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Methods and samples
 
The archaeological samples
 
FLK Zinj, DS and PTK are located in the junction between the main and secondary branches of Olduvai Gorge in northern Tanzania. All three anthropic assemblages lie on the same paleosurface underneath Tuff IC in Bed I. Their chronology is well constricted by two volcanic tuffs: Tuff IB and Tuff IC, which have been dated by argon-argon (40Ar/39Ar) to 1.848 ± 0.003 Ma and 1.848 ± 0.008 Ma(1) respectively. The mineralogical composition of the Zinj clay stratum supports the presence of two distinct archaeological levels. Level 22A shows a more hydrologically closed system than level 22B but both sedimentary processes occurred in very low-energy conditions(2) and the assemblages probably formed in less than one or two years (3). The highest concentrations of stone tools and fossil bones are preserved in Level 22A at FLK Zinj and PTK and in Level 22B at DS. 
 
The FLK-Zinjanthropus archaeofauna has played a critical role in the reconstructions of early hominin behavior during the past fifty years. The site has been studied by several researchers, and a wealth of detailed information exists about its formation and autochthonous nature, the contribution of hominins and carnivores to the as­semblage, the inferred carcass foraging strategies of hominins, the character­istics of the surrounding environment, and the spatial properties of the distri­bution of the remains(4–15). Most studies of FLK Zinj have concluded that hominins were actively accumulating carcasses at FLK Zinj, which were probably acquired through primary access (hunting or confrontational scavenging from felids)(4, 7, 16).
 
The bovid MNI of FLK Zinj (based on postcrania) is estimated at 21 carcasses ((4, 7, 16)). There are seven small and thirteen medium-size bovids represented, which have been attributed  to Antidorcas recki (MNI = 7), Connochaetes sp., (MNI = 2), Parmularius altidens (MNI = 4), Kobus sigmoidalis (MNI = 7) and, additionally, a larger animal represented by Syncerus sp. (MNI= 1).
The skeletal part profiles show that all anatomical parts are represented and, although the less dense bones are underrepresented, the axial skeleton makes up about one third (in MNE) of the assemblage. This high presence of axial elements suggests that carcasses may have been transported complete or almost complete by hominins to the site. The well-preserved cortical surfaces of the faunal remains have yielded taphonomic evidence of primary access to carcasses by hominins. Cut mark (20%) (Table 3) and percussion mark (15%) frequencies on appendicular bones indicate that hominins disarticulated, defleshed, and demarrowed the carcasses before carnivores (Domínguez-Rodrigo et al., 2007). After that, carnivores had access post-depositionally to the assemblage and ravaged the bones. Most of the tooth marks are concentrated (14.9%) on the grease-bearing ends of long bones(7).
At DS, most of the archaeological deposit lay very close to the surface, and intensive excavations by TOPPP (The Olduvai Paleoanthropology and Paleoecology Project) have exposed an area of 554 m2, which makes it the biggest open window to the African Early Pleistocene. Level 22B contains the bulk of the archaeofaunal collection and is exceptionally well preserved. This layer has yielded 3458 bone fragments and 1183 lithics, if considering the fraction longer than 20 cm. The assemblage is autochthonous, largely undisturbed, and has preserved its spatial properties, which has enabled conducting a detailed in-site spatial exploration.
 
There are a minimum of 33 ungulates represented at the site. The majority of the fossil specimens belong to bovids of the genera Kobus (MNI = 11), Parmularius (MNI = 4), Megalotragus (MNI = 2), Connochaetes (MNI = 4), Tragelaphus (MNI = 2), and Antidorcas (MNI = 5). The remaining represented ungulates are Equus (MNI = 3), Hippopotamidae (MNI = 1) and Kolpochoerus (MNI = 1). The DS 22B assemblage presents a strong anthropogenic signature. The distribution of cut marks on long bones indicates that hominins had access to meat resources prior to any other carnivore (Table 3). The predominance of hammerstone breakage patterns suggests that they were also accessing the marrow content of bones. The distribution of cut marks on long bones matches that of experiments that model primary access to fleshed carcasses by hominins. Cut marks appear on 10.2% of the bone specimens. In contrast, tooth mark frequencies are very low (1.9%) and also correspond to experimental scenarios of carnivores having access to hominin hammerstone-broken bones. Felids were not involved in assemblage formation. The prey mortality profiles suggest that the predominant hominin meat acquisition strategy was hunting. DS was probably used as a central place by hominins, and likely formed as the result of the systematic short-distance transport of complete small and several medium-sized carcasses to the site, and the occasional input of partial medium-sized carcasses.
 
Between 2012 to 2019, twenty-six trenches were opened at PTK generating an area of 185 m2. The mineralogical composition of the Zinj clay stratum supports the presence of two distinct archaeological levels formed at different times with different environmental conditions. The restricted erosion documented at PTK was mostly caused by continuous surface runoff during the wet seasons(15, 17). The faunal assemblage is dominated mainly by small and medium-size bovids such as Kobus sigmoidalis (MNI = 6), Antidorcas recki (MNI = 2), Connochaetes sp. (MNI = 2), Parmularius altidens (MNI = 1), Hippotragini (MNI = 1), Equus oldowayensis (MNI = 1), Hippopotamidae (MNI = 1) and Suidae (MNI = 1). The MNI (20) has been estimated with the postcranial skeleton, and includes nine small carcasses and eleven medium carcasses.
PTK’s level 22a is composed of a dense concentration of stone tools (n = ~ 497) and fossil bones (n = 1265) spatially associated. Overall, the assemblage appears to be well preserved and only minimally affected by post-depositional processes. The faunal assemblage is dominated mainly by small and medium-size bovids as Antidorcas sp. and Kobus sigmoidalis. The MNI has been estimated at 20 individuals, nine for small carcasses and eleven for medium carcasses. The skeletal part profiles include elements from most of the anatomical areas but the majority are represented by long limb bone shafts meanwhile vertebrae and ribs are under-represented. Appendicular bones are represented by meaty and marrow-rich long limb bones (upper and intermediate limb bones), with high frequencies of butchery (31.5%) (Table S1) and percussion (21.6%) marks on their shaft sections.  A scarcity of epiphyseal sections suggests that hyenas may have deleted these portions after hominin butchery. However, the very low incidence of carnivore damage (lower than 6%) suggests a negligible carnivore contribution to the assemblage.
 
Table S1. Number of cut-marked specimens from small/medium sized carcasses per meat-bearing long bone element at DS, PTK and FLK Zinj
 
	Element
	DS-CM/NISP (%)
	PTK-CM/NISP (%)
	FLK Zinj-CM/NISP (%)

	Humerus
	14/224 (6.25)
	14/78 (17.9)
	25/87 (28.7)

	Radius-ulna
	21/172 (12.21)
	3/55 (5.4)
	27/93 (29)

	Femur
	13/141 (9.22)
	8/68 (11.7)
	11/65 (17)

	Tibia
	15/187 (8.02)
	17/9 (21.5)
	23/130 (17.7)


 
 
The experimental samples
 
A diverse set of experimental assemblages reproducing butchery of complete carcasses was used. This involved 10 complete carcasses: six deer (Cervus elaphus) and four sheep (Ovis aries) which were butchered using stone tools. No animal was killed for the purpose of this study. These samples were previously published in analyses of cut mark frequency and anatomical distribution(18, 19). The cleaning protocols and details of the experiments can be found in the original publications, but are summarized here. The sheep sample was composed of a total of 401 bone fragments (humerus, femora, radio-ulnae and tibiae) belonging to four individuals. They were dismembered by four groups of three butchers, using simple chert and quartzite flakes. After butchery, the bones were cleaned with neutral detergent to remove small scraps of flesh. Then, after bones had dried, cut marks were identified with 10x-20x hand lenses.
 
The second experimental collection corresponds to six adult deer, acquired in legally organized hunting parties. They were skinned, butchered and disarticulated with three different sets of stone tools, all of them made of flint, corresponding to two carcasses per tool set. The six animals were butchered by the same expert hunter (with 30 years of experience in butchery, using metal tools). Both filleting and disarticulation were made with the animal lying on one side on the floor. The butcher always used stone tools (except for evisceration) and butchery was performed as follows:  First, the deer was eviscerated in the field with a metal knife in order to make the carcass lighter for transportation to a secondary butchery spot. This was done carefully, and the only potential marks created during this process may occur on the ventral side of ribs. The animal was then skinned. This activity was carried out by cutting around the proximal metapodial epiphyses, as well as on the medial and lateral sides of tarsals and carpals. The skin was then removed with stone tools aided with pulling actions on the skin. The hunter was assisted by another individual holding the legs of the animal during skinning and disarticulation. When the deer was totally skinned, the next step was to fillet each bone, without disarticulating them. After filleting, disarticulation was carried out from hindlimb to front limb. Femora and humeri were dismembered from pelves and scapulae, respectively. When each deer was completely disarticulated, the bones were buried (always grouped according to individual animal) for six months to allow the soil to clean them naturally. They were then dug up and cleaned only with water and neutral soap to remove adhering sediment.
 
Additionally, 12 carcasses obtained at lion kills in Tarangire National Park (Tanzania) were also included in the analysis(20) (Table S2). After lion consumption, the surviving flesh scraps were also butchered with stone tools. Cleaning and study of the resulting cut marks followed the same protocol as for the complete carcass butchery sample. Bones were inspected under strong light (60W) with hand lenses (10x-20x) and cut marks were introduced into 3D templates of each element using the new Ikhnos software(21). Ikhnos is a dynamic 3D geospatial software that allows for the storage,  rotation and virtual manipulation of long bones as if they were real elements. Marks can then be digitized on these 3D templates in accordance with their location on the analysed bones. The exact spatial coordinates can be then be obtained and statistically analyzed in an external statistical software environment. For the purpose of this study, the R programming language was used. The resulting mark assemblage(s) using each element can also be displayed in the form of longitudinal series along the A-axis of each long bone. This series (arranged in the same fashion as time series) has been used in an expanded version of the single-bone longitudinal series, by placing all long bones (from upper to lower) sequentially(21). Here, we will follow the same approach, and will divide the complete series of the five meat-bearing bones together (humerus, femur, radius-ulna and tibia) into 120 bins, each representing a percentage of the length of each element. Then, cut marks found in each of the bins will be quantified and then compared among equivalent elements from different assemblages. The present study will prime patterning over absolute mark frequency, since the latter is more stochastic and depends on the interplay of several variables, whereas the latter is structurally dependent on the combination of the ergonomics of butchery and flesh availability(21).
 
A recent study of patterning, based on the density (i.e., proportional distribution of marks) and intensity (i.e, their frequency per unit of area) showed that butchery of small and large animals displayed a similar anatomical pattern of cut mark occurrence and clustering(21). For this reason, here we include small (sheep) and medium-sized (deer) carcasses in the primary access (i.e., butchery of completely-fleshed carcasses) sample. This diversifies this sample and, thus, increases the diversity and heterogeneity thereof, by expanding its potential overlap with the opposing opportunistic scavenging scenario. We do not seek to minimize inter-sample variance, but to maximize it in order to derive robust classifications by approaching the opposite experimental groups instead of maximizing their separation. The same approach was used with the secondary access (i.e., exploitation of lion kills) sample, which was not limited to medium-sized animals, but also included small carcasses (Table S2). Each carcass was individually entered in the Ikhnos software and counted as one sample unit.

	Table S2.  Tarangire carcasses included in the secondary access subsample for the present study, including the number of lions that consumed them (after Gidna et al. 2014). 


	carcass nº
	Habitat
	prey
	nº lions

	1
	Bush
	warthog
	

	2
	Bush
	wildebeest
	7

	3
	Bush
	warthog
	

	4
	Bush
	zebra
	7

	5
	Bush
	zebra
	4

	6
	Forest
	zebra
	4

	7
	Forest
	zebra
	4

	8
	Plain
	wildebeest
	7

	9
	Forest
	wildebeest
	2

	10
	Forest
	wildebeest
	2

	11
	Forest
	zebra
	2

	12
	Forest
	wildebeest
	7




 
Analytical methods
 
Data augmentation
 
Given that comparisons among archaeological assemblages show great heterogeneity in frequencies of cut marks, probably due to intrinsic ways in which each archaeofaunal assemblage was butchered, processed and biased by post-depositional processes(22, 23), we laid special emphasis on the diversification of variance. For this reason, we implemented a two-stage transformation of the original dataset.
 
Once the single-carcass sample (baseline sample) was set to 22 carcasses (12 from lion kills and 10 from butchery of complete animals), we augmented it by implementing two alternative strategies. In the first stage, we made random intra-subsample combinations of carcasses; that is, for the primary and secondary access subsamples, we made within-group combinations of 5 carcasses per iteration. This contributed to a double goal. On the one hand, it diversified within-sample variance. Additionally, it provided a better proxy for comparison with the archaeological samples, since both of them were composed of several carcasses each and not just one (as in the experimental baseline samples). We generated 40 random combinations for the Tarangire lion subsample (out of the 3960 possible combinations) and for the complete carcass butchery sample (out of the 1260 possible combinations), so that the combined samples for each scenario amounted to 52 and 50 components for each group respectively. The random generation of these additional assemblages was carried out using random sampling procedures with replacement, similar to bootstrap. This programmed function selected five carcasses at each iteration. This baseline analytical sample was then used for classification by training and testing the time-series algorithms described below with it.
 
In the second stage, we adopted a different strategy to generate more data and add more variance to the original dataset. We did not use bootstrapping methods, because that leads only to repetition of already existing data (Courtenay and González-Aguilera, 2020). For this reason, we implemented Deep Learning (DL) based methods for the creation of realistic yet synthetic augmented data, using the baseline and combined datasets for both experimental groups (primary and secondary access to carcasses). This expanded the global sample for training as well as provided further diversification of within-sample components and variance. We accomplished this goal by implementing Generative Adversarial Networks (GAN) for tabular data augmentation. Data augmentation has become a major analytical trend(24–27) since it creates new data that are similar to (but not the same as) the original data. It enables the use of “private” data without legal liabilities by pseudo-replicating it. For science, it provides a very efficient way to amplify sample sizes by enlarging samples and their variances, since the individual cases replicated are unique and under no circumstance two individuals are exactly the same when dealing with multivariate data. This is specially relevant for medical imaging(28–30), where samples are always limited. From these fields it has expanded to other analytical disciplines(26, 31, 32). GANs were initially developed for image replication and image innovation and these areas are where they became most popular(24, 33–38).
 
[bookmark: _GoBack]GANs consist of the competing interplay of two DL neural networks with different functions. One, the generator, creates “fake” data using “real” data. The generator network captures the structure of each individual case of real data and tries to replicate it, without copying it in its entirety. The other network, the discriminator, tries to differentiate between the real data and the “fake” data generated by the generator. Each network creates feedback with the other and both compete to maximize their potential. For the discriminator it is about maximizing differentiation, and for the generator it is about maximizing deception over the discriminator by replicating data as close as possible to the real data. The competition between both neural networks is understood within a Nash equilibrium model (i.e. a zero sum game). The GAN model, thus, requires two neural architectures, two different costs and two different optimizers.
Structure of the GAN model.
 
For the present analysis, we selected a Conditional Tabular GAN (CTGAN)(39), which uses labels to train both the discriminator and the generator and is expressly optimized for tabular data. Tabular data augmentation poses unique challenges as it consists of mixed data types, columns with non-gaussian and multimodal distributions and highly imbalanced categorical columns. It is important to find a good representation of the data so that the GAN can learn the distribution without bias. CTGAN uses One-hot encoding for representing the discrete columns.  It uses mode-specific normalization instead of a min-max normalization to handle complicated distributions of continuous columns. Finally, a row of data is represented as a concatenation of continuous and discrete columns.
 
CTGAN uses two fully connected hidden layers in both the discriminator and the generator. Batch-normalization and Relu activation function is used in the generator whereas the discriminator uses the leaky relu function and dropout for each hidden layer. The model uses WGAN loss(40) and Adam optimizer in the training step.
 
The model uses a conditional generator to ensure that the samples account for minority categories as well. Training-by-sampling technique is used on the output of the conditional generator before feeding it to the discriminator. It discriminator calculates the loss by estimating the distance between the conditional distribution on the synthetic data and the real data.
 
CTGAN model is evaluated by estimating the Likelihood Fitness and the Machine Learning Efficacy. Likelihood Fitness determines whether the synthetic data follows the same joint distribution as the real data. Machine Learning Efficacy evaluates whether a classification or a regression model trained to predict one column using other columns results in similar accuracies for both synthetic and real data.
 
For the training of CTGAN, the Wasserstein loss function (WGAN), based on the Earth-Mover’s distance(40), was employed. Training was performed for 2000 epochs using the Adam optimization algorithm.
 
 
Statistical classification methods
 
Traditional time series are sequences of data distributed longitudinally along a temporal vector. They are very popular in econometrics, biomedicine, engineering and time-related disciplines. When these sequences are labeled and need to be used for classification, traditional classifiers (including machine learning algorithms) are not well suited because they assume conditional independence among different features (i.e., different components of the sequential series). In time-series sequences, each step is determined by the previous one and this assumption is not tenable. For this reason, specific algorithms have been created to deal with the intrinsic inter-dependence peculiarities of features in time series. All the algorithms that we will use here are adapted to comparisons of longitudinal sequences of the same length. For our analysis, we used the PYTS (Python Package for Time Series Classification) library using Python 3.7.  We applied the algorithms using Jupyter Notebooks, with the following dependencies: NumPy 1.19.4, SciPy 1.4.1, Scikit-Learn 0.23.2, Numba 0.52.0 and PYTS version 0.11. PYTS provides preprocessing and utilities tools that prepare data for analysis and contains a large series of algorithms. We used three different types of algorithms. One set was aimed at classifying groups using the time series raw data: NN BOSS VS and SAX-VSM. The other set was based on feature extraction and correlation: BOSS and WEASEL. These types of algorithms are better at capturing correlation of time series features and predicting or classifying label-specific sequences. Finally, we also implemented one imaging time-series algorithms: Markov Transition Fields (MTF). This algorithm transforms time series data into images. These are subsequently classified using DL (including convolutional neural networks). A description of each of the algorithms used is displayed in Table 5. For the feature extraction and correlation algorithms and for the imaging classification algorithms, we stacked (ensemble learning style) additional classifiers. For WEASEL, we used a logistic regression. For MTF, we used logistic regressions as well as random forests (see Table S3).
 
 
Table S3. Main TSC (Time Series Classification) algorithms used in the present study.
	 Algorithm
	Brief description

	1-NN BOSS VS (one nearest neighbour bag-of-SFA-symbols vector space)
	It combines the Symbolic Fourier Transformation with the bag-of-words model resulting in SFA strings for a series of subsequences along the longitudinal data set. It has high accuracy properties and is very robust to noise. The method composes classes using term frequency-inverse document frequency(41).

	SAX-VSM (Symbolic Aggregate AproXimation and Vector space Model)
	Based on structural similarity, it uses high-level representation of the longitudinal sequence. It does so through the use of a Bag-of-Pattern approach by means of SAX. This tallies the frequency of similar patterns along a sequence. Data are transformed in a vector space and classification is made using an Euclidean distance to their raw frequencies(42).

	BOSS (Bag-of-Symbols)
	It extracts subsequences from a series. Local structures are captured with histograms. These offer invariance to distortion and other noises. Structural similarity is found through the use of histograms within a vector space model approach in a similar manner to the bag-of-words structural method.Sliding windows are used and patterns are detected through the use of SAX(43).

	WEASEL (Word ExtrAction for time SEries cLassification)
	This method transforms time series into feature vectors across multiple sliding windows. These are subsequently trained through traditional machine learning algorithms. The method uses “aggressive” statistical feature selection, resulting in data dimensionality reduction prior to the application of learners(44).

	MTF (Markov Transition Field)
	Based on Tiled Convolutional Neural Networks (TCNN), the method retrieves longitudinal data from the series and transforms them into a Markov Transition Field (MTF). This latter preserves information in the time scale. Data is discretized in the form of quantile bins. The resulting graph is a probability map. MTF creates tiled images that are subsequently analyzed through deep CNN(45).


 
 
For the stage 1 analysis, the experimental sample used consisted of the combined-carcass subsamples (n=52 for the Tarangire lion sample and n=50 for the Complete Carcass Butchery sample). This set was divided into training (70%) and testing (30%) sets. Given that the sample is balanced, no measures of symmetry (e.g., F1-score) were used with the Time Series algorithms to assess balanced accuracy. Before analysis, we compared the 3D data set that we were using to previous data sets that were analyzed merely for cut mark frequencies per bone portion and element and for which 3D data are not available yet(20, 46), and the diversity of locations with cut marks were more restricted in those published samples than in our augmented sample. Thus, data augmentation using a combination of carcasses had successfully reproduced a wider variance than previously documented using single-carcass samples. We were seeking this result, because specifically for the secondary access subsample, we wanted to model different stages of carcass modification following variable distribution of surviving flesh scraps after felid intervention.
 
Our analysis targeted two goals. One was to compare frequencies of anatomical distribution of cut marks, where more intensive cut marking would reflect different degrees of absolute abundance of cut marks in the anatomy of long bones. If butchery of large amounts of flesh had any reflection in the frequencies of resulting cut marks, we could then compare the contrast in frequency distribution between scenarios modeling primary and secondary access. In this approach, the number of cut marks could be a discriminatory factor between the experimental subsamples. The second goal was not as much concerned with absolute numbers of cut marks (very likely resulting from the interplay of a wide array of contingent circumstances), but with the locations where they appear. The question here was: do different types of access to carcasses show different anatomical patterns in cut mark clustering and distribution? For this purpose, cut marks documented per carcass were displayed in each series bin relative to their global frequency. Carcasses that were marked on the same anatomical locations would then reflect identical patterning, regardless of the amount of cut marks imprinted in each case. To reproduce both scenarios, all the algorithms were first run with the raw cut mark data, and then they were re-run with the relative cut mark data. Given that this anatomical distribution is less dependent on contingency, we further used the relative data sets as reflecting butchery behaviors and to model the two experimentally different types of access to carcasses.
 
After the classification tests were performed on the combined augmented sample, we proceeded to re-apply them on the GAN-augmented data set. The previous comparison between the raw data and the relative data sets showed that the absolute number of cut marks could bias specific subsample classification; however, when this bias was removed using relative cut mark distribution, distinct cut mark patterning was clearly differentiating the complete carcass butchery sample from the Tarangire lions sample. This also prevented misclassification because of the variable number of potential carcasses involved in any given assemblage. The higher the number the more likely the bias would be in favour of primary access scenarios; the lower the number, the bias would favor secondary access scenarios. For these reasons, we used first the relative data set (reproducing anatomical patterning instead of butchery intensity) as the template for further data augmentation using GANs. With this we generated a dataset targeting anatomical patterning according to behavior (primary or secondary access). Then, we proceeded to generate a second GAN data set targeting anatomical intensity, using then the raw data. Intensity, despite its higher degree of stochasticity, is also important because it can result from intensive removal of flesh scraps (e.g., secondary access to largely defleshed carcasses), or other behavioral variables (e.g., novice or expert butchery of complete animals or more frequent tool-bone contact caused by bulk defleshing). 
 
The GAN network structure, as defined above, was used to generate 150 new samples (evenly divided between both experimental scenarios) for patterning and 150 new samples for intensity. Of the different GAN options available, we selected one, specialized in generating tabular data. We intended to diversify the original sample beyond the baseline sample properties with the goal of approaching the potentially higher variance in the population. This pulls the boundaries of the experimental samples closer and is an excellent proxy for capturing nuances and variability in carcass butchery for both experimental scenarios that were not present in the original samples. Interestingly, the samples thus derived contain probably more variance than if we had expanded the baseline sample with additional real carcasses. The CTGAN that we used was implemented using the “ctgan” Python library. For an abridged and clear introduction to the use of GANs and data augmentation in palaeontology and archaeology see(47).
 
In both stages of analysis (the combined sample and the GAN-generated expanded sample), the matrices containing the sequential series for the experimental data sets were also analyzed using a hierarchical clustering “average” method. This was performed in R (www.r-project.org).
 

[image: ]


Figure S1. Absolute logarithmic mean and standard deviation of the real data in the relative data set compared to the GAN generated data (i.e., fake data). 


Characteristics of the GAN augmented sample.
 
Prior to the generation of the artificial sample, the original data set displayed lack of data for both experimental groups in 18 bins, corresponding to equal number of small portions of the affected long bones. These were removed and the remaining 102 bins were then fed to the GAN neural network system. These bins were reset after completion of the GAN process, so that 120 bins were then passed to the Time Series algorithms described above. The original relative data was expressed between 0-1 as percentage distribution. GANs do not perform well with data close to zero. Given that GANs perform better with bigger contrasts in data, when using the relative data set, we amplified it 1000 times. This did not affect the proportional distribution of marks among samples or between experimental data sets. We did not follow this protocol when using the raw data. The GAN-augmented relative sample produced an artificial data set that fitted the real set well in its intermediate and upper mean values. More divergence was documented in the lower mean values, which probably constitute the part of the generated sample exhibiting wider variance (Fig. S1). The standard deviation of each of the 102 bins replicated artificially was virtually identical to the original data set, thus showing a similar distribution shape in most of the 120 bins of the sequence (Fig. S1). This can be appreciated in the cumulative sum of data values for both group samples and in the distribution of each of the replicated bins (Fig. S2). The sample kurtosis and shape (skewness) of the real and fake data were very similar and the GAN was as successful as to capture the bimodality of some of the bins subsamples (Fig. S3).
 

[image: ]
Figure S2. Cumulative sum and shape distribution of the real and the GAN-generated data using the relative data set, and examples of the match between real and fake data in the first seven bins.  






[image: ]
Figure S3. Shape distribution of the real and the GAN-generated data, considering the global distribution of both experimental data sets, and examples of the distributions in the first seven bins of the serial sequence. Real data refers to the relative experimental data sets. 


[image: ]

Figure S4. Absolute logarithmic mean and standard deviation of the real data in the absolute raw data set compared to the GAN-generated data (i.e., fake data). 


We created an R function to test the variance generated across the 102 GAN bins and compare it to the original data set. It surprisingly showed that the within-sample (i.e., real or artificial data set) variance was very similar. The real data set yielded a combined percentage average of variance of 0.0005 (sd=0.0011) and the artificial data produced an average of 0.0007 (sd=0.0017). The generated data was only slightly more diverse in shape distribution than the real data, but very similar. In contrast, the differences documented at the lower range of the replicated data (Fig. S1) were enough to make the artificial data more diverse and with a higher overlapping trend between experimental scenarios. Two machine learning (ML) classifiers were used to compare both data sets. A support vector machine (SVM) (with radial kernel) and a random forest (RF) (with a maximum of 500 replicates) were used. The parameters used were the default ones from the “caret”´s R library. Data were preprocessed (centered and scaled) and the model was 5-fold cross-validated. This resulted in the testing sets of the real data being classified with an accuracy of 0.933 (SVM) and 0.967 (RF) respectively. In contrast, the artificial data displayed slightly lower accuracy: 0.875 (SVM) and 0.89 (RF). This artificial data set, thus, introduced an element of diversity that was non-existing in the original data set from both scenarios and increased their internal diversity and global variance while showing similar accuracy in its preliminary classification.

Then, when reproducing not just anatomical patterning but also intensity resulting from meat removal, the raw data produced a GAN sample of 300 instances, which showed smaller variation than when using just relative percentages (Fig. S4). The resulting data reflected better the average values of the original data as well as their standard deviations (Fig. S4). The reproduction of data in each bin-variable was in general good (Fig. S5). The generated data, as was the case with the relative data set, also reproduced well the bimodality of some of the variables (Fig. S6). When using the original pre-augmented raw data, 100% of the testing sets were classified accurately (both by SVM and RF). In this case, the GAN augmented data testing set was classified with accuracy ranging between 0.888 (SVM) and 0.90 (RF). The real data produced an average variance of 57.92 (sd= 122.93), while the augmented data yielded an average variance of 78.11 (sd= 148.67). This showed that the augmented data had a slightly bigger spread when considering all bins corresponding to a larger variance. This probably impacted the lower accuracy of the artificial data. In both cases, using percentage distribution of cut marks (patterning) or raw distribution of cut marks (patterning + intensity) resulted in an expanded variance of the original experimental data sets. Interestingly, the preliminary classifiers yield virtually identical classification of the testing sets in both data types. Both were subsequently used for classification of the experimental sets using the Time Series algorithms and ensemble learning (EL).
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Figure S5. Cumulative sum and shape distribution of the real and the GAN-generated data using the absolute raw data set, and examples of the match between real and fake data in the first seven bins.  
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Figure S6. Shape distribution of the real and the GAN-generated data, considering the global distribution of both experimental data sets, and examples of the distributions in the first seven bins of the serial sequence. Real data refers to the absolute raw experimental data sets. 



Ensemble learning
 
In addition to the Time Series algorithms, we implemented models from ensemble learning, consisting of the joint use of weights of different learners on training and testing sets to classify the archaeological assemblages. The use of EL constitutes one of the latest advances in machine learning methodology. EL aims at improving the performance of algorithms in regression and classification(48–50). EL methods consider simultaneously multiple estimators to derive regression and classification decision boundaries. Broadly, there are two kinds of ensemble learning approaches. The first is based on putting together estimators sequentially by decreasing their bias and variance. This is where all the boosting and bagging (bootstrapped aggregating) methods belong. The other approach is based on the diversification of learners, by simultaneously using several types, each of them independently built, and either creating majority voting (classification) or averaging (regression) their results. The former set of EL methods has the advantage of dealing better with the high variability of method adequacy according to the sample characteristics, following Wolpert´s(51, 52) “no free lunch theorem”. EL averaging and voting methods allow mixing algorithms as diverse as random forests, neural networks, support vector machines, and even using boosting and bagging algorithms as part of the baseline analysis, such as gradient boosting machines, extra random trees and others.
 
Two similar EL methods excel at classification: blending and stacking(53). Stacking consists of generating a multiple layer structure of estimators with a hierarchy of base learners at the bottom and one or more meta-learners on top. The outputs of the base models are used by the meta-learners to elaborate the final prediction. Training at the base model level is done with k-fold cross-validation. Blending is a similar approach, since it also uses the base learners as the new-feature estimators. Instead of using a k-fold training data set, blending uses a separate holdout set. Base learners are trained on the training dataset, predictions are made both on the holdout set and the testing sets. The new prediction features are then used to create a meta-model, which in turn is used to make the final predictions.
 
Here, we used a Stacked model and a Majority Voting model based on a Deep Learning (DL) group of base learners and meta-learner showing the composition and classification results on the relative data set described in Table S4.
 
Table S4. Neural network architectures used for the EL stacked model and accuracies on their application on the testing sets of the data-augmented samples.
	Model
	Hidden layer sizes
	Batch size and max_iter
	Meta-learner hidden layer size
	Accuracy
(Baseline sample)
	Accuracy (GAN sample)

	nn1
	20,10
	64-1000
	20,10
	1.00
	0.64

	nn2
	20,10,5
	64-1000
	20,10
	0.97
	0.61

	nn3
	20,40,10
	64-1000
	20,10
	1.00
	0.55

	nn4
	30,15,5
	64-1000
	20,10
	1.00
	0.61

	nn5
	60,30
	64-1000
	20,10
	1.00
	0.63

	Model14 (EL)
	 
	64-1000
	20,10
	1.00 (F1=1.00)
	0.71 (F1=0.70)


 
 
 
Graphic display of cut marks
 
In addition to the statistical analyses and their graphic display in the main text, we also include here the complete distribution of cut marks on 3D templates of each of the five meat-bearing bones analyzed with Ikhnos (Figures S7 and S8). Intensity of cut marks is most abundant in primary access experiments, because they reflect bulk defleshing, compared to just scrap removal in secondary access experiments. Cut marks are also more abundant in the primary access scenario compared to the archaeological samples because of two important factors. One is that the experiments are based on 100% preservation of all bones, either because they are complete (Cervus elaphus subsample) or because the smallest fragments resulting from demarrowing have also been preserved (Ovis aries subsample). In contrast, the archaeological long bone samples analyzed here do not preserved complete elements or all the fragments belonging to the same original bones. Postdepositional loss caused by carnivore deletion, potential vulture and small carnivore intervention (moving fragments away from the excavated areas), and the sedimentary cycle involving low-energy hydraulic processes may in combination have resulted in the loss of several bone fragments. Carnivore impact, although minor in terms of bone surface modifications, may have been more significant if considering density-mediated long bone portion preservation, which affects some of the portions that bear most cut marks when butchery is performed on complete fleshed carcasses. As an additional cause, it can be observed that in the primary access experiments that most cut marks concentrate on stylopodials, which not only are most affected by preservation processes, but also exhibit a higher concentration of additional marks imparted during systematic dismembering (as documented on epiphyseal portions). The archaeofaunal assemblages coincide in displaying very few (if any) cut marks on these portions caused by secondary dismembering (i.e., disarticulation of long bone elements), as opposed to what happens in modern foragers´camps. This may potentially be a reflection of the socio-reproductive behavior of early hominins compared to modern humans(54).
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Figure S7. Display of cut marks on the 3D templates for each right meat-bearing long bone showing the exact occurrence of cut marks in both experimental scenarios and on the archaeological samples. Not all marks may be visible because of overlay of different experimental and archaeological assemblages. Figure created with Ikhnos. 
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Figure S8. Display of cut marks on the 3D templates for each left meat-bearing long bone showing the exact occurrence of cut marks in both experimental scenarios and on the archaeological samples. Not all marks may be visible because of overlay of different experimental and archaeological assemblages. Figure created with Ikhnos. 
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