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Machine Learning

“Machine learning is a method of data analysis that automates analytical model
building. Using algorithms that iteratively learn from data, machine learning allows
computers to find hidden insights without being explicitly programmed where to

look.” (Rajesh Dey, www.quora.com)

“Machine learning algorithms are an evolution over normal algorithms. They make
your programs ‘smarter’, by allowing them to automatically learn from the data you

provide.” (Pararth Shah, www.quora.com).



Some Approaches

e K-nearest neighbors
® Decision Tree
e Random Forest

e Neural Networks

Verikas, A, et al. (2016) Sensors
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Ignatov, D., & Ignatov, A.
(2017) IEEE
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Two Phases
Phase I: Training




Two Phases
Phase I: Training Phase II: Testing

Don’t tell the computer

Tell the computer
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Social structures

Food sharing

Home bases/central places
Carcass transport
Localized activity areas
Scavenging vs. hunting
Cooperative behavior
Butchering behavior




Fracture Angles

Cortical surface

Alcantara-Garcia et al. (2006).



Fracture Angles

e Not fully tested
o Limited experimental studies
o Different taxa tested in each
m Different results related to
taxon and element
m  No independent testing of

the same taxon

|Archaeometry 53, 5 (2011) 996-1011
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Fracture Angles: Methods

s") %ll 92.0692° 5 96

“Midpoint measurements were the chosen
standard because the fracture angle of a
plane often varies along its full length.”
(Pickering et al., 2015:251)




Carnivore Created Fragment Average = 66°

< 80° = hominin
80° and 110° = carnivore
> 110° = hominin




Fracture Angles: Methods
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Surface Curvature
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Element

Taxon

Actor
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Sample

Carnivore

Crocuta crocuta

Hammerstone and anvil

Hominin

Hammerstone only

Geological

20



Type of data collected .




Sample Size (Manual Data)

Number of breaks per element and actor of breakage Number of breaks per element and actor for which no
goniometer measurement could be taken

234 (57%) 32 (27%) - 13 (20%) 279 (47%)

102 (28%) 51 (18%) 64 (22%) 153 (46%) 370 (29%)
21 (25%) 31 (30%) - 52 (27%)
336 (43%) 104 (21%)  95(24%) 166 (42%) 701 (34%)

Number of breaks per element and method for which no

Number of breaks per element and method of breakage coniometer measurement could be taken

41(26%) 29 (20%)  22(17%)  95(51%) 187 (30%)
234 (57%) 32 (27%) - 13 (20%) 279 (47%)
21(25%)  31(30%) - 52 (27%)

57(33%)  19(14%)  35(29%)  58(39%) 169 (29%)
3 (30%) - - 3 (30%)

4 (14%) - 7 (20%) - 11 (17%)

336 (43%) 104 (21%) 95 (24%) 166 (42%) 701 (34%)




Sample Size (Digital Data)

Manual Data Digital Data
e 457 fragments - —» © 82 fragments
e 2,059 breaks e 1,376,900 measurements
e 1,358 measurements o 1% =13,769

606 1,878

780 -
1,003 1,291
2,389 3,169




First Stages
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Hominins vs. hyena (femur) — surface curvature

Yes yes No no Training Training Sensiti Specifi Preci Negative Miss
category Size category Size percentage Size vity city sion Predictive Rate  Rate

hominin hyena
(femur) (femur) 0.94518

hyena hominin
(femur) (femur) . 0.95238

hominin hyena
(femur) (femur) 0.94967

hyena hominin
(femur) (femur) 0.94251

hominin hyena
(femur) (femur) 0.95147

hyena hominin
(femur) (femur) 0.94877

hominin hyena
(femur) (femur) 0.94877

hyena hominin
(femur) (femur) 0.94162




Hominins vs. hyena (humerus) — surface curvature

Yes yes no Training Training Sensiti Specifi Preci Negative Miss
category Size No category Size percentage Size vity city sion Predictive Rate Rate

hominin
(humerus)

hyena
(humerus)

0.95602

hyena
(humerus)

hominin
(humerus)

0.94429

hominin
(humerus)

hyena
(humerus)

0.94967

hyena
(humerus)

hominin
(humerus)

0.93721

hominin
(humerus)

hyena
(humerus)

0.96154

hyena
(humerus)

hominin
(humerus)

0.95238

hominin
(humerus)

hyena
(humerus)

0.95238

hyena
(humerus)

hominin
(humerus)

0.95147




HS & Anv vs. batting (femur) — surface curvature

Yes
category

Batting
femur

yes
Size

No

category Size

HS & Anv
femur

Miss
Rate

no Training
percentage

Training Sensiti Specifi Preci
Size vity city sion

Negative
Predictive Rate

0.95329

HS & Anv
femur

Batting
femur

0.95785

Batting
femur

HS & Anv
femur

0.94162

HS & Anv
femur

Batting
femur

0.95057

Batting
femur

HS & Anv
femur

0.94518

HS & Anv
femur

Batting
femur

0.95877

Batting
femur

HS & Anv
femur

0.95602

HS & Anv
femur

Batting
femur

0.95329



HS & Anv vs. batting (humerus) — surface curvature

Yes yes No no Training Training Sensitiv SpecificPrecisi Negative Miss Fall
category Size category Size percentage Size [13% 14 on Predictive Rate = Rate out

||Sal| -M-----_--




HS & Anv vs. batting (tibia) — surface curvature

Yes yes No no Training Training Sensitiv SpecificPrecisi Negative Miss Fall
category Size category Size percentage Size ity 147 on Predictive Rate = Rate out
anv tibia  [1878 hsanvtibia 129175 ~ ©70 0945 |1 1 094787  0.055 [0
hsanv tibia [1291 fanvtbia [1878 5 1323 0943 |1 11 094607 0057 p
anv tibia  [1878 hsanvtibia 129165 658 094 |1 1 09434 .06 [0
hsanv tibia [1291 fanvtbia [1878 65  ©452 0954 |1 11 095602 0046 0

anv tibia 1878 hsanvtibia 120150 1039 0946 1 1 094877 0054 0
hsanv tibia [1291 fanvtibia [1878 50 46 0947 1 1 94967 0053 [
anv tibia 1878 hsanvtibia 1201 40 {127 0941 {1 094429 = 0059 P
hsanv tibia_[1291_Janv tibia 1878 40775 945 N1 It 94787 0055 [



HS & Anv vs. batting (rad-uln) — surface curvature

Yes yes No no Training Training Sensitiv SpecificPrecisi Negative Miss Fall
category Size category Size percentage Size 117 14 on Predictive Rate = Rate out

aduln 1878 [raduln 1291 |75 470 0.962 [ 1 0.96339 0
G el lemls b e by e lhes |
aduln 1291 [raduln 1878 [75 323 0.957 [ 1 0.95877 0

0

0

0

=7 G O A O O Y

aduln 1878 Jraduln 1291 65 658 0.948 | 1 0.95057 0.05
G A PO O Y S
aduln 1291 Jraduln 1878 65 452 0.95 1 1 0.95238 0.05

= 3 S S SO Y A P
aduln 1878 Jraduln 1291 5 939 0.954 |1 1 0.95602
G N S DA O Y S
aduln 1291 Jraduln 1878 5 646 0.953 |1 1 0.95511
1

.038
.043
.052

ot e[S bl b e b b e
aduln 1878 [raduln 1291 WU 1127 0.946 [ 0.94877

-
-
-
-
-
-
-
e P S Y P T Y -
aduln 1291 [raduln 1878 75 0.956 |1 0



Hominins vs. hyena (femur) — manual data

Training Negative
Yes percenta Training SenS|t|V|t SpeCIfICIt Predictiv Miss
category yes Size category no Size ge Size Precisione Rate  Rate Fall out

emur III 0.956 0.368 0.60202 1[0.8932 0.044 0.632
emur 177 emur 261 5 45 0.957 0.222 0.55159 (0.83774 [0.043 0.778
emur 261 emur 177 65 92 0.959 0.502 0.6582 0.92449 10.041 0.498
emur 177 emur 261 65 62 0 0.294 0.57775 [0.89634 [0.034 0.706




Hominins vs. hyena (humerus) — manual data

yes no Training Training SensitivSpecifi PrecisiNegative Miss Fall
Yes category Size No category Size percentage Size ity city on Predictive Rate Rate out

O - W P P Y e . W Yoy
humerus 240 |humerus 8 5 G 0.958 [0 0.62162 0.042 10.931
o b ot ho b b bus b [ huss  boe bue
humerus 8 humerus 240 [75 22 0.956 0.055 P 0.55556 0.044 10.945
e b [ bk b b bow [ ham  boo b
humerus 240 |humerus 8 65 84 0.953 10.019 6 0.28788 0.047 10.981
s b ot ho ks b bus b b boabw
humerus 8 humerus 240 65 31 0.955 [0 6 0.60526 0.045 [0.931

e b M bk b bi o bewbesr o e
humerus 240 |humerus 8 5 8 0 0.035 0.4987(0.46667 0.04 10.965
e A U S P O Y A g
humerus 3 humerus 240 |5 44 0.964 [0 0.5079(0.64706 0.036 [0.934
e b D bl b Do b [ b baw bue
humerus 240 |humerus 8 i 8 0.954 0.055 0.54455 0.046 0.945
S O PR W O S PR Y
humerus 8 humerus 240 Y 3 0.958 [0.067 [1 0.61468 0.042 10.933



Moving forward

More taxa
o Bos
o  Ovis/Capra
o Equus

All appendicular long bones
Archaeological collections
Factor in rock fall

More geometric methods
Volume, surface areas (total/faces)
Mean, variance, PCA

Higher moments

Digital measures of break angles at break curves using

surface normals

Break curve geometric invariants: curvature, torsion, etc.

® Surface curvatures (orincipal Gauss. mean. total)
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