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Year,Major,Gender,Admission

1973,C,F,Rejected

1973,B,M,Accepted

1973,Other,F,Accepted

1973,Other,M,Accepted

1973,Other,M,Rejected

1973,Other,M,Rejected

1973,F,F,Accepted

1973,Other,M,Accepted

1973,Other,M,Rejected

1973,A,M,Accepted

1973,Other,F,Rejected

1973,B,M,Accepted

1973,C,M,Rejected

1973,A,M,Rejected

1973,Other,M,Rejected
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⍝ read data 
d h←⎕CSV'berkeley.csv' ''1 1    
⍝ group by gender and by major 
a←{⍵[⍋⍵;]}d[;2 3]{⍺,(+/('A'=⊃)¨⍵),≢⍵}⌸d[;4]
⍝ totals by gender and by major
g←a⍪(⊂'Total'),a[;2]{⍺,+⌿⍵}⌸a[;3 4]
m←{⍵[⍋⍵;]}g⍪g[;1]{⍺,'T',+⌿⍵}⌸g[;3 4]
⍝ admission and applicants ratios 
ar←m,100×m[;3]÷m[;4]
mr←ar,100×ar[;4]÷(≢ar)⍴¯3↑ar[;4]
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 Measures of four different flower features

 Three classes of iris flower

 The goal is to classify flowers in basis to these features
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The code
Fisher’s Iris dataset (1936)

5

⍝ read data 
d←¯1⌽⎕CSV'iris.csv' ''4
⍝ aggregate with total 
_A←{(⍵[;1],∘⍺⍺⌸1↓[2]⍵)⍪(⊂'Total'),⍺⍺1↓[2]⍵}
⍝ summary, percentiles and correlation
s←(⌊⌿,AVG,STD,⌈⌿)_A d
p←{,25 50 75∘.PCT↓⍉⍵}_A d
c←⊂⍤2{∘.PCC⍨↓⍉⍵}_A d
c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
AVG←
STD←
PCT←
PCC←

# read data 
cols = ['sl', 'sw', 'pl', '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'], 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, lambda d: d.quantile(q=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])
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Berkeley admissions (1973)

T←{⎕PP←3 ⋄ ⍕⍺⍪⍵}    ⍝ print table
]LINK.Create # jswc ⍝ eWC

⍝ read data 
d←¯1⌽⎕CSV'iris.csv' ''4
⍝ aggregate with total 
_A←{(⍵[;1],∘⍺⍺⌸1↓[2]⍵)⍪(⊂'Total'),⍺⍺1↓[2]⍵}
⍝ summary, percentiles and correlation
s←(⌊⌿,AVG,STD,⌈⌿)_A d
p←{,25 50 75∘.PCT↓⍉⍵}_A d
c←⊂⍤2{∘.PCC⍨↓⍉⍵}_A d
c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
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STD←
PCT←
PCC←

⊆⌈
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Berkeley admissions (1973)
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]LINK.Create # jswc ⍝ eWC
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STD←…       ⍝ standard deviation
PCT←…       ⍝ percentiles
PCC←…       ⍝ Pearson’s correlation coefficient

⊆⌈
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Berkeley admissions (1973)

T←{⎕PP←3 ⋄ ⍕⍺⍪⍵}    ⍝ print table
]LINK.Create # jswc ⍝ eWC

⍝ read data 
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c←⊂⍤2{∘.PCC⍨↓⍉⍵}_A d
c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
AVG←+⌿÷≢
STD←(2*∘÷⍨+⌿÷¯1+≢)2*⍨⊢-⍤1+⌿÷≢
PCT←{((2÷⍨+/)⊢⌷⍨∘⊂⍋⌷⍨∘⊂∘⌈100÷⍨⍺×0 1+≢)⍵}
PCC←+.×⍥((⊢÷2*∘÷⍨+.×⍨)⊢-+⌿÷≢)

⊆⌈
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Berkeley admissions (1973)

T←{⎕PP←3 ⋄ ⍕⍺⍪⍵}    ⍝ print table
]LINK.Create # jswc ⍝ eWC

⍝ statistics
AVG←stats.Average
STD←stats.StdDev
PCT←stats.Percentile
PCC←stats.Correlation

5

⍝ statistics
AVG←
STD←
PCT←
PCC←
⍝ read data 
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c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

:Namespace stats
  Average←{(+⌿⍵)÷≢⍵}
  StdDev←{(÷2)*⍨(+.×⍨⍵-Average⍵)÷(≢⍵)-1}
  StdScore←{⍵÷(÷2)*⍨(+.×⍨⍵-Average⍵)}
  Correlation←{⍺+.×⍥StdScore⍵} ⍝ Pearson’s coeff
  Percentile←{

        i←⌈(⍺÷100)×0 1+≢⍵ ⋄ v←(⊂(⊂i)⌷⍋⍵)⌷⍵ ⋄ (+/v)÷2
    }
:EndNamespace
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The code
Berkeley admissions (1973)
⍝ read data 
d←¯1⌽⎕CSV'iris.csv' ''4
⍝ aggregate with total 
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c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
AVG←
STD←
PCT←
PCC←

# read data 
cols = ['sl', 'sw', 'pl', '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'], 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, lambda d: d.quantile(q=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])
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Berkeley admissions (1973)

T←{⎕PP←3 ⋄ ⍕⍺⍪⍵}    ⍝ print table
]LINK.Create # jswc ⍝ eWC

⍝ read data 
d←¯1⌽⎕CSV'iris.csv' ''4
⍝ aggregate with total 
_A←{(⍵[;1],∘⍺⍺⌸1↓[2]⍵)⍪(⊂'Total'),⍺⍺1↓[2]⍵}
⍝ summary, percentiles and correlation
s←(⌊⌿,AVG,STD,⌈⌿)_A d
p←{,25 50 75∘.PCT↓⍉⍵}_A d
c←⊂⍤2{∘.PCC⍨↓⍉⍵}_A d
c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
AVG←
STD←
PCT←
PCC←

# read data 
cols = ['sl', 'sw', 'pl', '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'], 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, lambda d: d.quantile(q=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])

class            ⌊sl  ⌊sw  ⌊pl  ⌊pw   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  0.244  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  5.84  3.05  3.76  1.2    0.828  0.434  1.76   0.763  7.9  4.4  6.9  2.5 

class            sl25  sl50  sl75  sw25  sw50  sw75  pl25  pl50  pl75  pw25  pw50  pw75 
 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     4.6   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 
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Berkeley admissions (1973)
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⍝ summary, percentiles and correlation
s←(⌊⌿,AVG,STD,⌈⌿)_A d
p←{,25 50 75∘.PCT↓⍉⍵}_A d
c←⊂⍤2{∘.PCC⍨↓⍉⍵}_A d
c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
AVG←
STD←
PCT←
PCC←

# read data 
cols = ['sl', 'sw', 'pl', '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'], 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, lambda d: d.quantile(q=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])

class            ⌊sl  ⌊sw  ⌊pl  ⌊pw   Asl   Asw   Apl    Apw    Ssl    Ssw    Spl    Spw  ⌈sl  ⌈sw  ⌈pl  ⌈pw 
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class            sl25  sl50  sl75  sw25  sw50  sw75  pl25  pl50  pl75  pw25  pw50  pw75 
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 Iris-versicolor   5.6   2.5   4     1.2   5.9   2.8  4.35   1.3   6.3   3     4.6   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 
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Berkeley admissions (1973)

T←{⎕PP←3 ⋄ ⍕⍺⍪⍵}    ⍝ print table
]LINK.Create # jswc ⍝ eWC

⍝ read data 
d←¯1⌽⎕CSV'iris.csv' ''4
⍝ aggregate with total 
_A←{(⍵[;1],∘⍺⍺⌸1↓[2]⍵)⍪(⊂'Total'),⍺⍺1↓[2]⍵}
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p←{,25 50 75∘.PCT↓⍉⍵}_A d
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c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
AVG←
STD←
PCT←
PCC←

# read data 
cols = ['sl', 'sw', 'pl', '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'], 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, lambda d: d.quantile(q=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])

class                sl      sw      pl      pw 
 Iris-setosa       1       0.747   0.264   0.279 
 Iris-setosa       0.747   1       0.177   0.28  
 Iris-setosa       0.264   0.177   1       0.306 
 Iris-setosa       0.279   0.28    0.306   1     
 Iris-versicolor   1       0.526   0.754   0.546 
 Iris-versicolor   0.526   1       0.561   0.664 
 Iris-versicolor   0.754   0.561   1       0.787 
 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 
 Total            ¯0.109   1      ¯0.421  ¯0.357 
 Total             0.872  ¯0.421   1       0.963 
 Total             0.818  ¯0.357   0.963   1     
 Class             0.783  ¯0.419   0.949   0.956 
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The code
Fisher’s Iris dataset (1936)
⍝ read data 
d←¯1⌽⎕CSV'iris.csv' ''4
⍝ aggregate with total 
_A←{(⍵[;1],∘⍺⍺⌸1↓[2]⍵)⍪(⊂'Total'),⍺⍺1↓[2]⍵}
⍝ summary, percentiles and correlation
s←(⌊⌿,AVG,STD,⌈⌿)_A d
p←{,25 50 75∘.PCT↓⍉⍵}_A d
c←⊂⍤2{∘.PCC⍨↓⍉⍵}_A d
c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
AVG←
STD←
PCT←
PCC←

T←{⎕PP←3 ⋄ ⍕⍺⍪⍵}    ⍝ print table
]LINK.Create # jswc ⍝ eWC

# read data 
cols = ['sl', 'sw', 'pl', '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'], 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, lambda d: d.quantile(q=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])
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The code
Fisher’s Iris dataset (1936)
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⍝ read data 
d←¯1⌽⎕CSV'iris.csv' ''4
⍝ aggregate with total 
_A←{(⍵[;1],∘⍺⍺⌸1↓[2]⍵)⍪(⊂'Total'),⍺⍺1↓[2]⍵}
⍝ summary, percentiles and correlation
s←(⌊⌿,AVG,STD,⌈⌿)_A d
p←{,25 50 75∘.PCT↓⍉⍵}_A d
c←⊂⍤2{∘.PCC⍨↓⍉⍵}_A d
c,←⊂(⊂'Class'),(⊂⍳⍨d[;1])PCC¨↓⍉1↓[2]d

⍝ statistics
AVG←
STD←
PCT←
PCC←

# read data 
cols = ['sl', 'sw', 'pl', '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'], 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, lambda d: d.quantile(q=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])
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Google trends (last 5 years)

6

 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&q=scotch
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⍝ read data
(ds n)←⎕CSV⍠'Invert'2⊢(3↓⊃⎕NGET'google-scotch.csv'1)'N'4
⍝ dates 
d←{⍲/(∧/∊∘(⎕D,'-'))¨⍵:⎕SIGNAL 11 ⋄ ↑'-'(⍎¨≠⊆⊢)¨⍵}ds

⍝ group by month and year, summary and relative change
t←d[;1 2],∘(+/)⌸n
s←{⍵[⍋⍵;]}¨{t[;⍵],∘(⌊⌿,(+⌿÷≢),⌈⌿,+⌿)⌸t[;3]}¨⍳2
c←{¯2-/t[;⍵]+/⍤⊢⌸t[;3]}¨⍳¨⍳2

# read data
df = pd.read_csv("google-scotch.csv", header=1)
# dates 
d = df.assign(Week = pd.to_datetime(df['Week'])).set_index('Week')

# group by month and year, summary and relative change
a = d.groupby([d.index.year, d.index.month]).agg(Total=(d.columns[0], 'sum'))
a.index.names = ['Year', 'Month']
def A(df, by):
  (m, a, M, t) = [('Total',x) for x in ['min', 'mean', 'max', 'sum']]
  return df.reset_index().groupby(by).agg(min=m, mean=a, max=M, total=t)
m = A(a, 'Month')
y = A(a, 'Year')
y = y.assign(change=y['total'].diff())
tm = a.unstack(level=0)
cm = a.diff().unstack(level=0)

The code
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⍝ read data
(ds n)←⎕CSV⍠'Invert'2⊢(3↓⊃⎕NGET'google-scotch.csv'1)'N'4
⍝ dates 
d←{⍲/(∧/∊∘(⎕D,'-'))¨⍵:⎕SIGNAL 11 ⋄ ↑'-'(⍎¨≠⊆⊢)¨⍵}ds

⍝ group by month and year, summary and relative change
t←d[;1 2],∘(+/)⌸n
s←{⍵[⍋⍵;]}¨{t[;⍵],∘(⌊⌿,(+⌿÷≢),⌈⌿,+⌿)⌸t[;3]}¨⍳2
c←{¯2-/t[;⍵]+/⍤⊢⌸t[;3]}¨⍳¨⍳2

# read data
df = pd.read_csv
# dates 
d = df

# group by month and year, summary and relative change
a = d.groupby
a.index.names
def A(
  (m
  return
m = A(
y = A(
y = y.assign
tm = a
cm = a
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c←{¯2-/t[;⍵]+/⍤⊢⌸t[;3]}¨⍳¨⍳2

# read data
df = pd.read_csv("google-scotch.csv", header=1)
# dates 
d = df.assign(Week = pd.to_datetime(df['Week'])).set_index('Week')

# group by month and year, summary and relative change
a = d.groupby([d.index.year, d.index.month]).agg(Total=(d.columns[0], 'sum'))
a.index.names = ['Year', 'Month']
def A(df, by):
  (m, a, M, t) = [('Total',x) for x in ['min', 'mean', 'max', 'sum']]
  return df.reset_index().groupby(by).agg(min=m, mean=a, max=M, total=t)
m = A(a, 'Month')
y = A(a, 'Year')
y = y.assign(change=y['total'].diff())
tm = a.unstack(level=0)
cm = a.diff().unstack(level=0)

The code
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User defined functions

science⌸data

data science in APL?
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Namespaces Classes
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User defined functions
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Namespaces Classes Packages
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data science in APL?
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Classes Packages

science⌸data

data science in APL?
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Inverted tables by Roger Hui

⎕ct     ← 0
invert  ← {↑¨ ⊂⍤¯1 ⍉ ⍵}
assert  ← {⍺←'assertion failure' ⋄ 0∊⍵:⍺ ⎕signal 8 ⋄ shy←0}

tassert ← {
 assert (1≤≢⍵)∧1=⍴⍴⍵ : ⍝ non-empty vector
 assert (⊃=⊢)≢¨⍵ :   ⍝ equal tally in each item
 assert 2=≡⍵ :     ⍝ nested array with simple items
 1
}

tindex  ← {(⊂⊂⍺)⌷¨⍵}
tix   ← 8⌶
teps   ← {(≢⊃⍵) > ⍵ tix ⍺}
twithout ← {⍺ ⌿¨⍨ ⊂~⍺ teps ⍵}
tunique ← {⍵ ⌿¨⍨ ⊂(⍳≢⊃⍵)=tix⍨ ⍵}
tkey   ← {(⊂tix⍨⍺) ⍺⍺⌸¨ ⍵}
tgr   ← {⊃ {⍵[⍋(⊂⍵)⌷⍺]}/ ⍵,⊂⍳≢⊃⍵}
torder  ← {0=⎕nc '⍺':tgr ⍵ ⋄ (tgr ⍵)tindex ⍺}

https://www.youtube.com/watch?v=IOWDkqKbMwk 
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Inverted tables by Roger Hui

⎕ct     ← 0
invert  ← {↑¨ ⊂⍤¯1 ⍉ ⍵}
assert  ← {⍺←'assertion failure' ⋄ 0∊⍵:⍺ ⎕signal 8 ⋄ shy←0}

tassert ← {
 assert (1≤≢⍵)∧1=⍴⍴⍵ : ⍝ non-empty vector
 assert (⊃=⊢)≢¨⍵ :   ⍝ equal tally in each item
 assert 2=≡⍵ :     ⍝ nested array with simple items
 1
}

tindex  ← {(⊂⊂⍺)⌷¨⍵}
tix   ← 8⌶
teps   ← {(≢⊃⍵) > ⍵ tix ⍺}
twithout ← {⍺ ⌿¨⍨ ⊂~⍺ teps ⍵}
tunique ← {⍵ ⌿¨⍨ ⊂(⍳≢⊃⍵)=tix⍨ ⍵}
tkey   ← {(⊂tix⍨⍺) ⍺⍺⌸¨ ⍵}
tgr   ← {⊃ {⍵[⍋(⊂⍵)⌷⍺]}/ ⍵,⊂⍳≢⊃⍵}
torder  ← {0=⎕nc '⍺':tgr ⍵ ⋄ (tgr ⍵)tindex ⍺}

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

Tables

ABCDE
FGHIJ
KLMNO
PQRST
UVWXY

┌─────┐
│ABCDE│
├─────┤
│FGHIJ│
├─────┤
│KLMNO│
├─────┤
│PQRST│
├─────┤
│UVWXY│
└─────┘

Matrix List of rows

┌─┬─┬─┬─┬─┐
│A│B│C│D│E│
│F│G│H│I│J│
│K│L│M│N│O│
│P│Q│R│S│T│
│U│V│W│X│Y│
└─┴─┴─┴─┴─┘

List of columns
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⎕ct     ← 0
invert  ← {↑¨ ⊂⍤¯1 ⍉ ⍵}
assert  ← {⍺←'assertion failure' ⋄ 0∊⍵:⍺ ⎕signal 8 ⋄ shy←0}

tassert ← {
 assert (1≤≢⍵)∧1=⍴⍴⍵ : ⍝ non-empty vector
 assert (⊃=⊢)≢¨⍵ :   ⍝ equal tally in each item
 assert 2=≡⍵ :     ⍝ nested array with simple items
 1
}

tindex  ← {(⊂⊂⍺)⌷¨⍵}
tix   ← 8⌶
teps   ← {(≢⊃⍵) > ⍵ tix ⍺}
twithout ← {⍺ ⌿¨⍨ ⊂~⍺ teps ⍵}
tunique ← {⍵ ⌿¨⍨ ⊂(⍳≢⊃⍵)=tix⍨ ⍵}
tkey   ← {(⊂tix⍨⍺) ⍺⍺⌸¨ ⍵}
tgr   ← {⊃ {⍵[⍋(⊂⍵)⌷⍺]}/ ⍵,⊂⍳≢⊃⍵}
torder  ← {0=⎕nc '⍺':tgr ⍵ ⋄ (tgr ⍵)tindex ⍺}

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

┌─┬─┬─┬─┬─┐
│A│B│C│D│E│
│F│G│H│I│J│
│K│L│M│N│O│
│P│Q│R│S│T│
│U│V│W│X│Y│
└─┴─┴─┴─┴─┘

List of columns

Tables
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Inverted tables by Roger Hui

⎕ct     ← 0
invert  ← {↑¨ ⊂⍤¯1 ⍉ ⍵}
assert  ← {⍺←'assertion failure' ⋄ 0∊⍵:⍺ ⎕signal 8 ⋄ shy←0}

tassert ← {
 assert (1≤≢⍵)∧1=⍴⍴⍵ : ⍝ non-empty vector
 assert (⊃=⊢)≢¨⍵ :   ⍝ equal tally in each item
 assert 2=≡⍵ :     ⍝ nested array with simple items
 1
}

tindex  ← {(⊂⊂⍺)⌷¨⍵}
tix   ← 8⌶
teps   ← {(≢⊃⍵) > ⍵ tix ⍺}
twithout ← {⍺ ⌿¨⍨ ⊂~⍺ teps ⍵}
tunique ← {⍵ ⌿¨⍨ ⊂(⍳≢⊃⍵)=tix⍨ ⍵}
tkey   ← {(⊂tix⍨⍺) ⍺⍺⌸¨ ⍵}
tgr   ← {⊃ {⍵[⍋(⊂⍵)⌷⍺]}/ ⍵,⊂⍳≢⊃⍵}
torder  ← {0=⎕nc '⍺':tgr ⍵ ⋄ (tgr ⍵)tindex ⍺}

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

List of columns

┌─────┬─────┬─────┬─────┬─────┐
│AFKPU│BGLQV│CHMRW│DINSX│EJOTY│
└─────┴─────┴─────┴─────┴─────┘
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Inverted tables by Roger Hui

⎕ct     ← 0
invert  ← {↑¨ ⊂⍤¯1 ⍉ ⍵}
assert  ← {⍺←'assertion failure' ⋄ 0∊⍵:⍺ ⎕signal 8 ⋄ shy←0}

tassert ← {
 assert (1≤≢⍵)∧1=⍴⍴⍵ : ⍝ non-empty vector
 assert (⊃=⊢)≢¨⍵ :   ⍝ equal tally in each item
 assert 2=≡⍵ :     ⍝ nested array with simple items
 1
}

tindex  ← {(⊂⊂⍺)⌷¨⍵}
tix   ← 8⌶
teps   ← {(≢⊃⍵) > ⍵ tix ⍺}
twithout ← {⍺ ⌿¨⍨ ⊂~⍺ teps ⍵}
tunique ← {⍵ ⌿¨⍨ ⊂(⍳≢⊃⍵)=tix⍨ ⍵}
tkey   ← {(⊂tix⍨⍺) ⍺⍺⌸¨ ⍵}
tgr   ← {⊃ {⍵[⍋(⊂⍵)⌷⍺]}/ ⍵,⊂⍳≢⊃⍵}
torder  ← {0=⎕nc '⍺':tgr ⍵ ⋄ (tgr ⍵)tindex ⍺}

https://www.youtube.com/watch?v=IOWDkqKbMwk 
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(Dynamic) Namespaces

⍝ labels and columns arrays
l←'one' 'two' 'three' ⋄ c←(⍳5)(2×⍳5)(10×⍳5)

⍝ dataframe namespace
df←(labels:l)⎕VSET(↑l)c
df.labels ⋄ df.one ⋄ df.(two+three)

New array notation and system functions to safely 
set variables will allow to easily create ad-hoc 
namespaces
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⍝ dataframe namespace
df←(labels:l)⎕VSET(↑l)c
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Object oriented programming: 
data namespace

Namespace

Classes

Functions

Operators
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Namespace

Classes

Functions

Operators

Object oriented programming: 
data namespace

⍝ load data file
f←data.frame'berkeley.csv'
⍝ group 
a←data.('Applicants' 'Accepted'{(≢⍵),('A'+.=⊃¨)⍵}by'Major' 'Gender'⊢)f[]~f[⊂'Year’]
⍝ totals by gender and major
g←a data.(⍋sort⊣,join⊣(⊂'Gender')(+⌿,'T'⍨)by(⊂'Major')⊢)a[]~a[⊂'Gender']
m←g data.(⍋sort⊣,join⊣(⊂'Major')(+⌿,(⊂'Total')⍨)by(⊂'Gender')⊢)g[]~g[⊂'Major’]
⍝ accepted and applicants ratios 
r←m data.(frame⊣,'%Accepted'series⊢)100×÷/m[;'Accepted' 'Applicants']
r data.(frame⊣,'%Applicants'series⊢)(100×⊢÷≢⍴('T'=⊃¨r[;⊂'Major'])⌿⊢)⊢r[;⊂'Applicants']

12
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Object oriented programming
⍝ load data file
f←data.frame'berkeley.csv'
⍝ group 
a←data.('Applicants' 'Accepted'{(≢⍵),('A'+.=⊃¨)⍵}by'Major' 'Gender'⊢)f[]~f[⊂'Year’]
⍝ totals by gender and major
g←a data.(⍋sort⊣,join⊣(⊂'Gender')(+⌿,'T'⍨)by(⊂'Major')⊢)a[]~a[⊂'Gender']
m←g data.(⍋sort⊣,join⊣(⊂'Major')(+⌿,(⊂'Total')⍨)by(⊂'Gender')⊢)g[]~g[⊂'Major’]
⍝ accepted and applicants ratios 
r←m data.(frame⊣,'%Accepted'series⊢)100×÷/m[;'Accepted' 'Applicants']
r data.(frame⊣,'%Applicants'series⊢)(100×⊢÷≢⍴('T'=⊃¨r[;⊂'Major'])⌿⊢)⊢r[;⊂'Applicants']

 Major  Gender  Applicants  Accepted  %Accepted  %Applicants
─────────────────────────────────────────────────────────────
 A      F              108        89      82.4         2.5
        M             1138       825      72.5        13.5
░░░░░░░░T░░░░░░░░░░░░░1246░░░░░░░914░░░░░░73.4░░░░░░░░░9.76░░
 B      F               25        17      68           0.579
        M              560       353      63           6.63
░░░░░░░░T░░░░░░░░░░░░░░585░░░░░░░370░░░░░░63.2░░░░░░░░░4.58░░
 C      F              593       201      33.9        13.7
        M              325       120      36.9         3.85
░░░░░░░░T░░░░░░░░░░░░░░918░░░░░░░321░░░░░░35░░░░░░░░░░░7.19░░
 D      F              375       131      34.9         8.68
        M              417       138      33.1         4.94
░░░░░░░░T░░░░░░░░░░░░░░792░░░░░░░269░░░░░░34░░░░░░░░░░░6.21░░
 E      F              393        94      23.9         9.1
        M              191        53      27.7         2.26
░░░░░░░░T░░░░░░░░░░░░░░584░░░░░░░147░░░░░░25.2░░░░░░░░░4.58░░
 F      F              341        25       7.33        7.89
        M              373        22       5.9         4.42
░░░░░░░░T░░░░░░░░░░░░░░714░░░░░░░░47░░░░░░░6.58░░░░░░░░5.59░░
 Other  F             2486       937      37.7        57.5
        M             5438      2227      41          64.4
░░░░░░░░T░░░░░░░░░░░░░7924░░░░░░3164░░░░░░39.9░░░░░░░░62.1░░░
 Total  F             4321      1494      34.6       100
        M             8442      3738      44.3
░░░░░░░░T░░░░░░░░░░░░12763░░░░░░5232░░░░░░41░░░░░░░░░░░░░░░░░

Major Gender Applicants Accepted 
─────────────────────────────────────
A   F       108    89 
    M       1138    825 

░B░░░░░░F░░░░░░░░░░░░░░░25░░░░░░░░17░
    M       560    353 
C   F       593    201 
░░░░░░░░M░░░░░░░░░░░░░░325░░░░░░░120░
D   F       375    131 
    M       417    138 

░E░░░░░░F░░░░░░░░░░░░░░393░░░░░░░░94░
    M       191    53 
F   F       341    25 

░░░░░░░░M░░░░░░░░░░░░░░373░░░░░░░░22░
Other F       2486    937 
    M       5438   2227 

Major Gender Applicants Accepted 
─────────────────────────────────────
A   F       108    89 
    M       1138    825 

░░░░░░░░T░░░░░░░░░░░░░1246░░░░░░░914░
B   F        25    17 
    M       560    353 

░░░░░░░░T░░░░░░░░░░░░░░585░░░░░░░370░
C   F       593    201 
    M       325    120 

░░░░░░░░T░░░░░░░░░░░░░░918░░░░░░░321░
D   F       375    131 
    M       417    138 

░░░░░░░░T░░░░░░░░░░░░░░792░░░░░░░269░
E   F       393    94 
    M       191    53 

░░░░░░░░T░░░░░░░░░░░░░░584░░░░░░░147░
F   F       341    25 
    M       373    22 

░░░░░░░░T░░░░░░░░░░░░░░714░░░░░░░░47░
Other F       2486    937 
    M       5438   2227 

░░░░░░░░T░░░░░░░░░░░░░7924░░░░░░3164░
Total F       4321   1494 
    M       8442   3738 

░░░░░░░░T░░░░░░░░░░░░12763░░░░░░5232░

Year Major Gender Admission 
────────────────────────────────
1973 C   F    Rejected 
   B   M    Accepted 

░░░░░░░Other░░F░░░░░░░░░░░░░░░░░
       M         
           Rejected 

░░░░░░░░░░░░░░░░░░░░░░░░░░░░░░░░
   F   F    Accepted 
   Other M         

░░░░░░░░░░░░░░░░░░░░░░Rejected░░
   A       Accepted 
   Other F    Rejected 

░░░░░░░B░░░░░░M░░░░░░░Accepted░░
   C       Rejected 
   A            

░░░░░░░Other░░░░░░░░░░░░░░░░░░░░
       F         
   A   M    Accepted 

░░░░░░░Other░░F░░░░░░░░░░░░░░░░░
       M    Rejected 
   F            

░░░░░░░Other░░░░░░░░░░░░░░░░░░░░
   C       Accepted 

…12763             
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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.Frame 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 [], [].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.

data.sort operator
This operator sorts data according to the left function.
•⍺ (⍺⍺ data.sort) ⍵ returns ⍵ (a frame, list of series, or array) sorted 
according to the result of ⍺⍺ ⍺ (where ⍺⍺ typically is one of ⍒⍋).
•(⍺⍺ data.sort) ⍵ is equivalent to (⍺⍺ data.sort)⍨⍵.

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

data.join operator
This operator merges two frames (or lists of series).
•⍺ (⍺⍺ data.join ⍵⍵) ⍵ returns frame with series labelled ⍺.labels ⍵⍵ ⍵.labels. 
If two series at left and right have the same label, its values are combined 
as ⍺.values ⍺⍺ ⍵.values.
•(⍺⍺ data.join ⍵⍵) ⍵ returns a series with label ⍵⍵ ⍵.labels and values ⍺⍺ 
⍵.values.

data.series function
This function returns an instance or a list of instances of 
the data.Series class.
•⍺ data.series ⍵ creates an instance of data.Series with label ⍺ and values ⍵. 
If ⍺ is a series, the label is taken from it.
•data.series ⍵ creates an instance of data.Series for each of the series 
in ⍵ and each of the series contained in each frame in ⍵. If ⍵ 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.Frame class.
•⍺ data.frame ⍵ creates an instance of data.Frame with labels ⍺ (or the labels 
of the series list or frame ⍺) and values ⍵. If ⍵ is a string, it writes the 
frame ⍺ to the CSV file ⍵ or reads the CSV file ⍵ without header and returns 
frame with labels ⍺.
•data.frame ⍵ creates an instance of data.Frame with each of the series 
returned by data.series ⍵. If ⍵ is a string, it reads the file ⍵ as CSV with 
header and returns frame.

AVG←+⌿÷≢ ⋄ STD←(2*∘÷⍨+⌿÷¯1+≢)2*⍨⊢-⍤1+⌿÷≢   ⍝ average and standard deviation
PCT←{((2÷⍨+/)⊢⌷⍨∘⊂⍋⌷⍨∘⊂∘⌈100÷⍨⍺×0 1+≢)⍵}   ⍝ percentile-⍺
PCC←+.×⍥((⊢÷2*∘÷⍨+.×⍨)⊢-+⌿÷≢)        ⍝ Pearson correlation coefficient
f←'sl' 'sw' 'pl' 'pw' 'class'data.frame'iris.csv'
aggs←{l f←⍺⍵ ⋄ ⍪,¨⍺⍺{(⍺⍺ ⍵)⍵⍵data.by(f[l])⊢f[⊂⍵]}⍵⍵¨f.labels~l}
s←(⊂'class'){'⌊AS⌈',¨⊂⍵}aggs(⌊⌿,AVG,STD,⌈⌿)f
p←(⊂'class')('25' '50' '75',⍨¨⊂)aggs(,25 50 75∘.PCT↓∘⍉)f
s←s{data.frame⍺.series,1↓⍵.series}¨¨p ⋄ s.SHADE←0
pcc←{∘.PCC⍨↓⍉⍵}data.by(⊂'class')⊢f[]
pcc.values⍪←(⊂'Class'),({(∪⍵)⍳⍵}f[;⊂'class'])∘PCC¨f[f.labels~⊂'class'].values
⍕(⍪⊃(⊣,(⊂''),⊢)⌿s)pcc

g←'date' 'n'data.frame⎕CSV⍠'Invert'2⊢(3↓⊃⎕NGET'google-scotch.csv'1)'N'4
d←{⍲/(∧/∊∘(⎕D,'-'))¨⍵:⎕SIGNAL 11 ⋄ ↑'-'(⍎¨≠⊆⊢)¨⍵}g[;⊂'date']
tt←'n'data.by'month'⊢t←'year' 'month' 'n'+⌿data.by(d[;1 2])⊢g[⊂'n']
tv←(tt[;,⊂'year']⍪⊂'total'),(⊢⍪(+⌿+/¨))(⊢,(+/+/¨))tt[;1↓tt.labels]
tt←(tt.labels,⊂'total')data.frame tv
c←'n'data.by'month'⊢t data.frame t[;t.labels~'n'],(⊂⍬),¯2-/t[;'n']
tt←tt data.frame tt[;]⍪(⊂'')⍪c[;],(⊂⍬)⍪¯2-⌿¯1↓tt[;,⊂'total']
tt ⋄ ⍬ ⋄ {'min' 'avg' 'max' 'total'(⌊⌿,(+⌿÷≢),⌈⌿,+⌿)data.by(t[⊂⍵])⊢t[⊂'n']}¨'year' 'month'

Iris Google

Object oriented programming: 
data namespace

Berkeley

⍝ load data file
f←data.frame'berkeley.csv'
⍝ group 
a←data.('Applicants' 'Accepted'{(≢⍵),('A'+.=⊃¨)⍵}by'Major' 'Gender'⊢)f[]~f[⊂'Year’]
⍝ totals by gender and major
g←a data.(⍋sort⊣,join⊣(⊂'Gender')(+⌿,'T'⍨)by(⊂'Major')⊢)a[]~a[⊂'Gender']
m←g data.(⍋sort⊣,join⊣(⊂'Major')(+⌿,(⊂'Total')⍨)by(⊂'Gender')⊢)g[]~g[⊂'Major’]
⍝ accepted and applicants ratios 
r←m data.(frame⊣,'%Accepted'series⊢)100×÷/m[;'Accepted' 'Applicants']
r data.(frame⊣,'%Applicants'series⊢)(100×⊢÷≢⍴('T'=⊃¨r[;⊂'Major'])⌿⊢)⊢r[;⊂'Applicants']

Year Major Gender Admission 
────────────────────────────────
1973 C   F    Rejected 
   B   M    Accepted 

░░░░░░░Other░░F░░░░░░░░░░░░░░░░░
       M         
           Rejected 

░░░░░░░░░░░░░░░░░░░░░░░░░░░░░░░░
   F   F    Accepted 
   Other M         

░░░░░░░░░░░░░░░░░░░░░░Rejected░░
   A       Accepted 
   Other F    Rejected 

░░░░░░░B░░░░░░M░░░░░░░Accepted░░
   C       Rejected 
   A            

░░░░░░░Other░░░░░░░░░░░░░░░░░░░░
       F         
   A   M    Accepted 

░░░░░░░Other░░F░░░░░░░░░░░░░░░░░
       M    Rejected 
   F            

░░░░░░░Other░░░░░░░░░░░░░░░░░░░░
   C       Accepted 

…12763             

 Major  Gender  Applicants  Accepted  %Accepted  %Applicants
─────────────────────────────────────────────────────────────
 A      F              108        89      82.4         2.5
        M             1138       825      72.5        13.5
░░░░░░░░T░░░░░░░░░░░░░1246░░░░░░░914░░░░░░73.4░░░░░░░░░9.76░░
 B      F               25        17      68           0.579
        M              560       353      63           6.63
░░░░░░░░T░░░░░░░░░░░░░░585░░░░░░░370░░░░░░63.2░░░░░░░░░4.58░░
 C      F              593       201      33.9        13.7
        M              325       120      36.9         3.85
░░░░░░░░T░░░░░░░░░░░░░░918░░░░░░░321░░░░░░35░░░░░░░░░░░7.19░░
 D      F              375       131      34.9         8.68
        M              417       138      33.1         4.94
░░░░░░░░T░░░░░░░░░░░░░░792░░░░░░░269░░░░░░34░░░░░░░░░░░6.21░░
 E      F              393        94      23.9         9.1
        M              191        53      27.7         2.26
░░░░░░░░T░░░░░░░░░░░░░░584░░░░░░░147░░░░░░25.2░░░░░░░░░4.58░░
 F      F              341        25       7.33        7.89
        M              373        22       5.9         4.42
░░░░░░░░T░░░░░░░░░░░░░░714░░░░░░░░47░░░░░░░6.58░░░░░░░░5.59░░
 Other  F             2486       937      37.7        57.5
        M             5438      2227      41          64.4
░░░░░░░░T░░░░░░░░░░░░░7924░░░░░░3164░░░░░░39.9░░░░░░░░62.1░░░
 Total  F             4321      1494      34.6       100
        M             8442      3738      44.3
░░░░░░░░T░░░░░░░░░░░░12763░░░░░░5232░░░░░░41░░░░░░░░░░░░░░░░░

Major Gender Applicants Accepted 
─────────────────────────────────────
A   F       108    89 
    M       1138    825 

░B░░░░░░F░░░░░░░░░░░░░░░25░░░░░░░░17░
    M       560    353 
C   F       593    201 
░░░░░░░░M░░░░░░░░░░░░░░325░░░░░░░120░
D   F       375    131 
    M       417    138 

░E░░░░░░F░░░░░░░░░░░░░░393░░░░░░░░94░
    M       191    53 
F   F       341    25 

░░░░░░░░M░░░░░░░░░░░░░░373░░░░░░░░22░
Other F       2486    937 
    M       5438   2227 

Major Gender Applicants Accepted 
─────────────────────────────────────
A   F       108    89 
    M       1138    825 

░░░░░░░░T░░░░░░░░░░░░░1246░░░░░░░914░
B   F        25    17 
    M       560    353 

░░░░░░░░T░░░░░░░░░░░░░░585░░░░░░░370░
C   F       593    201 
    M       325    120 

░░░░░░░░T░░░░░░░░░░░░░░918░░░░░░░321░
D   F       375    131 
    M       417    138 

░░░░░░░░T░░░░░░░░░░░░░░792░░░░░░░269░
E   F       393    94 
    M       191    53 

░░░░░░░░T░░░░░░░░░░░░░░584░░░░░░░147░
F   F       341    25 
    M       373    22 

░░░░░░░░T░░░░░░░░░░░░░░714░░░░░░░░47░
Other F       2486    937 
    M       5438   2227 

░░░░░░░░T░░░░░░░░░░░░░7924░░░░░░3164░
Total F       4321   1494 
    M       8442   3738 

░░░░░░░░T░░░░░░░░░░░░12763░░░░░░5232░

# 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'], 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.loc['Total']['Applicants'])
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Dyalog for data science https://github.com/yiyus/data-science-in-APL/ 

Object oriented programming: 
data namespace

Berkeley

⍝ load data file
f←data.frame'berkeley.csv'
⍝ group 
a←data.('Applicants' 'Accepted'{(≢⍵),('A'+.=⊃¨)⍵}by'Major' 'Gender'⊢)f[]~f[⊂'Year’]
⍝ totals by gender and major
g←a data.(⍋sort⊣,join⊣(⊂'Gender')(+⌿,'T'⍨)by(⊂'Major')⊢)a[]~a[⊂'Gender']
m←g data.(⍋sort⊣,join⊣(⊂'Major')(+⌿,(⊂'Total')⍨)by(⊂'Gender')⊢)g[]~g[⊂'Major’]
⍝ accepted and applicants ratios 
r←m data.(frame⊣,'%Accepted'series⊢)100×÷/m[;'Accepted' 'Applicants']
r data.(frame⊣,'%Applicants'series⊢)(100×⊢÷≢⍴('T'=⊃¨r[;⊂'Major'])⌿⊢)⊢r[;⊂'Applicants']
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Dyalog for data science https://github.com/yiyus/data-science-in-APL/ 

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.Frame 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 [], [].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.

data.sort operator
This operator sorts data according to the left function.
•⍺ (⍺⍺ data.sort) ⍵ returns ⍵ (a frame, list of series, or array) sorted 
according to the result of ⍺⍺ ⍺ (where ⍺⍺ typically is one of ⍒⍋).
•(⍺⍺ data.sort) ⍵ is equivalent to (⍺⍺ data.sort)⍨⍵.

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

data.join operator
This operator merges two frames (or lists of series).
•⍺ (⍺⍺ data.join ⍵⍵) ⍵ returns frame with series labelled ⍺.labels ⍵⍵ ⍵.labels. 
If two series at left and right have the same label, its values are combined 
as ⍺.values ⍺⍺ ⍵.values.
•(⍺⍺ data.join ⍵⍵) ⍵ returns a series with label ⍵⍵ ⍵.labels and values ⍺⍺ 
⍵.values.

data.series function
This function returns an instance or a list of instances of 
the data.Series class.
•⍺ data.series ⍵ creates an instance of data.Series with label ⍺ and values ⍵. 
If ⍺ is a series, the label is taken from it.
•data.series ⍵ creates an instance of data.Series for each of the series 
in ⍵ and each of the series contained in each frame in ⍵. If ⍵ 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.Frame class.
•⍺ data.frame ⍵ creates an instance of data.Frame with labels ⍺ (or the labels 
of the series list or frame ⍺) and values ⍵. If ⍵ is a string, it writes the 
frame ⍺ to the CSV file ⍵ or reads the CSV file ⍵ without header and returns 
frame with labels ⍺.
•data.frame ⍵ creates an instance of data.Frame with each of the series 
returned by data.series ⍵. If ⍵ is a string, it reads the file ⍵ as CSV with 
header and returns frame.
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⍝ load data file
f←data.frame'berkeley.csv'
⍝ group 
a←data.('Applicants' 'Accepted'{(≢⍵),('A'+.=⊃¨)⍵}by'Major' 'Gender'⊢)f[]~f[⊂'Year’]
⍝ totals by gender and major
g←a data.(⍋sort⊣,join⊣(⊂'Gender')(+⌿,'T'⍨)by(⊂'Major')⊢)a[]~a[⊂'Gender']
m←g data.(⍋sort⊣,join⊣(⊂'Major')(+⌿,(⊂'Total')⍨)by(⊂'Gender')⊢)g[]~g[⊂'Major’]
⍝ accepted and applicants ratios 
r←m data.(frame⊣,'%Accepted'series⊢)100×÷/m[;'Accepted' 'Applicants']
r data.(frame⊣,'%Applicants'series⊢)(100×⊢÷≢⍴('T'=⊃¨r[;⊂'Major'])⌿⊢)⊢r[;⊂'Applicants']

AVG←+⌿÷≢ ⋄ STD←(2*∘÷⍨+⌿÷¯1+≢)2*⍨⊢-⍤1+⌿÷≢   ⍝ average and standard deviation
PCT←{((2÷⍨+/)⊢⌷⍨∘⊂⍋⌷⍨∘⊂∘⌈100÷⍨⍺×0 1+≢)⍵}   ⍝ percentile-⍺
PCC←+.×⍥((⊢÷2*∘÷⍨+.×⍨)⊢-+⌿÷≢)        ⍝ Pearson correlation coefficient
f←'sl' 'sw' 'pl' 'pw' 'class'data.frame'iris.csv'
aggs←{l f←⍺⍵ ⋄ ⍪,¨⍺⍺{(⍺⍺ ⍵)⍵⍵data.by(f[l])⊢f[⊂⍵]}⍵⍵¨f.labels~l}
s←(⊂'class'){'⌊AS⌈',¨⊂⍵}aggs(⌊⌿,AVG,STD,⌈⌿)f
p←(⊂'class')('25' '50' '75',⍨¨⊂)aggs(,25 50 75∘.PCT↓∘⍉)f
s←s{data.frame⍺.series,1↓⍵.series}¨¨p ⋄ s.SHADE←0
pcc←{∘.PCC⍨↓⍉⍵}data.by(⊂'class')⊢f[]
pcc.values⍪←(⊂'Class'),({(∪⍵)⍳⍵}f[;⊂'class'])∘PCC¨f[f.labels~⊂'class'].values
⍕(⍪⊃(⊣,(⊂''),⊢)⌿s)pcc

g←'date' 'n'data.frame⎕CSV⍠'Invert'2⊢(3↓⊃⎕NGET'google-scotch.csv'1)'N'4
d←{⍲/(∧/∊∘(⎕D,'-'))¨⍵:⎕SIGNAL 11 ⋄ ↑'-'(⍎¨≠⊆⊢)¨⍵}g[;⊂'date']
tt←'n'data.by'month'⊢t←'year' 'month' 'n'+⌿data.by(d[;1 2])⊢g[⊂'n']
tv←(tt[;,⊂'year']⍪⊂'total'),(⊢⍪(+⌿+/¨))(⊢,(+/+/¨))tt[;1↓tt.labels]
tt←(tt.labels,⊂'total')data.frame tv
c←'n'data.by'month'⊢t data.frame t[;t.labels~'n'],(⊂⍬),¯2-/t[;'n']
tt←tt data.frame tt[;]⍪(⊂'')⍪c[;],(⊂⍬)⍪¯2-⌿¯1↓tt[;,⊂'total']
tt ⋄ ⍬ ⋄ {'min' 'avg' 'max' 'total'(⌊⌿,(+⌿÷≢),⌈⌿,+⌿)data.by(t[⊂⍵])⊢t[⊂'n']}¨'year' 'month'

Berkeley Iris Google

Object oriented programming: 
data namespace
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Application



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

Microstructural analysis of metals
Orientation distribution functions

13

3D EBSD measurement:
- Low-carbon steel sample
- 9047108 data points
- 750×580×85 um
- Crystallographic orientation of 

each point (indicated by color)

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

Dyalog for data science https://github.com/yiyus/data-science-in-APL/ 
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Orientation distribution function:
- Represents preferential 

orientations in the sample
- Continuous function in 

orientation (Euler) space
- Generalised spherical harmonics

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

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

Microstructural analysis of metals
Orientation distribution functions
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Grain size dependency:
- Group grains by size
- Calculate ODF for 

each size group

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

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

Microstructural analysis of metals
Orientation distribution functions

* Grain: region of material with the same crystallographic orientation (same color) 
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Grain size dependent orientation 
distribution function (GSODF):
- Continuous function which 

combines grain size and 
orientation distributions

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

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

Microstructural analysis of metals
Orientation distribution functions



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

ODF calculation

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

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

EBSD files List of grains

GSODF
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Microstructural analysis of metals
Orientation distribution functions
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ODF calculation

GSODF

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

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

EBSD files List of grains

Microstructural analysis of metals
Orientation distribution functions

14
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ODF calculation

⌸ ⌿¨
GSODF

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

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

EBSD files List of grains

Microstructural analysis of metals
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science⌸data

Thanks to: Morten Kromberg, Richard Park, Martina Crippa, Stine Kromberg, Roger Hui, Stefano Lanzavecchia, …
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