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Abstract

A carrot from organic soil and a carrot-flavored ultra-processed snack both contain beta-
carotene. One emits coherent delayed luminescence for seconds after photoexcitation; the
other does not. One supports gut microbial diversity; the other suppresses it. One produces
a smooth, low-variance glucose response; the other triggers a spike-and-crash. These are not
different properties — they are the same property measured at different scales: the food’s
organizational coherence, progressively destroyed by industrial processing.

We propose the Food Coherence Index (FCI), a multi-scale measurement framework that
quantifies nutritional quality through four complementary coherence signatures: (1) biopho-
tonic coherence, measured via delayed luminescence decay kinetics after broadband excitation;
(2) molecular coherence, quantified through antioxidant network completeness and lipid oxi-
dation state; (3) microbial coherence, assessed by Shannon diversity, Pielou’s evenness, and
resilience of the consumer’s gut microbiome after ingestion; and (4) metabolic coherence, mea-
sured through continuous glucose monitoring (CGM) response variability. Each layer captures
a distinct scale of food organization, from quantum-level photon emission to organism-level
metabolic response. We formalize these four layers using coherence operators from the
Coherence Engine framework [Thorarinson et al., 2026a], demonstrate that ultra-processing
systematically degrades coherence at every layer, and show that traditional preservation
methods — fermentation, lacto-fermentation, dehydration — transform rather than destroy
food coherence. We propose an experimental protocol pairing biophoton measurement with
16S microbiome sequencing and CGM monitoring to validate the framework, and outline the
operational definition of a Food Coherence Label applicable to consumer products.

Keywords: food coherence; delayed luminescence; biophotons; ultra-processed food; gut
microbiome; continuous glucose monitoring; NOVA classification; fermentation; coherence
engine; food quality

1 Introduction

The dominant framework for evaluating food quality treats food as a collection of molecular
components — macronutrients, micronutrients, vitamins, minerals, additives — each assessable
in isolation. A food is “nutritious” if it contains the right molecules in the right quantities. This
reductionist model underlies nutritional labeling, dietary guidelines, and the food industry’s
strategy of fortification: if a processed food lacks vitamin C, add ascorbic acid; if it lacks fiber,
add inulin. The implicit assumption is that nutritional value is compositionally determined —
that the arrangement, integration, and organizational state of a food’s molecular constituents
are nutritionally irrelevant.
This assumption is false.
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The most direct evidence comes from Hall et al. [2019], who conducted the first random-
ized controlled trial comparing ultra-processed and unprocessed diets matched for calories,
macronutrients, sugar, sodium, and fiber. Despite compositional equivalence, participants on the
ultra-processed diet consumed 508+106 kcal/day more and gained 0.9+0.3 kg over two weeks,
while the unprocessed diet group lost 0.940.3 kg. The molecular inventory was the same. The
organizational state of the food was not.

Epidemiological evidence confirms this at population scale. The EPIC cohort study [Huy-
brechts et al., 2022] validated the NOVA ultra-processing classification [Monteiro et al., 2019]
against biomarkers, finding that ultra-processed food consumption correlates with inflammatory
markers, metabolic syndrome, and mortality independent of nutrient composition. Cordova
et al. [2023] demonstrated dose-dependent associations between ultra-processed food intake
and multimorbidity of cancer and cardiometabolic diseases across European populations. The
comprehensive umbrella review of Lane et al. [2024] identified consistent adverse associations
across 45 health outcomes, concluding that ultra-processing itself — not merely poor nutrient
profiles — drives harm. Meanwhile, preservative food additives show independent associations
with type 2 diabetes incidence even after adjusting for overall diet quality [Hasenbohler et al.,
2025], and food-grade titanium dioxide nanoparticles induce chromosomal aberrations in human
intestinal cells at concentrations encountered in processed foods [Nam et al., 2025].

The NOVA classification [Monteiro et al., 2019] captures the intuition that processing matters,
but it is categorical (four groups) and process-defined rather than property-defined. It tells us
how much a food was processed, not what was lost. A continuous, property-based measure of
food quality — one that quantifies the organizational state that processing destroys — is missing.

1.1 The Coherence Hypothesis

We propose that what ultra-processing destroys is coherence: the coordinated organization of
a food’s molecular, structural, microbial, and photonic properties that emerges from biological
growth and is progressively disrupted by industrial intervention. This is not a metaphor.
Coherence is measurable at every scale:

e Biophotonic scale. Living and minimally processed foods emit delayed luminescence
— coherent photon emission persisting for seconds to minutes after photoexcitation —
with characteristic decay kinetics that differ between organic and conventional cultivation,
between fresh and degraded samples, and between whole foods and extracted pure substances
[Stolz et al., 2019, Popp, 1984].

e Molecular scale. Whole foods contain antioxidant networks — systems of polyphenols,
carotenoids, vitamins, and cofactors that function synergistically. Processing fragments
these networks, leaving isolated compounds that lack the cooperative behavior of the intact
system [Baranski et al., 2014].

e Microbial scale. The gut microbiome responds to food as an ecosystem responding to
perturbation. Whole foods support diversity and resilience; ultra-processed foods suppress
diversity and reduce recovery capacity [Sonnenburg and Béckhed, 2016]. The microbiome’s
response to a meal is itself a coherence measurement: a diverse, resilient community absorbs
the perturbation and returns to its baseline; a degraded community does not.

e Metabolic scale. Continuous glucose monitoring reveals that glycemic responses to
identical foods vary dramatically between individuals [Zeevi et al., 2015] and that the
variability of the response — not just its peak — carries information about metabolic
health [Hall et al., 2018]. Smooth, low-variance glucose curves reflect metabolic coherence;
spike-and-crash patterns reflect metabolic incoherence.



These four scales are not independent measurements of different properties. They are
measurements of the same property — organizational coherence — at different resolutions. A
food that has lost its biophotonic coherence has also lost molecular network integrity, will disrupt
microbial coherence upon ingestion, and will produce an incoherent metabolic response. This
hierarchical coupling is the central prediction of the Food Coherence framework.

1.2 Connection to the Coherence Engine

The Coherence Engine [Thorarinson et al., 2026a| provides a mathematical framework for
measuring whether a complex system is maintaining or losing its structural organization, using a
composite operator A = (P-A-R)/(D+ N) that combines pattern retention (P), alignment across
channels (A), recovery after perturbation (R), drift from baseline (D), and noise growth (V). This
framework has been validated across seven physical domains — turbofan engines, cardiac rhythms,
industrial processes, power grids, EEG signals, financial time series, and synthetic benchmarks. It
has been adapted for biological recovery signatures, where the distinction between true recovery
and compensation captures clinically meaningful physiological degradation |[Thorarinson et al.,
2026b].

We apply the same operator formalism to food quality. The food system — from growth
to consumption — is a system whose coherence can be measured, tracked, and compared. The
operators map directly:

e Pattern retention P: Does the food maintain its characteristic biophotonic emission
spectrum, antioxidant profile, and structural integrity over time?

e Alignment A: Do the four coherence layers (biophotonic, molecular, microbial, metabolic)
move together, or has processing decoupled them?

e Recovery R: After environmental perturbation (storage, transport, preparation), does
the food system recover its organizational state?

e Drift D: How rapidly does the food depart from its freshly harvested baseline?
e Noise N: Does the food exhibit increasing randomness in its measurable properties?

The composite A thus provides a single, continuous Food Coherence Index (FCI) that
integrates information from all four measurement layers.

1.3 Paper Organization

Section 2 develops the biophotonic coherence layer, grounded in the delayed luminescence
literature. Section 3 addresses molecular coherence and antioxidant network integrity. Section 4
formalizes microbial coherence using ecological metrics adapted for gut microbiome response.
Section 5 develops metabolic coherence through CGM response analysis. Section 6 integrates the
four layers into the Food Coherence Index using coherence operators. Section 7 demonstrates that
ultra-processing systematically degrades coherence at every layer. Section 8 analyzes traditional
preservation methods as coherence transformations rather than coherence destruction. Section 9
proposes an experimental validation protocol. Section 10 outlines the Food Coherence Label.
Section 11 addresses limitations and open questions.

2 Biophotonic Coherence

All living biological systems emit ultra-weak photon emission (UPE), also called biophotons,
at intensities of 10’10 photons/s/cm? [Cifra and Pospisil, 2014, Popp and Beloussov, 2003].
When a biological sample is excited by an external light source and the excitation is terminated,



the sample continues to emit photons for seconds to minutes — a phenomenon called delayed
luminescence (DL). The decay kinetics of this emission carry information about the organizational
state of the sample.

2.1 Delayed Luminescence as a Coherence Measure

Stolz et al. [2019] provided a systematic review of delayed luminescence measured by Fluorescence
Excitation Spectroscopy (FES) across food samples including wheat kernels, carrots, eggs, and
seeds. Their key findings establish DL as a food quality discriminator:

1. Living vs. extracted. Whole biological samples emit after excitation at multiple
wavelengths (blue, green, yellow, red), while extracted pure chemical substances (sucrose,
citric acid) emit only after blue excitation. The breadth of the excitation-emission spectrum
reflects the organizational complexity of the sample.

2. Healthy vs. degraded. A low emission level and slow decay characterize “healthy or
well-differentiated situations” — the intact matrix absorbs and redistributes excitation
energy efficiently. High emission with rapid decay indicates degraded organization: the
sample cannot maintain coherent energy distribution.

3. Organic vs. conventional. Cultivation method influences emission characteristics. The
type and intensity of fertilization affect wheat kernel DL, with organic samples showing
distinct spectral signatures from conventionally grown samples.

4. Developmental state. Wheat seedlings emit differently from dried kernels; the emission
pattern tracks physiological development and ripening stage.

These findings map directly onto the coherence framework.

Definition 1 (Biophotonic Coherence). For a food sample excited at wavelengths A1, ..., \x and
measured by time-resolved photon counting, the biophotonic coherence is:

Z?:l Ii(t) - )
S8, 1;(0)

where 1;(t) is the emission intensity at time t following excitation at \;, T; is the 1/e decay time
for channel j, and Sgpectrar = 1 — JSD(Dsampiel|Preference) s the spectral similarity between the
sample’s excitation-emission profile and a reference profile for the food type at peak freshness,
with JSD denoting the Jensen-Shannon divergence.

Cbio (t) = spectral (1)

The numerator captures the total coherent energy storage capacity — how much energy the
sample can absorb and slowly release through organized decay. The denominator normalizes by
initial emission intensity. The spectral similarity term penalizes samples whose emission profile
has deviated from the species-typical pattern.

2.2 Physical Basis

The physical mechanism underlying delayed luminescence in biological systems remains debated.
Popp [1984] proposed that DL reflects coherent photon storage in the electromagnetic field of
biomolecules, with the organism acting as a coherent source. The alternative view holds that DL
arises from energy storage in metastable excited states of molecules such as DNA excimers —
bases that do not immediately return to the ground state but form meta-stable configurations
far from thermodynamic equilibrium [Lovly et al., 2008]. Under this model, the decay kinetics
reflect the complexity and coupling of the molecular landscape, with more organized systems
exhibiting longer-lived meta-stable states.



For the Food Coherence framework, the mechanism distinction is operationally secondary.
Both models predict the same observable: organized biological systems produce longer-lived,
spectrally richer delayed luminescence than degraded or extracted systems. Whether this
reflects a coherent photon field or a landscape of coupled metastable states, the measurement
discriminates organizational state. This agnosticism parallels the approach of the Coherence
Engine [Thorarinson et al., 2026a], which measures coherence without requiring a specific physical
model of the system producing it.

Recent work by Benfatto et al. [2021] applied Diffusion Entropy Analysis (DEA) to biophoton
time series from germinating seeds and demonstrated anomalous scaling during biological state
transitions — departure from the ordinary scaling index n = 0.5. The transition from crucial
events (criticality-driven intermittence) to fractional Brownian motion with stationary infinite
memory during germination constitutes a measurable coherence transition in the photon emission
signal itself. Dlask et al. [2019] showed that short-time fractal analysis via Hurst exponent
estimation reveals negative memory (anti-persistence) in biophoton time series from mung bean
seeds, indicating complex temporal organization rather than random decay. These findings
support the use of DL as a coherence measure: the temporal structure of the emission encodes
the organizational state of the emitter.

2.3 Measurement Protocol for Food DL

Following Stolz et al. [2019], we specify a standardized measurement protocol:

1. Sample preparation: whole food samples, minimally handled, maintained at controlled
temperature (20 £+ 1°C) and humidity.

2. Sequential excitation at four wavelengths: blue (450 nm), green (530 nm), yellow (590 nm),
red (640 nm), each for 10 s.

3. Detection begins 0.2 s after excitation ends (pneumatic shutter control), continuing for
60 s.

4. Record the full decay curve; extract parameters Mw1 (first measurement, initial emission
intensity) and R40 (mean of last 40 measurements, residual emission).

5. Repeat across n > 5 sub-samples; compute mean and coefficient of variation for each
parameter.

The ratio R40/Mwl1 is a direct coherence indicator: high R40/Mw1 reflects slow, sustained
decay (coherent energy redistribution); low R40/Mw1 reflects rapid decay (organizational break-
down). Multiplied by spectral breadth (number of excitation wavelengths producing detectable
emission), this yields the biophotonic coherence score Ch,.

3 Molecular Coherence

A whole food is not a bag of molecules. It is a structured system in which molecules exist
in specific spatial arrangements, concentration gradients, and functional networks. Processing
disrupts these arrangements at multiple levels: cell walls are ruptured, enzymes are denatured,
lipids are oxidized, and synergistic networks of antioxidants are fragmented.

3.1 Antioxidant Network Coherence

The meta-analysis of Baranski et al. [2014] demonstrated that organically grown crops contain
18-69% higher concentrations of antioxidant compounds (polyphenols, phenolic acids, flavanones,



stilbenes, flavones, flavonols, anthocyanins) compared to conventional crops, along with lower

cadmium concentrations and lower pesticide residue frequency. These compositional differences

reflect cultivation conditions that support or suppress the plant’s endogenous antioxidant network.
We define molecular coherence through the integrity of this network:

Definition 2 (Molecular Coherence). For a food sample with measured concentrations {ci, ..., cm}
of m antioxidant compounds, the molecular coherence is:
dprofil TBARS
Crol = 1W0ﬁ€>.<1>. H c )
mol ( o TBARSmaI norm( ) ( )

network diversity

profile similarity ozidative integrity
where dprofile 15 the Euclidean distance between the sample’s antiozidant profile vector ¢ and the
reference profile for the food type at harvest, TBARS is thiobarbituric acid reactive substances
(a lipid oxidation marker), and Hory is the normalized Shannon entropy of the antioxidant
concentration vector.

The three multiplicative terms capture complementary aspects of molecular organization:
e Profile similarity: has the relative balance of antioxidants been preserved?
e Oxidative integrity: have lipids and other oxidation-sensitive molecules been degraded?

e Network diversity: does the sample maintain a broad spectrum of protective compounds,
or has processing reduced it to a few dominant molecules?

A fortified ultra-processed food may score high on total antioxidant capacity (because ascorbic
acid was added) while scoring low on molecular coherence (because the native network was
destroyed and replaced by a single compound). This distinction — between total content and
organizational integrity — is precisely what the coherence framework captures and conventional
nutritional analysis misses.

4 Microbial Coherence

The human gut microbiome is an ecosystem of ~10® microorganisms whose composition, diversity,
and functional capacity respond to dietary input within hours [Sonnenburg and Béickhed, 2016].
The microbiome’s response to a meal is itself a measurement of the meal’s organizational quality:
a diverse, resilient ecosystem absorbs the perturbation of a meal and returns to its baseline
configuration; a degraded ecosystem exhibits large, persistent shifts.

4.1 The Gut Microbiome as a Coherence Detector

Fiilling et al. [2019] reviewed the mechanisms by which gut microbes signal to the brain through
the vagus nerve, enteroendocrine cells, and microbial metabolites (short-chain fatty acids,
neurotransmitters, tryptophan metabolites). Mirzaei et al. [2021] documented the role of
microbiota-derived short-chain fatty acids — butyrate, propionate, acetate — in nervous system
function, demonstrating that gut microbial metabolism has systemic physiological consequences
mediated by specific molecular signals. Lombardo-Hernandez et al. [2025] introduced the
concept of the “bioelectrical microbiome,” demonstrating that bacteria communicate through
membrane potential dynamics, ion channels, and electrical signaling that directly modulates
neural excitability via vagal afferents. These findings establish the gut microbiome not merely
as a passive recipient of food but as an active signal-processing system whose bioelectrical and
metabolic outputs reflect the quality of its inputs.
The ecological coherence of this system can be formalized:



Definition 3 (Microbial Coherence). For a subject’s gut microbiome measured at time t by 165
rRNA gene sequencing with operational taxonomic unit (OTU) abundances {ni,...,ns}, the
microbial coherence is:

Chmiero(t) = H'(t) - J(t) - R(t,to) (3)
where:
H'(t) = — Zpi(t) logpi(t) (Shannon diversity index) (4)
i=1
J(t) = I(ZE‘Z) (Pielou’s evenness) (5)
R(t,to) =1 —dpc(p(t),p(to)) (resilience) (6)

with p;(t) = ni(t)/ >_; n;(t) the relative abundance of OTU i, s(t) the observed species richness,
and dpc the Bray-Curtis dissimilarity between the current and baseline community compositions
[Shannon, 1948, Pielou, 1966].

Shannon diversity H' measures the information content of the community composition —
how many effective species are present and how evenly they are distributed. Pielou’s evenness
J normalizes this by the theoretical maximum, penalizing communities dominated by a few
taxa. The resilience term R measures how quickly and completely the community returns to its
pre-meal baseline after the perturbation of eating.

A high-coherence meal is one that the microbiome absorbs without large or persistent changes
in community structure. An ultra-processed meal, by contrast, drives rapid shifts in composition

— suppressing butyrate-producing Firmicutes, promoting pro-inflammatory Proteobacteria, and
reducing overall diversity — with slow or incomplete recovery [Sonnenburg and Béckhed, 2016].
The concept of tipping elements in the human intestinal ecosystem [Lahti et al., 2014 suggests that
repeated low-coherence meals can push the microbiome past bistable thresholds into alternative
stable states from which recovery requires active intervention.

This connects directly to the ecological resilience framework of Holling [1973] and the microbial
resistance-resilience analysis of Shade et al. [2012]: a coherent ecosystem absorbs perturbation
and recovers; an incoherent one amplifies perturbation and drifts to new states.

4.2 Microbiome Response as Meal Quality Signal

The practical implication is that the microbiome itself can serve as a food quality sensor. Given a
standardized pre-meal baseline, the magnitude and duration of post-meal community perturbation
quantifies the meal’s coherence impact. We define:

tmeal+T
Meal Impact(m) = /t dpc(P(7), P(tpre)) dT (7)

meal

where T is a standardized observation window (24-48 hours). Low meal impact indicates a
coherent food that integrates smoothly with the existing microbial community; high meal impact
indicates a disruptive food.

5 Metabolic Coherence

Continuous glucose monitoring (CGM) provides a high-resolution window into the body’s
metabolic response to food. The temporal profile of glucose after a meal — its peak amplitude,
time to peak, rate of decline, nadir depth, and return to baseline — encodes information about
the metabolic coherence of both the food and the consumer.



5.1 Glycemic Variability as Incoherence

Hall et al. [2018] identified distinct “glucotypes” by clustering CGM patterns, finding that even
normoglycemic individuals fall into low, moderate, and severe variability groups. Zeevi et al.
[2015] demonstrated that identical foods produce dramatically different glycemic responses across
individuals, driven by gut microbiome composition, meal timing, physical activity, and sleep.
These findings establish that the glucose response to a meal is a joint function of the food’s
properties and the consumer’s metabolic state.

We define metabolic coherence through the regularity and recoverability of the glucose
response:

Definition 4 (Metabolic Coherence). For a CGM glucose trace g(t) during the postprandial
window [tmeals tmeal + 4h], the metabolic coherence is:

1 1 Trec
Cret = . — - — 8
T 110V, 1+ MAGE/j eXp( W) ®

where CVy is the coefficient of variation of glucose over the window, MAGE is the Mean Amplitude
of Glycemic Excursions [Service et al., 1970], g is the mean glucose, Tre. is the time for glucose
to return within one standard deviation of the pre-meal baseline, and T, is a reference recovery
time (90 minutes for healthy adults [Danne et al., 2017]).

The three multiplicative terms capture:

e Variability suppression: Low CV, indicates a smooth, well-regulated response. High
CV, indicates oscillatory or chaotic glucose dynamics.

e Excursion control: Low MAGE relative to mean glucose indicates that the metabolic
system absorbed the food without large perturbations. High relative MAGE indicates poor
glycemic buffering.

e Recovery speed: Rapid return to baseline reflects intact metabolic coherence. Prolonged
elevation or reactive hypoglycemia reflects degraded regulation.

This connects to the recovery half-life concept developed in Thorarinson et al. [2026b]: the
time for a system to return halfway to its baseline state is a direct measure of its coherence,
and increasing recovery time is an early warning signal of functional degradation [Scheffer et al.,
2009].

5.2 Food—Microbiome—Metabolism Coupling

Zeevi et al. [2015] showed that microbiome composition is a stronger predictor of individual
glycemic response than food composition alone. This finding supports the multi-layer coherence
hypothesis: a food’s metabolic coherence score is not an intrinsic property of the food but an
emergent property of the food-microbiome-metabolism system. Ultra-processed foods score low
on metabolic coherence partly because they disrupt the microbial layer (Section 4), which in
turn degrades metabolic regulation. The four coherence layers are hierarchically coupled, not
independent.

6 The Food Coherence Index

We integrate the four coherence layers into a single composite measure using the coherence
operator formalism.



6.1 Composite Operator

The Coherence Engine |Thorarinson et al., 2026a| defines the composite coherence as A =
(P-A-R)/(D+ N). For food coherence, we adapt this operator to the four-layer measurement
framework:

Definition 5 (Food Coherence Index). The Food Coherence Index for a food sample f evaluated
at time t after harvest is:

Py(t) - As(t) - Ry(t)
Dy(t) + Ny(t)

where the operators are defined in terms of the four coherence layers as:

FCI(f,t) =

o Cbio(t) Cmol(t)
Pf(t) B Cbio(O) . Cmol(o) (10)
Af (t) =p (Cbio(t)v Cmol(t)7 Cmicm(t)a Cmet(t)) (11)
1 Ci(t +9)
Rp(t) = 7 e (12)
! 4 1e{bio, mol,zmicm, met} Cl (t)
Dy(t) = ;/0 dils (Cbio(s)zcmol(s)) ‘ ds (13)
Nf(t) = OV({Cl}lelayers) (14)

In Equation (10), pattern retention is the product of biophotonic and molecular coherence
ratios relative to the freshly-harvested reference (¢t = 0). In Equation (11), alignment is the
correlation across all four layers — when coherence degrades at one layer but not others, alignment
drops, indicating decoupled degradation (e.g., a food that has been chemically stabilized to
preserve molecular markers while its biophotonic coherence has collapsed). In Equation (12),
recovery measures whether the food system restores coherence after a standardized perturbation
(e.g., temperature cycling or mechanical stress). In Equation (13), drift captures the rate of
ongoing degradation. In Equation (14), noise measures the inconsistency across layers.

The FCI is a continuous, dimensionless score that decreases monotonically under process-
ing and degradation but — critically — can increase under fermentation, where biological
transformation creates new organizational coherence (Section 8).

7 Ultra-Processing as Coherence Destruction

The NOVA classification [Monteiro et al., 2019| defines ultra-processed foods (Group 4) as
“industrial formulations made entirely or mostly from substances derived from foods and additives,
with little if any intact Group 1 food.” This definition is process-based. The Food Coherence
framework reframes ultra-processing as systematic coherence destruction across all four mea-
surement layers, providing a property-based characterization that explains the epidemiological
harm.

7.1 Layer-by-Layer Degradation

Biophotonic layer. Stolz et al. [2019] found that extracted pure chemical substances (sucrose,
citric acid) emit delayed luminescence only after blue excitation, compared to whole biological
samples that emit across the full visible spectrum. Ultra-processing reduces a food to its extracted
components — starches, sugars, oils, isolates — each of which has lost the spectral breadth of the
intact organism. The prediction is quantitative: Cy;, decreases monotonically with processing
intensity, and the spectral similarity term Sgpectral drops toward zero as the emission profile
diverges from the whole-food reference.



Molecular layer. Industrial processing fragments antioxidant networks through heat denatu-
ration, solvent extraction, hydrogenation, and chemical modification. A whole grain contains
hundreds of synergistic phytochemicals in their native spatial arrangement within the bran, germ,
and endosperm; refined flour retains only the starch fraction. Fortification with isolated vitamins
restores content but not coherence: the network diversity term Hyporm collapses to near-zero when
a single added compound dominates the antioxidant profile.

Microbial layer. Ultra-processed diets reduce gut microbiome diversity [Sonnenburg and
Béckhed, 2016], suppress butyrate production [Mirzaei et al., 2021], and increase the proportion
of pro-inflammatory taxa. The microbial coherence score Ciicro decreases through all three terms:
Shannon diversity drops, evenness drops (a few fast-growing taxa dominate), and post-meal
resilience decreases (the community takes longer to recover from the perturbation of an ultra-
processed meal). The nonalcoholic fatty liver disease association documented by Zelber-Sagi
et al. [2022] may reflect cumulative microbial coherence degradation.

Metabolic layer. Ultra-processed foods produce larger glycemic excursions, higher variability,
and slower recovery than whole-food equivalents [Hall et al., 2019]. The metabolic coherence
score Cet captures this: CV, increases, MAGE increases, and 7yec lengthens. The Hall 2019
trial is particularly informative because the diets were macronutrient-matched: the metabolic
incoherence of the ultra-processed diet cannot be attributed to compositional differences.

7.2 The Degradation Trajectory

Figure 1 illustrates the coherence trajectory from whole food to ultra-processed product. The key
insight is that coherence loss is monotonic but non-uniform across layers: molecular coherence
(heat-stable compounds) may persist after biophotonic coherence (thermolabile organizational
states) has collapsed, creating a window in which the food appears nutritionally adequate by
compositional analysis while having lost its organizational integrity. This window — where
the food looks the same but behaves differently — is precisely the gap that the Hall 2019 trial
detected and that the FCI is designed to quantify.

8 Fermentation as Coherence Transformation

Traditional food preservation methods — fermentation, lacto-fermentation, controlled dehydration,
pickling, curing — are often grouped with industrial processing under the assumption that
all processing degrades food quality. The coherence framework reveals a crucial distinction:
fermentation transforms coherence rather than destroying it.

8.1 The Transformation Principle

Fermentation introduces microbial communities into the food matrix, initiating controlled
biochemical transformations: lactobacilli convert sugars to lactic acid, yeasts produce ethanol and
COaq, Aspergillus species break down proteins and starches. These are not random degradations
— they are coordinated metabolic processes that create new organizational structures [Marco
et al., 2017, Dimidi et al., 2019].

Karimi et al. [2026] demonstrated through metabolic modeling that fermented food microbial
communities exhibit complex metabolic interdependencies — cross-feeding networks, syntrophic
relationships, and competitive exclusion dynamics — that constitute a form of ecological co-
herence within the food itself. The ethanol-lactate transition of Lachancea thermotolerans
during fermentation, for instance, reflects a coordinated metabolic shift, not random chemical
degradation.

10
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Figure 1: Coherence degradation trajectory from whole food to ultra-processed
product. Each layer degrades at a different rate under processing, with biophotonic coherence
(most sensitive to organizational disruption) declining first and metabolic coherence (measured
in the consumer, not the food) declining last. The shaded region represents the “compositional
adequacy window” where conventional nutritional analysis detects no deficit but the FCI has
already dropped below threshold. UPF: ultra-processed food.
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8.2 Layer-by-Layer Analysis of Fermentation

Biophotonic layer. Fermented foods present a distinct delayed luminescence profile from
both fresh and degraded foods. The fermentation process creates new metastable molecular
configurations — polyphenol-protein complexes in wine, melanoidin networks in fermented soy,
exopolysaccharide matrices in kefir — that alter the energy absorption and emission landscape.
The prediction is that fermented foods exhibit different Cy;, profiles from fresh foods of the same
origin, but not lower overall coherence: the spectral signature changes (lower spectral similarity
to the fresh reference) while the decay kinetics remain long-lived (high R40/Mw1).

Mbolecular layer. Fermentation creates bioactive compounds not present in the starting
material — conjugated linoleic acid from dairy fermentation, bioactive peptides from protein
hydrolysis, B-vitamins from bacterial synthesis. The molecular coherence score may decrease
in profile similarity (the antioxidant profile changes) while increasing in network diversity (new
functional compounds are added). The net Cy,o depends on whether the fermentation creates
more organizational complexity than it destroys.

Microbial layer. Fermented foods introduce viable microorganisms and their metabolic
products into the gut, directly supporting microbial coherence. Dimidi et al. [2019] reviewed
evidence that fermented food consumption is associated with increased gut microbiome diversity
and improved gastrointestinal function. The microbial coherence response to a fermented food
meal is predicted to show higher evenness and faster recovery than the response to the same food
unfermented.

Metabolic layer. Fermentation pre-digests complex carbohydrates, reducing glycemic load and
smoothing the glucose response curve. Sourdough fermentation of wheat, for instance, reduces
the glycemic index relative to yeast-leavened bread through organic acid production and starch
modification. The metabolic coherence score Chyet is predicted to be higher for fermented than
unfermented versions of the same food.

8.3 The Coherence Transformation Operator

We formalize the distinction between destructive processing and transformative processing through
a transformation operator:

_ FCI(fprocessed)
Tocess(f) = —Fr Foy

When T' < 1, the process has destroyed coherence (ultra-processing). When T' = 1, the process
has preserved coherence (minimal processing, proper storage). When T > 1, the process has
created coherence (successful fermentation, sprouting, controlled aging). This operator provides
a principled distinction between processing methods: not all transformation is degradation.

Figure 2 illustrates how fermentation navigates the coherence landscape differently from
ultra-processing, with the food system traversing a path through reduced molecular similarity
but increased ecological and metabolic coherence.

(15)

9 Experimental Protocol

We propose a three-phase experimental protocol to validate the Food Coherence framework.
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Figure 2: Fermentation as coherence transformation. Unlike ultra-processing, which
degrades all four coherence layers monotonically (dashed arrows), fermentation (solid arrows)
transforms the food’s coherence profile: biophotonic and molecular signatures change (the food
is different) but overall organizational coherence is maintained or enhanced. The fermented state
occupies a different region of the coherence landscape from either the fresh or degraded states.
Three traditional fermentation processes are shown: lacto-fermentation of vegetables, sourdough
fermentation of grain, and koji (Aspergillus) fermentation of soy.
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9.1 Phase 1: Biophotonic Validation

Objective. Establish that delayed luminescence discriminates between food samples of known
quality differences.

Design. Select five food categories (wheat, carrot, apple, egg, milk) with samples from: (a)
organic cultivation, (b) conventional cultivation, (¢) minimally processed (peeled, cut), (d)
moderately processed (cooked, pasteurized), and (e) ultra-processed (refined, reconstituted,
additive-laden). Measure DL via FES for all samples using the protocol in Section 2. Compute
Chio for each sample.

Prediction. Ci,, will decrease monotonically from (a) to (e), with the largest drop between (c)
and (d) (cooking/pasteurization disrupts organizational states) and (d) and (e) (ultra-processing
eliminates remaining coherent structures).

Controls. Include inert reference samples (glass, pure sucrose solution) and freshly harvested
reference samples for spectral similarity computation.

9.2 Phase 2: Microbiome—Metabolic Coupling
Objective. Demonstrate that biophotonic coherence predicts microbiome and metabolic re-

sponse.

Design. Crossover trial: n = 20 participants consume a whole-food meal and a macronutrient-
matched ultra-processed meal (following the Hall 2019 protocol) on separate occasions, separated
by a 2-week washout. For each meal:

e Measure food Cy, before consumption.
e Measure gut microbiome via 16S sequencing at baseline (¢t = 0), t = 6h, ¢t = 24h, ¢ = 48h.
e Measure glucose via CGM throughout the 48h window.

e Compute Cpicro(t) and Chyet for each meal.

Primary hypothesis. Higher food Cy;, predicts higher post-meal Chicro and Chpet (cross-layer
coupling).

Secondary hypothesis. The alignment operator A; is higher for whole-food meals than
ultra-processed meals (all four layers move together for coherent foods; for incoherent foods, the
layers are decoupled).

9.3 Phase 3: Fermentation Comparison
Objective. Demonstrate that fermented foods exhibit Tjrocess > 1 while ultra-processed

versions of the same starting material exhibit Tprocess < 1.

Design. Select three food pairs: (a) raw cabbage vs. sauerkraut vs. coleslaw with preservatives;
(b) whole wheat flour vs. sourdough bread vs. white bread with additives; (c) raw soybeans vs.
miso vs. soy protein isolate. Measure all four coherence layers for each sample and compute FCI
and Tprocess-
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Prediction. Fermented products (sauerkraut, sourdough, miso) will show Tprocess > 1; ultra-

processed products (preserved coleslaw, white bread, soy isolate) will show Tprocess < 1.

10 Toward a Food Coherence Label

The practical application of the FCI is a consumer-facing Food Coherence Label that communicates
the organizational quality of a food product using a single letter grade derived from the composite
score.

10.1 Operational Definition

We propose a five-tier grading system:

Table 1: Proposed Food Coherence Label tiers. Thresholds are preliminary and require empirical
calibration through the Phase 1-3 protocol.

Grade FCI Range Description

A > 0.8 High coherence. Fresh, whole, or tradition-
ally preserved food with intact organizational
structure at all four measurement layers.

B [0.6,0.8) Moderate coherence. Minimally processed or
well-fermented food. Some layer degradation
but overall structural integrity maintained.

C [0.4,0.6) Partial coherence. Moderately processed food.
Biophotonic layer degraded; molecular and
metabolic layers may be partially intact.

D [0.2,0.4) Low coherence. Heavily processed food. Mul-
tiple layers degraded. May retain molecular
content (fortified) without organizational in-
tegrity.

F < 0.2 Minimal coherence. Ultra-processed food
with little remaining organizational structure.
Compositional adequacy does not imply nu-
tritional coherence.

10.2 Relationship to Existing Systems

The Food Coherence Label is complementary to, not a replacement for, existing nutritional
information systems:

e vs. Nutri-Score: Nutri-Score evaluates compositional content (calories, sugar, fiber,
protein). FCI evaluates organizational state. A food could score A on Nutri-Score and D
on FCI (fortified ultra-processed product with good macronutrient profile but destroyed
coherence).

e vs. NOVA: NOVA classifies by process intensity (four groups). FCI quantifies the property
that processing destroys (continuous scale). NOVA tells you what was done to the food;
FCI measures what resulted.

e vs. Organic certification: Organic certification governs cultivation method. FCI
measures the output state. An organically grown crop that is then ultra-processed would
receive organic certification but a low FCI.
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10.3 Implementation Pathway

The primary barrier to deployment is measurement cost. Biophotonic measurement requires
specialized FES instrumentation currently available only in research laboratories. We propose a
phased deployment:

1. Phase I (research): Establish reference DL profiles for major food categories using
laboratory FES. Build the calibration database.

2. Phase II (proxy development): Identify molecular and spectroscopic proxies for biopho-
tonic coherence — measurable with cheaper instruments (NIR spectroscopy, fluorescence
spectroscopy) — and validate against FES-derived Cho.

3. Phase III (consumer deployment): Deploy the proxy-based FCI using existing food
testing infrastructure. The consumer label reports the FCI grade; the full four-layer
breakdown is available as a detailed report.

11 Limitations and Open Questions

11.1 Measurement Challenges

Biophotonic layer. FES instrumentation is expensive and sensitive to environmental con-
ditions (temperature, ambient light, electromagnetic interference). The reproducibility of DL
measurements across laboratories needs systematic characterization. The Stolz 2019 review
reports good within-laboratory reproducibility but inter-laboratory comparisons are sparse.

Microbial layer. 16S rRNA sequencing provides taxonomic resolution but not functional
information. Shotgun metagenomics would capture functional capacity but at higher cost. The
temporal dynamics of post-meal microbiome shifts are under-characterized: the optimal sampling
schedule for microbial coherence assessment is unknown.

Metabolic layer. CGM accuracy varies across devices and glucose ranges. Inter-individual
variability in glycemic response [Zeevi et al., 2015] means that metabolic coherence scores are
not properties of the food alone but of the food-consumer pair. Population-level normalization is
needed.

11.2 Theoretical Limitations

Mechanism ambiguity. The biophotonic coherence measure is agnostic to the physical
mechanism of delayed luminescence. This is operationally useful but scientifically unsatisfying;:
without a mechanistic model, the framework cannot predict which specific processing steps will
degrade coherence, only detect degradation after the fact.

Confounding. Ultra-processed foods differ from whole foods in multiple ways beyond organi-
zational coherence: additive content, palatability, eating speed, satiety signaling. The Hall 2019
trial controlled for macronutrient composition but not for these other factors. The contribution of
organizational coherence per se to health outcomes, as distinct from the contribution of specific
additives or behavioral factors, remains to be isolated.

Individual variation. Microbial and metabolic coherence scores are inherently individual-
specific. The same food will produce different coherence profiles in different consumers, depending
on their baseline microbiome composition, metabolic health, and genetic background. Whether
food-level FCI (based on biophotonic and molecular layers) reliably predicts consumer-level
response requires empirical validation.
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11.3 Ethical Considerations

A Food Coherence Label could have significant economic consequences for food manufacturers,
retailers, and agricultural producers. Low-FCI products may include affordable staples for
low-income populations, and a labeling system that stigmatizes these products without providing
accessible high-FCI alternatives could exacerbate food inequality. The framework should be
deployed alongside policies that make high-coherence food economically accessible, not as a
standalone consumer information tool.

12 Conclusion

The food quality problem has been stated backwards. The question is not “what molecules
does this food contain?” but “what organizational state is this food in?” A whole carrot and a
reconstituted carrot-flavored product may share the same molecular inventory, but they occupy
fundamentally different states of organizational coherence — a difference measurable through
delayed luminescence, antioxidant network integrity, microbiome response, and glucose dynamics.

The Food Coherence Index provides the first integrated, continuous measure of this organiza-
tional state, bridging the gap between the categorical NOVA classification and the reductionist
nutritional label. The experimental program we propose is feasible with existing instrumentation
and would generate the calibration data needed for a consumer-facing Food Coherence Label.

Fermentation — humanity’s oldest food technology — emerges from this framework not
as a form of processing but as a form of organization: a controlled biological transformation
that can increase the coherence of the food system rather than destroying it. This distinction
between destruction and transformation, invisible to compositional analysis, is precisely what
the coherence framework makes measurable.

The central prediction is testable: if the framework is correct, then biophotonic coherence of
a food sample, measurable before consumption, will predict the magnitude and quality of the
consumer’s microbiome and metabolic response — because these are different-scale measurements
of the same underlying property. If this prediction holds, the Food Coherence Label becomes not
just a quality indicator but a health-relevant signal derived from the physics of organized matter.
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