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Abstract.—Roshan et al. recently described a ”divide-and-conquer” technique for parsimony analysis of large data sets,
Rec-I-DCM3, and stated that it compares very favorably to results using the program TNT. Their technique is based on
selecting subsets of taxa to create reduced data sets or subproblems, finding most-parsimonious trees for each reduced data
set, recombining all parts together, and then performing global TBR swapping on the combined tree. Here, we contrast this
approach to sectorial searches, a divide-and-conquer algorithm implemented in TNT. This algorithm also uses a guide tree
to create subproblems, with the first-pass state sets of the nodes that join the selected sectors with the rest of the topology; this
allows exact length calculations for the entire topology (that is, any solution N steps shorter than the original, for the reduced
subproblem, must also be N steps shorter for the entire topology). We show here that, for sectors of similar size analyzed
with the same search algorithms, subdividing data sets with sectorial searches produces better results than subdividing with
Rec-I-DCM3. Roshan et al.’s claim that Rec-I-DCM3 outperforms the techniques in TNT was caused by a poor experimental
design and algorithmic settings used for the runs in TNT. In particular, for finding trees at or very close to the minimum
known length of the analyzed data sets, TNT clearly outperforms Rec-I-DCM3. Finally, we show that the performance of
Rec-I-DCM3 is bound by the efficiency of TBR implementation for the complete data set, as this method behaves (after some
number of iterations) as a technique for cyclic perturbations and improvements more than as a divide-and-conquer strategy.
[DCM3; heuristics; large data sets; sectorial search; TNT.]

Advancements in nucleotide sequencing technology
have produced a dramatic increase in the amount of comparative data suitable for phylogenetic analyses during
recent years. This has resulted in phylogenetic data sets
with hundreds or thousands of organisms, the earliest
example of which is Chase et al.’s (1993) now classic
data set of 500 rbcL sequences. Inclusive phylogenetic
data sets have been increasingly common in the last few
years (e.g., Källersjö et al., 1998; Soltis et al., 1998; Tehler
et al., 2003; Hibbett et al., 2005; McMahon and Sanderson,
2006), demonstrating the interest in large-scale phylogenetic analyses among systematists and in attempting to
understand relationships between the major branches in
the Tree of Life (Cracraft and Donoghue, 2003).
These large phylogenetic data sets exceeded the capabilities of analytical methods of the 1980s and early
1990s, and therefore parsimony analysis of this kind of
large data sets had been considered basically intractable.
This situation stimulated research in algorithms and
implementations capable of conducting efficient parsimony analysis of large data sets. Early contributions
along these lines of research have introduced methods
that provide speedups of about 30 to 100 times (Nixon,
1999; Goloboff, 1999) over preexisting methods of parsimony analysis; these methods were implemented in the
computer program TNT, written by the senior author
and collaborators (Goloboff et al., 2003), and available at
http://www.zmuc.dk/public/phylogeny.
Rec-I-DCM3 is a method of heuristic tree search recently introduced by Roshan et al. (2004) within the
framework of parsimony phylogenetic analysis. This
method was developed with the aim of increasing the
capabilities of current heuristic tree search analyses and
belongs to a family of methods introduced in phylogeny
reconstruction by Huson et al. (1999a, 1999b): the disk

covering methods or DCMs. Recently, several works
claim that Rec-I-DCM3 allows analysis of much larger
data sets than ever before (Roshan, 2004, Roshan et al.,
2004, followed by Du et al., 2005a; Dotsenko et al., 2006;
Smith and Williams, 2006; Warnow, 2005; Williams and
Smith, 2005; Williams et al., 2006;). Roshan (2004) and
Roshan et al. (2004) compare the performance of Rec-IDCM3 with the “default technique” of TNT and claim
that “Rec-I-DCM3 convincingly outperforms TNT—the
best implemented MP heuristic—often by orders of magnitude” (Roshan et al., 2004:99).
In this paper, we reexamine the relative performance
of TNT and Rec-I-DCM3 using the two largest benchmark data sets analyzed in the original study, contrasting the divide-and-conquer strategy of Rec-I-DCM3 to
sectorial searches (the divide-and-conquer technique implemented in TNT; Goloboff, 1999).
First, we will briefly introduce and compare (in Background; readers familiar with the procedures may want
to skip this section) the algorithms used in TNT and
Rec-I-DCM3, followed by a brief discussion (under Previous Comparisons) of the problems with the experimental setup used by Roshan et al. for their original (2004)
comparisons. Then, a more efficient use of TNT algorithms is described and the two largest data sets used by
Roshan et al. (2004) are reanalyzed (under Comparison
of Rec-I-DCM3 and TNT). Finally, a discussion on some
characteristics of Rec-I-DCM3 performance, and related
problems and prospects, is presented.
The following abbreviations are used throughout the
text: CSS, constrained sectorial search (where sectors are
selected by reference to polytomies in a constraint tree);
DFT, tree-drifting; DCM, disk covering method; DS11K,
benchmark data set of 11,361 bacterial sequences; DS14K,
benchmark data set of 13,921 bacterial sequences; HTU,
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hypothetical taxonomic unit (in the present paper, the
state set resulting from the first-pass of the optimization); MKL, minimum known length for a given data
set; RAS, Wagner tree obtained with a randomized addition sequence; RAT, ratchet; RSS, random sectorial search
(where sectors are selected at random); SS, sectorial
search; TF, tree fusing (sometimes also used as a verb);
XSS, exclusive sectorial search (where nonoverlapping
sectors are selected so that their size is as uniform as possible, and they cover the entire tree). Following Roshan
(2004) and Roshan et al. (2004), Rec-I-DCM3(X) stands
for method of analysis X, boosted with Rec-I-DCM3 (i.e.,
method X used to analyze subproblems); analogously,
SS(X) stands for method X used to analyze subproblems
in a sectorial search.
B ACKGROUND
Algorithms in TNT
As recognized in recent reviews (Hovenkamp, 2004;
Giribet, 2005; Meier and Ali, 2005), one of the main
qualities of TNT is the availability of fast heuristic
tree searches. TBR branch swapping uses improved
programming techniques in TNT; for the two benchmark data sets analyzed here, the difference in speed
with competing software is quite drammatic: PAUP∗
(Swofford, 1998) takes about 300 times longer than TNT
to complete TBR in the case of DS11K and about 900
times longer in the case of DS14K (note that the difference in speed with TNT is much less in smaller
data sets). As discussed below, the efficiency of TBR
in large trees is key to the success of Rec-I-DCM3. In
addition to fast TBR algorithms, TNT also implements
the tree search algorithms proposed by Goloboff (1999)
and Nixon (1999). These algorithms consist of two different types: algorithms that improve preexisting trees
(SS, DFT, RAT) and an algorithm that takes sets of
trees and mixes them, producing combined trees (TF).
All these algorithms are combined in TNT in what is
called a “driven search.” We provide a brief overview
below.
Sectorial search.—This algorithm (see Fig. 1) is the most
relevant for the purpose of this paper, given that it is
a divide-and-conquer approach, just like Rec-I-DCM3.
SS consists of dividing a tree in “sectors” and creating
reduced data sets based on them. A sector comprises a
monophyletic group, with some of the internal nodes
within the group possibly replacing all the terminal taxa
descended from them. Each sector is analyzed separately
and the new configuration of the sector is regrafted on
the original tree if a better solution is found. The sectors
can be chosen at random (RSS) or based on a set of constraints calculated automatically (CSS). A third type of
sector selection (XSS, implemented in TNT during 2004)
selects large sectors of even size, which cover the entire
tree but do not overlap. Regardless of how the sectors
are chosen, the creation of the reduced data set is the
same. SS creates reduced data sets in which the OTUs
are the terminal taxa included in the sector and the HTUs
that join the chosen sector with the rest of the tree. The
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FIGURE 1. General organization of sectorial searches and Rec-IDCM3. Both sectorial searches and Rec-I-DCM3 have a similar structure, with the only important difference being in how the reduced
subproblems are created (by means of firstpass HTUs, in the case of
sectorial searches, and selecting disjoint but overlapping subsets of
terminals, in the case of Rec-I-DCM3).

scorings of the HTUs in the reduced data set are represented by the first-pass state sets obtained during optimization of the tree. Obtaining the scorings for the most
basal node of the sector requires rerooting the tree before
performing the optimization, such that the basal node
becomes sister of the sector. When a reduced data set is
created in this way, finding a solution N steps shorter
than the original subtree topology automatically implies
a solution that is N steps shorter for the entire data set.
This critical characteristic of SS stems from considering
the scorings of the internal nodes (first-pass states) that
join the chosen subtree with the rest of the tree and allows regrafting only those changes that actually improve
the optimality of the entire tree. A replacement that improves tree score in a sector may also imply that other
parts of the tree can now be changed to further improve
score, and thus SS uses periodic rounds of global TBR (see
Goloboff, 1999). In the implementation provided by TNT,
several parameters can be modified, including the size
and number of the sectors to be chosen and the type of
search to be done for each sector (including the possibility of recursively subdividing the sector with additional
SS).
Drifting and ratchet.—These algorithms use cycles of
TBR swapping (on a single tree), alternating between
perturbation and search phases. As implemented in TNT,
the perturbation phase consists of either accepting suboptimal rearrangements with a probability that depends
on the tree-score difference (DFT) or accepting the rearrangements that match or improve tree score for a randomly modified set of character weights (RAT).
Tree fusion.—This algorithm evaluates exchanges
between two trees for all subtrees with identical composition, accepting those that improve the score; if the firstpass state sets (and local costs) have been calculated for
each subtree, the score resulting from an exchange can be
calculated quickly visiting only the nodes in the path between the exchange point and the root (Goloboff, 1999).
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If the trees to input to TF are suboptimal trees obtained
independently (e.g., from different starting points), TF
produces score improvements almost immediately.
Driven search.—The main conclusion of early tests of
these algorithms (Goloboff, 1999) was that optimal trees
for data sets of 500-854 taxa were quickly found when TF
was applied to trees resulting from the other algorithms.
In order to find the minimum known length (MKL) in the
shortest amount of time, a ”driven search” seeks to minimize the number of trees obtained in independent replicates (i.e., RASs, followed by TBR, SS, and DFT/RAT)
that are input to TF. Thus, the trees produced by the first
few replicates are submitted to TF; if these trees fail to
produce trees of MKL, some additional replications are
done, submitting the new set of trees to TF. This strategy is implemented in TNT (as a driven search, or as an
option of the xmult command) and creates trees by RAS,
followed by TBR, SS, and optionally DFT or RAT. With
the default settings, the xmult command will perform five
RAS, followed by SS (no DFT or RAT), TF those five trees,
and stop; only if the user has requested that the search
continue until a given score is found and TF on the first
five trees fails to produce such a score is a new series of
replicates started (which will be subsequently used for
TF). In addition to this basic flow control, TNT allows
defining a stopping rule by the number of independent
hits to MKL, or until the consensus is stabilized, or much
more specific routines through its scripting language.
Background on Rec-I-DCM3
Rec-I-DCM3 is the latest and most successful version
of DCMs. The method was published by Roshan et al.
(2004) but originally developed in Roshan’s Ph.D. dissertation (Roshan, 2004). This procedure (see Fig. 1) is
based on the recursive and iterative application of the
DCM3 decomposition, selecting subsets of terminal taxa
based on a given tree topology (i.e., ”guide tree”). Each of
these subsets of terminal taxa is used to create reduced
data sets (subproblems); if the first subdivision of the
data set produces subproblems that are too large, the
method is recursively applied to the large subproblems,
until they are below a (user-specified) maximum size.
Based on empirical tests of performance, Roshan (2004)
concluded that large data sets should be divided in subproblems no larger than 25% or 12.5% the total number of
taxa. Each of the subproblems is submitted to a program
for parsimony analysis (Roshan [2004] tried both PAUP*
and TNT). The method of analysis employed for solving the subproblems is referred to as the “base method.”
After the subproblems are solved, the Rec-I-DCM3 program collects the trees resulting from PAUP* or TNT
and combines them using a strict consensus supertree
method (see Huson et al., 1999a, 1999b). The resulting
supertree normally contains multiple polytomies. At this
point, the polytomous tree is randomly resolved (i.e.,
dichotomized) and submitted to TBR-branch swapping
(again, using either PAUP* or TNT). We refer to this key
step of Rec-I-DCM3 as the global TBR (Roshan et al.
[2004] omitted mentioning the global TBR phase, only
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stating that a ”random resolution, to obtain a binary tree”
is applied to the polytomized supertree; Roshan’s thesis
(2004:152) and the Rec-I-DCM3 software make it clear
that this phase is part of the method). After global TBR
concludes, the first iteration of Rec-I-DCM3 is finished,
and the resulting tree is used as the starting point (guide
tree) of the next iteration.
Differences between Sectorial Searches and DCM3
At first, it might seem that DCM3 is simply equivalent
to SS. The two methods, however, differ in one critical
aspect. The subproblems in DCM3 are created by selecting (partly disjoint) sets of terminal taxa and, therefore,
finding a better solution for the subproblem does not necessarily imply that the solution will improve the score of
the entire tree (i.e., considering all the taxa). Additionally, if conflicting solutions are found for the different
subproblems, merging the solutions together will create
a tree with polytomies that are randomly dichotomized
(i.e., not resolved in their optimal resolution). It is for
these two reasons that the round of global TBR swapping is needed after recombining the solutions for the
subproblems: the tree resulting from the recombination
is usually longer, not shorter. Without global TBR, Rec-IDCM3 produces very poor results.
As described above, SS divides the tree into
subproblems formed by sectors of the tree considering
first-pass state sets for internal nodes. This ensures that
finding an improved score for the subproblem results
in a better score for the entire tree. This simply follows from the algorithms for Fitch/Farris optimization
(Farris, 1970; Fitch, 1971), which work by first assigning preliminary state sets in a down pass. Using those
same state sets to represent the ancestral nodes for some
groups will produce length evaluations identical to those
of a Fitch/Farris optimization, for any rearrangement of
the relationships between those groups (as long as a constant number of steps, corresponding to the steps occuring within the groups, is added). Therefore, SS differs
from DCM3 in that improved scores for the entire tree
are generally found even without global TBR (although
global TBR may, of course, further improve tree scores).
The original implementation of SS analyzed relatively
small sectors with simple algorithms, such as six DFT cycles or six RAS+TBR (depending on the number of nodes
present in the sector). This early implementation of SS is
therefore different from Rec-I-DCM3, which can select
sectors comprising large numbers of terminals, and analyzes each of those with rather exhaustive algorithms
(i.e., the xmult command of TNT, which uses several
RAS, SS, and TF), possibly giving an advantage to RecI-DCM3.
Those SS settings work efficiently for data sets below
1000 taxa, but for larger data sets it becomes necessary
to create very large sectors to cover significant portions
of the tree, and (as anticipated by Goloboff, 1999:420)
these in turn have to be analyzed with algorithms appropriate for their size. In order to expand the capabilities
of SS, the scripting interface of TNT has been modified
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(during 2004–2005) for allowing full control of the search
algorithms used to resolve each sector. The use of these
modifications is discussed below (under Materials and
Methods).
PREVIOUS COMPARISONS
The only published comparisons between the performance of TNT and Rec-I-DCM3 have been conducted
by Roshan (2004) and Roshan et al. (2004). These studies compared the results obtained by both procedures in
the analysis of 10 large data sets, ranging from approximately 1300 to 14,000 taxa. The performance of Rec-IDCM3 was compared with that of TNT “with default
settings” on five runs that extended for 24 h. The basic
result of these comparisons was that TNT never matched
the score found by Rec-I-DCM3. Furthermore, some of
the TNT runs were extended over six more days, which
led Roshan et al. (2004) to conclude that Rec-I-DCM3 was
able to reach a given score much faster than TNT “with
default settings.” The largest difference was obtained in
the largest data sets, in which the score found by the
week-long TNT run was found between 10 and 50 times
faster by Rec-I-DCM3.
The higher performance of Rec-I-DCM3 over TNT led
Roshan (2004) to suggest that “a DCM3-based divide
and conquer strategy is more effective than the one used
in TNT-default” (i.e., sectorial search). Given the key
differences between DCM3 decomposition and SS described above, this seems an unlikely explanation of the
difference in performance. Unfortunately, the published
studies did not specify what was meant by running
TNT ”with default settings.” Being fully interactive, TNT
does not have a ”default” heuristic search. Roshan (personal communication) indicated that the xmult command
was repeated many times (via a loop TNT command,
changing the random seed). Running this routine TNT
effectively produces, as previously reported by Roshan
et al., much poorer results than obtained with Rec-IDCM3 (see Figs. 2, 3).
This strategy, however, is an extremely poor use of
the algorithms implemented in TNT. As explained above
(and in the documentation of TNT), the xmult command,
unless otherwise specified, will conduct only five replicates of RAS+TBR+SS (with no DFT/RAT), TF the trees
obtained by these replicates, and stop. As is clear in the
original publication of these algorithms (Goloboff, 1999;
see also Goloboff, 2000), the success of combining these
search strategies lies in repeatedly inputting to TF gradually increasing sets of trees (resulting from independent
replicates of RAS+TBR+SS, and DFT or RAT). Thus, the
repeated TF process will gradually produce better and
better trees. Roshan et al.’s routine, however, prevents
this from happening, since it discards previous results
every time a new xmult run is begun from scratch (Fig.
2). Whether or not a given instance of xmult reaches a
low score is independent of the scores obtained in previous instances. TF is used, every time, to fuse the new set
of trees obtained by RAS+TBR+SS but ignoring all the
trees obtained in previous replicates and rounds of TF.

FIGURE 2. Tree score trajectories of TNT searches conducted as in
Roshan et al. (2004) for the data set DS-11K (11,361 taxa). Gray lines
represent the successive improvements in tree length found during a
single execution of the xmult command. The starting point of each line
is marked with a cross and the final tree obtained after TF is indicated
with a solid circle (tree that is subsequently discarded). The thick black
line indicates cumulative scores (i.e., the best score found in all previous
cycles), equivalent to the “TNTdefault” curve presented in the study
of Roshan et al. (2004).

TNT would have performed much better if the previous trees, instead of being discarded, were fused to the
new trees obtained (i.e., if the trees in the solid circles of
Fig. 2 are pooled and submited to TF). When the repeated
fusing procedure is introduced in the settings for running
TNT, its performance differs much less markedly from
that of Rec-I-DCM3 (Fig. 3), although their relative superiority becomes data set dependent (data not shown).
Regarding the extended TNT runs that Roshan et al.
(2004) continued for a week, it must be emphasized
that they are not particularly meaningful or informative,

FIGURE 3. Tree score trajectories for the data set DS-11K (11,361
taxa). Scores for TNT search conducted as in Roshan et al. (black line, a
single run), for TNT performing repeated fusing of the trees obtained
in different replicates (light gray line, average of 10 runs), and for Rec-IDCM3 (dark gray line; maximum subproblem size 30%, using “xmult”;
and “tfuse”; to analyze each subproblem, average of 10 runs).
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since the results obtained from them systematically
threw away trees that were excellent input candidates for
TF and would have gradually improved the best score.
Note, for instance, the flattening (Fig. 3) of the TNT run
with Roshan’s procedure (black line) as opposed to the
TNT run with repeated TF that kept improving the score
(light gray line) as new trees obtained from additional
executions of the xmult command were fused with those
previously obtained.
Finally, we must note that the importance of repeated
TF was clear in the original publication of these algorithms (Goloboff, 1999), and that conducting the repeated
TF procedure shown in Figure 3 does not imply elaborate scripts or obscure command options (the xmultloop
script [see Materials and Methods] was used here to produce those runs; alternatively, executing the command
“xmult = replications 12 target 1” would suffice to obtain similar results). Although Roshan et al. did not use
repeated TF for the TNT runs, they in fact used it for the
analyses of the subproblems in their Rec-I-DCM3 scripts.
The simple and more reasonable settings for TNT discussed above usually work as well as Rec-I-DCM3 for
some data sets, although for others (e.g., the 13,921 taxon
data set tested by Roshan and collaborators) there is still
a significant difference in favor of Rec-I-DCM3. In the
following sections, we discuss better settings for conducting efficient heuristic tree searches in TNT using its
scripting language and the same set of basic algorithms
(e.g., TBR, SS, DFT, TF).
COMPARISON OF REC-I-DCM3
AND S ECTORIAL S EARCHES
Materials and Methods
Data sets.—We focus our comparisons on the two
largest data sets used by Roshan (2004) and Roshan
et al. (2004), because in their runs these are the data
sets for which TNT performed the poorest, in comparison to Rec-I-DCM3. These data sets have 11,361 and
13,921 taxa, respectively, and were downloaded from
http://www.cs.njit.edu/usman/software/recidcm3. We
refer to these data sets as DS-11K, and DS-14K, respectively. Having only 1360 sites, both data sets are very
poorly structured and are probably of not much interest
besides their utility for benchmarking search algorithms.
MKL for these data sets was obtained with TNT running
alone: for DS-11K, 272,007 steps (73 steps shorter than reported by Roshan, 2004), and for DS-14K, 240,860 steps
(118 steps shorter than reported by Roshan, 2004). Trees
with those scores can be obtained from the first author on
request. These scores may not be truly optimal, as they
were found only once. Roshan et al. reported a 50-fold
speed difference between Rec-I-DCM3 and TNT for another, smaller data set with about 7000 taxa, but this data
set is not publicly available and we have not been able
to test it.
Platform.—All the runs reported here for both TNT and
Rec-I-DCM3 were done on single-processor 3-GHz Pentium IV machines, with 1-Gb RAM, running under Suse
Linux 9.1. All the analyses conducted here were run on
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dedicated processors on which no other jobs were run at
the same time.
TNT analyses.—The new analyses conducted on
TNT v. 1.0 (November 2005) were performed using
two scripts, publicly available at http://www.zmuc.dk
/public/phylogeny/TNT/scripts. One of the scripts
(xmultloop.run) includes the simple example of repeated
TF discussed above (Fig. 3), the other (combosearch.run)
implements a more elaborate strategy developed to better analyze extremely large data sets (such as DS-11K and
DS-14K). The latter script makes use of some of the modifications implemented to SS in TNT mentioned above,
including the selection of large sectors that can be analyzed using any tree search command. We must note
that this particular implementation of SS (although not
yet available in TNT when Roshan et al. [2004] conducted
their analyses) does not involve any algorithms different
from the ones described by Goloboff (1999).
The script used is structured as shown in Fig. 1; the
general organization of the script is similar to that of
Rec-I-DCM3, highlighting the similarity between SS and
Rec-I-DCM3 (the only significant difference being how
the subproblems are created). Both Rec-I-DCM3 and SS
used the xmult command (with identical parameters) to
analyze subproblems, so that this is a direct comparison
of Rec-I-DCM3(xmult) versus SS(xmult) . The basic idea in the
script is to repeatedly divide the tree in large nonoverlapping sectors that cover the entire tree (with XSS) and
to do a relatively exhaustive search on each sector.
This script requires three search parameters to be specified by the user. The first two parameters are a minimum
and a maximum number of sectors in which the tree will
be divided. A random number is selected between these
limits in each of the iterations of the tree search (so that
limits between sectors vary with iterations). The third
parameter is the minimum decrease in steps in a given
round (or MSD, see below). In this script, each sector is
analyzed with the xmult command with default parameters (using two rounds of fusing after the multiple RAS
for each sector), except for subproblems above 750 taxa,
in which the SS search performed by xmult subdivides
the sector being analyzed into subsectors (with XSS; this
subdivision is performed three consecutive times, starting with subsector sizes of 200 nodes and ending with
subsectors of 80). After the xmult command is executed,
TF merges the previous solution of the sector with the
new one (ensuring the new solution will be no worse than
the previous one). Once the new resolutions are obtained
for all the sectors, a round of global TBR is applied to the
entire tree. This process is repeated as long as the number of steps saved by analysis of the large sectors equals
or exceeds the minimum step difference, MSD (specified
by the user as the third parameter for the script). When
three rounds of this process fail to match or exceed the
minimum step difference MSD, the process of sectorial
improvements is interrupted (i.e., the cycle shown in the
flowchart of Fig. 1 is broken), the trees obtained in previous rounds (if any) are pooled with the new tree and
subjected to TF, and then a new round of the entire script
is restarted.
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For restarting these successive rounds, the script allows either (a) starting a new build (which takes a long
time, initially, but eventually may contribute more diverse trees to use for subsequent TF), or (b) trying to escape local optima by resolving large sectors of the tree as
described above, but ignoring the previous resolution. In
the runs reported here we have used option (b), which in
fact may be convenient for extremely poorly structured
data sets, such as DS-14K, because then the trees submitted to TF tend to share more groups (and then the
exchange of subgroups is more extensive). The script is a
text file (240 lines) that can be easily modified by the user
to suit particular needs or to explore more sophisticated
strategies.
Rec-I-DCM3 analyses.—The binaries and Perl scripts
presented by Roshan et al. (2004), publicly available
at http://www.cs.njit.edu/usman/software/recidcm3,
were used for the Rec-I-DCM3 runs. For solving each
subproblem, Roshan’s original scripts call TNT to execute the xmult command with default options (i.e., to do
five replicates as specified in the previous section). These
scripts use TF to fuse the new resolution of the subproblem with the previous one, thus ensuring that the resolution of the subproblem returned by TNT is, for the subset
of terminals, not worse than the previous one. Roshan’s
scripts with the original subproblem tree search settings
were used for the Rec-I-DCM3 runs shown in Figure 3
(using maximum subproblem size equal to 30% the total
number of taxa), as well as those shown in Figures 8 and
9.
In order to provide comparable performance curves on
the divide-and-conquer methods of DCM3 and SS, the
Perl scripts to analyze the subproblems created by RecI-DCM3 were modified. Each of the DCM3 subproblems
was analyzed (in TNT) with the same tree search commands described above for the sectorial searches in the
TNT script and the maximum subproblem size was set
to 25% the total number of taxa (the size recommended
by Roshan [2004]). All other settings of the original RecI-DCM3 were left unaltered (including the global TBR
search conducted at the end of each iteration, and TF
with previous resolution at the end). These settings were
employed for the runs shown in Figures 4 through 7.
All the Rec-I-DCM3 analyses on the DS-K11 and
DS-K14 data sets were conducted again in order to
provide comparable results, specially given the differences in software and hardware between our study
and the studies by Roshan (2004) and Roshan et al.
(2004). Software differences are due to the version of
TNT used here, which has been further improved since
2004. For large data sets, TBR branch swapping is
now, due to code improvements, about two times faster
than in early 2004. These improvements include faster
TBR swapping on optimal or near-optimal trees, faster
handling of constraints when finding better trees under TBR (this strongly affects autoconstrained xmult
searches), and faster transition to a better tree during TBR. The last two affect specially the initial stages
of TBR swapping, when better trees are found very
often.

The hardware used here is also faster. Roshan et al.
used processors of 1.5-GHz or less, whereas we use 3GHz processors. Therefore, our Rec-I-DCM3 runs perform much better than in Roshan (2004). For each of the
data sets, the best score out of the five 24-h runs reported
by Roshan (2004) is matched (on average) by our Rec-IDCM3 runs in 6 h or less. Thus, every 24 h of Rec-I-DCM3
runtime in the present paper is actually equivalent to approximately 4 days with the settings of Roshan (2004). Du
et al. (2005a) and Dotsenko et al. (2006) give results for
a parallel Rec-I-DCM3, but their reported best scores at
24 h are worse than the best scores reported by Roshan
(2004) and much worse than the average score obtained
here for Rec-I-DCM3.
Unless stated otherwise, the analyses were repeated
10 times (both for TNT and Rec-I-DCM3) in order to
take into account the variability of results. The entire set
of runs reported here took a total of approximately 6
months of CPU time.
Results
When the divide-and-conquer strategy of TNT described above is used to improve upon trees obtained by
a single RAS+TBR+SS, the results obtained in the analyses of the data sets DS-11K and DS-K14 clearly outperform those of Rec-I-DCM3 (Figs. 4 and 5). Recall that for
these comparisons, the Rec-I-DCM3 subproblems were
analyzed (in TNT) with the same search commands used
for the sectors divided by SS in TNT. Therefore, the only
important difference between the TNT and Rec-I-DCM3
runs was in how the subproblems were created: by selecting HTUs, in the case of SS, and by selecting subsets
of terminal taxa in the case of Rec-I-DCM3. For both data
sets, after 50 h, the score of the best Rec-I-DCM3 run was
worse than the average TNT score, and the score of the
worst TNT run was better than the average Rec-I-DCM3

FIGURE 4. Analysis of data set DS-11K (11,361 taxa). Cumulative
scores obtained by Rec-I-DCM3 (gray) and TNT (black). Thick curves
represent average scores (of 10 independent runs), and thin lines represent minimum and maximum (the best and worst score of all the
runs at any given point). For the TNT script the parameter values for
the min/max numbers of sectors were set to 4 and 8 and the minimum
step difference (MSD) was set to 10 (See Materials and Methods). Rec-IDCM3 was run with the same search commands for subproblems and
a maximum subproblem size of 25%.
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advantage that distinguishes it from the Rec-I-DCM3 decomposition. The only exception to this can occur when
several SS subproblems are resolved independently at
the same time (although during our analyses it was extremely rare that the tree combining all the improved resolutions was longer than the original one). Even in those
cases a quick round of global TBR usually saves only a
few additional steps (mostly during the initial cycles).
In contrast, finding improved solutions for the subproblems in Rec-I-DCM3 normally leads to worsened, instead
of improved, global solutions, which require subsequent
global TBR swapping. This has several negative implications for the performance of Rec-I-DCM3.
FIGURE 5. Analysis of data set DS-14K (13,921 taxa). Cumulative
scores obtained by Rec-I-DCM3 (gray) and TNT (black). Thick curves
represent average scores (of 10 independent runs), and thin lines represent minimum and maximum (the best and worst score of all the runs
at any given point). For the TNT script the parameter values for the
min/max numbers of sectors were set to 4 and 14 and the minimum
step difference was set to 5 (See Materials and Methods). Rec-I-DCM3
was run with the same search commands for subproblems and a maximum subproblem size of 25%.

score. In the case of DS-11K (Fig. 4), it takes TNT about
4.5 h to better the average Rec-I-DCM3 score obtained at
24 h (5.3 times faster) and about 5 h to better the average Rec-I-DCM3 score obtained at 48 h (9.6 times). Note
that Figure 4 shows strictly comparable runs (using the
same commands to resolve subproblems and a subproblem size closer to recommended); the Rec-I-DCM3 run
shown in Figure 3 (which used subproblems larger than
recommended, of about 30% the total number of taxa)
performed better, but even in that case TNT reaches the
score obtained by Rec-I-DCM3 at 24 h in only 8 h (3 times
faster). In the case of DS-14K, it takes TNT 11 h to better
the average Rec-I-DCM3 score obtained at 24 h (2.2 times
faster) and 18 h to better the average Rec-I-DCM3 score
obtained at 50 h (2.8 times faster).
In sum, in both the DS-11K and DS-14K data sets,
TNT’s own divide-and-conquer technique (SS) produces
better results than the decomposition introduced with
Rec-I-DCM3 (applying the same search strategy for the
subproblems). This contradicts the main results of Rec-IDCM3 comparisons published by Roshan et al. (2004)
and echoed by several recent contributions (Williams
and Smith, 2005; Du et al., 2005a; Dotsenko et al., 2006;
Williams et al., 2006). The precise speed difference between these two methods is likely to be dependent on
the combination of the particular data set being analyzed
and the specific parameter values for the tree search algorithms. Irrespective of these variations, however, it is
clear from our results that the “dramatic speedup” reported by Roshan et al. (2004) and their conclusion that
Rec-I-DCM3 “convincingly outperforms” the algorithms
implemented in TNT were based on an extremely poor
design of the TNT runs.
D ISCUSSION
As noted above, the fact that SS allows calculating tree
lengths exactly while analyzing subproblems is a key

Rec-I-DCM3 Is More “Ratchet” Than
“Divide-and-Conquer”
The Rec-I-DCM3 graphs of Figures 3 through 5 are
similar to those used by Roshan (2004) and Roshan et al.
(2004), with the scores monotonically decreasing with
time, because they represent the cumulative best scores
of all the preceding Rec-I-DCM3 iterations. Cumulative
score curves (as shown for the TNT runs in Fig. 2) show
only partial information on the dynamics of an algorithm
performance. After some initial cycles, a given iteration
of Rec-I-DCM3 ends up producing (after global TBR),
about 50% of the time, a tree worse than the one resulting
from the previous iteration (Fig. 6). After the first few
hours, the actual trajectory of Rec-I-DCM3 for DS-11K
(Fig. 6a) is clearly not a decreasing one (in two cases the
best score was found within the first 15 h, and never again
in the subsequent 35 h). In the case of DS-14K (Fig. 6b),
the post-TBR trajectories decrease for a longer time than
in DS-11K, but that is only an effect of the larger size
(and difficulty) of DS-14K; after more hours, the postTBR trajectory also begins to oscillate around a given
score (about 240,930 or 240,940 steps).
The oscillating nature of Rec-I-DCM3 runs is more evident when a very good initial tree is taken as the starting
point. We let Rec-I-DCM3 run for 520 h on the DS-14K
data set (using an initial guide tree of 240,873 steps, found
by TNT), repeating this procedure 20 different times
with different random seeds. The post-TBR trajectories
quickly show a worsening of the trees obtained as more
iterations of Rec-I-DCM3 are completed (top curves of
Fig. 7) and the starting tree score is never found again. After the first 5 h, the post-TBR trajectories oscillate around
240,930 steps, showing no trend of improvement. This
behavior clearly contrasts with the divide-and-conquer
SS algorithms of TNT, which quickly (2.5 h, on average)
improve the score when the same tree is input as the initial solution (bottom curves of Fig. 7; only best and worst
of 10 TNT runs are shown there). The trees resulting from
these ten TNT runs were subsequently subjected to TF,
producing trees of the MKL for DS-14K: 240,860 steps.
Except for the first few iterations of Rec-I-DCM3 (when
the tree is very far from optimal), dividing the tree in
subproblems and merging the solutions into a supertree
that is randomly dichotomized creates a perturbation
to the preceding topology, instead of an improvement.
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FIGURE 7. Trajectory of tree scores starting from a near-optimal
guide tree (240,873 steps) for the data set DS-14K (13,921 taxa). Subproblems of Rec-I-DCM3 analyzed using xmult with 3 replications (“xmult
= repl 3”; instead of the default 5 to make the process faster; note
that more exhaustive search commands for the subproblems produce
similar results, with the only difference that each iteration takes longer)
and maximum subproblem size equals to 25% the total number of taxa.
Only 6 Rec-I-DCM3 curves shown here (each individual run indicated
with a different type of line; note that other runs showed the same
oscillating pattern). The TNT curves show the best and worst score
trajectories (out of 10 independent runs starting from that same tree)
using the same search strategy as in Figure 5.

FIGURE 6. Trajectory of tree scores obtained by Rec-I-DCM3. Tree
search for subproblems and maximum subproblem size as in Figures 4
and 5 (see Materials and Methods). Each point of the curves represents
the tree score of the tree obtained at the end of a Rec-I-DCM3 iteration
(after global TBR). (a) Three different runs for the data set DS-11K
(11,361 taxa); the general trend (after the first few hours) is clearly not
decreasing (e.g., the runs that found the best score at about 89 h resulted
in worse trees in the remaining 1516 h). (b) Three different runs for the
data set DS-14K (13,921 taxa). The gray and light gray lines show their
minimum scores found at 11 and 17 h (respectively) and never again
in the remaining 33 or 39 h.

This perturbated topology is almost always less optimal
than the original one (see next section) but provides a
new starting point for the global TBR swapping. Rec-IDCM3, after some number of iterations, works as a sort
of ”ratchet” more than as a strict divide-and-conquer.
The perturbation caused by selecting subsets of taxa is
obviously a very strong one—possibly too strong, as
suggested by the fact that starting from a good tree
(240,873) quickly degrades it into trees 60 to 80 steps
longer. Instead of gradually improving the tree (which
TNT normally does through divide-and-conquer and
TF), the oscillations in score of Rec-I-DCM3 get down
to really low scores (e.g., MKL), in the case of DS-14K,
with an extremely low frequency. This means that (on
average) optimal or near-optimal trees will not be found
by Rec-I-DCM3 in difficult data sets, unless it is run for

very extended periods of time. Even when Rec-I-DCM3
had started from an exceptionally good tree, this never
happened within 520 h (3 weeks).
The previous discussion also shows that the difference
in performance between TNT and Rec-I-DCM3 increases
as the tree scores are closer to minimum length. The trees
Rec-I-DCM3 finds after 24 h are not especially good (for
DS-14K, 50 to 60 steps above MKL), but Rec-I-DCM3
finds those trees relatively fast: only two times slower
than TNT. After 48 h, TNT finds (on average) trees 28
steps above MKL, but Rec-I-DCM3 has a harder time getting down to this length, about 9 to 10 times slower than
TNT. Finally, the Rec-I-DCM3 runs starting from trees 13
steps above MKL (i.e., 240,873 steps) never found a better tree in 520 h, which TNT does in an average time of
2.5 h—well over 200 times faster than Rec-I-DCM3.
Rec-I-DCM3 Cannot Efficiently Break Trees into Too
Many Parts
The previous section shows that Rec-I-DCM3 cannot
be strictly seen as a divide-and-conquer technique.
Roshan et al. (2004) optimistically stated that, in the size
of data sets that can be analyzed, ”Rec-I-DCM3 bridges
at least one order [of magnitude], but may be capable
of more—biological data sets with 100,000 aligned
sequences do not yet exist!” They recognize that, for
doing so, it will be necessary to break the trees in more
than just a few pieces. But Roshan himself (2004) had
noted that decomposing into numerous small subproblems produced inferior results, which would decrease
the performance for extremely large data sets. For the
largest data sets he tested (DS-11K and DS-14K), Roshan
(2004) obtained the best scores using a subproblem size
of 25% (that is, “reduced” subproblems of about 2800
taxa).
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FIGURE 8. Trajectory of tree scores of Rec-I-DCM3 showing the tree
length obtained after merging of the subproblems and after the global
TBR for each of the iterations (data set DS-11K; 11,361 taxa). The three
curves represent results using different subproblem sizes: maximum
size 30% (black), 15% (dark gray), and 7.5% (light gray) of the total number of taxa. The peaks correspond to the tree length after recombination
of the subproblems, and the valleys correspond to the tree length obtained after global TBR. Search parameters for the DCM3 subproblems
as in Figure 3 (i.e., the original Rec-I-DCM3 scripts).

Examining the trajectories of tree scores obtained by
Rec-I-DCM3 iterations before and after the global TBR
branch swapping reveals the magnitude of this effect.
This is exemplified using the DS-11K data set, performing Rec-I-DCM3 runs with subproblems of maximum
size 30%, 15%, and 7.5% of the total number of taxa
(Fig. 8). In each curve, the peaks (poor scores) correspond to the score obtained after subproblems are solved
and recombined in the supertree, and the valleys (good
scores) represent the score obtained after performing the
postrecombination global TBR. This figure shows that
tree lengths obtained after recombination (i.e., the peaks)
are notably high, much higher for the smaller subproblems. When subproblems are relatively large (e.g., 30%
the total number of taxa), half the iterations obtain a recombined tree at least 500 steps longer than the guide
tree upon which the iteration had started. For smaller
subproblems (15% the total number of taxa), in most iterations this difference grows to 1000 or more steps (and
the smallest step increase is of approximately 450 steps).
In the curve for the smallest subproblems (7.5% the total
number of taxa), most of the iterations produce recombined trees about 1600 steps longer than the preceding
tree (and the smallest step increases are of about 800
steps).
The global TBR phase drastically improves the poor
scores obtained after recombination, reaching relatively
good scores (i.e., valleys) at the end of each Rec-I-DCM3
iteration. However, as the subproblem size decreases,
relative to the total number of taxa in the data set, the
peaks of these Rec-I-DCM3 curves get higher and the
global TBR tends to obtain longer trees. In other words,
when subproblems are relatively large (30%), global TBR
can recover from the perturbation caused by DCM3
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decomposition and recombination, but for smaller subproblems global TBR has a much harder time recovering from the severely suboptimal solution produced by
DCM3 decomposition and recombination.
The solution produced by smaller subproblems is
more suboptimal, for two connected reasons. One reason
is that reducing subproblem size increases the chances
of different subproblems having conflicting resolutions
(which create polytomies when the subproblems are recombined). Note, however, that the polytomies can only
be produced by what (given the subsets of terminals for
the subproblems) appear to be improvements, because
TF at the end of the analysis of each subproblem guarantees that the solution returned by TNT will be (for
the taxon subset) not worse than the original one. However, the problem with recombination is more than just
the polytomies caused by conflicting resolution of subproblems, as Roshan (personal communication), when
developing Rec-I-DCM3, had attempted to simply do
TBRswapping using the polytomized tree as constraint
tree, but this produced poor results. Recombination,
therefore, not only creates polytomies but also some actual resolution that is farther away from optimal. Therefore, the ultimate reason for the poor performance of
small subproblems is that they increase the chances of an
improved solution for the subproblem actually worsening the global score (given that the subproblem is less representative of the whole data set). This is in fact one of the
possible explanations Roshan (2004) offered (with a different wording) for the inferior performance of smaller
subproblems. This problem is clearly reflected in the cumulative Rec-I-DCM3 curves (Fig. 9); as the subproblems
represent a smaller percentage of the total number of
taxa, the performance of this method decreases. It must
be noted that this problem is most evident in very large
data sets and the difference between dividing in 1/2, 1/4,
or 1/8 may be less dramatic in matrices with fewer taxa
(in that case TBR is capable of better recovering from the
disastrous effect of subproblem recombination). But as

FIGURE 9. Cumulative scores for the Rec-I-DCM3 runs presented
in Figure 8 for the data set DS-11K using three different subproblems
size. The general effect of dividing in numerous smaller subproblems
is obtaining worse overall scores.

Downloaded By: [American Museum of Natural History] At: 17:42 12 June 2007

494

SYSTEMATIC BIOLOGY

far as large data sets are concerned, this poses a serious
problem for Rec-I-DCM3 analyses. In contrast, and by
virtue of using exact length calculations when analyzing
sectors of the tree, SS poses no such limit on the number
of subproblems in which a tree can be broken.
In sum, the global TBR round is the phase of Rec-IDCM3 in which the actual score improvement is made.
Since this phase is simply performing TBR branch swapping on the entire tree, the performance of Rec-I-DCM3 is
bound by the efficiency of TBR implementation for large
trees. This means that (unless one is willing to accept
strongly suboptimal results) Rec-I-DCM3 can be applied
to very large data sets only with a TBR branch swapper
as fast as the one in TNT. Roshan et al. (2004) write as
if their method, by virtue of breaking down the computational complexity, could be used with PAUP* just
as well as with TNT, which is plainly not true for these
large data sets: using PAUP* to perform global TBR, not
a single iteration of Rec-I-DCM3 could be completed in
24 h.
CONCLUSIONS
Our experiments show that (contra Roshan et al.,
2004) Rec-I-DCM3 does not provide any speedup relative to the SS algorithms described by Goloboff (1999)
and implemented in TNT. Furthermore, for parsimony
analysis of the extremely large data sets tested here,
Rec-I-DCM3(xmult) is well below the performance of
SS(xmult) . This results from the exact tree length calculations possible for SS subproblems, suggesting that
Rec-I-DCM3(X) is very likely to produce poorer results
than SS(X) for any search routine X.
Our experiments also show that (after some number of cycles) Rec-I-DCM3 behaves more like a type of
ratchet than as a true divide-and-conquer strategy (with
the decomposition in subproblems acting as a perturbation more than as a ”conquest”). Its oscillating behavior
causes optimal or near optimal scores to be found very infrequently for difficult and large data sets (in comparison
with tree search strategies implemented in TNT, which
allow steady and gradual improvements). Furthermore,
the analysis of different subproblem sizes shows that
Rec-I-DCM3 has serious limitations when the data sets
are divided in many subproblems (which will be needed
for analyzing extremely large data sets).
On the positive side, Rec-I-DCM3 has two main advantages. First, the method is fairly simple and it does not
require much programming effort. Second, selecting subsets of taxa can also provide an interesting perturbation
to escape from local optima. If properly tuned and combined with other algorithms, this procedure may provide
a useful approach under some circumstances. For example, within the driven search strategy of TNT, instead of
periodically beginning new random addition sequences
from scratch, perhaps a single round of Rec-I-DCM3 (or a
similar method) could quickly provide a sufficiently different tree that is not as far from optimal as a Wagner tree.
Rec-I-DCM3 also has the advantage that it is very general and can (in principle) be used to run analyses under
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criteria other than parsimony without extensive modifications. For criteria like maximum likelihood (e.g., Du
et al., 2005b) or for the analysis of unaligned sequences
(e.g., Wheeler, 2005), where heuristic searches are computationally more expensive than in parsimony, and no
implementation of sectorial searches exists, Rec-I-DCM3
may provide a real improvement.
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