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Highlights  1 

• Linnaean two sample comparative morphological fingerprints for plant-genotype 2 

classification can be transferred to metabolic and near infrared intact chemical fingerprints 3 

in a seed mutant model. 4 

• Mutant causal information distributed between local chemical fingerprints is integrated by 5 

coherence (pleiotropy) in one genotype deterministic network.  6 

• In breeding any significant local fingerprint from a high-quality line can by coherence select 7 

its global chemical composition and morphology.  8 

• Coherence opens up a paradigm shift in genetic theory and plant breeding. Instead of 9 

breeding for single SNP gene loci traits by forward genetic any significant local chemical 10 

fingerprint-trait can select its multigene/trait chemical composition by reversed genetics. 11 

  12 
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Abstract  1 

Forward-focused molecular genetics is successfully framing DNA-diversity and mapping primary 2 

gene-functions. However, abandoning the classic Linnaean fingerprint link between the phenome 3 

and genome by suppressing gene interaction (pleiotropy) has resulted in a genome-to-phenome 4 

gap and in poor utilization of molecular data. We demonstrate how to bridge this gap by an 5 

example of a barley mutant seed model where pleiotropy is observed as covarying global 6 

molecular patterns that define each endosperm. Global coherence was discovered as a covariate 7 

coordinator within and between local genotype specific fingerprints. This implies that any of these 8 

fingerprints can select its recombinant global phenotype variant, including morphology. By 9 

introducing the law of coherence, and the movement of gene complexes by chemical fingerprint 10 

traits as selectors introduces a revolution in understanding physiological molecular genetics and 11 

plant-breeding. 12 

Bridging the genome-to-phenome gap by a self-organized model on 13 

gene-expression  14 

Michel Morange forecasted in 2008 [1] “[…] phenomena of life have to be studied both by a 15 

reductionist […] and a global approach that would capture its uniquely irreducible character (by 16 

coherence, see Glossary) that could only be undertaken if a new life science was created”. Our 17 

task is a global approach to reveal laws of undisturbed global gene expression in an isogenic 18 

barley seed mutant model performing without a specific cause (Box 1). Kim Sneppen at the Niels 19 

Bohr Institute estimates that a 0.001mm3 E. coli cell computes 3Mb/second of protein information 20 

[2]. A 40mg seed should have enormous capacity. The seed is autonomous (Darwin 1859) [3], 21 

self-organized [4, 5, 6] and complex, calculating in real time a network of chemical fingerprints. 22 

To reveal how “the natural seed calculator” [7] perform we have to ask simplified general 23 

exploratory questions e.g. by changing one gene or one environment at a time. The thereby 24 

changed global chemical seed composition is recorded as spectra of chemical bonds by non-25 

destructive chemical Near Infrared Spectroscopy (NIRS) (Figure 1A) [8, 9, 10, 11, 12], and 26 

validated by chemical (Figure 1B and Table 1) and metabolic (Figure 1C) analyses and by prior 27 

knowledge on mutant causal gene function.  28 

  29 
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Table 1 [25]: Crude chemical analyses from a NCP material grown under two environments: field and pot. 1) 1 

Reference N (104) P (23) C (35) 

Protein 13.7 ± 2.8 

9.7 – 21.0 

15.7 ± 1.9 

12.6 – 18.1 

15.9 ± 2.8 

10.1 – 21.9 

A/P 15.9 ± 1.0 

13.9 – 18.5 

11.4 ± 1.0 

10.2 – 13.6 

14.5 ± 1.3 

12.3 – 17.0 

Starch 53.3 ± 3.7 

43.1 – 59.0 

43.9 ± 4.3 

36.5 – 50.6 

35.1 ± 6.8 

22.8 – 47.7 

β-glucan 5.3 ± 1.2 

3.2 – 8.7 

3.7 ± 1.2 

2.2 – 5.8 

13.4 ± 2.9 

6.1 – 17.8 

Fat 1.9 ± 0.2 

1.3 – 2.8 

3.3 ± 0.4 

2.7 – 4.2 

3.3 ± 0.5 

2.5 – 4.5 

Residual 

(mainly fiber) 

25.7 ± 1.3 

22.5 – 28.4 

33.3 ± 2.0 

29.9 – 36.6 

32.3 ± 2.2 

28.7 ± 36.2 

1) The same samples are presented as NIRS and chemical spectra in Figure 1A and Figure 2 

1B, respectively. 3 
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 1 

Figure 1: An overview of chemical fingerprint descriptors for gene environment interaction [21, 2 

26] of three local patterns in very different fingerprint classes of vertical coherence (Normal-3 

green, Carbohydrate-red and Protein-blue (NCP, see also Box 1)) barley model. A) NIR chemical 4 

spectra. (The raw spectra are treated by multiplicative scatter correction (MSC) [12] to obtain 5 

intact chemical fingerprints). The NIRS region has been called the scatter-absorption valley [62] 6 

since both the molecular-chemical and particulate scatter-physical information is present. NIRS 7 

interfere with hydrogen bonding energies – the fundamental intermolecular biological building 8 

stone (water, DNA, etc.), and is ideal for obtaining a mass overview of solid and semi-solid 9 

samples. B) chemical spectra; C) Metabolite spectra from Gas-Chromatography-Mass-10 

Spectrometry (GC-MS) [21] and D) number of high correlations (above 0.7 or below -0.7) from a 11 

heat map between 247 GC-MS peaks (a total of 30 381 pairwise correlations) detected from the 12 

NCP barley model [21]. All models are parts of a global genotype-specific network with coherent 13 
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macro- and micro-morphological fingerprint (Fig. IA, Figure 2A and Fig. II). Coherence means 1 

that the cause of each gene mutation is distributed as a gene-specific global chemical fingerprint. 2 

The material in A) and B) are from the same 2 · 81 samples from the field and pots environments 3 

with their chemical composition summarized in Table 1. The width of the spectra is given as the 4 

confidence interval, with the pot condition in dark. The material in C) and D) are from a seed 5 

development material also shown in Figure 4. In C), we can see that the genotype specific 6 

fingerprints prevail at the metabolite level, with the five most important metabolites (nodes) for 7 

each genotype [20]. These are extracted by advanced chemometric to purify the genotype (GT) 8 

response on two repetitions at high and low temperature (HT and LT). The number of correlations 9 

given in D) are indicators for thermo-dynamic stability and coherence in pleiotropy, just as the 10 

chemical NIRS fingerprints in Figure 2A. A high level of positive correlations between 11 

metabolites in all dimensions indicates a stable coherent information exchange within the 12 

organism (seed). Especially the structural carbohydrate mutant lys5.f has a high number of 13 

negative correlations at LT and a low number of positive, while the normal barley Cork, as 14 

expected, is the most stable, especially when grown at HT. The regulatory protein mutant lys3.a is 15 

the line that by far has the lowest number of negative correlations at HT and the highest of all 16 

three genotypes in positive correlations at LT. However, lys3.a is the most sensitive line at high 17 

temperature. (See also Online Supplemental Information for Figure 1A and Figure 1B.)  18 

 19 

The plant seed contains rich information that can be deducted in reduced form by functional 20 

genetics and statistical analysis. A better mathematical compromise is through the use of soft-21 

modelling via multivariate data analysis [11, 13], which is compatible with the self-organized 22 

natural calculator that controls a network of chemical fingerprints. Through the use of 23 

chemometric models, very few assumptions are forced on the data, and the data are left to speak 24 

for themselves, thus reducing the loss of pleiotropy between the samples and variables which is 25 

the case for many other more advanced mathematical models. 26 

The gene-distributional Transmission Genetics using analysis of variance (ANOVA) was 27 

introduced in population analysis in the 1920th. This formidable success allowed identification of 28 

precise conceptual descriptors for e.g. gene recombination and chromosome mapping in 29 

centimorgan [14, 15]. Accordingly inspired, we established in the separate context of 30 

Physiological Genetics, interdisciplinary links by chemical fingerprint descriptors and selectors 31 
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for established related concepts e.g. in genetics (pleiotropy), physics (coherence) and mathematics 1 

(soft modelling) all experimentally defined in Table 2, Figure 1.  2 

Table 2: Twelve fingerprint descriptors for genetic concepts 3 

Fingerprint methodology Genetic/ quantitative concept Descriptor 

# 

Chemical bivariate-plots/ 

correlations 

Autonomous 1 

Soft-self-modelling (Fig. IA) 2 

Genetic thermodynamic stability (Figure 1D) 3 

Arbitrary chemical spectra Coarse chemical gene environment interaction (Figure 

1B, Table 1) 

4 

 Mutant classification of metabolites (Figure 1C) 5 

Near Infrared Spectra Thermodynamic stability (Figure 1D) 3 

 Gene-environment interaction (Figure 1A) 4 

 Phenome (Fig. IB) 6 

 Pleiotropy  7 

 Change in gene-background 8 

 Quantitative chemical change in gene-background 

(Figure 2A) 

8 

 Functional nutritional protein quality (Figure 2A) 9 

 Deterministic set stochasticity (Fig. IIIand Figure 4) 10 

Coherence descriptors Horizontal NIR-spectral coherence for chemical 

composition (Figure 2A) 

11 

 Vertical three fingerprint coherence (Figure 1A, NIR-

spectral, Figure 1B course chemical and Figure 1C 

metabolic) 

12 

A classifying mathematical 

PCA-score plot 

Quantitative chemical change in gene-background 

Figure 2B) 

8 
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 1 

Probabilistic ANOVA thinking focusing on the distribution of genes while abstracting from 2 

pleiotropy, pragmatically invaded the highly pleiotropically controlled context of Physiological 3 

Genetics obstructing the theorem of independent variation in ANOVA. Life science had originally 4 

clear concepts that kept the Transmission- and Physiological Genetic contexts pure [15, 16, 17]. 5 

The dismissal of these rules is the major reason for the present conceptual genome-to-phenome 6 

gap in plants. 7 

In contrast to chemical fingerprinting (Box 1), pleiotropy or coherence in molecular genetics is 8 

suppressed by piece-wise additive genome-wide identification of single SNP-marker-loci, 9 

chemical trait pairs in QTL and by GWAS association studies for complex phenomena such as 10 

disease and yield [18] leading to “Genome chaos”[18] (see Outstanding questions). It is 11 

remarkable that the chemometric success of pattern recognition (in principle forwarding Linnaean 12 

classification) revealing the genome by Principal Component Analysis (PCA) in scatter plots [19, 13 

20]; without specifying the genes behind, lives its own life [19, 21, 22] e.g. in the Physiological 14 

Genetics of metabolomics without any leak of information and preserves the original context in 15 

Physiological Genetics.  16 

Therefore, in 2007 Struik et al. [23] called for “a robust interdisciplinary physiological 17 

understanding to bridge the gap between plant genomics and crop sciences”.  18 

Circumventing non-computability by a non-destructive coherent fingerprint  19 

Systems biologist, Stuart Kauffmann [24] made a remarkable mathematical analogy to the 20 

problem of non-computability in biology by Boolean-networks in the deterministic self-21 

organization of life. He concluded: “If the origin and evolution of life is […] an uncompressible 22 

computer algorithm, then we must instead simply stand back and watch the pageant.”  23 

Harald Martens et al. [25] focused on the neglected roles of fingerprint descriptors in 24 

chemometrics. They circumvented non-computability in a cellular automata equation by visual 25 

evaluation of pattern descriptors for the uncompressible graphic output by using a sensory panel 26 

analyzed by chemometrics. In analogy, only intact and coherent fingerprints from a plant 27 

experiment give full biological meaning. The senior author wrote in 2006 [4]: “Chemometric 28 

models […] are not able to reproduce and predict in detail the delicately balanced spectra from 29 

the “natural computer” and [5]: “To make biological meaning the chemometrician should always 30 
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return to original data structures to evaluate if reproducible information has been lost by the 1 

essentially destructive mathematical models […]. Why compute twice when the result is already 2 

computed?”. 3 

Now in retrospect it stands clear that that evaluation of uncompressed spectra produced by the 4 

self-organized natural calculator is not only a question of passive observation of the chemical 5 

assignments in a NIR-spectrum, as in Figure 1A, but an active one [4, 26] with outstanding 6 

possibilities, as selectors in plant-breeding [20, 22, 26] (Figure 2A).  7 

 8 

Figure 2: NIR spectral descriptors (2250-2400 nm) for horizontal coherence as selectors in barley breeding [22]. 9 

Horizontal coherence is found within spectra from the same class of fingerprints. The descriptors are displayed in A) 10 

as eight differential spectra positioned within a dynamic NIRS fingerprint recombinant population of genetic variation 11 

compressed in B) in a PCA bivariate-plot demonstrating gradients of starch-fiber-morphology, in two open field 12 

conditions o = A and x = F (note the systematic offset between o and x). The eight selected barley seeds in A) are 13 

marked by name and their w/w starch content. Variation of normal N barley lines in green are displayed to the left, to 14 

the right, in blue, a breeding population of recombinants is observed. They are from a cross between the shriveled low 15 

starch lys3.a P mutant (see C) and the plump high starch low fiber N normal barley (see C), Bomi). In between, four 16 

commercially improved starch-fiber recombinants are positioned in blue-red (e.g. see C), lysimax). All blue and red – 17 

blue lines are checked for lysine by amide/protein index. Both differential NIRS-fingerprint classification in A) and 18 

by chemometrics in B) are comparable with regard to selection precision. Integrative modelling by chemometrics is 19 

treated in several publications such as metabolomics [21, 19, 63, 64] and by spectroscopy in plant breeding [22, 65]. 20 

However, these studies do not apply uncompressed chemical fingerprint methods, necessary to define coherence. (See 21 

also Online Supplemental Information for Figure 2A and Figure 2B.) 22 
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Generating biological concepts out of coherent fingerprints for 1 

improved interpretation 2 

The mutant barley seed library analyzed with exceptional reproducibility (Figure III) over 7 years 3 

[10] in two environmental conditions – open field and pots in greenhouse – was classified by NCP 4 

(Normal lines, Carbohydrate and Protein mutants) fingerprints and chemometrics using NIRS, 5 

chemical, amino-acid, proteome and metabolome data [10, 27, 28, 29, 30, 31]. 6 

The NIRS (Figure 1A), crude chemical (Figure 1B), and metabolite fingerprints (Figure 1C) [26] 7 

are joint descriptors for vertical coherence on NCP gene-field-pots environment interaction 8 

where different analytical methods (variable to variable covariance) show the same distribution of 9 

samples. The efficiency of coherence (physics for pleiotropy) is demonstrated by the fact that any 10 

local fingerprint in Figure 1A-C can reselect its global, chemical and morphological composition 11 

(Fig. IA, Fig. IIA, B) from a diverse population. Coherence is the missing global principle that 12 

can integrate all the molecular entities in physiology into a functional reproducible plant and 13 

crop. Now molecular geneticists can harness lost Linnaean coherence by visualizing any arbitrary 14 

(Box 1) chemical data table e.g. Table 1 (n = 162) as genotypic fingerprints in Figure 1B. 15 

While environment strongly influences the first node (protein) in Figure 1B - the following five 16 

nodes follow a clear genetic NCP trend. Genetic classification is confirmed by inspection of the 17 

corresponding NIR spectra (n = 162) (Figure 1A) where the field vs. pot pattern follows the 18 

genetic variation. The great advantage of NIR-spectroscopy is that a chemical composition can 19 

directly be read from the spectra that represent chemical bonds (and interactions) of a molecular 20 

cocktail (Figure 1A). In the NIR-spectra [5, 6, 7, 26] the precision (standard error (SE)) of the 21 

genotype NCP discrimination is extremely high compared to the chemical spectra in Figure 1B. 22 

NIR spectra have a low mean environmental range (SE equal to 1.3-3.4%) between field and pots. 23 

Even if the protein content in the N-material has a huge range of 9.7-21.0 %, the NIR-spectra of 24 

N-barley from the two environments (n = 58/46) are overlapping at 2280-2288 nm. Obviously the 25 

NIR region 2280 – 2360 nm is highly conserved for genotype information while other regions e.g. 26 

1690-1810 nm (Fig. III) have a 10 times higher SE due to the environment. The industrial 27 

significance of fingerprint selection has been demonstrated by the Bomill-TriQ single-seed Near-28 

Infrared Transmission sorter (25,000 seeds/sec) for barley and wheat quality [10, 22, 26]. 29 

Coherence (see overview in Figure 3) expressed in the metabolite patterns in Figure 1C [21] 30 

transferred into a recombinant lys3.a barley model which can potentially be used as a sensitive 31 

tool to further improve the lys3.a gene background. The chemical fingerprints in Figure 1B 32 
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represents 98.1 % of the chemical variation in the NIR spectra Figure 1A [32]. Nevertheless, the 1 

remaining 1.9% of the variance is still able to make a correct NCP classification in a PCA that 2 

conserves the metabolic data. 3 

 4 

Figure 3 [Key Figure]: Defining how coherence works. The complexity of life requires a global “top-down” 5 

functionally irreducible view by visual inspection of morphological traits, now amplified by a non-destructive analysis 6 

of chemical bonds by chemical NIR-spectra. This view is complementary to a “bottom-up” destructive chemical 7 

analysis that can define the causal primary function of each gene, e.g. in producing a specific enzyme. However, the 8 

secondary side-effects of a mutant are distributed to the whole metabolic network by coherence (near to pleiotropy) 9 

that is indeterminable as a whole. Fortunately, information is still accessible as overviews by coherent top-down NIRS 10 
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fingerprints and bottom-up GC/MS metabolite fingerprints specific for each genotype, determined by the physiology 1 

of the endosperm cell in the center of the figure (see Figure 4). A cross (upper left) between a shriveled high lysine 2 

low starch barley mutant (blue circle) and a plump normal low lysine high starch master line (green circle) results in a 3 

range of F2 recombinants (up to the left). The recombinants are evaluated for quality by spectral classification in a 4 

PCA score-plot (Figure 2B) that identifies the high lysine, high starch recombinant Lysimax (light-blue star). 5 

Alternatively, the same classification can be done more visually and with less mathematical compression, by Linnean 6 

differential spectral fingerprints (Figure 2A). These are calculated as the difference of the NIRS fingerprint between 7 

an unknown sample to the high-quality master line (straight green line). A linearization of the differential NIRS 8 

fingerprint of the original lys3.a mutant (above to the right), selects the high-quality recombinant Lysimax (light blue 9 

star, below) with a favorable composition. Coherence binds the NIRS chemical fingerprints to the five-metabolite 10 

fingerprints (at the bottom, Figure 1C). Due to coherence, any set of fingerprints can select a similar genotype out of a 11 

recombinant population by reversed genetics. The moved multivariate gene complexes can be identified by DNA 12 

sequencing after selection. Therefore, reversed genetics exploiting global coherence by chemical fingerprints should 13 

be exploited as a complement to primary functional forward genetics. Reversed genetics should be seen as a highly 14 

simplifying methodology where coherence can make interpretable and reproducible decisions on the composition of a 15 

functional organism (e.g. mediated through NIRS or metabolite fingerprints). 16 

Reclaiming global fingerprints from Systematic Botany  17 

Carl Linnaeus, founder of Plant Taxonomy, relied on the deterministic power of two-sample 18 

arbitrarily composed morphological fingerprints for species classification introduced in Systema 19 

Naturae [33, 34]. 20 

Correction of gene-background in GMO is often needed to increase starch and crop yield, and to 21 

decrease fiber. Instead of breeding for single traits, NIRS fingerprints indicating physio-chemical 22 

composition can be used as selectors for complex gene-backgrounds by reversed genetics [26]. 23 

This may be done in a two sample Linnaean differential NIRS classification between the 24 

recombinant to be tested and a reference high-quality line with high starch and low fiber (Figure 25 

2A). The degree of linearization of the differential fingerprints (red/ blue line) in Figure 2A is 26 

visually indicating the degree of similarity in chemical composition in eight comparisons by 27 

horizontal coherence (sample to sample distance e.g. between mutant and mother/target line). A 28 

score value for horizontal coherence is calculated for the eight differential spectra in Figure 2A as 29 

the summed absolute difference between the two lines (low score = high coherence). 30 

The eight spectral samples in Figure 2A are drawn from a diverse barley population presented in 31 

the chemometric PCA score-plot in Figure 2B. They are positioned in two clusters: High-lysine 32 

mutants and recombinants (blue, P) checked for lysine by the A/P ratio and normal controls 33 

(green, N), grown in two field conditions (indicated by “o” and “x”, note the slight offset). The 34 

https://en.wikipedia.org/wiki/Systema_Naturae
https://en.wikipedia.org/wiki/Systema_Naturae
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PCA classification exhibit two opposite gradients: starch % from right to left and reverse for fiber 1 

%. The correlation of the coherence indexes to starch% is r = - 0.93 and to fiber (r = +0.93) are 2 

both significant.  3 

The score ranges for the selected samples in Figure 2A are from right to left in Figure 2B are: 4 

score 84-101 for two lys3.a mutant P samples in red-blue; score 43-70 for four commercially 5 

improved lines in blue and score 24-25 for two normal N controls in green all positioned within 6 

the clusters in the PCA.  7 

There is a morphological gradient in the PCA in Figure 2B defined from right to left by three 8 

kernel photos in Figure 2C: mutant lys3.a (score 84), improved line Lysimax (score 42) and 9 

normal control Bomi (score 24). Consequently, chemical spectral fingerprints represent specific 10 

global morphological patterns in selection. Classification by both methods in Figure 2 (horizontal 11 

coherence and PCA) are comparable with regard to precision. However, spectral information is 12 

only fully retained and available by Linnaean two-sample classification based on uncompressed 13 

chemical NIRS fingerprints. The naturally calculated fingerprint of the self-organized plant seeds 14 

measured by NIRS has a deterministic precision of a natural event that must be trusted (Fig. III), 15 

only to be confirmed by repeating the experiment. 16 

Coherence as the coordinator of global fingerprint expression 17 

In molecular biology there is a claim for a “causal local gene-to-function knowledge gap“, where 18 

thousands of active genes are unaccounted for [35]. However, Denis Noble [36, 37] claims “There 19 

is no privileged level of simple 1:1 causality”, implying a primary mutant cause is distributed by 20 

coherence within the global phenotype [7, 38]. Coherence is related to soft-modeling meaning that 21 

any significant chemical correlation within a seed is a part of one global chemical fingerprint 22 

expressing the integrated genome (Box 1), Then the global gene-to-phenome gap is closed within 23 

“a cage of covariance/coherence” [39]. 24 

Nobel Laurate Ilya Prigogine´s mathematical theory [6, 40] on the creative irreversibility in self-25 

organization, built on coherence between stochastic and persistent chemical reactions resulted in 26 

producing physical structures that are experimentally verified in Fig. I, Fig. II and Figure 2. 27 

Figure 3 shows how NIRS information ”top-down” is complementary to the selective and more 28 

sensitive GC-MS metabolite fingerprint view “bottom-up”. Both analytical fingerprints are firmly 29 

synchronized by coherence in the endosperm-cell (center). The mutant lys5.f lesion [41] eliminates 30 

a transport enzyme for ADP-glucose to the starch producing plastid, resulting in a surplus of 31 

glucose that induces a persistent change in metabolism from - to -glucan [31]. The change of 32 
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structural water when starch is reduced by 50%, results in a four times increase in amorphous ß-1 

glucan, carrying as a sponge a high-water content (Figure 4B) that globally changes the water 2 

activity, and in turn the activities of all enzymes. This is initiated in lys5.f (red, C) at an early time 3 

during epigenesis [6] (Figure 4A) as compared to the late lys3.a (blue, P). It bursts into a 4 

secondary cascade of stochastic events [42] amalgamated by the primary expression – producing, 5 

with great deterministic precision (Fig. III), globally coherent local chemical fingerprints which 6 

can be visualized by NIR spectroscopy.  7 

 8 

Figure 4: From an analytical point of view it is necessary to take ”top-down” fingerprint overviews in Figure 4A of 9 

the confounded metabolism of the lys5.f carbohydrate mutant by using NIR spectral information likewise in analogy 10 

with the physiological response repeatedly confounded by distribution of monitored light in the cocktail of highly 11 

reproducible patterns by chemical bonds in NIR spectra that can be observed, but never predicted in detail. Energy is 12 

distributed into genotype-specific NIRS fingerprints giving access to the thermodynamics (entropy) of the great self-13 

organized lys5.f system. Descriptors for determinism by set stochasticity mediated by coherence, based on work by 14 

(Fast-Seefeldt, H., PhD. Thesis University of Copenhagen/University of Aarhus, 2008) [6]. 15 

A) NIRS patterns in seed development for lys5.f, and lys3.a mutant and the normal control (Cork) at respectively 20, 16 

30 and 39 day post anthesis (d.p.a.) documents the onset of a conserved spectral fingerprint of each genotype. lys5.f 17 

(in red) has an early onset at 13 d.p.a. and lys3.a (in blue) a late from 23 d.p.a. as confirmed by the relative water 18 

content d.p.a. to a normal control in B). B) The effect of starch and -glucan seed development on the seed water 19 

content and activity. Both lys3.a (blue) and lys5.f (red) give a maximal 10% increase in water content over the normal 20 

control barley due to change in the water activity in the lys3.a protein mutant towards hydrophilic proteins, and in 21 

lys5.f due to a decrease of crystalline starch and a concomitant increase in amorphous and hydrophilic β-glucan that 22 
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changes water-activity. C) An overview of the pleiotropic effect of the lys5.f mutant gene. The change in water-1 

activity induces a reproducible coherent deterministic stochastic global change in the activity of all active enzymes 2 

mediated by cascading pleiotropic effects on gene expression with results documented in literature [6]. 3 

The Linnaean chemical fingerprints in Figure 2 expresses the genome-coherence interaction 4 

(Figure 2 and Figure 3). Because of lack of coherent information, a forward single-loci chemical 5 

trait selection strategy by DNA-sequencing is impossible. However, the two approaches 6 

combined, adding gene-specific information from the molecular archives to the classified 7 

fingerprint samples (Figure 2A) by reversed genetics solves the problem, in defining the genes 8 

moved by fingerprint selection. 9 

Towards a theory on fingerprint coherence in physiological genetics 10 

Because of the great complexity of Life, the prerequisites for a “new life-science” is a shift from 11 

anthropocentric “apps” [1, 43] to a biocentric [44, 45, 46, 47] plant-centered view where the 12 

plant´s autonomous natural calculator decides. Functional genetics suppressing pleiotropy has 13 

created a science of impressive complexity as by O. A. Olsen’s review [48] on “Modular cereal 14 

endosperm control”. The restauration of the great complementary plant unity between the two 15 

camps is now at hand as a simplification when the genome-to-phenome dichotomy is overcome by 16 

local fingerprints integrating signals on modular control into a globally coherent, reproducible 17 

genotype.  18 

Focus on destructive mathematical modelling of genes, molecules and atoms [49] suppressed 19 

cross-talk in biology and physics and blocked for many years the discovery of the illusive 20 

coherence, on par with gravity as a phenomenological surprise. Without acknowledging the non-21 

computable state of the self-organized natural calculator based on coherence that required visual 22 

evaluation of uncompressed chemical fingerprints by calibration for information, we would never 23 

have realized the global status of vertical and horizontal coherence in biology (Fig. I and Figure 24 

2). 25 

Also, biological physicists [50] were recently surprised by the power of coherence in 26 

photosynthesis [51] by fighting de-coherence. A high level of positive correlations between 27 

metabolites in heat-maps [21] should indicate thermodynamic balance (Figure 1A and Figure 1 D) 28 

and “multi-quantum coherence” such as in solid-state NMR-tomography [52] used as a “reversed-29 

physics” quantum tool in patients.  30 
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Communication by entanglement [49], quantum coherence, [50, 51, 52, 53] pleiotropic fitness [54] 1 

and biological-chemical macroscopic fingerprint coherence reported here (Fig. II and Figure 2), 2 

seems all to be related in explaining the miracle why the same genotype can be selected from very 3 

different local seed fingerprints or bivariate-plots by vertical coherence without knowing anything 4 

about genes (Figure 2). Thus, confirming Einstein´s words: “one can know everything about a 5 

system (patterns) and nothing of its individual parts [55]. 6 

Arbitrary chemical fingerprints and multi-state quantum coherence opens up for an 7 

interdisciplinary theory on the law of global coherence that Struik et al. [23] looked for. Intact 8 

naturally calculated chemical fingerprints reflect deterministic biological laws on stochastic 9 

coherent grounds and introduces limits by non-computability and stochastic determinism and as 10 

well as new opportunities by coherent global fingerprint selection that should be respected in 11 

science, and utilized in molecular genetics and plant-breeding. We hope for a peaceful paradigm 12 

shift into a “Bio-centric Science” that celebrates complementarity and harbors sustainable 13 

mathematics” [45, 56] by bridging gaps [23, 35].  14 

Concluding Remarks  15 

The objective of molecular science was defined by Morange [57] 1998 as: “All the elements of the 16 

natural world that are associated with life must be revealed to understand it” resulting in an 17 

“overkill of resources”, where any calibrated chemical fingerprint can pragmatically select a seed 18 

with premium quality without knowing anything about genes. It is as if the seed was a black hole 19 

with an enormous biological gravity equal to coherence that distributes the causal event of any 20 

genetic/environmental change on to the global chemical deterministic network of the seed, 21 

explaining local fingerprints as alternative selectors for one similar genotype.  22 

Selection in Reversed Genetics for chemical quality in physiological genetics by differential 23 

pattern recognition calibration of Linnaean chemical fingerprints in seed samples in Figure 2A is 24 

carrying global phenome-wide-genome information by coherence to the selected sample where the 25 

gene cluster moved can effectively be specified by gene sequencing. Forward genetics mapping by 26 

the genome-wide QTL and GWAS strategy for gene (SNP)-chemical trait combinations out of the 27 

physiological context by the wrong probabilistic mathematics (ANOVA) will only be able to 28 

detect major genes.  29 

DNA-sequencing – ignoring coherence – is now, after 285 years, revaluated as complementary to 30 

the two sample Linnaean morphological fingerprint classification of species (genotypes), here 31 
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transferred to chemical gene expression in Physiological genetics. Marta Paterlini [34] wrote at the 1 

300 years jubilee of Linnaeus birth in 2007: “There shall be order: The legacy of Linnaeus in the 2 

age of molecular genetics: Linnaeus annotated the struggle for survival, he considered 3 

competition necessary to maintain the balance of nature, rather than to drive evolution. His 4 

writings inspired [,,,] Charles Darwin, who studied [...] evolutionary relationships [...]. Some 5 

would declare classical taxonomy to be an obsolete discipline, whereas others still place it at the 6 

center of a system to explain biodiversity”. The discrepancy between the taxonomic and DNA 7 

classification is probably due to less complete morphological fingerprints. In an evolutionary 8 

chemical study by Reversed Genetics in tissue culture, we would obtain equal context with DNA-9 

sequencing. Then coherence will facilitate an optimal evolutionary analysis by comparing a two- 10 

sample differential Linnean chemical-fingerprint-study (Figure 2A) with that of DNA-sequencing 11 

of the same two samples. 12 

In conclusion: The idea of a clean 1:1 causal relation between a gene locus and a corresponding 13 

specific trait touted from Transmission genetics to be applied in Physiology is made inefficient by 14 

the distributional effect of coherence (Box 1). Instead, the ability of fingerprints since Linnaeus to 15 

represent a coherent complementary (in Niels Bohr’s sense) [58] classification of plant genotypes 16 

constitutes a bridge of complementarity between the genome and phenome. The gene cluster 17 

behind a selected coherently classified fingerprint sample can now be gene-sequenced by reversed 18 

genetics and the gene complexes moved identified by the impressive molecular library of gene 19 

functionality.  20 
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Box 1. A causally distributed model for physiological expression  1 

To move from the current handicapped probabilistic view on deterministic physiological genetics 2 

leading to inefficiency in mathematical modelling [60] and chaos in genomics [1] one has to 3 

accept that living nature expresses itself uniquely for each global genotype by coherent 4 

fingerprints. Without an isogenic experimental mutant model by fingerprint perturbation e.g. in 5 

barley [21, 26] or in Arabidopsis [19] the soft modelling and coherent natural calculation 6 

principles of gene expression can not to be understood. Even if genotype classification by PCA is 7 

successful (Figure 2B), fingerprint coherence can only be understood by uncompressed 8 

chemical/NIR spectral fingerprints (Figure 1B, Figure 1C and Figure 1A), comparatively 9 

evaluated by Linnaean two sample differential fingerprints, as in Figure 2A. 10 

The horrendously complex gene expression was simplified in a barley mutant seed model by 11 

causally distributed gene-specific NIR spectral (NIRS) chemical fingerprints (Fig. IC, Figure 1A). 12 

Nutritionally improved [10, 26, 39, 66, 67] high (+45%) lysin P protein regulating mutants [68] 13 

were selected in 1965-1980 as outliers in a bivariate-plot between protein and lysine (dye binding) 14 

from a normal N barley regression [67, 69] (Fig. IA). In a second cluster, the moderate (10 %) 15 

lysine increased structural carbohydrate C mutants (locus lys5) [31, 41, 69] were classified 16 

because of lysine pleiotropy. The NCP genotypes are globally characterized by their NIR-spectral-17 

chemical-fingerprint phenome trait in Fig. IC [31]. The NCP genotypes exhibit drastic seed and 18 

micro-morphological changes (Fig. IA and Fig. II) [70]. Mutant screening in 20 years with 19 

specific and unspecific bivariate-plots gave little difference, revealing a fundamental insight in the 20 

soft modelling of deterministic (Fig. III) fingerprints. We rediscovered, when screening for the 21 

carbohydrate β-glucan [31], a fourth lys3 high-lysine protein P allele - lys3.d (m). There should be 22 

thousands of arbitrary pleiotropic bivariate-plots in barley defining any seed mutant. Now mutant 23 

fingerprints became descriptors (Table 2) for soft modelling implying that all mutants more or less 24 

affect the pleiotropic expression of all active genes distributed by coherence (Figure 1). Then the 25 

molecular genome-to-phenome gap was bridged within “a cage of covariance/ coherence” [39] as 26 

with the now forgotten “internal genetic milieu” of Chetverikov et al. [21, 17] and by the fact 27 

since 1910 by the Nobel Laurate in Genetics Th. Morgan [15] that the context border between 28 

Transmission and Physiological genetics should never be compromised. Coherence motivates 29 

research on the relation between morphological and chemical mutant fingerprints in barley mutant 30 

libraries [71, 72]. 31 
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 1 
Fig. I: A) Selection of high lysine barley mutants in a bivariate-plot with lysine to protein. The soft modelling concept 2 

of gene expression [6] is demonstrated. Specific selection for high-lysine mutants (in a Bomi B background) results in 3 

very high lysine (+45%) protein P mutants (lys3 locus) as specific outliers from the normal N regression. In addition, 4 

due to soft modelling by coherence/pleiotropy - unspecific outliers – carbohydrate C mutants (lys5.f, lys5.g and Risø 5 

Mutant 16) were selected with a moderate increase (+10%) in lysine. All mutants are recessive and near isogenic. 6 

They are shriveled with reduced starch and increased crude fiber content. All barley seed lines are homozygous. B = 7 

Bomi parent mutant N barley. Ca = Carlsberg II N barley [28]. C) Chemical NIRS fingerprints as gene expression 8 

descriptors for the spectral phenome: N - normal barley: Bomi (mutant parent) and Carlsberg II (green), C - structural 9 

carbohydrate mutants lys5.f, M-16 (red) and P - protein regulatory high lysine mutants lys3.a, lys3.b (blue). NIR-10 

spectra 2280-2360nm, MSC corrected [12]. ((See also Online Supplemental Information.) 11 

 12 

Fig. II: Micro-morphological characterization of seed mutants compared to Bomi: in plates 1-2 by endosperm electron 13 

micrographs of the regulatory P lysine mutant lys3.a [67, 70]. Red P = protein body with low lysine storage proteins, 14 

white S = high lysine soluble proteins increased in lys3.a. The drastic increase in lysine (and in all essential amino-15 

acids) results in an almost eradication in the hordein storage proteins by reduction of the protein bodies (P) and an 16 
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increase in the lysine rich soluble proteins (S) resulting in a low starch-high fiber seed.  1 

- in plates 3-4 by fluorescence micrographs of the structural seed C mutant lys5.f. The lys5.f mutant reduces starch 2 

from 55 to 30% resulting in an increase in size of endosperm cell walls due to an increase in β-glucan from 5 to 20%. 3 

The samples were stained with calcofluor (blue) and congo-red. (Mikkelsen, M.S., PhD Thesis, University of 4 

Copenhagen, 2015). 5 

 6 

Fig. III: Deterministic reproducibility of NIRS chemical fingerprints 1690-1810 nm [5, 6, 26]. Two genetic identical 7 

lys5.g mutant lines 0404 and 1105 are compared grown in two very extreme environments (four years in pots and 8 

three years in the field). The stunning reproducibility (given as standard deviation, SD) over years in genetic 9 

expression in the environments pots (four different years) and field (three different years) of the NIR spectral 10 

chemical fingerprints is explained by coherence set by stochastic probability. The NIRS fingerprints are not sensitive 11 

for the variation between years within each environment. (See also Online Supplemental Information.) 12 

  13 
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Glossary (450 words)  1 

Anthropocentric: causally, brain-focused 2 

Arbitrarily: randomly chosen components in a local fingerprint or bivariate plot can, because of 3 

coherence, model the same global genotypes by selection. 4 

Autonomous independency in gene expression that cannot be predicted in detail because of non-5 

computability. 6 

Biocentric: respecting the non-computable decision power of nature. 7 

Chemometrics: mathematical modelling of interactions (covariance) in data converting data-8 

tables to graphics by Principal Components Analysis (PCA). In a PCA score-plot, cognitive 9 

domain knowledge is key for a chemical-biological meaningful interpretation through visual 10 

assessment.  11 

Chemical/spectral phenome: local fingerprints represent, because of coherence, the global 12 

phenome as a synthesis of the integration of the genome with the internal and external milieu. 13 

Coherence: in physics coherence is a correlative function between two waves/ spectra. In 14 

Physiological Genetics we define vertical fingerprint coherence as the communication between 15 

different local chemical, NIRS and/or morphological fingerprints within a genotype that enables to 16 

select the overlying global phenotype from a genetic variable population. Covariance within one 17 

sample e.g. variables from NIR and GC-MS covariate showing same classification of genes. 18 

Horizontal fingerprint coherence occurs between two fingerprints, one a master-line, of the 19 

same kind where the linearization of the differential expresses the similarity in chemical 20 

composition, e.g. mutant line difference compared to mother line/target line. 21 

Determinism: interplay between changes in chemical structure (e.g. β-glucan) and the internal 22 

milieu causing a global deterministic effect (e.g. water activity) set by stochastic probability. 23 

Fingerprints: chemical and NIRS spectra working as genetic/ environmental/ morphological 24 

descriptors for biological and analytical concepts.  25 

Natural Calculation of chemical fingerprints (observation of): represents a new level and class of 26 

evaluation beyond mathematics where non-computability of biological data can be circumvented 27 

by comparative calibration of intact-chemical coherent fingerprints to samples with known 28 

composition.  29 
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Near infrared Spectroscopy (NIRS): NIRS is a non-destructive vibrational spectroscopy method 1 

measuring the overtones and combination tones of the fundamental molecular vibrations found in 2 

the infrared spectrum. The molecular vibrations are a result of the intra- and inter-molecular forces 3 

(chemical bonds) acting on the atoms. 4 

Non-computability: an equation automata algorithm. Biological data cannot be modelled in detail 5 

by mathematical computing due to non-computability. E.g. phenotypic output cannot be 6 

determined by gene expression because the plant/seed is a self-organizing system that are 7 

influenced by both pleiotropy and environment. 8 

Physiological Genetic context: Fused gametes (from Transmission genetics) = zygotes = seeds 9 

executing their physiochemical functions by building deterministic coherent intact chemical 10 

fingerprints in naturally calculated self-organizing systems under mitosis, under seed 11 

development. 12 

Pleiotropy: Gene expression interaction – chemical or morphological – related to coherence. 13 

Reversed genetics/ physics: Instead of forward gene/ atom focus using the outcome, selecting 14 

and identifying by e.g. NIRS/ GC-MS multiple chemical patterns or physical states in “solid state 15 

biology” is coherent with the underlying genes/ quantum states.  16 

Soft modelling: all changes impacting a self-organized seed are globally integrated as genotype/ 17 

environment specific chemical fingerprints by coherence. 18 

Sustainable mathematics: refers to information loss in mathematical models by adaptation to the 19 

soft modelling of naturally calculated self-organized systems by gently modelled differential 20 

fingerprints and soft mathematical models. 21 

Transmission Genetics context: is the probabilistic gene distribution (gene-expression see 22 

Physiological Genetics context) of monoploid gametes under meiosis carrying chromosomes with 23 

probabilistically recombined genes from parents to diploid offspring after fertilization. 24 

  25 
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Outstanding questions  1 

Q. Dhar and Guilliani [59] asked: “Laws of biology”, why so few? 2 

Because:  3 

A1. The stunning success of Transmission Genetics [14, 15] tempted geneticists to apply 4 

ANOVA “out of context” in physiological-genetics where soft chemometrics applies. 5 

McCloskey et al [60] responded in a title “The Unreasonable Ineffectiveness of Fisherian 6 

“Tests” in Biology, and Especially in Medicine”, and H. H. Heng in his title on “Genome 7 

Chaos” [18], also from a medical perspective. 8 

A2. Molecular genetics [1] and medicine [18] focus on genes instead of identifying the 9 

biological unit – the organism – by patterns/ fingerprints presented by Linnaeus in 1767 [33] 10 

and Galton in 1900, cited by Pearl [61]. 11 

A3. Molecular geneticists have dissolved the functional biological unit – the plant – into many 12 

functional genes ignoring pleiotropy, leading to the conceptual genome chaos [19] and to the 13 

genome-to-phenom gap. While, Linnaeus defined plant species by hierarchical phenotypical 14 

fingerprints and trusted deterministic Nature claiming “Let it be Order“ [34]. Instead, he 15 

could use Reversed Genetics and identify the underlying genes by selection even without 16 

knowing the gene as a concept.  17 

A4. Soft modelling in physiology, and also in medicine, has been largely downgraded in Science 18 

by framing it as simple causality. The physicists E. Wigner claimed in 1960 [26, 43] “The 19 

mathematician is not willing to give up his interest in these most beautiful accomplishments 20 

– his theorems” executed by differential equations. Denis Noble [36, 37] succeeded in 21 

modeling heartbeats by differential equations, probably sensitive to fingerprints only by 22 

including experimental data. He obtained a deep view on integrative biology, because of 23 

non-computability.  24 

A5. Conclusion: When deterministic coherent fingerprints are introduced in genetics biology and 25 

medicine, they will approach the status of a law in physiological genetics as the Laws of 26 

Mendel in Transmission Genetics.  27 

 28 
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