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Abstract: Understanding the genetic architecture of a disease is crucial for development of valid diagnostic and 
therapeutic interventions. The analysis of genomic variations associated with pathological conditions is the 
starting point for uncovering disease-causing pathways (candidate processes). However, the complexity of 
intergenic and genetic-environmental interactions hinders the identification of pathogenic values of genomic 
changes. Furthermore, heredity, epigenetics and somatic mosaicism make the interpretation of genomic data 
even more sophisticated. To succeed, a variety of bioinformatic techniques are applied. Here, reviewing own 
and literature data, knowledge-based prioritization of genomic variations is described. Theoretical basis of the 
knowledge-based prioritization is given with a special regard to gene ontology, heuristics, hermeneutics 
(genomic hermeneutics) and analytics. Practical and methodological issues of prioritization using ontology- or 
pathway-based systems analysis are considered in the light of optimistic and realistic scenarios of cumulative 
phenotypic effects of the variome (the whole set of genomic variations in an individual or specific set of 
genomic variations for a phenotypic outcome). In the present communication, copy number variants (CNVs) 
in children with neurodevelopmental diseases are used as a practical foundation for the prioritization, 
inasmuch as these genome variations are systematically overlooked in the so-called NGS era. Nonetheless, it 
is highly likely that the prioritization is applicable to almost all types of genomic variations (e.g. chromosome 
abnormalities, gene mutations, functional synonymous variants etc.). The present methodology seems to be a 
valuable addition to current biomedical science widening the opportunities for medical genomics and genetics. 

Keywords: candidate processes; disease; genomic variations; knowledge; medical genomics; ontology; 
pathways; prioritization; systems analysis; variome 

 

1. Introduction  

Knowledge is not a usual term for designating elements of data analysis in medical genomics. 
Taking into account suggested complexity of epistemological aspects of genomic data analysis as well 
as extreme variability of genomic ontologies [1,2], it is not surprising that researchers prefer to focus 
on specific tasks such as comparative analysis of genomic variations in different cohorts, selection of 
single causative mutations or evaluating functional consequences of detected sequence variants [3–
5]. On the other hand, results of numerous studies dedicated to uncovering genomic variations 
associated with diseases and massive sets of data on gene ontologies [2,6–9] appear to be useful for 
developing knowledge-based approaches to determine the consequences of genomic changes.  

Variome (the whole set of genomic variations of an individual or a set of genomic variations 
associated with specific pathogenic condition or phenotypic trait) seems to be a promising target for 
knowledge-based analysis. However, probably due to the complexity, targeting variomes by high-
resolution bioinformatics technologies is rare [7,10]. Moreover, the generation of biomedical 
knowledge remains largely enigmatic [11,12]. Alternatively, several efforts in application of variomic, 
pathway-based and interpretational analyses have been successful in studying neurodevelopmental 
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disorders (NDD) [13–16]. Pathway-based classification of NDD and cumulative effects of individual 
genomic variations have been reported in studies of association between copy number variants 
(CNVs) and brain disorders [12,17–20]. An intriguing addition to canonical evaluation of causative 
CNVs has referred to CNV and gene prioritization analyzing CNVariome or the whole set of 
individual CNVs, in which an effect of genomic variation saturation has been observed (i.e. pathway 
is unaltered by single CNVs, whereas CNVs affecting several genes implicated in the pathway alter 
the processes; for more details, see [7]). Unfortunately, the quest for pathway-based classification of 
diseases (phenotypic traits) starting from knowledge generation and application accompanied by 
relevant analyses of variome (i.e. evaluation of pathway-oriented saturation by genomic variations) 
has not been systematically presented. 

The present communication describes theoretical aspects of knowledge generation, knowledge-
based prioritization of genomic variations (CNVs in NDD) and practical issues of knowledge-
oriented studies in medical genomics. Using previous data, it was possible to systemize processes 
related to biomedical knowledge generation and genome analysis for basic and diagnostic research. 
Finally, two scenarios (optimistic and realistic) of knowledge-based prioritization of genomic 
variations are proposed. 

2. Theory  

As it has been occasionally noted, genomic research has met epistemological difficulties. These 
are suggested to occur due to problems in defining the nature of biomedical knowledge, increasing 
amount of data generated by a wide spectrum of genomic (or, more precisely, OMICs) studies, and 
intrinsic (natural) limitations in human intellectual capacity [1,21]. Since problems of human 
intellectual capacity are anthropologic and are unrelated to the topic of this communication, the 
theoretical part is basically focused on the nature of biomedical knowledge and the relationship with 
genomic data, which represent a major epistemological substrate for current biomedicine.   

The whole set of OMICs technologies has formed the firm (epistemological) foundation for 
uncovering the meaning of genomic, transcriptomic, proteomic, and metabolomics variations. Using 
sophisticated statistics and bioinformatic technologies of biomedical data analysis, it becomes 
possible to go beyond direct associations between single/specific mutations and phenotypes [22,23]. 
Moreover, data sets of genomic variations (i.e. variomes) are hardly processable without additional 
bioinformatic analyses, which are performed using gene ontologies and/or algorithms of pathway-
based classification. Hence, it becomes possible to modulate or to estimate the effects of specific 
genomic variations at the pathway level or, in other words, to model abnormal genome, 
transcriptome, proteome and metabolome behavior altered because of genomic change (from single 
nucleotide polymorphisms (SNP) and gene mutations to CNVs and chromosome imbalances) 
[2,9,11–13,23–25]. Pathway-based analysis or classification of genomic data represents, thereby, an 
appreciable step forward in understanding gene ontologies and genetic architecture of diseases [11–
13], challenging and changing the conceptualization and causation of genetic diseases in the widest 
sense [12,26]. Alternatively, the use of these approaches to address the outcomes of genomic changes 
provides for developing complex (holistic) models of genetic diseases, which seem to explain the 
sophistication of pathological genome behavior [12,27]. Finally, construction and analysis of gene 
networks representing molecular and cellular pathways to pathological processes offer numerous 
opportunities for prioritization of pathogenic intracellular processes and unraveling genetic 
architecture of human diseases [25,28,29]. In total, one may suggest that accumulation of empirical 
genomic data is the important part (starting point) of analysis/prioritization of genomic variations in 
human disease genetics, requiring, however, an appreciable amount of additional bioinformatic 
efforts for epistemological transition from information to knowledge. 

Taking into account the aforementioned epistemological difficulties in genomics [1,21,22,26–28], 
it appears that there are two more essential elements in processing genomic data (additional to 
acquiring empirical data), which are interpretation and analysis. These both are the theoretical basis 
for bioinformatic analysis of genome variability (variome) and, as a result, underlie generation of 
genomic (biomedical) knowledge. However, genome research occasionally considers analysis of 
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genomic data as a basic/epistemological discipline, whereas the discipline of interpretation of 
genomic (variomic) data is generally left aside in current biomedical research. To rebrand and to re-
introduce these two elements of generating biomedical knowledge, a tradition of using ancient 
Greek/philosophic terms (similarly to as it has been done in [12]) has been followed. Interpretational 
efforts in social and much more rarely natural sciences are designated as hermeneutics [30]. The latter 
term has been already used for computational big data analysis [31]. In medical sciences, hermeneutic 
studies are generally of social nature [32,33]. However, hermeneutic approaches to acquiring 
knowledge and data are applicable in biomedical purposes [34]. Actually, in silico analyses of 
genomic data at subchromosomal and chromosomal levels, which are targeted at interpretation of 
genome variation and chromosome (genome) instability, have systematically demonstrated the 
efficiency for uncovering the meaning in the disease and biodiversity context [7,35–37]. All these 
interpretational efforts in the field of medical genomics corresponds to hermeneutic analysis in the 
all the senses [30]. In this light, it is to remember that hermeneutics means initially textual 
interpretation (i.e. interpretation of ancient texts) [30]. Ironically, the genome of Homo sapiens may 
be considered as a rather ancient text aged ~200 000 years [38]. Therefore, the existence of genomic 
hermeneutics is likely to be justified. 

Systems analysis (systems theory) has become an integral part of medical genomics (genomic 
medicine) showing an unprecedented value for unraveling molecular or genetic architecture of 
human disease [39–41]. Still, accumulation of biomedical knowledge periodically suffers from the 
lack of network and systems analyses [42]. On the other hand, systems analysis for interpretation 
using OMICs is able to process large variome data or a large genomic change such as structural 
chromosome imbalance and aneuploidy (gains/losses of whole chromosomes) [25,35]. A thorough 
systems analysis of discoveries built on the Human Genome Project in numbers has demonstrated 
enormous albeit irregular (some genes/gene ontologies are preferentially analyzed) progress in 
medical genomics [43]. Moreover, this is also appropriate for single-cell OMICs studies [44]. Thus, 
genomic analytics or systems analysis of genome data appears to be an important source of 
knowledge in current biomedical research. The description of empirical, hermeneutic and analytical 
genome analysis has allowed to propose two models of biomedical knowledge generation for 
prioritization of genomic variations. The first one is basic, which establishes hierarchy between 
empirics (data collecting), hermeneutics (interpretation) and analytics (systems analysis). The second 
one is dynamic; it describes processing of empirical data using hermeneutic and analytical 
methodology to generate knowledge. Figure 1 summarizes theoretical issues concerning knowledge-
based prioritization (knowledge generation) using the aforementioned models. 

 

Figure 1. Schematic representation of biomedical knowledge generation for knowledge-based 
prioritization of genomic variations using two models. (A) Basic model: empirics or acquiring 
experimental data is the foundation of knowledge generation followed by the interpretation of data 
(i.e. hermeneutics or genomic hermeneutics), which forms the basis for following systems analysis 
(analytics). (B) Dynamic model: empirical data is processed by hermeneutics and analytics (the 
transition from hermeneutics to analytics is hardly distinguishable during genomic data processing) 
being the main process for knowledge generation. 

3. Practice 
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Since the idea that practice is the criterion of truth remains widely acceptable in the materialistic 
world, knowledge generation and knowledge-based prioritization are to be considered in the light of 
basic and/or diagnostic practice (research). To pass from theory to practice, CNVs in NDD have been 
selected as a target. Apart from a relative ease of the management (amount of CNVs per individual 
genome is much more less than quantity of sequence variants detected in an individual), the selection 
is also produced by the intention to raise decreasing focus on CNVs in the so-called NGS era using 
appreciable data sets on the contribution to NDD pathogenesis. Analyzing a large set of own 
[7,15,24,35,44–46] and literature data [8,9,13,16,18,20,47] clearly demonstrates that gene ontologies 
and molecular pathways are key elements in a complex system determining disease mechanism, 
which gathers genomic, epigenomic, proteomic and metabolomic data. In other words, the 
interpretation of genomic/variomic data (e.g. CNVariome) or genomic hermeneutics is effective when 
based on systems analysis (analytics) and vice versa [7,25,35,41,42]. In addition, it has been 
demonstrated that heuristic algorithms appear to be the most applicable for this type of the 
prioritization inasmuch as the amount of biomedical data (especially, data on gene ontology) 
gradually increases as well as the results of these studies cannot be ultimately proven [46]. It also 
becomes evident that CNVs may interact with each other, i.e. multiple CNVs may affect molecular 
processes (alter ontologies) changing the dosage and structures of transcripts involved in disease 
candidate process. Accordingly, a saturation effect of pathway-altering genomic variations in an 
individual variome (CNVariome) certainly exits [7]. Therefore, the saturation is a promising target 
for assays applied to unravel genomic mechanisms of a disease. In total, prioritization of causative 
CNVs (genomic variations) using knowledge generated through the interpretation and (systems) 
analysis of genomic data appears to be attractive. 

Despite the success of the aforementioned genomic studies [7–9,15,16,18,20,24,35,44–47], some 
practical limitations of assays for uncovering molecular disease mechanisms using knowledge-based 
prioritization of genome variations exist. Postgenomic knowledge (i.e. knowledge acquired from 
combining genomic, epigenomic, proteomic/interactomic and metabolomics data/information) and 
gene ontologies are naturally limited due to impossibility of synchronous processing of data on all 
tissues/cells of a human organism [28,42,48]. This becomes even more sophisticated in cases of CNVs 
and chromosomal imbalances (cytopostgenomic aspects), which are featured by simultaneous 
involvement of multiple genes [46,48,49]. Still, there are technological solutions for processing large 
genomic data sets [8,10,28,48]. Another source of the limitation of knowledge-based prioritization is 
genetic-environmental interactions, which add variability to functional consequences of genomic 
variations [50,51]. Genome or chromosome instability and somatic mosaicism (presence of cellular 
populations differing with respect to their genomic variations in an organism) are probably the best 
examples of related problems being the result of alterations to numerous molecular/cellular pathways 
coupled or produced by environmental effects; additionally, these phenomena affect phenotypic 
outcomes of genomic variation per se (for more details, see [50–55]. Complex systems of the human 
orgasm (i.e. brain or central nervous system) are the most promising, albeit uneasy, targets for 
sophisticated systems analysis when these difficulties are not left aside [56]. Fortunately, a number 
of models (e.g. variome or variome saturation model) may be used for solving the problems for 
uncovering genetic architecture of complex disorders [7,57]. Nonetheless, although developments in 
genomic bioinformatics have long been proved to be powerful in discovering causative mutations in 
humans [9,58], there is still a need for consistent improvements in available methodology. This is the 
particular case of knowledge-based prioritization and evaluation of variomic saturation.   

4. Methodology 

The methodological description requires several definitions. A genomic change (e.g. CNV) is an 
event. CNVs may be classified as pathogenic or non-pathogenic according to the occurrence (rare 
versus common) [20]. The variome as the set of all the genomic variants (or CNVs) represents a data 
set or information. The extraction of ‘pathogenic’ variants or, more accurately, pathway-altering 
genomic changes (CNVs) from a variome would produce a set of epistemological elements, which 
interact to form a system that represents a disease mechanism (pathogenesis) and is eventually 
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knowledge. To develop a knowledge-based prioritization of genomic variations (a quest from 
empirics through hermeneutics-analytics to knowledge or transition from information to 
knowledge), there is a need for defining the interplay between events and their attributes or, in 
functional terms, probability. Consequently, probability is essential for developing the knowledge-
based methodology. 

Pathway-based definition of CNV pathogenic values among individuals with NDD is generally 
made through assessing ontologies of genes [2] affected by CNVs and involved in brain-specific 
molecular and cellular pathways [13,14,19,24,35,46]. In this instance, there are effective methods for 
determining the probability of pathogenicity (p-value) of each CNV (for theoretical and technical 
details, see [47,59–61]). Thus, this part of methodology has been already developed without 
requirements for further efforts. However, there are no similar methodology for multiple causative 
CNVs from an individual variome or for description the effect of genomic variation saturation, i.e. 
knowledge-based prioritization per se. Here, an evaluation of cumulative probability of 
pathogenicity of genomic variations appears to be required. Due to the heuristic nature of 
knowledge-based prioritization of CNVs [46], two scenarios for cumulative phenotypic effects of 
CNVariome through alterations of molecular pathways — optimistic and realistic — have been 
proposed.  

4.1. Optimistic Scenario 

The most optimistic situation in this methodology corresponds to an extremely simplified 
concept “one CNV alters one pathway”. This functionally corresponds to P(N)=N, where P — 
probability of specific pathway altering (pathogenicity) and N — number of CNV. P is determined 
for each candidate pathway (process). Certainly, the level of optimism seems to require a decrease. 
To do so, Pi (probability of pathway altering of each single CNV) is introduced. Consequently, the 
optimistic scenario may be functionally described as follows: P(N)=Pi∙N. Pi may be determined as 
previously [59–61]. Linear dependence between CNVs (number of events) and probability (presumed 
value or p-value of pathogenicity defined using a number of attributes [61]) suggests that optimistic 
scenario is also the simplest one. Graphically, the optimistic scenario may be shown as a series of 
linear graphs (P(N)= Pi∙N) differing with respect to Pi (Figure 2). The scenario is truly optimistic as 
one may note that even a moderate meaning of Pi (p-value equals to 0.5) corresponds to the case, in 
which 2 CNVs alter a brain-specific pathway and lead to NDD. 

 
Figure 2. Graphical depiction of the optimistic scenario, which is based on linear dependence between 
number of CNVs affecting genes implicated in an altered pathway (abscissa; N) and probability of the 
alteration (ordinate; P) or P(N)=Pi∙N; from left to right: Pi = 0.5, 0.4, 0.3, 0.2, 0.1 and 0.05 (note that when 
Pi>0.3 just four CNVs may produce the effect of CNVariome saturation in the context of specific 
pathway). 
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4.2. Realistic Scenario 

Complicating the scenario by introducing the effect of genomic variation saturation on pathway 
dysfunctions (variome concept) [7] appears to be appropriate for transition from optimism to realism. 
Following idea originating from an immanent feature of materialistic knowledge (epistemology), 
which seems to be always relative to previous achievements, underlies the scenario: “we cannot be 

absolutely sure about 100% adverse effect of a CNV on a specific pathway”. Thus, any amount of CNVs 
affecting brain-specific pathway would produce a trend of P→1, but P=1 always remains 
unachievable. Apparently, the pathway-oriented saturation of genomic variations is describable by 
logarithmic dependence. Additional realism may be achieved by taking into account the fact that 
each CNV possesses own p-value (Pi of the optimistic scenario). Accordingly, a rank has been 
introduced to the function P(N) representing an average effect of all CNVs affecting specific pathway 
in relation to their number. 

Hence, the realistic scenario may be mathematically defined as follows: P(N)=log𝑁+1𝑁 + 𝑅, 
where P — probability of pathogenicity or specific pathway altering, N — number of CNV, and R — 

rank determined as 𝑅 = ∑𝑃𝑖𝑁  (Pi  is determined as in the case of optimistic scenario and varies 

between 0 and 0.9). Figure 3 graphically demonstrates the basic variant of the scenario. 
The realistic scenario is likely to be the most suitable candidate for becoming mathematical basis 

of knowledge-based prioritization of genomic variations. Firstly, it is based on an important 
epistemological feature (see below). Secondly, it links genomic hermeneutics and analytics (system 
analysis), if average P is established per pathway cluster or a set of candidate processes. Thirdly and 
finally, the logarithmic law used for definition of the scenario reflects the heuristic nature of 
bioinformatic interpretational analysis of genome data. 

 

Figure 3. Graphical depiction of the realistic scenario. The effect of the pathway-based variome 
saturation by CNVs (see [7] for details) or the dependence between number of CNVs affecting genes 
implicated in an altered pathway (abscissa; N) and probability of the alteration (ordinate; P) follows 
logarithmic law; green graph — P(N)=log𝑁+1𝑁 + 𝑅, where R=0 or, in other words, single CNV is 
unable to affect pathway. Red line (equals to the 100% probability) is used to depict the idea 
underlying scenario realism: the line is absolutely unachievable according to the corresponding 
logarithmic law. Finally, the variability of R (R is not always equals 0) may increase (red arrow) or 
decrease (yellow arrow) starting P values. 

5. Conclusion  

In the world of ultra-rapid accumulation of biomedical knowledge, there is a growing need of 
analytical methodology emerging theoretical and practical issues. The definition of genetic 
architecture of pathological conditions seems primarily to benefit from the existence of similar 
methodology. Since numerous practical/diagnostic efforts in the field of medical genomics lack firm 
theoretical background and bioinformatic algorithms are useless without testing in diagnostic/basic 
research practice (genomic/cytogenomic), a concept unifying theory and practice appears to be 
required. Variome concept appears to be one, inasmuch as it allows not only to unravel genomically 
altered pathways [7], but also to propose successful therapeutic interventions in presumably 
incurable genetic diseases (e.g. diseases caused by chromosomal abnormalities) [62,63]. Here, a large 
theoretical input to the concept and the practical issues are presented. Moreover, a model of 
biomedical knowledge generation for knowledge-based prioritization of genomic variations is 
proposed. 
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Attempts to determine entirely the genetic architecture of complex diseases (group of diseases) 
have been systematically limited by the available technologies [9,12,23,47,63,64]. Probably, separated 
theoretical and practical efforts in medical genomics hindered the development of an integrated view 
on the evaluation of genomic variation pathogenicity, especially in case of variomic analysis [7,64]. 
Combining the efforts, it was suggested that knowledge generated by empirical, hermeneutic and 
analytical analyses may be successfully used for prioritization of genomic variations by ontology- or 
pathway-based heuristic technologies. The methodology mathematically enforced by proposing 
realistic and optimistic scenarios of prioritization appears to have appreciable advantages comparing 
to pure empirical or isolated bioinformatic (theoretical) technologies. Fortunately, a number of 
previous studies have shown that similar approaches to the prioritization are effective for studying 
CNVs and chromosomal imbalances in clinical cohorts [6,8,13–20,25,35,46]. Finally, the 
aforementioned pathway-based analysis of saturation in genomic variations using the knowledge-
based prioritization of specific variomes is not limited to CNVs and NDD. When CNVs are 
substituted by another type of genomic variation (e.g. single nucleotide polymorphisms/sequence 
variants or gene mutations, etc.), the knowledge-based prioritization seems to remain effective 
comparably to previous assays of bioinformatic interpretation of sequence variants [65–67] and 
causative gene mutations [68–70]. Finally, focusing on other pathways or candidate processes 
(process clusters) than those mentioned here before is able to be applicable for uncovering 
mechanisms of diseases and phenotypic features in the widest sense. 

To this end, understanding of the generation and classification of biomedical knowledge and 
finding the routes to use it for diagnostic and basic research appears incomplete without systematic 
efforts in upgrading genomic theory and technology. Certainly, successful evidence-based molecular 
therapy of genetic diseases would be closely related to consistent efforts in improving methods for 
high-resolution processing of genomic data. 
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