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Significance

 Teasing out biochemical 
information from ancient 
organic-rich sediments, notably 
the timing of the emergence of 
photosynthesis relative to the 
inferred oxygenation of Earth’s 
atmosphere, remains a 
challenging opportunity. To tackle 
this problem, we analyzed 406 
diverse ancient and modern 
samples and used supervised 
machine learning to discriminate 
samples of biogenic vs. abiogenic 
origin, as well as photosynthetic 
vs. nonphotosynthetic 
physiology. Comparing organic-
rich samples of uncertain affinity 
to our training data, ca. 
3.33-billion-year-old sedimentary 
rocks group among microbial 
samples, and rocks as old as 2.52 
billion years ally with more recent 
photosynthetic life. The 
application of supervised 
machine learning thus 
approximately doubles the 
interval within which fossil 
organic matter can be shown to 
retain molecular information of 
evolutionary relationships and 
physiology.
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Throughout Earth’s history, organic molecules from both abiogenic and biogenic sources 
have been buried in sedimentary rocks. Most of these organic molecules have been 
significantly altered by geologic processes through deep time. Nonetheless, the nature 
and distribution of those ancient fragmentary organic remains have the potential to 
reveal diagnostic biomolecular information after billions of years of burial. Here, we 
analyzed 406 fossil, modern biological, meteoritic, and synthetic samples using pyrol-
ysis gas chromatography and mass spectrometry. We explored these analytical data via 
supervised machine-learning methods to discriminate samples of biogenic vs. abiogenic 
origin, plant vs. animal phylogenetic affinity, and photosynthetic vs. nonphotosynthetic 
physiology. Dividing 272 samples with known phylogenetic affinity and physiology into 
9 categories, each further divided into 75% training and 25% testing sets, our random 
forest models accurately predict pairwise assignments of modern vs. fossil or meteoritic 
organics (100% correct assignments), fossil plant tissues vs. meteoritic organics (97%), 
modern vs. fossil plant tissues (98%), and modern plants vs. animal tissues (95%). 
Pairwise comparisons between fossil biogenic samples vs. abiogenic samples resulted 
in 93% correct classifications, while analysis of modern and ancient photosynthetic 
vs. nonphotosynthetic samples also resulted in 93% correct assignments. Our analyses 
demonstrate that molecular biosignatures can survive in ancient fossils and allow for the 
identification of organismal origins and traits. Consistent with previous morphological 
and isotopic inferences, we present evidence for biogenic molecular assemblages in 
Paleoarchean rocks (3.33 Ga) and for photoautotrophy in Neoarchean rocks (2.52 Ga).

biosignatures | organic chemistry | machine learning | photosynthesis | meteorites

 Ancient microfossils, isotopic biosignatures, and microbialites such as stromatolites and 
microbially induced sedimentary structures support the view that microbial life on Earth 
originated billions of years before the appearance of complex multicellular organisms 
( 1       – 5 ). Molecular fossils have also played a key role in drawing inferences about phyloge-
netic and metabolic antiquity. However, unambiguous records of complex molecules such 
as lipids and porphyrins extend back only to about 1.6 billion years ( 6       – 10 ), less than half 
the age inferred for life from other convincing lines of evidence. Here, we employ an 
approach in which machine learning facilitates differentiation between highly degraded 
biogenic and abiogenic samples, significantly extending the record of biomolecule fossil-
ization products. This approach, which has enabled inferences about phylogeny and phys-
iology of Phanerozoic biota (<541 Ma) ( 11 ,  12 ), is here extended to Paleoarchean (>3.5 Ga) 
organics.

 Recent applications of machine learning to the detection of biosignatures in ancient 
fossils and other molecular suites demonstrate that distributions of organic molecules in 
living systems are different from organic molecular suites produced by abiogenic processes 
( 12         – 17 ). However, diagenesis and metamorphism over billions of years results in the 
degradation of diagnostic biomolecules ( 18           – 24 ), as well as all but the most robust mor-
phological features ( 4 ,  25     – 28 ). While it has been experimentally and observationally 
demonstrated that both phylogenetic and physiological signatures in biomacromolecules 
can survive over tens to hundreds of millions of years ( 11 ,  12 ,  29           – 35 ), the biogenicity of 
organic molecules older than 2 billion years has not been demonstrated. We postulate 
that because biomolecules are characterized by their selection for function ( 36 ), even 
highly degraded biomolecular assemblages may retain useful paleobiological information 
distinct from what emerges from abiogenic processes, even when no individually diagnostic 
biomolecules are preserved.
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 A previous study applied machine learning to pyrolysis–gas chro-
matography–mass spectrometry (py–GC–MS) analytical data to 
discriminate molecular suites of biogenic vs. abiogenic remains with 
~90% accuracy ( 15 ). Here, we extend that approach with a larger 
sample set and additional specimen attributes, including taxonomic 
groupings, such as plants vs. animals, and metabolic strategies, notably 
photosynthesis, to extract biochemical information from ancient 
samples with highly degraded organic molecules. As in previous work 
( 15 ,  16 ,  35 ), our method entailed four steps: ( 1 ) Collecting 406 
diverse carbon-bearing samples (SI Appendix, Table S1 ) from varied 
modern and ancient biogenic and abiogenic sources; ( 2 ) concentrat-
ing carbonaceous macromolecular material through extraction from 
meteorites and ancient sedimentary rocks ( 37 ,  38 ); ( 3 ) analyzing each 

sample by pyrolysis gas chromatography coupled to electron impact 
ionization mass spectrometry (py–GC–MS; see Analytical Methods ); 
and ( 4 ) training supervised random forest machine-learning models 
( 39 ) using data from subsets of our sample analyses (Machine-Learning 
Methods ). Each sample is represented by a two-dimensional matrix 
based on chromatographic retention time and mass-to-charge ratio 
with intensities for each of 489,240 matrix elements ( Fig. 1 ).         

The Sample Suite

 We analyzed in total 406 natural and synthetic samples containing 
suites of organic molecules (SI Appendix, Table S1 ). The largest 
subset includes 141 organic-rich sedimentary rocks, predominantly 

Fig. 1.   Aggregated three-dimensional py–GC–MS data for samples in each of our nine categories: modern animals; modern plants (non-photosynthetic); modern 
plants (photosynthetic); fossil microbes (photosynthetic); fossil coal, wood, oil shale; fossil animals; modern fungi; carbonaceous meteorites; and synthetic 
samples. These graphs display peak intensities (vertical scale, normalized to the highest peak intensity in each category) for 3,240 elution time bins or “scans” 
(right-hand scale) and their mass spectra over 150 m/z bins (left-hand scale).D
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shales and cherts, ranging in age from ~3.8 Ga to 10 Ma. The 
sources of organic molecules in many of the Precambrian samples 
are uncertain. In addition, 65 samples represent fossil wood, coal, 
oil shale, and other primarily Phanerozoic organic-rich samples. 
Modern living land plants, animals, and fungi are represented by 
123 specimens. Unambiguously abiogenic samples include organic 
molecular suites concentrated by chemical digestion from 42 mete-
orites (39 of which are carbonaceous chondrites), as well as 35 suites 
of organic molecules produced in laboratory synthesis experiments. 
Of these 406 samples, 272 can be confidently assigned to one of 
nine categories that we employed in supervised machine learning, 
as follows ( Fig. 1 ):

1.	� Modern Animals: 21 samples from diverse recently deceased 
invertebrate and vertebrate animals.

2.	� Modern Plants (non-photosynthetic tissues): 40 samples include roots, 
seeds, flowers, fruits, and tree sap—i.e., non-photosynthesizing 
plant tissues and secretions.

3.	� Modern Plants (leaves): 36 samples of green leaves and other 
photosynthesizing tissues.

4.	� Sedimentary Rocks with Confirmed Fossils of Photosynthetic 
Cyanobacteria or Algae: 24 samples of HCl and HF acid-
concentrated organic residues from shale or chert with reliable 
morphological evidence for cyanobacteria or algal fossils.

5.	� Fossil Wood, Coal, and Oil shale: 49 primarily Phanerozoic  
(<541 Ma) samples, as well as less well understood hydrocarbon-
rich deposits in Proterozoic rocks such as “shungite” (40, 41) 
and “anthraxolite” (42–46).

6.	� Animal Fossils: 9 Phanerozoic samples, including carbonized 
remains of fossil fish and trilobites, as well as shell-binding 
protein dissolved from Miocene gastropods (47).

7.	� Modern Fungi: 16 samples, including various wood fungi and 
yeast.

8.	� Meteorites: 42 meteorites, mostly carbonaceous chondrites (e.g., 
ref. 48).

9.	� Synthetic Samples: 35 organic suites produced in Maillard 
reactions (49), formose reactions (50), and other laboratory 
synthesis processes.

 We employed the 272 samples of Groups 1 to 9 in training and 
testing sets to explore the extent to which methods of supervised 
machine learning can discriminate between different suites of organic 
molecules. Note that we also designate two samples of modern 
cyanobacteria as Group 10 and one sample of the modern halophile 
﻿Halobacter  as Group 11, which are used in machine-learning Model 
#4 (Photosynthetic vs. Non-photosynthetic Organisms ). Most of the 
remaining 131 samples are acid-concentrated residues from organic- 
bearing Archean or Proterozoic sedimentary rocks. Most, if not all, 
of these ancient samples are thought to have biogenic origins based 
on microfossil populations, isotopic abundances, and/or petrological 
evidence of microbial mats, but especially in our oldest samples, 
taxonomic and metabolic inferences have, to date, been limited ( 1 , 
 3 ,  5                   – 15 ,  51                   – 61 ). Thus, these samples provide a useful testing ground 
for the application of our machine-learning analyses.  

Pairwise Discriminations Among Nine 
Categories

 As an initial test of our approach, we applied the random forest 
method, an established robust supervised approach to machine-
learning. We built a binary classifier for each of the 36 pairwise 
sets of data among the nine categories of labeled samples. 

To evaluate the applicability of the model, we split the data into 
a randomly selected training set (75% of the samples) and test set 
(25% of the samples). To illustrate this approach, in the case of 
Group 3 (36 samples of modern plant leaves) vs. Group 8 (42 
carbonaceous meteorites), the method distinguished plants from 
meteorites with 100% accuracy. We calculated a class probability 
from 0.00 to 1.00 for each of the 78 samples. (Note that class 
probability is calculated from the number of times out of 1,000 
random forest cycles that a class is assigned. For example, in the 
above case “a meteorite class probability” of 0.763 means that a 
sample was classified as a meteorite in 763 of 1,000 trees, vs. a 
plant in 237 of 1,000 trees.) The extent of discrimination between 
these two groups is illustrated by a histogram with a well-defined 
bimodal separation ( Fig. 2A  ). In this example, all samples have 
values of meteorite class probability either >0.60 or <0.40—a 
result that underscores the significant differences between the 
organic suites of modern plants vs. carbon-rich meteorites, as 
found in a previous study ( 15 ). Although random forest class 
predictions are based on a 0.50 class probability threshold, a value 
of class probability >0.60 or <0.40 is more reliable evidence for 
group membership owing to the reduced chances of class switch 
for lower probability predictions. To improve the reliability of our 
predictions, future studies will explore various probability thresh-
olds to choose the optimal threshold based on a combination of 
factors including F1 score, ROC curve, and Youden’s J index ( 62 ).        

 In contrast, when comparing the mass spectra of Group 2 (41 
samples of non-photosynthetic plant tissues, such as roots, seeds, 
and tree sap) vs. the 36 green leaves of Group 3, the success of 
this method is only 79%, and the probability distribution of class 
assignments for this case is unimodal ( Fig. 2B  ). This result reflects 
the molecular similarities of varied plant tissues and corresponding 
difficulty of discriminating between these two groups based on 
py–GC–MS alone.

  Table 1  records the percentage of correct labels for pairwise tests 
of all 36 possible combinations of nine groups. In 25 of 36 tests, 
we achieved at least 90% correct assignments of both training and 
test sets, with 18 tests at least 95% correct. However, a problem 
often arises with the random forest approach when comparing 
two sample sets of very different sizes, as the algorithm will attempt 
to place most of the samples of the smaller group into the larger 
group. In nine cases with significantly different numbers of sam-
ples in the two groups, we note a failed discrimination with “F.” 
All nine failed instances in  Table 1  relate to pairings with the 
smallest two Groups 6 or 7, containing only 9 and 16 samples, 
respectively. For example, in the analysis of 42 meteorites vs. 9 
fossil animals, 8 of the fossil animals were incorrectly assigned as 
meteorites. An objective for future studies is to increase the num-
bers of samples in these underrepresented groups. Other planned 
approaches to address class imbalance include downsampling by 
selecting the most informative samples in the given imbalanced 
dataset through an active learning strategy to mitigate the effect 
of imbalanced class labels ( 63 ) and adjusting the class probability 
threshold using a method such as GHOST (Generalized tHresh-
Old ShifTing) ( 64 ). 

 The pairwise analyses represented in  Table 1  suggest opportu-
nities for discriminating among a wide variety of organic molec-
ular suites. An important conclusion of this investigation of 
pairwise discrimination is that, given relatively balanced numbers 
of samples in two groups, machine-learning methods can success-
fully discriminate between two categories in most instances. 
Setting aside the underrepresented Group 6 (9 fossil animals) and 
Group 7 (16 fungi), this machine-learning method finds greater 
than 90% differences between plants and animals (Group 1 vs. 
Groups 2, 3, and 5), greater than 95% differences between most D
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groups of biogenic and abiogenic samples (e.g., Groups 1, 2, and 
3 vs. Groups 8 and 9), and greater than 95% differences between 
most groups of photosynthetic vs. non-photosynthetic specimens 
(e.g., Groups 2, 3, 4, and 5 vs. Groups 1, 8, and 9).

 Note that one advantage of the machine-learning approaches 
employed in this study is that the risk of false group classification 
resulting from widespread molecular contamination (for example 
by plasticizers or fingerprints) is minimal, provided that such con-
tamination is not restricted to one group of samples. Similarly, 
our methods might be affected by systematic processing proce-
dures applied to only one group, such as sample digestion proto-
cols used on only one carbon-rich lithology. Therefore, we have 
applied the same procedures for all digested samples. Additionally, 
to address the effect of systematic contamination on our machine- 
learning approach, we are currently conducting a follow-up study 
in which controlled amounts of contaminants are introduced 
across multiple training samples. This study will allow us to assess 

the robustness of our models to such interference. Future work 
will also explore alternative data processing strategies and model 
architectures aimed at mitigating or eliminating the effects of sys-
tematic contamination.

 In the following two sections, we combine groups in  Table 1  
to examine the discrimination between biogenic vs. abiogenic and 
photosynthetic vs. non-photosynthetic samples.  

Abiogenic/Biogenic Discrimination

 Recognizing biogenic vs. abiogenic samples is a key objective in 
both paleobiology and astrobiology research ( 12 ,  15 ,  65         – 70 ). In 
the case of organic matter preserved in ancient sedimentary rocks 
such as shales and cherts, controversies may arise regarding bio-
genicity when no definitive morphological evidence of microfossils 
(e.g., cellular fossils or mat textures) is preserved ( 56 ,  71   – 73 ), 
particularly in Archean (>2.5 Ga) samples. While claims of 

Fig. 2.   Histograms reveal the probabilities that individual samples in a training set (a randomly selected 75% of all samples) fall in one of two categories. The  
x axis indicates the class probability that a sample lies within one of two groups in bins of width 0.1, while the y axis records the number of samples in each bin. 
(A) The training set includes 28 (of 37) specimens of green plant leaves vs. 31 (of 42) carbonaceous meteorites. In this example, with two contrasting suites of 
organic molecules, all (100%) of the samples are correctly assigned as plants or meteorites with reliable class probabilities >0.60 or <0.40. Furthermore, all but 3 
samples have class probabilities >0.70 or <0.30. (B) The training set includes 27 (of 36) specimens of plant leaves vs. 30 (of 40) specimens of non-photosynthetic 
plant tissues—similar molecular suites that are predicted correctly in only 79% of samples. Furthermore, only 14 of 57 training set samples are assigned to one 
of the two groups with a reliable class probability >0.60 or <0.40.

Table 1.   Pairwise comparisons of discriminations among nine groups of samples
Group number* 2 3 4 5 6 7 8 9 Number†

﻿1  —  Modern animals﻿  91 ‡﻿  95  100  94  F §﻿  F  98  98  21

﻿2  —  Modern plants (non-PS)﻿  .  79  96  94  92  F  97  95  40

﻿3  —  Modern plants (PS)﻿  .  .  100  97  F  F  100  98  36

﻿4  —  Fossil microbes (PS)﻿  .  .  .  96  F  97  92  89  24

﻿5  —  Fossil wood, coal, and oil shale﻿  .  .  .  .  F  98  97  97  49

﻿6  —  Fossil animals﻿  .  .  .  .  .  94  F  F  9

﻿7  —  Modern fungi﻿  .  .  .  .  .  .  98  97  16

﻿8  —  Carbonaceous meteorites﻿  .  .  .  .  .  .  .  98  42

﻿9  —  Synthetic samples﻿  .  .  .  .  .  .  .  .  35
*See text for full description of groups.
†Number of samples in that group.
‡Percentage of correctly classified samples.
§“F” indicates a failed classification because >50% of the samples in the smaller group are incorrectly assigned to the larger group.D
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abiogenic origins for most Phanerozoic hydrocarbons ( 74 ,  75 ) 
have been largely dismissed ( 76 ,  77 ), experimental and geochem-
ical evidence unequivocally points to the importance of natural 
abiogenic organic synthesis in some deep hydrothermal environ-
ments ( 77             – 84 ). Distinguishing biogenic from abiogenic suites of 
organics therefore remains an important challenge in understand-
ing Earth’s oldest sediment-bound organic matter.

 Combining two or more of the sample groups allows us to 
examine the ability to discriminate major classes of samples. 
Accordingly, we compared random forest models for three con-
trasting groupings to test our ability to identify unknown biogenic 
vs. abiogenic samples. 

Model #1. In Model #1, we tested modern living animals and 
plants in Groups 1, 2, and 3 (97 samples) vs. abiogenic Groups 
8 and 9 (77 samples). Of the 174 samples in the combined 
training (130 samples) and testing sets (44 samples), 171 (98%) 
were correctly categorized (SI Appendix, Table S2), with a strongly 
bimodal distribution of probabilities (Fig.  3A), reflecting the 
distinct character of organic suites from modern organisms vs. 
those from meteorites or synthetic mixtures. The three misclassified 
samples include biogenic Mimosa hostilis root and Lawson cypress 
(Chamaecyparis lawsoniana) sap (biogenic class probabilities 0.35 
and 0.40, respectively) and one set of abiogenic Maillard reaction 
products with an indeterminate biogenic class probability of 
0.56. Therefore, among the 174 training and testing set samples 
employed in Model #1, we find two biogenic false negatives and 
no biogenic false positives.

 In order to assess the performance of our models, we used the 
receiver operating characteristic (ROC) curves and also calculated 
the associated area under curve (AUC) ( 85 ,  86 ). ROC curves 
connect coordinate points with [(1 – specificity) = false positive 
rate] as the x﻿-axis and sensitivity as the y﻿-axis at all cut-off values 
measured from the test results ( 87 ). The area under the ROC curve 
(AUC) is used as a measure of accuracy in binary classifiers. The 
closer the ROC curve is to the upper left corner of the graph, the 

higher the accuracy of the test because in the upper left corner, 
the sensitivity = 1 and the false positive rate = 0 (specificity = 1). 
The ideal ROC curve thus has an AUC = 1.0 ( 87 ). We plotted the 
ROC curves (SI Appendix, Fig. S1A﻿ ) and the calculated associated 
AUC for the training and testing sets (AUC = 0.977 and 1.000, 
respectively).

 To assess the generalizability of our model and to showcase a 
more accurate representation of our model’s errors, we additionally 
ran a 10-fold repeated cross validation (CV) on all 174 samples 
in this dataset. This step involved repeating K-fold CV multiple 
times and reporting the mean results from all the folds and all 
runs. After repeated CV, Model #1 shows an accuracy of 98.3%, 
which aligns well with our training-test split runs. Detailed results 
of our repeated CV can be found in SI Appendix, Table S6 .

 Despite this accuracy, Model #1 was unsuccessful at correctly 
predicting the biogenicity of many ancient organic remains with 
confirmed biogenic origins (i.e., samples from Groups 4 and 5), 
because the random forest methodology is not able to correctly 
characterize types of samples that are not included in the training 
set. For example, 34 of 49 Group 5 coal and fossil wood speci-
mens in our inventory were incorrectly classified as abiogenic. 
Consequently, Model #1 is not suitable for determining the bio-
genicity of fossil organics.  

Model #2. In a second model, we sought to discriminate between 
ancient biogenic samples and organic-rich abiotic samples. Model 
#2 employed a biogenic training/test set with 87 organic-rich 
Phanerozoic, Proterozoic, and Archean sedimentary rocks, including 
25 coal and fossil wood samples in Group 4 plus 62 Group 5 shales 
and cherts identified as biogenic based on their geological settings, 
significant organic content, and diagnostic carbon isotopic values. 
These 87 ancient biogenic samples were compared to 77 abiogenic 
samples from Groups 8 (42 meteorites) and 9 (35 synthetics; 
SI Appendix, Table S4). Of the 87 biogenic paleo-organic samples, 
83 (95%) were correctly classified. Furthermore, 70 of these 
samples (80%) had high-confidence biogenic class probabilities 

Fig. 3.   Histograms of the probabilities that individual samples in a training set (a randomly selected 75% of all samples) is biogenic vs. abiogenic. The x axis 
indicates the class probability that a sample lies within one of two groups in bins of width 0.1, while the y axis records the number of samples in each bin. (A) 
Model #1. The training set includes 130 samples divided between modern animals and plants vs. abiogenic meteorites and laboratory synthetic mixtures. All 
but 7 samples have reliable biogenic class probabilities >0.60 or <0.40, as reflected in the bimodal distribution of class probabilities. (B) Model #2. The training 
set includes 123 samples divided between ancient molecular suites of known biogenic origins vs. abiogenic meteorites and laboratory synthetic mixtures. While 
25 samples have indeterminate biogenic class probabilities between 0.6 and 0.4, 98 samples have reliable class probabilities >0.6 or <0.4.D
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>0.60. ROC curves (SI Appendix, Fig. S1B) yield AUC = 0.924 and 
0.926 for the training and testing sets, respectively. After repeated 
CV, Model #2 shows an accuracy of 92.7%, which aligns well with 
our training-test split runs. Detailed results of our repeated CV can 
be found in the SI Appendix, Table S6.

 Of 77 abiogenic samples, 69 (90%) in the training and testing sets 
were correctly classified, including 39 of 42 meteorites and 30 of 35 
synthetic mixtures. Only 3 of the 12 misclassified samples had an 
incorrect class probability >0.57, including 1 sample (of 6) of formose 
reaction products, which was incorrectly classified as biogenic (bio-
genic class probability 0.67) and is the only biogenic false positive in 
Model #2. In addition, the 1.5 Ga Yusmastakh Formation of Northern 
Siberia and the 0.64 Ga Nantuo Formation of Hubei Province, 
China, both of presumed biogenic origins, were incorrectly classified 
as abiogenic (abiogenic class probabilities 0.68 and 0.67, respectively). 
A histogram of class probabilities ( Fig. 3B  ) displays a modest bimodal 
distribution, albeit with significantly more samples in the indetermi-
nate 0.40 to 0.60 range than in  Fig. 2A  .

 Applying Model #2 to 109 ancient organic-rich sedimentary 
rocks of uncertain biogenicity (SI Appendix, Table S3 ), we find 68 
samples (61%) with biogenic class probabilities >0.50, of which 
32 samples have biogenic class probabilities >0.60. The latter 
examples include 2 samples from the Paleoproterozoic (2.3 Ga) 
Gowganda Formation, Cobalt Basin, Ontario, Canada (biogenic 
class probabilities 0.65 and 0.73); 4 samples (of 5) from the 
Neoarchean (2.52 Ga) Gamohaan Formation, Kaapvaal Craton, 
South Africa (0.65 to 0.69); 1 sample (of 2) from the Neoarchean 
(2.66 Ga) Jerrinah Formation, Western Australia (0.62); 2 samples 
(of 3) from the Paleoarchean (3.33 Ga) Josefsdal Chert (0.65 and 
0.68); and 1 sample (of 2) from the Paleoarchean (3.51 Ga) 
Singhbhum Craton, India (0.61).

 A subset of 186 ancient organic-rich sedimentary rocks 
(SI Appendix, Table S3 )—those for which reliable ages are available— 
display systematic trends vs. age distribution ( Fig. 4 ). Of 82 
Phanerozoic specimens, 76 (93%) fall in the biogenic range. By 
contrast, 43 of 59 (73%) of Proterozoic samples and 21 of 45 
(47%) of Archean samples are labeled as biogenic with a similar 
degree of confidence. The significant decrease in percentage of 
labeled biogenic samples with increasing age may reflect the pro-
gressive degradation of biomolecules in older samples that have 
been subjected to extensive diagenesis (i.e., physical and chemical 
changes during lithification), metamorphism (alteration by tem-
perature and pressure), and/or metasomatism (chemical alteration 
by hydrothermal fluids). At the same time, we cannot rule out the 
possibility that the oldest samples in our survey incorporated a 
higher percentage of abiogenic organic molecules from meteorites 
or other sources ( 88 ).          

Model #3. A third test of biogenicity employed a biogenic training/
test set with 89 organic-rich Phanerozoic, Proterozoic, and 
Archean sedimentary rocks, including 25 samples in Group 4 plus 
64 shale and chert samples identified as biogenic based on their 
geological settings, significant organic content, and diagnostic 
carbon isotopic values. These 89 ancient biogenic samples were 
compared to 77 abiogenic samples from Groups 8 (42 meteorites) 
and 9 (35 synthetics; SI Appendix, Table S4). Model #3 differs 
from Model #2 in that it does not include Phanerozoic fossil wood, 
coal, and other hydrocarbon-rich materials. All 89 biogenic fossil 
samples were correctly classified. Furthermore, 70 of these samples 
(80%) had high-confidence biogenic class probabilities >0.60.

 However, 18 of 77 abiogenic samples (23%) in the training and 
testing sets, including 8 of 42 meteorites and 10 of 35 synthetic 
mixtures, were incorrectly classified as biogenic. Five of these mis-
classified samples have an incorrect biogenic class probability 
>0.60, including synthetic Kraton (0.61) and synthetic polystyrene 
(0.61), both of which are employed as GC–MS standards. Also 
misidentified are three shock-heated meteorites: the Sutters Mill 
CM2 carbonaceous chondrite (0.63), the Y 86720 C2 carbona-
ceous chondrite (0.61), and the Tissint Martian shergottite (0.62) 
( 89   – 91 ). These five false positive results point to the need for 
additional samples, especially a more diverse suite of abiogenic 
samples in future studies. Note that ROC curves (SI Appendix, 
Fig. S1C﻿ ) yield AUC = 0.873 and 0.863 for the training and testing 
sets, respectively. In addition to assessing the generalizability of 
our model we ran a 10-fold repeated CV on all 166 relevant sam-
ples to showcase a more accurate representation of our model’s 
errors. After repeated CV, Model #3 shows an accuracy of 91.6%, 
which shows a slightly increased accuracy when compared with 
our training-test split runs (SI Appendix, Table S6 ).

 We applied Model #3 to ancient organic molecular suites from 
42 sedimentary rocks, including 9 Phanerozoic, 9 Proterozoic, and 
24 Archean samples of unknown biogenicity (SI Appendix, 
Table S4 ). Model #3 classified all 42 unknown samples as biogenic, 
with 30 samples (71%) having ≥0.60 biogenic class probability 
and 23 with ≥0.65 biogenic class probability (55%). Of note, 
several Eoarchean and Paleoarchean samples have biogenic class 
probabilities >0.65, including 2 (of 3) samples of 3.8 Ga meta-
sediments from the Isua Greenstone Belt, Greenland [( 92 ,  93 ); 
biogenic class probabilities 0.67 and 0.68]; 3 samples from the 
3.5 Ga Apex Chert and Dresser Formation, Pilbara Craton, 
Western Australia [( 23 ,  27 ,  71 ,  94     – 97 ); 0.65, 0.69, and 0.75]; 
and 1 sample from the 3.5 Ga Theespruit Formation, Barberton 
Greenstone Belt, South Africa [( 98 ); 0.67]. Thus, consistent with 
morphological and/or isotopic indicators of biogenicity, our anal-
yses suggest that the organic matter in these samples is biogenic 
in origin.  

Models #2 and #3 Combined. Together, Models #2 and #3 
described above suggest a conservative strategy for assessing 
biomolecular signatures among significantly degraded suites of 
organic molecules in Proterozoic and Archean chert and shale. 
At this stage of our investigations, the biogenicity of many 
samples remains indeterminate by one or more of the approaches 
described above. However, we suggest that any unknown ancient 
organic-rich sample that scores ≥0.60 biogenic class probability 
in both Model #2 and Model #3 above is likely to be biogenic. 
Note that with these criteria none of the abiogenic samples in 
Groups 8 or 9 yield false positives. Applying this ≥0.60 criterion 
to the unknown ancient samples from our inventory recorded in 
SI Appendix, Tables S3 and S4, we assign a biogenic origin to the 
organic molecular suites in 11 samples of ancient sedimentary 
rocks (Table 2).

Fig. 4.   The percentage of biogenic (vs. abiogenic) samples classified by 
random forest Model #2 increases significantly through time for rocks from 
Archean to Proterozoic to Phanerozoic eons.D
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 Our results thus support the biogenic origins of organic molecular 
suites from the Paleoproterozoic (2.30 Ga) Gowganda Formation of 
Ontario, Canada ( 100   – 102 ); the Neoarchean (2.52 Ga) Gamohaan 
Formation, Kaapvaal Craton, South Africa ( 103 ,  104 ); the Neoarchean 
(2.66 Ga) Jerrinah Formation of the Fortescue Group, Western 
Australia ( 105 ,  106 ); and the Paleoarchean (3.33 Ga) Josefsdal Chert 
of the Barberton Greenstone Belt, South Africa ( 53 ). The latter exam-
ple is of special interest because extraterrestrial organics have been 
described as occurring in a 3.33 Ga sediment layer from the Josefsdal 
Chert ( 88 ). Based on the use of meteorite organics in our training 
and testing sets, we are confident that the organics in this sample are 
not predominantly of meteoritic origins. This ability to discriminate 
between biogenic and meteoritic organics has special relevance to the 
analysis of astrobiological samples, for example sediments analyzed 
on or returned from Mars.   

Photosynthetic vs. Non-Photosynthetic 
Organisms

 Photosynthesis has been a significant metabolic strategy for most of 
Earth’s history, as revealed by geological and geochemical evidence 
for the Neoarchean and Paleoproterozoic rise of atmospheric and 
oceanic oxygen ( 107 ,  108 ), the preservation of cyanobacteria and 
algal fossils in many Proterozoic cherts and shales ( 28 ,  109   – 111 ), and 
bacterial genomic trees ( 112 ). A major effort in molecular paleontol-
ogy has been to detect evidence of cellular metabolic strategies, such 
as photosynthesis, via the survival of diagnostic molecules and molec-
ular structures, including porphyrins ( 113   – 115 ), thylakoids ( 116 ), 
steranes ( 117 ), and constituents of leaf cuticles ( 118 ,  119 ). However, 
no molecular study has provided unambiguous biomolecular evidence 
for phototrophy earlier than 1.75 Ga, although a photosynthetic 
origin for more ancient organic matter is routinely accepted based on 
morphological and isotopic evidence, as well as molecular clock anal-
yses that suggest an Archean origin for oxygenic photosynthesis ( 120 ). 
Furthermore, some experts argue that photosynthesis is the only 
plausible origin for organic molecules in any sedimentary rock with 
a total organic carbon content greater than a few weight percent ( 121 ).

 Despite the complexities of the evolution of photosynthesis and 
the occurrence of multiple extant phototrophic biochemical path-
ways ( 122     – 125 ), the detection of photosynthesis and other met-
abolic strategies is a promising target for machine-learning 
applications. We echo previous studies on Phanerozoic fauna  
( 12 ,  32 ,  34 ), albeit with much more ancient samples, that patterns 
of molecular fragmentation may preserve signals of metabolic 
processes long after specific diagnostic molecules have degraded. 

Accordingly, in random forest Model #4 we considered the com-
parison of Groups 1, 6, 8, 9, and 11 (107 samples of modern and 
fossil non-photosynthetic organisms, meteorites, and synthetic 
mixtures) vs. Groups 2, 3, 4, 5, and 10 (151 samples of modern 
and fossil photosynthetic organisms). Of the 259 training and test 
set samples, 242 were correctly classified (93% correct; SI Appendix, 
Table S5 ). ROC curves (SI Appendix, Fig. S1D﻿ ) yield AUC = 
0.922 and 0.924 for the training and testing sets, respectively. 
When we ran a 10-fold repeated CV on all 259 relevant samples, 
Model #4 showed an accuracy of 92.3%, which aligns well with 
our training-test split runs (SI Appendix, Table S6 ).

 The confidence with which these samples were assignable as 
photosynthetic vs. non-photosynthetic differs by group. All 42 
meteorite samples (Group 8) were correctly assigned, with an 
average photosynthetic class probability of 0.28, while all but 1 
of 35 synthetic samples (Group 9) were correctly assigned with 
an average photosynthetic class probability of 0.41. All but 2 of 
48 Group 5 fossil coal, wood, and other Phanerozoic hydrocarbon 
samples in the training set were correctly assigned as photosyn-
thetic, with a high average photosynthetic class probability of 0.72. 
The only misclassified samples were coal slag (photosynthetic class 
probability 0.46) that had been heated to temperatures >500 °C 
and charcoal (0.46) heated to >400 °C; therefore, any molecular 
biosignatures in these 2 samples were highly degraded.

 All 76 modern plant specimens (Groups 2 and 3) were correctly 
classified as photosynthetic with average class probability 0.84. Of 
21 modern animals, 19 were correctly assigned as non-photosynthetic 
with an average non-photosynthetic class probability of 0.69. By 
contrast, 6 of 8 fossil animal samples (Group 6) were incorrectly 
assigned, though with an indeterminate average photosynthetic class 
probability of 0.51.

 With only two exceptions, no incorrectly assigned sample in 
the training set had a class probability >0.60 or <0.40. The first 
exception is Mesoproterozoic (1.5 Ga) chert from the Yusmastakh 
Formation, Billyakh Group, northern Siberia, which is thought 
to incorporate organics from photosynthetic microorganisms 
( 126 ), yet which has a photosynthetic class probability of only 
0.34. Interestingly, this sample also had a biogenic class probability 
of 0.32 using Model #3, suggesting that any photosynthetic sig-
nature has been erased by diagenesis. Otherwise, this sample rep-
resents the only false negative in Model #4.

 The second exception was the hard exterior tissues of an assumed 
non-photosynthetic sea squirt (paraphyletic class Ascidiacea ), with 
a photosynthetic class probability 0.71. By contrast, the soft inte-
rior tissues had photosynthetic class probability 0.33—a typical 

Table 2.   Predicted biogenic samples based on ≥60% biogenic class probabilities from both Models #2 and #3 above
Sample # Sample Description Age (Ma) Probability Model #2 Probability Model #3

 RMH189  Ramsay Crossing  44  0.809  0.638

 RMH221  South Oman Salt Basin, U-shale  542  0.731  0.759

 RMH233  South Oman Salt basin, Sharum Fm.  560  0.757  0.702

 RMH273  HCs on native Cu *﻿ ﻿~1,000  0.700  0.668

 RMH274  HCs on native Cu *﻿ ﻿~1,000  0.731  0.642

 RMH239  Velkerri Fm., Roper Gp, Australia  1,400  0.723  0.801

 RMH282  Gowganda Fm.  2,300  0.726  0.830

 RMH372  Gamohaan Fm.  2,521  0.711  0.804

 RMH243  Jerrinah Fm., Fortescue Group  2,660  0.617  0.755

 RMH178  Josefsdal Chert  3,330  0.682  0.767

 RMH179  Josefsdal Chert  3,330  0.648  0.735
*Hydrocarbon deposits on native copper (99).
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value for an animal in Model #4. However, we have subsequently 
learned that sessile sea squirts are often coated with photosynthetic 
algae ( 127 ). Therefore, invoking the criteria that a confident pre-
diction of a sample’s photosynthetic origins requires a photosyn-
thetic class probability >0.60, we conclude that there are no false 
positives in this model’s training set.

 When we apply Model #4 to 131 Precambrian organic-rich 
sedimentary rocks of unknown affinities, we find that most sam-
ples have intermediate photosynthetic class probabilities <0.60 
and >0.40 (SI Appendix, Table S5 )—values that do not allow a 
confident assessment of phototrophy. Nevertheless, several samples 
display reliable evidence for photosynthesis with class probabilities 
>0.60 ( Table 3 ). Among these specimens is the Paleoproterozoic 
(2.30 Ga) Gowganda Group of Ontario, Canada (photosynthetic 
class probability 0.644). 

 In addition, while they do not meet the 0.6 threshold, all five 
specimens from different horizons of the Neoarchean (2.52 Ga) 
Gamohaan Formation, Campbellrand Group, South Africa have 
photosynthetic class probabilities between 0.54 and 0.58, which col-
lectively are suggestive of a photosynthetic classification. This forma-
tion is of special interest because its unique, three-dimensionally 
preserved carbonate microbialite fossils present compelling morpho-
logical evidence for Neoarchean photosynthesis ( 128 ,  129 ). Our 
machine-learning analyses thus complement these morphological 
observations by demonstrating that molecular evidence for photo-
synthesis has been preserved in the distribution of this sample’s diage-
netically altered molecular fragments, even though no diagnostic 
biomolecules remain intact.

 On the other hand, several Proterozoic and Archean samples, 
including the 1.8 Ga Duck Creek Dolomite ( 130 ,  131 ), the 2.5 
Ga Mount McRae Shale ( 132 ), several other units from the 2.5 
Ga Kaapvaal Craton ( 133 ), the 3.48 Ga Dresser Formation of the 
Pilbara Craton ( 23 ,  95 ), and the 3.5 Ga Theespruit Formation 
( 98 ), lie in the likely non-photosynthetic range, all with photo-
synthetic class probabilities <0.40 ( Table 3 ). As noted above, 
molecular analyses of such samples in some instances may primar-
ily reflect significant diagenesis of biomolecules rather than a 
non-photosynthetic origin ( 130 ,  131 ).  

Discussion

 In this study, we used py–GC–MS analyses of 406 varied organic-
rich samples combined with supervised machine learning to deter-
mine phylogenetic and physiological attributes of ancient life 
based on the distribution of diagenetically altered molecular frag-
ments. Rather than search for specific biomolecules, we explored 
the prospects of supervised machine learning to recognize patterns 
among molecular distributions—data that reveal both the inten-
sities of numerous peaks and regions of no intensity. Key findings 
include the earliest biomolecular evidence for:

• � The photosynthetic origins of organic molecules in the 2.52 Ga 
Gamohaan Formation, Campbellrand Group, South Africa, and 
the 2.30 Ga Gowganda Group, Ontario, Canada;

• � The biogenicity of organic molecules preserved in the ~3.51 
Ga Singhbhum Craton, India; the 3.33 Ga Josefsdal Chert of 
the Barberton Greenstone Belt, South Africa; and the 2.66 Ga 
Jerrinah Formation, Fortescue Group, Pilbara Craton, Australia;

• � The apparently non-photosynthetic origin of organic species 
in the 3.5 Ga Theespruit Formation, Barberton Greenstone 
Belt, South Africa, and the 3.48 Ga Dresser Formation, Pilbara 
Craton, Australia (with the caveat that diagenesis and/or met-
amorphism may have degraded any molecular evidence of 
photosynthesis).

 The most significant outcome of this research is demonstration 
of the potential for supervised machine-learning methods to dis-
cover biochemical information from highly degraded molecular 
suites as old as the Paleoarchean Eon—samples in which no intact 
biomolecules have been preserved. Two opportunities hold the 
promise for significant advances in this effort.

 First, substantially more samples need to be evaluated, especially 
more proportionately balanced numbers of samples in varied 
groups for training and testing. Furthermore, with the exceptions 
of carbonaceous meteorites, our sample inventory is notably lack-
ing in ancient abiogenic samples. While it is difficult to be confi-
dent of the abiogenicity of organic matter in any Proterozoic or 

Table 3.   Predicted photosynthetic/non-photosynthetic samples based on photosynthetic class probabilities
Sample # Sample Description Age (Ma) Photosynthetic Class Probability
﻿Predicted photosynthetic﻿

 RMH233  South Oman Salt Basin  560  0.688

 RMH079  Rysso Fm., Svalbard  750  0.626

 RMH091  Svanbergfjellet Fm., Spitsbergen  810  0.607

 RMH242  Velkerri Fm., Australia  1,400  0.723

 RMH093  Irregully Fm., Australia  1,500  0.619

 CW045  Shungite, Karelia, Russia  2,000  0.654

 RMH282  Gowganda Group, Ontario, Canada  2,300  0.644

 RMH372  Gamohaan Fm., South Africa  2,520  0.579
﻿Predicted non-photosynthetic﻿

 RMH193  Kockatea Shale, Australia  254  0.305

 RMH244  Duck Creek Dolomite, Australia  1,800  0.290

 RMH095  Michigamme Fm., Michigan  1,850  0.381

 RMH200  Mount McRae Shale, Australia  2,500  0.294

 RMH208  Nauga Fm., Kaapvaal Craton, South Africa  2,501  0.298

 RMH211  Kamden Mbr, Kaapvaal Craton, South Africa  2,504  0.304

 RMH180  Dresser Fm., Pilbara Craton, Australia  3,480  0.373

 RMH248  Theespruit Fm., South Africa  3,500  0.389
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Archean sample, we can synthesize a range of Fischer–Tropsch 
products that might simulate ancient abiogenic organosynthesis 
( 134 ,  135 ).

 Additionally, our photosynthetic vs. non-photosynthetic dis-
crimination was performed using a machine-learning classifier 
trained dominantly on oxygenic photosynthetic organisms (e.g., 
plants, cyanobacteria, and algae). The inclusion of anoxygenic 
photosynthesizers in our training set might allow for discrimina-
tion among different kinds of photosynthesis as well as the iden-
tification of anoxygenic photosynthesis in paleobiological samples. 
Critically, the binning of organisms based on Linnean ranks and 
other arbitrary features may dilute the true contribution of a phy-
logenetic signal to our analytical data. An important opportunity 
is thus the determination of phylogenetic information from fossil 
biomolecules ( 8 ,  12 ). Advances in the understanding of 
Precambrian eukaryotes ( 136       – 140 ), terrestrial flora ( 141     – 144 ), 
and vertebrates ( 11 ,  29 ,  32 ,  145 ), demonstrate the potential of 
machine-learning applications.

 Furthermore, we have yet to fully exploit the opportunities pro-
vided by machine learning. In future work, our py–GC–MS anal-
yses will be combined with additional attributes of organic molecular 
assemblages, including C-H-N compositions; stable isotope ratios 
of C, H, N, O, and S; morphological data on well-preserved fossils; 
Raman spectra; Fourier Transform IR spectra; and other informa-
tion. Looking ahead, the use of isotopologues ( 146 ), especially 
position-specific isotopologues ( 147 ,  148 ), would provide an added 
dimension to such studies of paleotaxonomy.

 We conclude that information-rich attributes of ancient organic 
matter, even though highly degraded and with few if any surviving 
biomolecules, have much to reveal about the nature and evolution 
of life.  

Methods

Sample Characterization. We collected and curated 406 carbon-bearing sam-
ples from varied sources. A list of these samples and their attributes (e.g., biogenic 
vs. abiogenic, photosynthetic vs. non-photosynthetic, age, etc.) is provided in 
SI Appendix, Table S1.

Analytical Methods. py–GC–MS analyses were performed with a CDS 6150 
pyroprobe (CDS Analytical, Inc., Oxford, PA) interfaced with an Agilent 8860 series 
gas chromatograph interfaced with an Agilent 5999 quadrupole mass spectrom-
eter. An Agilent 30 M 5 % phenyl PDMS column was used for chromatographic 
separation. The GC oven temperature was programmed to hold at 50 °C for 1 min, 
then increase from 50 °C to 300 °C at a rate of 5 °C min−1, and then remain at 
300 °C for 15 min. Helium (UHP 5.5 grade) was used as the carrier gas, operating 
in constant flow mode. Samples (each 10 to 100 μg) were loaded into preashed 
(combusted under air at 550 °C for 3 h) quartz tubes, which were then inserted 
into the coil of the pyroprobe and flash pyrolyzed (ramp rate 500 °C s−1) to 610 °C 
and held for 10 s. The pyrolysates were immediately swept onto the GC column by 
the He gas and analyzed. The source was operated in electron ionization (EI) mode 
with 70 eV ionization energy at 250 °C. The mass selective detector scan rate was 
0.80 s/decade over a range of m/z 45 to 700, with an interscan delay of 0.20 s.

MS data were not collected for the first 2 min after injection to avoid overload-
ing the detector with small volatiles such as CO2 and H2O. In addition, since many 
of the samples were curated independently and displayed signals from C16 
(palmitic) and C18 (stearic) fatty acids—common components of fingerprints and 
“slip agents” added to plastic sample bags to keep them from sticking together—
we excluded the regions of the chromatograms after the region where these 
common contaminants elute. Note, however, that there is still a contribution to 
the examined chromatographic complexity from derivatives of such compounds 
(for example straight and branched long-chain alkanes, alkenes, and rearranged 
aldehyde and ketone derivatives of these species) that contribute to the precutoff 
region’s molecular complexity. We found there was little signal beyond m/z 200, 
thus the region considered in the computational methods was limited from 
2 to 35 min and m/z 45 to 200. Each sample was reduced to a two-dimensional 

matrix with 489,240 elements representing signal intensities as a function of 
mass and retention time, though many of the intensity values were zero (Fig. 1).

As in ref. 15, the data output are not immediately compared to existing librar-
ies to identify specific molecular compounds. Instead, the full three-dimensional 
output files are preprocessed and used in our machine-learning analysis. In other 
words, in our methodology, precise compound identification is useful but not 
necessary: rather, relational aspects of chromatographic and mass peaks are of 
interest. This approach underscores this method’s utility in identifying high-
dimensional and potentially unexpected patterns that are most indicative of a 
certain kind of sample, rather than relying on precise molecular fragments that 
may not be the most advantageous for making such a discrimination. In addition 
to identifying the provenance of ancient samples on Earth, data-driven discovery 
represents a promising pathway for detecting alien biology (15).

Machine-Learning Analysis. We trained machine-learning models using three-
dimensional data that included chromatographic retention time, mass-to-charge 
ratio, and intensity values for each sample. The data generated and analyzed in 
this manuscript can be found on the Open Science Framework repository titled 
“Organic geochemical evidence for life in Archean rocks identified by py–GC–MS 
and supervised machine learning” (https://doi.org/10.17605/OSF.IO/G93CS). 
The code for the paper can be found at https://github.com/PrabhuLab/PyGCMS-
Biosign-ML. All data, code, and materials used in the analysis are available to 
any researcher for purposes of reproducing or extending the analysis. Licenses 
for the data and code usage and relevant attribution information will be updated 
on the respective repositories.

Peak intensity was normalized on a scale from 0 to 1, while time and mass/
charge were analyzed as collected in 3,240 scan time steps (with each scan 
representing 3 s) and one m/z increments over the range from m/z 50 to 200, 
respectively. Our machine-learning approach allows us to identify diagnostic sets 
of feature sets of retention time and m/z values that distinguish between our 
assigned classes in a model. The K-fold cross-validation method has applied 
overcome the concern of overfitting to the training data.

Preprocessing. Each of the 406 analyzed samples was represented as a two-
dimensional matrix, where the rows and columns represent the scan numbers 
and m/z ratios, respectively, and the entries are the corresponding intensities. 
For each sample and m/z value, we performed the preprocessing steps in the 
chromatographic direction, stabilized the variance of the intensity values by tak-
ing the square root, smoothed the values by taking the moving average of its 
current and its immediate five nearest observations on each side, and subtracted 
the baseline, where the baseline estimation was based on the Statistics-sensitive 
Non-linear Iterative Peak-clipping algorithm (SNIP) (149), using the R-library, 
MALDIquant (150).

Intensity values were normalized via min–max normalization (151), followed 
by peak detection in the chromatographic direction for each m/z ratio. Peaks 
were detected as local maxima above 4 × signal-to-noise ratio, where the noise 
was estimated by calculating the median absolute deviation using the R-library, 
MALDIquant (150). After eliminating near-zero variance and strongly correlated 
features using the R-library caret (152), the data were reduced to 8,149 features, 
which are the detected combination of scan number and m/z values. These 406 
py–GC–MS data files are available at (https://doi.org/10.17605/OSF.IO/G93CS).

Model Choice. We picked the random forest method because it is highly accu-
rate, computational lightweight, and interpretable. The random forest method 
is an ensemble classification method that constructs a collection of decorrelated 
decision trees (38). The exploration of better classifiers and their benefits with 
respect to tradeoffs between accuracy, applicability, and interpretability will be 
one of the next steps in our paleobiological study. We used the random forest 
model from the R-library RandomForest (153).

Model Validation. We used two validation strategies for the trained machine-
learning model. First, we used a 75/25 training-test split using stratified ran-
dom sampling, where the model was trained on 75% of the samples and the 
accuracy assessed on the remaining 25% of the samples. Additionally, we 
also tested the accuracy of our four models using three repeats on a 10-fold 
cross-validation. Repeated k-fold cross-validation provides a way to improve 
the estimated performance of a machine-learning model. This step involved 
repeating K-fold CV multiple times and reporting the mean results from all the D
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folds and all runs. Such a result is expected to be a more accurate representation 
of a model’s error. The results from the 10-fold repeated CV are presented in 
SI Appendix, Table S6.

Data, Materials, and Software Availability. The data generated and analyzed 
in this manuscript can be found on the Open Science Framework repository titled 
“Organic geochemical evidence for life in Archean rocks identified by py–GC–MS 
and supervised machine learning” (https://doi.org/10.17605/OSF.IO/G93CS). 
The code for the paper can be found at https://github.com/PrabhuLab/PyGCMS-
Biosign-ML. All data, code, and materials used in the analysis are available to 
any researcher for purposes of reproducing or extending the analysis. Licenses 
for the data and code usage and relevant attribution information will be updated 
on the respective repositories.
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