacterial species (e.g. Streptococcus pneumoniae(22), Staphylococcus
aureus (31))

In this microbial typing method, total genomic DNA (ranging from 1.8 - 5 MB), is
digested with a rare cutter endonuclease, generating typically 10 to 30 DNA fragments
(depends on the endonuclease and on the microorganism). Since this technique is
based on chromosomal DNA, it can be applied to all the species for which its isolation
is possible. These fragments are resolved by a variation to conventional
electrophoresis, where three pairs of electrodes form an hexagon around the gel. This
allows periodically changing the orientation of the electric field across the gel, which
causes the migration of the DNA to occur in three diferent directions, effectively
increasing the distance migrated by each fragment, greatly improving the resolution of

this technigue. An example of an image of a PFGE gel is presented on Figure 2.

Figure 2 — PFGE gel image for isolates of  Staphylococcus epidermidis (Adapted from
Miragaia et al (30)

For each bacterial species, an enormous variety of band patterns has been found with
type classification being achieved by the widely used criteria of counting the number of
band differences between two lanes proposed by Tenover et al (44): if two strains differ

up to 6 bands, counted in both lanes, they are considered in the same type and an
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arbitrary name is assigned to that type. However, these authors pointed out that this
method of classification should be used in outbreak studies only and should be backed
up with other relevant typing data, such as antibiotic resistance or other
epidemiological relevant data that supports the type assignment. This type
classification usually corresponds to clusters generated at a cut-off value at 80%
similarity in a Dice(13) /JUPGMA(39) dendrogram® (19, 29, 37). The ability to measure a
similarity for all the strains in a study can be use to classify them by degree of
relatedness. In general, the small pattern changes that can be detected by PFGE
reflect genetic events (recombination, insertion, mutation or deletion) that occur over a
relatively short evolutionary time scale. This fact contributes for its high discriminatory
power, and together with its high reproducibility when properly executed, makes this
technique very appealing in epidemiological studies.

The limitations of PFGE are all of technical nature: it requires well trained personnel,
specialized and expensive electrophoresis apparatus and incomplete restriction of
chromosomal DNA can result in misclassification of band patterns. Although these
technical problems can arise, high inter-laboratory reproducibility has been reported (7,

31), when standardization protocols are achieved.

1.2.3. Multi Locus Sequence Typing

Multi Locus Sequence Typing (40) is a microbial typing method based upon
sequencing ~450-500 base pairs internal fragments of 7 housekeeping genes of a
given strain and then assigning to each unique allele a number, by comparing the
sequence to an online database (5). The seven number code obtained, designated
Sequence Type (ST), is also compared with the online database to obtain the ST
assignment .

Since the accurate determination of the sequence of the internal fragments can be
reliably done with automated DNA sequencers, MLST has the inter-laboratory
portability and accuracy, desired in typing methods used for tracking bacterial
populations, while retaining discriminating power.

Because of its characteristics, MLST has become widely used in molecular
epidemiology surveillance and microbial population studies. In those fields, the typing
method must have the ability to determine the relationship between strains. For MLST,

the eBURST algorithm (14) is commonly used, being preferred to dendrogram analysis,

LA dendrogram constructed using Dice coefficient for measuring similarity based on band
differences and using Unweighted Pair-Group Mean Average (UPGMA) as the criteria creating
the clusters.
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which provide poor representations of clonal emergence and diversification. The first
step of eBURST algorithm is the group creation. Every ST within an eBURST group
has a user-defined minimum number of identical alleles (n) (typically n=6, creating the
most exclusive group definition) in common with at least one other ST in the group.
Group assignment of STs is mutually exclusive: a ST belongs only to a single group.
Using this partition method, several groups are created and some have only one ST.
These are called singletons, since they share only n-1 or less alleles with other ST in
the data set. The second step in the algorithm is the primary group founder
determination. The primary founder is predicted on the basis of parsimony as the ST
that has the largest number of Single Locus Variants (SLVs: a single allele difference).
In case two STs share the same number of SLVs, the one with more Double Locus
Variants (DLVSs) is considered the founder SLV. The next step in the algorithm is
assigning a statistical significance for each of the group founders. This is performed
using a bootstrap resampling procedure, where for each group, resampling with
replacement is performed a user-defined number of times (typically 1000 times), and
then primary founders are re-assigned for each group as previously described. A
bootstrap value of 100% would be assigned to a ST considered group founder for all

the resamplings.The typical results of eBURST can be visualized on Figure 3.
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Figure 3 — eBURST diagram for Streptococcus pneumoniae clonal complex/group 1.
Group founder is represented as a blue dot and subg roup founders as yellow dots. The
lines represent a SLV link
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These results produce a working hypothesis about the way each clonal complex may
have diverged and diversified, but to validate the hypothesis further, phenotypic,
genotypic and epidemiological data must be considered.

The relative drawbacks of MLST are the high cost, time, and expertise required for
processing each sample. Although the sequencing costs are decreasing they are still

often prohibitive for routine application to case isolates.

1.3. Typing methods comparison

Struelens et al (42) proposed a series of criteria for the evaluation of the typing
methods, such as, discriminatory power (proposed by Hunter(21) as the average
probability that a given typing method will assign a different type to two unrelated
strains randomly sampled from the population), reproducibility (ability to assign the
same type to a strain tested on independent and separated assays), typeability
(proportion of the strains assigned to a type by the typing method), and epidemiological
concordance (probability that epidemiologically related strains derived from a
presumably single-clone outbreak are determined to be similar enough to be inferred to
be the same clone).

A survey of these characteristics for several typing methods is presented on Table 1,
(adapted from Maslow et al (27) and vanBelkum et a 1(45)). As described it shows that
genotypic methods generally have better typeability, reproducibility and discriminatory
power, while phenotypic methods have lower cost and better ease of performance and
general availability. DNA sequencing methods still have the major drawback of the
difficult performance but this greatly improved in recent years.

The suitability of a typing method for a given study depends also on other criteria such
as the scale of the study and of the epidemiological markers to be studied. Studies
involving a large number of strains to be typed will need large financial resources if
genotypic typing methods are to be used. The epidemiological markers depend on the
type of study the microbial typing method will be used and is discussed in the next
section of this chapter.

Several molecular epidemiology studies of clinically relevant microorganisms provide a
characterization of isolates based on different typing methods (9, 12, 26, 33). These
studies focus on a comparison between the assigned types of different typing methods,
from a qualitative point of view, i.e., indicating correspondences between the types of
the different methods. Although this may be useful for the comparison of the genetic

backgrounds of the particular set of isolates under study, it does not allow for a broader
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view of how the results of the different typing methods are related. Chapter V presents

a framework to address the global comparison of typing methods results.

Table 1 — Characteristics of several currently used microbial typing methods (Adapted
from (27) and (45))

2 3 " <
z 8§ & s § _ 2
© = S £ © = - =
> B g 8 E3 B®E B E T8
- Q 5 Sz 2L ¥ 5 S 3 1%
P E - r aoc && § &6z G
Phenotypic
Antimicrobial susceptibility Good Good Poor Excellent Excellent  Excellent Low
Manual biotyping Good Poor Poor Excellent Excellent  Excellent Low
Automated biotyping Good Good Poor Good Good Variable  Medium
Serotyping Variable Good Variable Good Good Variable Medium
Phage Typing Variable Fair Variable Poor Poor Excelent  Medium
MLEE Excellent  Excellent Good Good Excellent  Variable High
Genotypic
Chromosomal REA Excellent  Variable Variable Good Fair Variable  Medium
Ribotyping Excellent  Excellent Good Good Good Variable High
PFGE Excellent Excellent Excellent Good Good Variable High
PCR Excellent Fair Excellent Good Fair Good Medium
AFLP Excellent Good Excellent Good Fair Low High
DNA Sequencing Optimal  Excellent  Excellent Poor Excellent Low High

®MLEE, multi locus enzyme electrophoresis; REA, restriction endonuclease analysis; PFGE, pulsed-field gel
electrophoresis; PCR, polymerase chain reaction; AFLP, amplification fragment length polymorphism; DNA sequencing
encompasses all the typing methods based on DNA sequencing such as MLST or emm typing (2)

1.4. Applications of microbial typing

The inference of clonal relationships between isolates through typing information is
used for the study of bacterial population dynamics, from single hosts to entire
ecosystems. These studies are divided in the following specific subjects. The frontiers
between these subjects are sometimes very subtle as most of the studies aim for a

combination of them to achieve their goals.
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1.4.1. Bacterial population genetics

Large samples of isolates can be analyzed by typing methods in order to determine
intraspecies population structure, and derive phylogenetic hypothesis from the
determined structure (14, 41) together with theoretical models of bacterial
evolution(17). Also studies of recombination and mutation rates for a species can be
performed based on the new sequence based methods, such as MLST (15). Typing
methods results can be calibrated with phylogenetic classification obtained from
phenotypic markers or nucleic acid hybridization analysis (20) for assessing the validity
of the phylogenetic information inferred. The results of these studies provide the

knowledge for the definition of clones.

1.4.2. Pathogenesis and natural history of infectio n

Clinical studies typically use typing methods results for the identification of sources of
transmission and patterns of colonization for carriage or invasive disease, (10, 11, 28,
35). These results have great impact in understanding the bacterial epidemiology and
are used to design prevention strategies such as vaccines and standard operation

protocols.

1.4.3. Surveillance of infectious diseases

Nowadays, the increasingly global nature of economic activity allows a speed of
transportation of persons and goods all over the planet that comes with a
correspondingly more awareness of the global nature of infectious diseases. The
surveillance of infectious diseases can only be achieved by a series of processes,
ranging from the initial data collection, its subsequent analysis and interpretation and
its dissemination, in order to follow disease frequencies, and identify risk factors in the
target population. Surveillance programs can be setup at various levels (regional,
national or multi-national). These programs usually target the surveillance of markers
associated with pathogenicity like the case of PulseNet, the molecular subtyping
network for foodborne bacterial diseases in the United States (43), or drug
resistance(3). This can lead to “early warning” systems for potential outbreak detection.
These surveillance projects highlighted the need for the standardization of the methods
of sample collection, sample processing, and typing methods protocols (1, 7, 31) as

well as data storage and analysis (38, 43) .
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1.4.4. Outbreak investigation and control

Outbreaks are the occurrence of a large increase in the frequency of colonization by a
given microorganism, over a short period of period of time, with or without increase in
morbidity. This is usually caused by an increased rate of transmission of a given
pathogen. Microbial typing systems are used in this setting to test a series of
hypothesis, ranging from the identification of the clones and the sources of
contamination causing the outbreak, to the evaluation of the control measures used to
contain the spread of the epidemic clone. In outbreak detection, there is a need of
microbial typing methods that provide rapid results, given the need for fast intervention
to stop the spread of the outbreak. Further confirmation can be obtained by typing
methods with greater discriminatory power if a refinement of results or additional

confirmation is needed.

1.5. Recent developments in typing methods

The advances in DNA sequencing technology, led to the availability of complete
genomes of several strains of microbial pathogens. Currently, at the National Center for
Biotechnology Information (NCBI) website, three hundred and thirty three complete
genomes are publicly available(32). With this information accessible, hew sequence
typing methods (or variations of current ones) that are specific for a single
microorganism, such as spa typing (18) and emm typing (2), can be developed and
tailored to the needs of specific study subjects. Also a new discipline, comparative
genomics, is arising, that involves the whole-genome sequence comparison. Although
the cost and time demands of sequencing whole genomes still makes this technique
unsuitable for epidemiological studies on clinical settings, as more genomes are made
available, it is becoming evident that some previous assumptions about phylogenetic
relationships between strains were not accurate (16). In those cases, the choice of
target sequences for sequence-typing methods were genes found to be recently
acquired, therefore the inferences made on those results may not reflect the
phylogenetic relationships of the strains under study.

Currently microarray technology (23, 24) is one of the tools of comparative genomics.
Microarray chips, composed of thousands of DNA fragments of known sequences
(probes), are hybridized against whole genomes, and the resulting hybridization
profiles are analyzed. Correlations between gene sequences and the epidemiological
data can provide new data and the patterns could even be used as epidemiological
markers to successfully predict disease outcomes, like it as been used to predict the

survival in breast cancer (46). One of the major drawbacks of this technique lies in the

10
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reproducibility of results. The simultaneous analysis of thousands of DNA probes is
subject to technical difficulty and results based on a single microarray are not usually
considered reliable. So the study design and data analysis strategies of these
techniques need to be carefully planned to avoid misleading conclusions.

Another important point is also raised when these new methods generate such an
enormous amount of data: How can this data be stored for further analysis? With the
availability of high speed internet connections, online databases are becoming widely
available for typing data in a multitude of studies (5). This allows the multi-centric

comparison of studies where data collection is standardized.

1.6. Thesis structure

As previously mentioned the technological advances in typing methods provided the
researchers with the increased capability to generate data. This necessitates extended
capacity to store and manage the data and new data analysis methodologies to deal
with it. The work presented on this thesis is based on those new concerns.

In chapter Il we present the WEBEURIS database originally developed as part of the
graduate research on epidemiological information systems described in this thesis. In
Chapter 1ll, we report the extensions implemented on WEBEURIS, to further
accommodate data from 6™ framework project PREVIS (Pneumococcal Resistance
Epidemicity and Virulence - An International Study), add some extended data query
capabilities and to exchange data with the commercial software package
Bionumerics(tm).

In terms of data analysis of large collections of isolates, with the goal of determining the
best PFGE gel analysis parameters for type assignment, we propose a methodology
based on receiver operating characteristic curves in Chapter IV, applied to a collection
of Streptococcus pneumoniae but extensible to any other bacteria. Finally in Chapter V,
we present a framework of methods for the quantitative comparison of different typing
methods type assignments and, as the first step, for mapping type assignments

equivalences between different typing methods.

11
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Abstract
Background: EURIS (European Resistance Intervention Study) was launched as a multinational
dy in mber of 2 identify the multitude of complex risk factors th: ntri h

high carriage rate of drug resistant Streptococcus pneumoniae strains in children attending Day Care
Centers in several European countries. Access to the very large number of data required the
development of a web-based infrastructure — EURISWEB — that includes a relational online
database, coupled with a query system for data retrieval, and allows integrative storage of
demographic, clinical and molecular biology data generated in EURIS.

agent running in the background speaf"cally developed for EURIS.

Results: The website currently contains data related to 13,500 nasopharyngeal samples and over
one million measures taken from 5,250 individual children, as well as over one thousand pre-made
and user-made queries aggregated into several reports, approximately. It is presently in use by
participating researchers from three countries (Iceland, Portugal and Sweden).

Conclusion: An operational model centered on a PHP engine builds the interface between the
user and the database automatically, allowing an easy maintenance of the system. The query system
is also sufficiently adaptable to allow the integration of several advanced data analysis procedures
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far more demanding than simple queries, eventually including artificial intelligence predictive

models.

Background
Social forces that produced Day Care Centers (DCCs) for

methods used were fully harmonized. The French initia-
tive, while addressing the same issues, was not directly

preschool age children in many developed countries have
— ironically - also created in these structures one of the

comparable, as it involved different age groups, different
mode of sampling, and schools rather than Day Care

major ecological reservoirs of drug resistant strains of
Streptococcus pneumoniae, which spread globally and began

Centers. Therefore the French data were deposited in a dif-
ferent database. Four additional collaborating units assist

to create serious complications in the chemotherapy of
diseases caused by this dangerous pathogen [1-3]. Day

as reference centers for the harmonization of methods in
clinical microbiology (Iceland: Landspitali University

Care Centers recruit in close physical proximity children
of an age group that is characterized by high rate of car-

Hospital); molecular epidemiology of antibiotic resistant
genes and clones (USA: Laboratory of Microbiology, The

riage of S. pneumoniae, an immature immune system and
frequent viral and bacterial respiratory tract infections

Rockefeller University; Germany: University of Kaiserslau-
tern); data management and mathematical modeling of

leading to extensive use of antimicrobial agents which
provide a powerful selective milieu for the emergence of

epidemiological aspects of EURIS (Portugal: Instituto de
Biologia Experimental e Tecnolégica).

resistant strains [4-7]. The best evidence that such strains
can cause both pediatric and adult disease came from

The risk factors, i.e. the nature and number of the factors

molecular epidemiological studies, which demonstrated
that resistant clones of S. pneumoniae most frequently

that influence the rate of carriage of drug resistant S. pneu-
moniae in preschool age children and their quantitative

1dentified in disease [8,9]| were also the ones frequently
carried in the nasopharynx of healthy children in DCCs

contribution to the degree ot colonization, are not well
understood. Furthermore, major risk factors for nasopha-

[TO=12T.

Tyngeal colonization may differ significantly from one set-
ting to another [14-16], which makes analysis of data

If DCCs are ecotogical Teservoirs of resistant . prieumnioniae
then reductlon in the rate of carrlage of such strams in

generated by a multinational study like EURTS, more com-
plex The evaluatlon and comparlson of such massive

colonization by resistant pneumococci - in carefully con-

trolled studies

hand it was also supposed to exhlblt the properties of a

The structure of EURIS is composed of four centers where

local database with full cppamhnn between the countries

involved. Finally, it was anticipated that, eventually,

strain collectlons and 1ntervent10ns are camed out: Portu-

eases Control, France - Institut National de la Sante et de
la Recherche Médicale. However EURISWEB represents

EURISWEB would be made available for wider usage for
research and public health management at a later stage,

ment. In the design of EURISWEB we took into account
the multiple goals of such a web-based infrastructure

data generated in only three of the four collection centers:
Portugal, Iceland and Sweden, the three countries in

which now includes a relational online database coupled
with data retrieval and analysis tools, where registered

which the timing, the age groups of the children and the

users can access data and tools by using a personal login
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Ultlmate y three of the four centers (Iceland Portugal and this manuscript.
Qnmr‘lpn), in which the nature of the ppdmtrlr pnpnlannn

and mode of sampling were most comparable, chose to  Methods

drug use and drug pI‘eSCl‘lpthD, mlcroblologlcal data on EURJSWEB database The relatlonshlp between t.he ﬁve
the antibiotypes and serotypes as well as molecular types  questionnaires is described and illustrated later in this

of the pneumococcal isolates and DNA fingerprints of  report (see Database structure and Database tables versus

resistant genes. online forms). Typically each site will update surveillance
information at least once per year. Questionnaires 1 and
Availability 2 are provided by the staff of each participating DCC.

A demo version of EURISWEB is available to the general

public [17], accessible with username euris and password e Questionnaire 1 contains information regarding physi-
welcome. For those who intend to receive the e-mails sent  cal features of the DCC (address, number of rooms and
by the query agent (see User-Friendly Query System),  windows, area inside and outside the facility, number of
please request a personal account to the authors. As any  children and staff, hygiene protocols and practice) - see
modifications applied to the current implementation of  Figure 1.

the infrastructure will automatically be reflected on the

demo version, new features may be already apparent
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¢ Questionnaires 2 provide the same type of information

the easy querying and retrieval of the data it contains.

for each room (also referred to as "unit") in the particular
DCC - see Figure 1.

Since some of the retrieval requests may generate large
amounts of data, or may require intensive computation,

® Questionnaires 3 are filled at least once every year by the

the requests are processed as background processes man-
aged by a software agent that send e-mails to the user with

parents of the children. They contain demographic infor-
mation on the household and environment where the

information on the execution state of each request and,
finally, a link to the completed report. User-friendliness

child lives, including number and age of siblings, shared
bedrooms, and specific conditions such as smoking in the

was the primary concern in building the interface availa-
ble to make these requests, with current version reflecting

house.

extensive user feedback.

e Questionnaires 4 are filled by the parents just prior to
each strain collection. They provide information on anti-

Software and Hardware
All the software used to implement this infrastructure is

biotic consumption prior to sampling (type of antibiotic,
taken when and for how long). Also provided are data on

Open Source and is provided under public license. The
scripts that generate the HTML (HyperText Markup Lan-

1lIness and hospitalizations ot the child.

antibiotype (susceptibility to oxac1llin, chloramphenlcol

zole-trimethoprim and levoﬂoxacin)' MIC values for

antibiotic resistant factors; and RFLP (Restriction Frag—
proteln) genes of selected pen1c1ll1n resistant isolates. All
nized methods.

Database conception

to the parents contain various quest1ons that reﬂect realr-

guage) interfaces were written in PHP (PHP: Hypertext
Preprocessor) [18] 4.x. The Database Management System

PIII (coppermme) @ 800 MHz with 512 MB SDRAM

2.2.x), SSL (Secure Socket Layer) [23] enabled Apache

negatlve 1mpact on its performance.

L emgth Pol hisms) for-pbp (peniciHin bindi

Results

The basic 1nternal structure of the database consists of 9

bles. wid £ 14 field ble_ Fi :

shows a simple model of this structure, where boxes rep-

by the srngle llne and the "many" s1de being represented
by the forked line. A one-to-many relation between two

ties specific to the country involved. Accordingly, some
questions only appear in the questionnaires of some

mation is collected differs between countries. Since dis-
carding data was to be avoided at all costs in order not to
confront local practices, the normalization process had to
be extended to database conception itself. Instead of

tables means that one record from one table can be asso-

one DCC can be associated to several rooms (units) in the
same DCC; one unit can be associated with several chil-

dren; and one child can be associated with several
siblings.

designing an optimal database structure for each country,
an iterative consulting process was followed for nearly a

The description illustrated in Figure 2 is country specific.

year to produce a normalized database structure that fits
the reality presented by all the countries involved. The

A separate set of tables was defined for each of the three
participant countries — Portugal, Iceland and Sweden, all

final structure of the EURISWEB database accommodates
both country specificity and common European health

inside the same database, but not formally connected to
each other. Although the questionnaires for the different

management practices.

countries have significant differences, as some countries
may lack many fields or even whole tables of this struc-

Data retrieval
Besides providing comprehensive data storage, the web-

ture, the critical feature is that all the common fields can
be found in exactly the same location in each country-spe-

based data management infrastructure must also allow

cific structure. Equally critical, the key fields are
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SIBLINGS D—— CHILD D—— UNIT
ON_ILLNESS QUESTIONNAIRE DCC
MICROBIOLOGY HOSPITAL ANTIBIOTICS
Flgure 2

resent the relatlons between them There isa s1m||ar set of

this structure, which is "one-to-many". The single line repre-
sents the "one" side and the split line represents the "many"

of all its mistakes and given a chance of resolving them on
the same page (example in Figure 3). Only after passing all
the checks is the data effectively inserted in the database,
and fitted into the respective internal data structure (see
Database structure). Searching and visualizing data can be
done on a record-by-record basis, using the same five
forms format, or by browsing as a table that shows several
records at the same time (example in Figure 4). Some sim-
ple statistics can also be requested online. For conven-
ience, most of the tables presented can be directly viewed
or saved in Excel format.

Data retrieval requests can also be made by filling a simple
g the amount of typing required is
kept to a minimum (see User-Friendly Query System).

e tesults can be viewed and downloaded in delimite
text format, also readily importable into Excel.

side. A one-to-many relation between two tables signifies
that one record from one table can be associated to several
records from the other table.

Database tables versus online forms
. . W .
and the set of online forms available to the user is not a

obllgatorlly shared by all countries, a feature that can only

fers between countrle see Data and data acquisition, and

the access restrictions are lowered the conservation of

nntn] ﬁ((;"}7 :\nr‘ structure Dnﬂh]DQ lanTQPFTInn ]’\Pf‘A’PPn

ore-to-ore association. Behindeach formthere canm be
more than one table, as shown in Figure 5. Although the

forms is meant to facrlltate the user's adaptauo the

ent table (table ANTIBIOTICS same ﬁgure)

country-specific structures to produce comprehensive
data sets jointly describing epidemiological data, which

Operational model

The operational model of the database interface is

are valid for all the participating countries. Furthermore,

that can be promptly ]omed after removing the country-
specific fields.

depicted in Figure 6, where the arrows represent flow of

ne u a
(PHP engine) Thrs program written in PHP reads files
that contain all the information regarding the forms lay-

Online interface

out (layout files), designs the forms and manages all the
interactions between the users and the database. Each lay-

The interface between the database and the users is made
of standard HTML pages (no external applications, "plug-

out file describes a form (for all countries) and consists of
a few lines written in a subset of the PHP language, which

ins", needed on the client side). Data entering is per-
formed through five online forms that mimic the original

indicate each field's properties, such as whether it is a
numeric or Boolean field, a date or time field, and what

paper questionnaires, to facilitate the insertion task (see
examples of two forms in Figure 1). All data entered in the

are the range and type of values allowed. This program
and the subset of PHP used to define the layout files are

forms is submitted to online validation procedures before
entering the database, thus avoiding some of the most

the core of the surveillance system reported here. Accord-
ingly, to alter an existing form, or generate a new one, all

common user errors that may cause integrity or consist-
ency violations in the database. Upon pressing the Insert

the database manager has to do is update or build a layout
file.

button for submitting data, the user is promptly informed
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| — I
‘ ‘User: sara Country: PT [Insert Data |SearchWiew/Delete Browse Records [hMain Page [Log Out

Child

Errors found! Please try again. You are in Insert mode.

Project year |2I302 vI

I

DCC and unit (92 - Sala Al 1
a- Sala Alice -

Record unavailable for this yearisemester! I =

i

Code of the child T c!lo

Date of birth oo lno -G Tt

Invalid date! et |1 el | Il W A et

|L Tnreturned ID form? | ™ (check fyes)

| ‘ AN s s

[

I

Gender

Only one aption allowed!

V male ¥ female

Weight

[ Re

Figure 3

Validation checks Example of data entry form for the child records with error warnings to the user. The user must correct

all the errors before being able to insert the record.

The layout files also include the description of the connec-

(Structured Query Language) code also stored in files

(structure files). Therefore, the database manager will (Figure 7). The chosen options are then transformed into

need to keep them consistent with any changes in the

structure files required by modifications in the online management agent, through the PHP engine, as shown in

interface. These two simple tasks ensure both the auto-
matic construction of personalized forms — together with

wide range of poss1b111t1es offered by SQL amenable to the

returned, and how the returned records are to be grouped
actual SQL formatted statements that are sent to the query

Figure 8. The arrows in the figure represent flow of infor-
mation between the various entities (see Figure 9 for the

online validation check procedures - and a smooth link-
age between them and the database internal structure.

whole operational model).

User-Friendly Query System

The query agent manages all the requests and runs them
exclusively in background, so that high usage rates and

Although SQL is the standard way to access data stored in
a database, using it requires some prior knowledge and

complex requests do not interfere with the normal usage
of the database interface. The agent interacts with the

experience from the user. The User-Friendly Query Sys-
tem, available to all the EURISWEB users, is an interface

database and informs the users, by e-mail, of when their
requests start being processed and when they finish,

that facilitates query construction in order to make the

including the information of whether the query was
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|
r,s; ‘User sara Country: PT [Insert Data |Search/View/Delete (Browse Records Iamn Page [Log Out
Browse Records
Help (new browser window)
|'T'g 1o manne I!\ﬂ;grgbm!nnw | Chanoe DB Tahle I|
Tahle name: | ogy e g I
| Shown records: ’ Ordering keys:
g ’ Previous 50 records | ‘
i e 0 r First: !sample_number 3
arrwal t|mestamp ‘ [110 | ¢o 113
nurse i : — : | Second: Iisolate_code ;'
‘|dry_mucus d| | Mext 50 records | ‘
| Submit |
| Action |sa.mple_number |iso]ate_code |msult l'llellzylpenici]li]l | Type
i Edit [ Delet
ow| Edit| [Delete | |, a +  [0.047 (8) _
I
View | Edit| Delete | | o frutse
. . 11D a A Ui (L) ’PJ‘.{.I:’N lowr lewvel
Vi :
|ew| Ecl|t| Delete | 106 v @ |oo1s(s) _
—
Wiew I Edit I Delete I T o] |,, S
| | 107 a + 0.0%94 T) ‘PRPN lowr level

Flgure 4

table. Selectlon fV|S|bIe fields and ordering by one or two felds is possible. Dlrect access to |nd|V|duaI records is prowded by

the \I.mu Edit._and Delete buttons
e < 120

an
ah

Qe ttONS:

successfully answered (the interface gives users enough
freedom to request impossible things) or not, in which

will yield all the results from the several queries of that
report. Furthermore, users can save restrictions used often,

case the results presented are an empty text page. Due to
security reasons, the results of queries are never sent by e-

and apply them to other queries. To minimize the time
and effort required of the users, we have provided several

mail - they can only be downloaded from the server via
an SSL connection.

pre-made queries, already aggregated into several logical
reports. This feature may prove particularly useful if stand-

Users can rerun, edit, or delete saved queries. They can

ard reporting formats become a regulatory requirement.

also group queries into reports, so that a single request
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[T RNV aY ~ ~
/ QIDLINZT O / wnilw

——
}
't

\ ON_ILLNESS QUESTIONNAIRE

T
v

A

MICROBIOLOGY HOSPITAL ANTIBIOTICS ':, =

“ N “ = - =

r

Figure 5

Figure 5

Tables versus forms Relationship between database tables and online forms. The optimal data organization in a relational
database may not be agreeable to the user. There may be several database tables behind each online form.

Usage is never aware that its access is restricted to only a subset

since its blrth February 2001 it now has 24 reglstered performed in the common data, as 1f we were dealmg with

__ users and contains a total of 213 DCC records, 720 unit ___asinglecountry.

records, 10991 children records, 13207 questionnaire

records, and 13504 microbiology records, totaling more The user registration process also includes a level access
than 25 megabytes of data. The User-Friendly Query Sys-  number that defines restrictions for each type of user.
tem, available since April 2002, now contains 400 pre- Although the system was built anticipating this need,

made and 786 user-made queries, aggregated into several ~ other precautions proved sufficient to monitor and to

reports. recover from possible destructive actions. All user inputs

are scanned for invalid characters to prevent SQL code
Discussion and Conclusions injection, and a record of all actions performed in the
Privacy and security precautions database is kept, including who did what, and when. Any

In EURISWEB, each user registry includes not only its  accidentally deleted record can be promptly restored by
login name and password, but also its country the database manager; all the updates a record has under-
identification, which completely blocks access to data  gonesince its insertion can be tracked; and many database
belonging to other countries. In fact, by using different  usage statistics can be easily performed.

table sets for each country, the central database can

behave like several different local databases, and the user
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Database

manager

P e

>+C

Structure | Layout
files files
(sQvL) (PHP)

Figure 6

Database
interface

————

LUUEL
=

Users

Operational model — database Operational model of the EURISWEB database. The arrows represent flow of information

between the various entities. [ he database manager builds the layout files, used by the PHFP engine to build the online forms,

and the structure files, used to

define the structure of tables and fields in the database. Layout and structure must be in accord-

Intrusion by unauthorized parties (hackers) is repelled by
the need to log on with login name and password, and

ware (Apache, PHP, kernel, etc.) is promptly updated if
any security breach is detected in the current versions.

subsequent identification of the user with cookies pro-
tected by SSL, without which no page is ever shown and

In all cases, names of children and DCCs are not kept in

no query is run. A brute force attack is also limited by a
delay introduced in the password checking cycle, and

the database, instead being replaced by codes and acro-
nyms manually assigned prior to insertion.

resources consumption at the server. Additionally, page
accesses are monitored on a daily basis. Repeated login

Scalability

attempts would therefore be promptly detected before a
sufficiently high number of probes take place. Further-

The operational model described in the Results section is
the basis for easy improvements and extensions to the

more, a firewall protects the server from being accessed on
other ports apart from the HTTPS port, and the server soft-

whole infrastructure of EURISWEB. As a consequence of
the design described in that section, database manage-

ment can be fully dealt with by manipulation of the

Page 9 of 13

(page number not for citation purposes)

25




Chapter Il - EURISWEB database

Quenies List Reports Lis

This page allows you to ask questions to the datahase in a more nserfriendly environment than Structured Query Language.

Your request is lated into SQL, submitted to the datal and you are given the reply. Even though it is easy, one
should read the Instrurtions Pags hefors starting.

Sefd!x = The cowtents of the fields selected hove will be listed on the query resulf. The Distinct option is used fo avoid repeated records in the result.

Specify multiple selection box:
{none) j Distinet: [No =]
Child-yrar

Child-dce_code

Child-unit_namu

Child-child_code
Child-birthdate_timestamp
Child-gender_male
Child-date_entrance_timestamp
Child-daily_hours_dcc
Chilt-weight

Child-unretuned

Child-smuokers
Child-total_cigarettes
Child-oecupation_father

Child-occupation_mother =
Aggregate - Functians that calculate single statistics on datahase fields. The Distinct aption aveids vepeated records in the calculations.

Tunction #1: [Covnt =l Field #1: [inone) ~l [

i = jincns) = =
Function #2: | Count >| Field #2: [(none) = Distinet: [No =
Function #3: [Count =] Field #3: [(none) =] Distinet: [No =]

Grouping - Grouwp your results by ne or more database fiekds.

Grouping field #1: [(none)

Grouping field #2: [(none)

Grouping field #3: [(none)

Grouping field #4: |(nurm}

{0 I L O B

Grouping field #5: | (none)
Conditions - Specify restrictions on the records the query showld return.

Condition field #1: |(none) =l Opcmor#l:l 'l Value #1:
Condition field #2: [frone) =1 Operator#2: [ = Value #2: [

Condition field #3: [(none) =] Operator#3: [ =] Vale#y: [
Condition field #4: [(none) =] Operator#d: [ =] Valess: [
Condition field #5: [{nons) =] Operator#5:[ = Valess: [
Condition field #6: |(none) =| Operatar #6: m Value #6: r——
Condition field #7: [(none) =] Operator #7: m Value #7: [—

Special Conditi Sets of Conditions p uilt in Create Commen Condition Fields.

Iapncxa( gara-micro-year = 2001 AND child gender_male =t =]
|4rbb

empty special field- =

Naming - Give a name and description ta your query.
Please wnte a name for your query
If you wish, you can write down a description of thas query ‘

Query_Save I Query_Save_and_Run ]

Figure 7

e ery ySte errace errace-wnere c €S, Wi are e a ate
Saved queries can be rerun, edited, deleted, or grouped into reports. Commonly used sets of restrictions can also be saved
and later applied to new queries
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A \ / Users
| /
\ ¢ \ infgr%%e /

(Shell, Pey
(HTMD)
Figure 8

Operational model - query system Operational model of the EURISWEB query system. The arrows represent flow of

information between the various entities. The user makes a request through the interface, which is translated into SQL by the
PHP englne and sent to the quew management agent The query agent interacts with the database in background and informs

layout and structure ﬁles The core element of this opera- requested to the database manager are srmple and pose no

part1cularly since avallablhty of hrgh performance hard- geographrc dlstrlbutlon of the EURISWEB users,

ware and Internet access have ceased to be an issu

ties accommodated while retarnmg previous accessibility 1nclud1ng the query system, could be configured to greatly
and privacy. The demo version of the database shell and  remove the need for low level data management.

query system, made publicly available (see Availability for

URL and login directions), was built by configuring a fic-  Future directions

titious new country structure, which was achieved by per-  The extension of data management to include data analy-
forming minor modifications in the layout files. sis is particularly suited for web-based implementations —

such as EURISWEB - since all computation takes place on
This comes to illustrate that a possible useful extension to  the server side. This approach enables a bioinformatics
this system would be to allow selected users to manage  approach to establish itself alongside data storage. As a
their own tables and forms by providing a web-based  consequence, advanced data mining tools such as multi-
interface to the layout and structure files. These users with  variate statistical analysis or the identification of artificial
management access permissions would not need to know intelligence predictive models using neural networks [25]
the PHP or SQL languages, but simply interact with online  and rule extraction by genetic algorithms can be made
forms with the same level of complexity as the regular  available alongside the data itself. This is mutually
database query forms. In our experience, most of the tasks ~ beneficial for usage and development and, on the other
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Database
manager
)
.
/\
/ %
¥ |
Structure | Layout
files files
(sQvL) (PHP)
\ Database
PostgreSQL interface
m / PH . \ 7 - _l_‘ %

DB C Bl o
' N ==t A

A \ [HT'MUV / Users
| /
N N\,

7

o

@
-

(HTML)

Figure 9
Operational model - the whole picture and hypothetical scenario Operational model of the whole EURISWEB infra-

structure, by joining Figures 6 and 8, plus the hypothetical scenario where the database manager could be replaced by an
extension to the PHP engine that would allow privileged users to manage both the layout and structure files through web

pasc:.
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Chapter Il

3. New developments on EURISWEB

3.1. Summary

The aim of this chapter is to present the new functionalities implemented in
EURISWEB, in order to receive data from participants of Vith Framework PREVIS
project (Pneumococcal Resistance Epidemicity and Virulence - An International Study),
which goal is the study of the molecular mechanisms of resistance, virulence and
epidemicity in Streptococcus pneumoniae. The new developments presented in this
chapter are the first step for implementing data analysis algorithms that will allow
automated data mining and reporting. Our ultimate goal is to provide the complete
infrastructure as an Open Source Epidemiological Information System, which can be

easily adapted for different epidemiological studies.

3.2. Introduction

The EURISWEB database (5) is an web-based information system that allow data
storage and advanced querying capabilities, such as automatic statistics and report
building. Its modular structure was built bearing in mind the necessity to quickly adapt it
to new data types that inherently became available as a study progresses and new
methodologies and techniques are applied. It was built to allow multi-national data
storage and analysis for EURIS project, preserving data security and privacy for the
different partners.

PREVIS project (8), also focusing on the study of Streptococcus pneumoniae, provided
new challenges for EURISWERB, since although the data collection and microbiological
testing were similar in many aspects, new questionnaires needed to be implemented
and data integration with the previously collected data in EURIS was considered
fundamental for the study. EURISWEB had to evolve to a multi-project database while
retaining all the data querying and facilities.

The requirements of stability, scalability, security, user-friendly access, low cost
portability, and transparent implementation for subsequent independent development,
which EURISWEB had, also had to be maintained for this new version.

Presently, the online database is being used by the Laboratory of Molecular Genetics

of Instituto de Tecnologia Quimica and Bioldgica (ITQB), for the study of the
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transmission of antibiotic resistant and susceptible pneumococcal clones among
nasopharyngeal carriers(3).

After the data analysis algorithms are implemented and tested using the Streptococcus
pneumoniae data collected from EURIS and PREVIS projects, we aim to provide the
database and data analysis infrastructure as a Open Source Epidemiological
Information System (EIS), capable of being adapted by third-parties for different
epidemiological studies carried on various infectious agents. Becoming an Open
Source project can attract different contributors willing to improve different aspects of

the EIS and/or developing new algorithms for data analysis.

3.3. Materials and Methods

3.3.1. Hardware and Software

PREVIS Database setup installed on a a Dual CPU P4 Xeon @ 3.2 Ghz (512 kb of
cache), with 4 Gb of SDRAM.

In the migration process, Operative System and software environment majority were
also upgraded from the old EURIS infrastructure: Linux server based on Slackware 10,
kernel version 2.4.28; Apache Web-Server (version 1.3.33 stable) and PHP 5.1.1
installed as scripting language to generate de HTML code, allowing for improved
security as well as the capability for using new features, like simple XML import/export,
statistical analysis, or image processing.

These improvements and the way that some new version of PHP functions work,
required us to fine tune and sometimes completely remake about 50% of the existing
code.

SSL (Secure Socket Layer) 1.55 is also installed, to encrypt and secure web based
communications.

The Database Management System infrastructure is now based on PostgreSQL 8.0.3.,
allowing us to take advantage of some performance tuning, and increased array of
features. Shell Scripts that handle the Data Retrieval for the Query System are
essentially the same.

The XML data exchange was tested with Bionumerics version 4.5 from Applied Maths,
Gent, Belgium, using the Bionumerics scripting language scripts available online from

Applied Maths website.
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3.4. Results

3.4.1. Database and Interface design

The new data available from PREVIS questionnaires did not require the expansion of
the main data model of EURISWEB. The new fields were added to the existing tables
on the database.

A new Layout file was created for inserting data on and displaying PREVIS
guestionnaires. This layout file included the new fields for the PREVIS data not present
in EURIS forms. The decision on which layout is used is made on which sampling
period is being used to insert data.

Interface design was improved by the use of Cascading Style Sheets (CSS 1.0), to
facilitate future design changes required by different projects. Applying different
webpage designs to different projects allows quick and accurate identification on which

project the data is being inserted.

3.4.2. New Querying capabilities: Crosstab Queries

Since the new data types were inserted in the already built data model of EURISWEB,
the use of the User Friendly Query System (UFQS) was maintained and allowed
simultaneous querying capability for both EURIS and PREVIS data.

Furthermore, we have implemented in PHP a system of performing queries that
emulates the OLAP (OnLine Analytical Processing) (term coined in white paper by
Codd et al(1)) capabilities of a series of commercial relational database management
systems such as MS SQL Server, Oracle or SAP. The relational structure of a
database can impose a difficulty for building multidimensional reports, e.g., displaying
the serotype distribution over the years, in a table. The Crosstab Query System (CQS)
was created to allow the user the creation of such reports. It translates the query built
with the interface displayed on Figure 1, to SQL commands that are sent to the
database through some shellscripts as previously reported for EURISWEB and
produces reports like the ones in Figure 2. Similarly to the UFQS Queries, users can
save their queries for posterior use. This results format greatly speeds data analysis,

avoiding the time-consuming process of rearranging the data.
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|m|User: pedroe Country: PT||Instructions Page || Create New Ouery |New Crosstab Ouerv!Create Condition F|e\ds|0uer\es Llstl Reports LlstIMam PagelLug Outl

Create New Crosstab Query

Specify Pivot Column(s)

Pivot Column N© 1:‘ Questinteger_age Ml
Pivot Column No 2: ‘ (none) Ml
Pivot Column No 3: ‘ (none) [l“

Specify Condition Fields (optional)

Condition field N© 1: | {none) [ﬂ| Operator N© 1: Value N° 1: I:l
Condition field No 2: | {none) [v] operator Ne 2:[  [v]valuemne2:. ]
Condition field Ne 3: | (none) [v|operatornoz: [ [v]valuenos:| |
Condition field N° 4: | (nong) [v] operator Ne 4: valuenea: |
Condition field No 5: | (nons) [v| operator no 5z | [v]valenes: |

Pivot Column

Header Field Select: Naming - Give a name and description to your query.

Quest-vaccine

Please write a name for your query

HesdorColmn ]

If you wish, you can write down a description of this query

Select Checkboxes: ‘

0 Query_Save | Query_Save_and_Run |
1
2
3
4

Header Values Selection | Table Preview

Figure 1 — Crosstab Query System Interface. Hereis  exemplified the design of a query
that gives a report of the number of vaccinated chi Idren per age group.
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=

User: pedroe Country: PTHInstrumﬂns Paqe”[reate New Ouerv”New Crosstab Querv”create Condition Fields || Queries LlstHReuor‘ts L\st”Mam Paue”Loq OutH

Crosstab Query Result Table

Exportto XML | _Export to Excel |

Record N? serotype result countl_2001 count2_2002 count3_2006 total
1

1 104 (+) 3

2 11A (+) 2

3 14 +) 12

4 15A +) 1

5 158 +) 0

& 16F (+) 0

7 184 +) 0

E 18C +) 1

9 194 +) 4

10 19F +) 9

11 20 +) 0

12 21 +) 0

13 22F +) 0

]

o]

]

]

]

o]
0 o

14 238 (+) 1
Figure 2 — Crosstab Query results together with rel  ative frequency statistics. The results
can also be exported in XML format and CSV (comma s  eparated values), which can be
easily read by a majority of available software suc  h as MS Excel ™ and Bionumerics™. In
this example we present the Serotype distribution o ver the years of study

3.4.3. Data exchange

Although data analysis algorithms are being implemented in EURISWEB, they wouldn’t
be able to cover all the range of possible data analysis, so the capability of exporting
data in a universal format that could be read for the majority of software was
implemented. The query system was adapted to export the query results in CSV
(comma separated values) and XML (eXtensible Markup Language), that can be
imported and manipulated by the majority of the software available.

Also data importing capabilities were implemented in this new version of EURISWEB.
Bionumerics (BN) from Applied Maths is the image analysis software of choice of
many studies ((2, 4, 6, 7). BN database fields and experiments such as Pulsed-Field
Gel Electrophoresis (PFGE) lane images and band allocation can be exported in XML
format using the BN scripts. By adding an extra table and using the XML manipulation
of PHP, the EURISWEB database is able to accommodate the BN data submitted by a
user and link it to the original microbiology sample allowing the visualization of the gel
lane and band pattern identified in BN (Figure 3). This new data could be exported
back to BN XML format allowing using EURISWEB as a backup for BN data.
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User: Pedro Eleuterio Country: PT

Main Page”mg OutH

Gel Images

PFGE-pneumo-NT0003@007 ‘ ‘ PFGE-pneumo-NTO003@011 ‘ ‘ PFGE-pneumo-NT0003@014 ‘ ‘ PFGE-pneumo-NTO003@015

Figure 3 — Pulsed-field gel electrophoresis lanes f  or diferent isolates of Streptococcus
pneumoniae, imported from BN XML format to EURISWEB

3.5. Conclusion and future work

EURISWEB design flexibility proved being able to cope with the changes needed to
accommodate new data types and new features for data analysis. With the
implementation of the Crosstab Query System, the first step was taken for
implementing simple measure of association statistics such as Chi-square tests,
directly on the database interface: the user could execute a query and automatically a
p-value for a chi-square test of independence between the fields chosen to do the
crosstab query could be displayed. Also automatic search for correlations between
database fields is to be implemented and corresponding reports generated and
automatically sent to user.

This ability to integrate data and data analysis is fundamental in the present studies as
the technological advances allow researchers to generate much larger quantities of
data than ever before. The capacity to quickly provide insights on the data as soon as it
is collected and catalogued on the database can free the researcher to pursuit more
complex hypothesis or to redesign experiments as they are made.

After these new features are implemented, the whole infrastructure will be made
available as an Open Source project, available to anyone who which to adapt it or

further develop it for their one studies.
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epldemlologlcal studres of several bacterlal specnes of medlcal lmportance The usual procedure for the
comparison of strains and assignment of strain type and subtype relies on visual assessment of band difference
number, followed by an incremental assignment to the group hosting the most similar type previously seen.
Band- based s1mllar|ty coelﬁclents, such as the Dice or the Jaccard coelﬁclent are then used for dendrogram

the deﬁmtlon of a threshold lmkage value, below whlch strams are assngned to the same group Thls is typlcally
performed empirically by inspecting the hierarchical cluster analysis dendrogram containing the strains of
interest. This approach has the problem that the threshold value selected is dependent on the linkage method
used for dendrogram constructlon. Furthermore, the use of a lmkage method skews the orlgmal s1mllarlty

coelﬁcnents by comparmg lt w1th the band dlﬂ'erence number for PFGE type and subtype classnﬁcatlon usmg
receiver operating characteristic curves. The procedure described was applied to a collection of PFGE results

for 1,798 isolates of Strepiococcus pneumoniae, which documented 96 types and 396 subtypes. The band-based
similarity coelﬁcrents were found to perform equally well for type classnﬁcatlon, but w1th dlfferent proportlons
of false-positi als 3 3 2

subtype classnﬁcatlon.

Several national and international surveillance studies have the number of band differences between two lanes proposed by
been collecting data on the antimicrobial resistance of several Tenover et al. (23): if two strains differ by up to six bands,
bacterial species, namely, Staphylococcus aureus and Strepto- counted in both lanes, they are considered the same type.

coccus pneumoniae (3, 4, 13, 14, 17, 21, 25). In the majority of However, these authors pointed out that this method of clas-
these studies, pulsed-field gel electrophoresis (PFGE) (20) has sification should be used in outbreak studies only and should
been the typlng method Of chonce for clonal type and subtype be backed up with other relevant typing data, such as antibiotic
C S resistance.
excellent resource for the identification of the emergence and Nevertheless in the ma]orlty of longltudmal studies, the use

importance for the tracking Of outbreaks as well as obtammg ularly when a small number of strains with dlstmct patterns are
an understanding of the propagation of particular traits, such being compared (5. 15, 19). This is usually confirmed by visu-

as resistance to antibiotics. PFGE is also widely used for ex- 4jly inspecting the cluster tree to find the cutoff linkage value
changing clonal identification data between different laborato- that agglomerates the band patterns, in accordance with the
Tics, because it fras a high interfaboratory Teproducibitity (6, criteria of Tenover et al. (23).

17) Its hlgh dlscrlmmatory power (24) and relatlve cost- eﬁ”ec-

However as the number of strams to be clustered increases,

comparison w1th complementary typmg methods such as mul-
tilocus sequence typing (12).

An enormous variety of band patterns have been found for
each bacterial species, with the type and the subtype classifi-
cation being achieved by the widely used criteria of counting

sense that they reﬂect the process of strain 1dent|ﬁcat10n grad-
ually filling a domain of possible band patterns. The loss of a
clear distinction between groups produced by hierarchical clus-
tering algorithms (22) will also cause the membership in exist-

—_—. . . . ing clusters (types) to be rearranged at the previously used
* Corresponding author. Mailing address: Biomathematics Group,

Universidade Nova de Lisboa, Rua da Quinta Grande 6, 2780-156 cutoff value when a new strain is added [O, the Collectlon
Oeiras, Portugal. Phone: 351 21 446 98 55. Fax: 351 21 442 87 66. Apo
E-mail: jcarrico@itgb.unl.pt. to use a large collection of classified patterns and determine
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what similarity value produces the best classification results

New strains would be classified by calculating the band simi-
larity to all the entries in the existing catalog and using the

TABLE 1. Band-based similarity coefficients between any two gel

band patterns, i and j

highest similarity value determined to recognize membership
in the same type. Such a solution would also require the de-

duces the reference classification. Accordingly, in this paper we

e/ S frotenit ]

evaluate the rnmmnnly used band-based cimilzrity coeffi-
cients—the Dice, Jaccard, Jeffrey’s X, Ochiai, Cosine, and
Pearson’s correlation coefficients—for use for the automatic

classification of both type and subtype. The comparison is
performed with reference to a collection of 1,798 isolates of

Coefficient Formula“
Dice S = 2
Y 2n;; + n; + n;
n.:
Jaccard S = i
T nitn+n
n.: n.:
Jeffrey’s X S, = ﬁ + 4
i J
QOchiai S, = i

\./(":j + n)(n;; + my)

Streptococcus prieumoniae visually classified, using the criteria
of Tenover et al. (23), into 96 types and 396 subtypes. The

assessment-of geedness of classification-of the-different-simi patterns, and 1V; is the total number of bands in pattern .

larity coefficients is performed by using receiver operating
characteristic (ROC) curves (8) to determine the ability of the

“ Similarity (S,/) is calculated as described, where n, is the number of bands
occurring only in pattern in; is the number of bands shared between the two

different similarity measures to discriminate the visually rec-
ognized groups. The method described in this paper highlights

variations from gel to gel, which cause errors in the automatic band assignment.
Bands ranging from 14 kbp to 400 kbp were considered in this study.

the critical value of large visually classified strain collections as
the foundation for the computerized automation of their clas-

the mlcrobial population.

The software was then used to calculate the alternative band pattern similarity
coefficients. For the 1, 798 lsolates used in this study, a comparison was created

ferent band based srmilarity coefficients (the Dice Jaccard Jeﬂreys X and
Ochiai coelﬁcrents) and two curve-based correlation coeﬁicrents (the Pearson
based coelﬁcients, the optimization parameter was evaluated with a range of
band position tolerances of from 0% to 8%.

MATERIALS AND METHODS

Streptococcus pneumomae strains collected from children attendmg day care
centers in Lisbon, Portugal, between 2000 and 2004 (9, 21). Chromosomal DNA

larity coefficients were considered in this study for quantification of the similar-
ities between PFGE band patterns: the Dice (7, 22), Jaccard (22), Jeffrey’s X
(18a), and Ochiai (18) coefficients (Table 1). All these coefficients exclude neg-
ative band matches, which is a necessary compromise, since all possible band
positions are unknown.

preparation, restriction with Smal endonuclease, and PFGE were done as de-
scribed previously (19).
Visual similarity group (VSG) assignments. PFGE patterns were assigned to

Also, the Pearson and Cosine correlation coefficients were considered for
reference. Generally, these two methods yield lower similarity values than band-
based methaods, since they take into account all the densitometric curve values.

types and subtypes by visual inspection of the macrorestriction profiles by using
currently accepted criteria (23). Two strains are considered of the same subtype
if they have an exact match of band patterns and are considered of the same type

which causes them to be more sensitive to small variations. This makes them the

methods of choice for the comparison of strain similarity by typing methods in
which-th f bands are to-b 1d. d h AF'IDIlf ’)f\ but

if they have up to six band differences on both lanes. In the rare case that a strain
could have less than six differences from two types, the type assignment was done

which-the-intensities-of bands-are-to-bi drsuch-asAF b
they can produce erroneous conclusions when only the presence or the absence
of a band is important and the band intensity varies among the strains being

by comparison of the strain to all the strains of the two types, and the strain was
then assigned to the type with a fewer overall number of band differences. In
these cases the type assignment was also supported by other epidemiological

LUlllpdlCLl.
ROC curves. ROC curves were used to assess the classification by use of the
different similarity coefficients. This method, created in signal detection theory,

information; such-as-antibiotic resistance patterns-and; more recently, multitocus
sequence typing information.
The type and subtype names were assigned one or more capital letters. The

is frequently used in classification problems and is widely applied in medical
diagnosis and psychometric analysis (8). This method is commonly employed for
the binary classification of continuous data, usually categorized as positive and

first pattern identified for a subtype in a type was assigned only a capital fetter

(e.g., A), and the remaining subtypes were named with capital letters and num-
bers (e.g., A2 and A3).

negative cases. In our study, the correct classification was considered the VSG
assignment; for each coefficient, the VSG assignment thus classified each case at
each threshold as true positive (TP), true negative (TN), false positive (FP), or

Gel analysis. A database of the PFGE patterns was created with Bionumerics
software (version 3.0, Applied Maths, Ghent, Belgium). The gel photos were
scanned and imported into a Bionumerics database as inverted 8-bit gray-scale

false negative (FN). The classification accuracy of each coefficient was then

measured by plotting for the different threshold values the ratio of the number
of true-nositive classifications over the total number of positive classifications.

TIF images. For each image, spectral analysis included in the software was used
to determme the disk size that should be used in roIllng disk” background

d
(Wiener cutoff scale). Furthermore, a medlan filter was used in the image to
further smooth the densitometric curves.

After this imae ine_intersel and i I normalizations—of th

1
also named the sensitivity or the true-positive rate, versus the false-positive rate,
orl— spec1ﬁc|ty (Table 2), which is the ROC curve.

the goodness of classification of the classrﬁer belng tested, since it is a threshold-
independent performance measure. For a perfect classifier the AUC is 1, and for

After thisimage preps intergel intragel nor £th
PFGE runs were done with the S. pneumoniae R6 strain as a molecular marker.
All the gels had three markers: one in the second lane, one lane in the middle,

a random classifier the AUC is 0.5. Additional results and a comprehensive
discussion of the AUC measure are provided elsewhere (1, 2).

and i the tane before the tast- Fifteem bands from 16,326 bp to 346,914 bp were
used. The existence of these bands was verified, and their sizes were calculated
by virtual digestion of the gel by using a perl script to recognize the restriction

RESULTS

sequence of Smal (CCC/NGGQG) in the GenBank file of the complete sequence
(10). A cubic spline curve was used for the normalization and calibration of each
gel. Strain R6 was obtained from the Rockefeller University culture collection.

The PFGE patterns of 1,798 distinct strains of S. pneu-
moniae were visually classified into 96 types and 396 subtypes,

On all gel images, band assignment was manually curated after automatic band
detection. This step is of paramount importance, since there are band intensity

with the assistance of Bionumerics software, at the Laboratory
of Molecular Genetics of Instituto de Tecnologia Quimica e
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Vor. 43,

N3
(=
>
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TABLE 2. ROC curve parameters

Parameter

Formula“
P
TP + FN
TN
TN + FP
FP
TN + FP

Sensitivity, or true-positive rate

Specificity

1 — specificity, or false-positive rate

“ TP, number of samples with a true-positive classification; TN, number of
samples with a true-negative classification; FP, number of samples with a false-
positive classification; FN, number of samples with a false-negative classification.

Bioldgica. This manually curated repository was analyzed for
objective assessment of alternative measures of similarity for
automation of PFGE-based classification of new isolates. Fig-
ure 1 displays the visual classification of strains into types and
subtypes along with the normalized patterns. The strains are
sorted alphabetically according to the naming protocol de-
tailed in the Materials and Methods section. The 10 most
represented types are delimited by vertical lines.

The VSG classification of the PFGE band patterns into
types and subtypes was used as a reference to assess the good-
ness of classification of the similarity coefficients typically con-
sidered in comparisons of PFGE band patterns: the Dice,
Jaccard, Jeffrey’s X, Ochiai, Pearson, and Cosine coefficients
(Table 1). This assessment was first performed by using ROC
curves, which measure the classification by plotting, for differ-
ent similarity coefficient threshold values, the ratio of TP
matches over the total number of positive samples versus the
ratio of FP matches over the total number of negative samples.
The AUC was then used as the threshold independent mea-
sure of goodness of the classification (see Materials and Meth-
ods). Second, for each band-based similarity coefficient, differ-
ent band position tolerance settings were compared to
determme the optlmal parameter settlngs ie., band position

rameter for accurate band matchlng between two dlfferent
lanes.

TYPE AND SUBTYPE CLASSIFICATION OF MICRORIAL IS

L
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FIG 1. Representatlon of VSG classnﬁcatlon and band pattems for
08

group classification matnx) the black areas represent PFGE subtypes

and the gray areas represent PFGE types. The most represented
aroups(PEGE types) are (point 1) A (67 isolates), (point 2) AO (65

For example, in Fig. 2, ROC curves are plotted for the
comparison of the visual type assignments of the band and
ice coefficient values for different band position folerance
settings. This illustrates how best the tolerance value for the

provides the corresponding AUC values. The Pearson corre-
lation coefficient AUC value is also included to illustrate the

ar E types)-ar
1so|ates) (point 3) B (292 |solates) (pomt 4) DDD (5] 1solales) (pomt
5) E (187 isolates), (point 6) FF (238 isolates), (point 7) M (131

(point 10) SI (47 isolates). The lower part of the figure includes the
corresponding PFGE band patterns. The lines were drawn to help the
reader isolate the patterns visually.

relative inefficient classification of correlation similarity coef-
ficients (AUC of 0.901 versus an AUC up to 0.984 for the Dice

As shown in Fig. 2 (and also in Fig. 3B), for type classifica-

coefficient). Even worse performance was found for the Cosine
correlation coefficient, with an AUC value of 0.882 (not plot-

tion the optimal band position tolerance was found to be 1.7%
for all band-based similarity coefficients, with an AUC of 0.984.

ted):
The goodness of classnﬁcatlon as assessed by the AUC for

represented in Fig. 3 All the band based s1mllar1ty coefficients
(the Dice, Jaccard, Jeffrey’s X, and Ochiai coefficients) behave

For buULpr leSSlliCatl()ll ‘I lg SA' ﬂle ()ptllllal Settlllgs WCIT

found for higher band posmon tolerance values 2 5%, Wthh

for all band-based s1mllar1ty coefficients Again, correlation co-
efficients yielded a lower AUC of 0.906 for the Pearson corre-

remarkably similarly in the classification of types and subtypes.
As was to be expected, when properly selected band position
tolerance values are used, band-based similarity coefficients
have higher AUC values than correlation coefficients.

lation coefficient and 0.898 for the Cosine coefficient.
Although the different band-based similarity coefficients are

surprisingly equivatent regarding the goodness of classification,

the proportions of true-positive and false-positive subtype clas-
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for the same band position tolerance implies that there are
equivalent, but not necessarily similar, threshold values between
each of the band pattern similarity measures. This equivalence
is confirmed in Fig. 4, where, for optimal band tolerance (1.7%
for type; 2.5% for subtype), the ROC curves and correspond-
ing threshold values are displayed. Figure 4, as discussed in the
next section, can be used to determine the appropriate thresh-
old values for the desired proportion of false-positive and
false-negative classifications in the total classification error.
Figure 4 can be analyzed to produce optimal threshold values
for arbitrary cost-benefit ratios. For example, if FP and FN
classifications are equally undesirable, the four band-based
similarity coefficient should be used with the band identity
tolerance values indicated in Table 3.

DISCUSSION

The classification of Streptococcus pneumoniae isolates by
PFGE has followed the typical method of visual recognition of
similar patterns by the absolute number of band differences
within exrstmg isolates. New isolates are classified by i incremen-

FIG. 2. ROC curves for several band position tolerances of the
Dice coefficient in type claSSIﬁcatlon The maxrmum AUC value, 0. 984

ﬁcatlon (stralght dngonal AUC 0 5) and the underperformmg Pear-
son’s correlation coefficient (AUC, 0.901) are plotted for reference.

Lally as!

classrﬁed isolates already descrlbed in databases. This solutlon

prescrlbed by the w1dely used criteria of Tenover et al. (23)
detailed in the introduction. However, when enough isolates

of false posmve or false- negatlve classifications on the total

assif 0 band iesimil i al otermine. |

For each band position tolerance, the point where the sim-
ilarity coefficient threshold had a minimum absolute classifica-

have been processed in this fashion, the collection of results
can be analyzed to identify an equivalent computational pro-

classrﬁcatlon it is necessary o assess alternatlve metrics to

most discriminant settings: the band identity tolerance and the
similarity threshold value for positive classification in the same

tion error (a minimum of false-positive plus false-negative
classifications) was plotted. For example, by using the Dice
coefficient for type classification, the similarity threshold value
with minimal classiﬁcation error was found to be 81% for a

For subtype classrﬁcatlon ata?2. 5% band position tolerance,
the Dice and Jaccard coefficient (Fig. 3C) classifications re-

group as another band pattern. This work was made possible
by the extensive collection of S. pneumoniae isolates that had
been manually annotated. Accordingly, the collection of 1,798
S. pneumomae 1solates was analyzed for determmatlon of the

the alternatlve band- based similarity coelﬁcrents—the Dice,
Jaccard, Jeffrey’s X, and Ochiai coefficients—and also, for ref-

sulted in fewer false-negative classifications and, conversely,
more false-positive classifications than the Ochiai and Jeffrey

erence, densitometric curve-based correlation coeffi-

cients—the Pearson and Cosine coefficients.

coefficients. The same 1s true for the absolute numbers of
mlsclaSSIﬁcatlons (data not shown)

eﬁ“lcrents also performed equally well (Flg 3B), but the heter-
ogeneity of band patterns included in each type is reflected by

As expected, discrete band-based similarity coefficients
clearly outperformed the correlatlon coeiﬁaents leadmg to a

under the ROC curve. Surprlsmgly, all of the band- based sim-
ilarity coefficients tested were found to be equally discriminant

the persistence of false-negative classifications for wider band
position tolerance values. At a band position tolerance of

for both type and subtype (Fig. 3). That is, all of the four
similarity coefficient band-based formulations (Table 1) will

1.7%, the four band-based similarity coefficients are nearly
mdlstmgurshable in terms 0f the contribution of false posrtlve

only to the data analyzed in this study, although it is a very
good starting point for data obtained by the same PFGE pro-

produce the same percentage of erroneous classifications for a
glven band ldentlty tolerance value (Fig. 3A and B) However

tions will include the same proportlon of false- negatlve and
-positi ifications

As noted above, the results presented in Fig. 3 for the de-

pendence of goodness of classification, as assessed by the cor-

tocol, since the running conditions should be similar and
should generate similarly resolved band patterns.

suggested by the results plotted in Fig. 3; the fact tha
four band-based similarity coefficients performed equally well

responding AUC value, suggest not only that the four band-
based methods will perform equally well but also that they will
perform equatly welt for the same band toferance vatues (Fig:
3A and B). This observation was observed to be valid for both
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FIG 3. Area under the curve of ROC curves of the coefﬁc1ents tested for dll’ferent band posntlon tolerances for subtype (A) and type
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by black solid lmes

type and subtype classifications. However, inspection of the

positive and false-negative classifications is not noticeably dif-

corresponding proportions of FP and FN classifications (Fig.
3C and D) shows that, for subtype classrﬁcatrons (Flg 3C) the

FP classﬁicatrons and fewer FN classrﬁcatlons than Jeffrey s X

nounced when the goodness of classification (AUC) is maxi-
mal. It is also interesting that for subtype classification with

ferent between the band-based methods assessed, and high
band tolerance values do not cause false posmve classrﬁcatlons

the same type can have up to six band differences, allowmg for
a great heterogeneity of patterns.

exaggerated band identity tolerance values, the erroneous clas-
sifications will be heavily dominated by false-positive classifi-
cations. 1n contrast, neither of these observations is vaiid for
type classification (Fig. 3D), where the proportion of false-

The discussion above highlights the observation that if bands
that discriminate between types are in close proximity to each
other and are possibly bands of fower molecutar size (from
approximately 19 kbp to 100 kbp), misclassification will even-
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FIG. 4. ROC curves and threshold representation for subtype (A) and type (B). This figure allows the choice of a threshold value as a function
of the false-positive rate/true-positive rate, for the optimal band position tolerance settings that provide a maximum discrimination between types.
Note that the false-positive rate (which corresponds to 1 — specificity) is represented on a logarithmic scale.

tually occur as more subtypes are identified. This heterogeneity
of patterns for isolates of the same type and the blurring of
arbitrary type distinctions by new isolates justify why the num-
ber of false-negative classification contributions did not de-
crease for higher band identity tolerance values. This is in
sharp contrast to what happens in subtype classification (Fig.
3C), where band patterns should be exactly equal (band-based
similarity coefficient value of 100%) between strains of the
same subtype. In practice, experimental conditions can cause
small distortions in the gel that are not compensated for by
software or visual classification, and that is why the determi-
nation of the optimal band identity tolerance is critical for
automation of band pattern classification of subtypes. Accord-
ingly, the similarity levels for strains of the same subtype os-
cillate in the 95 to 100% interval, even after selection of an
optimal band position tolerance setting. These results suggest
that while automation of the classification of PFGE band pat-
terns of visually recognized subtypes and types is achieved with
considerable accuracy by the proposed method (maximum
AUC values of 0.9954 and 0.9837, respectively, for the Dice
coefficient), visual assignment mostly delimits arbitrary group-
ings of subtype patterns. On the contrary, the automated clas-
sification of PFGE band patterns of subtypes confines defined

TABLE 3. Threshold similarity values for the point where there are
a minimum of misclassifications (minimum of false positives
and false negatives) of subtype and type

Subtype Type
Coefficient
FPrate TPrate Threshold FPrate TP rate Threshold
Dice 0.002 0.76 97 0.012 0.79 81
Jaccard 0.002 0.76 95 0.012 0.79 67
Jeffrey’s X 0.001 0.66 98 0.012 0.79 81
Ochiai 0.001 0.66 98 0.012 0.79 81

groups where the band positions oscillate only very slightly
around a reference value.

The immediately useful result of this paper is delivered in
Fig. 4. It plots, for the optimal band position tolerance value,
the logarithm of the false-positive rate versus the true-positive
rate and the respective threshold values. The logarithm of the
false-positive rate provides easier reading of the values for the
lower false-positive rates (from 0.001 to 0.1). Figure 4 allows
the choice of a threshold value as a function of the false-
positive rate/true-positive rate for the optimal band position
tolerance settings that provide a maximum discrimination
(measured by the AUC). This choice weighs the relative cost of
having a false-positive or a false-negative classification. For
example, if the objective of a study is to recognize membership
in a specific PFGE type, the threshold should be chosen to
minimize the number of false-negative assignments. If the Dice
similarity coefficient was the metric chosen and the acceptable
false-positive classification was only 1%, then the threshold
obtained by inspecting Fig. 4 would be about 80%. If, instead,
the goal was the maximization of the true discovery rate, then
the appropriate threshold for the same method would be 97%
(this result is also listed in Table 3). This exercise also illus-
trates the conclusion that although the similarity coefficients
perform equally well, they are not interchangeable, as different
proportions of false-negative and false-negative classifications
may result. Conversely, Fig. 4 can also be used to determine
what threshold values will render two similarity coefficients
equally discriminant for the optimal band position tolerance
value.

Over the past few years large databases of genotyped clinical
strains have been assembled. These repositories contain a
unique record documenting both the diversity and the dynam-
ics of the emergence of new strains. Furthermore, it has been
consistently shown that PFGE has a higher discriminatory
power than newer sequence-based methods, such as multilocus
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sequence typing, which justifies the prospect that the cost-
effective use of PFGE will be seamlessly integrated with other
genotyping methods in even larger repositories. In that regard,
the study reported here leads to the following conclusions.

First, we have found that the perception that band-based
similarity coefficients are superior to correlation methods is
correct, provided that they are correctly parameterized. This
observation puts a prize not only on the correct parameteriza-
tion method but also on the use of robust image analysis
software for gel lane alignment and band recognition.

Second, we have used a repository of 1,798 PFGE types
isolates of S. pneumoniae to assess the relative merits of the
different band-based similarity coefficients: the Dice, Jaccard,
Jeffrey’s X, and Ochiai coefficients. Surprisingly, they were all
found to be equally able to classify the isolates from the ref-
erence database, with equivalent performances occurring for
distinct thresholds but the same band position tolerances. The
goodness of classification was assessed by use of the AUC of
the ROC curve.

Third, the equivalence in AUC with the same proportion of
erroneous classifications was found to correspond to different
proportions of false-positive and false-negative classifications,
which will play a role in the selection of a similarity coefficient
for use in a fully automated bioinformatic implementation.
Consequently, the assessment and parameterization of PFGE
similarity coefficients are delivered as ROC curve plots with
the corresponding threshold values (Fig. 4), where the cost-
benefit assigned to the different types of erroneous classifica-
tions can be weighted quantitatively and the most appropriate
method and threshold values can be selected.

Fourth, the automated procedure was found to perform
satisfactorily, with an optimal AUC of 0.984. This result sup-
ports the conclusion that the implementation of automated
classification is highly advantageous, particularly since multipa-
rametric statistics can be associated to select those patterns
that warrant subsequent visual inspection.

The optimal parameterization of band-based similarity co-
efficients opens the prospect of revisiting the identification of
types as a dynamic entity defined by unsupervised classification
algorithms such as nearest means (K means) or self-organized
maps. Therefore, the identification of similarity metrics that
reproduce and automate the classification of typing results
enables the redefinition of heterogeneous types in S. pneu-
moniae with time-dependent identities that converge to the
confinements of the natural populations as more isolates are
characterized. The tracking of how the definitions evolve could
be solved automatically by the implementation of repositories
that can be queried by use of the shortest similarity coefficient
value. The methods used in this paper can be used in any
database to determine which similarity metric is more ade-
quate to describe the data and also which parameters optimize
the classification procedure.

ACKNOWLEDGMENTS

We thank Alexander Tomasz, The Rockefeller University, for the
gift of strain S. pneumoniae R6. We also acknowledge Susana Vinga
for help on ROC curves and Luc Vauterin for bibliographic help on
the similarity coefficients.

Partial support for this work was provided by contracts EURIS
(QLK2-CT-2000-01020) and PREVIS (LSHM-CT-2003-503413 from
the European Community) awarded to H. de Lencastre and J. S.

TYPE AND SUBTYPE CLASSIFICATION OF MICROBIAL ISOLATES 5489

Almeida. J. A. Carrico and F. R. Pinto were supported by grants
SFRH/BD/3123/2000 and SFRH/BD/6488/2001, respectively, both
from the Fundacao para a Ciéncia e Tecnologia of Portugal. S. Nunes
and N. G. Sousa were supported by grants 011/BIC/01 and 043/BIC/00,
respectively, from contract QLK2-CT-2000-01020; S. Nunes, N. G.
Sousa, and N. Frazao have been supported since March 2004 by grants
010/BIC/2004, 009/BIC/2004, and 011/BIC/2004, respectively, from
contract LSHM-CT-2003-503413. C. Simas was supported by a grant
from IBET, project WLP (grant 31 CEM/NET); and N. Frazao was
also supported by IBET grant 28/12/02.

REFERENCES

. Baldi, P., S. Brunak, Y. Chauvin, C. A. Andersen, and H. Nielsen. 2000.
Assessing the accuracy of prediction algorithms for classification: an over-
view. Bioinformatics 16:412-424.

. Bradley, A. P. 1997. The use of the area under the ROC curve in the
evaluation of machine learning algorithms. Pattern Recognition 30:1145—
1159.

3. Br , S. L., U. Buchholz, J. L. Kool, J. M and P. Schrij kers.

2001. EARSS activities and results: update. Euro. Surveill. 6:2-5.

4. Bronzwaer, S. L., O. Cars, U. Buchholz, S. Molstad, W. Goettsch, I. K.
Veldhuijzen, J. L. Kool, M. J. Sprenger, and J. E. Degener. 2002. A Euro-
pean study on the relationship between antimicrobial use and antimicrobial
resistance. Emerg. Infect. Dis. 8:278-282.

5. Brueggemann, A. B., D. T. Griffiths, E. Meats, T. Peto, D. W. Crook, and
B. G. Spratt. 2003. Clonal relationships between invasive and carriage Strep-
tococcus pneumoniae and serotype- and clone-specific differences in invasive
disease potential. J. Infect. Dis. 187:1424-1432.

. Chung, M., H. de Lecanstre, P. Matthews, A. Tomasz, I. Adamsson, M. Aires
de Sousa, T. Camou, C. Cocuzza, A. Corso, 1. Couto, A. Dominguez, M.
Gniadkowski, R. Goering, A. Gomes, K. Kikuchi, A. Marchese, R. Mato, O.
Melter, D. Oliveira, R. Palacio, R. Sa-Leao, I. Santos Sanches, J.-H. Song,
P. T. Tassios, and P. Villari. 2000. Molecular typing of methicillin-resistant
Staphylococcus aureus by pulsed-field gel eletrophoresis: comparison of re-
sults obtained in a multilaboratory effort using identical protocols and
MRSA strains. Microb. Drug Resist. 6:189-198.

7. Dice, L. R. 1945. Measures of the amount of ecological association between
species. Ecology 26:297-302.

. Egan, J. P. 1975. Signal detection theory and ROC-analysis. Academic Press,
Inc., New York, N.Y.

. Frazao, N., A. Brito-Avé, C. Simas, J. Saldanha, R. Mato, S. Nunes, N. G.
Sousa, J. A. Carrico, J. S. Almeida, I. Santos-Sanches, and H. de Lencastre.
2004. Effect of the seven-valent conjugate pneumococcal vaccine on carriage
and drug resistance of Streptococcus pneumoniae in healthy children attend-
ing day-care centers in Lisbon. Pediatr. Infect. Dis. J. 24:243-252.

10. Hoskins, J., W. E. Alborn, Jr., J. Arnold, L. C. Blaszczak, S. Burgett, B. S.

DeHoff, S. T. Estrem, L. Fritz, D. J. Fu, W. Fuller, C. Geringer, R. Gilmour,
J. S. Glass, H. Khoja, A. R. Kraft, R. E. Lagace, D. J. LeBlanc, L. N. Lee,
E. J. Lefkowitz, J. Lu, P. Matsushima, S. M. McAhren, M. McHenney, K.
McLeaster, C. W. Mundy, T. I. Nicas, F. H. Norris, M. O’Gara, R. B. Peery,
G. T. Robertson, P. Rockey, P. M. Sun, M. E. Winkler, Y. Yang, M. Young-
Bellido, G. Zhao, C. A. Zook, R. H. Baltz, S. R. Jaskunas, P. R. Rosteck, Jr.,
P. L. Skatrud, and J. I. Glass. 2001. Genome of the bacterium Strepfococcus
pneumoniae strain R6. J. Bacteriol. 183:5709-5717.

11. Reference deleted.

12. Maiden, M. C., J. A. Bygraves, E. Feil, G. Morelli, J. E. Russell, R. Urwin,
Q. Zhang, J. Zhou, K. Zurth, D. A. Caugant, 1. M. Feavers, M. Achtman, and
B. G. Spratt. 1998. Multilocus sequence typing: a portable approach to the
identification of clones within populations of pathogenic microorganisms.
Proc. Natl. Acad. Sci. USA 95:3140-3145.

13. McDougal, L. K., C. D. Steward, G. E. Killgore, J. M. Chaitram, S. K.
McAllister, and F. C. Tenover. 2003. Pulsed-field gel electrophoresis typing
of oxacillin-resistant Staphylococcus aureus isolates from the United States:
establishing a national database. J. Clin. Microbiol. 41:5113-5120.

14. McGee, L., L. McDougal, J. Zhou, B. G. Spratt, F. C. Tenover, R. George, R.
Hakenbeck, W. Hryniewicz, J. C. Lefevre, A. Tomasz, and K. P. Klugman.
2001. Nomenclature of major antimicrobial-resistant clones of Streptococcus
pneumoniae defined by the pneumococcal molecular epidemiology network.
J. Clin. Microbiol. 39:2565-2571.

15. Miragaia, M., 1. Couto, S. F. Pereira, K. G. Kristinsson, H. Westh, J. O.
Jarlov, J. Carrico, J. Almeida, I. Santos-Sanches, and H. de Lencastre. 2002.
Molecular characterization of methicillin-resistant Staphylococcus epidermi-
dis clones: evidence of geographic dissemination. J. Clin. Microbiol. 40:430—
438.

16. Mueller, U. G., and L. L. Wolfenbarger. 1999. AFLP genotyping and finger-
printing. Trends Ecol. Evol. 14:389-394.

17. Murchan, S., M. E. Kaufmann, A. Deplano, R. de Ryck, M. Struelens, C. E.

Zinn, V. Fussing, S. Salmenlinna, J. Vuopio-Varkila, N. El Solh, C. Cuny, W.

Witte, P. T. Tassios, N. Legakis, W. van Leeuwen, A. van Belkum, A. Vindel,

L. Laconcha, J. Garaizar, S. Haeggman, B. Olsson-Liljequist, U. Ransjo, G.

Coombes, and B. Cookson. 2003. Harmonization of pulsed-field gel electro-

—

[

(=}

oo

Nl

44




5490

18.

Chapter IV — Type and subtype classification of microbial isolates

CARRICO ET AL.

phoresis protocols for epidemiological typing of strains of methicillin-resis-
tant Staphylococcus aureus: a single approach developed by consensus in 10
European laboratories and its application for tracing the spread of related
strains. J. Clin. Microbiol. 41:1574-1585.

Ochiai, A. 1957. Zoogeographic studies on the soleoid fishes found in Japan
and its neighbouring regions. Bull. Jpn. Soc. Fish Sci. 22:526-530.

18a.Pena, S. D. J., R. Chakraborty, J. T. Epplen, and A. J. Jeffreys. 1993. DNA

19.

20.

21.

fingerprinting: the state of the science, p. 1-19. Birkhauser Verlag, Basel,
Switzerland.

Sa-Leao, R., A. Tomasz, I. Santos-Sanches, S. Nunes, C. R. Alves, A. B. Avo,
J. Saldanha, K. G. Kristinsson, and H. de Lencastre. 2000. Genetic diversity
and clonal patterns among antibiotic-susceptible and - resistant Streptococcus
pneumoniae colonizing children: day care centers as autonomous epidemio-
logical units. J. Clin. Microbiol. 38:4137-4144.

Schwartz, D. C., and C. R. Cantor. 1984. Separation of yeast chromosome-
sized DNAs by pulsed field gradient gel electrophoresis. Cell 37:67-75.
Silva, S., R. Gouveia-Oliveira, A. Maretzek, J. Carrico, T. Gudnason, K. G.
Kristinsson, K. Ekdahl, A. Brito-Avo, A. Tomasz, I. S. Sanches, H. de
Lencastre, and J. Almeida. 2003. EURISWEB—Web-based epidemiological
surveillance of antibiotic-resistant pneumococci in day care centers. BMC
Med. Inform. Decision Making 3:9.

22.

24.

25.

26.

J. CLIN. MICROBIOL.

Sneath, P. H., and R. R. Sokal. 1973. Numerical taxonomy. W. H. Freeman
& Co., San Francisco, Calif.

. Tenover, F. C., R. D. Arbeit, R. V. Goering, P. A. Mickelsen, B. E. Murray,

D. H. Persing, and B. Swaminathan. 1995. Interpreting chromosomal DNA
restriction patterns produced by pulsed-field gel electrophoresis: criteria for
bacterial strain typing. J. Clin. Microbiol. 33:2233-2239.

van Belkum, A., M. Struelens, A. de Visser, H. Verbrugh, and M. Tibayrenc.
2001. Role of genomic typing in taxonomy, evolutionary genetics, and mi-
crobial epidemiology. Clin. Microbiol. Rev. 14:547-560.

van Belkum, A., W. van Leeuwen, M. E. Kaufmann, B. Cookson, F. Forey, J.
Etienne, R. Goering, F. Tenover, C. Steward, F. O’Brien, W. Grubb, P.
Tassios, N. Legakis, A. Morvan, N. El Solh, R. de Ryck, M. Struelens, S.
Salmenlinna, J. Vuopio-Varkila, M. Kooistra, A. Talens, W. Witte, and
H. V. L. Verbrugh. 1998. Assessment of resolution and intercenter repro-
ducibility of results of genotyping Staphylococcus aureus by pulsed-field gel
electrophoresis of Smal macrorestriction fragments: a multicenter study.
J. Clin. Microbiol. 36:1653-1659.

Vos, P., R. Hogers, M. Bleeker, M. Reijans, T. van de Lee, M. Hornes, A.
Frijters, J. Pot, J. Peleman, M. Kuiper, et al. 1995. AFLP: a new technique
for DNA fingerprinting. Nucleic Acids Res. 23:4407-4414.

45




Chapter V — A common framework for relating multiple typing methods

Chapter V

5. lllustration of a Common Framework for Relating Multiple Typing
Methods by Application to Macrolide-Resistant Streptococcus pyogenes

Published in: Carrico, J.A.; C. Silva-Costa; J. Melo-Cristino; F. R. Pinto; H. de
Lencastre; J.S.Almeida; M.Ramirez, lllustration of a Common Framework for Relating
Multiple Typing Methods by Application to Macrolide-Resistant Streptococcus
pyogenes, J Clin Microbiol. 2006 Jul;44(7):2524-32

46




Chapter V — A common framework for relating multiple typing methods

JOURNAL OF CLINICAL MICROBIOLOGY, July 2006, p. 2524-2532
0095-1137/06/$08.00+0  doi:10.1128/JCM.02536-05

Vol. 44, No. 7

Copyright © 2006, American Society for Microbiology. All Rights Reserved.

IMlustration of a Common Framework for Relating Multiple Typing Methods

by Application to Macrolide-Resistant Streptococcus pyogenesT

J. A. Carrico,'* C. Silva-Costa,” J. Melo-Cristino,” F. R. Pinto,'*
H. de Lencastre,*> J. S. Almeida,’® and M. Ramirez?

Grupo de Biomatemdtica, Instituto de Tecnologia Quimica e Bioldgica, Universidade Nova de Lisboa, Oeiras, Portu%al 1.
Instituto de Medicina Molecular e Instituto de Microbiologia, Faculdade de Medicina de Lisboa, Lisbon, Portugal~;
Department of Biostatistics and Applied Mathematics, University of Texas MD Anderson Cancer Center,
Houston, Texas®; Laboratério de Genética Molecular, Instituto de Tecnologia Quimica e Bioldgica,
Universidade Nova de Lisboa, Oeiras, Portugal®; Laboratory of Microbiology,
The Rockefeller University, New York, New York®

b

Received 6 December 2005/Returned for modification 14 March 2006/Accepted 10 May 2006

The studies that correlate the results obtained by different typing methodologies rely solely on qualitative
comparisons of the groups defined by each methodology. We propose a framework of measures for the
quantitative assessment of correspondences between different typing methods as a first step to the global
mapping of type equivalences. A collection of 325 macrolide-resistant Streptococcus pyogenes isolates associated
with pharyngitis cases in Portugal was used to benchmark the proposed measures. All isolates were charac-
terized by macrolide resistance phenotyping, T serotyping, emm sequence typing, and pulsed-field gel electro-
phoresis (PFGE), using Smal or Cfr9I and Sfil. A subset of 41 isolates, representing each PFGE cluster, was
also characterized by multilocus sequence typing (MLST). The application of Adjusted Rand and Wallace
indices allowed the evaluation of the strength and the directionality of the correspondences between the various
typing methods and showed that if PFGE or MLST data are available one can confidently predict the emm type
(Wallace coefficients of 0.952 for both methods). In contrast, emm typing was a poor predictor of PFGE cluster
or MLST sequence type (Wallace coefficients of 0.803 and 0.655, respectively). This was confirmed by the
analysis of the larger data set available from http:/spyogenes.mlst.net and underscores the necessity of

performing PFGE or MLST to unambiguously define clones in S. pyogenes.

Typing methods are major tools for the epidemiological
characterization of bacterial pathogens, allowing the determi-
nation of the clonal relationships between isolates based on
their genotypic or phenotypic characteristics. Recent techno-
logical advances have resulted in a shift from classical phe-
notypic typing methods, such as serotyping, biotyping, and
antibiotic resistance typing, to molecular methods such as re-
striction fragment length polymorphism (8), pulsed-field gel
electrophoresis (PFGE) (25), and PCR serotyping (4). With
the availability of affordable sequencing methods, another shift
occurred towards sequence-based typing methods such as mul-
tilocus sequence typing (MLST) (18) and emm sequence typing
(2). Sequence-based methods have a wide appeal since they
provide unambiguous data and are intrinsically portable, al-
lowing the creation of databases that, if publicly available
through the internet, enable the comparison of local data with
those of previous studies in different geographical locations.
Ideally, an analysis of each typing method, in terms of discrim-
inatory power, reproducibility, typeability, feasibility, and other
characteristics as suggested by Struelens (31), should be per-
formed to better determine which method is appropriate in a
given setting.

Several molecular epidemiology studies of clinically relevant
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microorganisms provide a characterization of isolates based on
different typing methods (6, 8, 20, 23). Frequently these studies
focus on a comparison between the assigned types of different
typing methods, from a qualitative point of view, i.e., indicating
correspondences between the types of the different methods.
Although this may be useful for the comparison of the genetic
backgrounds of the particular set of isolates under study, it
does not allow for a broader view of how the results of the
different typing methods are related.

As more bacterial genomes are completed, novel typing
methods will appear based on the new information available.
Comparisons of these new methods to those currently available
should be complemented by a quantitative measure of how
much information is gained from a new method in terms of
discriminatory power, type assignment, or even phylogenetic
information about the isolates. It is conceivable that less-so-
phisticated molecular methods can recover levels of informa-
tion about the relationships between the isolates that are sim-
ilar to those obtained with newer sequence-based methods.
Since typing schemes analyze different phenotypic or genotypic
properties of bacteria, if some congruence between the meth-
ods is found, it suggests that a phylogenetic signal is being
recovered by both methods, allowing greater confidence about
the evolutionary hypothesis or clonal dispersion of the strains
under study. These quantitative comparisons should allow the
informed choice of which typing method is more appropriate in
a given clinical or microbiological research setting, also taking
into account other factors, such as the ability to identify iso-
lates of interest, execution time, cost-effectiveness, or ease of
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interpretation of the results. A great diversity of typing meth-
ods is used to characterize bacterial isolates, rendering the
comparison of the various studies difficult. If one could infer
the missing information from the available data provided in
each study, one could overcome this problem. In order to do
this, a method offering a quantitative assessment of the confi-
dence of predicting an unknown character from another typing
method or set of methods is needed.

Streptococcus pyogenes or group A streptococci (GAS) are
known to cause infections ranging from mild manifestations,
such as pharyngitis, to severe invasive infections, such as strep-
tococcal toxic shock syndrome and necrotizing fasciitis (7).
These human pathogens provide a good case study for map-
ping relationships between typing schemes, since multiple typ-
ing methods have been used in their characterization, includ-
ing T and M serotyping, antibiotic resistance typing, PFGE,
restriction fragment length polymorphism (vir typing), emm
sequence typing, and MLST (9, 17, 21). Although all these
methods have proven useful for the characterization of GAS
isolates, phenotypic methods have declined in popularity and
the mainstream methods are now emm sequence typing,
PFGE, and MLST. In the study that defined the MLST scheme
for GAS, the authors compared MLST and emm sequence
typing and concluded that the majority of emm types define
clones or clonal complexes (9). This conclusion, together with
the existence of extensive data on serological M types that are
directly comparable to emm sequence type data and a techni-
cally simpler and more economic determination of emm types
as opposed to the characterization by MLST, led to the fre-
quent use of emm typing as the main typing technique for GAS
clone definition. Notwithstanding the advantages of sequence-
based methods, GAS virulence has been related to the pres-
ence of phages and to horizontal transfer of large fragments of
DNA (1, 32). These observations suggest that techniques, like
PFGE, that probe genomic organization could be more dis-
criminative than sequence-based methods, since phage inser-
tions can alter band positions in an agarose gel and, conse-
quently, create more diversity within PFGE types.

In this paper we propose the use of measures of clustering
concordance—Adjusted Rand (15, 24) and Wallace (34) coef-
ficients—to compare type assignments, allowing a quantitative
approach for exploring the concordance between typing meth-
ods. The proposed methods were applied to a set of 325 mac-
rolide-resistant GAS for which extensive typing information
was available and, when possible, we generalized the conclu-
sions based on this data set by using typing data available from
the MLST database. The proposed framework also allows the
evaluation of possible gains in discriminatory power obtained
by using different methods or any combination of typing
schemes and the identification of which of the typing method-
ologies used will be more informative in clone definition. Ul-
timately, this framework may allow a mapping of type equiv-
alences between typing methods.

MATERIALS AND METHODS

Strain collection. A collection of 325 macrolide-resistant S. pyogenes isolates
recovered from throat swabs associated with a diagnosis of tonsillopharyngitis,
from the period between 1998 and 2003 in Portugal, was analyzed. Results of
antimicrobial susceptibility testing, T typing, macrolide-resistant phenotyping
and genotyping, and emm typing were reported previously (29). Eleven T types
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were identified (1, 2, 4, 5/27/44, 6, 9, 12, 13, 25, 28, and B3264). Since twelve
isolates were nontypeable by this method, the typeability of this method in our
collection was 97%. All isolates were analyzed by PFGE using Sfil and either
Smal or Cfr9I endonucleases. Twelve emm sequence types were identified (1, 2,
4,6,9,11, 12, 22, 28, 75, 77, and 89). Forty-one strains were chosen for MLST
analysis by selecting at least one isolate from each Smal/Cfr9I cluster. Ten
sequence types (ST) were found (20, 28, 36, 38, 39, 45, 46, 52, 75, and 150) (28).

Gel analysis. A database of PFGE patterns was created in Bionumerics ver-
sion 4.5 from Applied Maths (Sint-Martens-Latem, Belgium).

The gel digital photos acquired and stored in a Kodak EDAS 290 system were
imported into a Bionumerics database, as inverted 8-bit grayscale TIF images.

For each image, spectral analysis included in the software was used, to deter-
mine the disk size that should be used in “rolling disk” background subtraction
(Background scale) and the cutoff threshold for least-squares filtering (Wiener
cutoff scale). Furthermore, a median filter was used in the image to further
smooth the densitometric curves.

After this image preprocessing, intergel and intragel normalizations of PFGE
runs were done using a Lambda PFGE molecular marker (New England Biolabs,
Ipswich, Ma.). All the gels had three markers in the first, middle, and last lanes.
Ten lambda bands were used from 48.5 kb to 485 kb.

On all gel images, band assignment was manually curated after automatic band
detection. Bands ranging from 22.8 kb to 608 kb were considered in this study.

The settings used for comparing the strains’ PFGE patterns were 1.0% opti-
mization and 1.5% band tolerance.

Diversity indices. Hunter and Gaston (16) proposed the use of Simpson’s
index of diversity (30) to measure the discriminatory ability of typing systems.
This index indicates the probability of two strains sampled randomly from a
population belonging to two different types. Grundmann et al. (13) proposed a
method for determining confidence intervals (CIs) of Simpson’s index, thereby
improving the objective assessment of the discriminatory power of typing tech-
niques. The formulas of Simpson’s Index (D) and the CI are presented in the
following equations:

s
1
D=1 *mzm(nf -1
j=1

,_ 4 2\
(r:ﬁ[zw;_ (zw;) ]
CI=[D —2/o%, D +2/o?]

where N is the total number of strains in the sample population, $ the total
number of types described, ; is the number of strains belonging to the jth type,
and ; is the frequency n/N.

Other diversity indices exist, such as the Shannon-Wiener index (27) and
others from the Hill family of indices, of which Simpson’s index is a special case
(14). Notwithstanding, the ease of interpretation of Simpson’s index of diversity
as a probability and the possibility of calculating a confidence interval justifies the
choice of this index in our study.

Clustering comparison coefficients: Rand, Adjusted Rand, and Wallace. In
molecular epidemiology studies, the term cluster is frequently used to describe a
group of isolates sharing similar characteristics according to a given typing
method. Frequently, the clusters are obtained by hierarchical methods, such as
the unweighted-pair group method with arithmetic means (UPGMA), providing
further detail on the relationships of the isolates within clusters. In these cases,
the definition of types relies on partitioning the resulting dendrogram at a given
similarity value. In this paper, the terms partition, cluster, and type will be used
interchangeably to identify a group of isolates sharing similar characteristics
according to a given typing method.

To compare two sets of results of different microbial typing methods, an
objective measure of agreement is needed. Several measures were developed for
comparing two sets of partitions (10, 15, 22, 24, 34), taking different approaches
to how partitions should be compared. For their ease of interpretation, in this
study we use Adjusted Rand’s index and Wallace coefficient. Rand (24) and
Adjusted Rand (15) are symmetric coefficients, i.e., they do not take into con-
sideration which partition is considered the standard, while others, like the ones
proposed by Wallace (34), do. It is also important to note in this context that
none of the partitions tested are considered the “correct” partition in terms of
microbial typing.

Given two partition schemes of the same data set, P and P’, all these coeffi-
cients are calculated based on the fact that a pair of points (in microbial typing,
a pair of points is a pair of isolates under study) from the data set will fall into
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TABLE 1. Clustering comparison coefficients: Rand, Adjusted
Rand, and Wallace

Coefficient Formula (s)*
a+d
Rand _
an a+tb+c+d
a+d-n.

a+b+c+d-—n.

nm*+1)— (n+ l)zn,?f (n+ 1)2‘/1]2 + 222”';1—”;

Adjusted Rand n. =

2n—1)
a
Wallace Wi(P,P") = S
, a
Wy(P,P) = atc

¢ See the text for definitions of a, b, ¢, and d; n represents the number of strains
under study, n; and n; represent the numbers of strains in types i and j of
partitions P and P’, respectively.

one of the following conditions: a, the number of point pairs that are in the same
cluster in P and P’; b, the number of point pairs that are in the same cluster in
P but not in P’; ¢, the number of point pairs that are in the same cluster in P’ but
not in P; or d, the number of point pairs that are in different clusters in P and P’.

The coefficients can then be defined as shown in Table 1.

Rand’s index represents the proportion of agreement for both matches (a) and
mismatches (d). An acknowledged limitation of this coefficient is that, when
comparing two random partitions, the expected value of the Rand’s index does
not take a null value (indicating nonagreement). To address this issue, Hubert
and Arabie (15) assumed a hypergeometric distribution as the random model,
adding a correction factor designed to take into account the presence of chance
agreement. The Hubert and Arabie’s Adjusted Rand index, here referred to

Smal Cfrol
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simply as Adjusted Rand, allows a better quantitative evaluation of the global
congruence between the two partitions.

Wallace proposed two coefficients, based on Fowlkes and Mallows * coefficient
(10). They are easy to interpret since they represent the probability that a pair of
points which are in the same cluster under P are also in the same cluster under
P’ and vice versa.

Wallace’s coefficients provide an estimate of, given a typing method, how much
new information is obtained from another typing method. A high value of
Wallace’s coefficient indicates that partitions defined by a given method could
have been predicted from the results of another method, suggesting that the use
of both methodologies is redundant.

To facilitate the use of these indices in studies conducted by others, we have
made available a Bionumerics script that calculates these indices from any two
sets of data generated by different typing methods. The script can be downloaded
from http://biomath.itgb.unl.pt/ClusterComp.

Visual representation of cluster congruence. To facilitate the interpretation
and representation of the comparisons between partitions, we developed a visual
method where all the clusters and cases under comparison are represented in a
figure similar to a sequence dot plot (12, 19). The strains are ordered by type and
cluster size for each of the typing methods under comparison. A dot is then
plotted at the intersection of the position of each strain. Vertical and horizontal
lines delimit the clusters in the figure.

Examples of this visual representation are shown in Fig. 2D and in Fig. SA1 in
the supplemental material.

RESULTS

Pulsed-field gel electrophoresis. For this study, 325 iso-
lates of S. pyogenes were analyzed by PFGE, using two
restriction enzymes: Sfil and either one of two isoschi-
zomers—Smal or Cfr9I. The use of Cfr9I was necessary
since the majority of the 150 isolates presenting macrolide

Sil Apal

I
2 3 1

I
m 1

|
2 3 m

i I
1 2 31 2 3 m

FIG. 1. PFGE profiles of three pairs of macrolide-resistant isolates generated after digestion with either Smal, Cfr91I, Sfil, or Apal. The isolates
in pair 1 were refractory to cleavage with Smal similarly to what was previously reported in the literature for isolates presenting the M phenotype
(21) and showed identical profiles upon digestion with Cfr91, Sfil, and Apal. The isolates in pair 2 were digested by both Smal and Cfr91I and, as
expected, the profile of each isolate was identical with either endonuclease. The isolates in pair 2 showed different Smal/Cfr91I and Apal profiles
but were indistinguishable by Sfil. The isolates in pair 3 were refractory to cleavage with Smal and presented different profiles upon digestion with
Cfr9I (four-band difference). These isolates presented identical Sfil profiles but exhibited different profiles with Apal. m, lambda ladder PFG

marker (New England Biolabs, Beverly, Ma.).
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FIG. 2. Panel A. Adjusted Rand values for all possible cutoff values in each of the Smal/Cfr91 and Sfil dendrograms (in panels B and C). Panel
B. Dice/UPGMA dendrogram for Sfil band patterns of the 325 isolates. Panel C. Dice/UPGMA dendrogram for Smal/Cfr9I band patterns of the
325 isolates. Panel D. Visual representation of cluster congruence between Smal/Cfr9I and Sfil clusters at the cutoff levels indicated in panels B

and C.

resistance phenotype M were refractory to cleavage with
Smal, in agreement with previous studies (21). As expected,
DNA of isolates that were digested with Smal presented
identical band patterns when digested with Cfr91I (Fig. 1). In
this way the use of Cfr9I increased the typeability of PFGE
to 100%, compared to 54% (175/325) estimated for the use
of Smal alone, in our collection.

In previous studies, Sfil is the endonuclease most frequently
used to characterize M isolates by PFGE (21), although a few
studies use Apal (3). There was a concern that Sfil patterns did
not allow sufficient discrimination, since these patterns had
only 3 to 10 bands, compared to Smal/Cfr9I patterns that
presented 8 to 17 bands (Fig. 1). This hypothesis was tested
using Simpson’s index of diversity and Adjusted Rand to de-
termine the threshold that better defines types compared to
those defined by Smal/Cfr91.

The Adjusted Rand index was calculated for each possible
combination of partitions given by varying the threshold cutoffs
for each UPGMA/Dice dendrogram using Sfil and Smal/Cfr9I
endonucleases similarly to what was previously described (5).
The threshold value that produced the maximum coefficient
value was determined, and the results are displayed in Fig. 2.

The maximum value of Adjusted Rand of 0.771 was found at
a threshold level of 77% similarity in the Dice/UPGMA den-
drogram of Smal/Cfr9I and at a 68% similarity in the Sfil
dendrogram.

An 80% similarity value was previously shown to be useful
and concordant with proposed visual comparison criteria when
defining types by Dice/UPGMA dendrograms of Smal profiles
of Streptococcus pneumoniae (5, 11, 26, 33). At this commonly
used similarity threshold cutoff, a maximum Adjusted Rand
value of 0.765 was found, corresponding to a threshold value of
68% in the Sfil dendrogram. Due to its acceptance as the cutoff
value to define clusters in Smal Dice/UPGMA dendrograms
and the small difference observed in the value of Adjusted
Rand at these two threshold levels, we opted to use the 80%
cutoff for Smal/Cfr91 and the 68% cutoff for Sfil in the re-
mainder of the analysis.

At these cutoff values, 21 clusters were defined by either
Smal/Cfr91 or Sfil. Simpson’s index of diversity calculations for
the partitions found at these threshold levels for either endo-
nuclease were of the same value of 0.81 (95% CI, 0.78-0.84),
resulting in equal discriminatory power for Smal/Cfr9I and Sfil
(Table 2).
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TABLE 2. Number of types and Simpson’s index of
diversity of each typing method

No. of isolates

. No. of Simpson’s index of
Typing method S04 divensity (95% CI) % [%‘;ﬂi“w)
T typing 12 0.72 (0.68-0.77) 316 (97)°
emm typing 12 0.77 (0.74-0.81) 325 (100)
T + emm typing 33 0.81 (0.77-0.84) 325 (100)
Smal/Cfr91 80% 21 0.81 (0.78-0.84) 325 (100)
MRP? 3 0.51 (0.50-0.53) 325 (100)
Sfil 68% 21 0.81 (0.78-0.84) 325 (100)
MLST 10 — 41 (100)

“Twelve strains were nontypeable. For the purpose of calculating the Simp-
son’s index of diversity, they were all considered to belong to the same group.

» MRP, macrolide resistance phenotyping.

“Three macrolide resistance phenotypes were considered: M, cMLSg, and
iIMLS,;.

¢ —, Simpson’s index of diversity was not calculated for the 41 isolates since it
would not be comparable to the remaining results calculated for the entire
325-isolate data set.

Comparing typing methods. Simpson’s index of diversity
provides a measure of the discriminatory power of the different
typing methods as applied to our study data. Table 2 summa-
rizes this coefficient for the methods used: T typing, emm
typing, a combination of both these methods, PFGE typing
defined at an 80% cutoff value on the Smal/Cfr91 Dice/
UPGMA dendrogram, macrolide resistance phenotyping,
PFGE typing defined at a 68% cutoff value on the Sfil Dice/
UPGMA dendrogram, and MLST data.

For comparing the congruence between type assignments of
the different typing methods, adjusted Rand and Wallace co-
efficients were calculated for the subset of 41 isolates for which
the results of all typing methods were available. These isolates
are a diverse collection representing most of the types defined
by the various methods in the entire collection of 325 isolates.
The results are shown in Fig. 3A and in Tables SA1 and SA2
in the supplemental material. The data indicate a strong cor-
relation between the information provided by Smal/Cfr91
PFGE, MLST, and emm typing. It is interesting to note that
there was a robust bidirectional correspondence between
Smal/Cfr91 PFGE types and ST. In contrast, a strong corre-
spondence was found only in the direction of emm type for
both ST and Smal/Cfr9I PFGE types but not in the reverse
direction (Fig. 3A).

To increase the robustness of the values of the Adjusted
Rand and Wallace coefficients for the correspondences be-
tween the various typing methods utilized to characterize GAS,
we excluded the MLST data and used the entire collection of
325 isolates for which information regarding all other typing
methods was available. The results are shown in Tables 3 and
4. The values of Rand and Wallace coefficients were consis-
tently higher when considering the 325 isolates. This was only
expected if the smaller data set of 41 lsolates already reﬂected

Previous publlcatlons mdlcated that emm types defined
clones as assessed by MLST (9). Our limited data suggested a

A

41 Strains
from Portugal

== w=p [0.60,0.75]
—)p- [0.75,0.90]

sl [0.90,1]
B

795 Strains
from MLST.NET

325 Strains
from Portugal

w— =P [0.60,0.75]
e [0.75,0.90]

* [0.90,1]

FIG 3. (A) Represent"ltlon of correspondences between the typmg

cients. The arrows represent Wallace coefﬁuents of >0.60.(B) Repre-
sentation of correspondences between the typing methods used in the

more complex relationship between emm typing and MLST
(Fig. 4), resembling the comparison between emm and Smal/

325-strain data set and on the 795 strains from www.mlst.net, calcu-
lated by Wallace coefficients. The arrows represent Wallace coeffi-
cients of >0.60.

— Cfr91 PFGE types for our entire data set (see Fig. SATin the

supplemental material).
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TABLE 3. Adjusted Rand coefficients for the methods used to

TABLE 4. Wallace coefficients for the methods used to

characterize the 325 macrolide-resistant GAS

characterize the 325 macrolide-resistant GAS

Typing method

Typing method

Typing method T emm T+ emm \on,  Smal/CHII SAI 68% Typing method T emm T +emm \on,  Smal/Cfrol SAI 68%
typing typing  typing 80% typing typing  typing 80%
T typing 1.000 T typing 1.000  0.697 0.697 0.723 0.559 0.528
emm typing 0.693  1.000 emm typing 0.861  1.000 0.861 0.989 0.803 0.724
T + emm typing 0.768  0.905 1.000 T + emm typing 1.000 1.000 1.000 0.988 0.802 0.725
MRP* 0.268  0.462 0.397 1.000 MRP“ 0415 0459 0.395 1.000 0.392 0.386
Smal/Cfr91 80%  0.566  0.837 0.764 0.399 1.000 Smal/Cfr91 80%  0.818  0.952 0.817 1.000 1.000 0.812
Sfil 68% 0.514  0.724 0.663 0.382 0.762 1.000 Sfil 68% 0.764  0.848 0.731 0.972 0.802 1.000

“ MRP, macrolide resistance phenotyping.

“ MRP, macrolide resistance phenotyping.

o better evaluate the discriminatory power of M , We
alculated Slmpson s lndex of diversity for the 795 strains that

the S. pyogenes MLST database (http //spyogenes mlst net;
with a total of 847 isolates on 29 August 2005). Likewise, the

acters.

While Simpson’s index was previously used in this context
(16) and it allows for a measure of the discriminatory power of
a typing method, it does not evaluate the degree of equivalence

same index was calculated for emm type to provide a more
global view than that afforded by our data set. The results are
shown in Table 5. The same could not be done for T types,
since only 90 strains had T type information; 23 of those were
ambiguous information (two types). The distribution in this
data set of emum sequence types per ST, and vice versa, as well

between type assignments of two distinct typing methods. This
goal is achieved here by the Ad]usted Rand index, which pro-

methods On the other hand, Wallace S coeﬂicrent is more
informative and offers a clear interpretation since it represents
the probability that a pair of strains which are assigned to the
same type by one method are also classified in the same type by

as the overall concordance between emm typing and MLST
among the strains in the S. pyogenes MSLT database can be
found in the supplemental material (Fig. SA2 and SA3).

The Adjusted Rand for the comparlson of the clustering by

the other method. To facilitate the use of these indices in
studies conducted by others, we have made available a Bionu-

partltlons generated by different typlng methods To test the

tion of macrollde resrstant GAS characterrzed by T serotypmg,
emm sequence typing, PFGE using two different endonucle-

value of Wallace s mdex is O 952 ie., the probabrlrty of two
strains having the same ST also sharing the same emm type is

ases, and MLST.
Although intuitively we could expect that the PFGE band

95%. However, the probability of two isolates that share the
same emm type sharing the same ST is only 66% (Wallace’s

patterns generated after Sfil digestion would be tess discrimi-
natory than those of Smal/Cfr9l, since the former presented
fewer l'\aprlc thi

index is 0.655) (Table 5).
The correspondences between the various typlng methods

resented in Fig. 3B.

either Smal/Cfr9I or Sfil, at the cutoﬂ levels showmg the high-
est agreement, showed the same Simpson’s index value,
namely, 0.81 (95% CI, 0.78 to 0.84).

In spite of the similar discriminatory powers, Smal/Cfr91 and

DISCUSSION

The primary objective of this report was to provide a frame-
work for the quantitative assessment of correspondence be-

STiI assigned a significant number of isolates to different types
(Adjusted Rand, 0.765). The value of the Wallace index was

as one out of every five pairs of isolates classified in the same
cluster by an endonuclease are in separate clusters using the

tween type assignments obtained by different microbial typing
methods. This quantification is achieved by the use of Simp-

other endonuclease. This is represented in Fig. 2D, where it
can be seen that isolates that belong to a single cluster when

son’s index of diversity, Hubert and Arabie’s Adjusted Rand,
and the Wallace coefficient and is complemented by the visu-

evaluatmg if clusters generated by a given typing method could
have been predicted by another methodology, allowing the

using one endonuclease were scattered into at least two other
clusters when using the other.

shown in Flg 3A, where no lme connects Sfil PFGE and T
types whereas multiple correspondences are associated with

evaluation of the usefulness of using several typing methods to
characterize the same collection of isolates. This is also impor-

typing schemes and in establishing if one can infer unknown

Smal/Cfr91 PFGE types. When using the full data set of 325
isolates this was not so pronounced, but the correspondences

—tant in benchmarking the novel information offered by new —established between Smal/Cfr9T PFGE and the other typing

methods were consistently stronger than those observed for
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FIG. 4. Relationship between MLST and emm sequence typing for the 41 strains. In this example, the figure illustrates the fact that the majority
of strains with emm type 22, the most frequent emm type in this subset, presented ST 46, and two isolates presented ST 52. However, the majority

of the strains with ST 52 have emm sequence type 28.

Sfil PFGE (Fig. 3B). We would therefore argue that the groups
defined by Smal/Cfr91, by being more concordant with other
typing methods, are more likely to accurately represent the
true relationships between the isolates, justifying the use of
these endonucleases in typing GAS isolates by PFGE. The use
of the Smal isoschizomer Cfr91 was essential in increasing the
typeability of macrolide-resistant GAS, since the majority of
the isolates presenting the M phenotype were refractory to
cleavage by Smal but were susceptible to digestion with
Cfr9I (Fig. 1). A combination of the two endonucleases is
therefore recommended for the characterization of macro-
lide-resistant GAS.

If two isolates belong to the same cluster according to Smal/
Cfr91, one can predict confidently that they will also share the
same emm sequence type (Wallace, 0.952). The reverse cor-
respondence, on the other hand, cannot be made with the
same certainty since only four out of five pairs of strains
sharing the same emm sequence type were also grouped into
the same Smal/Cfr91I cluster (Wallace, 0.803). Even consid-

TABLE 5. Diversity indices and Wallace coefficients for emm
typing and MLST data available from the online MLST database

No. of Wallace coefficient

types found

Simpson’s index of

Typing method diversity (95% CI)

MLST  emm typing
MLST 274 0.985 (0.982-0.988)  1.000 0.952
emm typing 155 0.978 (0.975-0.981)  0.655 1.000

ering that Smal/Cfr91 PFGE was comparable to emm se-
quence typing in terms of discriminatory power (Table 2), it
was more informative given its predictive power over emm
sequence typing (Fig. 3B).

T typing alone, although presenting a Simpson’s index of
diversity similar to that with emm sequence typing, separated
the isolates into groups that could not be mapped confidently
in any of the other typing methods, indicating that this meth-
odology is poorly congruent with any of the others (Fig. 3). The
combination of T typing and emm sequence typing showed a
discriminatory power comparable to that of Smal/Cfr9I (Table
2), but it did not improve the mapping relative to emm typing
alone as demonstrated by Adjusted Rand and Wallace coeffi-
cients (Table 3 and Table 4). A drawback of using the combi-
nation of these two methods was the reduced typeability of T
typing compared with all other typing methods and the neces-
sity of maintaining a set of specific sera for T typing.

When comparing the ST of the 795 isolates referenced in the
MLST database, what had started to emerge with our limited
data set of 41 isolates became clear: the majority of emm types
subdivide themselves into two or more ST (see Fig. SA3 in the
supplemental material). This is supported by a Wallace coef-
ficient of 0.655 when comparing emm types using MLST as a
standard. In the reverse comparison, a Wallace coefficient of
0.952 implies that when two strains have the same ST we will
only misclassify them according to their emm types once out of
every 20 pairs. These results show that clone definition by
MLST is more consistent than by emm sequence typing.
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The correspondences between the various typing methods tions, such as the probability matrices for agreement of type

illustrated in Fig. 3B argue that performing either PFGE using
Smal and Cfr91 endonucleases or MLST is sufficient to predict

assignments represented in the supplemental material (Fig.
SA4.1 and SA4.2), indicates that a consensus assessment of the

the emm type of the isolates with less than 5% error but that
one cannot accurately predict ST or Smal/Cfr91 PFGE types

relationships between the different types will soon be at hand.
Such a tool would allow not only for comparisons of typing

‘ ot tts-obtaimed-by-diff fods icbatso-facit

A comprehensive comparison between Smal/Cfr91 PFGE

the joint analyses of multiple typing methods.

and MLST is outside the scope of this paper. The limited data
available from the smaller data set of 41 isolates for which we
had MLST information suggested that there is a strong map-
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Supplemental Material

Table Al - Adjusted Rand coefficients calculated fo

with MLST information

r the 41 macrolide resistant GAS

T emm T+emm MRP? Smal/Cfrl Sfil MLST
typing typing typing 80% 68%
T typing 1.000
emm typing 0.607 1.000
T+emm typing 0.676 0.895 1.000
MRP? 0.162 0.338 0.283 1.000
Smal/Cirol 107 0721 0637 0290  1.000
80%
Sfil 68% 0.287 0.354 0.318 0.188 0.396 1.000
MLST 0.417 0.725 0.661 0.287 0.873 0.387 1.000

*MRP — Macrolide Resistance Phenotype

Table A2 - Wallace coefficient calculated for the 4

1 macrolide resistant GAS with MLST

information
T emm T+emm MRP®  Smal/Cfr9l Sfil

typing typing typing 80% 68% MLST
T typing 1.000 0.577 0.577 0.660 0.407 0.304 0.412
emm typing  0.836 1.000 0.836 1.000  0.709 0.388  0.709
T+emm typing 1.000 1.000 1.000 1.000  0.696 0.384 0.714
MRP? 0.318 0.333 0.279 1.000 0.286 0.216 0.284

Smal/Cfrol
80% 0.687 0.826 0.678 1.000 1.000 0.443 0.887
Sfil 68% 0.590 0.520 0.430 0.870 0.510 1.000 0.500
MLST 0.702 0.833 0.702  1.000 0.895 0.439 1.000

*MRP — Macrolide Resistance Phenotype
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MLBT sequence type
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Figure A2 — Relationship between MLST sequence type and emm sequence
type for the 795 strains that had unambiguous infor mation about both ST and
emm type in the S. pyogenes MLST database (http://s pyogenes.mist.net-
presently with a total of 847 total strains). The h  orizontal and vertical lines limit
the clusters with more than 4 elements. For each ty ping method, the five
clusters with more elements have the corresponding type identified on the
appropriate axis.
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Figure A3 — Relations between emm types and ST for 795 isolates referenced in
the online spyogenes.mslt.net database: (1) distrib  ution of emm sequence type
per MLST ST; (2) distribution of MLST ST per emm sequence type
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Figure A4 — Probability matrices for the concordanc e between emm sequence
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probability of the event in our data set of 41 stra  ins (1) probability of a strain
with a given emm sequence type having a ST type (2) probability of a strain
with a given ST type having an emm sequence type.
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Chapter VI

6.1. Final discussion

The technological advances in molecular biology and sequencing technology lead to
the development of the new sequence based typing methods. However the ability to
compared the obtained sequences to a central database and automatically assign a
type based on the sequence was fundamental for these new microbial typing
methodologies success. Behind such an apparently trivial procedure of submitting a
sequence and, almost instantly, a type being assigned, a considerable computational
power is needed to correctly store and compare the sequences, together with all
other information that is available for the isolate. The comparisons algorithms that
now take a matter of seconds or minutes to run, only 5 years ago have taken days or
weeks. Therefore the advances in computation, algorithm development and internet
technologies are also a major driving force in our capacity to analyze epidemiological
data in a global manner, since we now can compare thousands of strains present in
a database to our isolate of interest. Since this is a relatively new ability, methods of

organizing this data and analyzing are needed to cope with these novel challenges.

In chapters Il and Ill, we presented an online information system, where the flexibility
of design allowed a multi-centric international study. The ultimate goal of this
information system is the integration of data analysis and automated reporting to
become a fully fledged Open Source Epidemiological Information System where a
multi-centric approach is needed and data privacy of each centre can be enforced
while allowing the pooling of data for integrative analyses. These Epidemiological
Information Systems can be adapted for a multitude of studies and, since open
source code is provided, algorithms can be easily developed, implemented and tuned
for a multitude of studies from outbreak detection to population genetics studies. The
data model for the EURISWEB database can also be used as the first step to
construct an ontology of terms and concepts related to microbial typing and
epidemiological data. This could guide the construction of new databases and
facilitate the exchange of data between existing ones, which will prove he next
challenge for this information technology. The ability to query multiple databases
simultaneously pooling together information at different levels (phenotypic, genomic,

proteomic or metabolic levels) from a single microorganism or even strain, could
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provide us with new hypothesis and more refined details about the population
structure of microbial pathogens and whose factors are important for the virulence
and pathogenecity of some strains, providing us with new ways to circumvent the

morbidity and mortality caused by infectious agents.

In Chapter 1V, we propose the use of receiver operating characteristic curves, to
assess the goodness of classification of several commonly used band-based
similarity metrics for type and subtype classification of microbial isolates analyzed by
Pulsed-Field Gel Electrophoresis (PFGE). The methodology used allowed the
determination of a similarity threshold where a minimum misclassification error was
observed when compared to the commonly used criteria for assigning types
proposed by Tenover et al (1). It also provides a way to fine tune gel analysis
parameters such as band position tolerance. New similarity metrics (either band-
based or correlation measures) can also be tested to a visually classified collection
to determine if they provide better classification when compared to the ones
commonly used and presented in the article. Another possible use of the
methodology, instead of using known criteria for generic type/subtype classification,
is choosing some a group of strains with certain characteristics (i.e. increased
pathogenecity or virulence) and determine which set of parameters (band position
tolerance and cut-off value for group assignment) will provide best classification to
that group, fine tuning those parameters for the desired ratio between false positives
and false negatives: if we want to be sure to classify an unknown strain to the group
of selected strains we can allow for more false positives results, that can be latter
excluded to belong to the group of interest, than false negatives; Conversely if we are
searching a database for strains with particular characteristics to further study them
using some expensive method, we can allow for more false negative results and
fewer false positive ones, since analyzing a false positive result would involve an
unnecessary expense. Finally this methodology can be extended to any typing
method where a quantitative similarity level between isolates can be measured.

The image analysis procedures required by methods like PFGE, involve dedicated
commercial software such as Bionumerics, and their implementation as an online tool
is still difficult, given the bandwidth requirements for sending the gel images and the
computational power that would be required to do image analysis for several
concurrent users. But one of the unavoidable features of these commercial software
packages is exporting the data in a multitude of formats that can be submitted to the
online database and used for further studies. For instance the similarity matrixes for

all isolates obtained in gel analysis software can be uploaded to the database and
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algorithms such as the ones described in Chapter IV can be implemented and their
results made available to all the users. Also the raw image can be displayed on the

database, as described in Chapter I, allowing a visual confirmation of results.

In Chapter V, we describe a framework for relating multiple typing methods results
and illustrated its use using a collection of macrolide-resistant Streptococcus
pyogenes characterized by PFGE, T typing, emm typing and MLST. The aim of the
framework was to provide a quantitative answer to the question if a typing method
results could have been predicted by the results of another method. This is
particularly useful to determine if new typing methods are providing new information
or are redundant when compared with other typing methods or combination of typing
methods.

The application of this framework to large collections of isolates characterized by
different typing methods can also map type equivalences for different methods,
allowing the inference of results for a given method when results of other methods
are known. For that the indexes used could be expanded for allowing the
simultaneous evaluation of several methods. This methodology could also be further
adapted to provide a measure of strength of the phylogenetic signal that is recovered
by different typing methods: If a group of isolates always have similar type
assignments in different typing methods that can be interpreted as evidence of a
clonal relationship between isolates. Since the proposed measures can be applied to
any microorganism and typing method, another way to measure clonality in different
bacterial species could be how this mapping of typing results equivalences evolves
over time. Newly found type equivalences or diversification of types could indicate
exchanges of genetic material or phenotypic adaptations that could be further
investigated.

Another very useful extension of these measures could be the comparison of
different data analysis methods for the same typing method results. Recently, we
proposed the use of an information-theoretic similarity metric that takes into account
the relative frequency of alleles of each gene in the sample of the population present
in the MLST database to determine the distance between Sequence Types (See
Appendix), and the groups(putative Clonal Complexes) formed by the proposed

algorithm can be evaluated by the measures proposed in Chapter V.
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6.2. New solutions and New Problems

The paradigm shift that high-throughput methods and computational advances are
imposing on Biology in general is also being reflected in microbial typing: The huge
amount of data that is fast becoming available necessitates the use of integrative
approaches for the analysis of data and data-driven approaches are needed in
conjunction to the classical hypothesis driven theories. This is the new Systems
Biology, which is already assumed as the Biology of the XXI century.

Naturally, new ethical problems arise with these new approaches: Should all the
information in databases be made freely available? How can the privacy of the
subjects from whom the original samples where taken be preserved? How can we
trust the data submitted by third-parties? These questions can only be solved by
consortia responsible for validating the data available on these databases, and
enforcing the privacy issues.

Also, the capacity to store huge quantities of data can provide the studies with a new
level of quality control. Together with the data generated the complete experimental
protocol can be stored: information from which reagents where used to the lab
equipment can be stored and algorithms can mine the data in search for correlations.
This could determine if results are being biased from reagent batches and
equipment.

The new challenge will be how to store, exchange, analyze and interpret the ever-

growing wave of data without loosing perspective of the details.
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Abstract

Multi-locus Sequence Typing (MLST) is a microbial typing method
based upon sequencing internal fragments of 7 housekeeping genes
of a given strain and then assigning to each unique allele a number.
The final Sequence Type (ST) of a strain is a unique 7 number code
that characterizes the isolate. The algorithm used to calculate
relationships between strain types is eBURST (enhanced Based
Upon Related Sequence Types). Here we propose the use of an
information-theoretic similarity metric that takes into account the
relative frequency of alleles of each gene in the sample of the
population present in the MLST database to determine the distance
between STs. This metric can extend the eBURST algorithm,
providing further insight to phylogenetic relations between STs, since
the allele frequency for each gene varies widely in the majority of
microorganisms to which MLST has been applied.
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Introduction

Multi Locus Sequence Typing (MLST)(4) is a microbial typing method
based upon sequencing ~450-500 base pairs internal fragments of 7
housekeeping genes of a given strain and then assigning to each
unique allele a number, after comparing the sequence in an online
database(l). The seven number code obtained, designated
Sequence Type (ST), is also compared with the online database to
determine if the ST was previously encountered.

Determining accurately the double strand sequence of internal
fragments with automated DNA sequencers, allows MLST to have
the inter-laboratory portability and accuracy, desired in typing
methods used for tracking bacterial populations, while retaining
discriminating power.

Because of its characteristics, MLST has become widely used in
molecular epidemiology surveillance and microbial population
studies. In those fields, the typing method must have the ability to
determine the relationship between strains. For MLST, the
eBURST(2) algorithm is commonly used, being preferred to
dendrogram representations, which provide poor representations of
clonal emergence and diversification. The first step of eBURST
algorithm is the group creation. Every ST within an eBURST group
has a user-defined minimum number of identical alleles (n) (typically
n=6, creating the most exclusive group definition) in common with at
least one other ST in the group. Group assignment of STs is mutually
exclusive: a ST belongs only to a group. Using this group partition
method, several groups are created and some have only an ST.
These are called singletons, since they share only n-1 or less alleles
with other ST in the data set. The second step in the algorithm is the
primary group founder determination. The primary founder is
predicted on the basis of parsimony as the ST that has the largest
number of Single Locus Variants (SLVs: a single allele difference). In
case of two ST sharing the same number of SLVs, the one with
more Double Locus Variants (DLVs) is considered the founder. The
next step in the algorithm is assigning a statistical significance for
each of the group founders. This is performed using a bootstrap
resampling procedure, where for each group, resampling with
replacement is performed a user-defined number of times (typically
1000 times), and then the primary founders are re-assigned for each
group as previously described . A bootstrap value of 100% would be
assigned to a ST considered group founder for all the resamplings.
Using the eBURST algorithm, will also produce subgroups and
subgroup founders. These are STs connected with the group founder
and already have more than two SLVs of their own. Finally a
topology optimization procedure always maximizes the SLVs to the
primary group founder. The typical graphical output of eBURST
algorithm is presented in Fig 1.
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Observing the allele frequencies for the microorganisms in the MLST
databases, it strikes out the fact that they differ from locus to locus
and, at each locus, there is a predominant allele. In Figure 2, we
represent the allele frequency for gene aroe in Streptococcus
pneumoniae MLST database. In this study, we propose a similarity
metric that reflects the different allele frequency, and allows greater
flexibility in measuring ST relationships than simply counting the
number of differences between two alleles. This similarity metric,
proposed by Lin(3), derives of a definition of similarity using
Information Theory concepts.
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Figure 2 — Allele
frequency  for aroe
gene (locus 1) in S.
pneumoniae MLST

database
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In this definition , the similarity between A and B is measured by the
ratio between the amount of information needed to state the
commonality of A and B and the information needed to fully describe
what A and B are. We defined the information needed to fully
describe an ST as the logarithm of the product of the frequencies of
the observed alleles on that ST, resulting on the following formula for
similarity between STs:

m
. 2logf; Equation 1 — Similarity
sim(ST1ST2) = . =1 : between STs sharing m
log 1" +log "% alleles of a total t alleles.
=1 =1
Results

One of the characteristics of the information-theoretic similarity
metric used, is the capability to distinguish between SLVs. Since the
metric is based upon the frequency of the alleles, 3 STs , SLVs of
each other, have different similarity values between them if the non-
shared allele frequency varies. A comparison between SLVs with the
non-shared allele having low frequency in both, would yield a lower
similarity value than with one (or both) non-shared alleles with high
frequency. Also the frequency of the shared alleles plays a part on
the similarity metric. Lower frequency in the shared alleles yields
higher similarity values than higher frequency. This nicely translates
the fact that STs with rarer (lower frequency) alleles shared must be
more related than STs with common (high frequency) alleles.
Calculating the similarity using this metric for the Streptococcus
pneumoniae MLST database, we also found out that the lowest
similarity value for SLVs in the database was 0.58 and, at those
similarity similarity values, DLVs and Three Locus Variants (TLVS)
were also found. The biological meaning of this finding is still under
study, but it indicates that sometimes is more probable changing 2 or
3 higher frequency alleles in the population than a single lower
frequency allele.

Using the 0.58 similarity value as a cut-off value for group formation
(all STs with similarity greater than 0.58 where considered belonging
to the same group) and comparing with eBURST group 1 for
Streptococcus pneumoniae we also found that 17 STs found in
eBURST Group 1 where not connected to ST 156 (i.e. had similarity
values lower than 0.58) using our method and that 5 eBURST
singletons were considered connected to ST 156.

Further studies are in progress to access this similarity in different
microorganisms that have different recombination rates in the
population for the genes used in their MLST schemas.
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Conclusions

The information-theoretical definition of similarity used in this study is
an ‘evolutive’ metric since as new alleles are added to the database,
their frequencies change and the distances change reflecting the
new allele distribution. This can effectively enhance the eBURST
algorithm, opening new possibilities when exploring strains
relatedness and studying microbial population biology.
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