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How big is «BIG»?

«BIG» for Numismatists
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«BIG» for Computer Scientists



Every day
we have ...

4,000+ Petabytes
(= 4E18 Bytes) of Internet traffic




... whereas ...

My personal archive
of coin finds: 9,500 records




The challenges of Data Availability and Data Processing

Are my data complete, reliable and
available in the proper format?

f» Ny Do I really know the right algorithms
28 to be applied to my data set?




The challenges of Data Availability and Data Processing

Je puis vous signaler quelques trouvailles du
dernier temps, qui cependant n’ont pas recu une
certaine publicité.

La premi¢re date du commencement d’Aout
de cette année et eul lieu dans les environs de
Ornovaseo, petit bourg aux frontieres du Pié-
mont.

Quelques paysans en faisant sauter en I’ air
des vieilles ruines y trouverent un coffret, qui, im-
médiatement mis en  pieces montra a leurs yeux
ébahis une certaine quantité de monnaies d’ un
aspect douteux. Trompées dans leur espérance d’y
voir de I'or, ces bonnes gens se prirent d’abord
a les réduire dans un état tout a fait méconnais-

sable, puis découvrant qu’elles étaient cependant

E. TAHEN, Lettre critique a Mons. F. Schweitzer touchant la Coins in the name of Berengar king of Italy, usually both
premiére décade, in Mittheilungen aus dem Gebiete der attributed to Berengar | (888-924), mint of Milan.
Numismatik und Archaeologie. Notizie peregrine di Numismatica Attribution recently changed to:

e d'Archeologia, Il, Trieste 1854, pp. 81-96 (82-84) a) Berengar | (888-924), mint of Verona (or Venice?)

b) Berengar 11 (950-961), mint of Venice




Studying

a coin find:

a budgetary
perspective

general assumptions:

- 8 working hours per day

- 250 working days per year
- 300 €/MWD

MWD: man working days

ﬁase 1: 15 min. per entrv\

4 entries per hour

» 32 entries per day

» 8,000 entries per year

1,000 entries = 31.25 MWD
I

\1,000 entries = 9,375 €/

ﬁase 2: 30 min. per entrh

* 2 entries per hour

* 16 entries per day

* 4,000 entries per year

1,000 entries = 62.5 MWD
I

QOOO entries = 18,750 y

ﬁase 3: 60 min. per entrv\

* 1 entries per hour

* 8 entries per day

* 2,000 entries per year

1,000 entries = 125 MWD
I

Q,OOO entries = 37,500 y




What if | want

to publish the
Reka Devnia (BG)
hoard?

general assumptions:

- 8 working hours per day

- 250 working days per year
- 300 €/MWD

MWD: man working days
MWY: man working years

ﬂ!1,096 republican and imperial roman coins\
found in 1929 on the site of ancient
Marcianopolis (Moesia Inferior), preliminarily
publicated by N. Mouchmov in 1934, after a
further 20,000+ coins had been dispersed.

The total number of coins therefore

exceeds 101,096 specimen

Qsource: http://chre.ashmus.ox.ac.uk/hoard/3406) /

S

Time to record the coins into a database
(full description and pictures)

~1,689.5 MWD (= 6.76 MWY)

10 minutes per coin

5P

Time to count the coins ~ 2.82 MWD

1 count per second
lack of errors

S

Number of pages needed to publish
the coins (full description and pictures)

= 2,704 pages and 4,055 plates

description: 30 coins per page
pictures: 20 coins per plate
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How many STATISTICS?

STATISTICAL INFERENCE is the process of using data analysis to
deduce properties of an underlying probability distribution,
inferring properties of a population from a data set
sampled from a larger population




Descriptive
Statistics

DESCRIPTIVE
STATISTICS

CHARTS

Column/Bar charts

MAPS

Line charts Geographic maps
Scatter plots GIS databases
Radars



Producing Data

Random Sampling

Statistical
Inference

Population

Probability




Unfortunately, hoard data are not the ideal
“experimental” data treated in statistics texts.
Numismatic analyses are often complicated by
small sample sizes and non-randomness,
which may 1nvalidate statistical conclusions.

(Warren W. ESTyY, Statistical analysis of hoard data in ancient numismatics)



The limits of
Statistics
applied to the
analysis of coin
hoards

« small sample sizes

The larger the observed sample is, the better the quality of an
estimate is

= non-randomness

A hoard is not necessarily the result of a random sampling of the
coins circulating in a region, but rather of a selection of them



Modelling a
hoard as an
array of
independent
ENINREED]ES

We can model a hoard of N coins as an array of independent
random variables

f]:\[ — (XliXZI "'JXN)

Each random variable X; is a single coin/object having specific
qualitative (e.g., mint, types, inscriptions) and quantitative (e.g.,
module, weight, axis orientation) properties.



Working with M<N coins randomly extracted from the hoard implies
The problem that the subset 7’ of coins

of sampling H' = X1, X5 0 Xy)
where /' € H

is considering coins all with comparable properties

(i.e., identically distributed random variables);

is informative enough (i.e., M is «big» enough to give validity to the
theorems of Statistics and accuracy to the used estimators).




The case of the
Reka Devnia (BG)
hoard

= Julia Maesa (Augusta), Denarius, Rome (218/22 CE), RIC 268: 547 pieces

= Faustina | (Diva), Denarius, Rome (141 CE), RIC 351a: 498 pieces

= Julia Mamaea (Augusta), Denarius, Rome (225/35 CE), RIC 343: 467 pieces

= Maximinus | Thrax (Augustus), Denarius, Rome (235/6 CE), RIC 14: 418 pieces
= Faustina | (Diva), Denarius, Rome (141 CE), RIC 344a: 390 pieces

= Marcus Aurelius (Caesar), Denarius, Rome (145/60 CE), RIC 429a: 338 pieces
= Julia Mamaea (Augusta), Denarius, Rome (225/35 CE), RIC 360: 319 pieces

= Julia Maesa (Augusta), Denarius, Rome (218/22 CE), RIC 271 or 272: 316 pieces
= Faustina Il (Augusta), Denarius, Rome (161/75 CE), RIC 677: 311 pieces

= Faustina | (Diva), Denarius, Rome (141 CE), RIC 362: 309 pieces

= Julia Domna (Augusta), Denarius, Rome (196/211 CE), RIC 574: 300 pieces

YV V VIV VY

28 more types with 200 to 299 pieces each
146 more types with 100 to 199 pieces each
1,322 more types with 10 to 99 pieces each
1,156 more types with 2 to 9 pieces each
689 more types with 1 piece each only

(source: http://chre.ashmus.ox.ac.uk/hoard/3406)



The multinomial
distribution

Evaluation of

qualitative information
(e.g., distribution analysis
of types, mints, metal)

f(xll o Xms ML, P1, »pm) = P(Xl = X1y en Xm = xm) —

( m
n! x X
1 m
_ . ceees ) when X< =1
={xlxy P17 Pm z L
i=1
\ 0, otherwise

= Multinomial distribution: n mutually independent trials,
each with m possible outcomes

= Binominal distribution: n mutually independent trials,
each with 2 possible outcomes

= Bernoulli distribution: 1 trial, with 2 possible outcomes



Bin(n,p): f(k,n,p) = (Z) p*(1 —p)**fork =0,1,2,..n

The binomial
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(e.g., distribution analysis Dkt e oo
of types, mints, metal) x

For n = 1 the binomial distribution is a Bernoulli distribution

Bernoulli(p): f(k,p) = p*(1 —p)*~* for k € {0,1}




The normal
(EUESEL)
distribution

N(u,0%)

Evaluation of
quantitative information
(e.g., weight, diameter)

N(u,0?)
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The need to Weak law of large numbers

have a la':ge Suppose X, X,, ... is a sequence of independent and identically
sample Slze distributed random variables with finite expected value E(X;) = .
The sample average

convergestopasn — oo,




The need to
have a large
sample size

Weak law of large numbers (case with 6% < o)

Suppose X, X,, ... is a sequence of independent and identically
distributed random variables with finite expected value E(X;) = n
and finite variance var(X;) = 2. From the Chebyshev's inequality it
follows that

2

— o)
POX, —ul<eg)=z1—-———=

wheren > 0and e > 0.



The need to
have a large
sample size

Example

Suppose a distribution with finite average value u unknown and
variance ¢ = 1.

How big should be the sample to have a probability at least of 95% to
have the sample average X,, distant less than 0.5 from the average
value p?

Witho? = 1, = 0.5and P(|X,, — u| < &) = 0.95, it follows that
o2

1——>0.95=n = 80
ne



The need to
have a large
sample size

Central Limit Theorem

Suppose X, X,, ... is a sequence of independent and identically
distributed random variables with finite expected value E(X;) = p and
finite variance var(X;) = 2. The random variable

Xn — E(X) _ Xp—n
Jvar(X,) ~ o/\n

converges in distribution to a normal distribution N(0,1) asn — oo.

Ly =



A set of random samples X, X, ..., X,, extracted from a population with
Estimation probability distribution function f(-; @) known except for the parameter
0 = (04,0, ...,0,) is used to determine an estimator 0 for 6.

INTERVAL ESTIMATION: calculation of an

interval of plausible values of an unknown
parameter 8; (1 < i < k)




Point estimators Bernoulli(p): f(k,p) = p*(1 —p)'~* fork € {0,1}
for a Bernoulli

distribution In this case 8 = (6,) = p.

Bernoulli(p):
an example

The estimator § = (8,) = p is a function of X, X, ..., X,.

SIP—*




Point estimators
for a normal
distribution
N(u,o%):

an example

1
V2T - o

In this case 8 = (64,6,) = (u,02).

N o%): f(x) =

The estimator § = (8,,8,) = (4, 62) is a function of Xy, X5, ...



Interval
estimators
for a binomial
distribution
Bin(n,p):

an example

Under the assumptions that

= pand1— p are not close eitherto 0, or to 1
= n(1—p)>5andnp >5

the interval of confidence for p is

_ X,1-X,) _
p~ XTL_Zl_g. = n = ;Xn+Zl_

where:

n is the number of samples

X,, is the sample average over n samples

Zpis the b-th quantile of the normal distribution N(0,1)

r
2




Interval
estimators
for a normal
distribution

N(u,o2):

an example

Since the variance of the sample average is not corresponding to ¢
(— see Central limit theorem), we define a sample variance as

n
1 _
$h=—— ) (X~ X,)?
i=1

n—1

for which

E(S2) = g2



Interval
estimators
for a normal
distribution

N(u,o2):

an example

To estimate the average value , it worth noting that the random
variable T

_ Xn K ¢
Sp/n

i.e., it follows the Student'’s t-distribution with n — 1 degrees of
freedom.

T




Interval
estimators
for a normal
distribution

N(u,o2):

an example

To estimate the average value o2, it worth noting that the random
variable V

2
Xn—l

,_(=1sh
o

i.e., it follows the chi-squared y? distribution with n — 1 degrees of
freedom.



Interval
estimators
for a normal
distribution

N(u,o2):

an example

The intervals of confidence for u and o2 are

_ S, _ S,
- St

where:

n is the number of samples

X,, is the sample average over n samples

S2 is the sample variance over n samples

tq »iS the b-th quantile of the t distribution with a degrees of freedom
Va pis the b-th quantile of the x? distribution with a degrees of freedom
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Use case;
estimation of a
QUALITATIVE

property

Let's have a subset of M coins 7' = (X1, X3, ..., X;,) randomly
extracted from the hoard of N coins H = (X1, X,, ..., Xy), with M<N.

To estimate the frequency occurrence e.g. of specific mints, instead of
using a multinomial distribution we might apply the binomial
distribution Bin(N, p;) for each possible mint j (or - better - for the
most represented mints)

* p;= percentage of coins from the mint j in the whole hoard H
(i.e, probability of extracting a coin of the mint j from the N coins
of the hoard #);

* pjm= percentage of coins from the mint j in the data subset H'.

PiN ZDjm =% N . X/ (¢ delta from the interval of confidence)



Use case;
estimation of a
QUALITATIVE

property

example: estimation of
mint distribution

Need to group the poorly
represented mints to
satisfy the assumptions
for interval estimation

Example (M = 100 coins, out of N = 100,000 coins)

41 coins from mint A — p4 190 = 0.41
23 coins from mint B — pp 190 = 0.23
14 coins from mint C — p¢ 199 = 0.14
12 coins from mint D — pp 199 = 0.12
10 coins from other mints — p,¢p, 100 = 0.10

This means that in the hoard A we should expect

= 41,000 % 9,640 coins from mint A with a probability of 95%

= 23,000 # 8,248 coins from mint B with a probability of 95%
14,000 # 6,801 coins from mint C with a probability of 95%
12,000 # 6,369 coins from mint D with a probability of 95%
10,000 # 5,880 coins from other mints with a probability of 95%



Use case;
estimation of a
QUALITATIVE

property

In other words:
- 41,000 * 24% coins from mint A with a probability of 95%

-« 23,000 % 36% coins from mint B with a probability of 95%
14,000 * 49% coins from mint C with a probability of 95%
12,000 * 53% coins from mint D with a probability of 95%
10,000 * 59% coins from other mints with a probability of 95%

The probability of having exactly 41,000 + 23,000 + 14,000 + 12,000 +

10,000 coins is less than T0E-11 (1 out of 100,000,000,000;
approximation via normal distribution).

The probability of having a distribution of the mints in the whole
F hoard matching the intervals of confidence for the five mints is

approximately around 77 %.



Use case;
estimation of a
QUANTITATIVE

property

example: DUCATONI of
Vincenzo | Gonzaga
(1587-1612), mint of
Casale Monferrato

ﬂ\lumber of samples: 10 \

sample average: 31.316000 grams
sample variance: 0.192893 grams?

t-Student quantile (95%): 2.262157
chi-squared quantiles (95%): 19.022768 / 2.700389

estimated weight (95%): 31.00/ 31.63

ﬂ\lumber of samples: 20 \

sample average: 30.939500 grams
sample variance: 1.778489 grams?

t-Student quantile (95%): 2.093024
chi-squared quantiles (95%): 32.852327 / 8.906516

estimated weight (95%): 30.32 / 31.56

\estimated variance (95%): 0.09 / 0.64 /

ﬂ\lumber of samples: 50 \

sample average: 30.855800 grams
sample variance: 2.389776 grams?

t-Student quantile (95%): 2.009575
chi-squared quantiles (95%): 70.222414 / 31.554916

estimated weight (95%): 30.42 / 31.30

\estimated variance (95%): 1.67 / 3.71 /

Kestimated variance (95%): 1.03/3.79 /

ﬁ\lumber of samples: 100 \

sample average: 30.745521 grams
sample variance: 2.757318 grams?

t-Student quantile (95%): 1.984217
chi-squared quantiles (95%): 128.421989 / 73.361080

estimated weight (95%): 30.42 / 31.08

Kestimated variance (95%): 2.13/3.72 /




Such a large amount of samples weighting less than p — 30 grams
. leads the statistic not to pass statistical hypothesis tests (e.g., x> test)
Use case: if the data were used to estimate the theoretical weight.

estimation of a

35.0%

quantitative
property

30.0%

= 48.2 % of samples (*) weighting
25.0% between 31.75 and 32.25 grams

~ 69.2 % of samples (*) weighting

H= theorethical WEIght 20.0% between 31.5 and 32.5 grams

30 = remedium in pondere

15.0%

10.0%

e SRR RN 2 ____...Il‘

0.0% = -.II-II---

5 o A 5 9 A0 o o O o o O 5 o O

".,"‘,'\ " '\f;'\ cﬁ’b A '\',\,‘\ > 'ﬁ‘;\ ff’q’ '1?’/\ °;° °>° 0;\’ "5\:\ 05"% 03"’/\ 03”’» 'b";\ %“‘% %"‘/\
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(*) analysis conducted on 1,200+

DUCATONI from Northern Italy




.. and now
about

Computer
Science




“‘Small” data vs. “big” data: different IT architecture paradigms

Local file systems

Relational databases (RDBMS)
Local storage solutions (2.5" HDD)
Structured data

[ Megabyee )

| Gibye |
Exebye Distributed file systems
NoSQL databases
Distributed data store

Unstructured / semi-structured data

The amount of data to be managed in coin find recording is «small» from the IT point of view,

so there are convenient solutions for DATA STORING AND PROCESSING that are also accessible
in home computing and/or small academic networks




Data storing and processing

Relational databases RDBMS (e.g. Microsoft  nsert Funcion L0 i
Access, MySQL, PostgreSQL) allow the storing el T e
of a data set much larger than that e a ref descrption of what you want to do and then | (i G0y
determined by all known coin finds. Or select 3 category: | Statistical ]
Select a function:
Spreadsheets (e.g. Microsoft Excel) offer a T
complete set of statistical functions. PERCENTILE INC
The enhanced capacity in terms of rows and PERCENTRANKING
columns allows to easily manage millions of e ARSON Gy o) :
data - both quantitative and qualitative - in a SRS SR DL RSO R
tabular form.
Help on this function oK | | Cancel




Data storing and processing

- — N . Data analytics platforms (e.g. Qlik) offers
o o , self-service visualization, guided and
487 ’ ‘ '
¢ o =L >2on embedded analytics and reporting capabilities.

—

I' -I | _ T They usually provide a dynamic, highly
— | customizable dashboard connected to a data
'! I e e set (e.g., ODBC database, OLE DB database,

o local or network file folders, web URLS), with

plenty of pre-defined templates.
J $461M
— .
ol ol e in_




Data storing and processing

Dozens of free APIs, plugins and widgets are
available on the Internet for spatial
visualization and data processing.

Use case: Leaflet (one of the most popular open-
source JavaScript libraries for interactive maps)
combined with Shiny (web framework for R, a
language and environment for statistical computing
and graphics applications) to achieve enhanced
spatial visualization of the data set.

(source: https://rstudio.github.io/leaflet/)

SuperZIP score (visible zips)

“¥Dillas




Looking for
smart ways to
digitalize data

Simultaneous data

acquisition based on the

Arduino UNO board:

a) speech recognition
data entry

b) weight sensor

c) tethered shooting

d) open source APIs

Arduino UNO
+

ad hoc code

d)




Looking for smart ways to digitalize data

A “wiki" approach to the recording of coin finds

al status

luogo imprecisato in

) ST ns (unspecified)
' > War febbraio 1964 Hoard
, ¥ (unspecifed) provenienza sconpsciuta 1970 (%) Hoard
. » (unspecified) provenienza scongsciuta 1970 (%) Hoard
! b (unspecif provenienza sconosciuta ante 1852 (unspecified)
[ b (unspacifed) provenienza sconosciuta ante 1956 Hoard
: b (unspecifad) provanienza sconosciuta ante 1986 (unspecifad)
! b (unspecified) provenienza sconoscivia inizi del XX secolo Hoard
! ! } (unspecified) provenienza scenoscita ns Hoand
stion aren » (unspecified) provenienza sconpsciuta ns Hoard
¥ (unspecified) provenienza scongsciuta ns Hoard
[ b (unspcifed) provenienza sconosciuts ns Hoard
ange b (unspacified provenienza sconosciuta ns Hoard
» (unspecified) provenienza sconoscita ns Hoard
Py Ip::::\i:‘w:::l;eﬁr;jr:i:.wn :::::j.“?.eqml.vmne METCALF |
b (unspecified) :’.al"";ﬁi:i.f"““ Lo L 1990 (7) Hoard
b Alsania ’;’;"‘r":’s’f‘::’:;fj‘s:l ns Suay finds
» Albania ?::'D‘::?Z“;‘:pf'am ns Stray finds
» Albania Durrés/Durazzo ns Hoard
» Albania Valona, loc. Kanina ns Stray finds
» Algeria Ain Kelba ns Hoard
b Austraka Elcho Island ns Single find
b Austia Aguntum ns (unspecified)
b Austia Aldrans 1991 Hoard
¥ Austia Austria, var rtrovament ns (unspecifed)
¥ Austia Duermbarg ns {unspeciied)
b Austia Egelsee ns Hoard
b Austia Feldkarch - Stadt, Chiesa & - Stray finds

St_Joann,


https://www.sibrium.org/CoinFinds/
https://www.sibrium.org/CoinFinds/

Data reuse
and data
convergence

Integrating existing
RDBMSs into a
“master” RDBMS

rh
Ll

Local db 2

S

"""E,

Local db N

X}

" - =
l

master db

@a‘se( )

Database schema
Need to develop a parser for each

RDBMS, to adapt the local schema to
a reference schema




Data reuse
and data
convergence

Integrating existing
RDBMSs into a
noSQL database

&

=

Local db 1

-

IIQ )

Local db 2

Local db N

l’

0 mongoDB

0 —”'Pyn‘ﬂ(
oen fOfmaf Amazon DynamoDB cassandra

open format

CouchDB

D)

Schemaless data structure
(“key-value pairs” model)
No need to develop local parsers

Queries on JavaScript



Data reuse
and data
convergence

Linked open data
and semantic web

/;;\S/ nomisma.org

Local db 2

—D.
0‘;

.:.GraphDB €o° Allegrosarna:ﬁ?

-

" -t‘ b,

Local db N

Dereferenced URIs
Standardization under the care of

World Wide Web Consortium (W3C)
Queries on e.g. SPARQL




The risks from IT Obsolescence and Short Term Projects

3

BBC Domesday Project (1986)

Materiali

Computer Science is evolving
at the speed of light,

IT solutions may become
obsolete in a flash.

e ricerche

Projects of digitalization and
data recording can shut down
due to lack of funds or people
leaving.

Congress
«Monete in rete» (2003)



nign. ,

"findSpotName": "REEA DEVNIA 1925",
"coinCount": .
"findSpotCtherNames": "Marcianopolis I(I), Reka Devyna, Réka-Devnia; Oesmz",
naddressts "
=3": .

"Devnya",

CHRE-3406.json

nn
.

"longitude”: .
"altitude" .
"comment": "Coins run from Mark Antony to Trajan Decius, although it has been argued that the last coins could be

intrusive. In that case, the hoard would end with issues of Gordian III. 81,096 (and not 81,044!) coins were published in
1534 by Mouchmowv, after a further 20,000+ colns had been dispersed. The total number of colns therefore exceeds 101,056
specimens. The difference between cur comput and the 81,044 coins mentioned in the original publication resides in an error
in counting the number of coins of Commodus (3146, whereas 3191 is correct) and reporting the correct number of coins of

caracalla in the table p. & of Mouchmov’s publication. Note that further errors have occurred for Trajan (p. 21, last three

entries, where numbers do not add up).",

"findSpotComment":

"discoveryDayl": B

"discoveryMonthl": .

"discovery¥Yearl™: .

"discoveryDay2": B

"discoveryMonth2": B

"discoveryYear2™: .

"opening¥earl": -22,

"openingYear2": -21,

"terminal¥earl": .

terminalYear2":

"reference_ string": "",

"references": "Moushmov, N.A. - 1%34 - Le trésor numismatigue de R&ka Dewvnia (Marcianopolis); Fitz, J. - 1%78 - Der

Geldumlauf der rémischen Provinzen im Donaugebiet Mitte des 2. Jahrhunderts: pp. 115-121 and 254-255; Gizdac, C. - 2002 -

Monetary circulation in Dacia and the provinces from the Middle and Lower Danube from Trajan to Constantine I (&D 306-337):

pp. 544-5; Paunov, E. and Prokopov, I. — 2002 - An Inventory of Roman Republican Coin Hoards and coins from Bulgaria

(IRRCHBulg): pp. 48-50, 5; Depeyrot, Georges - 2004 - La propagande monétaire (£4-235) et le trésor de Marcianopolis

(251) ; Metcalf, W.E. - — The Reka Devnia hoard re—examined.; Szaivert, W. — 1385 - Einige Bemerkungen zum Fund von

Réka-Devnia.; Moushmov, N. - 1330 - Une trouvaille de monnaies antigues pres du village de Reka-Devnia (Marcianopolis)"™,
EnterAtCoinLevel™:

"discoveryDepth™: "2 m",

"owner": "National Museum, Sofia (ca. 68,783 coins). Rrchaeology Museum, Varna, Bulgaria: inv.nos. 2807-2825, 4301-16363

(12,261 coins: MNero — Gordian III)",

"finder": "Pavel Todorov",

"discoveryCommen "The hoard was put into 7 crates. & of these were sent to the Museum in Sofia (236 kg) and one remained

in Varna (50 kg).",
"archaeologyStart¥ear": "",



<?xml version="1.0" encoding="utf-8"2?><nuds mmlns="http://nomisma.org/nuds" xmlns:xlink

http: //www.w3.org/19808/%x1ink" xmlns:xs="

http: //www.w3.org/2001 /0.Schema"” xmlns:xsi="http://www.w3.org/2001/.Schema-instance" recordType="conceptual">

<control>
<recordId>rpe-3-2834</rscordId>
<publicationsStatus><publicationStatus>approved</publicationStatus></publicationStatus>
<maintenancelgency><agencyNams>University of Oxford</agencyName></maintenancelgency>
<maintenancesStat

<maintenanceHistory> rpC—3—2834.XITII

<maintenanceEvent>

>new</maintenanceStatus>

<eventType>derived</eventType>

<eventDateTime standardDateTime="2017-5-2T11:11:11">Tue, 2 May 2017 11:11:11</eventDateTime>
<agentType®machine</agentType>

<agent>PHP</agent>

ionrGenerated from MySQl database</eventDescrip
t*

<eventDescriy

</maintenanceEve

</maintenanceHistory>

<rightsStmt>

Holder>
://rpe.ashmus.ox.ac.uk/copyright/"/>

<copyrightHolder>Ashmolean Museum, University of Oxford</copyrigh

<license xlin

e="simple” xlin

</rightsStmt>

<semanticDeclaration>
<prefix>dcterms</prefix>
<namespace>http://purl.org/doe/terms/</namespace>

</semanticDeclaration>

</control>
<descMeta>

¥
</descMe

</nuds>

<title xml:lang="en">RPC III, 2834</title>
<typeDesc> <objectType xli

e="simple" xlin

ref="http://nomisma.org/idfcoin">Coin</objectType>

‘http://nomisma.org/id/struck">Struck

xlink:hre

<manufacture xlink:type="s

</manufacture><authority><persname xzlink:

ype="simple" xlink:role="authority" =lin
http://nomisma.org/id/nerva">Nerva</persname></authority><geographic><geogname xlin ype="simple" xlink:rocle=
"mint" =lin ="http://nomisma.org/id/ancyra">Ancyra</geogname><geogname xzlink:type="simple" xlink:role=
"region" xlink:href="http://nomisma.org/id/galatia">Galatia</gesogname></geographic> <obverse>

<legend>AYTO NEPOYAE KAIEAP EEBAETOE</legend>

href

ion xml:lang="en">laureate head of Nerva, r.</description>

role="portrait" xlink http: //nomisma.org/id/nerva”>Nerva

e><persname xlin} "simple" xlin

</persnames> </obverse>
<reverse>

<legend>ENI (T) (IT) OOMIONIOY BATLEOY (IP)</legend>
e

<description xml:lang="en">Mé&n standing 1., with chiton, cloak and oriental tiara, crescent on shoulder,
holding patera in his extended r. hand</description>



1="1.0" encoding="utf-8"2>

13 :nmo="http://nomisma.org/ontology#"
xmlns:crm="http://www.cidoc—crm.org/cidoc—crm/"
icterms="http://purl .org/de/terms/"
roa="http://www.w3.org/ns/ca#"
elagios="http://pelagios.github.ico/vocab/terms#"
‘http:/ /www.w3.org/2000/01/rdf-schema#"
'http://rdfs.org/ns/void#" rpc_3_2834.rdf
‘http: //www.w3.org/2003/01/gec/wysB8d4 pos#"

pe="http://purl .org/de/demitype/"

=rhttp://www.w3.org/2004/02/skos/core#"
elations="http://pelagios.github.io/vocab/relations#"

snm="http://nomisma.org/id/"

'‘http: xmlns.com/foaf /0.1

‘http: //www.w3.o0rg/1999/02/22-rdf-syntax-ns#"

d="http://www.w3.org/2001 /3ML.Schemat ">

:sko

t="http://rpe.ashmus.ox.ac.uk/coins/3/2834">
'http://www.w3.org/2004/02/skos/core#Concept" />

, 2834</skos:preflabel>

nition xml larg='eu ">RPC I1I, 2834</skos:definition>

:resource="http: //nomisma.org/id/coin"/>
="http://nomisma.org/id/struck"/>
‘http://nomisma.org/id/nerva" />
"http://nomisma.org/id/ancyra"/>

="http: //nomisma.org/id/galatia™/>
=vhttp://rpc.ashmus.ox.ac.uk/coins/3/2834#chverse" />
ce="http://rpc.ashmus.ox.ac.uk/coins/3/2834#reverse" />

ree="http://rpec.ashmus.ox.ac.uk"/>

</nmo:

<rdf:Description rdf:about="http://rpc.ashmus.ox.ac.uk/coins/3/2834#cbverse">
<nmo: "aﬂ]’.ﬂgﬂrcDAYTO NEPOYAY KAIEAP TEBARTOZ</nmo:haslegend>
ion xml:lang="en">laureate head of Nerva, r.</dcterms:description>

rtrait rdf:resource="http://nomisma.org/id/nerva"/>

</rdf:Description>

="http://rpc.ashmus.ox.ac.uk/coins/3/2834#reverse">
thasLegend>ENI (T) (IT) OOMOONIOY BAEROY (IP)</nmo:hasLegend>
<dcterms:descrip

<rdf:Description rdf:al

ion xml:lang="en">Mé&n standing 1., with chiton, cloak and oriental tiara, crescent on shoulder, holdinc
in his extended r. hand</dcterms:description>
</rdf:Description>

</rdf:RDF>




A (hopefully) great future... but not for us?

Not all the mature technologies of daily
. . . . . . . . 70 (_}Ie when was Peter Spufford born? Q,

use will find an application in Numismatics in a

short term (no return on investments):

= PATTERN RECOGNITION
(— automatic identification of a picture)

= ARTIFICIAL NEURAL NETWORKS
(— automatic production of information from
structured data)

=  MACHINE LEARNING
(— learning by use cases, problem solving)

= QUESTION ANSWERING
(— natural language queries on data sets)

Peter Spufford / Data di nascita

18 agosto 1934

Peter Spufford - Wikipedia

https://fen wikipedia.org/wiki/Peter_Spufford » Traduci questa pagina

Peter Spufford, FSA, FRHistS, FBA (18 August 1934 — 18 November 2017) was a British historian and
academic, specialising in the economics of Medieval Europe. He was Professor Emeritus of European
History at the University of Cambridge

Academic career - Persanal life - Honours



Let’'s move onto
the conclusions...




The challenges of Data Availability and Data Processing

Are my data complete, reliable and
available in the proper format?

f» Ny Do I really know the right algorithms
28 to be applied to my data set?




«Are my data complete, reliable and available in the proper format?»

There are so many tools for processing datal!

The real challenge is to have an OPEN data set
that is as COMPLETE and RELIABLE as possible.

Data should be in a digital and - preferably -
indexed format (e.g., schema database, key-value
pairs, ontology).




«Do I really know the right algorithms to be applied to my data set?»

Knowing what to do is fundamental! Data processing is not just
Statistics or Computer Science, it is above all great sensitivity
dictated by experience and intuition.

Descriptive Statistical Statistical
Statistics Inference Modelling

ALGORITHMS

Multivariate Spatial
Statistics Analysis
Whatever your imagination can invent!
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There are
three kinds of lies:
lies, damned lies,
and statistics

(Benjamin DISRAELI, attr.)

Now you, too, can out-double-tall: your accountant;

confuse your political opponent;

prove that your product has secret huilt-in goodnes!

by Darrell Huff

PICTURES BY
Irving Geis




WORK SMARTER,
NOT HARDER!




If you have any questions about this
document, please don'’t hesitate to contact
me at:

« https://www.sibrium.org/

 mail@sibrium.org




