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Clostr
idia_4

Firmicutes_5

Chlorobi

A
ci

di
m

ic
ro

bi
ia

Methanomicrobia

Ac
id

ith
io

ba
ci

llia

C
a. D

ependentiae

Ca. W
oesebacteria

A lphaproteobacteria

Tenericutes_2

Flavobacteriia

Firmicutes_3

G
am

m
aprote

o
b

a
cte

ria

Chitinophagia

Clos
trid

ia_
5

Clostrid
ia_1

B
acteroidia

Ca. Omnitrophica

Ca. M
oranbacteria

Thaumarchaeota

Methanobacteria

S
ynergistetes

C
or

io
ba

ct
er

iia

Tiss
ierellia

Phycisphaerae, Planctomycetia_1/2

Fibrobacteria

Ca. Cloacimonetes

Ca. Wirthbacteria

Actinobacteria

Verrucomicrobiae_1, Opitutae,

Neg
ati

vic
ute

s

Spirochaetes

D
ehalococcoidia

Thermoprotei

Therm
odesulfobacteria

Fusobacteria

Halobacteria

ThermoplasmataTenericutes_1

Clostr
idia_2

Ca. Marinimicrobia

Ca. Saccharibacteria

N
itrospirae_1, N

itrospinaeChlamydiae

S
A

R
324

Archaeoglobi

A
rm

atim
onadetes

Cytophagia

Therm
otogae

A
quificae

Firmicutes_1

C
a. W

O
R

-1

ea
en

il
or

ea
n

A ,
ai

xe
lf

or
ol

h
C

C
yanobacteria

Clos
trid

ia_
3

A
cidobacteriia

Elusimicrobia

C
a. M

elainabacteria

E
psilonproteobacteria

D
ei

no
co

cc
us

-T
he

rm
us

T
he

rm
ol

eo
ph

ili
a

Bacteria

Archaea

CPR

1.
Ca. Curtissbacteria
Ca. Daviesbacteria
Ca. Levybacteria
Ca. Gottesmanbacteria
Ca. Roizmanbacteria
Ca. Shapirobacteria
Ca. Beckwithbacteria
Ca. Pacebacteria
Ca. Collierbacteria

Ignavibacteria, Ca. Kryptonia
Lentisphaerae

Marine Group II

Methanococci

Thermococci
Ca. Bathyarchaeota

2.
Ca. Doudnabacteria
Ca. Jacksonbacteria
Ca. Komeilibacteria
Ca. Falkowbacteria

3.
Ca. Nealsonbacteria
Ca. Staskawiczbacteria
Ca. Yanofskybacteria
Ca. Azambacteria
Ca. Wolfebacteria
Ca. Liptonbacteria
Ca. Sungbacteria
Ca. Ryanbacteria
Ca. Giovannonibacteria

4.
Ca. Nomurabacteria
Ca. Llyodbacteria
Ca. Yonathbacteria
Ca. Kaiserbacteria
Ca. Zambryskibacteria
Ca. Taylorbacteria

Be
ta

pr
ot

eo
ba

ct
er

ia

0.5 substitutions per site

phylum | class

Single clade

Sister clades

Off-tip labels:

Rank:

Scale:

3

4

1

no
n-

CPR
Ba

ct
er

ia

Sphingobacteriia

Saprospiria

Ca. W
oesearchaeota,

Ca. D
iapherotrite

s

Ca. M
icrarchaeota

Ca. DojkabacteriaCa. WWE3

Ca. Peribacteria
Ca. Berkelbacteria

Ca. Woykebacteria

Ca. Amesbacteria

Ca. H
eimdallarchaeota,

Ca. Thorarchaeota,

Ca. Lokiarchaeota

Non-CPR Bacteria

Terrabacteria

Spirochaetes

Firmicutes

FCB

Proteobacteria

Chloroflexi

PVC

Actinobacteria

Bacteroidetes

Chlamydiae

Cyanobacteria

Asgard

Euryarchaeota

TACK

Crenarchaeota

Archaea
DPANN

CPR

Parcubacteria

Microgenomates

2

Ca. M
agasanikbacteria

Ca. Uhrbacteria

Fig. 1 A new view of the bacterial and archaeal tree of life. The tree contains 10,575 evenly distributed bacterial and archaeal genomes, with topology
reconstructed using ASTRAL based on individual trees of 381 globally sampled marker genes, and branch lengths estimated based on 100 most conserved
sites per gene. Branches with effective number of genes (en)≤ 5 and local posterior probability (lpp)≤ 0.5 were collapsed into polytomies. Taxonomic
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Future works


✓Compute time tree using 
wLogDate


✓Simultaneous rooting gene 
trees using triplet analysis
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Supplementary Fig. 25. Chronogram of microbial evolution inferred using maximum likelihood 

with a strict clock model. The evolutionary times were inferred based on the ASTRAL tree with branch 

lengths re-estimated using the conserved sites, and calibrated by the predicted emergence of the 

photosynthetic cyanobacteria (indicated by a red circle). For display purpose, clades representing phyla 

with at least 25 descendants were preserved and collapsed as triangles. Node labels represent the time in 

Ga (billion years ago) estimated by the run with the best likelihood score out of 10 replicates. The color 

scheme is consistent with Fig. 1. Source data are provided as a Source Data file. 
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• Applied wLogDate on the ToL


• Estimated the LUCA time to be 
4.23 billion years ago 


• Using 30 ribosomal proteins, 
the estimated LUCA time is ~7 
billion years


• wLogDate ran in ~2 hours 
(person computer)


4.23
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FIG. 4. The inferred (top) tMRCA and (bottom) expected mutation rate on di↵erent tree models and clock models.
Distributions are over 100 replicates. The solid horizontal lines indicate the true mutation rate and tMRCA. Each black is
the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.

LF have a clear advantage over BEAST-strict,

which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.

We also compare confidence intervals obtained

from wLogDate and BEAST (Fig.5). Although

wLogDate intervals are on average 2.7 times larger

than BEAST, 33% and 12% of the true values fall

outside the 95% confidence interval for BEAST

and wLogDate, respectively. Thus, while both

methods under-estimate the confidence interval

range, wLogDate, with its larger intervals, is closer

to capturing the true value in its confidence

interval at the desired level.

Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,

BEAST took close to one hour with strict clock
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FIG. 4. The inferred (top) tMRCA and (bottom) expected mutation rate on di↵erent tree models and clock models.
Distributions are over 100 replicates. The solid horizontal lines indicate the true mutation rate and tMRCA. Each black is
the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.

LF have a clear advantage over BEAST-strict,

which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.

We also compare confidence intervals obtained

from wLogDate and BEAST (Fig.5). Although
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to capturing the true value in its confidence

interval at the desired level.

Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,
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the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.
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which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.
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Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,
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• BEAST with strict-clock 
often ranks first in 
intra-host models


• Comparing to BEAST, 
the error of wLogDate 
is relatively low 
(increased by 5 to 15%)

Virus data (*) - within host
20

(*) Data simulated by To et. al. 2015

MAE: mean absolute error

Virus data (*) - across hostsi
i

i
i

i
i

i
i

LogDate · doi:10.1093/molbev/mst012 MBE

●●●●● ●●●●●
●●●

●

●

●●●●● ●●●
●●

●
●

●
●

●

●●●
●

● ●●●
●

● ●
●

●

●

●

●●●●● ●●●●●

●
●

●

●

●

M1 M2 M3 M4

Lognormal Gamma Exponential Lognormal Gamma Exponential Lognormal Gamma Exponential Lognormal Gamma Exponential

−300

−200

−100

0

−80

−60

−40

−20

0

−30

−20

−10

0

10

−10

−5

0

clockModel

tM
R
C
A

B_strict B_lnorm LSD LF wLogDate

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●●
●

●

● ●●
●

●

● ●
●

●

●

●

●●

●
●●

●●

●

●●
●

●

●

●●

●●
●

●● ●●
●

●
● ●

●

●

●
●

M1 M2 M3 M4

Lognormal Gamma Exponential Lognormal Gamma Exponential Lognormal Gamma Exponential Lognormal Gamma Exponential

1e−04

1e−03

1e−02

0.002

0.003

0.005

0.003

0.010

0.030

0.003

0.005

0.010

clockModel

m
u

B_strict B_lnorm LSD LF wLogDate

FIG. 4. The inferred (top) tMRCA and (bottom) expected mutation rate on di↵erent tree models and clock models.
Distributions are over 100 replicates. The solid horizontal lines indicate the true mutation rate and tMRCA. Each black is
the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.

LF have a clear advantage over BEAST-strict,

which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.

We also compare confidence intervals obtained

from wLogDate and BEAST (Fig.5). Although

wLogDate intervals are on average 2.7 times larger

than BEAST, 33% and 12% of the true values fall

outside the 95% confidence interval for BEAST

and wLogDate, respectively. Thus, while both

methods under-estimate the confidence interval

range, wLogDate, with its larger intervals, is closer

to capturing the true value in its confidence

interval at the desired level.

Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,
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FIG. 4. The inferred (top) tMRCA and (bottom) expected mutation rate on di↵erent tree models and clock models.
Distributions are over 100 replicates. The solid horizontal lines indicate the true mutation rate and tMRCA. Each black is
the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.

LF have a clear advantage over BEAST-strict,

which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.

We also compare confidence intervals obtained

from wLogDate and BEAST (Fig.5). Although

wLogDate intervals are on average 2.7 times larger

than BEAST, 33% and 12% of the true values fall

outside the 95% confidence interval for BEAST

and wLogDate, respectively. Thus, while both

methods under-estimate the confidence interval

range, wLogDate, with its larger intervals, is closer

to capturing the true value in its confidence

interval at the desired level.

Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,

BEAST took close to one hour with strict clock
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FIG. 4. The inferred (top) tMRCA and (bottom) expected mutation rate on di↵erent tree models and clock models.
Distributions are over 100 replicates. The solid horizontal lines indicate the true mutation rate and tMRCA. Each black is
the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.

LF have a clear advantage over BEAST-strict,

which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.

We also compare confidence intervals obtained

from wLogDate and BEAST (Fig.5). Although

wLogDate intervals are on average 2.7 times larger

than BEAST, 33% and 12% of the true values fall

outside the 95% confidence interval for BEAST

and wLogDate, respectively. Thus, while both

methods under-estimate the confidence interval

range, wLogDate, with its larger intervals, is closer

to capturing the true value in its confidence

interval at the desired level.

Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,

BEAST took close to one hour with strict clock
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wLogDate ranks first in 
all inter-host model 
conditions


Comparing to the 
second-best method, 
wLogDate reduces the 
error from 9 to 66%

(*) Data simulated by To et. al. 2015

MAE: mean absolute error
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FIG. 4. The inferred (top) tMRCA and (bottom) expected mutation rate on di↵erent tree models and clock models.
Distributions are over 100 replicates. The solid horizontal lines indicate the true mutation rate and tMRCA. Each black is
the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.

LF have a clear advantage over BEAST-strict,

which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.

We also compare confidence intervals obtained

from wLogDate and BEAST (Fig.5). Although

wLogDate intervals are on average 2.7 times larger

than BEAST, 33% and 12% of the true values fall

outside the 95% confidence interval for BEAST

and wLogDate, respectively. Thus, while both

methods under-estimate the confidence interval

range, wLogDate, with its larger intervals, is closer

to capturing the true value in its confidence

interval at the desired level.

Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,

BEAST took close to one hour with strict clock
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FIG. 4. The inferred (top) tMRCA and (bottom) expected mutation rate on di↵erent tree models and clock models.
Distributions are over 100 replicates. The solid horizontal lines indicate the true mutation rate and tMRCA. Each black is
the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.

LF have a clear advantage over BEAST-strict,

which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.

We also compare confidence intervals obtained

from wLogDate and BEAST (Fig.5). Although

wLogDate intervals are on average 2.7 times larger

than BEAST, 33% and 12% of the true values fall

outside the 95% confidence interval for BEAST

and wLogDate, respectively. Thus, while both

methods under-estimate the confidence interval

range, wLogDate, with its larger intervals, is closer

to capturing the true value in its confidence

interval at the desired level.

Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,

BEAST took close to one hour with strict clock
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FIG. 4. The inferred (top) tMRCA and (bottom) expected mutation rate on di↵erent tree models and clock models.
Distributions are over 100 replicates. The solid horizontal lines indicate the true mutation rate and tMRCA. Each black is
the average of the inferred values for each method under each model condition. We remove 6 outlier data points (2 LF, 1
LSD, 2 BEAST-LogNormal, 1 BEAST-Strict) with exceptional incorrect tMRCA (<�350) in the M4/Exponential model.

LF have a clear advantage over BEAST-strict,

which tends to over-estimate the rate. On M2,

the three methods have similar accuracy. For M3

and M4, BEAST-strict under-estimates the rate

under the Exponential model of rate variation,

and wLogDate and LF are closer to the true value.

For all methods, M4 is the most challenging case.

We also compare confidence intervals obtained

from wLogDate and BEAST (Fig.5). Although

wLogDate intervals are on average 2.7 times larger

than BEAST, 33% and 12% of the true values fall

outside the 95% confidence interval for BEAST

and wLogDate, respectively. Thus, while both

methods under-estimate the confidence interval

range, wLogDate, with its larger intervals, is closer

to capturing the true value in its confidence

interval at the desired level.

Finally, we compared all methods in terms of

their running time (Table S2). LSD and LF are the

fastest methods in all conditions, always taking

tens of seconds (less than a minute) on these data.

The running time of wLogDate depends on the

model condition and can be an order of magnitude

higher for Exponential rates than the other two

models of rate variation. Nevertheless, wLogDate

finishes on average in half a minute to 12 minutes,

depending on the model condition. In contrast,

BEAST took close to one hour with strict clock
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wLogDate ranks first in 
all inter-host model 
conditions


Comparing to the 
second-best method, 
wLogDate reduces the 
error from 9 to 66%

(*) Data simulated by To et. al. 2015

MAE: mean absolute error
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FIG. S2. Running time of wLogDate on random subsets of the HIV dataset. For each tree size, wLogDate was run 100 times
on 10 random subsets each with 10 initial points. Each dot represents the average run time of wLogDate per subset per
initial point. Both axes are scaled in log (base 10). The slope of the line (2.23) shows the polynomial degree of the running
time increase of wLogDate. Thus, wLogDate scales slightly worse than quadratically with increased numbers of species.
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• Empirical time complexity of 
wLogDate is about quadratic


• wLogDate is scalable to 
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LF, but is more than 13 times 
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on 10 random subsets each with 10 initial points. Each dot represents the average run time of wLogDate per subset per
initial point. Both axes are scaled in log (base 10). The slope of the line (2.23) shows the polynomial degree of the running
time increase of wLogDate. Thus, wLogDate scales slightly worse than quadratically with increased numbers of species.
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