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Article 

Monothetic Genera Are the Cast-Iron Building 

Blocks of Evolution 

Richard H. Zander 

Missouri Botanical Garden, 4344 Shaw Blvd, St. Louis, Missouri 63110. E-mail: richard.zander@mobot.org 

Abstract: Detailed evaluation is provided for the likelihood statistics intrinsic to 

interlocking Sequential Bayes analysis, which allows estimation of evidential support for 

dendrograms charting the macroevolution of taxa. It involves complexity functions, such as 

fractal evolution, to generate well-supported evolutionary trees.  Required are data on trait 

changes from ancestral species to descendant species, which is facilitated by reduction of large 

genera to monothetic groups (one ancestral species each), most conveniently named as separate 

genera. Assigning each species one Shannon informational bit per new trait, then adding the traits 

as sequential Bayesian analysis (each posterior probability used as the prior for the next iteration 

of Bayes Formula), then interpretation with an odds chart, provides a posterior probability that 

the ancestor-descendant order is correct, that is, entirely follows evolutionary theory involving 

adaptation and rarity of total trait reversals. The key fact is that the most recently acquired traits 

of the ancestral species are selectively inviolate and passed on without change to each 

descendant species. The details of sequential Bayesian analysis were clarified by calculation of 

likelihood ratios and Bayes factors that compare optimal models with the next most likely model. 

Such analysis demonstrated that the optimum arrangement of ancestor and descendant species 

leads to high support values for fitting evolutionary theory, comparable to statistical support 

levels reported for molecular evolutionary trees. The fact that phylogenetic analysis does not 

offer an ancestor-descendant model in is found to be conducive of precision at the expense of 

accuracy, and leads to wrong ancestor-free models with likelihoods explaining data at high 

credible levels. The number of advanced traits in the outgroup as a Bayesian prior greatly 

enhances posterior probability. The method is simple, free of special computer analysis, and 

well-suited to standard taxonomic practice. 

Keywords: adaptation; ancestor-descendant; Bayes factors; bryophytes; complexity; 

evolution; likelihood ratio; monothetic genus; sequential Bayes; Shannon information bits; Tainoa 

1. Introduction

Complexity analysis (Abel, 2009; Bennet, 2010; Binning, 1989; Doebeli & Ipolatov, 2014; Ferriere 

& Fox, 1995; Gershenson, 2004; Hilborn, 2000; Ito & Gunji, 1994; Kaneko & Tsuda, 2000; Kondepudi 

et al., 2020; Lewin, 1999; Liu & Bassler, 2006; Mesarovic et al., 2004; Packard, 1988; Prigogine, 1978) 

includes chaos theory, dissipative structure, fractal self-similarity, and self-organization aspects of 

evolutionary analysis. Complexity is not the overwhelming diversity of data on the natural world, 

but comprises the emergent processes that sustain and constrain that data, presenting taxonomists 

with species and higher taxa. Given the past range and substance of research on complexity, it is 

surprising that there have been few (Notale et al., 2000; Lv et al, 2014) direct applications to 

biodiversity study, one of the most informationally complex fields of scientific endeavor.  

Complexity functions, e.g. the edge of chaos, fractal evolution, and logistic map (Ito & Gunji, 

1994; Kauffman, 1993, 2000; Lewin, 1999; Nicolis & Prigogine, 1989; Packard, 1988; Pimm, 1984; 

Schroeder, 1991), are not deduced from axioms or rounded up by reductionist techniques, but are 

emergent phenomena in the mesocosm. An important recent paper developing the use of complexity 

analyses in the study of the natural environment is that of Wong et al. (2023), who propose the 
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ubiquity in macro- and microcosmic systems of selection on functional information in a complexity 

context. They asserted that functional information must increase with degree of function, from zero 

for no function (or minimal function) to a maximum value corresponding to the number of Shannon 

informational bits that are both necessary and sufficient to specify any system configuration. 

Functional information must have three critical characteristics: (1) there is multiple interacting 

components, (2) elements occur in combinatorically large numbers of different configurations, and 

(3) selection processes differentially support configurations that display useful functions. These 

strictures apply well to the present paper, which similarly uses Shannon information bits to specify 

model condigurations. 

Zander’s (2023) complexity-based evaluation of the evolutionary relationships of certain groups 

of mosses in the West Indies and adjacent Middle America led to the following conclusions:  

(1) Extant ancestral species are commonly able to be identified as such;  

(2) Monothetic genera (those with one ancestral species) are identifiable;  

(3) Evolutionary diagrams (caulograms) connecting series of genera composed of an ancestral 

and a few descendant species may show up to four or five levels of extant ancestry;  

(4) Monothetic genera are fractal in that the new traits of the shared ancestral species are not 

modified in speciation but are gifted to the descendants, whose new traits are modifications of 

presently non-adaptive traits of distant ancestral species;  

(5) Newly evolved species of descendants in monothetic genera are about the same number per 

genus, while average number of newly evolved traits in a monothetic genus is also the same, with 4 

being the magic number at the edge of chaos across scales;  

(6) Monothetic genera surviving robustly at the edge-of-chaos can be distinguished by NK-

analysis in random Boolean network theory from those that are more likely to go extinct or be 

reduced to solitary species, or which are likely to be fragmented by global perturbations;  

(7) Fractal genera are less likely to exceed the edge of chaos because identical shared ancestral 

traits provide phyletic constraint; and  

(8) Taxa are real things in nature that exist over millions of years through geologic ages, 

geographic space, and elapsed time, and can be treated as responding to much the same functional 

processes in complexity studies of biodiversity.  

Interlocking Sequential Bayes is a way to judge likelihood support for the order of a series of 

elements, and has been used for taxonomic study by Zander (e.g. 2013, 2016, 2018, 2019, 2021a,b, 

2023). In the present paper, we want to know how well the data fit evolutionary theory (e.g., 

Barraclough, 2010; Gould, 2002; Pianka, 2000; and standard works such as that of Grant, 1985), in 

particular, how well traits of taxa support different orderings of ancestor and descendant species. 

Evolutionary theory is, of course, complex, but most simply, as here applied, ancestor-descendant 

order is expected to reflect reasonable interpretation of adaptations (Mayr, 1983) involving reduction 

and elaboration, given Darwinian gradualism (no or few major jumps in numbers of trait 

combinations, as in natura non facit saltus). Analytic methods include outgroup comparison, in which 

species of a group may be ordered assuming that a related group, the outgroup, shares traits very 

similar to those of the ancestor of the ingroup, and these shared traits are primitive or plesiomorphic 

in cladistic terms. A second method is ingroup comparison such that species with rare or unusual 

traits are more probably derived than primitive, and are those of advanced descendant species.  

The simplest model for analysis of trait changes is the monothetic genus consisting of one 

ancestral species and its direct descendant species. Van Valen (1973) early pointed out that ancestral 

species were both extant and common. Ancestral species are mostly ignored in modern taxonomic 

work because: (1) classical taxonomy commonly assigns species to polythetic genera and relegates 

trait changes to the intellectual domain of evolutionists, (2) systematics in the cladistic context focuses 

on clustering taxa by relative degree of shared ancestry, without identifying particular species as 

ancestors, i.e., all species are terminal on a cladogram, and (3) molecular systematics depends on 

relative degree of shared apparently non-expressed and randomly fixed molecular sequences, and 

simply maps expressed traits to the molecular cladogram assumed to track expressed-trait evolution.   
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The monothetic group is most easily dealt with if named as a separate genus, but for convenience 

a subgenus or section may be used. The work of Zander (2023) summarizes several papers dealing 

with monothetic genera and trait changes between ancestral species and descendants, and also 

between ancestral monothetic genera and descendant monothetic genera.  

Zander (2023a) found that monothetic genera in the groups studied (in the moss families 

Pottiaceae and Streptotrichaceae) were usually of four descendant species, and each species in the 

genus had usually four traits. The genera were fractal, being self-similar across scale. The constraint 

around the number four (actually averaging about 3.6) was explained using NK-analysis with a 

random Boolean network model (Gershenson, 2004; Kauffman, 1993: 218; McKelvey, 1999). The 

number four was interpreted as the optimal edge of chaos (Packard, 1988) for interactions of 

competition and mutualism for each genus for survival across geologic time. This includes major 

perturbations, such as boloid impacts at the KT boundary, the late Cretaceous and early Eocene 

temperature maxima, and Pleistocene glaciations, and less catastrophic climate change such as 

Milankovitch events and minor volcanism (Behrensmeyer, 1992; Bender, 2013).  

Trait changes were grouped as the novon, the set of new traits of a descendant species, and the 

ancestron, the set of traits of the ancestral species. The immediate ancestron is critical, defined as the set 

of new traits provided to the ancestral species by its own ancestral species. Of importance is that the 

immediate ancestron is passed on as an identical set to all descendant species. The characters used as 

sources of new traits (character state changes) in descendants are apparently those older and less 

important traits in the trail of characters of the ancestral species. The fact of this latency of the 

advanced traits of the ancestor is the stabilizing concept for fractal evolution, and becomes the solid 

evolutionary substance of  a monothetic genus. 

This latency of the immediate ancestron is the key to the fractal nature of a genus, and provides 

a clue to the natural-selection-based process supporting survival through adaptation. The immediate 

ancestron ensures that a descendant species is equipped with tested traits for local or sympatric 

(Artzy-Randrup & Kondrashov, 2006) and peripatric survival and the novon is a probe into a 

constantly changing environment including speciation that is allopatric in geography and time. The 

species is not, then, the central actor in evolution, it is the monothetic genus that is a tiny, working 

Spaceship Earth, one of an integrated fleet of lineages comprising the ecosphere in space-time. 

A series of connected monothetic genera is a stem-taxon dendrogram called a caulogram Zander 

(2023a,b), and is obtained with Shannon-Turing analysis. This method assigns each newly evolved 

trait one informational bit, which is given a probability using an odds table (Table 1). The bits may 

be added because they are exponents and of similar distribution and thus conjugate priors (Etz, 2019). 

Treating the bits of the posterior of an ancestor as the prior of the next is entirely equivalent to 

concatenating instances of Bayes’ formula, thus we have sequential Bayes. The method (Good, 2011) 

was pioneered by A. Turing in breaking German codes during World War 2, but is now used (Zander, 

2013, 2018, 2021a,b) with Shannon informational bits rather than decibans. The essential statistical 

process in the present paper consists of the monothetic genus of one ancestor, one or more descendant 

species, and an outgroup species, and the three elements are rendered as a minimum sequential 

Bayesian posterior probability (min SBPP), the outgroup providing the prior. A more detailed 

explanation is given by Zander (2023a). 

Table 1. Shannon informational bits, odds, and probabilities. Analyses assign one bit per theoretically 

advanced trait, a negative bit for a reversal, and no bits for no information pertinent to evolutionary 

theory involving outgroup selection, and rarity or specialization of traits. Each bit is a power of two; 

value is the decimal equivalent; odds ratio compares the success of a model over an alternative model; 

fraction is a value converted from odds ratio; probability is the fraction in decimal form.  A number 

with a negative exponent is the reciprocal of the corresponding number with a positive exponent. 

Zero bits has a decimal value of zero, an odds ratio of 1:1, a fraction of 1/2, and a probability of 0.500. 

See spreadsheet (Zander, 2023b) for other figures through plus or minus 32 bits. 

Bits-

Positive 
1 2 3 4 5 6 7 8 
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Value 2 4 8 16 32 64 128 256 

Odds 

ratio 
2:1 4:1 8:1 16:1 32:1 64:1 128:1 256:1 

Fraction 2/3 4/5 8/9 16/17 32/33 64/65 128/129 256/257 

Probabili

ty 
0.667 0.800 0.889 0.941 0.970 0.985 0.992 0.996 

Bits-

Positive 
9 10 11 12 13 14 15 16 

Value 512 1024 2048 4048 8096 16192 32768 65536 

Odds 

ratio 
512:1 1024:1 2048:1 4048:1 8096:1 16192:1 32768:1 65536:1 

Fraction 512/513 
1024/102

5 

2048/204

9 

4048/404

9 

8096/809

7 

16192/1619

3 

32768/3276

9 

65536/6553

7 

Probabili

ty 
0.99805 0.99902 0.9995 0.99975 0.999876 0.999938 0.9999695 0.9999847 

         

Bits-

Negative 
-1 -2 -3 -4 -5 -6 -7 -8 

Value 0.500 0.250 0.125 0.063 0.031 0.016 0.008 0.004 

Odds 

ratio 
1:2 1:4 1:8 1:16 1:32 1:64 1:128 1:256 

Fraction 1/3 1/5 1/9 1/17 1/33 1/65 1/129 1/257 

Probabili

ty 
0.333 0.200 0.111 0.059 0.030 0.015 0.007 0.004 

Bits-

Negative 
-9 -10 -11 -12 -13 -14 -15 -16 

Value 0.002 0.001 0.0005 0.000025 
0.000012

4 
0.00006 0.000031 0.000015 

Odds 

ratio 
1:512 1:1024 1:2048 1:4048 1:8096 1:16192 1:32768 1:65536 

Fraction 1/513 1/1025 1/2049 1/4049 1/8097 1/16193 1/32769 1/65537 

Probabili

ty 
0.00195 0.00098 0.00049 0.000025 0.000124 0.000062 0.000031 0.000015 

The Bayes Formula combines a prior probability with a likelihood (Bernardo & Smith, 1994; 

Winkler, 1972). The prior may be well conceived, or a flat prior of 0.50. The likelihood is the actual 

data (flips of coins, numbers of traits). The prior is the initial estimate of the chance that that the model 

explains the data. The likelihood is the chance that the data explains the model, i.e. that the model is 

supported by the data. A posterior distribution (a distribution between 0.00 and 1.00) is arranged by 

combining the prior and likelihood with a normalizing factor. The answer obtained by the Formula 

is the Bayesian posterior probability (BPP). Sequential Bayes analysis uses the posterior probability 

of one instance of the Bayes’ formula as the prior of the next instance. Any Bayesian statistics manual 

or treatments on the Web will provide well-illustrated explanations of the use of Bayes’ formula in 

statistics. 

A caulogram presents series of monothetic genera with species arranged as best representing 

evolutionary theory. Because it was found (Zander, 2023a) that the advanced traits of the ancestral 

species are donated entire to each and every immediate descendant species (i.e., as the latency of the 

immediate ancestron), there are very few instances where the optimal arrangement of ancestral and 

descendant species must include exceptions to theory, such as surprising reversals or non-

parsimonious trait changes. One assumes there need be a minimum of two correlated new traits to 

identify a population as a distinct species, otherwise one new trait may be a simple mutation that 

does not imply a degree of genetic isolation.  
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2. Materials and Methods 

We will use likelihood ratios (L.R.) to investigate the details of interlocking Shannon-Turing 

analysis, which is based on sequential Bayesian analysis. When a prior is known, we will call these 

ratios Bayes factors (B.F.),  a minor terminology glitch following the literature. Consider a 

monothetic genus of four descendants each with a  minimum two traits. If we assign one positive 

informational bit to a new trait, and add them within a monothetic genus of optimal one ancestor and 

four descendants, then the evolutionary theory identifying those four as descendants would be 

supported by eight traits (four descendants each with two bits). An odds table (see Table 1) would 

assign Bayesian support as posterior probability (BPP) at 0.996, or 250:1 that this is correct, or far 

more likely than any alternative. Were there trait changes contrary to evolutionary theory, such as a 

reversal, then a minus bit would be added, lowering the bit count but this is rare in studies of actual 

monothetic genera that best follow evolutionary theory.  

The series of monothetic genera comprising a caulogram is then supported by a series of sets of 

traits whose existence, if following evolutionary theory, provides each other with support as part of 

a model reflecting evolutionary theory. Together they form an evolutionary model supported 

sometimes by as much as six standard deviations (six sigma), 29 or more bits. It may seem far-fetched 

that a particular model of evolution is considered to be wrong only once out of 500 million times that 

it is generated (Table 2). Six sigma is reached because the accumulating priors of sequential Bayes 

narrow down the area of distribution in which the likelihood calculations can be found. Essentially, 

what this means is that monothetic genera, when concatenated, fully reflect evolutionary theory in 

respect to fixed trait changes between progenitor and descendant species, given the data and theory. 

If expressed-trait evolution were neutral and fixed randomly, this would not be the case. 

Table 1 may be used to determine the probabilities of positive and negative bits. Both likelihood 

ratio (L.R.) and Bayes factors (B.F.) can be calculated there from bit ranges between 1 and 16, or –1 

and –16, or the spreadsheet may be used (Zander, 2023b) for ranges to plus or minus 32. The 

likelihood ratio formula is about the same as the Bayes factor formula. The latter simply involves the 

addition of positive bits reflecting the number of new advanced traits given the ancestor (by its own 

ancestor, the outgroup). These positive bits of the ancestor are added to the bits of each descendant. 

This is the prior.  

The Bayes’ formula calculates the probability of one model (the optimum or A > B) compared to 

the probability of the best of alternative models (whichever has the smallest number of negative bits 

for a descendant switching places with the optimum ancestor, say B > A). This is clarified in Figures 

1 and 2. It uses fractions based on odds ratios, see Table 1. Thus, the formula (1), which is the basis of 

Table 1: 

L.R.. or B.F. = (2p /  1+2p ) / ((2-q ) / (1+2-q)) (1) 

Where p = bits supporting A > B, and q = bits refuting A > B, reflecting reversals. 

Innumerate botanists (those lacking mathematical skills) may easily navigate this formula by 

using the “xy” key in an scientific calculator. The “xy” key does not work with negative exponents 

unless you press the “+/-“ key after entering the exponent number, not before. A number to a negative 

exponent is simply the reciprocal (divide into 1) of the number to the same but positive exponent. See 

formula (2). 

L.R.. or B.F. are also  =  (2p /  1+2p ) / ((1/2q ) / (1+1/2q))  (2) 

Remember to press the “=” key when dealing with multiple parentheses to finalize the 

calculation in the parentheses before dealing with the next set of parentheses, as only the last two 

numbers entered are addressed. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 October 2023                   doi:10.20944/preprints202310.1653.v1

https://doi.org/10.20944/preprints202310.1653.v1


 6 

 

 

Figure 1. Elements of analysis of trait changes in a theory-based model monothetic genus and a least 

different alternative model for likelihood ratio calculation. Each double lump is a species with colors 

representing its novon and immediate ancestron. 1. Two species in a genus. Each species is composed 

of two critical sets of traits, a novon of most recent new traits (yellow), and an immediate ancestron 

composed of the ancestor’s new traits (blue). The descendant’s immediate ancestron is the same as 

the ancestor’s novon (blue). The alternative model is simply switching ancestor with descendant, and 

considering trait changes contrary to theory as reversals. 2. Two species in a genus plus an outgroup 

species. There are two sets of trait reversals in the alternative model, between outgroup and 

descendant switched with ancestor, and between descendant and switched ancestor. Green shows 

traits shared by outgroup and ancestor of monothetic genus. 3. Edge-of-chaos optimal five-species genus 

with outgroup. Blue denotes ancestor’s novon shared by all four descendants. Trait changes occur at 

every change in color, all in line with evolutionary theory. Alternative model switches ancestor with 

one of descendants (they all have same number of traits) and there are trait reversals non-

parsimoniously contrary to evolutionary theory between outgroup and false ancestor and between 

false ancestor and true ancestor. Negative trait changes between false ancestor and other descendants 

due to outgroup refutation are countered by positive trait changes between false ancestor after 

reversal to match the optimal true ancestor and true descendants. 

 

Figure 2. Positive and negative trait changes in optimal and alternative models of monothetic genus, 

with all species shaving four traits in the novon. 1. Two species. Optimal model has +4 bits supporting 

the model. Alternative model has 4 reversals from false ancestor to true ancestor, or –4 bits. Likelihood 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 October 2023                   doi:10.20944/preprints202310.1653.v1

https://doi.org/10.20944/preprints202310.1653.v1


 7 

 

ratio is likelihood of +4 divided by likelihood of –4 bits, or 16 (Table 1). 2. Two species in a genus plus 

an outgroup species. Optimal model has + 4 bits from outgroup supporting ancestor, and +4 bits from 

true ancestor and true descendant. By sequential Bayes, ancestor-descendant relationship totals +8 

bits. Alternative has –4 bits from outgroup to false ancestor, which adds negatively to –4 bits from 

false ancestor to true ancestor, totaling –8 bits. L.R. = 250. 3. Edge-of-chaos optimal five-species genus with 

outgroup. Optimal model adds informational bits from theory-based trait changes from outgroup to 

ancestor, which is added to each descendant receiving support from the ancestor (+4 bits) plus the 

outgroup (+4 bits) or +8 bits, totaling +32 bits. L.R. = 257. (L.R. is likelihood ratio; B.F. is Bayes factor.). 

When there are long branching lines of monothetic genera, the bits of all descendant species are 

added (Etz, 2019) fully across the dendrogram because any one determination of ancestor-descendant 

status supports any other in the lineage, both backwards and forwards. The totaled numbers of bits 

in a dendrogram can be associated with various levels of standard deviation or sigma. Table 2 shows 

bit strength needed for up to 6 sigma, a standard measure of confidence for industry easily 

comparable to the 1.00 Bayesian posterior probabilities used in molecular phylogenetics for statistical 

certainty, given the data. Standard deviations are generally associated with frequentist statistics, not 

Bayesian, but the posterior distribution of the latter can be converted by normalization and rescaling 

to an approximation of a probability density. 

Table 2. Standard deviations (sigmas) 1 through 6, with odds ratio and Shannon information bits 

needed to represent the Bayesian posterior probability area of the distribution. From Pacrat (2013). 

Sigmas Bits in distribution Odds ratio, approx. BPP % 

1 0–1.7 3:1 to 66.7 

2 1.7+–4.3 20:1 to 95.2 

3 4.3+–8.7 400:1 to 99.0 

4 8.7+–14 16,000:1 to 99.993 

5 14.0+–20.7 1.5 mn:1 to 99.99994 

6 20.7+–29.0 500mn:1 to 99.999998 

In examining the relationship between ancestral and descendant species, interlocking sequential 

Bayes (Zander 2023: 16) is considered an example of likelihood ratio analysis when one monothetic 

(one ancestor) genus alone is examined. It is called a Bayes Factor analysis (Garcia-Donato & Chen, 

1979; Kass & Raftery, 1995) when an outgroup species is included, or the equivalent of an outgroup 

being two monothetic genera concatenated in a lineage.  

Likelihood is a measure of support of a particular model by the available data, that is, how likely 

are the data given the model. Example: the probability of a fair coin coming up heads is 0.5; the 

likelihood of a particular coin being fair and coming up heads is the data of 25 heads and 30 tails, or 

25/30, or 0.46). In other words, the data, not the concept, is the likelihood. The likelihood ratio is the 

probability of one model (the best one) being correct divided by the probability of the second best 

model being correct.  

The Bayesian formula has two parts, one is the likelihood (the actual data) and the other is the 

prior (reflecting previous knowledge of probability of the model, or if none, then 0.50 probability). If 

there are two concatenated monothetic genera, then the first is the prior of the second. Bit values for 

the first may be added to those of the second giving logically the same result as does the Bayes 

formula (formula 3), and the likelihood is then called the Bayes factor. 

P(model|data) = P(model) × P(data|model) / P(data)                         (3) 

In Bayes’ formula the probability of the model given the data (here the particular evolutionary 

diagram) equals the prior (probability of the model) times the probability of the data given the model 

(the likelihood), that divided by the probability of the data (a normalizing function that scales the 

value between zero and one. In short, the posterior probability equals the likelihood times the prior 

divided by the normalization constant. The posterior probability, P(model/data), is the how likely the 
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model is given the data. The likelihood, P(data|model), is the probability of seeing the data given the 

evidence.  The normalizing constant is unnecessary if the prior and likelihood are conjugate priors, 

that is, having the same statistical distributions. One can then use Bayes’ Rule, that the posterior is 

proportional to the likelihood multiplied by the prior (Etz, 2015), to simplify calculations. This is done 

in sequential Bayes. Bayesian statistical analysis is difficult and mind-bending in logical and 

mathematical complexity, and has always been a battleground between Fisherian, Neyman-Pearson 

and Bayesian schools of statistics (Gigerenzer et al., 1989). 

Likelihoods are determined by the probability of the theoretically optimal, most likely (highest 

bit count) model arrangement of species in a monthetic genus divided by that of the second most 

probable model (switching the least dissimilar immediate descendant species with the ancestor). 

Since the most probable model has a probability that reaches 0.99 with as few as 7 bits, the number 

of bits in the alternative model determines the L.R. or B.F. Likelihood ratios are much the same as 

Bayes’ Factors, except that the latter compares posterior probabilities by dividing the larger 

probability by the smaller.  

Given that the ancestral species in the above likelihood examples are all part of a series of Bayes’ 

formulas, they are already posterior probabilities, and standard charts (Table 3) (Jeffrey1961; Kass & 

Rafftery 1995) of the significance of levels of Bayes’ Factor support are useful. All species in the 

monothetic genus, including the descendant species, have the same immediate ancestron, so the 

status of the conceived ancestral species as truly ancestral is largely based on likelihoods internal to 

the monothetic genus with a very high composite maximum likelihood for the genus. 

Table 3. Interpretations of support for Bayes factors. The present paper considers Bayes factors to be 

the same as likelihoods when calculating ratios of optimum versus alternative models. 

Jeffries (1961) 

support 
B.F. Range 

Kass & Raftery 

(1995) support 
B.F. Range 

substantial 3 to 10 positive 3 to 20 

strong 10 to 100 strong 20 to 150 

decisive more than 100 very strong More than 150 

The aim of this paper is to investigate the details of of Shannon-Turing analysis in terms of 

likelihood ratios and Bayes factors. Shannon-Turing analysis is simply described as assigning each 

new trait of a descendant species one informational bit, then adding these (exponents of 2) to match 

operationally the Bayes’ formula, both within a monothetic genus and between genera. The details 

are in the likelihood ratios, not previously addressed. Bits matching evolutionary theory are positive, 

bits contrary to theory are negative (Table 1). 

3. Results 

Example 1. Likelihood (Figures 1-1 and 2-1) Table 4 

If there were one ancestral species and one descendant, then there are two hypotheses, or 

models, either A generates B, or B generates A, say A > B or B > A. (The symbol > means generates 

through speciation.)  Given that A > B fits theory (A is a generalist species, and B has rare or 

specialized traits and or unusual habitat), then given the minimum of 4 traits per species, A > B rates 

+4 bits, and B > A gets –4 bits. Positive fur bits, by the odds table, is 0.941 BPP or 16 to 1, and –4  bits 

is 0.059 BPP or 1:16. The likelihood ratio that the evolutionary order A > B  is a better model of 

evolution than B > A is then the probability of A > B divided by the probability that B > A. This is 

0.941 / 0.0.588. Thus A > B is 16 times as likely as B > A, with 16 being the L.R. (Figures 1-1 and 2-1). 

The determination of which is ancestor depends on a context of many related species for evaluating 

which is theoretically more generalist, most unspecialized, least adapted compared to other species 

having the same immediate ancestron. For this and all examples, a table is given to facilitate 

understanding of the calculations (Table 4). 
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Table 4. Likelihood ratio of one ancestral species (A) and one descendant (B), two new traits per 

speciation, no outgroup (no prior). L.R. = 16. Because there is no prior, we call the result a L.R. 

Optimal A > B  Total bits Likelihood 

 +4 +4 0.941 

Alternative B > A   

 – 4 – 4 0.0588 

Example 2. Bayesian, that is, with outgroup as prior (Figures 1-2 and 2-2) Table 5. 

Switching descendant and ancestor is an analytic scenario is more clear if there is an outgroup 

such as a closely related group, ideally a species to ancestral the ancestral species in the monothetic 

genus. Call this outgroup species X, belonging to a possible penultimate monothetic genus X > (N, O, 

P, Q). If both A and B would be about as advanced in relation to the more distant ancestral species X, 

then there is no relevant evolutionary information. The descendant species must be advanced in 

relation to both its ancestor A and the ancestor’s ancestor X for a well-supported order of evolution. 

A caulogram as an evolutionary tree is then essentially a concatenation of prior and likelihood 

comprising the Bayes formula. This is technically a second-order Markov chain decision tree. The 

context of the ancestor X of the immediate ancestor A becomes more important when there are more 

than one descendant species, and the problem is to determine how much more likely they are than 

their immediate ancestor to be the descendants than for one of them to be the actual ancestral species.  

An example caulogram with one ancestor, one descendant and an outgroup, all species with 4 

new traits is presented in Figures 1-2 and 2-2. Because there is an outgroup as a Bayesian prior, we 

call the result a B.F. The effect of the outgroup is strong, increasing the B.F. of the model in Figures 1-

2 and 2-2 from 16 to 250. Because there is a prior to focus the likelihoods into a posterior distribution 

of likelihoods, we can say this model has a Bayes Factor of 250. 

Table 5. Example caulogram with one ancestor, one descendant and an outgroup, all species with 4 

new traits. B.F. = 250. 

Optimal 
X>A + 

A > B  
Total bits Probability 

 +4 +4 +8 0.996 

Alternative 
X > B + 

B > A 
  

 –4 –4 –8 0.004 

Example 3. One ancestor and four descendants, with outgroup Table 6 

Consider there being one ancestral species and four descendant species, or A> (B, C, D, E), as is 

the optimal case, judged from NK-analysis with random Boolean network models (Zander, 2023a), 

and an outgroup X. Descendants B, C D and E are all advanced against the more generalist ancestral 

species A.  They have traits mostly not found in the ancestor’s ancestor X, and they have unusual or 

specialized features or odd habitats.  

For this example, each descendant species has 2 traits that are new, not found in the ancestor, 

and the ancestor has 2 traits not found in outgroup X. Then we assign one bit per new trait in each of 

the four descendants, and add the bits. The sum of 8 bits (2 bits for traits in each descendant from A, 

plus the prior of 2 bits for each) yields 0.99998, a very strong support for the configuration of A > (B, 

C, D, E) and 2 bits. Again, assuming only one ancestral species, then if we try B as ancestor for all 

four other species (the descendant species are all equally distant from A in numbers of new traits, 

then we have two reversals from X > B, plus two reversals for B > A, and no information for B > C, B 

> D or B >E. There is no information when the negative bits from the prior on the false, alternative 

ancestor B are added to the two positive bits from B > any descendant not the true ancestor. 

Calculating the likelihood of the optimum A > (B, C, D, E) comes down to the fraction of the likelihood 

probabilities of the two alternative models, probability of 16 bits divided by probability of –4 bits, or 

17 times as likely. 
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Table 6. Example of 1 ancestor, four descendants, and an outgroup, all species have two new traits (2 

bits). Because there is a prior (X > A), we say B.F. = 17. (not illustrated). 

Optimum 
X > A + 

A > B 

X > A + 

A > C 

X > A + 

A > D 

X > A + 

A > E 
Total bits Probability 

 +2 +2 +2 +2 +2 +2 +2 +2 16 0.99998 

Alternative 
X > B + 

B > A 

X > B + 

B > C 

X > B + 

B > D 

X > B + 

B > E 
  

 –2 –2 –2 +2 –2 +2 –2 +2 –4 0.059 

Example 4. Five species per monothetic genus with four advanced traits per species, plus 

outgroup (Figures 1-3 and 2-3) Table 7 

This is the same as Example 3, but with 4 bits per species, the optimal edge-of-chaos numbers 

(Zander, 2023a). For the scenario of 1-ancestor, 4-descendant, 4 traits (bits) per species, plus X as 

outgroup, there are 4 bits from the outgroup-to-ancestor transition (as minimum sequential Bayesian 

Posterior Probability) added to each ancestor-descendant lineage of 4 bits. Thus, four descendants 

each given 4 + 4 or 8 bits each, or 32 bits per monothetic genus (A > (B, C, D, E). The likelihood is 1.00 

for this optimal model, from the spreadsheet (Zander, 2023b). 

Because all descendants have the same number of new traits, any one descendant can represent 

the ancestor in the alternative, next most-likely model. Consider X > B > (A, C, D, E). For the outgroup, 

X > B yields –4 bits because the “ingroup” of (A, C, D, E) refutes this order of speciation. Then, B > A 

is another reversal of –4 bits, then we have –8 bits for B > A. In addition, B > C or D or E requires 

reversal of 4 bits in B before B can give rise to C, D, or E and afterwards add 4 bits (because then C, 

D, and E are then advanced), thus B > (C, D or E) is zero bits. The bit count for X > B > (A, C, D, E) is 

then –8 bits. The probability is 0.004. 

Given that sequential Bayes uses outgroups as priors, the likelihood ratios for all determinations 

using outgroups, which is most of them, are actually Bayes Factors. The chart (Table 3) of Bayes 

Factors by Jeffries (1961) and Kass and Raftery (1995) is pertinent.  

All other configurations reflecting exchanging a descendant with the optimal ancestral species 

give the same probability of the alternative model. The Bayes factor comparing the optimal 

caulogram X > A > (B,C,D, E) against the alternative X > B > (A, C, D, E) is then 1 / 0.004, or 257. A B.F. 

of 257 is, by Table 3, decisive (Jeffries, 1961). This is very strong support (Kass & Raftery, 1995).  

Table 7. Example of 1 ancestor, four descendants, and an outgroup, all species have four new traits 

(4bits). Because there is a prior (X > A), we say B.F. = 257 instead of L.R. 

Optimum 
X > A + 

A > B 

X > A + 

A > C 

X > A + 

A > D 

X > A + 

A > E 
Total bits 

Probability 

(from 

spreadsheet) 

 +4 +4 +4 +4 +4 +4 +4 +4 32 1.00 

Alternative 
X > B + 

B > A 

X > B + 

B > C 

X > B + 

B > D 

X > B + 

B > E 
  

 –4 –4 –4 +4 –4 +4 –4 +4 –8 0.00389 

Example 5. The above model but with a secondary ancestor as alternative 

The reader can work out that an alternative (to Example 4) model configuration of X > B > A > 

(C, D, E) has the same bit value as the alternative with all descendants immediate on A. Although 

certainly (C, D, E) are direct descendants of A at four times plus 4,  this does not support B being the 

ancestor of A, and –4 may be added to plus 4 to get, as in the alternative of Example 4, zero. Given 

that X > B > A > (C, D, E) is not a real alternative to X > B > (A, C, D, E) inasmuch as four trait changes 

are needed to transform B into an acceptable ancestor, and that exact trait combination is the same as 

that of A, this configuration is a superfluous alternative.  

Example 6. Model with descendants having different numbers of new traits. Table 8 
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The above models all had descendants with the same number of new traits (bits). Consider the 

above model (Example 4) of five species per monothetic genus with four advanced traits per species, 

plus outgroup (Figures 1-3 and 2-3) (Table 7). Suppose descendants had 2, 3, 4 and 5 bits each instead 

of each having 4 bits. Then the descendant species with the least number of bits, say B has only 2 bits, 

would be the one chosen to switch with the true ancestor for the most likely alternative model. When 

deciding trait change differences between a false ancestor and a descendant, say B > C, we subtract 

the number of trait changes as reversals needed to change the false ancestor B into the true ancestor 

A, the add the bits of the descendant reflecting its distance from B as the new A. For B > C, we subtract 

2 bits from B to make it the equivalent of A, then add the difference from A to C, 3 bits, plus of course 

the outgroup of minus 4. See Table 8, which demonstrates the bit count,  

Table 8. Example of 1 ancestor, four descendants, and an outgroup, all descendant species have 

different numbers of new traits, outgroup has 4 bits. Because there is a prior (X > A), we say B.F. = 

4096, quite different from that of all descendants having equal numbers of new traits because the 

positive bits of descendants do not cancel out the negative bits of the outgroup, which are 

overwhelming. 

Optimum 
X > A + 

A > B 

X > A + 

A > C 

X > A + 

A > D 

X > A + 

A > E 
Total bits 

Probability 

(from 

spreadsheet) 

 +4 +2 +4 +3 +4 +4 +4 +5 30 1.00 

Alternative 
X > B + 

B > A 

X > B + 

B > C 

X > B + 

B > D 

X > B + 

B > E 
  

 –4 –2 –4 +1 –4 +2 –4 +3 –12 0.000244 

Likelihood ratio and Bayes factors given above are largely determined by bits assigned to 

alternative model, e.g., B > A. This is true when the optimal A > B model has likelihoods of 0.99 or 

greater, which obtains when the optimal model has 7 or more bits (summed new traits of ancestor 

over outgroup and descendants over immediate ancestor). Tale 9 gives ranges of L.R. and B.F. for 

various bits of alternative models. 

Table 9. Likelihood ratios or Bayes factors for various bits of alternative models when optimal model 

has probability near 1.0 or 7 or more bits. 

Bits of alternative model 
L.R. or B.F. for optimal model of 7 or more 

bits. 

2 4.9–5 

3 8.9–9 

4 16.9–17 

5 32.7–33 

6 64.5–65 

7 128–129 

8 255–257 

9 509–513 

10 1017–1025 

11 2033–2049 

12 4065–4097 

Example 7. A test case from nature. Table 10. 

The interlocking Shannon-Turing analysis may have its internal Bayes factors further clarified 

with an actual monothetic genus in the moss family Pottiaceae. Taoinoa R. H. Zander is a small genus 

of six moss species endemic to the West Indies and adjacent Central America and Mexico. Trait details 

are given by Zander (2023). Five species were investigated using the present bit-summing method. 
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The species involved are assigned a letter and number of bits reflecting its number of newly evolved 

traits: 

X (outgroup) is Neotrichostomum crispulum (Buch) R. H. Zander  

A (putative progenitor species) is Tainoa pygmaega (E. B. Bartram) R. H. Zander 3 bits 

B is T. sinaloensis (E. B. Bartram R. H. Zander 5 bits 

C is C. T. subangustifolia (Thér.) R. H. Zander 3 bits 

D is T. subcucullata (R. S. Willliams) R. H. Zander 4 bits 

E. is T. bartramiana (Steere) R. H. Zander 3 bits 

The evolutionary formula for the above monothetic genus Tainoa is X > A > (B, C, (D > E)), as 

given by Zander (2023a). 

The analysis is the same as for Figure 2-3, except for the bit count and one descendant (E) is a 

secondary ancestor to its own descendant (D). The evolutional transition from X to A is +3 bits. This 

number is added to each of the three immediate descendants (B, C and D) as per minimum sequential 

Bayesian posterior probability (min SBPP), which adds bits from two concatenated species as prior 

and likelihood.   

Summing the bits assigned to X > A > B, plus X > A > C, D plus X > A > D is 21. To this is added 

A (new outgroup) > D > E or 10 bits. The sum is 31, as given in Table 10. The probability that A > (B, 

C, (D > E)) is essentially 1.00 (statistical certainty). In words, species A is very well supported as 

ancestral to the remaining species by its A’s strong distinction and yet close similarity to the outgroup 

X, while the other species are removed from this relationship by advanced traits numbering 3 to 5. 

Interestingly, in the case of secondary ancestor D, first ancestor A becomes the prior for D > E, and X 

no longer contributes the immediate ancestron. Secondary ancestors apparently serve to distance 

their own descendants from the phyletic constraint of the outgroup, and probably signal a genus 

changing through selection its immediate ancestron, which is no longer of survial advantage. An 

example of such a transitioning genus is Anoectangium Hedw., with two secondary ancestral species 

(Zander, 2019b). 

To generate a Bayes factor for the above monothetic genus A > (B, C, (D > E)), the probability of 

the most probable alternative model is needed. The alternative model is selected as  the descendant 

most similar to the ancestral species A by having least number of advanced traits. This is species C, 

with 3 advanced traits, or3 bits. Switching C with A in the evolutionary tree to get the alternative 

model X > C > (A, B, (D > E)) allows the calculations summarized in Table 10.  

The alternative evolutionary order X > C gives –3 bits to reflect advanced traits coming before 

ancestral traits and thus equivalent to reversals. So, we subtract 3 bits from all positive bits of the 

descendants, excepting E, for which X is not the prior, see Table 10. Total is –8 bits. Total of optimal 

model is 31 bits, probability 1.00 (statistical certainty).The probability of minus 8 bits is (from the 

spreadsheet) is 0.004, and the B.F. is then 250, strong support for the optimal model of A > (B, C, (D > 

E)), given outgroup X. 

Table 10. Example for Tainoa genus, with T. angustifolia (C) as alternative ancestor. B.F. is 250. 

Optimum 
X > A + 

A > B 

X > A + 

A > C 

X > A + 

A > D 

X > A + 

D > E 
Total bits 

Probability 

(from 

spreadsheet) 

 +3 +5 +3 +3 +3 +4 +3 +4+3 31 1.00 

Alternative 
X > C + 

C > A 

X > C + 

C > B 

X > C + 

C > D 

X > B + 

D > E 
  

 –3 –3 –3 +5–3 –3 +4 –3 –2 +3 –8 0.004 

4. Discussion 

Likelihood is the chance of the data given the model, that is, the probability of getting the 

particular distribution of traits given that the evolutionary diagram is correct. Likelihood is a 

particular chance, for that singular data set, of probability on a curve in which that data probably 

occurs, and the prior determines the area of the curve in which the likelihood must fall.  
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Likelihood assumes the model—the evolutionary diagram—is correct. Computerized cladistics 

and likelihood or Bayesian phylogenetic analyses provide only cladograms as models, where no 

species are singled out as ancestral to others, and relative shared ancestry is the only important 

measure of evolutionary distance. Evolutionary systematics holds, on the contrary, that the model 

must reflect ancestor-descendant relationships as determined by studies that establish the premises 

of evolutionary theory. Appropriate theory (Artzy-Randrup & Kondrashov, 2006; Barraclough, 2010; 

Lewontin, 1978; Mayr, 1983; Schneider, 2000) involves adaptation, chance of reversals, rarity and 

specialization of traits, saltational changes, and other elements used in generating optimal 

evolutionary trees.  

Bayesian analysis uses likelihood and a prior probability from previously obtained data that 

supports the likelihood and provides a range within which the likelihood value exists. A flat prior is 

one of 0.50, where there is either no previous data or the data is equivocal. In sequential Bayes 

methodology using Shannon-Turing analysis, the result of one Bayesian analysis is used as the prior 

of the next. Flat priors, then, in the studies cited in the present paper occur only in outgroups at the 

very base of a caulogram where no prior species is used for analysis.  Such outgroups are, however, 

not randomly chosen but are in all cases associated with species in their proper genus as assigned by 

prior taxonomic study, and are thus gifted with a Bayesian prior certainly larger than 0.50. Thus, the 

number of flat priors that indicate that the model is wrong or just random—that that therefore the 

order of the evolutionary diagram is incorrect—is zero, which fully supports the evolutionary theory 

that was examined for generating the optimal model.  

In the study of Zander (2023a) there were no flat priors in evaluation of three genera with 11 

species with 44 critical trait changes in one study, and five genera with 19 species with 64 critical 

traits changes in another. The same is true for the previous study of the Streptotrichaceae of seven 

genera, 28 species, and 113 trait changes. Thus, there has been no refutation of the theory used to 

generate positive and negative Shannon informational bits among the models of species generation 

for 58 species. 

In addition, the numbers of possible alternative models are kept low if monothetic genera are 

analyzed alone, which is possible because immediate ancestrons, i.e., advanced traits of the ancestral 

species, are shared exactly among descendant species. Consider the above analysis of X > A > (B,C,D, 

E), with 1 ancestor, 4 descendants and 4 traits per species, plus outgroup (Figures 1-3, 2-3, and Table 

7. The L.R. of 257, established for this model, is rather stable against all likely alternative models, of 

which there are only twice as many as there are descendants. On the other hand, reversals of four 

traits in a species must be a rare thing, and essentially impossible following the arguments concerning 

non-reversibility of traits in reconstructing an entire species in the context of Dollo parsimony (Gould, 

1970). It is possible that there are no acceptable alternative models if any of the true descendant species 

have reversals in the minimum of two advanced traits here required to delineate a species (one trait 

does not satisfactorily imply genetic isolation and unique adaptation to the environment). 

Let us speculate, however, and consider a possible minimum evolutionary model to be one with 

2 bits per species (two new traits). Consider the case of the above Example 3, with 1 ancestor, 4 

descendants, plus outgroup with each species of 2 bits per species. The optimal model of X > A > (B, 

C, D, E) has a likelihood probability of +2 from the outgroup, and +2 from each descendant. In this 

case, each descendant has 4 bits, yielding 16 bits for A > (B, C, D, E). The probability of the optimum 

model is then 0.9999847. The probability of the alternative model of X > B > (A, C, D, E) is simply –2 

bits plus –2, or –4, or 0.059, because positive and negative cancel out for B > C or D or E. Dividing the 

probabilities provides a Bayes factor of 17 for the optimal model against the alternative model with 

a 2-bit reversal for B > A. Thus, even for the most probable alternative reversal scenario (involving 2-

trait reversals) for the simplest model of evolution, given Dollo parsimony, the evidence of B.F. of 17 

for the optimal evolutionary order of A > (B, C, D, E) remains substantial to strong (Table 2).  

If there are indeed only two possible models, then an approximate probability distribution might 

be had by adding the two alternative probabilities, 0.9990847 and 0.059, this equaling 1.05847. Then, 

we divide this into 1 to get a conversion factor, which is 0.9443007. Multiplying the optimal 

probability by the normalizing conversion factor yields 0.94421, a quite high probability density for 
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the optimal edge-of-chaos 5-species monothetic genus with minimal 2 traits per species, plus 

outgroup. This is the estimated very minimum probabilistic support for the optimally configured 

monothetic genus, which may be considered a cast-iron building block of evolution and operationally 

the fundamental evolutionary structure (Zander, 2023). 

Comparison with molecular phylogenetics 

Evolutionary analysis using likelihood and Bayesian Markov chain Monte Carlo methods are 

common in modern phylogenetic analysis. The difference between likelihood and probability is, 

again, that likelihood asks of two or more models: which best explains the data. Probability asks 

which model is best explained by the data. Bayesian analysis uses the prior as a probability of where 

the likelihood may be in a distribution of likelihoods. In phylogenetics, including maximum 

parsimony, only cladograms are offered as models that explain the data, and quite precise results can 

be obtained if the data were fairly homogenized, i.e., no difference between ancestral species and 

their descendants. Phylogenetic software provides no choice of stem-taxa evolutionary trees 

(ancestor-descendant caulograms) that might best explain the data. 

Because likelihood requires accurate evolutionary theory upon which to gauge relative 

probabilities of the data given a model, theory is critical. There are problems with the theory that 

phylogenetic analysis uses: 

(1) Most salient of the problems is that ancestral species are judged extinct, and all extant 

ancestral species are to be placed terminal on branches of a cladogram. Yet ancestral species are 

common (Van Valen, 1973), as I have demonstrated repeatedly in past studies.  

(2) With molecular data it is presupposed in phylogenetics that ancestral species either continue 

mutating or go extinct, but the possibility exists that various populations of the ancestral species 

remain in isolation after generation of descendant species. When this occurs, then the ancestral 

morphospecies may appear in many places on a molecular cladogram. Modern practice is to name 

these as “cryptic” species. The fact that cryptic species do occur, perhaps modified somewhat by 

microevolution, demonstrates that when speciation happens, there are two molecular variants of the 

same morphotype, and both can survive to the present. The massive naming of new molecular or 

quasi-molecular species and higher taxa is unjustified.  

(3) Morphological dendrograms are deprecated in phylogenetics. This is because non-

parametric bootstrapping (Felsenstein, 1985) has apparently once demonstrated that morphological 

study is of low coherence and reliability. However, such bootstrapping was done on data sets that 

already combined well duplicated information into single traits, i.e. essentially descriptions of 

species, and subsampling data already digested into species descriptions eliminated the duplication 

required for surviving subsampling to achieve high bootstrap values.  

(4) Elimination of genera and families is now rampant as generated by cladist taxonomists 

following the principle of strict monophyly. For instance, the moss genus Pleurochaete (Pottiaceae) 

was sunk into Tortella by Grundmann et al. (2006) because embedded in the Tortella cladogram, but 

should be continued to be recognized because it does not share the same immediate ancestron as the 

closest monothetic group in Tortella. A definition of a genus as those species sharing an immediate 

ancestron is effective and productive, and supports the thesis of Wong et al. (2023) that multi-scale 

complexity is closely associated with selection on functionality. 

That molecular phylogeny continues to attract researchers is astonishing, and may be attributed 

to the cachet of obscure and dense statistics associated with “black-box” computerized analysis and 

the exciting prospect of DNA models. It is common that likelihood and Bayesian phylogenetic 

analyses demonstrate high probabilities of the data given the model, but, lacking an ancestral 

dimension, if the model is faulty. The mathematical exercises in the present paper may seem messy 

and tedious compared with the results of phylogenetic software, but they may be accomplished with 

a scientific hand calculator and are conceptually basic, operationally simple, and based on well-

conceived evolutionary theory. 
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5. Conclusions 

Complexity entails envisioning new, over-arching processes not easily derived from known 

physics, and analogic conceptions can clothe poorly understood trends and biases in nature with 

form and function. Sets of monothetic genera may be analogically linked together as strongly 

coherent and well-fitting jigsaw puzzle pieces. The illustration locked in place on the analogous 

jigsaw puzzle is that of evolutionary theory regarding adaptive speciation. Complexity analysis of 

evolution, given the power of the latency of the immediate ancestron (advanced traits of ancestral 

species transferred entire to descendant species), is also like solving a maze, a NP-complete 

(nondeterinistic polynomial-time-complete) problem (Garey & Johnson, 1979; Poundstone, 1988: 

164), by exploring all paths at once to find the exit. Analogically this may be accomplished either by 

modeling the maze as branching tube, flooding with a hose and sending a cork through, or as stream 

channels and following the fastest flow in a boat. The flood is the immediate ancestron. 

The present environmental crisis needs advice from the systematic community. The public funds 

our large multi-million-specimen herbaria and faunal collections. Molecular cladograms cannot help 

predict the edge-of-chaos actions of nature. Ancestor-descendant cladograms based on actual trait 

changes that probably reflect adaptations to environmental perturbations can. Lineages are 

multimillion-year data sets, and expressed trait changes might be mapped as adaptations to major 

perturbations such as changes in global temperature and extinction events in the past.  

The critical fact enabling ease of likelihood and Bayes factor analysis is the observation (Zander, 

2023) that the traits of the descendant are not derived from the important traits of the ancestor but 

from older, long-established traits in the train of characters of the ancestor. In other words, the new 

traits of the ancestral species are preserved in the descendant species, and the new traits of the 

descendant species are modified character states that the ancestral species apparently no longer needs 

for differential survival. This allows statistical analysis that more accurately evaluates the coherence 

of the resulting evolutionary relationships with full respect for modern, hard-won evolutionary 

theory. 

The obtained high likelihood ratios and Bayes factors for edge-of-chaos models justifies use of 

Shannon-Turing analysis in interlocking sequential Bayes in concatenating progenitor and 

descendant species of monothetic genera into well-supported evolutionary trees (caulograms), thus 

supporting the several past studies reviewed by Zander (2023).  

Wong et al. (2023) have raised the role of complexity analysis into importance at micro-, meso- 

and macrocosmic levels, emphasizing selection on functional attributes as primary in sustaining and 

constraining evolving systems. The present study focuses on one complexity function, the latency of 

the immediate ancestron, which is hypothesized as extensible across scales by fractal evolution 

throughout evolving life. Newton established that physical laws are valid and potent beyond our 

sublunar envelope. It is likely that the latency of the immediate ancestron and similar emergent 

complex functions are universal, inevitable, and common to a myriad of Gaia ecospheres surfing the 

edge of chaos on the shores of the interstellar sea. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 

paper posted on Preprints.org. Spreadsheet for Likelihood Ratios or Bayes Factors for Interlocking Sequential 

Bayes Analysis. 
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