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Dyalog for data science?



What is data science?



What is data science?

Data science is an interdisciplinary academic field that
uses statistics, scientific computing, scientific methods,
processes, scientific visualization, algorithms and
systems to extract or extrapolate knowledge and insights
from potentially noisy, structured, or unstructured data.

https://en.wikipedia.org/wiki/Data science

DYALOC

Dyalog for data science https://github.com/yiyus/data-science-in-APL/




What is data science?

Data science
uses scientific computing

to extract knowledge
from data

https://en.wikipedia.org/wiki/Data science

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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What is data science?

Data science

uses scientific computing
to extract knowledge
from data
LLa rge Smaller

data tables m data tables
(CSV files) and charts

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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Examples

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC
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Berkeley admissions (1973)

¢ Admissions at UC Berkeley graduate schools in 1973
¢ Larger percentage of male applicants admitted

¢ Gender bias or Simpson's paradox?

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC
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Berkeley admissions (1973)

¢ Admissions at UC Berkeley graduate schools in 1973
¢ Larger percentage of male applicants admitted

¢ Gender bias or Simpson's paradox?

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Berkeley admissions (1973)

B berkeley.csv

Year,Major,Gender, Admission
1973,C,F,Rejected
1973,B,M, Accepted
1973,0ther, F, Accepted
1973,0ther, M, Accepted
1973,0ther,M,Rejected
1973,0ther,M,Rejected
1973,F,F,Accepted
1973,0ther,M, Accepted
1973,0ther,M,Rejected
1973,A,M,Accepted
1973,0ther, F,Rejected
1973,B,M, Accepted
1973,C,M,Rejected
1973,A,M,Rejected
1973,0ther,M,Rejected

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Berkeley admissions (1973)

B berkeley.csv

Year,Major,Gender, Admission
1973,C,F,Rejected

1973,B,M, Accepted
1973,0ther, F, Accepted
1973,0ther, M, Accepted
1973,0ther,M,Rejected
1973,0ther,M,Rejected

12763 1973,F,F,Accepted
. = 1973,0ther,M, Accepted
l”T@S 1973,0ther,M,Rejected

1973,A,M,Accepted

1973,0ther, F,Rejected
1973,B,M, Accepted
1973,C,M,Rejected
1973,A,M,Rejected
1973,0ther,M,Rejected

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Berkeley admissions (1973)

12763
lines

B berkeley.csv

Year,Major,Gender, Admission
1973,C,F,Rejected
1973,B,M,Accepted
1973,0ther, F, Accepted
1973,0ther, M, Accepted
1973,0ther,M,Rejected
1973,0ther,M,Rejected
1973,F,F,Accepted
1973,0ther, M, Accepted
1973,0ther,M,Rejected
1973,A,M,Accepted
1973,0ther,F,Rejected
1973,B,M,Accepted
1973,C,M,Rejected
1973,A,M,Rejected
1973,0ther,M,Rejected

Year|Major|Gender |Admission
1873|C F Rejected
1973|B M Accepted
1973|0ther|F Accepted
1973 |0ther|M Accepted
1973 |0ther|M Rejected
1973 |0ther|M Rejected
1973 |F F Accepted
1973 |0ther|M Accepted
1973 |0ther|M Rejected
1973 A M Accepted
1973 |0ther|F Rejected

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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Berkeley admissions (1973)

Year|Major|Gender|Admission
1973|C F Rejected
1973|B M Accepted
1973|0ther|F Accepted
1973 |0ther|M Accepted
1973 |0ther|M Rejected
1973 |0ther|M Rejected
1973 |F F Accepted
1973 |0ther|M Accepted
1973 |0ther|M Rejected
1973 A M Accepted
1973 |0ther|F Rejected
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17
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201
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131
138
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53
25
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937
2227

Applicants
108
1138
25
560
593
325
375
17
393
191
341
373
2486
5438
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Berkeley admissions (1973)

Major Gender

F
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89
825
17
353
201
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131
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25
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937
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Applicants
108
1138
25
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325
375
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393
191
341
373
2486
5438
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Admitted

89
825
914

17
353
370
201
120
321
131
138
269

oL

53
147

25

22

47
937

2227

3164

1494

3738

5232

Applicants
108
1138
1246
25
560
585
593
325
918
375
417
792
393
191
584
341
373
71k
2486
5438
7924
L321
8442
12763

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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Berkeley admissions (1973)
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Berkeley admissions (1973)

Major
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Berkeley admissions (1973)

Major Gender Admitted Applicants %Admitted %Applicants

A F 89 108 82.4 2.
A M 825 1138 72.5 13.
A T 91k 1246 73.4 9.
B F 17 25 68 <]
B M 353 560 63 6
B T 370 585 63.2 £
c F 201 593 33.9 13
c M 120 325 36.9 3
c T 321 918 35 7
D F 131 375 34.9 8
D M 138 417 33.1 4.
D T 269 792 34 -]
E F 9l 393 23.9 9
E M 53 191 27.7 2
E T 147 584 25.2 [
F F 25 341 7.33 7
F M 22 373 5.9 £
F T 47 714 6.58 5
Other F 937 2486 37.7 57
Other M 2227 5438 41 ol.
Other T 364 7924 39.9 62.
Total F 1494 4321 3.6 100
Total M 3738 8442 b4 3 100
Total T 5232 12763 41 100

Percentage of accepted students
45.0
40.0
35.0
30.0
25.0
20.0
15.0
10.0
5.0

0.0
Female Male

5
5
76

.579
.63
.58
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.85
.19
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.21
.1
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.89
k2
.59
.5

n
1

Percentage of applicants to each major
70.000

60.000
50.000
40.000
30.000
20.000
10.000

0-000 A B C D E F Other

Percentage of accepted students by major

90.00
80.00
70.00
60.00
50.00
40.00
30.00
20.00
10.00

0.00 A B C D E F Other

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




47 714 6.58

T
Other F 937 2486 37.7
Other M 2227 5438 41

Other T 3164 7924 39.9
Total F 1494 b3zl 4.6
Total M 3738 8442 b4, 3
Total T 5232 12763 41

Percentage of accepted students
45.0
40.0
35.0
30.0
25.0
20.0
15.0
10.0

5.0

0.0

Female

Dyalog for data science https://github.com/yiyus/data-science-in-APL/

Male
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100
100
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Percent:

90.00
80.00
70.00
60.00
50.00
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30.00
20.00
10.00

0.00
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Other
Percentage of accepted students by major
90.00
80.00
70.00
60.00
50.00
40.00
30.00
I l - I
10.00
0.00

Other

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC
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Berkeley admissions (1973)

Major Gender Admitted Applicants %Admitted %Applicants

A F 89 108 82.4 2.
A M 825 1138 72.5 13.
A T 91k 1246 73.4 9.
B F 17 25 68 <]
B M 353 560 63 6
B T 370 585 63.2 £
c F 201 593 33.9 13
c M 120 325 36.9 3
c T 321 918 35 7
D F 131 375 34.9 8
D M 138 417 33.1 4.
D T 269 792 34 -]
E F 9l 393 23.9 9
E M 53 191 27.7 2
E T 147 584 25.2 [
F F 25 341 7.33 7
F M 22 373 5.9 £
F T 47 714 6.58 5
Other F 937 2486 37.7 57
Other M 2227 5438 41 ol.
Other T 364 7924 39.9 62.
Total F 1494 4321 3.6 100
Total M 3738 8442 b4 3 100
Total T 5232 12763 41 100
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Percentage of accepted students by major

90.00
80.00
70.00
60.00
50.00
40.00
30.00
20.00
10.00

0.00 A B C D E F Other

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Berkeley admissions (1973)
The code
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Berkeley admissions (1973)
The code

.‘.‘l
A|P|L]
A | | 4

A read data

d h«<[JCSV'berkeley.csv' ''1l 1

A group by gender and by major

a~{wldw; 1}d[:2 3]{a, (+/('A"=2)"w),#w}Bd[ ;4]
A totals by gender and by major
g«as(c'Total'),al;2]{a,+#w}Bal;3 4]
me{wldw;]}gsgl;11{a, 'T',+Fw}Bgl;3 %]

A admission and applicants ratios
ar<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4+]+(#ar)p 3tar[;4]

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




A
(A|P|T.]
mr

A read data

d h<[JCSV'berkeley.csv' ''1 1

A group by gender and by major
a<{wldw;1}d[:2 31{a, (+/("A'=2)"w),Zw}Bd[ ;4]
A totals by gender and by major
g«as(c'Total'),al;2]{a,+#w}Bal;3 4]
me{wldw:;1}gsgl;11{a, 'T",+Fw}Bg[:3 4]

A admission and applicants ratios

ar<m, 100xm[;3]+m[ ;4]
mr<ar,100xar[;4+]+(#ar)p 3tar[;4]



ai:ill
(A|P|T.]
A | 4

A read data

d h<[JCSV'berkeley.csv' ''1 1

A group by gender and by major
a<{wldw;1}d[52 31{a,(+/('A"=2)"w),#w}Bd[ ;4]
A totals by gender and by major
g«as(c'Total'),al52]{a,+#w}Bal;3 4]
me{wldw;1}gsgl;11{a, 'T',+Fw}Bg[:3 4]

A admission and applicants ratios
ar«<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4]+(#ar)p 3tar[;4]

A |

# read data

df = pd.read_csv("berkeley.csv'")

# group by gender and by major

adm = ('Admission', Tambda c:(c=="Accepted"').sum())

app = ('Admission', 'count')

a = df.groupby(['Major', 'Gender']) .agg(Admitted=adm, Applicants=app)

# totals by gender and by major

gg a.reset_index() .groupby('Gender").sum()

gt pd.concat([gg], keys=['Total'], names=['Major'])

g = pd.concat([a, gt])

mg g.reset_index() .groupby('Major"').sum()

mt pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1, 0])
m = pd.concat([g, mt]).sort_index()

# admission and applicants ratios

ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)

mr = ar.assign(PctApplicants = 100*ar.Applicants/ar.Tloc['Total']['Applicants'])



Year

Major

Gender

Admission

1973

[+

Rejected

1973

B

Accepted

1973

Other

Accepted

1973

Other

Accepted

1973

Other

Rejected

1973

Other

Rejected

1973

F

Accepted

1973

Other

Accepted

1973

Other

Rejected

1973

A

Accepted

12758

12759

12760
12761

12762

Year
1973

1973

1973

1973

1973

1973

1973

1973
1973

1973

Major
c
B

Other

Other

Other

Other

Other
Other

Other

Gender Admission

F

M

F

Rejected

Accepted
Accepted

Accepted

Rejected

Accepted

Accepted

Rejected
Rejected

Accepted

Ai:lll
(A|P|T.]
A | 4

A read data

d h<[JCSV'berkeley.csv' ''1 1

a<{wldw;1}d[52 31{a,(+/('A"=2)"w),#w}Bd[ ;4]
A totals by gender and by major
g«as(c'Total'),al52]{a,+#w}Bal;3 4]
me{wldw;1}gsgl;11{a, 'T',+Fw}Bg[:3 4]

A admission and applicants ratios
ar«<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4]+(#ar)p 3tar[;4]

A |

# read data

df = pd.read_csv("berkeley.csv'")

# group by gender and by major

adm = ('Admission', Tambda c:(c=="Accepted"').sum())

app = ('Admission', 'count')

a = df.groupby(['Major', 'Gender']).agg(Admitted=adm, Applicants=app)
# totals by gender and by major

gg = a.reset_index().groupby('Gender"').sum()

gt = pd.concat([gg], keys=['Total'], names=['Major'])

g = pd.concat([a, gt])

mg = g.reset_index().groupby('Major"').sum()

mt = pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1l, 0])
m = pd.concat([g, mt]).sort_index()

# admission and applicants ratios

ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)

mr = ar.assign(PctApplicants = 100*ar.Applicants/ar.Tloc['Total']['Applicants'])



Ai:lll
(A|P|T.]
A | 4

A read data

Major Gender Admitted Applicants
A F 89 108
A M 825 1138
B F 17 25
B M 353 560
c F 201 593
c M 120 325
D F 131 375
D M 138 17
E F 94 393
E M 53 191
F F 25 LS
F M 22 373
Other F 937 2186
Other ™ 2227 5438
Admitted Applicants
Major Gender
F 89 108
A
M 825 138
F 17 25
B
M 353 560
F 201 593
(E
M 120 325
F 131 EXE
]
M 138 a7
F 94 393
E
M 53 191
F 25 3a1
E
M 22 EXE]
F 937 2486
Other
M 2227 5438

d h«D{"QV'hnrknln\’l SNt L

A group by gender and by major
a<~{wldw;1}d[;2 31{a, (+/('A'=3)"w),#w}Bd[;4]

g«as(c'Total'),al;2]{a,+#w}Bal;3 4]
me{wldw;1}g59[s11{a, 'T',+#w}Bgl[;3 %]
A admission and applicants ratios
ar«<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4]+(#ar)p 3tar[;4]

A |

# read data

df = pd.read_csv('berkeley.csv'")

# group by gender and by major

adm = ('Admission', Tambda c:(c=="Accepted"').sum())

app = ('Admission', 'count')

a = df.groupby(['Major', 'Gender']).agg(Admitted=adm, Applicants=app)
#totals by gender—and by major

gg = a.reset_index().groupby('Gender"').sum()

gt = pd.concat([gg], keys=['Total'], names=['Major'])

g = pd.concat([a, gt])

mg = g.reset_index().groupby('Major"').sum()

mt = pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1l, 0])
m = pd.concat([g, mt]).sort_index()

# admission and applicants ratios

ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)

mr = ar.assign(PctApplicants = 100*ar.Applicants/ar.Tloc['Total']['Applicants'])



Mejor
A

==

Gender Admitted
89

Applicants
108

A 825 1138
A T oL 1246
B F 17 25
8 M 353 560
B T 370 585
c F 201 593
[« M 120 325
c T 3zt 918
o} F 131 375
D M 138 417
D T 269 792
E F o 393
E M 53 191
E T 147 584
F F 25 au1
F M 22 373
F T 47 Tiw
Other F 937 2486
Other M 2227 5438
Other T 3164 7924
Total F 1494 k321
Total M 3738 8442
Total T 5232 12763
Admitted Applicants

Major Gender
F 89 108
A M 825 1138
T 914 1246
F 17 25
B M 353 560
T 370 585
F 201 593
Cc M 120 325
T 321 918
F 131 375
D M 138 417
T 269 792
F 94 393
E M 53 191
T 147 584
F 25 341
F M 22 373
T a7 714
F 937 2486
Other M 2221 5438
T 3164 7924
F 1494 4321
Total M 3738 8442
T 5232 12763

Ai:lll
(A|P|T.]
A | 4

A read data
d h<[JCSV'berkeley.csv' ''1 1
A group by gender and by major

a< A +

Bd[ ;4]

A tétais by gender and by major‘
g<as(c'Total'),al;2]{a,+Fw}Bal;3 4]
m*{w[éw;l}g:g[;ll{a,fT',+fw}Eg§;3 4]

ar«<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4]+(#ar)p 3tar[;4]

A |

# read data

df = pd.read_csv("berkeley.csv'")

# group by gender and by major

adm = ('Admission', Tambda c:(c=="Accepted"').sum())

app = ('Admission', 'count')

a = df.groupby(['Major', 'Gender']).agg(Admitted=adm, Applicants=app)
# totals by gender and by major

gg = a.reset_index().groupby('Gender"').sum()

gt pd.concat([gg], keys=['Total'], names=['Major'])

g = pd.concat([a, gt])

mg = g.reset_index().groupby('Major"').sum()

mt = pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1l, 0])
m = pd.concat([g, mt]).sort_index()

# admission and applicants ratios

ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)

mr = ar.assign(PctApplicants = 100*ar.Applicants/ar.Tloc['Total']['Applicants'])



Major Gender Admitted Applicants ®%Admitted %Applicants
A F 89 108 82.4 2.5
A M 825 1138 72.5 13.5
A T 91k 1246 734 9.76
B F 17 25 68 0.579
B M 353 560 63 6.63
B T 370 585 63.2 4.58
c F 201 593 33.9 13.7
c M 120 325 36.9 3.85
C T 321 918 35 7.19
D F 131 375 k.9 8.68
D M 138 417 33.1 h.obk
D T 269 792 3k 6.21
E F o 393 23.9 9.1
E M 53 191 27.7 2.26
E T 147 584 25.2 4.58
F F 25 341 7.33 7.89
F M 22 373 5.9 4.42
F T 47 714 6.58 5.59
Other F 937 2486 37.7 57.5
Other M 2227 5438 =t ol
Other T 3164 7924 39.9 62.1
Total F 1494 4321 3.6 100
Total M 3738 8442 4.3 100
Total T 5232 12763 41 100
Admitted  Applicants PctAdmitted PctApplicants
Major Gender
F 89 108 82.407407 2.499421
A M 825 1138 72.495606 13.480218
T 914 1246 73.354735 9.762595
F 17 25 68.000000 0.578570
B M 353 560 63.035714 6.633499
T 370 585 63.247863 4.583562
F 201 593 33.895447 13.723675
© M 120 325 36.923077 3.849799
T 321 918 34.967320 7.192666
F 131 375 34.933333 8.678547
D M 138 a7 33.093525 4.939588
T 269 792 33.964646 6.205438
5 94 393 23.918575 9.095117
E M 53 191 27.748691 2262497
T 147 584 25.171233 4575727
F 25 341 7.331378 7.891692
F M 22 373 5.898123 4.418384
T a7 714 6.582633 5.594296
5 937 2486 37.691070 57532978
Other M 2227 5438 40.952556 64.416015
T 3164 7924 39.929329 62.085717
F 1494 4321 34.575330 100.000000
Total M 3738 8442 44.278607  100.000000
T 5232 12763 40.993497 100.000000

Aizlll
(A|P|T.]
mr

A read data

d h<[JCSV'berkeley.csv' ''1 1

A group by gender and by major
a<{wldw;1}d[52 31{a,(+/('A"=2)"w),#w}Bd[ ;4]
A totals by gender and by major
g«as(c'Total'),al52]{a,+#w}Bal;3 4]
A admission and applicants ratios
ar«<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4]+(#ar)p 3tar[;4]

@

# read data

df = pd.read_csv("berkeley.csv'")

# group by gender and by major

adm = ('Admission', Tambda c:(c=="Accepted"').sum())

app = ('Admission', 'count')

a = df.groupby(['Major', 'Gender']).agg(Admitted=adm, Applicants=app)
# totals by gender and by major

gg = a.reset_index().groupby('Gender"').sum()

gt = pd.concat([gg], keys=['Total'], names=['Major'])

g = pd.concat([a, gt])

mg g.reset_index() .groupby('Major"').sum()

mt pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1, 0])
m = pd.concat([g, mt]).sort_index()

# admission and applicants ratios

ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)

mr = ar.assign(PctApplicants = 100*ar.Applicants/ar.Tloc['Total']['Applicants'])



Percentage of applicants to each major .“-

o AIPILj

50.000 ‘.'

soom A read data

. d h<[CSV'berkeley.csv' ''1 1

oo T gt e o € F o omer A group by gender and by major

e a~{wldw;1}d[32 3){a, (+/('A'=3)"w),Zw}Bd[ ;4]

Percentage of accepted students by major A totals by gender and by major
Percentage of accepled studers o0 g«as(c'Total'),al;2]{a,+/w}BHal[;3 4]
b b me{wldws;1}g59ls11{a, 'T',+Fw}Bgl;3 4]
e a0 A admission and applicants ratios
0 o ar<m,100xm[;3]+m[ ;4]
o oo mr<ar,100xar[;4]+(#ar)p 3tar[;4]
00 _— . A B c D E F Other

A |

# read data

Gender

= df = pd.read_csv("berkeley.csv'")
© # group by gender and by major
» adm = ('Admission', Tambda c:(c=="Accepted"').sum())

app = ('Admission', 'count')

! a = df.groupby(['Major', 'Gender']) .agg(Admitted=adm, Applicants=app)
8 # totals by gender and by major

gg = a.reset_index().groupby('Gender"').sum()

gt = pd.concat([gg], keys=['Total'], names=['Major'])

| g = pd.concat([a, gt])

“ " mg = g.reset_index() .groupby('Major"').sum()

Z: ° mt = pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1, 0])
ol ® m = pd.concat([g, mt]).sort_index()

0 D # admission and applicants ratios

Gender

aior s ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)
mr = ar.assign(PctApplicants = 100*ar.Applicants/ar.Tloc['Total']['Applicants'])
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A read data

d h<[JCSV'berkeley.csv' ''1 1

A group by gender and by major
a<{wldw;1}d[52 31{a,(+/('A"=2)"w),#w}Bd[ ;4]
A totals by gender and by major
g«as(c'Total'),al52]{a,+#w}Bal;3 4]
me{wldw;1}gsgl;11{a, 'T',+Fw}Bg[:3 4]

A admission and applicants ratios
ar«<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4]+(#ar)p 3tar[;4]

@

# read data

df = pd.read_csv("berkeley.csv'")

# group by gender and by major

adm = ('Admission', Tambda c:(c=="Accepted"').sum())

app = ('Admission', 'count')

a = df.groupby(['Major', 'Gender']).agg(Admitted=adm, Applicants=app)
# totals by gender and by major

gg = a.reset_index().groupby('Gender"').sum()

gt = pd.concat([gg], keys=['Total'], names=['Major'])

g = pd.concat([a, gt])

mg = g.reset_index().groupby('Major"').sum()

mt = pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1l, 0])
m = pd.concat([g, mt]).sort_index()

# admission and applicants ratios

ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)

mr = ar.assign(PctApplicants = 100*ar.Applicants/ar.Tloc['Total']['Applicants'])



Berkeley admissions
The code

A read data

d h«<[JCSV'berkeley.csv' ''1l 1

A group by gender and by major
ac{wldw;1}dl52 31{e, (+/('A"'=2)"w),#w}Bd[ ;4]
A totals by gender and by major
g«as(c'Total'),als2]{a,+#w}Bal;3 4]
me{wldw;]}gsgl:11{a, 'T',+fw}Bgl[;3 4]

A admission and applicants ratios
ar<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4+]+(#ar)p 3tar[;4]

(1973)

# read data

df = pd.read_csv("berkeley.csv")

# group by gender and by major

adm = ('Admission’, lambda c:(c=='Accepted').sum())

app = ('Admission’, 'count')

a = df.groupby(['Major', 'Gender']).agg(Admitted=adm, Applicants=app)
# totals by gender and by major

gg = a.reset_index() .groupby('Gender').sum()

gt = pd.concat([gg], keys=['Total'l, names=['Major'l)
g = pd.concat([a, gt])

mg = g.reset_index().groupby('Major').sum()

mt = pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1, 0])
m = pd.concat([g, mt]).sort_index()

# admission and applicants ratios

ar
mr

m.assign(PctAdmitted=100*m.Admitted/m.Applicants)
ar.assign(PctApplicants = 100*ar.Applicants/ar.loc['Total']['Applicants'])

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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Berkeley admissions

The code

A read data

d h«<[JCSV'berkeley.csv' ''1l 1

A group by gender and by major
ac{wldw;1}dl52 31{e, (+/('A"'=2)"w),#w}Bd[ ;4]
A totals by gender and by major
g«as(c'Total'),als2]{a,+#w}Bal;3 4]
me{wldw;]}gsgl:11{a, 'T',+fw}Bgl[;3 4]

A admission and applicants ratios
ar<m,100xm[;3]+m[ ;4]
mr<ar,100xar[;4+]+(#ar)p 3tar[;4]

(1973)

# read data

df = pd.read_csv("berkeley.csv")

# group by gender and by major

adm = ('Admission’, lambda c:(c=='Accepted').sum())

app = ('Admission’, 'count')

a = df.groupby(['Major', 'Gender']).agg(Admitted=adm, Applicants=app)

# totals by gender and by major

gg = a.reset_index() .groupby('Gender').sum()

gt = pd.concat([gg], keys=['Total'l, names=['Major'l)

g = pd.concat([a, gt])

mg = g.reset_index().groupby('Major').sum()

mt = pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1, 0])
m = pd.concat([g, mt]).sort_index()

# admission and applicants ratios

ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)

mr = ar.assign(PctApplicants = 100*ar.Applicants/ar.loc['Total']['Applicants'])

O https://github.com/yiyus/data-science-in-APL/

Dyalog for data science

DYALOC




Example 2
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Fisher’s Iris dataset (1936)

e Measures of four different flower features
@ Three classes of iris flower

¢ Thegoalis to classify flowers in basis to these features

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Fisher’s Iris dataset (1936)

@ Measuresd Iris
@ Three class

¢ Thegoalis
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@ Measuresd Iris
@ Three class

¢ Thegoalis
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Fisher’s Iris dataset (1936)

@ Measuresd Iris
@ Three class

¢ Thegoalis

Danielle Langlois. 2005. CC-BY-SA
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Fisher’s Iris dataset (1936)

Measures d

Three class

The goal is

/ °
Iris

Iris-setosa, Iris-versicolor, Iris-virginica

Danielle Langlois. 2005. CC-BY-SA
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Fisher’s Iris dataset (1936)

e Measures of four different flower features
@ Three classes of iris flower

¢ Thegoalis to classify flowers in basis to these features

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Fisher’s Iris dataset (1936)

The code

A statistics

AVG<
STD< .“.

pec- A|P|T,

A read data

d« 1¢0CSV'iris.csv' ''4

A aggregate with total
_A<{(wl[s1]),ca0B14[2]w)5(c'Total"'),aald[2]w}
A summary, percentiles and correlation
s«<(L#,AVG,STD,[#)_A d

p«<{,25 50 750.PCTI8w}_A d
c+c82{o.PCCE4Rw}_A d

c,«c(c'Class'), (ct=d[;1])PCC4R1+[2]d

# read data

cols = ['s1', 'sw', 'p1', 'pw']

df = pd.read_csv("iris.csv", header=None, names=cols+['class'])

# aggregate with total

def A(df, a):
t = pd.concat([df[cols].agg(a)], keys=['Total']l, names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), t])

# summary, percentiles and correlation

s = [A(df, x) for x in ['min', 'max', 'mean', 'std']]

p = [A(df, Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]

ct = pd.concat([df.corr()], keys=['Total'], names=['class'])

c = pd.concat([df.groupby('class').corr(), ct])

tt = df.corrwith(pd.Series(pd.factorize(df['class'])[0]))

cc = pd.concat([tt], keys=[('Total', 'class')], names=['class', '']).unstack()

c = pd.concat([c, cc])

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




A statistics “.‘-

AVG+ (A[P[T]
STD« A | 4
PCT«
PCC+«

A read data

d< 1¢[CSV'iris.csv' ''L

A aggregate with total
_A<{(wl[:1],c00B14[2]w)5(c'Total"'),aal¢[2]w}
A summary, percentiles and correlation
s«(L#,AVG,STD,[#)_A d

p<—{,25 50 750.PCTVQuw}_A d

c+co2{e PCCIQuw}_A d
c,«c(c'Class'),(c1=d[;1])PCC4RQ14[2]d

A 1
I'l
# read data
cols = ['s1', 'sw', "pl1', "pw'l]
df = pd.read_csv("iris.csv'", header=None, names=cols+['class'])
# aggregate with total
def A(df, a):
t = pd.concat([df[cols].agg(a)], keys=['Total'], names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), tl)
# summary, percentiles and correlation
s = [A(df, x) for x in ['min', 'max', 'mean', 'std']]
p = [A(df, Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]
ct = pd.concat([df.corr()], keys=['Total'], names=['class'])
c = pd.concat([df.groupby('class').corr(), ctl)
tt df.corrwith(pd.series(pd.factorize(df['class'])[0]))
cc pd.concat([tt], keys=[('Total', 'class')], names=['class', '']).unstack()
c = pd.concat([c, cc])



A statistics

AVG+«

STD+«

PCT«

PCC«

A read data

d< 1¢0CSV'iris.csv' ''kL

A aggregate with total
A{(w[s;1],c00B14[2]w)5(c'Total ") ,00ld[2]w}
A summary, percentiles and correlation
s«(L#,AVG,STD,[#) A d

p«{,25 50 750.PCTVQw}_A d

ceco?2{o PCC~VQw} A d
c,«c(c'Class'),(c1~d[;1])PCC4§14[2]d




A statistics

AVG<... A average

STD=... A standard deviation

PCT<.. A percentiles

PCC~.. A Pearson’s correlation coefficient
A read data

d< 1¢0CSV'iris.csv' ''kL

A aggregate with total
A{(w[s;1],c00B14[2]w)5(c'Total ") ,00ld[2]w}
A summary, percentiles and correlation
s«(L#,AVG,STD,[#)_A d

p«{,25 50 750.PCTVQw}_A d

ceco?2{o PCC~VQw} A d
c,<c(c'Class'),(e1~d[;1])PCC 4Q14[2]d



A statistics

AVG++#+#

STD«(2%o0s=+4+ 1+F)2x=r-0l+f+#
PCT«{((2+=+/)r[]=ocA[J~oco[100+~ax0 1+#)w}
PCCe+.x0( (F+2%o0+=+ x~)r—+4£+#)
A read data
d«~1¢0CSV'iris.csv' 'L

A aggregate with total
A{(w[:;1],c00B14[2]w)5(c'Total ") C

A summary, percentiles and correl
s«(L#,AVG,STD,[#)_A d
p<{,25 50 750.PCT+8w}_A d aplcart
ceco?2{o PCC~VQw} A d
c,«c(c'Class"'),(c1~d[s;1])PCCTIRLI[2]d




A statistics
AVG«<stats.Average
STD«stats.StdDev
PCT«stats.Percentile
PCC«stats.Correlation
A read data

d<”
q a :Namespace stats
A< Average<«{(+#w)+#w}
- StdDev«{(+2)x~(+.x~w-Averagew)+(#w)-1}
RS StdScore«{w+(+2)*~(+.x~w-Averagew)}
s+ Correlation«<{a+.x6StdScorew} A Pearson’s coeff
p*{ Percentile<«{
c<cC i«[(a+100)x0 1+Zw ¢ ve(c(ci)JAw)Jw ¢ (+/v)+2
}
d

b

:EndNamespace



A statistics
AVG«<stats.Average
STD«stats.StdDev
PCT«stats.Percentile
PCC«stats.Correlation

A read data

A

d<”
q a :Namespace stats

A< Average«{(+#w)+#w} A DANGER: not valid if O=%w
- StdDev«{(+2)x~(+.x~w-Averagew)+(#w)-1}
RS StdScore«{w+(+2)*~(+.x~w-Averagew)}
s+ Correlation«<{a+.x6StdScorew} A Pearson’s coeff
p*{ Percentile<«{
c<cC i« (a+100)x0 1+Zw ¢ v<(c(ci)Aw)w ¢ (+/v)=+2

}
d

b

:EndNamespace



A statistics
AVG«

s« JAIMSTAT
PCT<« TAMING STATISTICS
PCC< https://tamstat.dyalog.com

A read data

d« 1¢JCSV'iris.csv' "'k

A aggregate with total
A{(w[:;1],c00B14[2]w)5(c'Total ") ,00ld[2]w}
A summary, percentiles and correlation
s«(L#,AVG,STD,[#) A d

p«{,25 50 750.PCTVQw}_A d

ceco?2{o PCC~VQw} A d
c,«c(c'Class'),(c1~d[;1])PCC4§14[2]d



A statistics mean

AU I' / Oosdev
>Th« ams-l-a.l-i percentile
PCT<« TAMING STATISTICS ~

PCC< https://tamstat.dyalog.com corr

A read data

d« 1¢JCSV'iris.csv' "'k

A aggregate with total
A{(w[:;1],c00B14[2]w)5(c'Total ") ,00ld[2]w}
A summary, percentiles and correlation
s«(L#,AVG,STD,[#) A d

p«{,25 50 750.PCTVQw}_A d

ceco?2{o PCC~VQw} A d
c,«c(c'Class'),(c1~d[;1])PCC4§14[2]d



A statistics “.‘-

AVG+ (A[P[T]
STD« A | 4
PCT«
PCC+«

A read data

d< 1¢[CSV'iris.csv' ''L

A aggregate with total
_A<{(wl[:1],c00B14[2]w)5(c'Total"'),aal¢[2]w}
A summary, percentiles and correlation
s«(L#,AVG,STD,[#)_A d

p<—{,25 50 750.PCTVQuw}_A d

c+co2{e PCCIQuw}_A d
c,«c(c'Class'),(c1=d[;1])PCC4RQ14[2]d

A 1
I'l
# read data
cols = ['s1', 'sw', "pl1', "pw'l]
df = pd.read_csv("iris.csv'", header=None, names=cols+['class'])
# aggregate with total
def A(df, a):
t = pd.concat([df[cols].agg(a)], keys=['Total'], names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), tl)
# summary, percentiles and correlation
s = [A(df, x) for x in ['min', 'max', 'mean', 'std']]
p = [A(df, Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]
ct = pd.concat([df.corr()], keys=['Total'], names=['class'])
c = pd.concat([df.groupby('class').corr(), ctl)
tt df.corrwith(pd.series(pd.factorize(df['class'])[0]))
cc pd.concat([tt], keys=[('Total', 'class')], names=['class', '']).unstack()
c = pd.concat([c, cc])



A statistics .“-

AVG+ EE
STD+« my
PCT«
PCC«

A read data

d< 1¢[CSV'iris.csv'

_A<{(wl[:1],c00B14[2]w)5(c'Total"'),aal¢[2]w}
A summary, percentiles and correlation
s<(L#,AVG,STD,[#)_A d

p<{,25 50 750.PCT48w}_A d

c+co2{e PCCIQuw}_A d
c,«c(c'Class'),(c1=d[;1])PCC4RQ14[2]d

A 1
I'l
# read data
cols = ['s1', 'sw', "pl1', "pw'l]
df = pd.read_csv("iris.csv'", header=None, names=cols+['class'])
#-aggregate-with—total
def A(df, a):
t = pd.concat([df[cols].agg(a)], keys=['Total'], names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), tl)
# summary, percentiles and correlation
s = [A(df, x) for x in ['min', 'max', 'mean', 'std']]
p = [A(df, Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]
ct = pd.concat([df.corr()], keys=['Total'], names=['class'])
c = pd.concat([df.groupby('class').corr(), ctl)
tt df.corrwith(pd.series(pd.factorize(df['class'])[0]))
cc pd.concat([tt], keys=[('Total', 'class')], names=['class', '']).unstack()
c = pd.concat([c, cc])
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A statistics PASTS
AVG« A|P[T.
STD+ my
PCT«

PCC«

A read data

d<—1oCSV-irisesv' 1L

A aggregate with total
_A<{(wl:1],ca0B14[2]w)5(c'Total"'),a0l¢[2]w}

s<(L#,AVG,STD,[#)_A d

p*{,25 50 75°.PCT¢QU}_A d

c+co2{e PCCIQuw}_A d

c,«c(c'Class'), (c1=d[;1])PCC iI®1¢[2]d

A 1
I'l
# read data
cols = ['s1', 'sw', "pl1', "pw'l]
df = pd.read_csv("iris.csv'", header=None, names=cols+['class'])
# aggregate with total
def A(df, a):
t = pd.concat([df[cols].agg(a)], keys=['Total'], names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), tl)
summary, percentiles and correlation
[A(df, x) for x in ['min', 'max', 'mean', 'std']]
[AC(df, Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]
t = pd.concat([df.corr()], keys=['Total'], names=['class'])
= pd.concat([df.groupby('class').corr(), ctl)
t df.corrwith(pd.series(pd.factorize(df['class'])[0]))
cc pd.concat([tt], keys=[('Total', 'class')], names=['class', '']).unstack()
c = pd.concat([c, cc])
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A statistics
AVG+
STD<«
PCT«
PCC+«

A read data
d< 1¢[CSV'iris.csv' ''L
A aggregate with total

3 s~ OBO

s<(L#,AVG,STD,[#)_A d
p<{,25 50 75¢.PCT48w}_A d

A summary, percentiles and correlation

c,«c(c'Class'), (c12d[;11)PCC +§1+[2]d

# read data
cols ['s1',

= 'SW', 'p]', lpwl]

class

Iris-setosa
Iris-versicolor
Iris-virginica

Total

auh

AIP|L)

A 1| 4
class sl25 sl50 sl75 w25 sw50 wi5 pl25 pl50 pl75 pw25 pw50 w75
Iris-setosa 4.8 3.1 1.4 0.2 5 3.4 1.5 0.2 5.2 3.7 1.6 0.3
Iris-versicolor 5.6 2.5 4 1.2 5.9 2.8 4.35 1.3 6.3 3 k.6 1.5
Iris-virginica 6.2 2.8 5.1 1.8 6.5 3 5.55 2 7 3.2 5.9 2.3
Total 5.1 2.8 1.6 0.3 5.8 3 4.35 1.3 6.4 3.3 5.1 1.8
Lst Lsw Lpl Lpw Asl Asw  Apl Apw Ssl Ssw Spl Spw [sl [sw [pl [pw
4.3 2.3 1 0.1 5.01 3.4%2 1.46 0.244+ 0.352 0.381 0.174% 0.107 5.8 L.4% 1.9 0.6
4.9 2 3 1 5.9 2.77 4.26 1.33 0.516 0.314 0.47 0.198 7 3.4 5.1 1.8
4.9 2.2 4.5 1.4 6.59 2.97 5.55 2.03 0.636 0.322 0.552 0.275 7.9 3.8 6.9 2.5
4.3 2 1 0.1 5.8+ 3.05 3.76 1.2 0.828 0.434 1.76 0.763 7.9 4.4 6.9 2.5

df = pd.read_csv("iris.csv'", header=None, names=cols+['class'])

# aggregate with total
def A(df, a):

t = pd.concat([df[cols].agg(a)], keys=['Total'], names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), tl1)

summary,
[A(df,
[A(df,

x) for x in ['min',

#
S
p
c
c

percentiles and correlation

'max',

'mean’',

"std']]

Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]
t-=-pd.concat(fdf.corrO], keys=['TFotal'l;, names=['class'])
pd.concat([df.groupby('class').corr(), ct])

tt = df.corrwith(pd.Series(pd.factorize(df['class'])[0]))
cc = pd.concat([tt], keys=[('Total',

c = pd.concat([c, cc])

'class')], names=['class',

") .unstack(



A statistics

auh

AVG< A[P|L)
STD« Al |4
PCT«
PCC«
A read data
d<"1¢[0CSV'iris.csv' ''4
A aggregate with total
“A{{wl 1]} oanB w 21w}
A summary, percentiles and correlation class sl25 sl50 sl75 sw25 sw50 sw75 pl25 pl50 pl75 pw25 pw50 w75
s<(L#,AVG,STD.[#) A d Iris-setosa 4.8 3.1 1.4 0.2 5 3.4 1.5 0.2 5.2 3.7 1.6 0.3
’ 0’ ’ - q Iris-versicolor 5.6 2.5 4 1.2 5.9 2.8 4.35 1.3 6.3 3 4.6 1.5
p«{,25 50 750.PCTiRw}_A Iris-virginica 6.2 2.8 5.1 1.8 6.5 3  5.55 2 7 3.2 5.9 2.3
02{o . PCC~IQu}_A d Total 5.4 2.8 1.6 0.3 5.8 3 4,35 1.3 6.4 3.3 5.1 1.8
c,«c(c'Class'),(c1=d[;1])PCCIQ14[2]d
1 class Lst Lsw Lpl Lpw Asl Asw  Apl Apw Ssl Ssw Spl Spw [sl [sw [pl [pw
Iris-setosa 4.3 2.3 1 0.1 5.01 3.42 1.46 O0.244+ 0.352 0.381 0.174+ 0.107 5.8 4.4 1.9 0.6
Iris-versicolor 4.9 2 3 1 5.94 2.77 4.26 1.33 0.516 0.314 0.47 0.198 7 3.4 5.1 1.8
Iris-virginica 4.9 2.2 4.5 1.4 6.59 2.97 5.55 2.03 0.636 0.322 0.552 0.275 7.9 3.8 6.9 2.5
Total 4.3 2 1 0.1 5.8+ 3.05 3.76 1.2 0.828 0.434 1.76 0.763 7.9 4.4 6.9 2.5
# read data
cols = ['s1", 'sw', "p1', "pw']
df = pd.read_csv("iris.csv", header= &9 7.0
# aggregate with total 70 6.0
def A(df, a): 5o eWC
t = pd.concat([df[cols].agg(a)], &° '
return-pd.concat([df.groupby('cl 5, 4.0
# summary, percentiles and correlati 3.0
s = [A({df, x) for x in ['min', 'max' 4.0 20 %
p = [A(df, lambda d: d.quantﬂe(q:)'() 20 D %’ ==
ct = pd.concat(fdf.corrOl, keys=["'T :
c= pd.concat_([d‘F.gr‘oupk_>y('c1ass').c 20 Iris-setosa Iris-versicolor  Iris-virginica 0.0 Iris-setosa Iris-versicolor  Iris-virginica
tt = df.corrwith(pd.Series(pd.factor
cc = pd.concat([tt], keys=[('Total', Sepal length » Sepal width Petal length = Petal width

c = pd.concat([c, cc])




A statistics PASTS

AVG+ A|P|L]
STD<« A | 4
PCT«
PCC«
A read data
d<"1¢0CSV'iris.csv' "'k class st sw pl pw
A aggregate with total %r‘.s_se:“a (1) 47 (1"7”7 8??; 8;;9
] 1 ris-setosa . . .
_A<{(wl;1],ca0B14[2]w)5(<"Total '), aali[2]u} Iris-setosa 0.26% 0.177 1 0.306
A summary, percentiles and correlation Iris-setosa 0.279 0.28 0.306 1
s<(L#,AVG,STD,[#)_A d Iris-versicolor 1 0.526 0.754 0.546
o " = Iris-versicolor 0.526 1 0.561  0.664
c+co2{eo PCCIQuw}_A d Iris-versicolor 0.754% 0.561 1 0.787
c,«c(c'Class'),(c1=d[;1])PCCIQ14[2]d Iris-versicolor 0.546 0.664 0.787 1
| Iris-virginica 1 0.457 0.864 0.281
Iris-virginica 0.457 1 0.401  0.538
Iris-virginica 0.864 0.401 1 0.322
Iris-virginica 0.281 0.538 0.322 1
Total 1 ~0.109 0.872 0.818
# read data Total T0.109 1 ~0.421 ~0.357
cols = ['s1', "sw', 91", o] o SRR S
"o . n ota . . .
df = pd.read_gsv( iris.csv'", header=None, na Class 0783 -0.819 0. 940  0.956
# aggregate with total

def A(df, a):
t = pd.concat([df[cols].agg(a)], keys=['Total'], names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), tl)

summary, percentiles and correlation

= [A(df, x) for x in ['min', 'max', 'mean', 'std']]

[ACdf, Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]

t = pd.concat([df.corr()], keys=['Total'], names=['class'])

= pd.concat([df.groupby('class').corr(), ctl)

tt = df.corrwith(pd.Series(pd.factorize(df['class'])[0]))

cc = pd.concat([tt], keys=[('Total', 'class')], names=['class', '']).unstack()

c = pd.concat([c, cc])

#
S
P
C
c



A statistics adh

AVG+ A|P|L]
STD« A | 4
PCT«
PCC+«
A read data
d<"1¢0CSV'iris.csv' "'k class st sw pl pw
A aggregate with total Iris-setosa 1 0.747  0.264 0.279 §
_Ac{(wl31], c00B14[200)5 (< Total ),aats(2dw} | 107200000 o0el o DT 0Tl
A summary, percentiles and correlation Iris-setosa 0.279 0.28 0.306 1
s<(L#,AVG,STD,[#)_A d Iris-versicolor 1 0.526 0.754%  0.546 ZTTT
g : }-A-d Iris-versicolor 0.526 1 0.561 0.664
c+co2{eo PCCIQuw}_A d Iris-versicolor 0.754% 0.561 1 0.787 .
c,«c(c'Class'),(ct=d[;1])PCCIR1+[2]d Iris-versicolor 0.546 0.664 0.787 1 £ & :
| Iris-virginica 1 0.457  0.864 0.281
Iris-virginica 0.457 1 0.401 0.538 & o Gy
Iris-virginica 0.864% 0.401 1 0.322 s 10500 s
Iris-virginica 0.281 0.538 0.322 1
Total 1 ~0.109 0.872 0.818
# read data Total ~0.109 1 ~0.421 ~0.357 g . §
cols = ['s1', ‘s, 'pl', o]
"o . n ota . . . »
df = pd.read_gsv( iris.csv", header=None, na Class 0783 -0.819 0. 940  0.956 e e
# aggregate with total b o
def A(df, a):
t = pd.concat([df[cols].agg(a)], keys=['Total'], names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), tl) ewc
summary, percentiles and correlation A worcims |
N\ APEXCHARTS

= [A(f, x) for x in ['min', 'max', 'mean', 'std']]

[A(df, Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]

t = pd.concat([df.corr()], keys=['Total'], names=['class'])

= pd.concat([df.groupby('class').corr(), ctl)

tt = df.corrwith(pd.Series(pd.factorize(df['class'])[0]))

cc = pd.concat([tt], keys=[('Total', 'class')], names=['class', '']).unstack()
c = pd.concat([c, cc])

#
S
P
C
c



A statistics adh

AVG+ A|P|L)]
STD+« A | 4
PCT«
PCC+«
A read data
d< 1¢0CSV'iris.csv' "'k class sl SswW pl pw
A aggregate with total %r‘:s_se:“a (1) 47 (1)'7”7 gfg’; 8;;9
] 1 ris-setosa . . . B
—A<{(wl31],c00B1¢[2]w)5(c"Total ), aaltf2]u} § 7 ;0 L0y O 0.26% 0.177 1 0.306 #
A summary, percentiles and correlation Iris-setosa 0.279 0.28 0.306 1 ;
Sl Lot e [l Iris-versicolor 1 0.526 0.754%  0.546
~p{525-50—75-PEFHRuw}—A—d Iris-versicolor 0.526 1 0.561 0.664
ceco2{o . PCC~IQw}_A d Iris-versicolor 0.754% 0.561 1 0.787 ‘
c,«c(c'Class'),(c1=d[;1])PCC +Q14[2]d Iris-versicolor 0.546 0.664% 0.787 1 & - &
| Iris-virginica 1 0.457 0.864 0.281
Iris-virginica  0.457 1 0.401  0.538 . L st
Iris-virginica 0.864 0.401 1 0.322 030 40 30
Iris-virginica 0.281 0.538 0.322 1
Total 1 ~0.109 0.872 0.818
# read data Total ~0.109 1 ~0.421 ~0.357
cols = ['s1', ‘s, g1, o] o g o 1 o |E
gf = pd.r‘ead_gsv( iris.csv", header=None, na I Class 0.783 -0 819 0. 940  0.956 | :
aggregate with total
def ACdf, a): L &
t = pd.concat([df[cols].agg(a)], keys=['"7*~1'7 =omwom TIoTomc BTN emsem ol
return pd.concat([df.groupby('class').ag Correlation with class ewc
# summary, percentiles and correlation ©IIIOIEIISISIONIOIIIS & © 1c01C010 €010 €0 @
s = [A({df, x) for x in ['min', 'max', 'mean'
p = [A(df, Tambda d: d.quantile(g=x)) for x4
ct = pd.concat([df.corr()], keys=['Total'],
C — pd_concat([df_gr‘oupby('C]ass') _Cor'r'(), C 401IOPIIPD @ COISLIPINDIOL » 4UEODICEOPPICOPDD
tt = df.corrwith(pd.Series(pd.factorize(df["'
cc = pd.concat([tt], keys=[('Total', 'class'
¢ = pd.concat([c, cc]) come . o -
400 10 20 30 40 50 60 70 80 90
@ Sepal length ®Sepal width @Petal length ® Petal width




A statistics adh

AVG+ A|P|L)]
STD« A | 4
PCT«
PCC+«
A read data
d< 1¢0CSV'iris.csv' "'k class sl SswW pl pw :
A aggregate with total %r‘:s_se:“a (1) 47 (1)'7”7 gfg’; 8;;9
] 1 ris-setosa . . . B
—A<{(wl31],c00B1¢[2]w)5(c"Total ), aaltf2]u} § 7 ;0 L0y O 0.26% 0.177 1 0.306 &
A summary, percentiles and correlation Iris-setosa 0.279 0.28 0.306 1 ;
s<(L#,AVG,STD,[#)_A g Iris-versicolor 1 0.526 0.754%  0.546
~p{525-50—75-PEFHRuw}—A—d Iris-versicolor 0.526 1 0.561 0.664
ceco2{o . PCC~IQw}_A d Iris-versicolor 0.754% 0.561 1 0.787 ,
c,<c(c'Class"'), (ci=d[;1])PCC 4§14[2]d Iris-versicolor 0.546 0.664 0.787 1 £ &
| Iris-virginica 1 0.457 0.864% 0.281
Iris-virginica  0.457 1 0.401  0.538 . &
Iris-virginica 0.864% 0.401 1 0.322
Iris-virginica 0.281 0.538 0.322 1
Total 1 ~0.109 0.872 0.818
# read data Total ~0.109 1 ~0.421 ~0.357 ;
cols = ['s1', ‘s, g1, o] o g o 1 o |
gf = pd.r‘ead_gsv( iris.csv", header=None, na I Class 0.783 -0 819 0. 940  0.956 | :
aggregate with total
def ACdf, a): L &
t = pd.concat([df[cols].agg(a)], keys=['"7*~1'7 =omwom TIoTomc BTN emsem ol
return pd.concat([df.groupby('class').ag Correlation with class ewc
# summary, percentiles and correlation enieiepfersrsrionsee o o
s = [A({df, x) for x in ['min', 'max', 'mean'
p = [A(df, Tambda d: d.quantile(g=x)) for x4
ct = pd.concat([df.corr()], keys=['Total'],
c = pd.concat([df.groupby('class").corr(), c by A
tt = df.corrwith(pd.Series(pd.factorize(df["'
cc = pd.concat([tt], keys=[('Total', 'class'
¢ = pd.concat([c, cc]) v 8 . o -
40.0 20 30 40 50/ 60 70 80 90
@ Sepal length ®Sepal width @Petal length ® Petal width




Fisher’s Iris dataset (1936)

The code

A statistics

AVG<
STD< .“.

pec- A|P|T,

A read data

d« 1¢0CSV'iris.csv' ''4

A aggregate with total
_A<{(wl[s1]),ca0B14[2]w)5(c'Total"'),aald[2]w}
A summary, percentiles and correlation
s«<(L#,AVG,STD,[#)_A d

p«<{,25 50 750.PCTI8w}_A d
c+c82{o.PCCE4Rw}_A d

c,«c(c'Class'), (e1=d[;1])PCCIR14[2]d

# read data

cols = ['s1', 'sw', 'p1', 'pw']

df = pd.read_csv("iris.csv", header=None, names=cols+['class'])

# aggregate with total

def A(df, a):
t = pd.concat([df[cols].agg(a)], keys=['Total']l, names=['class']).unstack()
return pd.concat([df.groupby('class').agg(a), t])

# summary, percentiles and correlation

s = [A(df, x) for x in ['min', 'max', 'mean', 'std']]

p = [A(df, Tambda d: d.quantile(g=x)) for x in [0.25, 0.50, 0.75]]

ct = pd.concat([df.corr()], keys=['Total'], names=['class'])

c = pd.concat([df.groupby('class').corr(), ct])

tt = df.corrwith(pd.Series(pd.factorize(df['class'])[0]))

cc = pd.concat([tt], keys=[('Total', 'class')], names=['class', '']).unstack()

c = pd.concat([c, cc])

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Example 3

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Google trends (last 5 years)

¢ Example of time-series analysis
¢ Searches of “scotch” during last 5 years

¢ Interest each week, relative to maximum (100)

https://trends.google.com/trends/explore?date=today%205-y&qg=scotch

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Google trends (last 5 years)

Total

W~ O G F @R

450
400
300
300
220
200
150

2019

198
334
275
296
439

2020
288
272
301
291
361
279
275
336
264
253
366
350

2021 2022

332
26k
250
245
317
247
249
306
242
315
271
320

2020

331
252
249
256
31k
250
315
253
237
303
256
303

2023 2024

321
234
247
301
235
238
306
2u0
230
289
250
352

Jul 20

Dyalog for data science https://github.com/yiyus/data-science-in-APL/

238
227
293
239
231
286
229
111

Change 2019 2020

1

2

3

4

5

6

7

8 .
9 136
10 ~B9
11 21
12 143

2021

2021 2022 2023
18 11 18

68 T79 787
T B 13
75 7 54
72 58 766
T70 Teu 3
2 65 68
57 T62 T66
Tk 16 710
73 66 59
Tk "7 739

49 47 102

Jul 21

2024
T11y
i1
66
-1
8
55
-
118

month

2022

[ I A I e A

min
238
227
247
23¢9
231
238
229
111
230
253
250
303

Jul 22

avg
302
250
268
266
292
260
275
241
261
287
288
353

max
332
272
301
301
361
286
315
336
334
315
366
439

total
1510
1249
1340
1332
1458
1300
1374
1kl
1307
1435
1439
1764

2023

@ Interest for "scotch” on Google @ 3-months avg

year
2019
2020
2021
2022
2023
2024

min
198
253
242
237
230
111

avg
308
303
280
277
270
232

Jul'23

max
Lk3g
366
332
331
352
293

total
1542
3636
3358
3319
3243
1854

2024

change

2094
T278
39
“7é
~1389

eWC

A APEXCHARTS

DYALOC




Google trends (last 5 years)
The code

PAPTY a 'lI
A|P|L I'i
A | | 4

# read data
df = pd.read_csv("google-scotch.csv", header=1)
# dates
A read data d = df.assign(week = pd.to_datetime(df['week'])).set_index('week')
(ds n)«CSVE'Invert'2+(3430NGET ' 'google-scotch.csv'1)'N'4
A dates # group by month and year, summary and relative change
- 5 s 5 s o, a = d.groupby([d.index.year, d.index.month]).agg(Total=(d.columns[0], 'sum'))
d«{A/(a/eo (0D, '-"')) "w:0OSIGNAL 11 ¢ t'-'(e"#c+) w}ds a.index.names = ['vear', 'Month']
def A(df, by):
(m, a, M, t) = [('Total',x) for x in ['min', 'mean', 'max', 'sum']]

A group by month and year, summary and relative change return df.reset_index().groupby(by).agg(min=m, mean=a, max=M, total=t)

ted[;1 2],°(+/)Bn m = ACa, 'Month')
se{wldw; 1} {tlswl, o (LA, (+#+#),[#,+4)Bt[:3]1} 12 y =A@, ‘vear’) )
56 B o =Y. h. =y[' 1'].diff
ce{ 2/t 30l+/5hBEL33]} 002 T ek Qevergy 40D
cm = a.diff().unstack(level=0)

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




“‘l
A|P|L,
A | | 4

# rea

df =

a read data # dat
(ds n)<[JCSVEl'Invert'2+(34>[INGET'google-scotch.csv'1)'N'kL d =

A dates # gro

d<{A/(A/eo (0D, '-"')) "w:0OSIGNAL 11 o t'-'(e&"#c+) w}ds a ?3
a.1n

. def A

A group by month and year, summary and relative change (

ted[;1 2],°(+/)Bn r

se{wldws; 1} {tlswl,o (LA, (+#5#),[#,+4)Bt[:3]} 12 "z

ce{ 2-/t[;w]+/3-Bt[33]} 112 Y <y
tm =

cm =

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Google trends (last 5 years)
The code

PAPTY a 'lI
A|P|L I'i
A | | 4

# read data
df = pd.read_csv("google-scotch.csv", header=1)
# dates
A read data d = df.assign(week = pd.to_datetime(df['week'])).set_index('week')
(ds n)«CSVE'Invert'2+(3430NGET ' 'google-scotch.csv'1)'N'4
A dates # group by month and year, summary and relative change
- 5 s 5 s o, a = d.groupby([d.index.year, d.index.month]).agg(Total=(d.columns[0], 'sum'))
d«{A/(a/eo (0D, '-"')) "w:0OSIGNAL 11 ¢ t'-'(e"#c+) w}ds a.index.names = ['vear', 'Month']
def A(df, by):
(m, a, M, t) = [('Total',x) for x in ['min', 'mean', 'max', 'sum']]

A group by month and year, summary and relative change return df.reset_index().groupby(by).agg(min=m, mean=a, max=M, total=t)

ted[;1 2],°(+/)Bn m = ACa, 'Month')
se{wldw; 1} {tlswl, o (LA, (+#+#),[#,+4)Bt[:3]1} 12 y =A@, ‘vear’) )
56 B o =Y. h. =y[' 1'].diff
ce{ 2/t 30l+/5hBEL33]} 002 T ek Qevergy 40D
cm = a.diff().unstack(level=0)

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




The answer

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




What about data science in APL?

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Can you do data science in APL?

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




How do you do data science in APL?

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




data science in APL?

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




data science in APL?

scienceHdata

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




data science in APL?

scienceHdata

and more ...

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




data science in APL?

scienceHdata
and more ...

User defined functions

Dyalog for data science https://github.com/yiyus/data-science-in-APL/

DYALOC




data science in APL?

scienceHdata
and more ...

Namespaces

Dyalog for data science https://github.com/yiyus/data-science-in-APL/

DYALOC




data science in APL?

scienceHdata
and more ...

Classes

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




data science in APL?

scienceHdata
and more ...

Packages

Dyalog for data science https://github.com/yiyus/data-science-in-APL/

DYALOC




Beyond H

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Inverted tables by Roger Hui

Oct « 0
invert <« {17 c5 1 § w}
assert « {a«'assertion failure' ¢ Oew:o [signal 8 ¢ shy<«0}

tassert <« {
assert (1<Zw)al=ppw : A non-empty vector

assert (2=r)#"w : A equal tally in each item

assert 2==uw : A nested array with simple items

1
}
tindex <« {(cca)[] w} 3
tix « 81 = ’ \
teps « {(#2w) > w tix o} Belfast 2018
twithout « {a #7= c~a teps w} F. Inverted Tables
tunique <« {w #7% c(1#ow)=tix= w} INod oo
tkey « {(etix~a) acH” w} _‘ﬂ""; Roger Hui
tgr « {» {wld(cw)lal}/ w,c1#>w} A
torder <« {0=[nc 'a':tgr w ¢ (tgr w)tindex a}

https://www.youtube.com/watch?v=I0WDkqKbMwk

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




Inverted tables by Roger Hui

Oct <0
invert <« {17 €571 § w}
assert <« {oa+'assertion failure' ¢ Oew:a [Jsignal 8 ¢ shy<«0}

tassert <« { /’> <‘\
assert (1g#w)al=p TableS

assert (2=r)£"w :
assert 2==w :

1

} ABCDE

:::dex :éiccd’)[l-- ABCDE FGHIJ A|lB|C|D|E YYVALOC

teps <« {(#ow) > FGHIJ FIGIH|[I|J Belfast 2018

twithout « {a #7= ¢ KLMNO KLMNO KILIMIN|O averted Tables

punique -t PQRST PlQ[R[S|T

t eY <« ctiX"‘w Roger Hui

N Ay UVWXY PQRST ulviw|x|y

torder « {O=Dnc ' R |
UVWXY =IOWDkgKbMwk

Dy Matrix List of rows List of columns SYWALOC




Inverted tables by Roger Hui

Oct
invert
assert

tassert
assert
assert
assert
1

}

tindex
tix

teps
twithout
tunique
tkey

tgr
torder

<«

P

<« {a«'assertion failure

P

(1sZw)Aal=p
(2=r)#"w :
2==w :

OB S O RO

0
{t7 571 § w}

¢ Oew:a []Jsignal 8 ¢ shy<«0}

-

{

{(cca)l™
8T

{(#2w)
{o #75 «
{w #7°% <
{(ctix=a
{> {wlA(
{0=0nc '

\%

Tables

A|B|C|D|E
FIGIH|I|J
K|ILIM[N|O
PIQIR|S|T
UIVIWIX]Y

List of columns

1erted Tables

Roger Hui

A
?v=I0WDkgKbMwk
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Inverted tables by Roger Hui

Oct <0
invert <« {7 c71 § w}
assert <« {oa+'assertion failure' ¢ Oew:a [Jsignal 8 ¢ shy<«0}

tassert <« { /’> <‘\
assert (1g#w)al=p Iﬂverted table

assert (2=r)£"w :
assert 2==w :

1
}
tindex <« {(cca)l
tix « 8I .
teps <« {(#ow) > Belfast 2018
twithout « {a #°% < AFKPU|BGLQV | CHMRW|DINSX |EJOTY werted Tables
tunique <« {w #7°~ ¢
tkey « {(ct1x:‘.’w Roger Hui
tgr « {> {wlA(
torder < {0=0nc ' ——

?v=I0WDkgKbMwk

List of columns YVALOC




Inverted tables by Roger Hui

Oct « 0
invert <« {17 c5 1 § w}
assert « {a«'assertion failure' ¢ Oew:o [signal 8 ¢ shy<«0}

tassert <« {
assert (1<Zw)al=ppw : A non-empty vector

assert (2=r)#"w : A equal tally in each item

assert 2==uw : A nested array with simple items

1
}
tindex <« {(cca)[] w} 3
tix « 81 = ’ \
teps « {(#2w) > w tix o} Belfast 2018
twithout « {a #7= c~a teps w} F. Inverted Tables
tunique <« {w #7% c(1#ow)=tix= w} INod oo
tkey « {(etix~a) acH” w} _‘ﬂ""; Roger Hui
tgr « {» {wld(cw)lal}/ w,c1#>w} A
torder <« {0=[nc 'a':tgr w ¢ (tgr w)tindex a}

https://www.youtube.com/watch?v=I0WDkqKbMwk

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC




11

(Dynamic) Namespaces

New array notation and system functions to safely
set variables will allow to easily create ad-hoc
namespaces

A labels and columns arrays
l«'one’ '"two' 'three' ¢ c«(15)(2x15)(10x15)

A dataframe namespace

df<(labels: L)OVSET(1Ll)c
df.labels ¢ df.one ¢ df.(two+three)

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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New array notation and system functions to safely
set variables will allow to easily create ad-hoc
namespaces

A labels and columns arrays
l«'one’ '"two' 'three' ¢ c«(15)(2x15)(10x15)

A dataframe namespace

df<(labels: L)OVSET(1Ll)c
df.labels ¢ df.one ¢ df.(two+three)
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11

(Dynamic) Namespaces

New array notation and system functions to safely
set variables will allow to easily create ad-hoc
namespaces

A labels and columns arrays
l«'one’ '"two' 'three' ¢ c«(15)(2x15)(10x15)

A dataframe namespace
df<(labels: L)OVSET(1Ll)c
» df.labels ¢ df.one ¢ df.(two+three)

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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Object oriented programming:
data namespace

PROOF e
oF
CONCEP -

Namespace
Classes
Functions

Operators

12 Dyalog for data science https://github.com/yiyus/data-science-in-APL/ DYALOC
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A load data file

f<«data.frame'berkeley.csv'

A group

a<data.('Applicants' 'Accepted'{(#w),('A'+.=2")w}by'Major' 'Gender'r)f[]~f[<c'Year’]

A totals by gender and major

g«a data.(dsort-,join-(c'Gender ') (+#, 'T'=)by(c'Major')r)al[]~alc'Gender"]

m<g data.(Asort-,join-(c'Major')(+#,(c'Total"')=)by(c'Gender"')r)gll~glc'Major’]

A accepted and applicants ratios

r<m data.(frame-, '%Accepted'series+)100x+/m[;"'Accepted’' 'Applicants']

r data.(frame-, '%ZApplicants'seriesr)(100x++#p('T'=2"r[;c'Major'])#+)rr[;c'Applicants']



A load data file

PROOF f<«data.frame'berkeley.csv'
oFf A group
ccn‘cxﬁf‘ a«data.('Applicants' 'Accepted'{(#w),('A'+.=2")w}by'Major' 'Gender'r)f[]~f[c'Year’]

A totals by gender and major

g«a data.(dsort-,join-(c'Gender ') (+#, 'T'=)by(c'Major')r)al[]~alc'Gender"]

m<g data.(Asort-,join-(c'Major')(+#,(c'Total"')=)by(c'Gender"')r)gll~glc'Major’]

A accepted and applicants ratios

r<m data.(frame-, '%Accepted'series+)100x+/m[;"'Accepted’' 'Applicants']

r data.(frame-, '%ZApplicants'series+) (100x++#p('T'=2"r[;c'Major'])#+)rr[;c'Applicants']

Year Major Gender Admission Major Gender Applicants Accepted Major Gender Applicants Accepted %Accepted %Applicants

1973 C F Rejected A F 108 89 A F 108 89 .5
Accepted .5
7

Major Gender Applicants Accepted .579

.63

A F 108 89 .58:
P M 1138 825 7

ST .85

ejected: M 560 353 .19

A Accepted C F 593 201 .68
Rejected .9
ccepte D F 375 131 .2
Rejected .1

.26
.5

.89

42
.5
Rejected .5
e

Accepted
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A load data file

f<«data.frame'berkeley.csv'

A group

a<data.('Applicants' 'Accepted'{(#w),('A'+.=2")w}by'Major' 'Gender'r)f[]~f[<c'Year’]

A totals by gender and major

g«a data.(dsort-,join-(c'Gender ') (+#, 'T'=)by(c'Major')r)al[]~alc'Gender"]

m<g data.(Asort-,join-(c'Major')(+#,(c'Total"')=)by(c'Gender"')r)gll~glc'Major’]

A accepted and applicants ratios

r<m data.(frame-, '%Accepted'series+)100x+/m[;"'Accepted’' 'Applicants']

r data.(frame-, '%ZApplicants'series+) (100x++#p('T'=2"r[;c'Major'])#+)rr[;c'Applicants']

A
I'l
# read data
df = pd.read_csv("berkeley.csv")
# group by gender and by major
adm = ('Admission', Tambda c:(c=="Accepted').sum())
app = ('Admission', 'count')
a = df.groupby(['Major', 'Gender']) .agg(Admitted=adm, Applicants=app)
# totals by gender and by major
gg = a.reset_index().groupby('Gender').sum()

gt = pd.concat([gg], keys=['Total'], names=['Major'])

g = pd.concat([a, gtl)

mg = g.reset_index().groupby('Major"').sum()

mt = pd.concat([mg], keys=['T'], names=['Gender']).reorder_levels([1l, 0])

m = pd.concat([g, mt]).sort_index()
# admission and applicants ratios
ar = m.assign(PctAdmitted=100*m.Admitted/m.Applicants)



Object oriented programming:
data namespace

prOOF
of
Berkeley
12 Dyalog for data science https://github.com/yiyus/data-science-in-APL/

DYALOC




Object oriented programming:
data namespace

prOOF
oFf

A load data file

data.Series class

An instance of the data.Series class contains a labelled array.
Bracket indexing of the series gives access to the values of the
array. The values property is equivalent to []. The label, which
can take any value, can be accessed through the label property.

data.Frame class

An instance of the data.fFrame class contains a list

of data.Series instances. ALl the series must contain values
arrays of the same length.

The series list can be accessed by bracket indexing of rank 1
using the labels of the series as indices. Bracket indexing of
rank 2 gives access to the values in the series. The
properties series, labels and values are equivalent

to [, [J].label and [;].

Frames are displayed with shades at row intervals of the size
specified by the SHADE property and up to a maximum number of
lines specified by the MAXLINES property.

f-data.frame'berkeley.csv'

A group

a«data. ('Applicants’

"Accepted' {(#w),('A'+.=")u}by 'Major' 'Gender'r)f[]~f[c'Year’]

A totals by gender and major

g+a data.(4sort-,join=(c’Gender ') (+£,

Z)by(<'Major')r)all~ale"Gender ']

meg data.(Asort+,join(c'Major')(+£, (< Total')=)by (e Gender ' )r)g[1~gl e Major’ ]
A accepted and applicants ratios

rem data.(frame-, %Accepted'seriesr)100;

12

ml;'Accepted’ 'Applicants’]
p('T'=a"r[;c'Major' 1)#r)rrlse Applicants']

r data.(frame+, ZApplicants'seriesw)(100xr

Berkeley

Dyalog for data science https://github.com/yiyus/data-science-in-APL/

data.sort operator

This operator sorts data according to the left function.

ea (ao data.sort) w returns w (a frame, list of series, or array) sorted
according to the result of ao o (where aa typically is one of ¥4).

e(ao data.sort) w is equivalent to (aa data.sort .

data.by operator

This operator groups data by the right operand and applies the left function.
ea (a0 data.by ww) w returns the data in w (a frame or list of series) grouped
according to ww (also a frame or list of series) and apply aa to each group.
If aa and ww are both series or labels, the values in aa are grouped for each
value in ww and distributed in series. Labels (either all of them, the ones not
in w, or the ones not in ww) are given in a, which can be a list of values, a
list of series, or a frame.

e(ao data.by ww) w is equivalent to & (ao data.by ww) w. If aa and ww are both
series or labels, the values in aa are grouped for each value in ww and
distributed in series.

data.join operator

This operator merges two frames (or lists of series).

ea (ao data.join ww) w returns frame with series labelled a.labels ww w.labels.
If two series at left and right have the same label, its values are combined
as a.values ao w.values.

e(aa data.join ww) w returns a series with label ww w.labels and values ao
w.values.

Slafet A average and standard deviation
1+#)w} A percentile-a

A Pearson correlation coefficient
frame'iris.csv'
aggs+{l fraw ¢ 7,"aa{(aa w)wwdata.by (F[L])-Flcwllww’f. labels~1}
se(e'class'){'LAS[',"cw}aggs(L#,AVG,STD,[#)f
pe(c'class’')('25" '50' '75',%"c)aggs(,25 50 75¢.PCT4oR)f
ses{data. framea.series,ibw.series) 'p o s.SHADE<O
pecw{e.PCC*4qu}data.by(c'class " )-f[]
pec.valuess«(c'Class'), ({(vw)w}f ;e class'1)sPCC F[f. labels~c'class'].values
#(52(4, (" "), F)#s)pec

Iris

data.series function

This function returns an instance or a list of instances of

the data.Series class.

ea data.series w creates an instance of data.Series with label a and values w.
If o is a series, the label is taken from it.

edata.series w creates an instance of data.Series for each of the series

in w and each of the series contained in each frame in w. If w is a rank 2
array, it must contain series with the same label in each column, and their
values will be concatenated.

data.frame function

This function returns an instance of the data.fFrame class.

ea data.frame w creates an instance of data.Frame with labels a (or the labels
of the series list or frame a) and values w. If w is a string, it writes the
frame o to the CSV file w or reads the CSV file w without header and returns
frame with labels a.

edata.frame w creates an instance of data.frame with each of the series
returned by data.series w. If w is a string, it reads the file w as CSV with
header and returns frame.

g+'date’ 'n'data.frame[CSVE' Invert 2+ (34>[NGET google-scotch.csv'1)'N'k
de{R/(a/e= (0D, '-")) "w:OSIGNAL 11 o t'-'(2"#cr) w}gl;c date"]
tte'n'data.by'month'~t«'year' ‘month' 'n'+fdata.by(d[;1 2])rglc'n']
tve(tts,c'year J5e total’), (F3(+£+/7)) (r, (+/+/7))tt[;14tt. Labels]
tte(tt. labels,c' total ')data. frame tv

c+'n'data.by'month'~t data.frame t[;t.labels-'n"],(<@),72-/t[;'n"]
ttett data.frame tt[:1s(c'')zcls],(<@)s 2-# 14ttls,< total"]

tt 0 8 o {'min' 'avg' 'max' 'total'(l#,(+£##),[#,+#)data.by(t[cw])rtlc'n']} 'year"

Google

DYALOC
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Microstructural analysis of metals
Orientation distribution functions

Galan Lopez & Kestens (2021). J. Appl. Cryst. 54, 148-162
https://doi.org/10.1107/S1600576720014909

3D EBSD measurement:

- Low-carbon steel sample
- 9047108 data points

- 750x580x85 um

- Crystallographic orientation of
each point (indicated by color)

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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Microstructural analysis of metals
Orientation distribution functions

Galan Lopez & Kestens (2021). J. Appl. Cryst. 54, 148-162
https://doi.org/10.1107/S1600576720014909

Orientation distribution function:

Represents preferential
orientations in the sample

Continuous function in
orientation (Euler) space =
Generalised spherical harmonics /Q\—‘:

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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Microstructural analysis of metals
Orientation distribution functions

Galan Lopez & Kestens (2021). J. Appl. Cryst. 54, 148-162
https://doi.org/10.1107/S1600576720014909
Grain size dependency:
- Group grains by size

- Calculate ODF for
each size group

8.04-10.05

* Grain: region of material with the same crystallographic orientation (same color)

Dyalog for data science https://github.com/yiyus/data-science-in-APL/

13.37-45.34
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Microstructural analysis of metals
Orientation distribution functions

Galan Lopez & Kestens (2021). J. Appl. Cryst. 54, 148-162

https://doi.org/10.1107/S1600576720014909 S "
Grain size dependent orientation ST o i ;
distribution function (GSODF): _ et
- Continuous function which L SR
combines grain size and Lo
grainsizeand = o S

orientation distributions ﬁ

5.63 7.29 9.07 11.71 22.51

Dyalog for data science https://github.com/yiyus/data-science-in-APL/

A
1 25 50 = 01 124

i)

+ GSODF
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Microstructural analysis of metals
Orientation distribution functions

Galan Lopez & Kestens (2021). J. Appl. Cryst. 54, 148-162
https://doi.org/10.1107/S1600576720014909

EBSD files

Li

st of grains

fulerf2 0 fulerfIi  EulerfI2 Volumes fquivalentDismeters
phil Phi phiz  x ¥y 1Q L34 CEEEER R ¥ 07
s.0u9s98k O 1223698 292
82928 6.21473 0 0 1171.% 0 i RIITON. L LTI
.28827 1 5.1592836 0.76076835  1.009753
5.7058811 088115058 0.6021729
e o : PR e
“261382 g s Josa03ty
'::::.i., 4.0 0.81865%  0.84888159 8 0828008
L6898 b 202
-7386 & 1017.9 0.086 60886067 0.79674848 3750087
Lse17 3.7876001 0.3922508% 3151098
52024385 & 3
Timess s itoss 0 0.53026221  0.8498k136 5.
098933798 0.
-29084 10 1090.4 0.057 i LG peisdss MR
4. 83535 i 3.6 3612064 0.7337%867 2.
sz 12 1180.9 0 1963032 0l9uc090s  0.03712889 720
[ T 630661 0.71947372  0.6917782 712
PO e leaoTeez  0.7718877 82822073 170
. . Y10, 62670823750 900N
27973 18 1108 “080995 0.85080803  0.61071181 200
. 88271 0.81995267 0.63553523 88
.5902 HERD.
0.738164  1,0008975 [ 15.631692
o. 5.392731 32 9.3791122
. 3 o . 1112976089
97501 21 lsoaasy o 1639208 N 12.222300
L1685 0.69E42 22 1807. 1203709 0 28308087 s1e 12.049008
197941k, 1176353 1143098927
12120 3 (776009 0.71070212  0,81021388 272 .0387793
. . 371099 0.68ub32es & 2008838 s08 5.8996925
5. = ¥ i
a8 ‘0302215 o 2,4996181 s 54336739
1885, 53819127 o 0.62277597
o b s
a2 $.239%818 0 2.218075
o. 1.002113 5.4772887
o il -
1 095024016 5.601240%
5 093006337 0.0083613%
2, 50, 87783941533 788750w

ODF calculation

Dyalog for data science https://github.com/yiyus/data-science-in-APL/
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A Hofsommer and Potters, Series A: Mathematical Sciences 63.5 (1960): 460-480
IeZo|+2xorie][ 5402
dn+{
Nnme{(n m)eaw ¢ nem:0 & (-+2)*¥(n++2)xn(-+81+)m} A (2.11)
pie{(ux-w)nwlZxu} A (2.8)
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