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Figure 1: From McGary et al. (A) Shows the increase of data in 

model organisms versus humans. (B) Shows a theoretical 

picture of phenolog analysis. (C) Shows a result from the 

original phenolog analysis 

Approaches to discover new human disease models through Boolean relationships of orthologous 

phenotypes  

Abstract: 

 In the development of genome-wide databases of model organisms, non-traditional approaches 

to study genomic networks have emerged to model molecular interactions. Past approaches to model 

such systems have used the homology of genes in model organisms to study human diseases and 

conditions. Combining the homology of genes between human and model organisms with information in 

genomic databases, the Marcotte laboratory has discovered a systematic approach to predict new 

candidate genes for human diseases. In characterizing phenotypes of model organisms with homologous 

genes, it is possible reveal similar genetic interactions of homologous genes in human diseases. These 

phenotypes are characterized by the presence and absence of all orthologous genes between species, 

these binary data structures are called phenologs. The project below examined the potential of Boolean 

relationships of phenologs within one or multiple species to optimize the identified set of genes for a 

human disease and to predict more candidate genes involved in human diseases. 

Introduction: 

In the recent boom of genomic technologies, the amount of identified and categorized genes 

involved in phenotypes have grown much larger than those identified for humans, see Figure 1 (A). 

Because most genomic studies cannot be conducted on humans for ethical, temporal, and financial 

nature of these studies, it has been an important question to find applications of model organisms’ 

genomic databases and harness their wealth of information to study human phenotypes. 

Phenologs 

The Marcotte group has uncovered an 

application for these large genomic databases 

of model organisms by using the homology of 

genes between these organisms and humans. 

This particular research project began by 

creating a new biological data structure called 

phenologs. Phenologs are a data structure that 

identifies phenotypes by the orthologous 

genes between multiple organisms. 

Orthologous genes arise from the ancestral 

specie’s genes evolution as time progresses 

and speciation occur. Orthologous genes 

between organisms are structural similar, but 

can be functionally different.  With phenologs, 

it is possible to uniquely characterize different 

phenotypes of both humans and model 

organisms based on the involvement and 
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interactions of the orthologous genes’ products in a phenotype. Phenologs can be used to compare the 

orthologous genes in a phenotype in one species and compare them to the orthologous genes in a 

phenotype of another species. In phenologs with a significant overlap of orthologous genes, there is 

potential to identify other potential genes involved in each other’s phenotype, as seen in Figure 1 (B). 

The Marcotte lab has created a unique set of orthologous genes from five model organisms: D. 

melongaster, C. elegans, S. cerevisiae, A. thalianas, and M. mus each of which are orthologous to human 

genes. With the orthologous set of genes from the model organisms, phenologs are created to 

characterize phenotypes of these organisms. A large scale comparison program is then run to score and 

sort which phenotype in a model organism shows the greatest statistical significance of overlapping 

genes to a human disease, as seen in Figure 1 (C). After identifying a phenotype in another organism 

that shows similar genetic interaction as a human disease, a new model arises to study this particular 

human disease [1]. 

Boolean Operations 

 My research was to examine the Boolean relationships between multiple phenotypes and 

comparing the resulting phenologs to human phenologs. In the publication “Use of Logic Relationships 

to Decipher Protein Network Organization,” the paper suggests that biological patterns arise in Boolean 

combinations of genetic binary arrays based on gene presence in multiple organisms. Such relationships 

give rise to new phenotypes and mimic real biological processes such as amplification, suppression, and 

negative and positive regulation of genes and their gene products [2]. Exploiting this kind of analysis, the 

application of Boolean operations on multiple phenologs could identify more potential genes involve in 

human diseases. 

                
  A AND B A OR B A AND NOT B B AND NOT A A OR B EXCEPT A AND B 

 

  

The Boolean operations chosen for analysis are intersection (AND), union (OR), difference (NOT), 

and symmetrical difference (OR EXCEPT AND). Each of those operations is displayed in Figure 2. The 

intersection operation takes two phenologs and creates a new phenolog that only contain orthologous 

genes from both phenologs. The union operation takes two phenologs and creates a new phenolog that 

contains all orthologous genes found in both phenologs. The difference operation takes two phenologs 

and creates a new phenolog by removing any orthologous genes from the first phenolog if it is present 

in the second phenolog. The symmetrical difference operation takes two phenologs and obtains their 

intersection and union; the new phenolog is then defined by the inclusion of the union of both 

phenologs and then taking the difference from the intersection of both phenologs. 

 

Figure 2: Boolean Relationships. A circle represents a phenolog (a set of orthologous phenotypes). The blackened part of the 

relationship shows the product of the operation 
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Figure 3: With an increased number of phenologs from the 

Boolean analysis, the score of phenologs are improving 

Figure 3: Performance of Boolean Results. Comparison of the Boolean 

analysis with the original one phenolog comparison and the results of the 

Empirical permutations test (Shuffle) 

Data and Experimentation  

 The Boolean analysis was first conducted on S. cerevisiae in order to test the outcome. After 

those results were produced, an empirical permutations test was used to estimate which Boolean 

phenologs tested the best. Further comparisons were also made between S. cerevisiae and Mus 

musculus to provide more candidate genes.  

The data was obtained from the original phenolog data base (http://www.phenologs.org). The 

data used in this analysis contained 1516 yeast phenotypes [3]. After the Boolean-modified phenologs 

are created they are scored with by their overlap with the original human phenologs. For the human 

disease data, 296 human phenotypes were used in this analysis [4]. A set of 295 human genes was 

mapped onto a set of 253 orthologous genes used to identify phenologs in humans. A set of 2471 genes 

was mapped onto 2123 orthologous genes used to identify phenologs in yeast. Multiple genes can also 

map to a single orthologous gene and vice-versa. The number of human phenotypes to orthologous 

gene relationships was 370. The number of yeast phenotypes to orthologous gene relationships was 

35380.  

To evaluate good overlaps between phenologs a hypergeometric probability distribution is used 

to score the likeliness of obtaining an overlap of orthologous genes. 

Results: 

 General Overview 

 The result of the Boolean operations on the phenolog data would always produce an 

exponential amount of results more than the original phenolog analysis. A single Boolean statement that 

combines two phenologs would produce a factorial amount of data; however, when Boolean statements 

with three or more phenologs combine their information, the amount of data becomes exponential. 

With this increased population of results, 

however, the overlap score between 

phenologs increases quite a bit as seen in 

Figure 3.  

 The break down by operation is 

shown Figure 4.  The improvement of scores 

is most strongly seen in intersection where 

scores improve greatly in comparison to 

their original analysis. The results for union 

and symmetrical difference follows a similar 

distribution, since both tend to produce the 

same results; however, symmetrical 

difference will often score better or the 

same as union. These two operations show 

the majority of improvement compared to 
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Figure 4: Break down of the Boolean analysis by phenolog shows how each 

operation improves phenolog scores. 

their original analysis. The difference operation did not improve scores as much as the other three 

operations. Use of this operation did not seem as beneficial to the other three, and thus is probably not 

a good candidate to optimize phenolog-organized genetic data.  

The validity of these results is 

compared using an empirical 

permutations test. The empirical 

permutations test generates phenologs 

with random information from a uniform 

distribution of orthologous genes. By 

shuffling relationships between genes of 

a species with their orthologous genes, 

the phenologs generated from the 

orthologous genes would have the same 

homology to other phenologs that 

contained the orthologous gene, but 

would randomly associate different genes 

with phenologs and maintain some homologous structure. A thousand permutations was conducted, 

the average scores of which are seen in Figure 3.  

Featured Results 

From the analysis, some interesting examples of the effectiveness of the Boolean analysis are 

worth noting. These results were found using a rough heuristic that ranked results. Parameters 

considered in the heuristic were the score of the combined phenologs compared to the score of each of 

the phenologs on their own, a prior calculated by the amount of genes predicted over the amount of 

genes originally in the human phenolog, and exclusion of yeast phenolog pairs that have already shown 

a strong signal (good-scoring) with a Human phenolog. 

 Intersection Example 

 The results of the intersection Boolean-operation provided many good results. One such result 

took the operation of two poorly scoring phenotypes involving chemical resistance or sensitivity and 

improved their scores by three orders of magnitude for predicting the human birth defect, 

Microphthalmia. The biochemical intuition of this improvement is that these chemical pathways might 

share some essential genes that are involved in the chemical pathway to the detection or the reaction to 

the drug.  

 Microphthalmia is a genetic birth defect that describes the development of abnormally small 

eyes. This birth defect can be caused by a number of different genetic mutations that causes different 

severities of the disease. Genetic testing for the mutation includes a variety of genes already known to 

be involved in this disease; these genes include: SIX3, HESX1, BCOR, SHH, PAX6, RAX, CHD, IKBKG, NDP, 

SOX2, POMT1, and SIX6 [4]. This large population of genes that characterize different aspects of 

Microphthalmia in embryos made this a strong phenolog that could produce some interesting results in 
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the phenolog analysis. However, the top results from the original phenolog analysis of all yeast 

phenotypes against Microphthalmia provided some poor results, as seen in Table 1. 

Table 1 

 Yeast Phenotype Yeast 
Orthologs 

Shared 
Orthologs 

Hypergeometric 
Probability 

1-FDR 
(PPV) 

1 Alverine Citrate Sensitivity 43 2 1.15e-03 0.859 

2 Trichlormethine Sensitivity 3 1 4.16e-03 0.788 

3 16_Stan_stat_res 5 1 6.93e-03 0.698 

4 Desipramine Sensitivity 5 1 6.93e-03 0.743 

5 Metergoline Sensitivity 122 2 9.15e-03 0.687 

.  
The first and fifth top scoring yeast phenotypes in Table 1 showed fair scores but nothing 

noteworthy; furthermore these two phenologs provided an overwhelming number of genes to test for 

validation of these candidate genes as seen in Figure 5 (A). However, the intersection of these two 

phenologs significantly improved the scores of the two phenologs and reduced the number of candidate 

genes involved in Microphthalmia. Alverine Citrate and Metergoline are small molecule often 

characterized used as psychoactive drugs. The deletion of the genes involved in these two phenotypes 

showed two reactions: reduced growth upon exposure to the drug or a considerably large amount of 

growth [6]. Figure 5 (B) describes the effect the Boolean-operation had on both yeast phenologs. 

From Figure 5 (C), we can see that the shared genes of both phenologs with Microphthalmia 

remained conserved after the intersection operation. The candidate set of genes have been reduced to 

a two genes with a strong predictive value; one gene, however, has shown to be a great candidate gene 

to test for in a laboratory setting. The promising candidate gene, PDCD6IP, encodes for a protein in the 

endosomal-sorting complexes required for transport (ESCRT) pathway. According to the NCBI database, 

the role of PDCD6IP has shown to be involved “in the abscission stage of cytokinesis, in intralumenal 

endosomal vesicle formation, and in enveloped virus budding.” However, its most interesting role for the 

purposes of this analysis is its involvement in the process of cell death, known as apoptosis. In 

mammalian cells, PDCD6IP encodes for a protein that has been known to bind to the products of the 

PDCD6 gene, a required protein in apoptosis. In mouse cells, over expression of PDCD6IP showed to stop 

apoptosis [7]. PDCD6IP is also calcium dependent. Mutations in this gene could potentially lead to 

Microphthalmia if a mutation affected the calcium dependency of the encoded protein or the relative 

abundances of the gene. 

Figure 5: Process and Results of Boolean Modification (next page). The circle represents 

phenologs and the number in the circles represents the number of orthologous genes in the phenolog. 

(A) Original Model Performance. This figure shows the original models performance in comparing 

Alverine and Metergoline phenotypes with Microphthalmia. (B) Intersection Operation’s Effects. This 

figure shows the outcome of the intersection operation on Alverine and Metergoline. (C) Boolean-

operated Phenolog Performance. This figure looks on how the new phenolog from the optimization 

performs. (D) Reported Genes. This figure provides the specific genes from the Boolean-analysis. The 

bolded genes indicate the candidate genes for Microphthalmia. 
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Hs Gene/Sc Gene Hs Over Sc Human Gene Description 

170302/YML027W Y Y Y ARX aristaless related homeobox: Group-II aristaless-related protein family whose members are expressed  

    primarily in the central and/or peripheral nervous system 

3052/YAL039C  Y     HCCS holocytochrome c synthase, enzyme that covalently links a heme group to the apoprotein of cytochrome c 

10015/YOR275C     Y PDCD6IP programmed cell death 6 interacting protein  

8724/YOR357C  Y Y Y SNX3 sorting nexin 3 protein interacts with phosphatidylinositol-3-phosphate, and is involved in protein trafficking 

5524/YPL152W      Y PPP2R4 protein phosphatase 2A activator, regulatory subunit 4 

Figure 5 

Hypergeometric Score: 

.00915 

Metergoline 

Sensitivity 

Alverine 

Citrate 

Sensitivity 

Hypergeometric Score: 

.00115 

Microphthalmia 

Hypergeometric Score: 

.00915 

A B C 

D New Phenolog 

from intersection 

Metergoline 

Sensitivity 

Alverine 

Citrate 

Sensitivity 

Microphthalmia 

New Phenolog 

from intersection 

Hypergeometric Score: 

7.72E-06 



Matthew Tien 

Discussion: 

 The results show that three of the four Boolean operations showed promise of providing new 

candidate genes for human diseases. The next step in this research would be to sort through the 

information and find a good set of genes to verify the predictions made from this analysis. This problem, 

however, has been one of the harder problems to tackle. Ranking the Boolean statements by their 

scores is not enough to find good results. 

 Most of the top ranking scores are slight improvements to already predicted gene sets for a 

human disease. In the intersection case, the Boolean operation provides a smaller selection of candidate 

genes with a better likeliness score; this usually occurred when the overlapping genes between the 

human and intersection phenolog remained the same after the intersection operation and the amount 

of candidate genes were reduced by the operation. A smaller pool of candidate genes has its pros and 

cons. The upside is of the intersection analysis increased scores and therefore would reflect a better set 

of gene predictors to test for in an experimental lab. However, the genes identified from the intersecting 

phenolog gene set can be too general or has already been verified. Orthologous genes that are 

associated in many phenologs can lead can indicate a general essential component that is involved in 

many diseases. 

 Examination of union and symmetrical difference would create modified-phenologs with much 

high overlap between human phenologs and also led to increased likeliness scores. The best scorers 

usually provided too much information and would provide an overwhelming number of candidate genes 

to test in an experimental lab. However, union and symmetrical difference proved most beneficial for 

phenologs in model organisms that had small numbers of orthologous genes and weak overlap. By 

combining phenologs with smaller genetic signal, union and symmetrical difference produce non-

obvious results that would be previously overlooked in the previous phenolog analysis. 

 The difference operation performed poorly. The difference operation scored the poorest among 

the other operation-modified phenologs. The information from this operation, thus, has not been 

examined as thoroughly as the other three. 

 In order to find unique and non-obvious results from the Boolean-analysis, a ranking heuristic or 

algorithm needs to be developed to verify if the Boolean-modified phenologs provide information that 

was not obvious from the original phenolog analysis. Some ideas of ranking heuristics would be to use 

the likeliness scores of the phenologs from the individual phenologs to see how much better do the 

scores improve. Elimination of essential genes and large phenologs is another heuristic that could 

remove noise from good-scoring phenolog combinations. Scoring by operation would also be an 

essential component to the heuristic score. Weighing of orthologous genes by their appearance might 

also provide an interesting component to the component ranking; such a weighting could provide gene 

sets comprised of more unique genes than common ones.  

 Upon completion of the smaller details of the Boolean-optimization, the analysis should be 

performed on other organisms from the original analysis. These organisms include plants, worms, and 

flies, all of which have a considerably larger amount of data on their genomes compared to humans. 
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Furthermore, the McGary paper has suggested the use of mouse phenotypes as the basis for 

comparison with the other model organisms. Since mice are very good models to study human diseases, 

the genomic and phenotypic data from mice can provide much better signal than some of the least-

understood human genetic diseases.  

 Experimental validation would be the last aspect of this project. Ideally the heuristic would 

provide the best set of candidate genes. 

Methods and Materials: 

 Given an edge list of gene to phenotype relationships, phenotypes from both organisms are put 

into a dictionary of sets, where the keys of the dictionary are phenotypes and the corresponding values 

are a set of orthologous genes involved in that phenotype.  

 With the dictionary of sets for each organism, a recursive algorithm creates groups of the 

desired number sets to be operated on. For S. cerevisiae (1516 choose 2) statements are made for each 

operation. The current program used to handle the operation to combine sets can only handle 

statements with two or three phenologs. 

 After generating new phenotypes from the Boolean statement of phenologs, the new phenologs 

are scored by the hypergeometric probability of having overlapping genes in a given set. A 

hypergeometric probability is the discrete probability distribution that describes the probability of 

having a certain number of overlapping genes within a sequence of potential genes from the population 

of the orthologous set of genes. This would give a probability of getting a specific overlap of genes out of 

all orthologous genes in a dictionary of a model organism. This means having a low hypergeometric 

probability would show significant probability that the two phenotypes are orthologous to each other. 

Below shows the hypergeometric probability equation given two phenologs of size m and n (m genes in 

one phenotype and n genes in another phenotype). The large N is the number of orthologous genes 

shared by the two species and k is the amount of overlap between the two phenologs. 
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However, from the hypergeometric probability distribution is symmetric; this symmetric 

probability distribution means that two phenolog with zero overlap would have the same probability of 

two phenolog with complete overlap. Thus, the cumulative probability of getting a certain overlap or 

less is used to score for phenologs with a high overlap. These p-values are then recorded in an edge list 

for further examination. 
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 Accessing the significance of the scores from the hypergeometric probability uses the empirical 

permutations test. The empirical permutation test randomly shuffles the genes within each phenolog. 

After all phenologs have been shuffled, the Boolean algorithm is re-run and the p-values from this 

bootstrapping are recorded and re-simulated about a 1000 times. The p-values from these 

bootstrapping simulations should report the expected amount of p-values from a random simulation 

and provide a sufficient cutoff significance value for my p-value data. 

 All programming was done in python.  
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