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Introduction: A new classifier called Maxwell®, Adiabatic, Agnostic and Almost Autonomous, is presented and used to classify species according to their early occurrence in evolution.

Methods: After a precise description of all the steps of the clustering process, two examples of application are given: first, the classification of simulated genomic data, whose simulation mode is processed by an algorithm allowing the successive application of known operators having acted during the evolution of species. The clustering thus obtained makes it possible to identify correctly the genomes of species having evolved in the same ecosystem. Then, mitochondrial genomes of mammals and giant viruses associated with their bacterial or fungal targets they infect, are classified according to the same criteria.

Results: The results show a good adequacy of the obtained classifications to the evolutionary reality and a high consistency with the known knowledge on the evolution of the oldest species.

Discussion: The Maxwell® classifier presents a unique set of properties, adiabatic, agnostic and almost autonomous, making it particularly suitable for biomedical applications.
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1 Introduction

To be relevant, modeling in biology and medicine requires access to a large amount of data, often available in public databases such as NCBI [1]. Recently, the Covid-19 pandemic has shown that these data can feed into relevant and effective models, which can be used to explain a posteriori or predict a priori complex phenomena such as the transition between endemic and epidemic phases [2] or the role of quarantine and vaccination in preventing epidemic peaks [3–5]. The crucial problem posed by access to these biomedical data, particularly genomic data, is that it is constantly increasing and requires processing using descriptive statistical techniques such as classification before being incorporated into models. The aim of this article is to propose a new classification tool called Maxwell® and to verify its relevance on genomic data. This new tool is a classifier perfectly suited to AI approaches in biology and medicine because of its reversibility. Its methodology is based on a lossless compression tool, the Burrows-Wheeler transform. It can classify any digital object (image, signal, document) by retaining the intermediate results of each data processing step and allowing for reverse processing, a so-called Adiabatic quality, useful in the event of a possible medico-legal trial following the computer-assisted medical decision. Since it does not require any a priori knowledge, it is said to be Agnostic. Belonging to the family of unsupervised classifiers, but requiring meta-knowledge to refine the last clustering step, it is said to be Almost Autonomous. Maxwell® can therefore be considered an AAAA classifier. In Section 2, we present the Maxwell®'s successive operating stages, namely the lossless compression of the digital objects to be classified, then the calculation of the distances between these compressed objects allowing the construction of their clusters, and finally their identification using semantic metadata, followed by a refinement of the classification by playing on the classification thresholds. In Section 3, we propose an example of application aiming to classify species according to their antiquity in evolution. Then, in Section 4, we present a discussion on the place of Maxwell® among the known classification tools and finally in Section 5 perspectives and conclusion.



2 Materials and methods: Maxwell® s operating principles


2.1 Lossless compression

The first step in Maxwell®'s operation is the lossless compression following an algorithm due to Burrows and Wheeler allowing to calculate a distance between compressed digital objects to classify [6–11]. This algorithmic approach has been already partly published [12, 13]. Consider two similar sequences of letters, X=BAIGNADE and Y=BADINAGE, with three mutations, I:D, G:I, and D:G, i.e., I changed to D, G to I, and D to G (Figure 1).


[image: Diagram illustrating the Burrows-Wheeler Transform (BWT) and Run-Length Encoding (RLE) for “BAIGNADE” and “BADINAGE”. Both words are rotated to generate lists, sorted, and indexed. The third row of each list is highlighted in red. BWT results are shown as “3NBEADIAG” for “BAIGNADE” and “3BNEAGADI” for “BADINAGE”. RLE compresses both results as “131B1N1E1A1D1I1A1G”, length 18 octets.]
FIGURE 1
 The first step of the lossless Burrows-Wheeler compression transform of the words BAIGNADE and BADINAGE.


After considering all the circular permutations of the words BAIGNADE and BADINAGE, we reorder these permutations by using the alphabetic order, then we note the rank at which appears the initial word (here three for both BAIGNADE and BADINAGE) and retain the ordered last letters of the permutations, that is NBEADIAG for BAIGNADE and BNEAGADI for BADINAGE. The concatenation of the rank with this last sequence gives the Burrows–Wheeler transform BWT, e.g., BWT(BAIGNADE) = BWT(X) = 3NBEADIAG. The last step of compression is to calculate the length of the Run-length encoding (RLE) of BWT(X): here RLE(BWT(X)) = 131N1B1E1A1D1I1A1G, where consecutive occurrences of the same symbol are stored as a single occurrence of that symbol preceded by the count of its consecutive occurrences rather than as the original run: CX = Length(RLE(BWT(X))) = 18 Octets. In the same way, CY = Length(RLE(BWT(Y))) = 18 Octets. Then, we do the same for the concatenated word BAIGNADEBADINAGE, whose RLE length of its Burrows-Wheeler transform BWT(XY) is CXY = 24 Octets (Figure 2).


[image: Transformation visual illustrating Burrows-Wheeler Transform steps. Left: input string rotations with characters highlighted. Middle: sorted rotations. Right: transformation result, showing BWT output and run-length encoding with compression calculation, explained as BWT(XY) and RLE(BWT(XY)) = 24 octets.]
FIGURE 2
 Second step of lossless Burrows-Wheeler compression transform of the concatenated word BAIGNADEBADINAGE.




2.2 Normalized compression distance matrix

The concept of Normalized Compression Distance (NCD) comes from a universal approach for comparing arbitrary objects. Derived from Kolmogorov Complexity (KC), NCD offers a domain-independent alternative to specific methods (sequence alignment, image analysis, text comparison, etc.) and can be considered as a computable variant of KC. The generality of its potential applications makes it a conceptually powerful tool, but it also poses practical challenges. KC calculation is unapproachable, but forms the basis of the theory. Brillouin defined Information as a form of negentropy, measurable and costly to create and to erase [6]: erasing a bit of information has a minimal energy cost of 2kBTln2, where kB is the Boltzmann constant and T the temperature [7]; then, Bennett introduced the notion of logical depth taking into account the “computation time” [8]. The Kolmogorov complexity K(X) of an object X is defined by the length of the shortest program generating X and allows to define a Normalized Information Distance (NID) between two objects X and Y:

NID(X,Y)=max(K(X∣Y),K(Y∣X))/max,      (1)

where K(X|Y) is the conditional complexity [9, 10]. NID is approached by Vitányi's NCD [11] calculated as follows:

NCD(X,Y) = d(X,Y) = [CXY min(CX,CY)]/max(CX,CY),      (2)

where CX is the length of the Run-Length Encoding (RLE) of the Burrows-Wheeler Transform of X, BWT(X).

From the calculation of all the distances between several objects, we can extract the distance matrix D, whose general term DXY is equal to d(X,Y). In the example above, the distance d(X,Y)=[CXY – min(CX,CY)]/max(CX,CY)=1/3 and the matrix D is given by:

D=(d(X,X)d(X,Y)d(Y,X)d(Y,Y))=(01/31/30).      (3)
 

2.3 From distance matrix to clusters

After getting the distance matrix D, the goal of the next step is to search for homogeneous and isotropic regions in the distance matrix, following the successive calculations (Figure 3) through 10 consecutive steps:

1) Construction of a triangulation based on the current element, the digital object X, its first neighbor Y and the first neighbor Z of Y,

2) Calculation of the triangle T=(X,Y,Z) area and evaluation of isotropy index S(T) using equations of Figure 3. Formula for calculating a triangle area was discovered by Heron of Alexandria in 1st century AD [14],

3) Calculation of a mean μ and standard deviation σ from the triangle area A histograms then obtaining by eliminating “large triangles” whose area A is over a threshold S(A) based on the number of standard deviations retained. For example, we can exclude elements corresponding to vertices of triangles whose area is more than a threshold S(A) = μ + 2σ (Figure 3A). In the same way, we reject vertices whose triangle is too far from equilaterality. The isotropy index Q = 33Aa2  equals 1 if the corresponding triangle is equilateral and we reject “distorded triangles” whose Q value is more than a fixed threshold S(Q) in order to ensure the distance homogeneity inside subgraphs, future cluster candidates (Figure 3B),

4) Edge processing of the obtained subgraphs using area and equilaterality thresholds S(A) and S(Q) to remove edges that are “useless” to the subgraph's topology and identify the “best representative” vertex as the most connected or the closest to the cluster geometric barycenter depending on the preferred criterion, i.e., realizing a local optimum (max connected or min distanced),

5) Identification of the subgraphs with multiple best representatives, by using a Voronoï tessellation algorithm (from GraphViz) for detecting internal boundaries within these subgraphs,

6) Decision test on new triangles made from internal Voronoï boundaries, at the end of which thresholds of new mean and standard deviation of area and isotropy index no longer detect new internal boundaries,

7) Storing as “singleton clusters” all elements rejected by the previous statistical calculations,

8) Recall of initial process (1) performed on the singleton population to detect new clusters until stabilization of “singleton clusters” and their affectation to the closest not singleton cluster,

9) Identification of final clusters by using metadata,

10) Final validation by experts of the field with a possible cluster concatenation under semantic arguments.


[image: Diagram illustrating geometric concepts.  A: Heron Area formula shown with variables for distances between points X, Y, and Z, and a schematic triangle labeled with distances d(X, Y), d(Y, Z), and d(Z, X).  B: Isotropy index Q formula equals three times the square root of three A over a squared, noted as one for equilateral triangles. C: Two geometric diagrams. Left: Red and blue lines with note A is less than or equal to S(A). Right: Red and blue lines with note Q is less than or equal to S(Q).]
FIGURE 3
 (A) Calculation of Heron area formula; (B) calculation of Isotropy index (distance to equilaterality); (C) thresholding.





3 Results: example of application with the evolutionary random genetic operators with a constant rate in an evolutive ecosystem


3.1 The genetic operators of the evolution

Maxwell® classifier is applied to genetic data from a sample of species in the three main domains appearing progressively during the evolution and evolving parallelly until present time: Archaea, Bacteria, and Eukarya (Figure 4).


[image: Phylogenetic tree diagram displaying the three domains of life: Archaea in red, Bacteria in green, and Eukarya in blue. Archaea branches include Thermoproteus, Pyrodictium, Methanococcus maripaludis, Thermococcus, and Halophiles. Eukarya branches include Entamoeba histolytica, animals, Homo sapiens, slime molds, fungi, plants, ciliates, flagellates, Trichomonas vaginalis, microsporidia, and diplomonads.]
FIGURE 4
 Phylogeny of the three domains of life—Archaea, Bacteria, and Eukarya—with indication of some species.


The first modification of the genomes described on Oenothera Chilena Grandiflora as a mutation by de Vries [15] was in reality a translocation (Figure 5). This genetic change belonged to the main genetic operators, i.e., transformations of nucleotide sequences involved in the evolution of genomes, which are the following: point mutation, insertion (e.g., after reverse transcription), deletion, inversion, translocation, transposition, duplication, symmetrization, palindrome generation, permutation, and recombination (crossing-over).


[image: Elderly man with a beard examines and tends to flowering plants in a garden, surrounded by tall, leafy blooms. He wears a suit and glasses, appearing engaged and focused.]
FIGURE 5
 de Vries in his garden with Oenethera Chilena Grandiflora.




3.2 A proposal for the first RNA

Many authors have proposed explanations for the first stages of life on Earth, 3.5 billion years ago. Among these, after supporters of DNA as the primordial molecule [16, 17] a school gradually emerged proposing RNA as the initial molecule [18–23], then a group proposing a third way, between DNA first and RNA first, “the third way of evolution” [24] in favor of an early interaction between RNAs in equilibrium between an active linear form or ring and a memory hairpin form, the first catalyzing the polymerization of the first peptides, from nucleotides and amino acids synthesized following the hypothesis of Miller [25]. Inspired by these works, we have proposed in a series of previous articles an RNA candidate for serving as catalyzer of the first peptide syntheses [26–32]. The first steps for finding this RNA we will call in the following AL (for ALpha or Archetypal Loop) was supposing that it had two satisfy four criteria for optimizing the primordial catalysis of peptide synthesis. Then, the concept of a ring for the structure of AL has been considered as a sort of circular consensus capable of embedding all possible genetic encodings, with the four choice criteria summarized as follows:

1) AL must satisfy the principle “be as short as possible and contain at least one codon per synonymy class of the genetic code,”

2) AL codon sequence obtained with overlap after three turns of its circular form must begin with the start codon and end with the stop codon,

3) the AL must have a hairpin configuration in balance with its circular shape, and this hairpin must have a minimum head length (3nt) and a maximum number (9) of codon pairs,

4) if multiple rings possess properties (1) to (3), they must have a single barycenter for classical inter-ring distances (circular Hamming, permutation, and editing distances), i.e., the AL ring.

By formalizing the problem in a search for a Hamiltonian path between the nodes of a circular graph representing the 20 amino acids (Figure 6), we get among 422 possible solutions:

* No solution if AL contains 20 or 21 nucleotides, i.e., 20 ou 21 overlaping triplets,

* 29 520 solutions if AL contains 22 nucleotides, i.e., 22 triplets ending with an END codon,

* from where 25 with a maximal hairpin form (3 head free bases + 9 × 2 stem bases + 1 tail free base),

* with only one starting with AUG, repeating AUG and being barycenter of the 24 others as the ring built from sequence AUGGUACUGCCAUUCAAGAUGA. More, it the closest to the set of all known tRNAs.


[image: Circular diagram showing amino acids represented as black squares connected by red lines. Amino acids include Gly, Phe, Leu, Ile, Met, Val, Ser, Pro, Thr, Ala, Tyr, His, Gln, Asn, Lys, Asp, Glu, Cys, Trp, Arg. Lines indicate interactions or relationships between them.]
FIGURE 6
 Hamiltonian path used on the amino-acids set to find the archetypal RNAs.


In the following, we will use a proximity of a given genome to the RNA AL, denoted PAL Doublet [32] by calculating the number of standard deviations between the observed and expected numbers of motifs common with AL (here pairs of closed trimers from AL), which allows to calculate the probability of getting by chance [33] these traces from AL in current genomes (e.g., the mitochondrial one obtained from NCBI [1]).



3.3 The generation of synthetic genomes having been changed by a sequence of successive of genetic operators respecting a certain proportion of each

We developed a custom genome evolution simulator to generate artificial nucleotide sequences across multiple generations, mimicking biological diversification processes due to evolution operators. The simulation is implemented in R and is centered around the function, which takes as input a reference genome and simulates its descent through n generations.


3.3.1 . Initial input and generation process

The simulation begins with a single reference genome, represented as a character string (e.g., RNA or DNA sequence). This genome constitutes Generation 1. For each subsequent generation (i = 2, ..., n), a random subset of genomes from the previous generation (i – 1) is selected to act as parental genomes. The number of selected parents is capped at p, a user-defined parameter controlling the branching factor of the simulation. Each parent can produce descendant genomes, each of which being derived by applying a sequence of randomly selected evolutionary transformations. The number of transformations applied to each descendant is also randomly chosen between 1 and 11.



3.3.2 Implemented evolutionary operations

Each descendant genome is subjected to a pipeline of transformations chosen from the following set:

• Point Mutation: random substitution of individual nucleotides,

• Insertion: addition of a random subsequence at a random position,

• Deletion: removal of a segment of the genome,

• Inversion: reversal of a segment's nucleotide order,

• Translocation: movement of a segment from one position to another,

• Transposition: segment is excised and reinserted at a new location,

• Duplication: a region is copied and inserted elsewhere,

• Symmetrization: production of the reverse-complement (for RNA sequences)

• Palindrome generation: creation of palindromic sequences to simulate structural patterns,

• Permutation: random shuffling of a genomic segment,

• Recombination (Crossing-over): exchange of regions between sequences.

These operations are designed to replicate biologically plausible events observed in genome evolution and introduce substantial sequence variability across generations.



3.3.3 Output format and file naming convention

Each descendant genome is saved as a text file in the format: descendant_i_k_j, where:

• i refers to the generation number (e.g., i = 2 for Generation 2),

• k refers to the index of the parent genome within Generation i−1,

• j refers to the index of the descendant genome in Generation i derived from this parent k.

This naming scheme ensures traceability and allows reconstruction of the full ancestral path of any genome, which is critical when evaluating hierarchical clustering or tree-based reconstruction methods such as Maxwell®'s classification algorithm (Figures 7A, B).


[image: Genealogical tree diagram with two sections labeled A and B. Section A shows multiple branching patterns. Section B, divided into two parts, highlights “Homogeneous genealogy” in a red box and “Heterogeneous genealogy” in a blue box, each with distinct branching structures.]
FIGURE 7
 (A) Five successive generations of simulated genomes (with random action at each generation of some of the eleven evolution operators) classified by Maxwell®. (B) A part of the clustering showing a subtree respecting the generation order (in red) and another part mixing the generations (in blue).




3.3.4 Interpretation of the Maxwell® classification results

The hierarchical classification obtained using the Maxwell® algorithm (Figures 7A, B) was evaluated against the known genealogy of simulated genomes. In cases of homogeneous classification, the dendrogram exhibited a clear structure in which genomes derived from the same ancestor (identified by shared parent and generation indices in their filenames, e.g., descendant_i_k_j) were grouped within the same branches. This concordance suggests that the classifier successfully captured the evolutionary relationships embedded in the data, even in the presence of complex mutational events such as insertions, deletions, and transpositions. Conversely, in heterogeneous classifications, descendant genomes originating from the same parent were dispersed across multiple branches, and sequences from distant generations were occasionally grouped together (Figure 8). This pattern indicates potential challenges for the classifier in preserving genealogical coherence when evolutionary noise increases or when sequence divergence becomes too pronounced. Such discrepancies underscore the limits of structural similarity measures in reconstructing deep or highly perturbed evolutionary histories. Overall, these results demonstrate the ability of the Maxwell® classifier to retrieve hierarchical structure under moderate evolutionary variation, while also highlighting the importance of controlling for transformation intensity in simulated datasets when evaluating classification robustness.


[image: Split screen image displaying a log on the left with timestamps and operational details about a process called Feed Loop, involving metadata balancing and cluster data. On the right, a table shows a list of text files named “descendant” with associated numerical values. Behind the table are gray placeholders labeled “No Thumbnail,” indicating missing images or files.]
FIGURE 8
 Examples showing the management of clusters with some not respecting the surface nor equilaterality criteria (left), a homogeneous cluster made of members of the same descendance (middle) and singletons from clusters broken expecting their rearrangement in new clusters respecting the both criteria (right).





3.4 Classification of mitochondrial genomes

The mitochondrial genomes of 10 mammalian species were obtained from the NCBI site and their classification allowed to obtain from interspecies distance matrix four classes of size 2 (hominidae, whales, seals, and murines) and two singletons (horse and cat) of which we will only comment on two intra-class and two inter-class proximities (Figure 9), comparing the results of Maxwell® to those of the NCD classical classifier [10].


[image: Two tables titled “NCD” and “Maxwell” show numerical similarity scores between various animal names: gray seal, rat, mouse, fin whale, harbor seal, human, horse, cat, blue whale, and chimpanzee. Some numbers, specifically in red, indicate lower or notable similarity values. The arrangement displays symmetrical results in a matrix format.]
FIGURE 9
 Matrices of distances between different species calculated by two different classifiers, NCD on the top [10] and Maxwell® on the bottom, with indication (in red) of the human to chimpanzee distance.


The primate cluster {human, chimpanzee} is obtained in both classifiers with a distance intraclass smaller for Maxwell® (0.553) than for NCD (0.655). It is the same for the whale cluster {blueWhale, finWhale} (0.49 vs. 0.61). The mean interclass distance between both primate and whale cluster is smaller for Maxwell® (0.90166) than for NCD® (0.9226). Hence with Maxwell®, the internal homogeneity was favored over external heterogeneity, contrary to what is observed for NCD.



3.5 Mitochondrial genome classification and proximity to AL

Comparing the primate classification to equid one (Figures 10A, B), several points of convergence are observed:


[image: Diagram labeled “A” shows a phylogenetic tree illustrating the classification of Hominoidea, Hylobatidae, and Hominidae, including Gibbons, Orangutans, Gorillas, Chimpanzees, and Humans. Diagram labeled “B” presents a series of images with numerical scores: Gorilla (4.64), Orangutan (4.65), Gibbon (4.44), Baboon (5.84), White Rhinoceros (8.05), Indian Rhinoceros (7.20), Horse (5.89), Donkey (3.00), Human (2.44), Pigmy Chimpanzee (4.28), and Chimpanzee (4.50). “C” A separate phylogenetic tree lists various species, including rhinoceroses and equids.]
FIGURE 10
 (A) Taxonomy of hominoides; (B) Three clusters obtained by Maxwell® confirming the antiquity of the species as known in classical taxonomic studies. The proximity to AL (PAL Doublet) of mitochondrial genome is indicated in red; (C) Taxonomy of Perissodactyla.


- The consistency with previous studies on the evolution of mammalian families: chimpanzees are close to humans and more distant from other simians (gorilla, orangutan, gibbon and baboon) [35],

- Perissodactyla species (Figure 10C) are in the same cluster, with rhinoceroses appearing older than equids, i.e., having a greater proximity (in red in Figure 10B, see Supplementary material S1) to archetypal RNA AL [36, 37].




4 Discussion

The choice of the compressor strongly influences the metric structure of the NCD. The BWT followed by RLE with introducing a locking pattern (or sentinel) outside the alphabet preserves the reversibility during concatenations, and this reversible transformation tends to satisfy both symmetry and triangle inequality axioms of the distance C: CXY≈CYX and CXZ ≤ CXY + CYZ. This brings the NCD closer to a Hilbert-type distance and reinforces its Euclidean character. For DNA sequences where the alphabet is {A,C,G,T}, the letter Z can be used. For example, with X=ACGTTAAAA and Y=AATGCT, a naive concatenation can produce ambiguities during decompression. ZACGTTAAAAZAATGCT explicitly marks the boundary, ensuring consistent cross-compression and a more stable distance, improving the Euclidean quality of the distance matrices. The NCD, based on compression, offers a conceptual and practical framework for comparing heterogeneous objects. This universality in the application to any type of data and any type of domain brings adavantages such as: (i) no need for alignment, annotation, or expert features and (ii) consistent results on a small corpus. On a small corpus of biological sequences, NCD approach finds expected structures without requiring specific knowledge. Its limitations—cost and dependence on the compressor—call for further work, but its interdisciplinary potential is evident. The above results in genomics show that the information carried by nucleotide sequences alone allows genomes to be organized in a way that respects known knowledge of the evolution of species. This information concerns the way in which species have evolved while being subject to the operators of evolution. If they have co-evolved while belonging to the same ecosystem where they maintained relationships of the parasitism, saprophytism or simply commensalism type, it is not surprising to find them in the same cluster. In Figure 11 for example, the well-characterized giant viruses have well-identified clusters, linked for example to Pandoravirus and Mimivirus. The trace of the contamination of giant viruses by the virophages Zamilon and Sputnik and that of the contamination of the amoeba Acanthamoeba by a virus of the Mimivirus class (trace in its mitochondrial DNA) and by a virus of the Pandoravirus class (trace in its tyrosine-tRNA ligase) is justified by their evolution in the same marine ecosystem. Legionella bacteria are isolated by Maxwell® clustering classification, but having traces of ancient contamination by Acanthamoeba, it joins the Pandoravirus cluster, if we relax the clustering constraints. This clustering based only on nucleotide sequences shows that they could have a common origin, possibly due to the fact that first peptides are supposed to be formed with catalysis by primordial RNAs [19, 38–45], analogous to experimental synthesis of dipeptides on RNA template [46–50]. These peptides left relics in current proteins of ancient organisms like Entamoebae (PAL Doublet proximity to AL in red, see Supplementary material S1), reinforcing the hypothesis of existence of weak bonds between RNA and amino acids, in connection with a progressive appearance of the current genetic code [46–50].


[image: Diagram showing a hierarchical classification of pandoraviruses and related groups. Panel A includes “Class 1” with several viruses like Pandoravirus salinus. Panel B shows “Class 3 singleton” with Legionella pneumophila. Panel C highlights “Class 2,” featuring Mimivirus and Megavirus chilensis. Panel D represents a phylogenetic tree with groups: Pandoraviruses, Mimiviruses, Phycodnaviruses, and Mollivirus, color-coded for clarity.]
FIGURE 11
 (A) Cluster of giant viruses from Pandoravirus family with their target Acanthamoeba (ribosomal genome); (B) Cluster Legionella (ribosomal genome); ((C) Cluster Mimivirus with its virophages Zamilon and Sputnik, and their targets Acanthamoeba (mitochondrial genome) and Woesearchaeota (whole genome); (D) Giant viruses classification based on the RNA-dependent RNA polymerase using FastTree algorithm [34]. AL proximity PAL Doublet is indicated (in red).


Concerning the metrology, Maxwell® relies on high-performance computing standards, guaranteeing a good scalability:

- Performance automatically adapts to the software environment (memory, CPU cores number),

- NCD formula (2) demonstrates its algorithmic simplicity. The relative slowness in calculation is common to all lossless compressors and is the reasons for the weak lack of gains with the GPU,

- Clustering is handled by graph theory and performance is that of the graph management library, here Graphviz®, which is a benchmark,

- The use of a NoSQL database (MongoDB) for the data storing frees from memory management and input/output issues, delegating these to PostgreSQL.

Concerning the usage, Maxwell® can operate in incremental mode thanks to an epoch mechanism, similar to neural network learning systems, where each epoch alternates between a classification phase and a clustering phase for unclassified elements. This property means that it is not necessary to repeat the entire learning process when a new dataset is added. This ensures compliance with a reference base while allowing it to evolve. The result is a system capable of merging datasets.

One of the main advantages of Maxwell is the absence of semantic data, because Maxwell uses only information in octets allowing decision tests based on deliberately simple statistical values (means and standard deviations) due to their algorithmic simplicity. However, once the cluster calculations have been performed, we can evaluate the robustness of the relationships between groups of measured data and create a posteriori semantic classes using metadata to detect semantically ambiguous clusters that will be distributed across several semantic classes.

Another important advantage is the reversibility of the classification process, that is, the ability to return to all stages of this process, which may be necessary to find a detachable error in a medico-legal process of proving the origin of bad diagnostic or therapeutic advice.



5 Perspectives and conclusion

We have presented a new classification tool called Maxwell®, whose main characteristics are to be adiabatic (reversible), agnostic (without the need to introduce a priori knowledge) and almost autonomous (given the possibility of refining a posteriori clusters that are too large, therefore often heterogeneous, or too small, such as singletons). The application of the Maxwell® classifier to the genome shows that it is particularly well-suited to detect transformations of primary nucleotide information due to evolutionary operators, therefore to classify in the same cluster species that have evolved in the same eco-system. Only a thousand synthetic genomes and forty species were studied in this article, but the results demonstrate the relevance of the classifier to bring together neighboring evolved genomes.

In this direction, three research topics can be considered, in order of increasing complexity: (i) generalizing to all species the calculation of the age of their genome and their attachment to existing clusters in the three kingdoms of life: Archaea, Bacteria, and Eukaryotes; (ii) processing data related to the interaction between genes in genetic control networks. Classifying networks requires the introduction of new distances between graphs, but the problem can be solved using Maxwell's algorithm; (iii) processing epigenetic control networks, which encompass genetic networks and their exogenous control parameters related to infectious agents, environmental factors, and biological clocks. These three domains of research are challenging but represent essential opportunities in biomedical research. In view of the current work, two areas of ongoing work can be identified:

1) restitution of the results of the data processing

Linear phylogenetic trees are limited by their height. We have therefore started to replace them with more compact circular cladograms (Figure 12).


[image: Four-panel image showing different visualizations: A) Circular phylogenetic tree with various species names and colored lines. B) Dendrogram with species and genome sizes labeled, featuring branching lines. C) Heatmap displaying a matrix of species names with a color gradient from blue to red. D) 3D scatter plot with labeled data points representing species across three axes.]
FIGURE 12
 Mammals mitochondrial genome Maxwell® classification and AL-codon-counter annotation; (A) Circular cladogram with peripheral bars proportional to mitochondrial genome sizes; (B) Linear phylogenetic tree with AL-trimeric distance annotation; (C) Heatmap; (D) 3D diagram of NCD distances between mammal species.).


Work remains to be done to refine the graph at its root level. The same applies to the output in the form of a linear dendogram, whose bifurcation points have to be emphasized (as on Figure 13) and annotations more linked to the classification by showing their possible inconsistency with the clustering due to Maxwell® (Figure 12B). The restitution in the form of a heatmap (Figure 12C) or a 3D representation of the distances between species (Figure 12D) must provide additional information on the proximities between species, to be incorporated into the display of the results, to be able to use them in real time, if there is a modification of the input data.


[image: Radial phylogenetic tree diagram showing species files labeled in black, arranged around a circle. Distances are indicated in red. Lines connect each species to a central point, with names like “human.txt” and “gorilla.txt” among others.]
FIGURE 13
 Maxwell's phylogenetic tree of mammal species based on their mitochondrial genome. The bifurcation points between species are indicated in green. AL proximity PAL Doublet is indicated (in red).


2) generalization of the method to large data sets.

The NCBI Nucleotide repository contains the genomes of more than 160,000 species, each of which containing approximately 600 RNAs of evolutionary interest (tRNA, rRNA, miRNA, circRNA, mRNA and the corresponding proteins [51, 52]), primarily those involved in transcription, translation, and cellular energy, which are essential for cellular life. The next step will be the progressive generalization of the classifications presented here to the 160,000 species currently present in the NCBI server [1]. Expanding the classification work proposed here and in [32] to very large data sets will be a natural program for the future of our current approach.

3) Comparison with other clustering methods

In [53], we have compared 25 classification techniques of sepsis diagnosis, from classical k-means and multiple regression tools to the deep learning methods after what we have decided to use a new classifier having the same performance than the best one in sepsis diagnosis (surprisingly the multiple regression), but having the advantage to be reversible (each step is explainable), which is a necessary condition of acceptance in a medico-legal context. In Figure 14, a comparison between the Maxwell's approach and a classical classifier [54] has been done on genomic data coming from the whole genome of a sample of Archaea in case of Maxwell® and from a chosen set of genes for the alternative method. In this last example, the obtained phylogenetic tree (Figure 14A) was inferred by using a neighbor-joining analysis of 637 homologous sequences chosen in genome of Archaea.


[image: Phylogenetic tree diagrams labeled A and B. Diagram A shows branching relationships among species like Ignicoccus hospitalis, Archaeoglobus veneficus, and Ferroglobus placidus. Diagram B illustrates connections between species such as Acidilobus saccharovorans, Sulfolobus solfataricus, and Metallosphaera cuprina. Red and green circles highlight different groupings.]
FIGURE 14
 Phylogenetic tree of crenoarchaeota (in green) and archaeoglobi (in red). (A) Classification method based on a neighbor-joining analysis of 637 homologous sequences chosen in the genome of each archaeum [54]; (B) Maxwell's classification of chosen crenarchaeota and archaeoglobi.


The scale bar on Figure 14A represents 10 mutations per 100 nt of the positions of these homologous sequences. It is indicated as a fraction the percentage of 100 bootstrap resamplings supporting the topology of the neighbor joining skeleton. On Figure 14B, the Maxwell's tree has been obtained by using the whole genome of soe Aechaea chosen in two families, the crenarchaota (in yellow in Figure 14A) and the archaeaglobi (in red in Figure 14A).

In conclusion, the Maxwell® classifier presents a unique set of characteristics, making it particularly suitable for biomedical applications:

1) Its adiabatic or reversible nature makes it possible to isolate the steps involved in a potential diagnostic or therapeutic advice error. This ability to demonstrate a detachable error, excluding, for example, the physician's liability, makes it a means of meeting the medico-legal requirements of medical practice.

2) Its agnostic nature, i.e., its independence of a priori semantics or semiology, makes it suitable for processing data such as nucleotide or amino acid strings coming from a sequencer for example, without any information other than the obtained sequences. In Figure 15, using only the whole sequence of the archaeal or viral genomes, it is possible to obtain clusters coherent with the classical taxonomy.

3) Its autonomy, stemming from its unsupervised nature, makes it capable of automatically providing a classification, which will be interpreted using metadata and may subsequently lead to adjustments to the cluster aggregation thresholds in a second, partially non-autonomous phase. The sensitivity to the threshold distance parameter for cluster assignment is handled interactively by Maxwell®, allowing singletons to be assigned to the nearest cluster or, conversely, to split up clusters that are too large and heterogeneous.


[image: Diagram showing a branching network labeled A and B, originating from a point labeled AL. Lines extend to various labels encircled in green, blue, purple, and red, such as Methanopyrus and Pyrobaculum. Below, a circular distribution of lines radiates from a central point.]
FIGURE 15
 Maxwell's classification of giant viruses and their putative targets chosen in amoebae, crenarchaeota and archaeoglobi families. (A) thumbnail image showing the start of the phylogenetic tree with the bifurcations of the branches (in blue); (B) classification of giant viruses (blue circle), their targets (violet circle), crenarchaeota (in green) and euryarchaeota (in red); (C) whole cladogram of Maxwell's classification.


In summary, Maxwell® is a new adiabatic, agnostic and almost autonomous classifier, whose efficiency will be systematically compared in a future work on very large genetic databases to the existing classifiers listed in [53, 55]. The final choice of a classifier, in the case of a biomedical application, is the subject of a compromise between the precision and speed of its clustering and its capacity to provide clear answers in the identification of the faulty stages of its reasoning, in the context of forensic investigations, similar to those carried out on the non-digital medical human chain of diagnosis and care, to identify and qualify the responsibilities of a possible error. Then, its major application concerns the medical diagnosis in which a prior classification of a training set of patients allows, in the generalization phase to a larger patient population, to test the accuracy of the assignment of a new patient to the class that corresponds to him. In the case of the genome, the major interest of Maxwell® lies in its capacity to find clusters using only the sequence of the entire genome or that of cellular structures such as mitochondria (for mammals) and chloroplasts (for plants). A version of Maxwell® can be found online in [55].
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