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Abstract

We introduce a new method for identifying optimal incomplete data sets from large sequence databases based on the graph the-
oretic concept of a-quasi-bicliques. The quasi-biclique method searches large sequence databases to identify useful phylogenetic data
sets with a specified amount of missing data while maintaining the necessary amount of overlap among genes and taxa. The utility of
the quasi-biclique method is demonstrated on large simulated sequence databases and on a data set of green plant sequences from
GenBank. The quasi-biclique method greatly increases the taxon and gene sampling in the data sets while adding only a limited
amount of missing data. Furthermore, under the conditions of the simulation, data sets with a limited amount of missing data often
produce topologies nearly as accurate as those built from complete data sets. The quasi-biclique method will be an effective tool
for exploiting sequence databases for phylogenetic information and also may help identify critical sequences needed to build large
phylogenetic data sets.
� 2005 Elsevier Inc. All rights reserved.
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1. Introduction

The rapidly growing amount of DNA and protein se-
quence data provides a wealth of information from
which to infer evolutionary histories. Evolutionary biol-
ogists are now challenged to find ways to optimally uti-
lize existing sequence data (Sanderson and Driskell,
2003), and today many phylogenetics and comparative
biology studies use some sequence data obtained from
public databases. With the availability of genomic data,
several recent phylogenomic studies have assembled
large sequence alignments with data mostly or exclu-
sively obtained from public databases (Bapteste et al.,
2002; Driskell et al., 2004; Lerat et al., 2003; Rokas
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et al., 2003). Furthermore, constructing large sections
of the Tree of Life will doubtlessly require combining se-
quence data from many different studies (Cracraft and
Donoghue, 2004). Yet few formal methods exist for
exploiting sequence databases, like GenBank (http://
www.ncbi.nlm.nih.gov) or Swiss-Prot (http://us.expasy.
org/), to obtain the best possible phylogenetic data sets
(Sanderson et al., 2003). The most useful phylogenetic
data set will include many taxa and genes with a limited
amount of missing data. Identifying such data sets re-
quires optimizing the tradeoff between increasing gene
and taxon sampling and limiting the missing data. We
present a new method that uses graph theoretic tech-
niques to identify optimal data sets from large sequence
databases.

Sequence databases often have sparse distributions of
sequences among all taxa. A few taxa (such as Arabidop-
sis thaliana and Drosophila melanogaster) have many
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Fig. 1. An example of a biclique representation of a sequence data
matrix. (A) Sequence data matrix with six genes and six taxa. The filled
(black) cells represent sequence data, and the empty cells represent
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sequences, and a few genes (such as rbcL in plants or
coxI in animals) have been sequenced from many taxa
(Sanderson and Driskell, 2003). However, there are
few large sets of taxa that have many common gene se-
quences (Sanderson and Driskell, 2003; Sanderson et al.,
2003), and even data sets from many large phylogenetic
studies contain some missing gene sequences (e.g., Mur-
phy et al., 2001; Qiu et al., 1999). Recently, Sanderson et
al. (2003) described an approach to identify the largest
complete data sets from sequence databases. In a com-
plete data set, each taxon has sequence data for all
genes. However, it may be possible to identify much lar-
ger data sets if the search method allows a limited
amount of missing data, or holes, in the data set.
Though missing data can be problematic for phyloge-
netic inference, a limited number of holes may have little
or no effect (e.g., Kearney, 2002; Wiens, 1998). We
adapt the approach of Sanderson et al. (2003) to present
a new method for identifying optimal incomplete data

sets, or data sets that contain some holes, and demon-
strate the utility of this method with simulated databases
and a set of green plant sequences from GenBank.
holes or missing data. (B) The data matrix as a bipartite graph. An
edge connects a taxon and a gene if the taxon has sequence data for the
gene. The bipartite graph {(A,C,E),(3,4,5)} is a 3 by 3 maximal
biclique, and its edges have solid lines.
2. Materials and methods

2.1. Definitions

The method a-quasi-biclique sampling, or quasi-bic-
lique sampling for short, searches for optimal incom-
plete data sets from sequence databases in a way that
limits the amount of missing data and ensures that there
is necessary taxonomic overlap among gene sequences.
First, a sequence database is represented as a bipartite
graph (Fig. 1). A bipartite graph has two sets of nodes,
one representing the genes in the database and the other
representing the taxa (Fig. 1). An edge connects a taxon
node and a gene node if the gene sequence exists for the
taxon (Fig. 1). The graph representation of a complete
data set is a biclique (Fig. 1; Sanderson et al., 2003).
Within a biclique, edges connect all gene nodes with
all taxon nodes. If a biclique cannot be extended by add-
ing additional genes or taxa, it is a maximal biclique

(Fig. 1). Thus, the largest complete data sets in a data-
base can be identified using graph theoretic methods
that identify maximal bicliques (Sanderson et al., 2003).

Quasi-biclique sampling extends complete data sets
(maximal bicliques) by adding taxa that have sequence
data from a specified percentage of the genes in the origi-
nal maximal biclique and/or adding genes for which a
specified percentage of the taxa have sequence data (Fig.
2). When a bipartite graph lacks some edges, it is a qua-

si-biclique, and the specified percentage of missing edges
is the a- level of the quasi-biclique. For example, if a max-
imal biclique contains three genes and three taxa, a 66%-
quasi-biclique also would include all the taxa with
sequence data from two of the genes in the maximal bic-
lique and/or any genes with sequence data from two of
the taxa in the maximal biclique (Fig. 2). The amount of
holes in the quasi-biclique data set can be controlled by
changing the a- level. If only taxa or only genes are ex-
tended, then the minimum percentage of data present,
or saturation, in the quasi-biclique data set is a%nomatter
how many taxa or genes are added. However, if both the
genes and taxa are extended, there is no minimum satura-
tion.The formal definitions anddescription of themethod
follow.

A sequence database S is represented as the bipartite
graph G = (X,Y,E). The node sets X and Y represent
the genes and the taxa of the database sequences, respec-
tively. An edge {x,y} 2 E exists if and only if the data-
base contains a sequence for gene x and taxon y. A
complete data set in the sequence database S is a biclique

in G, that is an ordered pair (XB,YB) such that XB ˝ X

and YB ˝ Y where {x,y} 2 E for any x 2 X0 and y 2 Y0.
The biclique (XB,YB) is maximal, if there is no biclique
ðX 0

B; Y
0
BÞ such that ffx; yg : x 2 XB; y 2 Y Bg � ffx; yg :

x 2 X 0
B; y 2 Y 0

Bg.
An a-extension of a biclique (XB,YB) is an ordered

pair (XE,YE) where XE ˝ (X � XB) and YE ˝ (Y � YB)
such that at least a% of the nodes in each of the node
sets XB and YB are connected through edges to all nodes
in XE and YE, respectively. An a-extension (XE,YE) of a
biclique (XB,YB) is maximal, if jX 0

Ej 6 jXEj and
jY 0

Ej 6 jY Ej for any a-extension ðX 0
E; Y

0
EÞ of the biclique

(XB,YB). Note that any biclique has a maximal a-exten-



Fig. 2. Examples of the a-quasi-biclique search strategy of the data set from Fig. 1. First, a maximal biclique, {(A,C,E),(3,4,5)}, is identified, and this
represents a complete data set. Next the maximal biclique is extended. The 66%-quasi-biclique extension adds all genes or taxa with edges connected to
2 of the 3 nodes of a node set in the original maximal biclique. The new edges are shown with dashed lines, and the saturation of the 66%-quasi-biclique
{(A,C,D,E),(2,3,4,5)} is 13/16 = 81%. The 33%-quasi biclique adds all taxa and genes with edges connected to 1 of the 3 nodes in the node set in the
original maximal biclique. The new edges are shown with the light dashed lines, and the saturation of the 33%-quasi-biclique data set is 17/25 = 68%.
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sion that is unique. An a-quasi-biclique is an ordered
pair (XB [ XE, YB [ YE) where (XB,YB) is a maximal
biclique and (XE,YE) its maximal a-extension. The satu-
ration of an quasi-biclique (XQ,YQ) is defined as
s (XQ,YQ) = |{{x,y} 2 E: x 2 XQ and y 2 YQ}|/(|XQ||
YQ|), that is the number of edges between nodes from
XQ and YQ normalized by all possible edges between
nodes from XQ and YQ.

2.2. Simulation study

The performance of the quasi-biclique method was
examined using 50 large simulated databases. Each simu-
lated database contains 700 taxa. Each taxon has 50,000
base pairs (bp) of sequence data, representing 100 genes
that are each 500 bp in length. The 7:1 species to gene ra-
tio is approximately that found in the Swiss-Prot se-
quence database. To simulate the data, a 700-taxon
model tree was generated for each database using the de-
fault parameters of the YULE_C procedure in r8s (San-
derson, 2003). This produced trees according to the
conditional Yule birth process that fixes the time between
the root of the tree and the tips (Ross, 2000). Sequences
were generated for each model tree using Seq-Gen (Ram-
baut and Grassly, 1997). The sequences were simulated
according to the Kimura 2-parameter (K2P; Kimura,
1980) model, with equal nucleotide frequencies and a
transition to transversion ratio of 2:1. Among site rate
variation also was incorporated into the simulations
using with a four-category, discrete gamma distribution
with a shape parameter, a, of 0.5 (Yang, 1994). Since all
sites in the simulated alignment are independent and
identically distributed, each consecutive 500 bp block
was considered a separate gene. A consecutive sequence
of 500 bp in a block for single taxon is called a cell. The
complete simulated database with no missing informa-
tion is a complete database. To create a sparse distribution
of sequences in the simulated databases, in 10 sequence
databases, cells were deleted by assigning each cell an
80% chance of deletion, and in 40 simulated databases,
cells were assigned a 90% chance of deletion. After the
cells are deleted, the simulatedmatrix is an x% incomplete

database, where x is the percentage of deleted cells.

2.3. Quasi-biclique search

Maximal bicliques were identified in the incomplete
databases using the algorithm of Alexe et al. (2002; see
Sanderson et al., 2003). Maximal bicliques with at least
five genes and five taxa were identified in the 80% incom-



Table 1
Summary of the a-quasi-bicliques from simulated data sets

Quasi-biclique (%) Taxa Genes Saturation Norm. MAST

(A) 80% incomplete database

80 10.86 5.08 0.91 0.97
60 44.45 6.84 0.58 0.84
50 44.45 13.84 0.41 0.78
40 187.06 14.24 0.30 0.61
30 187.68 38.00 0.24 0.66
20 474.31 38.40 0.22 0.68

(B) 90% incomplete database

80 6.00 4.00 0.96 1.01
70 7.00 4.00 0.93 1.06
60 24.86 4.13 0.74 0.93
50 24.68 5.05 0.54 0.87
40 26.31 6.05 0.49 0.88
30 193.64 13.46 0.18 0.37
20 194.93 17.75 0.16 0.38

The number in the ‘‘Quasi-biclique’’ column denotes the a level. The
next two columns show the average number of genes and taxa in the a-
quasi-bicliques. The ‘‘Norm. MAST’’ is the ratio of the MAST scores
for the phylogeny made with missing data to the phylogeny made
without any missing data (from the complete database). (A) The a-
quasi-bicliques found in the 80% incomplete database, and (B) The a-
quasi-bicliques from the 90% incomplete database.
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plete databases, and maximal bicliques with at least
three genes and five taxa were identified in the 90%
incomplete databases. Each maximal biclique was ex-
tended to a a-quasi-biclique using all possible values of
a. For example, in a five by five maximal biclique, the
a level can be 80, 60, 40, or 20%.

The effect of extending the maximal bicliques on phy-
logenetic accuracy was examined by comparing trees
built from the quasi-bicliques with trees built from com-
plete data sets of the same genes and taxa. Phylogenetic
inference was done using maximum parsimony (MP)
with PAUP* (Swofford, 2003). The parsimony heuristic
searches uses a TBR branch swapping starting from a
tree constructed with random sequential addition, and
a maximum of five parsimonious trees were saved. If
the heuristic search found more than one equally parsi-
monious tree, a majority rule consensus tree of the opti-
mal trees was constructed. This heuristic search strategy
may not be considered thorough for the larger data sets.
However, the purpose of this study is to compare trees
made from incomplete and complete data sets, and since
the heuristic was applied to both data sets, it should not
affect this comparison.

The accuracy of each parsimony tree was measured
by calculating the maximum agreement subtree (MAST;
Gordon, 1980; Kubicka et al., 1992) of the MP tree and
the true model tree using PAUP* (Swofford, 2003). The
MAST score is the number of leaves (taxa) in the MAST
divided by the total number of leaves in the MP tree
(e.g., Chen et al., 2003; Eulenstein et al., 2004). If the
MP tree and the true model tree have identical topolo-
gies for their shared taxa, then the MAST score would
be 1, and if the MP tree differs from the true topology,
the MAST score will be less than one. To estimate the
effect of the missing cells on the phylogenetic inference,
the MAST scores from the MP trees constructed from
the quasi-biclique data sets were compared to the
MAST scores fromMP trees made from the correspond-
ing complete data sets. The normalized MAST score is
the MAST scores from the quasi-biclique MP tree di-
vided by the MAST score from the complete data set
MP tree. If the two trees are identical, the normalized
MAST score will be one. If the quasi-biclique MP tree
is more accurate (closer to the true model tree) then
the complete data set MP tree, than the normalized
MAST will be greater than one, and if the complete data
set MP tree is more accurate, then the normalized
MAST will be less than one.

2.4. Empirical data set

The distribution of missing data in the simulated
data sets likely differs from real data sets. Therefore,
we also tested the quasi-biclique search method on a
real data set from GenBank. Sanderson et al. (2003)
used a cluster set of green plant genes from GenBank
to identify the largest complete data sets. The sequence
data was extracted from the GBPLN flat files in release
127.0 of GenBank from December, 2001. Sanderson et
al. (2003) identified 657 ‘‘clusters,’’ or putative ortholo-
gous genes with sequences from at least four taxa, in
the original GenBank data. Overall, the clusters contain
at least one sequence from 10,141 total taxa. There
were 14 maximal bicliques with at least 13 taxa and
13 genes in the cluster set. These maximal bicliques
are not independent because many of the maximal bicl-
iques share common sequences. Quasi-biclique searches
started from each of these 14 maximal bicliques, and
the a-quasi-bicliques were extended from 90 to 10%,
in increments of 10%. A sample file describing the dis-
tribution of genes in this data set and a script that will
identify the quasi-bicliques is available at http://
ginger.ucdavis.edu.
3. Results

3.1. Simulation study

3.1.1. Identifying quasi-bicliques

On average, 10 maximal bicliques with at least five
taxa and five genes were found in each 80% incomplete
database, and 15 maximal bicliques with at least five
taxa and three genes were found in the 90% incomplete
database. The number of taxa rapidly increased as the
maximal bicliques was extended into quasi-bicliques,
though the increase was slower in the 90% than the
80% incomplete databases (Table 1). For example, in
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the 80% incomplete database, the 20%-quasi-bicliques
contain 473 taxa of the 700 taxa on average while in
the 90% incomplete databases, they contain 194 taxa
on average (Table 1). The number of genes increased
to an average of 38 in the 80% incomplete database
and 18 in the 90% incomplete database (Table 1).

3.1.2. Phylogenetic inference of quasi-biclique data sets

Phylogenies built from quasi-biclique data sets with
relatively high saturation are often at least as accurate
as phylogenies built from complete data sets (Table 1;
Fig. 3). The average normalized MAST score for the
80%-quasi-bicliques is close to 1 in both the 80 and
90% incomplete databases (Table 1). In the 80%
incomplete databases, trees made from 60%-quasi-bicl-
iques, which have on average 41% of their cells miss-
ing, still have a MAST score that is 84% as high as
the MAST score of trees made without any missing
data (Table 1A, Fig. 3A). In other words, 41% missing
Fig. 3. Graph of a-quasi-biclique saturation versus the normalized MAST sc
was created from the 80% incomplete database, and (B) was created from th
data results in only a 16% loss of accuracy. In the 80%
incomplete database, the average normalized MAST
scores never decrease below 60%, even when more
than 75% of the cells are missing (Table 1A). In the
90% incomplete databases, trees made from 40%-qua-
si-bicliques (with 49% saturation) are nearly 90% as
accurate as trees made without holes (Table 1B). In
the 90% incomplete databases, the number of taxa
and genes rapidly increases at the 30% a level, and
at this point, the normalized MAST scores decrease
markedly (Table 1B).

3.2. Green plant database

The a-quasi-biclique search of the green plant cluster
data sets added many genes to the data sets while adding
very few holes (Fig. 4A; Table 2). The 80%-quasi-bicli-
ques have 14 genes more than the maximal bicliques
on average, and the average saturation is still greater
ore. Each point on the graph represents a different quasi-biclique. (A)
e 90% incomplete simulated databases.



Fig. 4. Graph of the average size of a-quasi-bicliques made from a
data set of green plant genes from GenBank. Quasi-biclique data sets
were constructed from 14 maximal blicliques that contain at least 13
genes and 13 taxa found in set of putative orthologous genes from
green plants that were extracted from GenBank. The line shows the
change in the average number of taxa (A) or genes (B) in the data sets
as the a level changed.

Table 2
Average a-quasi-bicliques from a set of green plant sequences from
GenBank

Quasi-biclique (%) Taxa Genes Saturation

100 13.5 20.4 1.000
90 14.3 29.6 0.964
80 15.1 34.5 0.930
70 15.7 50.6 0.842
60 16.3 60.4 0.792
50 16.7 67.0 0.752
40 21.3 73.1 0.611
30 35.6 119.2 0.301
20 39.9 248.5 0.181

There were 14 maximal bicliques with at least 13 taxa and 13 genes in a
set of 657 clusters of putative orthologs in green plant taxa found in
GenBank. A quasi-biclique search was performed starting from these
maximal bicliques using a levels from 20 to 90%, in 10% increments.
Table shows the average number of genes and taxa, as well as the
average saturation, in the a-quasi-bicliques. The number in the ‘‘Quasi-
biclique’’ column denotes the a level.

C. Yan et al. / Molecular Phylogenetics and Evolution 35 (2005) 528–535 533
than 90% (Table 2). In the 70%-quasi-biclique searches,
the average number of genes has more than doubles to
over 50 while the average saturation is still 84% (Table
2). The number of genes increases very rapidly at the
30 and 20% a level (Fig. 4A, Table 2). The number of
taxa in each a-quasi-biclique increases little until the
20 or 30% a level (Fig. 4B, Table 2). The 20%-quasi-bic-
lique search added 26 taxa on average to each data set
(Table 2). The overall saturation level of the a-quasi-
bicliques remains relatively high, at least compared to
the a level, until the 30% a level (Table 2).
4. Discussion

The a-quasi-biclique search method can greatly in-
crease the taxon and gene sampling of complete data
sets while adding only a small percentage of holes. In
the simulated 90% incomplete databases, over four times
as many taxa were in 60%-quasi-biclique data sets than
the 80%-quasi-biclique data sets, and in the set of green
plant genes from GenBank, the average number of genes
per data set increased from 20 to 50 while still having
only 15% missing data (Table 2). The distribution of
the sequences in the database determines the perfor-
mance of the quasi-biclique search. In the simulated
data sets, taxon sampling rapidly increases, but the
number of genes increases little until the 50%-quasi-bicl-
iques (Table 1). This likely is due to the presence of se-
ven times as many taxa as genes and the random pattern
of missing data. In contrast, the number of green plant
genes increases rapidly, while the number of taxa re-
mains low (Fig. 4, Table 2). In the GenBank data set,
most taxa have very few sequences. The taxon sampling
could be increased by reducing the number of genes in
the original maximal biclique or by reducing a even
further.

The distribution of genes among taxa in the simu-
lated data sets likely is different from that found in most
empirical data sets. Each sequence database will have a
different distribution of sequences among taxa, and the
distribution of sequences may vary among taxonomic
groups and change through time. Thus, it is difficult to
determine what a realistic pattern of missing data would
be. However, since the a-quasi-biclique search method
greatly increased sampling in databases that have very
different patterns of missing data, it likely will be useful
in many different databases.

Though quasi-biclique data sets often are much larger
than complete, maximal biclique data set, they will be of
limited use for phylogenetics if the holes in the matrices
greatly reduce phylogenetic accuracy. The simulation
experiment suggests that a limited amount of missing
data may have little, if any, effect on the accuracy of
phylogenetic inference. In the 80% incomplete dat-
abases, the 60%-quasi-bicliques had 42% holes on aver-
age, but the normalized MAST was 84%. Thus, even
though the 42% of the data is missing, their accuracy
is only 16% less than it would be without missing data
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(Table 1). In the 90% incomplete databases, the 40%-
quasi-bicliques are missing over half of their data, but
still have a normalized MAST score of 88% (Table 1).
These results indicate that phylogenetic accuracy of
large data sets may be remarkably robust to large
amounts of missing data, and in some cases, there may
be little benefit to filling in all the holes. The effect of
missing data on phylogenetic inference is a contentious
issue in systematics (e.g., Kearney, 2002; Wiens, 1998,
2003; Wilkinson, 1995). Yet, the results from the simu-
lated data sets are consistent with previous studies sug-
gesting that a limited amount of missing data often
has little or no effect on the accuracy of the phylogenetic
inference (Kearney, 2002; Wiens, 1998, 2003). Yet, this
study was not designed to explicitly test the effect of
missing data on phylogenetic inference. For example,
unlike many previous simulation studies examining the
effect of missing data, both the taxon sampling and the
length of the alignment change as the amount of missing
data changes. The change in the phylogenetic accuracy
may be affected by not only additional missing data
but also by changes in the amount of data present and
taxon sampling.

The amount of data that may be absent in a data
matrix without affecting phylogenetic accuracy likely
depends on many factors such as the rate of evolution
of the genes, the taxonomic sampling, the shape of the
tree, and the method of phylogenetic inference. The
percentage of missing data also may not be as impor-
tant as the amount of data present (Wiens, 2003). In
other words, if there are enough informative characters
present in the data matrix, then the percentage of miss-
ing characters may not matter. For example, in the 80%
incomplete database, trees made from the 30% bicliques
have a slightly greater normalized MAST score than
trees made from the 40%-quasi-bicliques (Table 1A).
The 40 and 30%-quasi-bicliques have almost identical
taxon sampling, but the 30%-quasi-bicliques have 20
more genes on average in the alignment. Thus, even
though the 30%-quasi-bicliques have lower saturation
than the 40%-quasi-bicliques, there may be more infor-
mative data present in the 30%-quasi-biclique data sets.
Similarly, though trees made from 30%-quasi-bicliques
from the 80% incomplete databases have similar taxon
sampling and saturation as 30%-quasi-biclique trees
from the 90% incomplete databases, the trees from
the 80% incomplete database contain many more genes
and also have much higher normalized MAST scores
(Table 1). It is difficult to make an a priori recommen-
dation about the acceptable amount of missing data,
but as the data sets get larger, the effect of missing data
may be ameliorated.

The results of the simulation experiment are also
consistent with recent phylogenomic studies using large
data matrices with much missing data. While the genes
in the simulated database had an equal length and rate
and pattern of evolution, in real data sets, there is much
variation in the amount of phylogenetic information
among genes as well as in the phylogenetic signal itself
(Driskell et al., 2004; Rokas et al., 2003). Still, a recent
study of eukaryote phylogeny incorporating 129 genes
and roughly 25% missing data indicates that the miss-
ing data has little effect on the phylogenetic inference
(Philippe et al., 2004). Also, a phylogenetic analysis
of a large metazoan data set using sequences obtained
from SwissProt demonstrated a remarkably strong phy-
logenetic signal even with over 90% of the gene se-
quences missing (Driskell et al., 2004). Thus, it
appears that empirical evidence also suggests, it is not
necessary to utilize complete data sets and that the
much larger incomplete data sets will be useful for phy-
logenetic inference.

The quasi-biclique method appears to effectively
identify optimal phylogenetic data sets from large and
sparsely distributed sequence databases, and demon-
strates how methods developed from graph theory
may be useful for phylogenetic data mining. The qua-
si-biclique method also may be adapted or improved
to expand its utility for phylogenetics. The edges of
the bipartite graph may be given different weights to in-
crease the probability that specific genes or taxa are
sampled in phylogenetic databases. The quasi-biclique
search also may be performed directly on nucleotide
data, using taxon by nucleotide graph instead of a tax-
on by gene graph, to find optimal alignments. Further-
more, searching taxon by tree graphs may be useful for
finding optimal data sets for supertree construction.
Driskell et al. (2004) propose a different method for
building incomplete data sets that involves concatenat-
ing complete data sets that have a specified amount of
taxonomic overlap, and Bininda-Emonds (2004) sug-
gests a similar approach for building supertrees by
combining trees made from complete data sets. Still,
the sparseness of the databases remains a problem,
and useful phylogenetic data sets may not exist to an-
swer many phylogenetic questions. Such quasi-biclique
methods may be useful for identifying identify the crit-
ical missing data that need to be filled in order to ob-
tain a sufficiently complete data matrix (Sanderson et
al., 2003).
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