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Pulsed-field gel electrophoresis (PFGE) has been the typing method of choice for strain identification in
epidemiological studies of several bacterial species of medical importance. 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 similarity coefficients, such as the Dice or the Jaccard coefficient, are then used for dendrogram
construction, which provides a quantitative assessment of strain similarity. PFGE type assignment is based on
the definition of a threshold linkage value, below which strains are assigned to the same group. This is typically
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 construction. Furthermore, the use of a linkage method skews the original similarity
values between strains. In this paper we assess the goodness of classification of several band-based similarity
coefficients by comparing it with the band difference number for PFGE type and subtype classification using
receiver operating characteristic curves. The procedure described was applied to a collection of PFGE results
for 1,798 isolates of Streptococcus pneumoniae, which documented 96 types and 396 subtypes. The band-based
similarity coefficients were found to perform equally well for type classification, but with different proportions
of false-positive and false-negative classifications in their minimal false discovery rate when they were used for

subtype classification.

Several national and international surveillance studies have
been collecting data on the antimicrobial resistance of several
bacterial species, namely, Staphylococcus aureus and Strepto-
coccus pneumoniae (3, 4, 13, 14, 17, 21, 25). In the majority of
these studies, pulsed-field gel electrophoresis (PFGE) (20) has
been the typing method of choice for clonal type and subtype
identification. These large data collection studies provide an
excellent resource for the identification of the emergence and
the subsequent spread of new clones, which is of particular
importance for the tracking of outbreaks as well as obtaining
an understanding of the propagation of particular traits, such
as resistance to antibiotics. PFGE is also widely used for ex-
changing clonal identification data between different laborato-
ries, because it has a high interlaboratory reproducibility (6,
17). Its high discriminatory power (24) and relative cost-effec-
tiveness also justify why PFGE is often considered favorably in
comparison with complementary typing 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
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the number of band differences between two lanes proposed by
Tenover et al. (23): if two strains differ by up to six bands,
counted in both lanes, they are considered the same type.
However, these authors pointed out that this method of clas-
sification should be used in outbreak studies only and should
be backed up with other relevant typing data, such as antibiotic
resistance.

Nevertheless, in the majority of longitudinal studies, the use
of this criterion (22) yields good discrimination results, partic-
ularly when a small number of strains with distinct patterns are
being compared (5, 15, 19). This is usually confirmed by visu-
ally inspecting the cluster tree to find the cutoff linkage value
that agglomerates the band patterns, in accordance with the
criteria of Tenover et al. (23).

However, as the number of strains to be clustered increases,
this procedure will eventually fail to work because the same
difference will span different groupings. This observation is a
reflection of the fact that type definitions are arbitrary, in the
sense that they reflect the process of strain identification 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
cutoff value when a new strain is added to the collection.

A possible solution to the classification instability would be
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
highest similarity value determined to recognize membership
in the same type. Such a solution would also require the de-
termination of which band similarity coefficient best repro-
duces the reference classification. Accordingly, in this paper we
evaluate the commonly used band-based similarity 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
Streptococcus pneumoniae visually classified, using the criteria
of Tenover et al. (23), into 96 types and 396 subtypes. The
assessment of goodness of classification of the different simi-
larity coefficients is performed by using receiver operating
characteristic (ROC) curves (8) to determine the ability of the
different similarity measures to discriminate the visually rec-
ognized groups. The method described in this paper highlights
the critical value of large visually classified strain collections as
the foundation for the computerized automation of their clas-
sification. However, once the most effective similarity measure
is found, the prospect is raised that the classification itself may
be worth redefinition to adjust it to the natural granularity of
the microbial population.

MATERIALS AND METHODS

Pulsed-field gel electrophoresis. In this study we analyzed a collection of
Streptococcus pneumoniae strains collected from children attending day care
centers in Lisbon, Portugal, between 2000 and 2004 (9, 21). Chromosomal DNA
preparation, restriction with Smal endonuclease, and PFGE were done as de-
scribed previously (19).

Visual similarity group (VSG) assignments. PFGE patterns were assigned to
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
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
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
information, such as antibiotic resistance patterns and, more recently, multilocus
sequence typing information.

The type and subtype names were assigned one or more capital letters. The
first pattern identified for a subtype in a type was assigned only a capital letter
(e.g., A), and the remaining subtypes were named with capital letters and num-
bers (e.g., A2 and A3).

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
TIF images. For each image, spectral analysis included in the software was used
to determine 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 the
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,
and in the lane before the last. Fifteen bands from 16,320 bp to 340,914 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
sequence of Smal (CCC/AGGG) 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.

On all gel images, band assignment was manually curated after automatic band
detection. This step is of paramount importance, since there are band intensity
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TABLE 1. Band-based similarity coefficients between any two gel
band patterns, i and j

Coefficient Formula®
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¢ Similarity (S,;j) is calculated as described, where n, is the number of bands
occurring only in pattern i,n; is the number of bands shared between the two
patterns, and N, is the total number of bands in pattern i.

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 software was then used to calculate the alternative band pattern similarity
coefficients. For the 1,798 isolates used in this study, a comparison was created
and the corresponding similarity matrices were exported by using the four dif-
ferent band-based similarity coefficients (the Dice, Jaccard, Jeffrey’s X, and
Ochiai coefficients) and two curve-based correlation coefficients (the Pearson
and Cosine coefficients). For the comparative evaluation of the different band-
based coefficients, the optimization parameter was evaluated with a range of
band position tolerances of from 0% to 8%.

Band-based similarity coefficients. The four most popular band-based simi-
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.

Also, the Pearson and Cosine correlation coefficients were considered for
reference. Generally, these two methods yield lower similarity values than band-
based methods, since they take into account all the densitometric curve values,
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 the intensities of bands are to be considered, such as AFLP (16, 26), but
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
compared.

ROC curves. ROC curves were used to assess the classification by use of the
different similarity coefficients. This method, created in signal detection theory,
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
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
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-positive classifications over the total number of positive classifications,
also named the sensitivity or the true-positive rate, versus the false-positive rate,
or 1 — specificity (Table 2), which is the ROC curve.

The area under a ROC curve (AUC) is the parameter employed to quantify
the goodness of classification of the classifier being tested, since it is a threshold-
independent performance measure. For a perfect classifier the AUC is 1, and for
a random classifier the AUC is 0.5. Additional results and a comprehensive
discussion of the AUC measure are provided elsewhere (1, 2).

RESULTS

The PFGE patterns of 1,798 distinct strains of S. pneu-
moniae were visually classified into 96 types and 396 subtypes,
with the assistance of Bionumerics software, at the Laboratory
of Molecular Genetics of Instituto de Tecnologia Quimica e
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TABLE 2. ROC curve parameters

Parameter

Formula”

Sensitivity, Or true-positive Tate ........c.ccoeeeeeeeeeeeeeeneene

Specificity

1 — specificity, or false-positive rate ..........cococevvvvevecvrecunees

“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
determine the optimal parameter settings, i.e., band position
tolerance values. In this study, this is the most important pa-
rameter for accurate band matching between two different
lanes.

For example, in Fig. 2, ROC curves are plotted for the
comparison of the visual type assignments of the band and
Dice coefficient values for different band position tolerance
settings. This illustrates how best the tolerance value for the
Dice coefficient can be determined. The table inset in Fig. 2
provides the corresponding AUC values. The Pearson corre-
lation coefficient AUC value is also included to illustrate the
relative inefficient classification of correlation similarity coef-
ficients (AUC of 0.901 versus an AUC up to 0.984 for the Dice
coefficient). Even worse performance was found for the Cosine
correlation coefficient, with an AUC value of 0.882 (not plot-
ted).

The goodness of classification, as assessed by the AUC, for
the alternative similarity coefficients considered in this study is
represented in Fig. 3. All the band-based similarity coefficients
(the Dice, Jaccard, Jeffrey’s X, and Ochiai coefficients) behave
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.
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FIG. 1. Representation of VSG classification and band patterns for
the 1,798 strains of S. pneumoniae. In the upper part (visual similarity
group classification matrix), the black areas represent PFGE subtypes
and the gray areas represent PFGE types. The most represented
groups (PFGE types) are (point 1) A (67 isolates), (point 2) AO (65
isolates), (point 3) B (292 isolates), (point 4) DDD (51 isolates), (point
5) E (187 isolates), (point 6) FF (238 isolates), (point 7) M (131
isolates), (point 8) MM (107 isolates), (point 9) R (57 isolates), and
(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 PFGE patterns visually.

As shown in Fig. 2 (and also in Fig. 3B), for type classifica-
tion the optimal band position tolerance was found to be 1.7%
for all band-based similarity coefficients, with an AUC of 0.984.
For subtype classification (Fig. 3A), the optimal settings were
found for higher band position tolerance values, 2.5%, which
also correspond to a higher AUC of 0.995, which is the same
for all band-based similarity coefficients Again, correlation co-
efficients yielded a lower AUC of 0.906 for the Pearson corre-
lation coefficient and 0.898 for the Cosine coefficient.

Although the different band-based similarity coefficients are
surprisingly equivalent regarding the goodness of classification,
the proportions of true-positive and false-positive subtype clas-
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FIG. 2. ROC curves for several band position tolerances of the
Dice coefficient in type classification. The maximum AUC value, 0.984,
was found for a band position tolerance of 1.7%. The random classi-
fication (straight diagonal; AUC, 0.5) and the underperforming Pear-
son’s correlation coefficient (AUC, 0.901) are plotted for reference.

sifications differ. Figure 3C and D represents the contribution
of false-positive or false-negative classifications on the total
classification error.

For each band position tolerance, the point where the sim-
ilarity coefficient threshold had a minimum absolute classifica-
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
1.7% band position tolerance (Fig. 4).

For subtype classification at a 2.5% band position tolerance,
the Dice and Jaccard coefficient (Fig. 3C) classifications re-
sulted in fewer false-negative classifications and, conversely,
more false-positive classifications than the Ochiai and Jeffrey
coefficients. The same is true for the absolute numbers of
misclassifications (data not shown).

Regarding the type classification, band-based similarity co-
efficients also performed equally well (Fig. 3B), but the heter-
ogeneity of band patterns included in each type is reflected by
the persistence of false-negative classifications for wider band
position tolerance values. At a band position tolerance of
1.7%, the four band-based similarity coefficients are nearly
indistinguishable in terms of the contribution of false-positive
and false-negative classifications to the type classification er-
ror.

These calculated optimal position tolerance settings apply
only to the data analyzed in this study, although it is a very
good starting point for data obtained by the same PFGE pro-
tocol, since the running conditions should be similar and
should generate similarly resolved band patterns.

As suggested by the results plotted in Fig. 3, the fact that the
four band-based similarity coefficients performed equally well
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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 existing isolates. New isolates are classified by incremen-
tally assigning them to a type or a subtype of the previously
classified isolates already described in databases. This solution
pragmatically produces guidelines for group recognition, as
prescribed by the widely used criteria of Tenover et al. (23)
detailed in the introduction. However, when enough isolates
have been processed in this fashion, the collection of results
can be analyzed to identify an equivalent computational pro-
cedure. In order to achieve that goal of automation of manual
classification, it is necessary to assess alternative metrics to
quantify band pattern dissimilarity and also to determine its
most discriminant settings: the band identity tolerance and the
similarity threshold value for positive classification in the same
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. pneumoniae isolates was analyzed for determination of the
settings that maximize the goodness of classification by use of
the alternative band-based similarity coefficients—the Dice,
Jaccard, Jeffrey’s X, and Ochiai coefficients—and also, for ref-
erence, densitometric curve-based correlation coeffi-
cients—the Pearson and Cosine coefficients.

As expected, discrete band-based similarity coefficients
clearly outperformed the correlation coefficients, leading to a
much higher goodness of classification, as assessed by the area
under the ROC curve. Surprisingly, all of the band-based sim-
ilarity coefficients tested were found to be equally discriminant
for both type and subtype (Fig. 3). That is, all of the four
similarity coefficient band-based formulations (Table 1) will
produce the same percentage of erroneous classifications for a
given band identity tolerance value (Fig. 3A and B). However,
this does not necessarily imply that the erroneous classifica-
tions will include the same proportion of false-negative and
false-positive classifications.

As noted above, the results presented in Fig. 3 for the de-
pendence of goodness of classification, as assessed by the cor-
responding AUC value, suggest not only that the four band-
based methods will perform equally well but also that they will
perform equally well for the same band tolerance values (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 coefficients tested for different band position tolerances for subtype (A) and type
(B) classification. Contribution of false-positive and false-negative classifications for the total classification error in subtype (C) and type (D). The
Dice coefficient is identified by squares, the Jaccard coefficient is identified by diamonds, the Ochiai coefficient is identified by asterisks, the Jeffrey’s
X coefficient is identified by circles, the Pearson coefficient is identified by a dotted line without markers, and the Cosine coefficient is identified
by a solid line without markers. For panels C and D, FP classifications are represented by gray dotted lines, and FN classifications are represented

by black solid lines.

type and subtype classifications. However, inspection of the
corresponding proportions of FP and FN classifications (Fig.
3C and D) shows that, for subtype classifications (Fig. 3C), the
Dice and the Jaccard coefficients will yield comparatively more
FP classifications and fewer FN classifications than Jeffrey’s X
or the Ochiai coefficient. This distinction is the most pro-
nounced when the goodness of classification (AUC) is maxi-
mal. It is also interesting that for subtype classification with
exaggerated band identity tolerance values, the erroneous clas-
sifications will be heavily dominated by false-positive classifi-
cations. In contrast, neither of these observations is valid for
type classification (Fig. 3D), where the proportion of false-

positive and false-negative classifications is not noticeably dif-
ferent between the band-based methods assessed, and high
band tolerance values do not cause false-positive classifications
to predominate. It is also noteworthy that the proportions
themselves (Fig. 3D) are somewhat erratic, which is a reflec-
tion of the fact that any of the two band patterns classified as
the same type can have up to six band differences, allowing for
a great heterogeneity of patterns.

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 lower molecular 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
FP rate TP rate Threshold FP rate 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.
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