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A B S T R A C T   

Predicting original flake mass is a major goal of lithic analysis. Predicting original flake mass allows for re
searchers to make estimations of remaining mass, lost mass, and other features. All these measures relate to the 
organization of lithic technology by past societies. The present work tests three different models to predict log of 
flake mass: multiple linear regression, random forest regression, and artificial neural networks (ANN). Estima
tions of flake mass were performed using the remaining features of flakes from an experimental assemblage. This 
assemblage was obtained by the expansion of a previous dataset through the inclusion of bigger flakes, allowing 
the analysis to account for the effects of sample size and value distribution. Correlation results show a large/ 
strong relation between predictions and real outcome (r2 = 0.78 in the best case). Comparison of the models 
affords insights into variable importance for predicting flake mass. Results show that (for the present dataset) 
multiple linear regression still stands as the best method for predicting log of flake weight. Additionally, 
transformation of predicted values from the multiple linear regression and true values to the linear scale re
inforces the linear correlation above the 0.8 threshold.   

1. Introduction 

“Curated” is a key concept for the analysis of lithic technological 
organization (Andrefsky, 2009; Binford, 1979; Nelson, 1991; Spry and 
Stern, 2016). Initially, “curated” was defined as encompassing a series of 
behavioral patterns related to provisioning strategies (Binford, 1979, 
1973). Further authors included tool transport, utilization in a wide 
range of tasks, anticipated production, hafting, and recycling (after the 
original tool had been discarded) among the adaptive behavioral stra
tegies that defined curation. Shott (1996, 1989) proposed an alternative 
interpretation of the term “curation” as the “ratio of realized to potential 
utility.” This shift in the definition of “curation” has deep implications 
for lithic analysis and the study of lithic technological organization, 
since it transforms “curation” into a continuous variable (Shott, 1996). A 
conception of “curation” as a continuous variable usually implies usually 
implies the degree of reduction or maintenance undergone by a tool 
(Shott, 2007, 1996, 1989). Additionally, the understanding of curation 
as a continuum also extends to the reduction approach (Dibble, 1995, 
1987; Rolland and Dibble, 1990; Shott, 2007), which considers pro
cesses of resharpening as a major factor driving the presence and fre
quency of tool types. Ethnographic studies also emphasize the role of 

retouch in resharpening dulled edges, in changes in morphology, or in 
variations in artifact use as morphology changes throughout reduction 
(Casamiquela, 1978; Gould, 1968; Nuevo Delaunay et al., 2017; Shott 
and Weedman, 2007; White, 1967). 

Usually, two approaches are employed to estimate the reduction and 
curation undergone by a retouched artifact. The first approach focuses 
on estimations made through measurements of reductions directly made 
on retouch. This has led to the proposal of several indexes that use 
different measurements, such as height of retouch, length of retouched 
edge, or projection of original angle (Bustos-Pérez and Baena, 2019; 
Eren et al., 2005; Hiscock and Clarkson, 2005; Kuhn, 1990; Morales 
et al., 2015). Although proposed indexes derived from this broad 
approach usually return high correlation values, they are conditioned by 
flake morphology, direction of retouch, or tool type (laterally retouched 
scrapers, endscrapers, bifacial products, etc.). Dibble (1995) noted the 
“flat flake problem” when applying Kuhn’s (1991) general index of 
unifacial reduction (GIUR). The “flat flake problem” states that a flake 
with a trapezoidal cross section (where the dorsal face is mainly flat) will 
promptly reach maximum values of GIUR although reduction continues. 
The effects of the “flat flake problem” do not seem to be particularly 
severe on the GIUR (Hiscock and Clarkson, 2005), but they exemplify 
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Contents lists available at ScienceDirect 

Journal of Archaeological Science: Reports 

journal homepage: www.elsevier.com/locate/jasrep 

https://doi.org/10.1016/j.jasrep.2022.103698 
Received 30 June 2021; Received in revised form 13 September 2022; Accepted 20 October 2022   

mailto:guillermo.bustos@uam.es
www.sciencedirect.com/science/journal/2352409X
https://www.elsevier.com/locate/jasrep
https://doi.org/10.1016/j.jasrep.2022.103698
https://doi.org/10.1016/j.jasrep.2022.103698
https://doi.org/10.1016/j.jasrep.2022.103698
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jasrep.2022.103698&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Journal of Archaeological Science: Reports 46 (2022) 103698

2

the possible limitations that these indexes may possess as a result of flake 
morphology. Shott’s (2005) extensive review of methods outlines the 
strengths and limitations derived from geometry, flake morphology, and 
assemblage suitability faced by each of the indexes. 

The second approach aims to estimate original flake mass based on 
remaining features. This approach has the advantage of not being 
conditioned by tool type, direction of retouch, or flake morphology. 
Estimating original mass and comparing it with remaining mass can 
provide highly useful measures, such as percentage of mass remaining, 
amount of mass lost, and other features. All these measures are in 
keeping with the curation concept as a continuous and with the reduc
tion approach. Initial controlled experiments showed highly promising 
results in the ability to predict flake mass from remaining features 
(Dibble and Pelcin, 1995). However, subsequent experiments based on 
the replication of knapping methods failed to obtain such high levels of 
correlation (Davis and Shea, 1998; Shott et al., 2000). Additionally, on 
some occasions, estimated original mass was lower than mass of flake 
after retouch (Davis and Shea, 1998). This posed an important drawback 
since, as Dibble (1998) states and Shott et al. (2000) reiterate: controlled 
experiments are useful only if results and variable relationships are ex
tendible to the archaeological record. Further research has explored the 
estimation of flake mass through the combination of several variables 
(Dogandžić et al., 2015; Shott and Seeman, 2017) and the determination 
of the best variables with which to perform estimations (Bustos-Pérez 
and Baena, 2021). 

Hiscock and Tabrett (2010) state the logical and analytical charac
teristics desirable for an index: inferential power; directionality; 
comprehensiveness; sensitivity; versatility; blank diversity; and scale 
independence. Following these characteristics, it can be stated that the 
first approach mentioned above is strong in inferential power, direc
tionality, comprehensiveness, and sensitivity. On the other hand, pre
sent systems to estimate flake mass are strong in inferential power, 
comprehensiveness, sensitivity, versatility, blank diversity, and scale 
independence. 

Most analysis focuses on the use of linear regression (usually using 
platform surface area as a proxy of flake mass) or the combination of 
several variables in multiple linear regression. The generalization 
afforded by statistical programming software (R Core Team, 2019; 
RStudio Team, 2019) allows for the implementation of regression 
models beyond simple linear regression. The present study uses and 
evaluates three common machine learning regression models (artificial 
neural networks, multiple linear regression, and random forest) for the 
estimation of flake mass. Additionally, each model provides insights into 
variable importance. 

2. Methods 

2.1. Experimental assemblage 

The sample for analysis was composed of 500 experimentally 
knapped flakes using hard hammers. The flakes are categorized ac
cording to 30 knapping sequences wherein a wide variety of knapping 
methods were employed—hierarchical (Levallois and hierarchical 
discoid), bifacial (discoid), and unipolar—to generate the experimental 
sample, ensuring a wide range of morphologies (Boëda, 1995a, 1995b, 
1993; Casanova i Martí et al., 2009; Terradas, 2003). This constitutes an 
expansion of a previous dataset employed for similar purposes (Bustos- 
Pérez and Baena, 2021), which increases the range of dimensions and 
mass of the assemblage. Although termination type influences flake 
mass, its influence on predicting original flake mass is considered re
sidual or nonsignificant (Clarkson and Hiscock, 2011; Shott et al., 2000). 
The experimental assemblage was dominated by flakes with feather 
terminations (89.8 %), although other types of terminations were pre
sent (Table 1). All selected flakes were complete. 

A key requirement of experimentations designed to estimate flake 
mass is that they are independent of external factors. To satisfy this 

requirement, the flakes were knapped with a wide variety of hammer
stones. The raw material of hammerstones varied widely (quartz, 
quartzite, sandstone, and limestone), which allowed for a diverse range 
of morphologies and potential active percussion areas. 

Comparison of the experimental dataset with the one from the pre
vious study (Bustos-Pérez and Baena, 2021) shows an increase in the size 
and average mass of experimentally knapped flakes (Table 2; Fig. 1). 
While in the previous study 50 % of the flakes had mass values between 
4.15 g and 14.02 g (Bustos-Pérez and Baena, 2021), in the present study 
50 % of the flakes weighed between 5.87 g and 26.96 g. This indicates 
that the expansion of the dataset was achieved by the inclusion of 
heavier and bigger flakes. Additionally, exploratory visual analysis of 
flake mass (Fig. 2) shows a highly skewed distribution, with flakes 
weighing between 10 g and 20 g the most frequent. 

2.2. Variable selection 

Previous work (Bustos-Pérez and Baena, 2021) employed best subset 
selection (Furnival and Wilson, 1974; Hocking and Leslie, 1967) to 
obtain the best model with the best explanatory variables. The present 
work maintains the previously selected variables and uses an expanded 
version of the dataset. Variables employed to predict flake mass are: 
average thickness, log10 of maximum thickness, number of scars, 
amount of cortex, external platform angle (EPA), log10 of platform size, 
and log10 of platform depth (Fig. 3).  

• Average thickness: mean flake thickness measured at 0.25, 0.50 
and 0.75 of flake length (Eren and Lycett, 2012).  

• Log10 of maximum thickness: log10 transformation of the highest of 
the three values of average thickness.  

• Number of scars: number of scars bigger than 5 mm (Scerri et al., 
2016).  

• Amount of cortex: measured on an ordinal scale. A slightly modified 
version of the triple cortex typology (Andrefsky, 2005; Fig. 4), with 
categories being: cortical (1), more than 50 % covered by cortex (2), 
<50 % covered by cortex (3), residual presence of cortex (4), and no 
cortex (5).  

• External platform angle (EPA): relation in degrees between the 
platform and the dorsal surface of the flake. Measured with a manual 
goniometer.  

• Log10 of platform size: log10 transformation of platform size 
measured in accordance with Muller and Clarkson (2016).  

• Log10 of platform depth: log10 transformation of platform depth. 
Platform depth corresponds to the measure presented by Muller and 
Clarkson (2016). 

Flake mass (in grams) was recorded using a Sytech SY-BS502 scale 
with 0.01 precision. All dimensional measures were performed using 

Table 1 
Terminations type for the complete experimental assemblage.   

Feather Hinge Inflexed Plunging Step 

Frequency 449 42 2 2 5  

Table 2 
Descriptive statistics of experimental assemblage.  

Variable Min. 1st 
Qu. 

Median Mean 3rd 
Qu. 

Max. 

Length (mm)  16.50  36.30  45.90  48.25  59.60  100.90 
Width (mm)  14.90  31.18  39.00  40.56  46.83  85.50 
Mean thickness 

(mm)  
1.80  6.06  8.52  9.25  11.28  26.50 

Platform surface 
(mm2)  

2.59  31.35  62.93  93.25  116.12  620.00 

Weight (g)  1.14  5.87  12.97  21.39  26.96  200.73  
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digital calipers to 0.1 mm. Two different opinions exist on how EPA 
should be measured (Davis and Shea, 1998; Dibble and Pelcin, 1995), 
and the difficulty of obtaining accurate measurements when the plat
form or surface is curved is acknowledged. Two methods for recording 
flake platform exist. The first method (Andrefsky, 2005) uses the prod
uct of platform width and depth. The second method (Muller and 
Clarkson, 2016) first ascribes the general platform morphology to a 
geometric figure (rectangle, triangle, rhombus, trapezoid, or ellipse); the 

templated area of the geometric figures in combination with the corre
sponding measurements is then employed to calculate platform area. 
The second system has been shown to better approximate platform size 
when compared with measurements from scanning techniques and to 
not overestimate platform size (Muller and Clarkson, 2016). Addition
ally, previous studies have shown a clear preference for the second 
method as a variable for predicting flake weight (Bustos-Pérez and 
Baena, 2021). Thus, only measures of platform surface derived using the 

Fig. 1. Scatter plot of experimental assemblage (after Bagolini’s [1968] scheme for plotting assemblage characteristics by length and width).  

Fig. 2. Histogram distribution of flake weight. Bins represent intervals of 10 g.  
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second method (Muller and Clarkson, 2016) were employed. 
Previous works have shown that it is easier to predict log10 of flake 

weight using log10 of platform size (Braun et al., 2008; Bustos-Pérez and 
Baena, 2021; Clarkson and Hiscock, 2011; Shott et al., 2000). Log 
transformations of variables are common, since they avoid negative 
results (necessary in the case of predicting flake weight), reduce skewed 
distributions, and can approximate parametric distributions (which fa
vors the inferential power of models). In the present study, all loga
rithmic transformations refer to the common logarithm (base 10), and 
the target variable was the logarithmic transformation of flake weight. 

Collinearity between predictors has previously been reported for 
platform surface and platform depth, and mean thickness and log10 of 
maximum thickness (Bustos-Pérez and Baena, 2021). For the present 
dataset, there is an important collinearity between log10 of maximum 
thickness and mean thickness (r2 = 0.879) and an expected moderate/ 
strong collinearity between platform depth and platform surface (r2 =

0.614). Awareness of these collinearities is important, since collinearity 

affects variable importance (making it hard to separate the individual 
effect of a variable on the response), reduces the accuracy of the esti
mates in a multiple linear regression, and can result in counterintuitive 
estimates (James et al., 2013). 

2.3. Regression methods 

Three methods were employed to estimate log10 of flake mass: 
multiple linear regression, artificial neural networks (ANN), and random 
forest regression. The multiple linear regression extends the simple 
linear regression in such a way that it can directly accommodate mul
tiple predictors (James et al., 2013, p. 71). 

Artificial neural networks (ANN) are constituted by layers that are 
made on nodes (Fig. 5). Each ANN has an input layer made of input 
nodes (unprocessed features from the dataset) and an output layer made 
of output nodes. The output layer represents the target variable and can 
have one (in the case of regression when the target is to predict 

Fig. 3. Example of features employed in the present study: measurements of thickness, EPA, number of scars, relative amount of cortex, and platform surface 
following Muller and Clarkson (2016). 

Fig. 4. Examples of experimental flakes with different amounts of cortex: 1) 100 % cortical; 2) >50 % cortical; 3) < 50 % cortical; 4) residual cortex; 5) no cortex.  
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numerical outputs) or several nodes (in the case of classification prob
lems). Nodes between layers are connected with parameter values that 
are estimated when the ANN is fitted to the data. An ANN where nodes 
from the input layer are directly connected to the output layer (no 
hidden layers) is directly comparable to a multiple linear regression. To 
model more complex relationships, ANNs use hidden layers (each 
composed of a series of nodes) between the input and output layers that 
process signals from the input data and their interactions (Lantz, 2015). 
The structure of the ANN according to the number of hidden layers and 
number of nodes in each layer is referred to as its topology. The present 
work uses the R package neuralnet v.1.44.2 (Günther and Fritsch, 2010) 
to train the ANN with backpropagation (Rumelhart et al., 1986). For the 
present work, the ANN topology is limited to having only one or two 
hidden layers. The number of nodes of hidden layer 1 ranges between 1 
and 4, while the number of nodes of hidden layer 2 ranges from 0 (no 
second hidden layer) to 4. All possible combinations were tested. 

Random forest regressions select random samples of the data and 
build trees for prediction (Breiman, 2001). As a result, each tree is built 
from different data, and the average is used as prediction. This adds 
diversity, reduces overfit, and provides higher-resolution predictions 
(Lantz, 2015). Additional to the random selection of data, random forest 
can be further randomized by providing the number of trees to train, the 
number of possible variables to split at each node, and the minimal node 
size. These are hyperparameters, whose values need to be provided to 
the model before training. A Cartesian grid search (to test for all possible 
combinations) is performed on the abovementioned hyperparameters, 
with the number of trees to grow for each model ranging from 500 to 
700 by 25; the number of possible variables to split at each node ranging 
from 1 to 5; and minimal node size ranging from 1 to 5. The R package 
ranger v.0.13.1 (Wright and Ziegler, 2017) was employed to train 
random forests. 

2.4. Machine learning evaluation 

With the exception of multiple linear regression, machine learning 
models and ANN are prone to overfit and need to be tested on data not 
previously seen by the models (Hastie et al., 2009; James et al., 2013). 
The present work employed a k-fold cross validation to estimate out-of- 
sample model performance. In k-fold cross validation, the dataset is 
randomly shuffled and divided into k folds. The first fold is employed as 
a test set, and the model is trained in the remaining folds. After this, the 
second fold is employed as a test set and the rest as a new training set. 
This process continues until all folds have served as a test set. Since the 
folds are shaped by the initial random shuffle, it is advisable to repeat 
this cycle a series of times. The present work employs a 10-fold cross 
validation (each fold having a sample of 50 elements) repeated 50 times. 

Machine learning regression models are evaluated using proportion 
of variance explained (r2 and adjusted r2), visualization of regression 
plots, visualization of residuals (difference between actual and predicted 

value) plots, density plots of residuals, and descriptive statistics of re
siduals. Proportion of variance indicates how much of the observed 
variation is explained by the model (James et al., 2013). The addition of 
predictors results in an increasing r2 irrespective of predictor contribu
tion to the model and making it impossible to compare models with a 
different number of predictors. Adjusted r2 is analogous to the r2 but 
adjusted to the number of explanatory variables, thus making model 
comparison possible. Adjusted r2 is required for the multiple linear 
regression model in order to make comparisons, while r2 is required for 
the rest of the models. 

Adjusted r2 indicates how strongly predictions are related to the true 
value, but it does not indicate how far predictions fall from the true 
value (Lantz, 2015). Mean average error (MAE) and root mean squared 
error (RMSE) provide values of how far predictions fall from the true 
value (Lantz, 2015; James et al., 2013). MAE measures the average 
magnitude of errors, regardless of signal. RMSE also provides a measure 
of distance between predicted and actual values, although it punishes 
large errors. A perfect model will have MAE and RMSE values of 0. In 
general, better models will have lower values of MAE and RMSE. 

A regression plot provides a scatter plot of predicted and true values 
along its regression line. In a good model, the regression line will pass 
through the center of all points, which will be evenly distributed above 
and below. The residuals plot provides a scatter plot of true values and 
residuals (difference between true value and predicted value), allowing 
for observation of whether there is systematic bias in the model. The 
residual plot of a good model will have the points evenly distributed on 
the zero value. 

Collinearity of the abovementioned pairs of predictors is addressed 
by two means: first, by calculating variance inflation factor; and second, 
by comparing performance metrics values and residual distribution of 
the best models without collinear variables. Variance inflation factor 
provides a measure of correlation between predictors and their effects 
on the model. In the present study, variance inflation factor is calculated 
using the R package car v.3.1.0 (Fox and Weisberg, 2018). Thresholds 
for evaluating variance inflation factor values vary, although commonly, 
values between 1 and 10 are considered inconsequential, values be
tween 10 and 30 are cause for concern, and values above 30 are 
considered seriously harmful (Marquardt, 1970; O’brien, 2007). At 
present, the package car only allows for the calculation of variance 
inflation factor for multiple linear regression. Although the different 
nature of the models can result in different effects of collinearity, results 
from calculating the variance inflation factor in the multiple linear 
regression can be extrapolated to the random forest and the ANN. While 
retrieving pairs of collinear variables allows for the determination of 
variable importance, it is important to keep in mind that collinearity 
between predictors does not affect predictions and the inferential power 
of a model (Alin, 2010; Paul, 2006). 

The complete workflow was developed using the R language 
(v.4.0.2) in the RStudio IDE (v.1.4.1103; R Core Team, 2019; RStudio 
Team, 2019). The package tidyverse v.1.3.1 (Wickham et al., 2019) was 
employed for data manipulation and representation. The packages leaps 
v.3.1 (Lumley based on Fortran code by Alan Miller, T., 2020) and lattice 
v.0.20.45 (Sarkar, 2008) were employed additionally to the previously 
mentioned packages for model training. The package caret v.6.0.92 
(Kuhn, 2008) was employed to set the validation methods and obtain the 
evaluation metrics of each model. All data, code complete workflow and 
models can be freely accessed in a Zenodo repository (https://zenodo. 
org/badge/latestdoi/432261142). 

3. Results 

3.1. Hyperparameter grid search 

Fig. 6 presents the results of the hyperparameter Cartesian grid 
search for the random forest regression. In all cases, the hyperparameter 
of the number of variables to possibly split at each node was selected to 

Fig. 5. Schematic representation of an ANN and its components.  

G. Bustos-Pérez and J. Baena Preysler                                                                                                                                                                                                     

https://zenodo.org/badge/latestdoi/432261142
https://zenodo.org/badge/latestdoi/432261142


Journal of Archaeological Science: Reports 46 (2022) 103698

6

have a value of 2. Linear correlation reaches its maximum at a minimum 
node size of 4 and 625 trees grown for the model (r2 = 0.73). The second- 
best hyperparameter combination (minimum node size of 5 and 500 
trees grown for the model) presents a marginally lower value of linear 
correlation (0.00005 lower). 

The Cartesian grid search of the ANN topology (Fig. 7) indicates that 
increasing the number of nodes in the first hidden layer decreases linear 
correlation with the outcome and that increasing the number of layers 
and nodes results in lower values of r2. Thus, the simplest ANN archi
tecture (one hidden layer with one node) provides the highest 

correlation coefficient (r2 = 0.78). The second-best topology (two hid
den layers with one node at each layer) provides a marginally lower 
value (0.0005 lower). 

3.2. Model evaluation 

Table 3 presents the precision metrics for each model. ANN and 
multiple linear regression perform similarly, with similar values of r2 

(0.78), RMSE (0.21), and MAE (0.17), although ANN performs slightly 
better. On the other hand, random forest regression performs slightly 
worse, with a lower value of r2 (0.72) and higher values of RMSE (0.24) 
and MAE (0.19). 

Visualization of regression plots for each model (Fig. 8) provides 
additional information on the performance of each model. The poor 
performance of random forest (lowest value of r2) is reflected in a 
limited range of prediction, to between a minimum value of 0.55 and a 
maximum value of 1.76 for log10 of flake mass. As a result, data are not 
evenly distributed along the regression line. For the lowest values of 
prediction, most points fall below the regression line, while most data 
points fall above it for the highest values. ANN and multiple linear 
regression plots present similar patterns of distribution, with data evenly 
distributed along the regression line. Flakes with a log10 value of flake 
mass above 2 are more evenly distributed in the multiple linear 
regression than in the ANN. 

Visual analysis of the scatter plot for observed and residual values 
(Fig. 9) allows the observation of model performance for different 
ranges of log10 of flake mass values. Residuals of the random forest 
present a systematic bias at the uppermost and lowest values of observed 
weight. In the case of flakes with a log10 value of 0.50, there is a sys
tematic overestimation of size. In the case of flakes with a log10 value of 
1.75, there is a systematic underestimation of values. ANN and multiple 
linear regression present very similar plots for observed values and 

Fig. 6. Results of hyperparameter Cartesian grid search for the random forest. In all cases, the hyperparameter of the number of possible variables to split at each 
node was always selected to have a value of 2. Values represent the r2 of each random forest model with the given combination of hyperparameters. Each value is 
obtained after a 10 × 50 cross validation. 

Fig. 7. Values of r2 results for each combination of ANN topology. Each value is 
obtained after a 10 × 50 cross validation. 

Table 3 
Precision metrics of each model.  

Model Adjusted r2 RMSE MAE 

ANN  0.777  0.209  0.166 
Multiple linear regression  0.776  0.209  0.166 
Random forest  0.721  0.239  0.192  
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residuals. In both cases, residual values indicate a systematic over
estimation of a log10 flake mass when the actual value is below 0.25. 

Between values of 0.25 and 2, both models present a very similar 
performance, with residual values falling evenly on either side of the 
0 value. ANN seems to present a slightly systematic underestimation of 
flakes with a log10 of flake mass above a value of 2. Multiple linear 
regression does seem to perform better for flakes with a log10 flake mass 
value above 2, with residual values falling evenly on either side of or 
very close to the cero value line. 

Correlation between observed values and residuals allows for the 
evaluation of whether residuals increase along with increasing values of 
log10 of weight. ANN and multiple linear regression models present the 
same value of r2 for correlation of observed values and residuals (r2 =

0.22; p < 0.01) while random forest presents a higher value of correla
tion (r2 = 0.5; p < 0.01). 

Descriptive statistics of residuals (Table 4) and density plots (Fig. 10) 
allow for the evaluation of the dispersion range of residuals. All models 
present average and median residual values close to 0, with density 
curves peaking near this value (Fig. 10), which is indicative of good 
model performance. Fifty percent of residual values from the ANN 
model fall between the values of − 0.133 and 0.143, making for a dis
tance of 0.276. Fifty percent of residual values from the multiple linear 
regression model fall between the values of − 0.137 and 0.134, making 
for a distance of 0.271. Fifty percent of residual values from the random 
forest model fall between the values of − 0.138 and 0.177, making for a 
distance of 0.315. This indicates that the multiple linear regression 
model concentrates 50 % of residual values in a slightly shorter range. 
This range is 0.005 shorter than the one from the ANN model. The 
random forest presents the highest dispersion range for 50 % of residual 
values. 

Fig. 8. Regression plots for each of the models for log10 of flake mass.  
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Ninety percent of residual values from the ANN model fall between 
the values of − 0.379 and 0.33, making for a distance of 0.709. Ninety 
percent of residual values from the multiple linear regression model fall 
between the values of − 0.371 and 0.333, making for a distance of 
0.704. Ninety percent of residual values from the random forest model 
fall between the values of − 0.412 and 0.355, making for a distance of 
0.767. Again, multiple linear regression concentrates 90 % of residuals 
in the shortest range. ANN presents a slightly wider range (a difference 
of 0.005), and random forest presents the widest range of the three 
models. 

Exploratory data analysis of residuals according to termination type 
through box and violin plots shows possible differences in the 

distribution for the three models (Fig. 11). Comparison of residuals 
means according to termination type and for each model through t-test 
shows significant differences for the ANN model (t = − 2.5; p =.02) and 
the multiple linear regression (t = − 2.52; p =.01) but not for the 
random forest regression (t = − 1.82, p =.07). In all models, the re
siduals mean of flakes with feather terminations fall near the 0 value 
(− 0.007 in the case of ANN; − 0.008 in the case of multiple linear 
regression; and − 0.002 in the case of random forest). Flakes with ter
minations other than feather tend to have a slightly higher mean of re
siduals values (0.07 in the case of ANN; 0.07 in the case of multiple 
linear regression; 0.06 in the case of random forest). 

3.3. Linear transformation of predictions 

Table 5 presents the performance metrics of each model after 
transforming true and predicted values back to the linear scale. ANN and 
multiple linear regression reinforce their correlation, while random 
forest decreases its r2 value. Multiple linear regression provides the 
highest r2 value (r2 = 0.813), followed by ANN (r2 = 0.801), indicating 
that multiple linear regression generalizes better to the linear scale. All 
models present lower RMSE values than the standard deviation value of 
weight of the experimental assemblage (24.83 g), which is indicative of 
good general performance. 

Visualization of regression plots (Fig. 12) also supports the better 

Fig. 9. Plots of observed and residual values for each of the models.  

Table 4 
Descriptive statistics of residuals for each model.  

Model ANN Multiple linear regression Random forest 

Min.  − 0.695  − 0.705  − 0.846 
5th Percentile  − 0.379  − 0.371  − 0.412 
1st Quartile  − 0.133  − 0.137  − 0.138 
Mean  0.000  0.000  0.004 
Median  0.024  0.020  0.013 
3rd Quartile  0.143  0.134  0.177 
95th Percentile  0.330  0.333  0.355 
Max.  0.499  0.482  0.615  
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generalization of multiple linear regression to the linear scale. Random 
forest limits its maximum prediction to 57.2 g, resulting in a poor 
generalization to the linear scale. Due to this, residuals from the random 
forest (Table 6) indicate significant underestimations of flake weight, 
with an average underestimation of 4.6 g. Fifty percent of the residuals 
of the random forest range between overestimations of 2.64 g and un
derestimations of 7.06 g. Ninety percent of the residuals from the 
random forest range between overestimations of 10.35 g and un
derestimations of 29.74 g. Visual representation of residuals of the 
random forest by density plot (Fig. 13) shows that despite peaking on the 
0 value, it presents a long tail of positive residuals as a result of un
derestimations of predictions. 

ANN generalizes better to the linear scale (Fig. 12), with a higher 
range of predictions that reach a maximum value of 123 g. A density plot 

of residuals from the ANN presents a concentrated peak on the 0 value 
(Fig. 13) with a mean value of 1.82 g. Despite this, ANN residuals still 
present a slightly long tail of positive values for residuals as a result of 
some underestimations. Fifty percent of residuals from ANN range be
tween overestimations of 2.52 g and underestimations of 5.55 g. Ninety 
percent of the residuals from ANN range between overestimations of 
13.18 g and underestimations of 18.79 g. 

As previously mentioned, multiple linear regression generalizes 
better to the linear scale (Fig. 13), with a maximum predicted value of 
170 g. Residuals (Table 6) present an average 1.4 g value, with the 
density plot peaking near the 0 value and tails to the positive and 
negative values of similar length (Fig. 13). Fifty percent of residuals 
from multiple linear regression range between overestimations of 2.42 g 
and underestimations of 5.73 g. Ninety percent of residuals from mul
tiple linear regression range between overestimations of 13.18 g and 
underestimations of 18.79 g. Thus, multiple linear regression presents 
the shortest range in a 90 % concentration of residuals. 

3.4. Collinearity and variable importance 

Table 7 presents the variance inflation factor of each of the predictors 
in the multiple linear regression model. Although mean thickness and 
log10 of maximum thickness present the highest values (8.43 and 8.88 

Fig. 10. Density plot of residuals of each model.  

Fig. 11. Box and violin plots of residuals distribution according to termination.  

Table 5 
Performance metrics of each model in the linear scale.  

Model Adjusted r2 RMSE MAE 

ANN  0.801  11.344  6.942 
Multiple linear regression  0.813  10.853  6.793 
Random forest  0.660  16.996  8.700  
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respectively), neither of the predictors presents a value above 10, 

indicating that collinearity is irrelevant. 
Table 8 presents model performance metrics of the three tested 

methods when collinear variables are retrieved. For multiple linear 
regression and ANN, performance metrics were the best when mean 
thickness and log10 of platform depth were retrieved, and these models 
presented the lowest performance values when average thickness and 
log10 of platform depth were kept as predictive variables. In the case of 
random forest regression, performance values were lowest when mean 
thickness and log10 of platform surface were excluded as predictive 
variables. However, these values are similar to the ones obtained when 
log10 of maximum thickness and log10 of platform surface were excluded 
when training the random forest regression. 

All models with the best combinations of noncollinear variables 
presented slightly lower performance metrics (r2, RMSE, MAE), but 

Fig. 12. Regression plots of predicted and true values transformed back into the linear scale.  

Table 6 
Descriptive statistics of residuals in the linear scale for each model: weight (g).  

Model ANN Multiple linear regression Random forest 

Min.  − 47.083  − 60.223  − 20.066 
5th Percentile  − 13.790  − 13.182  − 10.351 
1st Quartile  − 2.516  − 2.422  − 2.641 
Mean  1.816  1.400  4.612 
Median  0.476  0.331  0.334 
3rd Quartile  5.553  5.725  7.060 
95th Percentile  19.809  18.791  29.742 
Max.  84.989  55.585  152.076  
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similar to the ones from models including collinear variables. When the 
predicted values from models with collinear variables are compared to 
the predicted values of models with no collinear variables, no significant 
differences are present for the multiple linear regression (t = − 0.002, p 
=.998), the ANN (t < 0.001, p = 1), or the random forest (t = − 0.08, p 
=.936). Table 9 presents performance metrics when predictions and 
observations from the best models without collinear variables are 
transformed into the linear scale. Again, the exclusion of collinear var
iables results in slightly increased values of RMSE and MAE, and a lower 

r2 value. Additionally, when collinear variables are excluded, RMSE and 
MAE indicate that ANN generalizes better to the linear scale. Both re
sults of performance metrics (in the logarithmic and linear scales) 
indicate that the predictive power of models is slightly diminished when 
collinear variables are excluded from model training, but this diminu
tion is not significant. 

Retrieving collinear variables allows for the evaluation of variable 
importance for each model (Fig. 14). All models consider measures of 
thickness (mean thickness in the case of random forest, and log10 of 
maximum thickness in the case of multiple linear regression and ANN) to 
be of maximum importance. Both ANN and multiple linear regression 
consider the importance of the rest of the variables to sit in the same 
order: relative amount of cortex is considered the second most important 
variable, followed by number of scars and log of platform size. The order 
of importance of variables does change in the random forest regression, 
with log of platform size being the second most important variable, 
followed by relative amount of cortex and number of scars. EPA is 
considered the variable of least importance by all models. ANN does 
attribute some importance to the prediction of log10 of flake weight. A 
0 value of importance for EPA is obtained in the random forest and 
multiple linear regression models (Fig. 14). However, coefficient esti
mates of the multiple linear regression do consider EPA a significant 
predictor (p = 0.015). 

4. Discussion 

The present study has expanded a previous dataset (Bustos-Pérez and 
Baena, 2021) with bigger and heavier flakes and applied three common 
machine and deep learning regression algorithms (multiple linear 
regression, ANN, and random forest) to determine log10 of flake mass 
based on previously selected variables (Bustos-Pérez and Baena, 2021). 
Additionally, predicted results and true values have been transformed 
back to the linear scale to explore further relations. ANN and multiple 
linear regression present similar r2 values (0.78 in both cases), perfor
mance metrics, and residual distributions in the logarithmic scale. 

Fig. 13. Density plot of residuals in the linear scale of each model.  

Table 7 
Variance inflation values of each of the predictors in the multiple linear 
regression model.  

Mean 
Thick. 

Cortex No. of 
Scars 

EPA Log. Max. 
Thick. 

Log10 

Plat. Size 
Log10 

Plat. 
Depth  

8.43  1.97  1.84  1.18  8.88  4.76  5.14  

Table 8 
Descriptive statistics of model performance after retrieving collinear variables.  

Model Variables excluded to avoid 
collinearity 

r2 RMSE MAE 

Multiple linear 
regression 

Mean Thickness & Log10 of Plat. 
Depth  

0.761  0.216  0.173 

Multiple linear 
regression 

Mean Thickness & Log10 of Plat. 
Surf.  

0.744  0.224  0.178 

Multiple linear 
regression 

Log10 of Max. Thick. & Log10 of 
Plat. Depth  

0.755  0.219  0.175 

Multiple linear 
regression 

Log10 of Max. Thick. & Log10 of 
Plat. Surf.  

0.736  0.227  0.182 

ANN Mean Thickness & Log10 of Plat. 
Depth  

0.764  0.215  0.171 

ANN Mean Thickness & Log10 of Plat. 
Surf.  

0.748  0.222  0.177 

ANN Log10 of Max. Thick. & Log10 of 
Plat. Depth  

0.765  0.214  0.170 

ANN Log10 of Max. Thick. & Log10 of 
Plat. Surf.  

0.747  0.222  0.177 

Random forest Mean Thickness & Log10 of Plat. 
Depth  

0.707  0.248  0.200 

Random forest Mean Thickness & Log10 of Plat. 
Surf.  

0.695  0.253  0.204 

Random forest Log10 of Max. Thick. & Log10 of 
Plat. Depth  

0.714  0.246  0.197 

Random forest Log10 of Max. Thick. & Log10 of 
Plat. Surf.  

0.698  0.251  0.201  

Table 9 
Performance metrics of best models without collinear variables in the linear 
scale.  

Model r2 RMSE MAE 

ANN  0.777  12.011  7.222 
Multiple linear regression  0.779  12.445  7.349 
Random forest  0.619  18.022  8.902  
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Comparatively, random forest performed poorly with a lower r2 (0.72), 
worse performance metrics, and clearly biased distributions of residuals. 
Transformation of predicted and true values back to the linear scale 
slightly reinforced an increase in ANN’s and multiple linear regression’s 
r2 values (0.8 and 0.81 respectively), while generating a decrease in the 
random forest r2 (0.66). Results from residuals analysis and distribution, 
performance metrics, and regression plots indicate that multiple linear 
regression is the model that best generalizes to the linear scale when 
collinear variables are included. 

Results obtained by removing collinear variables allowed for the 
evaluation of predictor impact on model performance and reliability of 
predictions. Results from variance inflation factor analysis and com
parison of residuals distribution indicate that no statistical difference 
exists between predictions that include collinear variables and pre
dictions that exclude them. This indicates that predictions from models 
including collinear variables are as reliable as the ones that do not 
include collinear variables. However, when collinear variables are 
excluded from model training, ANN generalizes slightly better to the 
linear scale than multiple linear regression. 

Removing collinear variables also allowed for a better evaluation of 
variable importance for each model. In all cases, measures of thickness 
(average thickness in the case of random forest and log10 of maximum 
thickness in the case of ANN and multiple linear regression) are 
considered of maximum importance for predicting log10 of flake weight. 
After measures of thickness, the order of importance of the variables is 
the same for ANN and multiple linear regression, although their relative 
values differ. These variables and their order are: relative amount of 
cortex, number of scars, and log10 of platform size. However, for these 
variables, importance values are much lower in the case of multiple 
linear regression, suggesting that ANN is diversifying the importance of 
predictors, while multiple linear regression relies more on log10 of 
maximum thickness. Random forest (the model with the worst perfor
mance metrics) considered mean thickness as the key feature for 
determining log10 of flake mass, followed by log10 of platform surface. 
Amount of cortex and number of scars were considered as variables of 
minor importance, and EPA was given no importance at all by random 
forest. ANN is the only model to assign a value of relative importance to 

EPA (although being the least important variable for that model), while 
multiple linear regression accords it a 0 value of importance, although it 
is considered statistically significant in the model coefficients. These 
results indicate that although EPA might be a significant predictor, its 
importance for predicting log10 of flake mass is minimal when compared 
with other predictors. 

Results from the present study show significant differences in re
sidual distribution according to flake termination when determining 
flake weight. This suggests that flake termination plays a significant role 
when predicting original weight. Although not included as a predictor in 
the present study, further research might benefit from coding termina
tion type (as “feather” or “other”) to determine original flake weight. 

Several works have addressed the estimation of flake mass from 
remaining variables. The first element of comparison is with the previ
ous version of this dataset (Bustos-Pérez and Baena, 2021). The expan
sion of the dataset through the inclusion of bigger flakes has resulted in 
an increased linear correlation for multiple linear regression and ANN. A 
possible interpretation for the increased value of r2 is that as flake mass 
increases, the importance of variables shifts, and more variance is 
captured by the model. Thus, it can be inferred that smaller flakes with 
relatively low values of mass have a higher variability among the 
selected variables, resulting in a lower r2. Additionally, the inclusion of 
bigger flakes and the addressing of collinearity has also resulted in 
changes in variable importance. The previous version of the dataset 
(Bustos-Pérez and Baena, 2021) considered cortex amount and number 
of scars as the third and fourth most significant variables of the model 
(behind log10 values of maximum thickness and platform size). In the 
present study, all three models emphasize even more markedly the 
importance of thickness measures (especially log10 of maximum thick
ness). Cortex amount and number of scars are respectively considered 
the second and third most important variables (although with values of 
importance considerably lower than measures of thickness), while log10 
of platform size is considered the fourth most important variable (second 
in the case of random forest regression). EPA is the variable most heavily 
affected by the increasing size of flakes, since it goes from being a sig
nificant variable (Bustos-Pérez and Baena, 2021) to being considered 
almost irrelevant by most of the models. Possible sources for the lack of 

Fig. 14. Scaled variable importance (0–100) of models with the best combination of noncollinear variables.  
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resolution when measuring EPA can be attributed to the use of manual 
goniometers. Previous studies have shown high variability when 
obtaining angle measurements from manual goniometers (Dibble and 
Bernard, 1980; Morales et al., 2015), and this lack of resolution can also 
be applied to EPA measurements. Previous studies have acknowledged 
the difficulty of measuring EPA with manual goniometers or have pro
duced different interpretations of the flake exterior surface (Davis and 
Shea, 1998; Dibble and Pelcin, 1995; Shott et al., 2000). This could be a 
possible explanation for the low importance attributed to EPA by the 
models of the present study. Four variables (average thickness, log10 of 
maximum thickness, number of scars, and relative amount of cortex) 
employed in the present study can be altered by extensive processes of 
retouch. Therefore, caution and an overall estimation of the integrity of 
the predictors are highly advisable before applying the model. 

Most previous works employ a single linear regression to estimate 
flake mass in the log10 scale or the linear scale. Shott et al. (2000) es
timate log10 value of flake mass based on log10 values of platform area 
measured with digital calipers, obtaining an r2 of 0.67. Braun et al. 
(2008) obtain a similar linear correlation value of log10 of flake mass (r2 

= 0.66) for their sample of flakes, employing digital calipers to measure 
platform area and using log10 of platform area. This value increases 
drastically when they measure platform area of the same flakes with 
digital photographs (r2 = 0.865). However, this highly promising result 
was nuanced by Clarkson and Hiscock’s (2011) estimations of flake mass 
using 3D measures of platform surface. Clarkson and Hiscock (2011) 
report an r2 of 0.49 for their total experimental sample and indicate that 
diverse flake assemblages reduce the capability of estimating flake mass 
based on platform area. Maloney (2020) estimates flake mass (g) based 
on 3D measures of platform surface and obtains an r2 value of 0.411 for 
the complete sample. Orellana Figueroa et al. (2021) use virtual knap
ping and neural networks to predict flake shape (width and length) 
along with flake volume, reporting an r2 = 0.771 and an RMSE = 0.763. 
Dogandžić et al. (2015) approach the estimation of flake mass using a 
multiple linear regression that uses platform width and depth, EPA, and 
blank thickness, obtaining an r2 value of 0.75 for the cubic root of 
weight. Although this is a high degree of correlation, they express 
concerns about the model accuracy (Dogandžić et al., 2015). Shott and 
Seeman (2017) follow in the steps of Dogandžić et al. (2015) and use a 
multiple linear regression with platform surface (as the product of 
platform width and depth), flake thickness, and EPA as variables, 
resulting in an r2 value of 0.73. Archer et al. (2018) and Morales et al. 
(2015) employ 3D scanning techniques to estimate original flake mass 
(using geometric morphometrics or geometrical relationships), obtain
ing respective r2 values of 0.879 and 0.891. However, these resources 
are not as widespread among archaeologists and are hard to apply to 
numerous collections, making desirable the estimation of flake mass by 
the use of non–laser scanning techniques. 

In the present study, the transformation back to the linear scale of 
log10 values of observed and predicted mass resulted in changes in the 
coefficients of determination for the three models. ANN and multiple 
linear regression reinforced their correlation values above the 0.8 
threshold, while random forest suffered a decrease. It should not be 
surprising that ANN and multiple linear regression behave similarly, 
since an ANN with one node in only one hidden layer is considered to be 
a distant cousin of multiple linear regression (Lantz, 2015). Ideally, 
predictions of flake weight would be done in the linear scale, since they 
are easier to interpret. Changes in the correlation coefficient when 
shifting from the logarithmic to the linear scale can be considered a 
result of the distribution of residuals, original data, and the nature of the 
logarithmic scale. Here, a possible explanation resides in the skewed 
distribution of flake mass of the present dataset, which is directly 
associated with predictions of the model. The higher the value of log10 of 
flake mass, the more imperative it becomes that care is taken to ensure 
accuracy of prediction. This can be illustrated with the following 
example: a flake with a log10 value of mass of 1 (10 g) and a log10 
predicted value of 1.1 (12.59 g) will result in a residual of 2.59 g in the 

linear scale. A flake with a log10 value of mass of 2 (100 g) and a pre
dicted log10 value of 2.1 (125.89 g) will result in a residual of 25.89 g. 
Thus, although in the logarithmic scale the residuals have the same 
value, in the linear scale they result in a difference 10 times bigger. 
Despite this drawback, the multiple linear regression model generalizes 
relatively well to the linear scale but requires further evaluation. 

Reproducibility is a key issue for archaeology (and all sciences), and 
the existence of independent researches reaching similar results on 
correlations and variable importance is key for the validation of a 
method (Marwick, 2017). The present study differs slightly in variable 
importance from previous studies that use multiple linear regression and 
measures from flakes (Dogandžić et al., 2015; Shott and Seeman, 2017). 
Measures of flake thickness (either mean flake thickness or log10 of 
maximum thickness) have been previously acknowledged as important 
variables for estimating original flake mass (Dogandžić et al., 2015; 
Shott and Seeman, 2017). The present study reinforces this relationship, 
since the evaluation of variable importance when collinearity is 
excluded results in log10 of maximum thickness being considered the key 
variable for estimating original flake mass. Log10 values of platform 
surface have also been acknowledged as an important predictor of flake 
mass (Braun et al., 2008; Bustos-Pérez and Baena, 2021; Clarkson and 
Hiscock, 2011; Davis and Shea, 1998; Shott et al., 2000). However, in 
the present study, although log10 of platform size remains as an 
important variable, its relative importance is dwarfed due to the heavy 
importance of log10 of maximum thickness. Log10 of platform surface 
does gain considerable importance in the random forest, the only model 
that uses mean thickness. This is possibly indicating that the importance 
of log10 of platform size was perhaps overemphasized in studies where 
mean thickness was employed as a predictor instead of log10 of 
maximum thickness (Braun et al., 2008; Bustos-Pérez and Baena, 2021; 
Clarkson and Hiscock, 2011; Davis and Shea, 1998; Shott et al., 2000). 

Hiscock and Tabrett (2010) advocate for the use of indexes pre
senting logical and analytical qualities. These are: inferential power 
(advocating for those indexes with an r2 above 0.8); directionality 
(increasing values as reduction proceeds); comprehensiveness (capa
bility of operating at all levels of reduction); sensitivity; versatility 
(applicable to different types and positions of retouch); blank diversity; 
and scale independence. 

Estimation of original flake mass would serve as an ideal index to 
satisfy these logical and analytical criteria, since it would allow for the 
comparison of remaining mass with original mass (being able to esti
mate derived measures such as amount of mass lost, percentage of mass 
remaining, etc.) and it could be applied to different types of blanks. In 
the present study, the estimation of original flake mass using multiple 
linear regression in the linear scale provided an r2 above the 0.8 
threshold, although as previously mentioned, caution is required. 
Theoretically, this would fulfill the seven logical and analytical re
quirements put forward by Hiscock and Tabrett (2010). However, Davis 
and Shea (1998) showed how estimations of flake mass might result in 
lower values than those of the flake after undergoing retouch. This 
drawback violates the logical and analytical principle of directionality of 
indexes and requires further evaluation before applying the present 
model. One of the reasons for this drawback might reside in Hiscock and 
Tabrett’s (2010) advocation for the use of r2. Use of r2 might not be such 
a good indicator of model performance in predicting original flake mass, 
for two reasons. First, and as previously mentioned, r2 does not indicate 
how far (on average) predictions fall from the true value (which is 
provided by MAE and RMSE). Evaluating models according to how far 
predictions fall from the true value can help avoid the contradiction 
pointed out by Davis and Shea (1998), in which the estimated flake mass 
is lower than the mass of the same retouched flake. Second, it has been 
well demonstrated that different distributions of data might result in 
similar or identical values of r2 (Anscombe, 1973; Chatterjee and Firat, 
2007), outlining the need for graphical evaluation of regression plots 
and distribution of residuals. 

Research on the previous version of this dataset (Bustos-Pérez and 
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Baena, 2021) also provided slightly higher, but very similar, values of 
RMSE (0.217 vs 0.209) and MAE (0.178 vs 0.166). This comparison, 
along with performance metrics and plots from previous similar research 
(Bustos-Pérez and Baena, 2021; Dibble and Pelcin, 1995; Dogandžić 
et al., 2015; Maloney, 2020; Shott et al., 2000; Shott and Seeman, 2017) 
seems to delineate a limit in the ability to predict original flake mass 
based on remaining flake attributes, even with the inclusion of new al
gorithms. This limitation might be the result of variables that do not 
survive the archaeological record, or be due to the need to include new 
variables for analysis. The unexplained portion of variance might be 
related to variables that barely survive or are hard to determine in the 
archaeological record (such as hammerstone speed, morphology, and 
density). 

Several variables have the potential to increase the inferential power 
of models in estimating original flake mass and can be explored in 
further research. Bradbury and Carr (1999) used scar density per flake 
surface (which can act as a replacement of simple scar count), showing 
promising results. McPherron et al. (2020) introduced the platform 
surface interior angle (PSIA), which is also showing promising results in 
estimating original flake mass. Additional variables such as height of 
retouch (Bustos-Pérez and Baena, 2019; Kuhn, 1990) in combination 
with remaining flake mass might also have the potential to increase the 
inferential power of models. The system for recording cortex amount 
might be a source of disincentive for applying the present study models. 
Systems for recording amount of cortex might vary among lithics ana
lysts, with the added complication of being an ordinal variable used in 
regression analysis. Thus, further research might benefit from excluding 
this variable and then evaluating model performance. 

Other indexes, such as GIUR (Hiscock and Clarkson, 2005; Kuhn, 
1990), the estimated reduction percentage (ERP; Eren et al., 2005), 
3DERP (Morales et al., 2015), or the combination of retouched edge 
length and average retouched height known as the AvtL (Bustos-Pérez 
and Baena, 2019), guarantee directionality and sensitivity and are re
ported to have higher inferential power in most cases. 

5. Conclusion 

The present research deals with the estimation of flake mass using 
the remaining features of a flake. Estimating original flake mass is key 
for the estimation of curation and for making inferences on the orga
nization of the lithic technology of past societies. The experimental 
sample employed to estimate flake mass was obtained after expanding a 
previously existing dataset (Bustos-Pérez and Baena, 2021) by the in
clusion of bigger flakes. The inclusion of bigger flakes resulted in a 
higher correlation value (r2), although measures of distance between 
predictions and true values (RMSE and MAE) did not vary substantially 
from the previous version of the dataset. Addressing collinearity ensured 
the quality of predictions and variable importance. Predictions from 
models that include collinear variables do not statistically differ and are 
as reliable as predictions from models without collinear variables. Log10 
of maximum thickness stands out as the most important variable for 
predicting flake mass. Multiple linear regression and the simplest ANN 
have been shown to be the best models for estimating log10 of flake mass 
in the present dataset. 
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