
 
 

ABSTRACT 

 

GRINSHPON, ROBERT DANIEL. Evolutionary Biochemistry of the Caspase: Resurrection 

of Ancestral Effector Proteases. (Under the direction of Dr. Robert Rose.) 

 

Caspase genes are ancient cysteinyl aspartate-specific proteases that are known to facilitate a 

programmed cell death (PCD) phenotype called óapoptosisô. Caspases organize organ tissue 

and maintain cellular homeostasis by balancing proliferation with apoptosis. Dysregulation 

of caspase signaling leads to many human health disorders. Cancer characteristically evades 

apoptotic activity; conversely, excessive apoptotic activity is associated with neuro-

degenerative disorders. óCaspase activityô involves the proteolytic cleavage of target 

tetrapeptide substrates C-terminal to P1 (Nô-P4-P3-P2-P1-Cô) in the cognate substrate 

binding grooves (S4-S3-S2-S1). Each caspase has evolved discrete cellular roles while 

conserving high specificity for cleavage after aspartate residues at P1, so caspase substrate 

specificity is categorized based on amino acid preference at P4: group I prefers a bulky 

residue (W/H); group II prefers hydrophilic residues (D/E); and group III prefers aliphatic 

residues (I/L/V). The effector caspase genes (-3, -6, and -7) were fixed into the Chordata 

phylum sometime before the emergence of ray-finned fish and have persisted throughout 

mammalian evolution. Caspase -3 and -7 evolved to prefer a hydrophilic P4 residue and 

caspase-6 prefers a hydrophobic P4 residue. The goal of this project was to understand how 

substrate specificity diverged between relatively closely related caspases, while maintaining 

three structurally important features that determine caspase function; the overall 

hemoglobinase fold, residues in the S1 pocket that determine aspartate specificity, and proper 

orientation of the catalytic residues. 

The work presented here is pioneering the evolutionary biochemistry of caspase genes. To 

begin, a curated database of caspase sequences from public databanks was developed to 



 
 

organize the available data, and a web tool that rapidly compiles large datasets is made 

available at CaspBase.org. Then, functional divergence analysis, and ancestral state 

reconstruction (ASR) were executed to determine which amino acids are involved in the 

evolution of substrate specificity. The common effector caspase (Node166) and the common 

ancestor of chordate caspase-6 (Node167) were resurrected, and their substrate specificity 

was determined with substrate phage display and Michaelis-Menten kinetics. Results show 

that Node166 promiscuously cleaves hydrophobic and aliphatic residues at P4, and caspase-6 

shifted to Group III specificity early in its evolution. Functional divergence analysis flagged 

13 of 250 positions between human caspase-3 and -6, and only seven were located near the 

S4 pocket when mapped onto a PDB model. A highly conserved interaction network was 

revealed that increases the hydrophobicity of the caspase-6 S4 pocket. Only three of those 

seven residues changed between Node166 and Node167. Three mutations in Node166 have 

been introduced to reflect the H-bond network that evolved early in Node167, and two 

additional residues that form a salt bridge observed in WT caspase-6 loop-4. Two mutations 

for the interaction network mutant were sufficient to increase catalytic efficiency of Node166 

but did not significantly change specificity for VEID over DEVD; however, the KM for VEID 

substrate was reduced 24-fold and the catalytic efficiency increased 36-fold when all five 

mutations were combined, while the efficiency for DEVD did not change significantly. The 

research conducted here sheds light on how caspase substrate specificity evolved and will 

support rational drug design efforts to regulate caspase activity  
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Chapter 1: Evolutionary Biochemistry of the Caspase 

 
A. Introduction  

Programmed cell death (PCD) is an active process of self-destruction that initiates in the 

absence of life sustaining signals, where genetically encoded signaling cascades are latently 

posed to synchronously dismantle the cell under tightly regulated circumstances. Members of 

the caspase family of Cysteinyl Aspartate-specific endoproteases initiate and execute a form 

of PCD known as apoptosis. The apoptosis phenotype was first described in 1972 by Kerr et 

al; and it is characterized by chromatin condensation, chromosomal DNA fragmentation, 

membrane blebbing, cell shrinkage, phosphotidylserine display and disassembly of the cell 

into membrane-enclosed vesicles (Kerr 1972). Apoptosis-like phenotypes have even been 

observed in various bacteria (Bayles 2014). Indeed, caspase proteins predate multicellularity 

(Huettenbrenner 2003), and homologs are represented in all of lifeôs kingdoms (MEROPS). 

The role for caspase proteins in PCD is also conserved (Cikala 2001, Dunn 2006), evidenced 

by the fact that transient expression of human, insect and nematode caspases induces 

apoptosis in Saccharomyces cerevisiae (Puryer 2006). A universal mechanism for PCD is 

further substantiated by the fact that distant ómetacaspaseô homologs regulate PCD in plants 

(Coll 2014). Taken together, caspases comprise an ancient gene family that are involved in 

regulating the life and death decisions of cells that multicellular life could not exist without.  

Evolution has conserved the structure (McLuskey and Mottram 2015) and the function of 

caspases (Engelberg-Kulka 2006). The goal of a structural protein biochemist is to elucidate 

the structure-function relationship, however, using evolutionary theory to do so has seldom  

been explored due to interdisciplinary barriers (Harms and Thornton 2010). Evolutionary 

biochemistry is not a novel concept (Pauling and Zuckerkandl 1963) and can be summarized 
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as - the use of molecular biochemistry methods to validate hypotheses derived from 

bioinformatic computation of evolutionary models. Several advancements in peripheral 

disciplines needed to mature before evolutionary biochemistry could emerge as a practical 

field of research, particularly next-generation sequencing (Mardis 2008) and cost-effective 

gene synthesis from biotech companies like Genscript.   

All metazoan lineages have evolved a unique repertoire of expressed caspase proteins that 

range in function, regulation, and activity (Zmasek 2007). Gene families are evidence that 

functional innovations evolved from ancestral states, and retracing the evolutionary trajectory 

allows for indirect observation of how the accumulation of mutations altered protein function 

over time. Several allosteric sites in caspases have been experimentally determined (Walters 

2009) (Hardy 2004) (Scheer 2006), and since these allosteric mechanisms must have 

evolved, reconstructing caspase evolutionary history will allow us to investigate the 

structure-function relationship of the allosteric mechanisms that allow for differential 

regulation of caspases in the cell. Currently, there are no drugs that target the caspase active-

site that have passed clinical trials due to lack of specificity (Pereira and Song 2008), so 

uncovering novel allosteric drug targets is one potential outcome from evolutionary 

biochemistry and caspase research. The implications of caspase research in cancer biology 

are described in chapter 2.  

i. Big Data  

Genome sequencing has become an invaluable asset to thorough biological investigation  

however, this burgeoning technology is creating data faster than it can be processed. At the 

moment, over one hundred exabases of sequence data accumulate per day, and less than 1%  
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of the data is experimentally verified. After the introduction of next-generation sequencing 

machine in 2007, the throughput per machine increased 500,000-fold, and the production rate 

doubles approximately every seven months (Stephens 2015). The NCBI Sequence Read 

Archive hosts 3.6 petabytes (4 bases = ~1 byte) of raw sequence data; which is a fraction of 

the ~32,000 microbial genomes, ~5,000 plant and animal genomes, and ~250,000 individual 

human genomes that have been sequenced thus far. Data centers currently sequence 35 

petabytes per year, but a large majority of the data is piling up in óto-doô folders, so the gap 

between what we know and what we do not know is growing (Stephens 2015). The 

immediate goal of chapter 3 ï The CaspBase ï is to organize the available caspase sequence 

data to maximize downstream computational analyses. CaspBase.org is free for the public to 

use, so now caspase researchers can begin to take advantage of the wealth of available data 

with higher confidence in their analyses. Previously, only a handful of model organisms were 

used to make inferences about caspase evolution (Wang 2001). The CaspBase extends the 

scope to 354 genomes and will expand as the data becomes available. 

ii.  Evolution of Evolutionary Theory 

The classification of biological relationships has been philosophized at least since the big 

three Greek philosophers; Socrates, Plato, and Aristotle. However, their ideas were quite 

flawed. Plato once purported that óhumans are featherless chickensô; which was an early 

attempt to classify organisms by the shared characteristic of bipedalism. Diogenes of Sinope, 

the father of cynicism, responded to Plato by defeathering a chicken, and brandishing Platoôs 

óhumanô. Many mistakes in early biological studies relied on inferences solely from 

macroevolutionary phenotypes. 
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The first major step in evolutionary biology was the taxonomic classification system 

proposed by Carl Linnaeus in his 1735 publication, Systema Naturae. The study of 

phylogenetics was born from the largest classification group of óphylumô. Carl Linnaeusô 

estimations were surprisingly accurate, but he did not believe that more than 10,000 species 

existed (Pigliucci 2007). Several theories about evolution have existed long before Darwin 

published On the Origin of Species in 1859; in which he described evolution as - descent 

from a common ancestor, with modification via natural selection. Darwin drew conclusions 

with no prior knowledge of a genetic component to evolution, thus solely based his research 

on observed phenotypes. Descent with modification was generally accepted in the scientific 

community by this time, but theories in opposition to natural selection (saltationism and neo-

Lamarkism) were not laid to rest until Mendelian genetics and population genetics took hold 

40-60 years later. Population genetics promoted the óstudy of bio-ô into a bona fide ïology by 

quantifying changes in gene frequency over time (Pigliucci 2007). 

After the discovery of genes, the focus of modern evolutionary synthesis began shifting 

towards a genetic explanation for evolution. Now known as Standard Evolutionary Theory 

(SET), it emerged from Julian Huxleyôs 1942 publication; Evolution: The Modern Synthesis. 

His theory combined the ideas of natural selection and population genetics in order to 

reconcile macroevolutionary phenotypes with microevolutionary events. So began a 

paradigm shift towards focusing on gradual changes in the genome as the driving force of 

evolution; which could be described mathematically as change in the frequencies of genetic 

variants observed in populations over time (Wray 2014). 

SET has been amended since its conception by adding the neutral theory of molecular 

evolution (Kimura 1968, King 1969) and the molecular clock hypothesis (MCH) 
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(Zuckerkandl and Pauling 1962). MCH describes a relationship between the degree of 

consensus of two orthologous genes as a function of time since they diverged. The neutral 

theory explained such observations, but has two limitations to the MCH, ósloppinessô and 

variation in ótick-rateô (Bromham 2003). These factors give rise to two sources of error; 

unevenness of substitution rate within a lineage, and variation in substitution rate between 

species (Bromham 2003). The neutral theory posits that; 1) most mutations are deleterious 

and are removed from the population by purifying selection, 2) a large majority of acceptable 

mutations have little effect on organismal fitness, and 3) advantageous mutations that directly 

lead to neofunctionalization are fixed into the population, however such events are rare 

(Kimura 1968). Together, the updates to SET claim that Darwinian selection is not the 

driving force of evolution, although it does play a role in defining evolutionary constraints.  

To summarize; Carl Linnaeus standardized the taxonomic classification system with very 

little knowledge of the working world. Darwin unified the relationship between those 

classified species by explaining common descent, and proposed natural selection as the 

driving mechanism for speciation. He did so without any prior knowledge of the genetic 

code. Mendelian genetics described the relationship between genotype and phenotype, which 

paved the way for Julian Huxley to shift the focus of evolutionary synthesis to the gene in 

order to explain the variation of observed phenotypes. Kimura, Zuckerkandle and Pauling 

helped to establish SET by contributing neutral theory and the MCH. However, the 

genotype-phenotype relationship is more complex than SET can explain; which opens the 

door to a new step forward in evolutionary thought. The answer may lie within the 

environment, free-energy landscape, and epigenetic configurations (Lane 2013).  
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iii.  Molecular Phylogenetics 

Time-trees are molecular phylogenies scaled to time, and they are fundamental to resolving 

the evolutionary history of genes with ASR. The MCH has improved its ability to predict 

divergence times since conception, as the original MCH is considered a strict molecular 

clock, where the among-site rate variation (ASRV) is not taken into account. ASRV refers to 

the observation that the trend of accumulating of mutations over time is linear (Gaucher 

2002), however, the slope of the mutation rate varies among each residue positions in 

different clades of different gene families. Detection of changes in site-specific rate variation 

(SSRV) is the basis for functional divergence analysis (Gu 1999) and is discussed in the next 

sub-chapter. 

The following is an example for why estimating divergence times is important: a list of genes 

that are related to human disease and present in Porifera (sponge) was published recently as 

a starting point for finding new drug targets (Ĺetkoviĺ 2018). The prediction of divergence 

times is not trivial if the goal is to understand the evolutionary relationship between disease-

related genes in evolutionaril y distant organisms. A 2007 paper (Cartwright 2007) estimated 

of the emergence date of Porifera to be 1147 million years ago (MYA)  based on the limited 

data available at the time. The most recent estimate from a comprehensive sequence analysis 

made in 2015 (Reis 2015) determined the divergence date to be around 756.6 MYA . If a 

molecular clock was miscalibrated by almost 400 million years, the one could assume that 

the resulting analysis would be compromised. Studies that depend on accurate estimation of 

mutation rates would be improved with more high-quality data, and this issue is addressed by 

the CaspBase in chapter 3.  
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In the early 2000s, the development of Bayesian methods allowed for the inclusion of 

uncertainty in clock calibrations, thus consideration for different evolutionary rates across the 

tree. Now, rates can vary from branch to branch, and do not require prior selection of a 

statistical model to describe the rate variation, or the specification of speciation model 

(Kumar 2016). A discrete approximation of the gamma distribution is the most commonly 

used rate distribution that models ASRV (Bouckaert 2014). The assumption is made that 

several rates are possible at each residue position, and each rate has a specific probability 

(Bouckaert 2014). The probability vector - is the probability of each character, at each node, 

and site. The most likely character is the one that maximizes the probability vector at each 

position. The probability vector can be interpreted as the confidence interval of an ancestral 

state reconstruction and can be used for detecting co-evolving substitutions and/or 

substitution mapping (Juan 2013).  

Substitution mapping methods found that clusters of co-evolving residues have topological 

properties in the network that effect the catalytic site of an enzyme, and these clusters co-

evolve independently, forming networks of residues (Aguilar 2012). Deconstructing proteins 

into modules of densely-interconnected residues has been used to identify allosteric networks 

(Aguilar 2012). The red spheres in figure 1A map the 33 most conserved residues among all 

of the human caspase homologs in the Chordata lineage onto a PDB model. Conserved sites 

were considered >80% and were determined by a horizontal analysis of 1488 caspase 

sequences executed in chapter 3. The image shows clustering of conserved residues around 

the active-site and a known allosteric region at the base of the enzyme. However, the 

evolutionary constraints are relaxed in the core of the enzyme that connects the two 

conserved regions. Conversely, vertical analysis of sequences within each caspase type 
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showed amino acid conservation in the core region (Figure1B), which implies that the 

conserved allosteric region at the base of the caspase may communicate with the active-site 

through networks of co-evolving residues. 

Co-evolution, originally described by the covarion model (Fitch and Markowitz 1970), refers 

to coordinated changes of sequences among genes throughout evolution; which are predicted 

to be important for maintaining fitness. Co-evolving residues could be involved in 

intermolecular protein-protein interactions, or in intramolecular allosteric communication 

networks as shown in caspase-1 (Datta 2008). Methods for detecting co-evolution at the 

protein level use MSAs to construct phylogenetic trees. McLachlan-Based Substitution 

Correlation (McBASC) is the most commonly used approach; although it is older, it is still 

used as a standard to compare newer methods (Juan 2013). Identifying and testing residues 

that appear to be involved in allostery, could be an evolutionary approach to finding new 

drug targets (Rodriguez 2010). 

iv. Functional Divergence Analysis 

Gene families expand via gene duplication events (Ohno 1968). Functional Divergence 

analysis (FDA) is used to determine which residues are functionally important by describing 

the process of evolutionary innovation after gene duplication. FDA detects changes in  

site-specific rate variation (SSRV) relative to other branches on a phylogenetic tree. High 

SSRV is expected in functionally diverging homologs due to altered functional constraints 

(Gaucher 2002). Fortunately, the first three steps for FDA and predicting ancestral protein 

states are the same as shown in the evolutionary biochemistry work flow diagram (Figure 3 

of chapter 3).  
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One of three outcomes are generally observed after a gene is duplicated: pseudogenization, 

neofunctionalization, or subfunctionalization (Rastogi 2005). Pseudogenization, the most 

common occurrence, leads to gene loss in the population. Unfavorable mutations reduce or 

even destroy the functionality of the protein and leads to gene purification (Albalat and 

Canestro 2016). In the caspase family, caspase-12 is considered an example of a gene in the 

process of pseudogenization (Fischer 2002). One of four modes of FD can occur at each 

residue position in genes that become fixed into the population: Type I, Type II, Type 0, and 

Type U (Table 1). Examples of each type are shown in Figure 2 for caspase-3 and -6 

clusters.  

Changes in SSRV between two clusters are used to detect Type I divergence, where an amino 

acid is conserved in one cluster but is not conserved in the second cluster due to a lack of 

sequence constraint (Figure 2A). Type II divergence occurs when a position is conserved as 

one amino acid in one cluster and a different amino acid in the second cluster (Figure 2B). 

Type U (Figure 2C) and Type 0 (Figure 2D) imply no change in functional constraints 

between two clusters, where the former has no amino acid conservation and the latter is 

completely conserved (Wang 2001, Gaucher 2002). Using data from the CaspBase, I 

performed a FD analysis to detect residue positions involved in Type II functional divergence 

using DIVERGE 3.0 (Gu 2013), and the data was used to narrow down the mutations 

explored in chapter 4. The long functional branch lengths of caspase-3 and -6 imply 

extensive altered constraints during the evolution of their specialized roles in chordate 

apoptosis (Wang 2001). Conversely, the short functional branch length of Caspase-7 and -8/-

10 suggests that they represent the subfunctionalization of their common ancestor (CA). 

However, the amount of sequence data available at the time limited the analysis. 
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Evolution can be observed, modelled, and reconstructed; but certainty in predicting future 

outcomes will be low due to the stochastic nature of evolution. Taken together, evolutionary 

theory can be used to learn about how proteins function, but not how their function will 

evolve over time. Biochemistry serves to test models of evolutionary theory. A contentious 

question that remains to be unanswered for evolutionary biologists is whether phenotypic 

variation is driven by a few drastic events, or an accumulation of neutral mutations over time. 

However, such questions will remain unanswered until empirical evidence can be procured in 

the lab. Chapter 3 ï the CaspBase - was inspired to improve the certainty of hypotheses 

generated with evolutionary models, and chapter 4 presents the results of an evolutionary 

biochemistry experiment in practice. 

B. Caspases Dissected  

Caspases have four functional domains of interest that have evolved various regulatory 

mechanisms; the prodomain, the active site, the inter-subunit linker (IL), and the dimer 

interface (Figure 3). The goal of this dissertation project was to learn how these functional 

domains accumulated mutations that altered their structure-function over time by using 

extant sequence data and statistical models of protein evolution to define physical amino 

acids constraints in the caspase architecture. As previously mentioned, the caspase family  

members have been defined by several structural and functional features (Figure 3). In the 

research presented here, the human caspases sequences are now defined at each residue 

position with amino acid conservation, percent occupancy (common positions or gapped 

positions explained in chapter 3), and one of four types of functional divergence.  
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The first caspase structure was deposited in 1994, and since then over a hundred submissions 

with 30 unique caspases have greatly improved our understanding of the field (Clark 2016). 

Crystal structures have been an indispensable tool to caspases researchers, but the prodomain 

has yet to be observed crystallographically. Except one crystal of an ortholog Sf-caspase-1 

from Spodoptera fugitera, which may provide insight into the behavior of the prodomain 

(Forsythe 2003). Such research in evolutionary distant organisms will aid in our 

understanding of caspase structure-function. The short prodomain of the executioner 

caspases the least conserved. The prodomain is often reported to have no effect on the 

activation process, and activity levels in vitro (Chai 2001). However, it apparently plays 

important regulatory roles in vivo; such as substrate recognition (Boucher 2012), and 

inhibition of self-activation (Cao 2014).  

The inter-subunit linker (IL) is also highly varied in residue composition, as well as length. 

Altering the length of the IL alters caspase activity, and the length of the IL appears to be 

important for maintaining the zymogen state (Boucher 2011). The IL of caspase-6 is longer 

than caspase-3 and -7, so it forms a loop and ɓ-sheet that inserts into the active site, but 

proteolysis does not occur until the prodomain is removed (Cowling and Downward 2002). 

The prodomain mechanism was confirmed when structural analyses and biochemical assays 

revealed that the prodomain inhibited caspase-6 auto-activation by inhibiting intramolecular 

cleavage of the IL at TEVD193 at low protein concentration through a ósuicide-protectionô 

mechanism (Cao 2014). Shortening the intersubunit linker (IL) of caspase-6 by four residues 

prevents the autocatalytic processing of the IL, but did not prevent proteolytic removal of the 

prodomain (Wang 2010). Fish caspase-6 IL sequences are on average 3-4 residues shorter 

than mammals (Figure 4). Together these data imply that the intramolecular cleavage 
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mechanism, and ɓ-sheet formed at the Asp193 cleavage site may have evolved during 

mammalian evolution. However, it cannot be determined if orthologous genes are capable of 

self-activation from the sequence analysis alone, so future experiments could shed light on 

the evolution of caspase-6 regulatory mechanisms such as the length of the IL.  

i. Review of Caspase Phylogeny and Sequence Analysis 

All caspases are synthesized as inactive precursors, and each caspase has unique regulatory 

mechanisms that determine how and when it is activated (Clark 2016). The human caspase 

family has twelve members, if the most recently discovered caspase-16 is included (Eckhart 

2008), thirteen total if the inactive CFLAR is counted, or fourteen in 24% of sub-Saharan 

Africa populations that maintain a functional caspase-12 (Hervella 2012). Caspase-12 was 

duplicated and then deleted in the evolutionary lineage leading to humans. Caspase-12 is 

known to increase susceptibility to sepsis, therefore it was advantageous for humans to select 

for the silent mutant allele during the Neolithic era.  

There are seventeen discovered mammalian caspase-types, or sub-families, extending back 

430MYA  (million years ago) to the split of actinopterygii and sarcopterygii. Three of them 

were lost via gene deletion in the human lineage (-15, -17, and -18), and -12 is in the process. 

Caspase-11 and caspase-13 are misnomers for rodent and bovine orthologs of caspase-4, and 

this error stands to be corrected. Caspases are further categorized by; 1) their length of 

prodomain, 2) their functional role, 3) their substrate cleavage motif, and 4) by their intron-

exon locations (Eckhart 2008).  

Three clades based on their intron locations structure are; clade I) caspases-1/-2/-4/-5/-9/-12/-

14/-15/-16; clade II) caspases-3/-6/-7/-17; and clade III) caspases-8/-10/-18/CFLAR (Eckhart 
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2008). The location of introns and exons are evolutionary artifacts that could be used to 

determine how the length of the inter-subunit linker changed over time. Figure 4 Shows how 

the length of the intersubunit linker changed in caspases homologs throughout chordate 

evolution. Changing the length of the intersubunit linker has been shown to effect caspase 

activity (MacKenzie 2013, Wang 2010). 

According to comparative genomic analysis, the number of caspase gene deletion events in 

the human lineage (caspases-17, -18, -15, -12) nearly equals the caspase gene innovations by 

duplication (caspases-12, -14, -16, -4, -5) (Eckhart 2008). {Side Note: An observation that 

was not published in chapter 3 is that only two caspase-15 are annotated in all the available 

genomes (Sus scrofa and Monodelphis domestica), and they group with a well-defined clade 

of caspase-14-like homologs (the supplemental tree can be found at CaspBase.org). 

However, the annotations for caspase-14, -15, and -16 are objectively poor, as several genes 

were detected by the phylogenetic tree that are classified as caspase-14 that would more 

appropriately be annotated caspase-16. 

Cnidarian caspase-8 differs considerably in the substrate pocket structure, but the substrate 

specificity is the same as humans (Sakamaki 2014). In caspase-8, the Trp residue that forms 

part of the substrate binding pocket in many other caspases is either a Tyr of Phe residue. The 

Tyr or Phe is also conserved in caspase-10, caspase-18, and the fish-specific CARD-caspase-

8. The results of the ancestral state reconstruction executed in chapter 4 predicted a tyrosine 

at this position in the common ancestor of the effector caspase. The number of exons in the 

caspase-8 transcript ranged from one in Ciona to eleven in medaka, across a range of animals 

studied in Sakamaki et al, and they found five intron positions are conserved from coral to 
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human. Sakamaki et al were also able to date new intron insertions in the caspase-8 gene that 

postdate the divergence of the acanthomorph fishes (~300 MYA), but predate the medaka 

(other fish type) divergence (100ï150 MYA) (Sakamaki 2014). Changes in intron-exon 

structure are important clues into how the sequence to structure-function relationship evolved 

over time and through sequence space. Sequences annotated as ócaspase-8ô objectively had 

the largest number of gapped positions when a multiple sequence alignment (MSA) was 

generated in chapter 3, possibly due to extensive intron/exon rearrangement.  

ii.  The Effector Caspase-6 

Caspase-6 was largely ignored during the early years of apoptosis research due to its lower 

potential to induce apoptosis than the other effector caspases; however, interest in caspase-6 

piqued after it was implicated in various neurodegenerative diseases (Le Blanc 1999). Since 

then, it has been shown that it plays a niche role in facilitating chromatin condensation during 

apoptosis, via lamin A specific cleavage (Ruchaud 2002); and that it selectively prunes 

superfluous axonal connections during brain development (Nikolaev 2009). Caspase-6 

activity is not detected in healthy adult brain tissue, and it is found to increase activity 

throughout Alzheimerôs disease progression (Le Blanc 2013). The data suggests that a 

caspase-6 specific inhibitor could be an Alzheimerôs disease therapeutic. The unpublished 

data in chapter 5 is the characterization a potential drug target that is unique to caspase-6.  

During apoptosis, caspase-6 is typically activated downstream of caspase-3 by cleavage at 

DVVD179, rather than an upstream initiator caspase. Interestingly, the phage display data in 

chapter 4 shows that the capsase-7 lineage showed specificity for V at P3 of the substrate 

motif. Alternatively, caspase-6 can induce apoptosis in the absence of caspase-3 activity via 
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autocatalytic cleavage at TEVD193. The crystal structure of the full-length zymogen (C163A) 

revealed that 189ITEVDAA 195 forms a well-structured anti-parallel ɓ-sheet with part of the L3 

loop that contains many of the residues that form the substrate binding pocket-  

216YYSHRET222; and it is inserted into the active-site (Wang 2010). The stretch of residues 

216YYSHRET222 is highly conserved, but only P1 and P1ô (Asp193 and Ala194) are highly 

conserved in the cleavage site at 189ITEVDAA 195 (Figure 5). The peptide bond between P1 

and P1ô is poised to be attacked by the catalytic dyad upon a small conformational change 

(Wang 2010). The order of cleavage events in the IL affects caspase-6 activity levels, thus 

the order of cleavage events may be a means of regulating function. Auto-catalytic activity is 

accelerated after the removal of the prodomain at TETD23 due to over-expression in vitro, 

caspase-8, or caspase-1 activity (Wang 2010). Removal of the prodomain is a requirement 

for the activation of caspase-8 in vivo (Cowling and Downward 2002). The cleavage sites in 

chordate caspases are very highly conserved (Figure 5). Even S. purpuratus (purple sea 

urchin), which diverged roughly 750 MYA  (million years ago) (timetree4 citation), has three 

potential cleavage sites in the prodomain; PEVD7, EETD21, and TEAD26. However, none of 

the potential cleavage sites align with species that diverged after fish ï possibly due to lack 

of evolutionary constraints in the prodomain. Two cleavage sites in the intersubunit linker are 

also conserved in S. purpuratus caspase-6. The location and motif of the substrate are likely 

to contribute to the function and regulation of caspase genes, so understanding the difference 

and similarities in distantly related homologs can provide insight into the evolution of such 

functional mechanisms. Several potential caspase substrate motifs were searched for in a 

text-editor and the frequencies are recorded in Table 2.  
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The CP system outlined in chapter 3 will be used to discuss common positions. Caspase-6 is 

phosphorylated at Ser257 (CP-S196) by ARK5, also known as NUAK1. Phosphorylation at 

CP-S196 prevents activity of the cleaved and zymogen states by introducing a steric clash, 

involving pro201 (CP-P142), which prevents the formation of the substrate binding groove 

(Velasquez-Delgado 2011). CP-P142 is highly conserved among the all the apoptotic 

caspases. Caspase-6 is a direct activator of caspase-8 during intrinsic apoptosis (Cowling and 

Downward 2002), and it has been shown that colorectal cancers escape Fas mediated 

extrinsic cell death even in the presence of the FasL due to ARK5 phosphorylation of 

caspase-6. The CP-S196A mutant results in FLIP cleavage, and subsequent Fas mediated cell 

death (Suzuki 2004). CP-S196 is highly conserved in caspase-6, except in P. bivitattus 

(python) and O. latipes (rice fish); which have an alanine at this position. This implies that 

the phosphorylation mechanism probably does not exist in these species. More evidence to 

suggest that ARK5 is a natural inhibitor of caspase-6 activated cell death is that ARK5 also 

phosphorylates p53, and caspase-6 is a direct transcriptional target of p53 (MacLachlan and 

El-Deiry 2002). Research on caspase-6 is elaborated on in Chapter 5.  
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E. Tables and Figures 
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Figure 1: Consensus Scores Mapped onto Structural Models. The red spheres are all residues that are >80% 

conserved in the 1488 human caspase homolog sequence analysis mapped on to PDB ID 2j30. Figure B shows 

the conservation levels within caspase-3, -6, and -7. Maroon residues are highly conserved and aquamarine are 

the least. The images were constructed using the ConSurf Server at http://consurf.tau.ac.il/. 
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Table 1: Types of Functional Divergence. Description and examples of the four types of functional divergence 

that can occur. 

FD Type Description 

example            

cluster 1  |  cluster 2 Interpretation 

Type 0 

No residue 

conservation at 

this position in 

either cluster. 

AGYTD  |  SPNTH              

SIVMK   |  LECRQ        

TMGHP |  LSFWE  

This position has little to 

no effect on the protein 

structure. However, a 

functional hotspot cannot 

be ruled out. 

Type I 

Residues are 

conserved in one 

cluster, but not in 

the other 

AGYTD  |  SPNTH              

AGYTD  |  LECRQ         

AGYTD  |  LSFWE  

Cluster 1 has lost 

evolutionary constraints, 

or cluster 2 has gained 

evolutionary constraints 

Type II 

Residues are 

conserved in both 

clusters, but as 

different residues 

AGYTD  |  SPNTH              

AGYTD  |  SPNTH         

AGYTD  |  SPNTH  

Conserved as one amino 

acid in cluster 1, and 

conserved as another 

amino acid in cluster 2 

Type U 

Residues are 

conserved in both 

clusters 

 

AGYTD  |  AGYTD         

AGYTD  |  AGYTD         

AGYTD  |  AGYTD  

Fixed conserved residues 

are either structurally or 

functionally important 
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Figure 2: Functional Divergence Analysis Example of Caspase-3 and Caspase-6.  The tree on the left was generated with MEGA (see appendix) and 

shows a caspase-3 and caspase-6 cluster with a caspase-8 sequence as the out group. The MSA on the right is the output of DIVERGE 3.0 Type II analysis 

(two positions with black bars). 7A exhibits a position with Type I FD - conserved as Gly in the caspase-3 cluster, and lack of conservation in the caspase-

6 cluster. 7B exhibits a position of Type II FD ï conserved Gly in the caspase-3 cluster, and Ala in the caspase-6 cluster. 7C exhibits a position with Type 

U FD ï no conservation in either cluster. 7D exhibits a stretch of five completely conserved in both clusters Type 0 positions.  
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Figure 3: Regions of Interest Involved in the Evolution of Caspase Function. The top of panel A shows 

one caspase monomer with the large subunit in blue, the intersubunit linker in yellow, and the small subunit 

in red. The bottom of panel A shows a caspase dimer with cleaved intersubunit linker and active site 

locations in green. Panel B shows most of the human caspase cartoon models at scale and exhibits the 

variation in prodomain architecture.  The substrate specificity group is displayed to the right of the names. 

The yellow circles mark the locations of the catalytic residues, and the orange lines on caspase-3 mark 

locations of the 11 gaps in the caspases domain. More information on the gaps are in chapter 3.  
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Figure 4: Various Lengths of the Intersubunit Linker. Segment contains the intersubunit linker (IL) in 

order of length. The conserved Gly at the left position is in QACRG, and the conserved Asp is the residue 

preceding first secondary structure element of the small subunit, ɓ5. A) Using muscle with a -10.01 penalty 

or gap opening, and -1.01 gap extensions. B) Using ClustalW with a gap open penalty of 20, and gap 

extension penalty of 1. This shows that the MSA tool can significantly affect the alignment used for 

generating phylogenetic trees. C) With the same ClustalW parameters; shows that adding a few more 

species for each caspase type increases the quality of the alignment. It appears that the lengths of the 

prodomains among species are generally still in the same order with a few exceptions.  
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Figure 5: Sequence Logos of the Maturation Cleavage-sites in 

Effector Caspases. Sequence logos made for the known processing sites 

of the effect caspases using https://weblogo.berkeley.edu/. Caspase-3 on 

top, Caspase-6 in the middle, and caspase-7 on the bottom panel.  
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Table 2: CaspBase substrate GREP (Global regular expression print). Several chordate sequences were 

opened in a text editor and the data was searched with GREP commands for possible caspase cleavage motifs. 

Notes were taken if the locations were consistent. Abbreviations: Small subunit (ss), intersubunit linker (IL), 

prodomain (PD). 

Motif  Number of hits Location 

VEAD 398 C3/6/7-ss; C10-IL  

TELD 224 C3-IL; C7-IL; C2-IL  

IETD 157 C3-IL; C8-IL  

VEKD 155 C1/4/13-ss; C6/2-PD; other random 

DETD 133 C2-IL, C7-PD in fish 

VETD 132 C14-IL; C8-IL  

TEVD 112 C6-PD and IL 

LETD 106 C7-IL; C8-IL in Aves; C8-PD in Fish 

IEAD 95   

KSMD 94 C3-PD 

IEKD 93 C2-PD, C1-ss 

DVVD 87 C6-IL; C7-PD 

IQTD 85 C7-IL  

LEKD 77   

EEAD 72 C10-IL or ss  

AEVD 62 C1-IL; C12-IL; C13-IL  

LEED 61 C4/5/13-IL, some C8-PD; other random 

IQAD 60 C7-IL  

LEMD 58 C8-IL  

LESD 56 C9-IL, C1-ss, other random 

NDTD 50 C7-IL  

LEDD 50 C1-IL; C8-PD 

DEPD 49 C9-ss or IL (check PDB) 

VESD 28 C9-IL, C1-ss, other random 

SYRD 28 random-ss; originally found in crassostrea IL 

ESTD 28   

DEVD 25 C6-IL; C9-IL; C1L-PD; other random 

SELD 24 random 

DQTD 24 C9-IL, other random 

LEVD 15 C8L-IL; other random 

LVVD  15   

VQLD 14 C6-PD; C7-IL  

VVVD  13 C6-IL  

EEKD 12 random Ils 

VELD 11   

VEVD 11   

VEID 2   
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Chapter 2: Integration of Evolutionary Theory into Cancer Biology and  

Caspase Signaling 

 
Robert Grinshpon and A. Clay Clark 

A. Abstract 

The caspase family of cysteine proteases consists of evolutionarily ancient regulators of the 

programmed cell death (PCD) cascade known as apoptosis. Indeed, homologous caspase 

genes even predate multicellularity. Caspases are persistent throughout all kingdoms of life, 

because they play a crucial role in cellular organization and homeostasis. Cancer occurs 

when mechanisms that maintain cellular homeostasis are compromised. For example, healthy 

anchorage-dependent cells commit anoikis ï apoptosis triggered by cell detachment, while 

malignant cancers survive though metastasis by evading PCD signaling. The goal of many 

cancer therapies is to indirectly initiate PCD, but the future of targeted personalized medicine 

requires a comprehensive understanding of the genes involved in cancer signaling. Such an 

approach offers to improve current non-specific chemotherapies. In this regard, evolutionary 

theory offers promising new insights into cancer biology because >90% of disease-related 

genes emerged before the bilatarian radiation ï also known as the Cambrian explosion 

(Figure 1). Thus, the lineage of every extant animal has survived through an evolutionary 

arms race of tradeoffs between growth signaling and tumor suppression while starting with a 

very similar genetic tool kit. The results are many successful strategies that prevent the 

occurrence of cancer that can be examined through a scientific lens. This review describes 

how the integration of evolutionary theory serves to enhance our understanding of caspase 

family signaling in the context of cancer biology. 
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B. Introduction  

The evolution of multicellular life required mechanisms to organize organ tissue, hence the 

term óorganismô. Otherwise aggressive cells with higher proliferative tendencies would 

outcompete their surrounding cells for life sustaining resources (Jacqueline 2017). Such 

behavior is described by the Darwinian model of cancer progression (Greaves 2012) and the 

clonal evolution of cancer (Nowell 1976) - where ósurvival of the fittestô selection for 

opportunistic somatic cells is the driving force towards malignancy (Aktipis 2015).  

The beginning of this story is marked by the emergence of the caspase cenancestor, the last 

common ancestor of all clan CD C14 peptidases, sometime between the development of 

cellular life and multicellular life around 4.29 and 2.10 billion years ago respectively (Figure 

1). Figure 1 shows the evolutionary history for humans and our best estimate divergence 

times reported in million years ago (MYA). 90% of human disease related genes exist in all 

descendants of Bilataria, and caspase homologs exist in all descendants of Eukaryota 

(McLuskey 2015). The red circles in figure 1 represent the relative magnitude of historic 

meteoric impacts; more information about the impacts and the pre-historic time periods in the 

colorful middle bar can be found at TimeTree.org. The yellow bar represents the atmospheric 

oxygen levels, and the spike at 542 MYA coincides with the end of the Proterozoic eon and 

the explosion of the earliest multicellular life forms, known as the bilatarian radiation (Briggs 

2015, Domazet-Loso and Tautz 2008). Not surprisingly, three caspase genes were found in 

our oldest known metazoan ancestor, Porifera (sponge), and evidence for DEVDase activity 

being associated with apoptosis phenotypes (Weins 2003).  
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Caspase proteins played a crucial role in fulfilling the organizational requirements for 

metazoan life, and they have since evolved in humans to function as key regulators of: 1) the 

apoptosis cascade (Redza-Dutordoir 2016); 2) the inflammatory immune response (Galluzzi 

2016); 3) cellular differentiation (Bell 2017, Burgon and Megeney 2017); and 4) various sub-

apoptotic functions (Nakajima and Kuranaga 2017) (Figure 2 left). Dysregulation of these 

functional roles of the caspase family contribute to the development and progression of 

cancer (Figure 2 right). óResisting cell death,ô or evading apoptosis, is one of the six original 

hallmarks of cancer. Inflammation, which also utilizes caspase activity, was later added to 

the updated list of ten cancer hallmarks (Mantovani 2008, Hanahan & Weinberg 2011). Solid 

tumors are known to be heterogeneous populations of differentiated cells (Clevers 2011, 

Gerlinger 2012, Marusyk 2010), and sub-apoptotic caspase activity has been implicated in 

compensatory apoptosis-induced proliferation (Fogarty and Bergmann 2017). Taken 

together, caspase signaling is intimately involved in the life-death decisions made by cells.  

i. Caspases and Apoptosis  

Apoptosis is one of many programmed cell death (PCD) phenotypes, and it is an active 

process of self-destruction that initiates in the absence of life sustaining signals. PCD 

cascades are genetically encoded and latently poised to dismantle the cell when viability is 

compromised. Thus, life itself is an active process of preventing death. The apoptosis 

phenotype is characterized by chromatin condensation, chromosomal DNA fragmentation, 

membrane blebbing, cell shrinkage, phosphotidylserine display, and disassembly of the cell 

into membrane-enclosed vesicles (Kerr 1972). The intricacies of caspase activation and 

signaling cascades have been reviewed extensively elsewhere (Budihardjo 1999, Parrish  
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2013, Redza-Dutordoir 2016). Caspase signaling has changed over time and understanding 

the evolutionary history of caspase signaling is relevant to cancer biology.  

The term ócaspaseô, or (c)ysteinyl (asp)artate-specific prote(ase), is derived from its 

enzymatic function of facilitating the hydrolysis of target peptide substrates with a catalytic 

cysteine-histidine dyad and C-terminal to aspartate residues. Caspases also participate in 

many diverse non-apoptotic cellular functions (Connolly 2014), and recent studies of the 

caspase degradome document 777 putative caspase substrates in the CASBAH database of 

human caspase substrates (Lüthi 2007). The repercussions of substrate cleavage, however, 

are unknown for many of the entries (Julien and Wells 2017).  

Protease families are organized in the MEROPS database based on statistically significant 

sequence similarity (Rawlings 2016). Caspases are categorized into the C14A sub-family of 

the clan CD cysteine proteases, while the more recently discovered meta-, ortho-, and para-

caspases comprise the C14B sub-family (Cade 2015, Klemenļiļ and Funk 2017). Clan C14B 

enzymes are distant homologs that participate in cell fate regulation, but they are technically 

not ócaspasesô since they prefer to cleave after Arg and Lys residues (Vercammen 2004, 

Enoksson and Salvesen 2010). Clan C14 is the only family of clan CD proteases that is 

represented in organisms across the entire tree of life (McLuskey 2015), and much of the 

machinery for the intrinsic and extrinsic apoptosis pathways has been conserved from 

Acropora millepora (pre-bilatarian coral) to human (Moya 2016). Crystallographic models of 

~4 billion-year-old ancestral protein state resurrections of thioredoxins show that protein 

structure is generally conserved despite evolutionary distances (Ingles-Prieto 2014). The data 

suggest that the caspase-hemoglobinase structural scaffold evolved for functional purposes  
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and that the overall fold has been conserved throughout the evolution of the modern caspase 

sub-families. Each member of the human caspase family has retained the canonical caspase 

structure-function (Figure 3) while evolving discrete regulatory mechanisms and disparate 

cellular roles, albeit with some redundancy (Berger 2006).  

On the apoptotic side of the family, the effector caspases (-3, -6, -7) evolved from the 

initiators (-2, -8, -9, -10) (Figure 3). All C14A caspases are obligate dimers. The initiators 

are synthesized as stable monomers in solution, and they form an active caspase dimer upon 

receiving apoptotic stimuli. The induced proximity model proposes that dimerization is 

facilitated by the increased concentration of initiator caspases due to spatial localization by 

their DED and CARD recruitment domains (Salvesen and Dixit 1999, Boatright 2003). 

Dimerization alone is sufficient for basal level activity in the inititators; however, the effector 

caspases require cleavage of the intersubunit linker (IL), which results in rearrangement of 

the active site loops to form a catalytically competent enzyme (Clark 2016). The effector 

caspases do not require recruitment domains because they exist as stable, yet inactive, dimers 

in solution. At present, it is not clear how the common ancestor of effector caspases evolved 

a stable dimer interface as well as regulatory mechanisms that prevented apoptotic induction 

at the same time. The simultaneous evolution of the effector procaspase dimer and 

inactivation of the dimer is an intriguing problem. 

As mentioned above, caspases transmit cell signals by cleaving target substrates. An analysis 

of caspase target substrates in humans, mice, fruit flies, and nematodes revealed a 

hierarchical order of evolutionary conservation (Crawford 2012). That is, the signaling 

pathway that is disrupted is more conserved than the substrate target within that pathway, and  
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the cut location and substrate motif are even less conserved. Caspases are well-known for 

their role in the apoptosis pathway, thus it is not surprising that ectopic expression of human, 

insect, and nematode caspases induces apoptotic phenotypes in budding yeast (Puryer 2006, 

Lisa-Santamaría 2009), and planarian BCL-2 homologs can regulate mitochondrial outer 

membrane permeabilization (MOMP) in mammalian cells (Bender 2012). Given the 

evidence, it is likely that caspase proteins have been involved in regulating cell death 

pathways at least since the advent of multicellular life. 

In humans, caspase-3 has evolved to be the main executioner of apoptosis, and many cancer 

therapies ultimately kill cancer cells by initiating the apoptotic cascade (Flanagan 2016, 

Fitzwalter and Thorburn 2017). For example, chemotherapy induces irreparable DNA 

damage, which in turn initiates apoptosis indirectly via p53 accumulation (Kaufmann and 

Earnshaw 2000, MacKenzie 2010). However, chemotherapy is not always successful, 

because cancer stem cells can selectively evolve chemoresistance (Abdullah 2013). 

Chemoresistant cells are essentially óapoptosis resistant.ô However, the number of 

mechanisms by which a cell can evade apoptosis is yet to be determined. For example, 

CD133+ cancer stem cells are a marker for tumors with strong chemoresistance (Liu 2006). 

Not surprisingly, the anti-apoptotic genes - FLIP, BCL-2 and BCL-XL - and the inhibitors of 

apoptosis (IAP) family members - XIAP, cIAP1, cIAP2, NAIP and survivin - are expressed 

at significantly higher levels in CD133+ cells (Liu 2006). In addition, up regulation of the 

eukaryotic translation initiation factor 5A2 (EIF5A2) is another mechanism of 

chemoresistance in esophageal squamous cell carcinomas. The increased levels of EIF5A2 

limits caspase-8 activation by altering protein expression (Yang 2015). Finally, genetic  
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variations in apoptosis related genes are also associated with increased susceptibility to 

certain cancers (Ghavami 2009, Xie 2016). Molecular evolution and caspase polymorphisms 

in cancer prognosis are discussed in the following sections.  

In summary, multicellular life required mechanisms such as apoptosis to enhance cellular 

cooperation. The core apoptotic machinery is generally conserved across multicellular 

organisms, and dysregulation of PCD signaling is a hallmark of cancer. The caspase 

structure-function is highly conserved, but each caspase has evolved discrete regulatory 

mechanisms to fine-tune activity as required for non-apoptotic versus apoptotic events. 

Understanding how evolutionarily distant model organisms regulate oncogenic growth, 

specifically how caspases regulate apoptosis, is a promising avenue for cancer biology 

research. In the next section, we will discuss how evolutionary theory can be applied to 

understand the cross-section of caspase function and cancer biology.  

C. Evolutionary Biology: Why Do We Care About Caspases in Other Species? 

i. Phylogenetic Inference of Evolutionary Relationships 

The term ñphylogeneticsò dates back to Carl Linnaeusô original classification system, where 

óPhylumô was the broadest level of categorization (Brown 2002). The goal of phylogenetics 

is to estimate ancestor-descendent relationships using a coalescent process (Kingman 1982), 

which involves using a sample of existing objects to make inferences about their past. The 

concept of inferring such relationships has been adapted for broad uses in scientific research. 

For example, phylogenomics was developed to predict the function of a gene from its 

primary sequence (Eisen 1998), and phylogeography attempts to reconcile microevolutionary 

changes with macroevolutionary phenotypes over geographical distances and time (Avise 
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1987). Other phylo-sciences and their relevance to cancer biology are discussed further in 

this section. 

The mechanism of clonal expansion in cancer evolution was first described in 1976, where 

neoplasms originate from a single cell, then cellular heterogeneity accrues along with tumor 

progression (Nowell 1976). Although scientists were aware of histological heterogeneity at 

the time, little emphasis had been placed on the evolutionary process behind the formation of 

tumor cell populations (Clevers 2011). The heterogeneity and clonal nature of cancer fits the 

framework for phylogenetic analysis, which has been applied to predict the clonal frequency 

of tumor cell populations (Malikic 2015). The record of a tumorôs evolutionary trajectory is 

maintained within the genetic landscape, so tumor phylogenetics can be used to identify the 

root cause of metastasis (Naxerova 2015). Phylomedicine is another example application 

being explored in light of the recent interests in having oneôs genome sequenced. In this case, 

small sequence variations among the general population are analyzed for their disposition to 

genetic diseases such as cancer (Kumar 2011). 

ii.  Molecular Evolution and Functional Genomics 

Researchers began comparing protein sequences to homologs in other species as soon as the 

ability to determine amino acid sequence became available (Wilson 1977). The observed 

linear trend of sequence evolution became the basis for the molecular clock hypothesis 

(MCH) (Thorpe 1982). The MCH is a model that describes the relationship between the 

degree of consensus of two orthologous genes as a function of time since they diverged. 

However, it was also observed that the rate of evolution is not the same in all genes. The 

primary parameter that determines the evolutionary rate of a gene is its expression levels, not  



 

37 
 

the importance of the function (Zhang and Yang 2015). The rate of evolution is also 

inversely related to the age of the gene (Albá 2004), and the rate can vary at each amino acid 

position along the protein (Echave 2016). Understanding the site-specific nature of evolution, 

and how proteins evolve naturally according to neutral mutation theory (Kimura 1968), will  

be important to better understand the physical manifestation of somatic mutations that drive 

cancer.  

Protein sequence space and evolution has been described as a walk from one functional 

protein to another in the space of all possible protein sequences (Smith 1970). Evolution 

occurs at the genetic level, but the expressed gene product interfaces with the physical 

environment. Because proteins exist as an ensemble of conformational states (Boehr 2009), 

non-silent mutations to the genome alter the energy landscape of the expressed protein. 

Mutational perturbations that affect protein dynamics, by shifting the equilibrium of the 

conformational ensemble, is relevant to the clinically observed cancer mutations that confer 

drug resistance (Wilson 2015, Freed 2016).  

The order of mutations can drastically change the evolutionary trajectory of a protein and is 

referred to as within-protein epistasis. More specifically, epistasis is defined as the non-

additive effect on protein fitness from two or more mutations (Starr and Thornton 2016). The 

consequence of intra-protein epistasis is that the effect of any mutation will depend on the 

energetic background in which it appears, such that the new mutation alters how subsequent 

mutations contribute to the total free energy (Weinreich 2005). An energetically unfavorable 

mutation, for example, may ultimately be acceptable due to subsequent stabilizing mutations 

at distal locations, an effect described similarly to a óstokes shiftô (Pollock 2012).  
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The concept of within-protein epistasis is illustrated in Figure 4. In this example, each 

mutation must generate a word in the English dictionary to represent the preservation of 

protein function: each arrow represents a mutation, and each word is a functional state of a 

hypothetical protein. Mutations with an X result in nonsense, or ólack functionô. In this 

example, DUST is the common ancestor of LIFE, and LOVE. Although there are many 

possible words that can be made from evolving DUST, the majority of mutations will be 

deleterious. Each mutation can be considered as permissive or restrictive, relative to the other 

amino acid positions (Harms and Thornton 2010). In Figure 4 for example, the L in LOST 

cannot mutate back to D, because the U Č O mutation was restrictive. However, the 

following T Č E mutation was again permissive for D at the first position to form DOVE. 

The concept of epistasis is important to keep in mind when researching the structure-function 

relationship of a protein. Traditional biochemistry experiments that employ site-directed 

mutagenesis often assess the effects of horizontal mutations, that is, swapping specific sites 

in relative homologues. In many cases, however, horizontal mutations do not account for the 

effects of epistatic interactions. Figure 4 shows an example of an effective horizontal 

mutation and one that is not effective: LIFE can mutate to LIVE, but LOVE cannot mutate to 

LOFE.  

In contrast to horizontal mutations, experiments that employ vertical mutations 

computationally derive amino acid changes through a phylogenetic technique call ancestral 

state reconstruction (ASR). An ASR adds evolutionary time to the structure-function 

relationship. Since evolution tends to preserve the functionality of extant proteins, one can 

presume that the nodes of a gene tree represent a functional ancestral state (Pauling and 

Zuckerkandl 1963). 
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Therapeutic cancer drugs are typically designed to target the biological function of enzymes 

that have been deregulated by driver mutations, such as the constitutively active Bcr/Abl 

kinase and Gleevec®. Likewise, óresistance mutationsô recover the function of the drug-target 

despite the presence of the drug by interfering with the drugôs binding site. In a less likely 

scenario, a mutation increases the biological function of the drug-target to overcome the 

diminishing effect of the drug (Friedman 2016). An ASR of the human oncogenes Src and 

Abl was executed to examine the mechanism of the anti-cancer drug Gleevec® (Wilson 

2015), which is a potent inhibitor of Abl kinase but not the closely related Src kinase (Lin 

2013). The ASR experiment yielded an array of ancestral states along the evolutionary 

trajectory of Abl that exhibited intermediate affinities for Gleevec®, so the evolutionary 

changes in Abl from one state to the next could be associated with the changes in the efficacy 

of the drug. The results showed that Abl altered the induced-fit equilibrium towards binding 

the drug. In addition, the data showed that the clinically observed Abl mutation, T315I, 

disrupts the free energy landscape for docking the drug (Wilson 2015). Altogether, the ASR 

studies of Abl showed that understanding the natural evolutionary constraints of a protein 

serves as a starting point for assessing the functional implications of cancer driving 

mutations.  

In evolutionary functional genomics (EFG) studies, researchers examine the function of 

genes using molecular evolution theory and sequence data (Gu 2003). A great deal of effort 

has focused on understanding evolutionary relationships through sequence comparison 

(Sikosek and Chan 2014), because the mutation rates of individual amino acids change when 

new functions evolve (Fitch and Markowitz 1970). In EFG studies, the effective rate of 

protein sequence evolution is determined by comparing the number of non-synonymous 
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nucleotide substitutions (Ka) per non-synonymous site, where Ka mutations are amino-acid 

changing and synonymous mutations (Ks) are silent. The protein signaling cascade in the cell 

death program (apoptosis) is an excellent example to illustrate the power of EFG. Typically, 

thirty-four mammalian genes, split into four sub-categories, are involved in the intrinsic 

apoptosis cascade (Figure 5); the inhibitor of apoptosis family (IAP), the pro-apoptotic BCL2 

and anti-apoptotic BCL2 families, and the caspase family. The ratio of non-synonymous 

(amino acid changing) to synonymous (silent) substitutions (Ka/Ks) among the 34 genes was 

determined for primates, rodents, and carnivores (Vallender 2006). From such data, the ratio 

of Ka/Ks can be used to estimate site specific rate variation (SSRV), or the rate at which a 

position has accepted changes in amino acids. The SSRV is used to locate evolutionary 

hotspots as well as to detect evolutionary functional divergence. A shift in SSRV is 

indicative of a change in evolutionary constraints (Gaucher 2002). For example, functional 

divergence analysis of SSRV in the caspase family revealed that the evolution of major 

caspase-mediated pathways has been facilitated by gene duplications (Wang 2001, Zhang 

2003). Indeed, the long functional branch lengths of caspases- 2, -3, and -6 are evidence of 

extensive altered functional constraints as a result of evolving specialized roles in human 

apoptosis (Wang 2001). The Ka/Ks ratio is significantly higher in human caspase-dependent 

intrinsic apoptosis genes relative to rodents, carnivores, and even relative to closely related 

primates. Caspase-3, in particular, exhibits strong evolutionary rate disparities when 

compared to other primates (Vallender 2006). Evidence has shown that cells of the close 

relative Pan troglodytes (chimpanzee) exhibit relatively increased sensitivity to apoptosis, 

which could explain why humans have increased susceptibility to cancer, larger brain sizes, 
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and longer life spans (Arora 2012). Such comparative analyses provide insight into how 

small molecular differences in closely related genomes manifest phenotypically. 

iii.  Evolutionary Medicine 

ñEvolutionary medicineò is a relatively new and underexplored umbrella term for research 

that incorporates evolutionary theory into modern medicinal research (Aktipis 2012). Four 

principles highlight the use for evolutionary medicine in furthering our understanding of 

cancer: 1) neoplasms are heterogeneous populations of cells that accumulate mutations via 

somatic evolution; 2) cell fitness depends on genotype, phenotype, and surrounding 

ecological factors; 3) innate cancer defense mechanisms evolved over a billion years ago; 4) 

evolutionary medicine explains the trade-offs between the risks associated with cancer and 

cell maintenance (Aktipis 2012). Evolutionary medicine is being applied to design more 

efficient interventions for cancer management and prevention because the manifestation of 

cancer can be described by an evolutionary process on two different levels, emergence at the 

population level and progression within the individual host (Hochberg 2012). Such insight 

has led to novel avenues of research for early detection and treatment of cancers (Lemaître 

2015, Ujvari 2016). 

As previously established, the fundamental life-sustaining mechanisms of a cell are regulated 

by evolutionary ancient networks of signaling proteins (Bussey 2017). Phylostratigraphy is a 

discipline of evolutionary biology that utilizes phylogenetic methods to determine the age of 

such disease related genes. The information is relevant to understanding tumorigenesis 

because information on the age of a gene also provides information on the evolution of gene 

networks (Cheng 2014). Cancer related genes tend to have a longer evolutionary history with  
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an inverse rate of evolutionary change (Albá and Casestrana 2004). Approximately 60% of 

22,845 human genes can be traced back to the early origins of life and the emergence of 

eukaryotic cells (Domazet-Loso and Tautz 2007). The evolution of multicellularity 

(eumetazoa) is also associated with a spike in the emergence of genes. Only 13% of human 

genes are unique to the mammalian lineage, and only 0.6% of those genes are disease related 

(Domazet-Loso and Tautz 2008). Indeed, over 90% of disease-related genes emerged before 

the bilaterian radiation (Figure 1) (Domazet-Loso and Tautz 2008). A list of genes that are 

implicated in human cancer, with homologs present in the sponge genome, provides a 

starting point for discovering new drug targets relevant to cancer (Ĺetkoviĺ 2018).  

Interestingly, the emergence of ócaretakerô genes spiked around the same time as the 

appearance of eukaryota, and the emergence of ógate keeperô genes spiked around the same 

time as the appearance of eumetazoa (Domazet-Loso and Tautz 2010). The trend in gene 

appearances is consistent with the tumor progression model. The model states that mutations 

in critical caretaker genes increase the probability of genetic instability and that such 

mutations tend to occur before gatekeeper function is compromised (Nowell 1986).  

The atavistic theory of cancer posits that cancer is a process akin to rewinding evolution, 

where the loss of critical evolved regulatory features causes the behavior of the cell to revert 

to the unchecked growth tendencies observed in unicellular organisms (Davies 2011). The 

atavistic theory of cancer provides an explanation for the paradoxical observation that 

neoplasms can quickly gain new behaviors that promote carcinogenesis shortly after failing 

to maintain normal housekeeping and regulatory functions. Supporting evidence showed that 

the hallmarks of cell transformation in solid tumors correlate with a preferential shift of gene 

expression towards genes that originated in prokaryotes (Trigos 2017). 
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Evolutionary theory also suggests that resources allocated to reproduction by an organism is 

constrained by other competing needs, such as cell maintenance and growth, and that the 

ability to keep cancerous lesions at bay diminishes once an individual has reached an age of 

low Darwinian fitness (Heino 1999). Cancer is a disease associated with age, which explains 

why the majority of cancer patients are past the age of their reproductive prime (Balducci and 

Ershler 2005). Although the occurrence of cancer is relatively rare, most adult humans 

maintain potentially malignant tumors that are difficult to detect (Aktipis 2012). However, 

many people live for decades without developing malignant cancer (Bissell and Hines 2011). 

The latter observations have led to the hypothesis that natural selection promotes 

mechanisms that hold tumors in check through the age of an organismsô reproductive prime 

(Kirkwood 2005, DeGregori 2011).  

Cancer progression is associated with increasing genotypic and phenotypic heterogeneities 

(Gerlinger 2012). Heterogeneity within a tumor can interfere with personalized cancer 

therapies that were designed based on a single biopsy, because expression patterns with both 

good and poor prognoses have been detected within different regions of the same tumor 

(Gerlinger 2012). Difficulty in pinpointing the source that is driving the cancer, and the 

likelihood of developing chemoresistant cells, also increases over time. Altogether, studies in 

evolutionary medicine suggest that cancer prevention measures should be implemented 

before reaching an age of post-Darwinian fitness, because early detection and treatment can 

curb cancer progression and prevent chemoresistance. 
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iv. Petoôs Paradox and Comparative Genomics 

Comparative oncology is another sub-branch of evolutionary medicine that has been steadily 

gaining traction. Researchers attempt to explain how evolutionary differences among species 

affect the diversity, incidence, and lethality of various cancers by analyzing the dynamics of 

carcinogenesis in different tissues and across multiple species. Interest in comparative 

oncology arose from observations such as óPetoôs paradox,ô or the inconsistent relationship 

between the predicted and the observed rates of cancer in species with contrasting body sizes 

(Nunney 2015). For example, since it has been observed that the probability of developing 

cancer increases with age and number of cell divisions, then the predicted rate of cancer 

would be higher in larger and longer-lived animals like elephants. However, this is not the 

case (Abegglen 2015).  

A comparative study of several mammalian species sought to identify the mechanisms of 

cancer resistance in elephants by investigating alterations in cancer-related genes. Elephants 

maintain a lower than expected risk of cancer compared to humans despite their larger body 

size and long lifespan (Greaves 2015). The analysis suggested that the >20 copies (40 alleles) 

of the TP53 gene in elephants, compared to the single copy in humans, is responsible for 

their decreased susceptibility to cancer (Abegglen 2015). Another project assessed dermal 

fibroblasts from African and Asian elephants, rock hyrax, aardvark, and armadillo. After 

treatment with DNA damage-inducing agents, measures of TP53 activation, caspase-3/7 

activity, and levels of apoptosis suggested that elephants more readily up-regulate TP53, and 

induce apoptosis at lower levels of DNA damage, compared to the other test animals (Sulak 

2016). The fact that Petoôs paradox can be understood through adaptive evolution allows for 
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the application of evolutionary and population genetics theories to investigate differences in 

the cancer biology among taxa.  

Petoôs paradox also applies to the comparison of organs within the body, because organs with 

more stem cells and more cell turnover generally develop cancer more frequently (Tomasetti 

and Vogelstein 2015, Nunney 2015). Characteristics of cancers, such as the number of driver 

mutations required to form a tumor, range greatly between the tissue and the species of its 

origin (Vogelstein 2013). An understanding of the tissue-specific differences through 

comparative oncology will help in the design of improved strategies for cancer prevention 

and treatment.  

Comparative oncology is also being applied to learn about osteosarcomas, a cancer that 

commonly occurs in adult canines and adolescent humans, with similar etiological history 

based on genome wide expression profiles. Interestingly, larger canine breeds are more 

susceptible to osteosarcomas, but the genetic determinants are unknown (Varshney 2016). 

Understanding why smaller breeds are less susceptible may provide insight into which 

signaling pathways are involved in regulating childhood osteosarcomas. The application of 

comparative genomics extends beyond bioinformatics. For example, canine and human 

metabolisms process certain drugs similarly, such as the anti-cancer drug iniparib (Saba 

2016), a drug candidate for cancer treatment that was removed from the market after passing 

clinical trials (Mateo 2013). A follow up study was done on household pets that developed 

spontaneous cancers, where the patients were assessed for pharmacokinetic exposure and 

tolerability to iniparib. Relevant concentrations of iniparib, or its metabolites, were not 

detected in tumor tissues at any dose. The results quash the possibility of a clinical response  
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in canines and offer an explanation as to why iniparib was ineffective in humans (Saba 

2016). The study highlights the potential of comparative oncology, because such dose 

tolerability experiments in humans are unethical.  

D. Caspase Signaling and Cancer 

i. Origins of the Apoptotic Pathway 

The origin of caspase proteins is debatable. New genes are not ñinventedò by evolution, but 

homologous components necessary to orchestrate programmed cell death (PCD) in 

prokaryotes were not discovered until recently (Huettenbrenner 2003). It was shown that up 

to 90% of cells undergo a form of cell death during fruiting body formation of Myxobacteria, 

and the unicellular parasite Dictyostelium discoideum displays cell death phenotypes 

reminiscent of apoptosis (Huettenbrenner 2003). The evidence for supporting apoptotic 

origins in bacteria has been mounting since the discovery of such apoptosis-like phenotypes 

(Bayles 2014).  

Endosymbiosis occurs often in nature; however, the variety of extant flora and fauna is a 

testament to the successful marriage of eukaryotes and Ŭ-proteobacteria. The Cid/Lrg family 

of proteins was transferred to the eukaryotic host after endosymbiosis and evolved into the 

Bcl-2 family (Embley and Martin 2006). Bacteria have conserved holin-like proteins (CidA 

and LrgA) that were first discovered in Staphylococcus aureus (Bayles 2007), and the 

proteins function analogously to the Bcl-2 family proteins by depolarizing membranes upon 

their insertion. The downstream targets of bacterial holins, however, are peptidoglycan 

hydrolases instead of caspases, likely due to the compositional differences in bacterial 

membranes (Bayles 2014). Interestingly, human Bax and Bak are capable of inducing holin- 
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dependent cell death when expressed in E. coli, but Bax mutants with reduced apoptotic 

potential are no longer capable of inducing PCD (Pang 2011). The hypothesis that a universal 

mechanism underlying the control of PCD is substantiated by the ability of proteins in 

evolutionarily distant organisms to retain their functional role (Pang 2011). 

Further evidence for the unicellular origins of apoptosis was found in Plasmodium berghei 

and Plasmodium falciparum ookinetes, which are protozoan parasites used in a rodent 

malaria model. The organisms exhibited classic apoptosis hallmarks, including DNA 

fragmentation with positive TUNEL staining, caspase-like activity, phosphotidylserine 

translocation. The absence of orange fluorescent JC-1 aggregates in apoptotic cells implied 

that mitochondrial outer membrane permeabilization (MOMP) had occurred (Arambage 

2009). Genes encoding caspases in protozoans had not yet been discovered at the time of 

these studies, so the target of the caspase-specific inhibitors was proposed to be a 

metacaspase in P. falciparum. Disruption of P. berghei meta-caspases PbMC1 and/or 

PbMC2, however, did not result in decreased apoptosis, so the search for the apoptosis 

inducing gene in P. berghei continues (Arambage 2009).  

Mitochondria are integral to the regulation of cellular homeostasis in humans, and many of 

the components involved in the mitochondrial pathway of apoptosis (intrinsic pathway) 

(Figure 5) are highly conserved throughout metazoan evolution, such as the anti-apoptotic 

Bcl-2 family. The Bcl-2 family sequesters the Bcl-2-homology (BH) domain 3 (BH3) of pro-

apoptotic Bcl-2-family members, and Bcl-2 is up regulated in many cancers (Akl 2014). 

However, the intricacies of the apoptosis cascade vary by degree of taxonomic separation. 

For example, MOMP is not a universal apoptotic phenotype in metazoans, and the degree to 

which MOMP is conserved is unknown (Lee 2014). Mitochondrial mediated apoptosis is 



 

48 
 

characterized by MOMP and the activation of caspases by cytochrome C. MOMP has been 

observed in platyhelminthes, but not porifera, cnidarian, nematoda, arthropoda, and 

echinodermata (Lee 2014). Interestingly, trypanosomatids are eukaryotic protozoans that lack 

the canonical machinery to carry out apoptosis (Bcl-2, caspases, and TNF related receptors); 

however, they still exhibit many of the common apoptosis phenotypes during PCD (cell 

shrinkage, membrane blebbing, and chromatin condensation) (Smirlis 2011). An 

understanding of how apoptosis is regulated in trypanosomatid may shed light on the 

evolutionary origin of the metazoan apoptosis signaling network. Such studies may yield 

alternative strategies to induce apoptosis. 

Only one copy of the Apaf-1 gene is consistently present in the vertebrate lineage; however, 

the presence of multiple Apaf-1 homologs in the common ancestor of bilaterians suggests 

that several mechanisms to activate intrinsic apoptosis may have existed previously (Szamek 

2007). For example, MOMP can alternatively trigger the TNF-dependent pyroptosis cell 

death pathway independent of caspase activity (Giampazolias 2017). Exploiting alternative 

approaches to induce cell death may lead to novel strategies to combat cancer. 

ii.  Diversity in the Caspase Family  

Much of our knowledge about invertebrate apoptosis is based on two prominent model 

organisms (D. melanogaster and C. elegans). By happenstance, the role for the mitochondria 

and MOMP release of cytochrome C during apoptosis was diminished. Thus, it was 

previously thought that the intrinsic apoptosis signaling pathway was unique to vertebrates 

(Bridgham 2003). It was later shown, however, that MOMP, cytochrome C activation of 

caspases, and subsequent apoptosis occurs in planaria (Platyhelminthes), which is an  
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evolutionarily older species than C. elegans or Drosophila (Bender 2012). We now know that 

the C. elegans apoptosis pathway was shaped by two caspase gene deletion events (Weill 

2005). The initiation of apoptosis via mitochondrial signaling has since been observed in 

bivalves (Esteves-Calvar 2013) and, most recently, in coral (Moya 2016). Each metazoan 

lineage has evolved a unique repertoire of expressed caspase proteins that range in function, 

regulation, and activity. For example, the number of caspase genes ranges from five in C. 

elegans to fifty-three in amphioxus, although the functions of the caspase genes in 

amphioxus remain mostly uncharacterized (Zmasek 2007). Our current understanding of 

gene evolution and apoptosis signaling in multiple species suggests that expanding research 

efforts in comparative evolutionary biology will revise the conclusions drawn from earlier 

studies that relied on a small number of model organisms.  

iii.  Caspases in Cancer 

Although caspase-3 is considered the main executioner of apoptosis, additional cell death 

programs that are regulated by caspases can also be targeted to kill cancer cells. Caspase-1, 

for example, is known for its roles in the immune response and in inflammation (Galluzzi 

2016), as well as an alternative PCD phenotype called pyroptosis (Bergsbaken 2009). Val-

boroPro is an inhibitor of the S9 family of serine proteases, and it induces tumor regression 

in various mouse models of cancer through immune-mediate responses (Okondo 2017). 

Inhibition of DPP8/9 S9 family proteases leads to the activation of procaspase-1, which was 

shown to induce pyroptosis in monocytes and macrophages (Okondo 2017). In addition, an 

anti-tumorigenic p53 transcription factor homolog, p63, was found to be directly correlated 

to caspase-1 expression and positive cancer survival outcome (Celrado 2013). Finally, cancer  
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immunotherapy has proven to be a viable option for cancer treatment (Morrissey 2016), 

suggesting that stimulating caspase-1-dependent cell death in cancer cells may also be a 

viable therapeutic strategy.  

Cytochrome P450 1B1 is a universal tumor biomarker, and increased expression leads to 

increased proliferative, migratory, and invasive potential in prostate cancer cells (Chang 

2017). Knocking down cytochrome P450 1B1 with small hairpin RNAs reduced tumorigenic 

activities in prostate tumor xenograft mouse models, and the expression and apoptotic 

activity related to caspase-1 was found to be inversely related to cytochrome P450 1B1 

expression (Chang 2017). The disruption of mitochondrial DNA metabolism by inhibiting 

LigIIIa has differential effects in normal versus malignant cells, where a caspase-1ï

dependent apoptotic pathway is activated only in malignant cells (Sallmyr 2016). 

Collectively, the studies show that a better understanding of the conditions that lead to 

caspase-1-dependent apoptosis, versus inflammation, will help to improve cancer 

immunotherapy treatment strategies.  

The initiator caspases (-2, -9, -8, and -10) are distinguished by their log prodomains that 

contain recruitment domains (death domain (DD), death effector domain (DED), or caspase 

activation and recruitment domain (CARD)). The recruitment domain results in zymogen 

activation via an óinduced proximity model,ô leading to zymogen dimerization and 

subsequent cleavage of effector caspases (-3, -6, -7) (Boatwright 2003). Although caspase-2 

maintains the highest evolutionary conservation, its function was relatively unknown until 

recently (Kumar 2009). Caspase-2 is known to limit oxidative stress and chromosomal 

instability, and Casp2-/- deficient mice exhibit increased susceptibility to the development of 

hepatocellular carcinoma with accelerated tumor progression (Shalini 2016).  
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Even caspase-4, a chordate-specific gene duplicate and regulator of ER stress-induced 

apoptosis, was found to be actively responsible for inducing apoptosis in human colon cancer 

cells after Saikosaponin-a treatment in a mouse xenograft model (Kang 2017). 

Caspase-6 is better known for its role in Alzheimerôs disease; however, caspase-6 activity has 

also been implicated in certain cancers, such as gastric and colon cancer (Yoo 2004, Suboj 

2012). For example, colorectal cancer cells notably escape Fas-mediated cell death in the 

presence of Fas ligand (FasL). However, FasL/Fas- dependent cell death was observed when 

ARK5 antisense RNA was introduced into SW480 cells (Suzuki 2004). ARK5 is a tumor 

malignancy related factor downstream of Akt that putatively regulates caspase-6 activity via 

phosphorylation at Ser257 (Suzuki 2004). 

Caspases-8, caspase -10 and CFLAR (caspase-8 and FADD-like apoptosis regulator) are in 

close proximity on human chromosome 2, locus q33ïq34, and have been dubbed the 

caspase-8 sub-family locus (Eckhart 2008). Duplicate genes that remain in close proximity 

suggest that the duplication event was relatively recent. Knockout models of caspase-8 have 

shown that RIP kinase (receptor interacting protein kinase) proteins also initiate the 

necroptosis pathway (Salvesen 2014). The pro-apoptotic and pro-survival functions of 

caspase-8 are regulated by an interaction with the product of the CFLAR gene - the pseudo-

caspase cFLIP (cellular FLICE inhibitory protein), although the mechanisms that regulate 

substrate specificity of caspase-8 are not known. Caspase-8 functions as a key switch 

between necroptosis and apoptosis, depending on formation of a heterodimer with cFLIP or a 

homodimer (Boatwright 2003). Interactions between the paralogs caspase-8 and cFLIP likely 

arose via the duplication of a self-interacting protein (Gibson 2008). Exactly how caspase-8  
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and cFLIP coordinate the switch between apoptosis and necroptosis, and other specific 

targets, is not known, but an evolutionary analysis of cFLIP would likely shed light on the 

mechanism that regulates caspase-8 life-or-death roles. The closely related caspase-10 also 

interacts with cFLIP and plays a role in developing multiple myeloma, which is a malignant 

proliferation of plasma cells in the bone marrow (Lamy 2013).  

iv. Caspase Polymorphisms and Cancer Prognosis  

Several putative caspase polymorphisms are statistically significant markers for cancer 

prognosis. A relatively well-characterized six-nucleotide indel (insertion-deletion) 

polymorphism in the promoter region of CASP8 (rs3834129) is a predictor of mRNA 

expression levels (Sun 2007; Kuhlmann 2016). The allele-dose dependent association 

between the CASP8 -652 6N Del allele and decreased caspase-8 mRNA expression is a 

negative prognostic marker in breast cancer, where homozygous deletion carriers are at 

highest risk of death (Kuhlmann 2016). One might suspect that a decrease in caspase-8 

expression would decrease sensitivity to extrinsic apoptosis signaling due to the induced 

proximity model of activation. Patients with the CASP8 -652 6N Del allele, however, exhibit 

a decreased susceptibility to developing many cancers (Sun 2007; Liamarkopoulos 2011). 

The patients also exhibited a decreased risk of death compared to patients with the 

homozygous insertion genotype in a sample of Chinese gastric cancer (Gu 2014) and oral 

squamous cell carcinoma (Tang 2015). Biochemical analyses revealed that the presence of 

the CASP8 -652 6N Del allele in T-lymphocytes lowers caspase-8 activation-induced cell 

death, and T-lymphocytes are integral to our natural cancer defense mechanisms (Sun 2007). 

Interestingly, the CASP8 -652 6N indel allele had no influence on colorectal cancer  
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susceptibility in the UK population (Yin 2010). An earlier meta-analysis of CASP8 

polymorphisms determined that the CASP8 -652 6N Del polymorphism is an overall good 

prognostic marker (Yin 2010); however, more recent data suggests that prognostic 

interpretation of a polymorphism will depend on the specific context in which it occurs (Park 

2016). Caspase-8 polymorphisms have been characterized for use as prognostic markers for 

overall survival (OS) in Chinese patients with advanced lung adenocarcinoma for platinum-

based chemotherapy treatment (Liu 2016). The clinical outcome will clearly depend on a 

variety of contextual factors, but directed research efforts can begin to improve the odds of 

successful treatment. An expansion of our knowledge surrounding the clinical outcomes 

associated with polymorphisms in cancer-related genes will progress us towards the goal of 

individualized cancer therapy.  

E. The Caspase Story is Incomplete 

The decapitation of a Hydra leads to production of a new head, and Planaria can regenerate 

whole new individuals from smaller body fragments. Even the human liver has the ability to 

recover from a 70% loss, which is compromised by knocking down caspases-3 and -7 (Li 

2010). Such discoveries have implicated apoptosis as the driving force behind tissue 

regeneration after traumatic injury (Fuchs 2011), which could pose a problem for cancer 

therapies that aim to induce apoptosis via caspase signaling. Evidence from studies of both 

initiator and executioner caspases show the promotion cell regeneration through apoptosis-

induced compensatory proliferation (AiP) (Bergman and Stellar 2010). The mechanism 

appears to be due to mitogen release from stressed or injured cells and suggests a connection 

between tissue regeneration signaling after traumatic injury and cancer growth (Fuchs 2011). 

AiP occurs when caspase activity induces neighboring cells to replace dead and/or dying 
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tissue, a phenomenon known as ócompensatory proliferationô. The result of insufficient 

apoptosis may exacerbate certain cancers through mitogen release and JNK signaling (Ryoo 

and Bergmann 2012). However, AiP is not always an observed outcome of caspase activity, 

and the circumstances that trigger AiP are currently unknown (Fogarty and Bergmann 2017). 

Contrary to our current understanding of caspase signaling, low levels of caspase-3 were 

shown to predict a favorable response to chemotherapy in advanced colorectal cancer, so 

caspase-3 inhibition is now being explored as a therapeutic approach for certain cancers 

(Flanagan 2016).  
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Figure 1: Timeline of Human Evolution. The evolutionary history of Homo sapiens dated in million 

years ago (MYA). The yellow bar on the left represents atmospheric oxygen, and the spike coincides 

with bilaterian radiation. The red circles represent the magnitude of historic meteor strikes. The 

caspase cenancestor evolved sometime between the emergence of life and the eukaryotic cell. Over 

90% of disease related genes evolved before Bilateria. 
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Figure 2: The Role of Caspases in Healthy Versus Cancer Cells .The images on the left depict healthy 

caspase functioning, such as cellular homeostasis, cell differentiation, and proper immune response. 

Dysregulation of normal caspase activity leads to hallmarks of cancer, such as evasion of apoptosis, abnormal 

cell morphology, and inflammation.  
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Figure 3: Human Caspase Family Tree. The 11 human caspase genes have evolved discrete functions in the cell while conserving the structural-

functional feature of the caspases cenancestor that defines a ócaspaseô. The above caspases are broadly categorized by their most well-known role. The 

phylogenetic tree is an estimation of the relationships among the human caspase genes, and the branch lengths are an estimation of divergence time. 
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Figure 4: Conceptual model of within-protein epistasis. In this model, words that have a meaning are 

considered functional. New mutations must form new words with meaning to maintain function. Each 

sequential mutation can be permissive or restrictive to letters that can be accepted at the other 3 positions. 

The common ancestor of LIFE and LOVE is DUST.  The word LUST represents a gene duplication event. 

The mutation from LUST to LOST is a restrictive mutation for D at the first position, whereas the 

following mutation from LOST to LOSE is permissive for D at the first position. 
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Figure 5: The Intrinsic Pathway of Apoptosis. Depicts the intrinsic pathway of apoptosis and the four 

families of proteins that have coevolved to regulate the mechanism. The IAP family, the caspase family, the 

pro-apoptotic BCL-2 family, and the anti-apoptotic BCL-2 family.  
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A. Abstract 

Sequence databases are powerful tools for the contemporary scientistsô toolkit. However, 

most functional annotations in public databases are determined computationally and not 

verified by a human expert. As little as 1.1% of annotations within available genomes are 

supported by experimental evidence. Hypotheses generated from computational studies are 

now amenable to experimentation, but the quality of results rely on the quality of input data. 

We developed the CaspBase to expedite high quality dataset compilation of annotated 

caspase sequences, and to maximize phylogenetic signal and reduce the noise contributed 

from public databanks. We describe our methods of curation for the CaspBase, and how to 

acquire sequences from Caspbase.org. Our immediate goal for developing the CaspBase was 

to optimize the ancestral state reconstruction (ASR) method. We demonstrate the utility of 

the CaspBase by presenting results for a hypothetical ASR experiment. We also present our 

methodology for the developing the Common Position (CP) system for comparing human 

caspase family paralogs. To do so, we acquired 1489 Chordata caspase homologs from the 

CaspBase, and determined the consensus sequence for each residue position for each human 

ócaspase-typeô. We generated a structurally validated MSA of the human caspase paralogs, 

superposed the consensus sequence, and color coded according to the relative conservation 

scores. The standardized MSA is the basis for the CP system - a recommended update to 

using amino acid position numbers from human caspase-1 to describe CPs among caspase 

paralogs. The methods described here can be adapted to any gene family.  
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B. Introduction  

The advent of next-generation sequencing paved the way for a new field of study, called 

evolutionary biochemistry, where researchers in this new field attempt to understand how 

random chance, selection pressure, and physical laws determine the structure and function of 

protein families (Harms and Thornton 2013). Computational concepts of evolutionary 

biochemistry, like ancestral state reconstruction (ASR), were conceived over 50 years ago 

(Pauling and Zuckerkandl 1963, Smith 1970, Ashkenazy 2012). In practice, however, 

experiments were limited due to the lack of sufficient sequence data. In ASR, one uses extant 

genomic data to predict amino acid usage in common ancestral genes based on phylogenetic 

relationships of a protein family across various organisms (Harms and Thornton 2010). Only 

in recent years has sufficient genomic data become available for ASR analyses. The 

predicted fossil genes of an ASR analysis are testable hypotheses; however, the certainty of 

such computational predictions depends on the quality of the initial input dataset, and the 

accuracy of the multiple sequence alignment (MSA).  

We manually curated a sequence database, called the CaspBase, to help understand how 

members of the caspase family evolved discrete cellular functions while retaining high 

structural similarity. Here, we introduce CaspBase.org, a website tool that provides 

convenient access to our databases of caspase proteins from annotated animal genomes. Our 

immediate goal in developing the CaspBase was to expedite large scale computational 

analyses by facilitating the dataset compilation process, while simultaneously maximizing 

phylogenetic signal for computing an ancestral state reconstruction (ASR).  
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i. Why are Manually Curated Databases Necessary? 

Three main factors that contribute to the poor quality of public databases are: the lack of 

experimental evidence, the lack of pseudogene prediction, and the inclusions of multiple 

isoforms. The quality of cDNA reference genomes has been compromised for the price and 

convenience of RNA-seq, which has led to a discrepancy in the number of expressed human 

genes reported in various public databanks (Mudge and Harrow 2016). The current state of 

public databases poses an obstacle to compiling quality input datasets, because over 95% of 

functional annotations are computationally predicted, not manually curated (as determined by 

the ratio of experimental NP_accession codes over predicted XP_accession codes). As little 

as 1.1% of the annotations within available genomes are supported by experimental evidence 

(Rhee 2008), and current genome annotation methods correctly predict 40-50% of genes that 

are actually expressed (Fawal 2014, Holliday 2017). Thus, the probability of selecting a 

quality dataset at random is low. 

Several annotated genomes contain multiple isoforms of the same gene due to the lack of 

experimental cDNA evidence and abundance of computationally predicted open reading 

frames (ORFs). The inclusion of multiple isoforms and/or duplicate sequences into a dataset 

contributes óphylogenetic biasô, or the extent of phylogenetic diversity relative to the sample 

size (Ashkenazy 2010, Jªckel 2010). óPhylogentic signalô refers to the likelihood of genes in 

closely related organisms to resemble each other more so than genes chosen at random from 

a dataset (Münkemüller 2012). Thus, sequences that are annotated with poor evidence have 

less confidence, thus are more likely to introduce óphylogenetic noiseô into subsequent 

analyses.  
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The expansion of protein family paralogs is facilitated by gene duplication events (Zhang 

2003). Pseudogenization, the most common occurrence for a duplicated gene, ends in gene 

loss (or purification) from the population when unfavorable mutations reduce or even destroy 

the functionality of the protein (Albalat 2016). In the caspase family, caspase-12 is 

considered an example of a gene in the process of pseudogenization due to a pre-mature stop 

codon (Wang 2006). Even among closely related organisms, the number of expressed 

caspase genes is constantly evolving (Eckhart 2008). Given the nature of protein family 

evolution, the likelihood of computational algorithms to include genes undergoing the 

process of pseudogenization is probable (van Baren and Brent 2006, Mudge and Harrow 

2016). The inclusion of pseudogenes in a dataset will contribute phylogenetic noise and 

diminish the certainty of downstream analyses. 

The Confidence Information Ontology (CIO) is a standardized set of terms currently being 

developed for biocurators to assess the confidence of an annotation based on the quantity and 

quality of evidence used to make the annotation (Bastian 2015). One way to improve the 

confidence in an annotation is to use conventional computational gene prediction methods 

followed by inspection by a human expert (Fawal 2014). By incorporating confident 

annotations, manually curated sequence databases address some of the shortcomings of 

public databases and improve computational biology by reducing phylogenetic background 

bias and noise (Abiteboul 1995; Stein 2003; Buneman 2008). 

ii.  Caspase Defined and Criteria for Curation 

To populate the CaspBase, we collected a snapshot of the annotated genomes from the NCBI 

GenBank (NCBI 2017) on December 12, 2017 and pulled 361 genomes that we searched for 

all annotated caspase sequences. We then manually curated the caspase protein sequences to 
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generate a dataset with well-defined criteria for selecting functional caspases that are likely 

to be capable of cleaving target peptides after an aspartate residue. The CaspBase 

conveniently provides both the uncurated search results and the curated database to improve 

transparency and reproducibility of its data. 

Human cells contain eleven caspases that are broadly separated into three subfamilies, the 

inflammatory caspase subfamily (-1, -4, -5), the apoptotic initiator subfamily (-2, -8, -9, -10), 

and the apoptotic effector subfamily (-3, -6, -7). Caspase-14 has been implicated in cell 

differentiation (Denecker 2008), human caspase-12 is in the process of pseudogenization, 

and caspase-11 and -13 are misnomer duplicates of caspase-4 present in rodents and bovine 

respectively (Eckhart 2008). Caspases are synthesized as inactive zymogens, referred to as 

procaspases. Structurally, mature caspases are dimers of protomers, and each caspase 

protomer consists of an N-terminal prodomain followed by the large subunit, an intersubunit 

linker (IL), and the small subunit. The large and small subunits fold into a single domain 

structural unit (the protomer) consisting of a six-stranded ɓ-sheet core with five surface 

helices. In the zymogen, the IL is intact, whereas the IL is cleaved in the mature caspase. In 

general, maturation into a catalytically active protease results from cleavage of the IL at 

conserved caspase cleavage sites, as well as removal of the prodomain (Clark 2016).  

Caspases, or the clan CD 14 peptidases, are named for their most prominent functional 

feature ï the presence of a catalytic cysteine-histidine dyad for cleaving peptides after 

aspartate residues (Alnemri 1996). Given the structural and functional definitions of a 

caspase, the three main criteria for inclusion in the CaspBase are shown in Figure 1: 1) the 

presence of the catalytic cysteine-histidine dyad; 2) the presence of the active-site residues 

that specifically coordinate aspartate found in the P1 position of the substrate; and 3) the 
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presence of data for the dimer interface. For example, as shown in supplemental Figure 1, 

caspase-9-like (XP_018922004.1) is missing the residues that correspond to ɓ-strand 6 

(Figure MSA). Sequences that lacked one or more of our criteria were not included in the 

curated set, because without further evidence that sequence may not represent a ócaspaseô. 

Additional criteria are described in the methods.  

iii.   The Common Position (CP) System 

During the initial phase of caspase discovery, a systematic method of naming novel caspase 

homologs did not exist, resulting in multiple and inconsistent gene symbols. For example, 

human caspase-3 has alternatively been referred to as CPP32, yama, and apopain (Alnemri 

1996). In 1996, a committee was commissioned to establish a sensible system of 

nomenclature for the human caspase proteins. All family members were to be called 

ócaspase-Nô, for cysteinyl-aspartate specific protease, where óNô represents the caspase type 

as determined by the order of publication date. In addition, researchers were encouraged to 

use amino acid position numbers from human caspase-1 to refer to amino acid positions in all 

caspases. This nomenclature system is confusing and not reproducible, because each unique 

dataset may yield a slightly different MSA given the availability of different models and 

software.   

We describe the Common Position (CP) system here, an improved naming convention for 

amino acid positions that addresses the complications of the current Caspase-1 naming 

convention and serves to enhance homologous protein sequence analysis by standardizing a 

MSA with structural validation as described in the methods.  
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iv. Demonstration of Utility: Ancestral State Reconstruction 

Extant proteins are a snapshot in evolutionary time and understanding the current 

configuration of intramolecular interactions is not necessarily intuitive. Nature has developed 

a library of functionally unique variations of each protein, and their ancestral states can be 

predicted, resurrected, and characterized (Harms and Thornton 2013). Although models do 

not account for the dynamic reality of protein behavior, the predictions made with ASR are 

sufficiently reliable to test experimentally (Harms and Thornton 2010). Low confidence at a 

given amino acid position, or óambiguityô, is typically attributed to: insufficient sequence 

data, uncertain gap placement in the MSA, poor estimation of tree topology (phylogenetic 

noise), and the extent of sequence divergence relative to tree articulation (phylogenetic bias) 

(Harms and Thornton 2010). All these factors are addressed by starting with a quality dataset 

generated by the CaspBase. ASR adds the dimension of evolutionary time to the structure-

function relationship. The nodes of a phylogenetic tree represent a functional common 

ancestor (CA), and ASR predicts the most likely amino acid for every position in the CA 

based on a posterior probability distribution (Ashkenazy 2012). Using data from 

CaspBase.org, we demonstrate its utility by presenting the results of a hypothetical ASR 

experiment by following the work flow chart in Figure 3. In general, the more sequence 

positions available for analysis, and repetition of analysis leads to more accurate estimation 

of ASR parameters (Liberles 2007).  

The caspase family is an ideal model family to use for an ASR, because three features of 

caspases are highly conserved: the hemoglobinase fold, the orientation of the catalytic dyad 

(cysteine and histidine), and the specificity for aspartate in the S1 pocket. While retaining 

these structural features, caspase substrate specificity is determined primarily by the amino 
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acid in the P2-P4 positions of the substrate. The caspases are further classified by their 

preference of amino acid character at P4: group I caspases prefer bulky residues (W/H/Y), 

group II prefer charged residues (D/E), and group III prefer aliphatic (I/L/V).  

Our lab has previously shown that D. rerio caspase-3a has relaxed specificity for group II 

and III substrates (Tucker 2015), and our preliminary data suggests that D. rerio caspase-3b 

has only group II specificity (data not presented here). We generated a dataset with the 

CaspBase that was focused on reconstructing the CA of D. rerio caspase-3a and -3b to 

demonstrate the power of a hypothetical ASR experiment.  

C. Methods 

i. Curation of the Database 

Two searchable databases of caspase proteins, uncurated and curated, are made available 

through CaspBase.org. The uncurated database contains 6676 protein sequences with caspase 

annotation from 361 animal genomes available at NCBI on December 12, 2017.  To make 

the database, we 1) downloaded GFF3 files from NCBI Assembly 

(https://www.ncbi.nlm.nih.gov/assembly) for all RefSeq animal genomes, 2) extracted 

protein accession numbers (protein_id) from the lines of GFF3 files that contain the word 

ócaspaseô but not óactivation inhibitorô, óactivity and apoptosis inhibitorô or órecruitment 

domain-containingô in the value of the óproductô tag in the óattributesô column of GFF3 files,  

3) used the list of resulting accession numbers to obtain protein sequences in FASTA format, 

and 4) mapped taxon ID from each GFF3 file to taxonomy using taxdmp file available at 

ftp://ftp.ncbi.nlm.nih.gov/pub/taxonomy/. The resulting database contains unique protein 

accession numbers associated with product annotation from GFF3 file, taxonomy and 
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FASTA sequences. Additional details including the code used to generate the uncurated 

database are provided in the supplementary materials at CaspBase.org.  

The curated database contains 2880 protein sequences from 354 taxa. The FASTA for each 

genome was curated one file at a time using the MEGA 7.0 alignment editor (Kumar 2016). 

Sequences were selected from the uncurated database and identified as functional caspases 

based on the following methods and criteria: First, ópartialô, óLOW QUALITYô, or 

annotations that are not caspases such as ómetacaspasesô were omitted. Then sequences 

shorter than 240 amino acids, duplicate sequences, and sequences that include characters (X, 

J, or B) were also omitted. Accession numbers that start with XP_ were computationally 

predicted from genomic data. Accession numbers that start with NP_ were experimentally 

determined, thus were preferentially included in the CaspBase if there were duplicate copies 

of a gene.  

The remaining sequences were aligned with MUSCLE using a gap opening penalty of 6.9 

and other parameters kept at default. The dimer interface or ɓ-sheet 6 is typically within 20 

amino acids of the C-terminus, so sequences were omitted with missing data in the alignment 

where ɓ-sheet 6 should be (Figure 1). The catalytic residues histidine (CP-H075) and 

cysteine (CP-C117) were checked for their presence, additional criteria for inclusion are 2 

out of 3 residues known to coordinate the P4 aspartate residue in the active site (CP-R018, 

CP-G020, and CP-D024) (see CP_MSA supplemental Table 1).  

Genes with multiple predicted isoforms were assessed for the optimal isoform to maximize 

phylogenetic signal. For example, XP_ isoforms with similar length to that of the human NP_ 

caspases were typically selected for inclusion in the CaspBase, otherwise the longest isoform 

was chosen by default if no evidence was observed to the contrary. In some cases, longer 
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isoforms opened a gap in the caspase domain, thus the shorter isoform was preferentially 

chosen (supplemental figure 1). To further check for errors and problematic sequences, a 

phylogenetic tree for the entire CaspBase was generated to elucidate any errors not easily 

observed by eye. The tree was generated with the maximum likelihood (ML) framework 

using IQTREE (http://www.iqtree.org/) (Nguyen 2014) and can be viewed at CaspBase.org. 

The putative placement of genes is known a priori, because ML methods take branch length 

into account. The phylogenies generated in this manner were used to identify missing data, 

mislabeled and erroneous sequences relative to the specific caspase-type. All sequence 

accession numbers that were removed from the CaspBase were tracked in a separate excel 

file along with the reason that sequence was omitted (can be viewed at CaspBase.org).  

ii.   The Common Position (CP) System 

A FASTA file was generated by searching the CaspBase for Chordata caspases-N sequences 

in the CaspBase; where N is caspase -1, -2, -3, -4, -6, -7, -8, -9, -10, and -14. The 1488 

sequences were superficially aligned in MEGA using MUSCLE (Kumar 2016). Sequence 

positions in the prodomain with less than 90% occupancy were deleted (PD-003ô), and then 

all the gaps of the preliminary alignment were closed. The resulting FASTA file was 

uploaded to the PROMALS3D online server at 

http://prodata.swmed.edu/promals3d/promals3d.php to generate a structurally informed 

multiple sequence alignment (MSA). Then, all but the human caspase sequences were 

removed from the 1488 sequence MSA. The PDB IDs; 1IBC (caspase-1), 3R5J (caspase-2), 

2J30 (caspase-3), 3OD5 (caspase-6), 3KJN (caspase-8), and 1JXQ (caspase-9) were 

superimposed in PyMol and the human caspase alignment was manually adjusted to match 

the PDB structures. The resulting MSA is referred to as the CP_MSA. The CP_MSA was 
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then used as óuser definedô constraints and re-ran all 1488 sequences in PROMALS3D. The 

MSA was slightly adjusted to match the CP_MSA. 

An R script (provided in the supplemental materials) was written to calculate the percent 

conservation of the consensus amino acid at each position of the 1488 sequence MSA, and 

the percent of amino acid occupancy at each position (gapped or not gapped). The script was 

also separately run on each caspase-type of the MSA (supplemental materials). The 

consensus score was calculated by dividing the percent consensus by the percent occupancy, 

and the data were transposed onto the CP_MSA and color coded in excel.  

The CP system categorizes caspases genes into three position types; positions in the 

prodomain (PD), gapped positions (GP), and common positions (CP). Common positions are 

defined as having 100% amino acid occupancy in the caspase domain of the CP_MSA, and 

GPs are all other positions in the caspase domain. GPs are numbered sequentially in the order 

they appear (See Table 1). The first CP is a highly conserved tyrosine residue, designated 

CP-Y001. Residues of the prodomain are referred to as PD-002`, PD-001`, etc., reading 

backwards from CP-Y001, so the number of the start Met residue (PD-MXXXô).  

iii.  Ancestral State Reconstruction 

The sequences used for the D. rerio caspase-3a vs -3b ASR (Figure 6) were acquired from 

the CaspBase by selecting the Chordata_Actinopteri, Chordata_Amphibia, and 

Chordata_Chondrichthyes from the óPhylum_Classô menu; in addition, a few select taxa from 

the óindividual speciesô menu were included to help articulate the tree, such as C. intestinalis. 

a couple aves and a few mammals (See Figure 6). Then Caspase-2, -3, -6, -7, and -8 were 

selected, and the CaspBase returned 216 sequences that matched all of the criteria. The 

prodomain of caspases evolve independently and are highly variable among paralogs, and 
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removal of the prodomain does not affect effector caspase activity in vitro (Fuentes-Prior and 

Salvesen 2004). Since the prodomain opens many gaps in the MSA and their contribution to 

phylogenetic noise is likely to yield ambiguous results, we remove the prodomain (as 

described above). PROMALS3D (Pei 2008) only uses the first 25 characters of the FASTA 

header, and the FASTA files provided by the CaspBase are unaltered from the NCBI 

annotation, so the species names are cleaned up with GREP commands in notepad++ before 

uploading to the PROMALS3D server http://prodata.swmed.edu/promals3d/promals3d.php. 

The CP_MSA was used again for user defined constraints.  

We determined the best model of evolution to construct a phylogenetic tree from our dataset 

with Prottest 3 (https://github.com/ddarriba/prottest3) (Darriba 2011). The phylogenetic tree 

was computed with the maximum likelihood method in IQTREE (Nguyen 2015), using the 

Jones-Taylor Thornton model (JTT) plus gamma distribution. No test of phylogeny was used 

for this example ASR; however, at least 100 bootstraps are recommended. The MSA and tree 

file were uploaded to the FastML server (http://fastml.tau.ac.il/) (Ashkenazy 2012) and a 

joint reconstruction was calculated with the default settings for amino acid sequences. The 

nodes of interest in between D. rerio caspase-3a and -3b were identified with the ótree in 

ancestor format.txtô output file, and the tree was visualized in FigTree v1.4.2 

(http://tree.bio.ed.ac.uk/software/figtree/).   

D. Results 

i. The CaspBase 

The ergonomic design of CaspBase.org makes it intuitive to use. The user selects any number 

of Individual Species or organisms by Phylum_Class by highlighting the desired tabs in the 

respective menu with the Ctrl key (Figure 2). The user then selects any number of caspase-
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types, and a FASTA file that match the userôs search criteria will be e-mailed to a provided 

address. The curated CaspBase currently maintains over 2880 caspase sequences from 354 

different species (Figure 2) and can be accessed at CaspBase.org. The 3796 sequences that 

were omitted from the raw sequence database were recorded in a list with their accession 

numbers and the reason why they were omitted (supplementary materials at CaspBase.org).  

CaspBase users should be aware that some caspases are annotated as ñN-likeò (where N is 

any human caspase-type), because they are difficult to categorize. N-like sequences are 

typically named based on BLAST similarity, and denoted óN-likeô due to low sequence 

consensus E-scores to human caspase paralogs (Eisen 1998). N-like sequences may be the 

result of gene duplication, and/or they are in the process of pseudogenization (Eckhart 2008). 

Many N-like sequences were omitted from the CaspBase because they did not meet our 

curation criteria, but the CaspBase does include some sequences that might not be ideal for 

every analysis due to non-canonical indels. Some sequences are not annotated as N-like that 

probably should be considering the relative sequence variance to the human homolog; 

however, we provide the sequences that pass our criteria as they were annotated. Users are 

urged to double check the downloaded sequences for undesired indels that may contribute 

unintended noise to their intended analyses. 

The phylogenetic tree with all CaspBase sequences is available in the supplementary 

materials. The tree shows that many of the invertebrate caspases are annotated poorly, as 

determined by the incongruence between the annotation and location on the tree: for 

example, caspase-1 of Arthropoda groups together with the effector caspases-3, -6, and -7 of 

Chordata. Annotations labelled as óputativeô and many ócaspase-N-likeô are also annotated 

poorly. As a result, we changed the caspase-type óDroncô to the same category as óNcô.  The 
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list of sequences pruned from the CaspBase as a result of this process is available in the 

supplementary materials.  

ii.  The Common Position Multiple Sequence Alignment (CP_MSA) 

The generation of a multiple sequence alignment (MSA) is the most important step for the 

accuracy and confidence of downstream bioinformatics analyses (Figure 3). MEGA (Kumar 

2016) is free to use for academic purposes, and it is sufficient for sequence visualization, 

simple alignments, editing, and building phylogenetic trees with data acquired from the 

CaspBase. However, the secondary structure of a protein is more conserved than the primary 

amino acids sequences among highly divergent protein families (Ingles-Prieto 2013). One 

principle for improving alignment accuracy is the use of structural constraints. 

PROMALS3D is open source academic software that generates MSAs informed by 

secondary structure elements (Pei 2008). In this case, the user provides a reference PDB 

structure, or user-defined constraints to improve the quality of the MSA. Another principle to 

improve the estimation of an alignment is to use more sequence data (Wang 2001). We 

applied both of these principles to establish a standardized human caspase MSA that is 

necessary for consistent evolutionary sequence analysis.  

We queried the CaspBase for each caspase-N and caspase-N-like sequences from the entire 

Chordata phylum (where N is either caspase -1, -2, -3, -4, -6, -7, -8, -9, -10, or -14).  The 

CaspBase returned 74, 198, 203, 33, 201, 211, 158, 178, 117, and 115) sequences 

respectively (Table 2). The human caspase paralogs have 251, 260, 240, 251, 256, 243, 253, 

263, 246, and 230 amino acid positions between CP-Y001 and their C-termini with 218 

common positions (CPs) along the caspase domain (Table 2). The total number of conserved 
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residues (>90%) from each caspase-type is 98, 141, 129, 140, 146, 172, 83, 121, 112 and 71 

respectively. 

The All_caspase MSA of 1488 caspase sequences was generated with PROMALS3D. We 

removed all but the human sequences and checked the accuracy of the remaining alignment 

manually by matching structural evidence from available PDB structures. Adjustments to the 

alignment where made as necessary. Figure 4 shows the structural evidence for the 

placement of GP1, GP5 GP6, and GP10. The standardized CP_MSA was used as the basis 

for developing the CP system.  

The amino acid consensus and percent occupancy of each position among the ten caspase-

types and the All_caspase MSA were calculated with the R-script (Table 2). Thirty three 

positions in the All_caspase MSA are over 80% conserved between the 1488 Chordata 

homologs used in this analysis; CP-Y001, GP2-F003, CP-R018, CP-G020, CP-D024, CP-

L035, CP-S074, CP-H075, CP-G076, CP-G083, CP-C102, CP-L105, CP-K108, CP-P109, 

CP-K110, CP-Q115, CP-A116, CP-C117, CP-G119, CP-D146, CP-R161, CP-G166, CP-

S167, CP-L173, CP-V191, and CP-L211. The majority of these residues are clustered in the 

active site and at the base of the enzyme (Figure 1A in Chapter 1). The consensus sequence 

and percent conservation for each caspase-type was transposed onto the CP_MSA. CPs can 

be compared among the human caspases along with a wealth of relevant evolutionary 

consensus data for the researcher (supplemental materials).  

Alternatively, we generated an MSA using only 11 human caspase sequences for the 

PROMALS input dataset and will be referred to as the OnlyHuman_MSA (Figure 4). The 

importance of an accurate MSA is exhibited by the gap placement (regions identified in red 

boxes) of the OnlyHuman_MSA (Figure 4). First, loops that connect two ɓ-strands of a 
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surface ɓ -sheet, called ɓ 1- ɓ 3, vary in caspase homologs. As shown in Figure 4, the gap is 

correctly placed in the CP_MSA, because the insertion in caspase-9 occurs between ɓ 1 and ɓ 

2 (called GP5-(001-007), see Table 1) and the insertion in caspase-1 occurs between ɓ 2 and ɓ 

3 (called GP6-(001-006), see Table 1). The ɓ1- ɓ 3 sheet is evolutionarily important in caspase 

structures because it contains the catalytic histidine. To avoid phylogenetic noise, aligning 

the CPs of this region accurately is critical. The region undergoes a coil-to-helix transition in 

caspase-6, forming an inactive conformation (Velázquez-Delgado 2012), and an expansion of 

a loop connecting ɓ 1 and ɓ 2 in caspase-9 occludes the dimer interface, a known allosteric 

site. A comparison of the gaps in the OnlyHuman_MSA versus the CP_MSA with PDB 

structures displays the superiority of the CP_MSA. For example, GP5 of Caspase-9 (PDB 

code 1JXQ) is colored according to the OnlyHuman_MSA and the CP_MSA alignments 

(Figure 4) and shows the CP_MSA gap placement is in agreement with the PDB. In contrast, 

the OnlyHuman_MSA shifts the insertions toward the ɓ 2 strand rather than the connecting 

loop (Figure 4). We superimposed PDB to exhibit the spatial conservation of amino acids 

that are aligned in a MSA (Figure 4). The CP_MSA correctly aligns the highly conserved 

CP-Y001 and correctly places GP1, GP5, GP6, GP10, and GP 11 (Table 1), in caspase-1 and 

-4 (Figure 4). In contrast, the gaps are not placed correctly in the OnlyHuman_MSA. 

iii.  The Common Position (CP) Numbering System  

We propose a scheme based on the common positions of amino acids among the human 

caspase paralogs in a structurally validated MSA. We provide a color-coded version of the 

CP_MSA that shows the amino acid consensus sequence and conservation score of caspase 

paralogs relative to their common position (supplementary Table 1).  
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Residue positions in the prodomain are quite variable among caspase paralogs. Therefore, we 

chose the first common position (CP-Y001) as the first highly conserved residue among all 

caspases. In the CP numbering system, residues preceding CP-Y001 make up the prodomain 

and are labeled PD-MXXXô through PD-001ô where PD-001ô represents the amino acid 

closest to CP-Y001, and XXX is the length of the prodomain. Residue positions within the 

caspase domain that do not have 100% amino acid occupancy are referred to as ñgapped 

positionsò, or GPs, and the GPs are numbered sequentially as they occur after CP-Y001. 

Positions in each gap are identified by the single letter amino acid code and three-digit gap 

position number and an apostrophe. The 10 gapped regions range from 28 residues in the 

inter-subunit linker (GP7-001 to GP7-028), to single amino acid insertions (GP10-001) and 

deletions (GP3-001) as summarized in (Table 1 and Figure 5). 

iv. Ancestral State Reconstruction of D. rerio Caspase-3a and -3b 

It is known that the entire Teleost genome was duplicated during the evolution of modern 

fish (Meyer and van de Peer 2005), although many of the duplicated caspases appear to have 

been purified, as determined by their absence from NCB genome annotations. However, 

several species  

maintain duplicates that appear to be fixed into the population, such as O. latipes, and D. 

rerio. The results for the ASR are summarized in (Figure 6). The experiment was designed 

to purposefully maximize the number of nodes for analysis in between D. rerio caspase-3a 

and -3b on the phylogenetic tree. The FastML server provides several output files; the ótree in 

ancestor formatô was used to identify the nodes in between -3a and -3b (blue and green 

trajectories in Figure 6), and nodes 68, 69, 70, 73, 74, 75, 82, and 83 were pulled from 

ósequences of the joint reconstructionô file. The nodes were then organized so that the 
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common ancestor (CA) was centered in the MSA (Figure 6). Although there are many 

differences between -3a and -3b, only a few residues diverged from the CA and have not 

changed since.  

Incorporation of the consensus data from the CP_MSA provides information about the 

functionally important residues that diverged between -3a and -3b; because hypothetically, 

residue positions with changes in functional constraints, or site-specific rate variation, are 

likely to be involved in functional divergence (Wang 2001).  

E. Discussion 

i. The CaspBase 

The CaspBase includes all animal species with currently available annotated genomes in the 

NCBI genome database (NCBI 2017), and it can be appended as new sequence data is made 

available. The CaspBase offers researchers the ability to rapidly compile large informative  

datasets, which serves to improve all downstream computational analyses.  

Experiments aimed at determining the structure-function relationship between functionally 

diverse protein families have historically used óhorizontal mutations,ô defined as swapping 

functionally important residues in closely related proteins and assessing the effect on 

structure and/or function (Harms and Thornoton 2013). In 1970 however, John Maynard 

Smith described protein sequence space, and evolution, as a walk from one functional protein 

to another in the space of all possible protein sequences (Smith 1970). Horizontal mutations 

do not abide by Maynardôs description, and studies that investigate such mutations may not 

address biological reality.  
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An understanding of the sequence-to-bioactivity relationship is necessary when developing 

peptide drug candidates, and alanine-scanning mutagenesis techniques previously served to 

satisfy that need. However, single point mutations are unlikely to thoroughly investigate the 

complexity of functional fitness landscapes because the optimal amino acid at any given 

position is context-dependent (Harms and Thornton 2012). In other words, the within-protein 

epistatic contribution of free energy from an alanine mutation may alter biological activity 

through unseen perturbations to the free energy landscape that do not reflect reality.  

The changes in amino acids from Node68 Ÿ Node73 Ÿ Node74 etc., are considered 

óvertical mutationsô, and represent functional states along an evolutionary trajectory (Harms 

and Thornton 2010). Resurrecting and characterizing each node along two diverging 

trajectories, such as D. rerio caspase-3a and -3b, would narrow down the residues that are 

involved in the functional divergence of their relative substrate specificities. The approach is 

akin to óreverse engineeringô protein evolution, and it is complimentary to directed protein 

evolution methods.  

Even after 50+ years of development ASR still has limitations; however, ASR is a heuristic 

science. Meaning that computational predictions will improve with more experimental 

validation, or ópractice makes perfectô. The measures taken for the CaspBase were our best 

efforts to maximize the confidence of an ASR of the CA of effector caspases. Nonetheless, 

ambiguities in the reconstruction will occur. Ambiguities are considered residue positions 

with less than 80% confidence. Ambiguities are most likely to occur in regions of the protein 

that are solvent exposed, or lack functional evolutionary constraints; thus, ambiguous amino 

acids at these locations are less likely to deviate from biological reality. The nodes of the 

phylogenetic tree represent a pool of possible ancestral states. For example, Node68 
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represents that CA of Actinopteri caspase-3, so every dataset that includes several 

Actinopteri caspase-3 sequences will yield a phylogenetic tree with a node that represents 

their CA. The CaspBase is instrumental to rapidly generating several datasets, and repetition 

of analysis reduces ambiguity by increasing confidence through corroboration. If the 

ambiguity is still not resolved, then several mutant variations can be resurrected, which only 

serves to enhance our understanding of the sequence-to-function relationship. 

ii.  The CP system 

The CP system is an advancement in organizing protein family paralogs for comparing their 

amino acid sequences with additional data for evolutionary constraints. We provide the 

structural evidence here for the correct gap placement of the CP_MSA. The previous caspase 

residue naming convention did not consider the discrepancies in gap placement in various 

MSA software, and they also lacked the PDB structures to establish a standard caspase MSA 

like the CP_MSA. A standardized MSA will serve to improve the reproducibility of 

evolutionary biochemistry experiments.  

The old caspase-1 naming convention for GPs was confusing and could not effectively 

describe all the positions, thus was never adopted (Alnemri 1996). Most researchers currently 

use the numbering of their caspase-type of interest; however, doing so is shortsighted. As 

mentioned previously, proteins are a snapshot in evolutionary time, and it is impossible to tell 

the whole story by analyzing one frame of the film. 

Characterizing the GPs is novel for caspases, and it is likely that other protein families could 

benefit from their own CP system. However, the CP_MSA will not be completely verified 

until crystallographic data of caspase-14 is published, and it will unlikely be verified for 

GP7, the intersubunit linker due to intrinsic disorder.  
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The location of the amino acids in a CP are typically superimposed in real-space (Figure 4), 

so the importance of an accurate MSA cannot be understated for evolutionary sequence 

analysis because amino acid sequence-space comprises the physical object that evolutionary 

forces act upon.  

Evolutionary biologists seek to understand how genes came to be, and biochemists seek to 

understand how genes or gene products function as they are. We view databases such as the 

CaspBase as a bridge between generating hypotheses computationally and testing them 

experimentally. We developed the CaspBase as a tool to rapidly disseminate organized 

caspase sequence data. The CaspBase lends itself to compiling large datasets that are easily 

parsed and modified for any project related to the caspase gene family, and the methods 

described here can be adapted to any protein family. 
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Table 1: Table of Gapped Positions. Gapped positions (GP) identified in the common position system for 

defining amino acid positions in caspases. Length refers to number of amino acids in the gap; ñeò refers to ɓ-

strand, and h refers to Ŭ-helix; L1, L4 refer to active site loops L1 and L4. 

 

GP# 

Length 

in 

Humans 

Location Description 

GP1 2 N-terminal to e1 Caspase-1, -4, -5 insertion (Figure 4D) 

GP2 
7-17 L1 

5 variable gap lengths. GP2-(7-13) are 

unique to caspase-8 

GP3 
1 

between h2 and 

e3 

Deleted in Caspase-3, -6, -7, -8, and 9; 

present in caspase-1, -2, -4, -10, and -14 

GP4 
2 

between h2 and 

e3 
Unique caspase-14 insertion 

GP5 
7 

loop between e1` 

and e2 ̀
Unique caspase-9 insertion (Figure 4A) 

GP6 
5-6 

loop between e2` 

and e3 ̀
Caspase-1, -4, -5 insertion (Figure 4A) 

GP7 
10-28 

Inter-subunit 

linker 

Variable in almost every caspase. Caspase-9 

is the longest, caspase-3 is the shortest. 

GP8 
1-3 

turn between h4 

and h5 

Caspase-8 and -10 single amino insertion, 

and caspase-14 deletion.  

GP9 1-10 L4 5 variable gap lengths 

GP10 1 dimer interface Caspase-1, -4, -5 insertion 

GP11 1+ C-terminus Varies 
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Table 2:  Summary of sequence data used to generate the CP_MSA. The caspase-N row includes all the 

sequences used, the number of common positions in the caspase domain, and the number of amino acids that 

are over 80% conserved in all 1488 chordate caspases. 

Caspase-N 
# seqs 
analyzed 

# AA in  
caspase domain 

# AA >90%  
conserved % conservation 

Caspase-1 74 251 98 0.39 

Caspase-2 198 260 141 0.54 

Caspase-3 203 240 129 0.54 

Caspase-4 33 251 140 0.56 

Caspase-6 201 256 146 0.57 

Caspase-7 211 243 172 0.71 

Caspase-8 158 253 83 0.33 

Caspase-9 178 263 121 0.46 

Caspase-10 117 246 112 0.45 

Caspase-14 115 230 71 0.30 

Caspase-N 1488 218 33 0.15 
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Figure 1: CaspBase Curation Criteria.  The top panel shows the beta strands the form the dimer interface. 

The bottom panel shows the conserved residues that confer ócaspaseô activity; CP-018, CP-020. CP-24, CP-

075, and CP-117. Sequences missing any of the criteria were excluded from the database. 
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Figure 2: Summary of sequence data in the CaspBase. The pie charts show the diversity of organisms, and 

the bar graph below shows the distribution of caspase types. The bottom panel is a clip of the search feature 

from CaspBase.org. 



 

101 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Evolutionary Biochemistry Work Flow Chart.  The certainty in 

computational analyses depends on the quality of the input data, and public databanks 

maintain misannotated and erroneous sequence data, so the curation step may be the most 

important step for an evolutionary biochemistry experiment. The multiple sequence 

alignment (MSA) generated from the curated data is then validated with structural 

evidence from the RCSP PBD, because secondary structure is more evolutionarily 

conserved than the primary sequence. The CP system was designed based off the 

structurally validated MSA and consensus data generated from the CaspBase. Then 

several downstream analyses can be carried out with confidence, such as constructing 

phylogenetic trees, ASR, and FDA.  
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Figure 4: Comparison of MSAs with  and without Evidence for Gap Placement. The top three 

images depict helix-3 from caspase-3, -1, and -9 respectively. Caspase-3 has no gaps in between the 

ɓô and ɓôô and serves as a comparison to GP5 and GP6 in caspase-9 and -1. The top MSA was 

computed with only the 11 human caspase sequences, and the bottom MSA was verified with 

structural data. The caspase-9 helix-3 next the each MSA colors the gapped residues in red where 

incorrectly places, and the correctly placed gap in green. The bottom two panels show structural 

evidence for GP1 and GP10. 
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Figure 5: Summary of Gap Locations on Structural Model and Cartoon Diagram. Panel A shows 

locations of the gapped positions (GPs) mapped on to PDB ID 2J30 in orange.  
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Figure 6: ASR of Zebrafish Caspase-3a and 3b Common Ancestor. Shows the tree used to reconstruct the caspase-3a and -3b ancestor, and only 

showing the caspase-3 clade. The path for caspase-3b is colored in green, and the path for caspase-3a is colored in blue. The nodes along the path are 

aligned in the order they evolved, and a small segment of the MSA is shown. Positions that changed early from the ancestor, and did not change since, 

may be of interest.  

Common ancestor 
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G. Supplementary Materials 

 

i. R-script for calculating percent identity, amino acid occupancy, and the consensus 

residue 

 

#First turn alignment into tab-delimited matrix-like 

#awk '!/>/ {print $1}' MultAlign.fasta |awk 'BEGIN{FS=""; OFS="\t"}{$1=$1}1' > 

MultAlign.txt  

 

args <- commandArgs(TRUE) 

infile=args[1] 

#print(infile) 

#infile="MultAlign.fasta_matrix.txt"  #uncomment and add your file if Rscript is not 

working 

#align<-read.table("MultAlign.txt", header=FALSE, sep="\t",colClasses = "character") 

#align<-read.table("allCaspase_test.txt", header=FALSE, sep="\t",colClasses = "character") 

align<-read.table(infile, header=FALSE, sep="\t",colClasses = "character") 

 

P_Id=c() 

P_Oc=c() 

P_Cons=c() 

#print(length(P_Id)) 

for (pos in 1:length(align)){ 

    #print(pos) 

    total=length(align[,pos]) 

    counts=table(align[,pos]) 

     

    if ((length(counts)==2) && (names(counts)=="-")){  

        #print("yes") 

        PercentIdentity=counts[which(names(counts)!="-")]/total 

        PercentOccupancy=counts[which(names(counts)!="-")]/total 

        ConsensusResidue=names(counts[which(names(counts)!="-")])  

    }else if ((length(counts)>2) && (names(counts)=="-")){  

        #print("Counts more than 2") 

        PercentIdentity=max(counts[which(names(counts)!="-")])/total 

        PercentOccupancy=sum(counts[which(names(counts)!="-")])/total 

        ConsensusResidue=names(which(counts==max(counts[which(names(counts)!="-")])))  

    }else if ((length(counts)==1) && (names(counts)=="-")){  

        PercentIdentity=0 

        PercentOccupancy=0 

        ConsensusResidue=names(counts) 

    }else{ 

          #print("no") 

          PercentIdentity=max(counts)/total 

          PercentOccupancy=1 

          ConsensusResidue=names(which(counts==max(counts)))[1] 
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    }  

     

    P_Id[pos]=PercentIdentity 

    P_Oc[pos]=PercentOccupancy 

    P_Cons[pos]=ConsensusResidue 

    #print(PercentIdentity) 

}  

 

 

#for (item in P_Id){ 

#    print(item) 

#} 

#print(P_Id) 

#print(P_Oc) 

#print(P_Cons) 

 

all=rbind(P_Id,P_Oc,P_Cons) 

all=data.frame(all) 

print(all) 

#write.table(P_Id, "PercentIdentity.txt") 

#write.table(P_Oc, "PercentOccupancy.txt") 

#write.table(P_Cons, "Consensus.txt") 

write.table(all, "Results.txt", quote = FALSE, sep="\t", col.names=NA, row.names = TRUE) 

print("Results are in Results.txt") 
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Supplemental Figure 1: Example Curation Flow Chart. The step by step process for 

curating caspase sequence using the common carp as an example.  
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Supplemental Table 1. The CP_MSA. Red cells are the most conserved and green are the least conserved. The 

chordate consensus sequence is shown next to the WT human sequence. 
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Supplemental Table 1. (continued)  
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Supplemental Table 1. (continued)  
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Supplemental Table 1. (continued)  
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Supplemental Table 1. (continued)  
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Supplemental Table 1. (continued)  
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Supplemental Table 1. (continued)  
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Supplemental Table 1. (continued)  


