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Data Mining in the School of Computing
Task 2.2 Describe data (30 mins) (5 marks)

Table degree_programmes

The table ‘degree_programmes (10 columns) lists al the available programmes of
study across the departments of the university. Each programme has a distinctive
‘prog_code’, atitle, an ‘scs_code’ (eg DB32), the ‘degree’ (eg BSc, BA), a‘type’ (eg
SSfor single subject), the belonging department as ‘owner’ (eg COMP), and afield to
indicate the ‘current’ status of the programme, i.e. whether it is running this year or

ics2dja@leeds.ac.uk
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not, or in the next year or not anymore at all. All fields are of type varchar; except
‘prog_code’ all columns may contain NULL-values. There are 295 tuples.

Table modules

The table *‘modules’ (10 columns) lists all modules with distinctive ‘module_code’,
the ‘scs_code’, the ‘title’, the amount of ‘credits' (integer), the ‘semester’ (integer) of
the year in which it is taught, to which ‘level’ it is assigned (eg 1-5), whether it isa
‘project’ or not. If not stated otherwise, al fields are varchar. Except ‘module_code
all columns may contain NULL-values. There are 607 tuples, 159 COMP-modules.

Table students

The table ‘students’ (8 columns) contains the anonymised students' sur-/fore-
/usernames, their student 1D (sid) which can be used to reference a student in the table
‘student_modules' and some personal background: gender, age and country of origin.
All fields are varchar; there are 2437 tuples.

Table student_modules

The table ‘student_modules’ (4 columns) contains the mark a student received for
each module, including the final year project. Except the field ‘year’ which is of type
integer, the datatypes for SID, the ‘module_code’ and the ‘result’ (mark) are varchar.
There are 39252 tuples.

Tables edass_assignment, edass mark

Table edass assignment lists al single courseworks/exams for each module with their
individual weight (383 tuples). Table edass mark lists all the marks achieved in each
single assignment by all the individual students (53895 tuples). These two tables are
not considered too deeply since with the table student_modules an enough detailed
data of student marksis available. Thus, they are not described further.

Task 2.3 Explore data (1 hour) (5 marks)

Generally, | will only look at modules offered by the School of Computing; they can
easily identified by their module_code starting with *COMP, followed by a digit
which indicates the year the module is taught (1%, 2", ...).

To see how many students sat each module each year the following query was used:

sel ect year, nodul e_code, count(*) as pp
from student _nodul es

where nodul e_code |ike ' COMPY%

group by nodul e_code, year

order by ppl, year, nodul e_code

This result will be of help when selecting the data since it will not be very useful to
look at modules with only few students. On the contrary, it is anticipated to use
subjects/modules with many students AND modules which are ‘consistent’ over some
years.

To see what percentage of final year projects are awarded afirst class or upper second
mark year-by-year the following query was used to get the number of students. Since
the ‘result’-field contains not only integer-values | used a for-loop in Perl to help me
build the query-string.
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sel ect year,

(

count(*) from student _nodul es where nodul e_code in

sel ect modul e_code from nodul es where nodul e_code |ike ' COW% and
project like "Y' and level = 3

)

and result in ('60', '61', '62', '63", '64', '65, '66', '67

68", '69', '70', '71', '72', ‘73, ‘74, '75', '76', ‘77", ' 78",
'79', '80', '81', '82', '83", '84', '85, '86', '87', '88', '89,
'90', '91', '92', '93, '94', '95', '96', '97', '98', '99', '100")
group by year

Tablel

year students per centage

1995 00/ 001 only one student on a project (but result=0).

1996 70/ 108 64.81481

1997 75/ 128 58.59375

1998 73/124 58.87096

1999 79/ 143 55.24475

2000 63/ 120 52.5

2001 95/ 160 59.375

2002 00/174 only NULL valuesin results (not finished project yet).

The overall percentage is 47.495% (455 of 958 students who have done afina year

project).

This task made me aware of some issues of data quality. Quality will be examined
further in the next step, listing some issues.

Task 2.4 Verify Data Quality (5 marks)
There is for example a referential inconsistency, in that respect that some (188)

students are not in any modules:

sel ect count(sid)
from students
where sid not in

(

sel ect distinct sid from student _nodul es

)

There are 3 students that do not have a proper gender assigned.

From atotal of 2437 students, 1958 male, 476 femaleand 3“7

There are 434 students with no age (NULL) assigned, one is supposedly O years
old, another one 100.

Concerning country_of_orign there are 3 students having an empty string *’
assigned, 3 with *??? and 1854 students with ‘000" (isit UK?).

As seen in task 2.3 the Marks..student_modules.result is not numeric but will be
cleaned later using the Marks..grade_map table. (Some numbers are followed by a
character, other values are pure aphas such as NSAX or ABS — those will be
changed.) Similar cleaning may have to be done for the edass mark table. Here it
seems that even some other characters such as*-‘ has to be changed manualy.

Task 3.1 Select Data (5 marks)

Using some temporarily created tables in the database | filtered the available modules
to the ones having more than 29 students and being stable over the highest amount of
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years. This was achieved? by a very wide inner table join over the temporal tables®
consisting of the modules for one year each. Thus | was able to reduce the total of 159
COMP-modules to 26 modules that | consider relevant being stable over the years
1999 — 2001 (see Table 2). Y ear 2002 cannot be used since no project results are
available.

Indicators of whether a student will do a good fina year project might be:
Table2

Field Motivation

Age Y ounger students might be less serious with their studies since
usually they do not pay themselves for their study and prefer
‘hanging out’ with friends than studying hard.

Country of Origin | Overseas students pay more and thus might be more serious
(code <> 000 ?). Very vague.

Gender Femal e students might be more serious about their study since
they are said to be mature earlier and boys get more easily
distracted. ..

SID Thisis very vague / hypothetic, but SID might be an indicator

Insofar greater numbers could stand for later matriculation
which again might point to students being not too serious about
their study at al (deciding late for a course, applying late,
matricul ate late).

Average mark over | Thisis considered a very strong indicator. Students being good
all modulestaken | overall should do a good project as well.
by one student

COMP modules COMP1 and COMP2 will be considered generally. Since |l do
not know anything about their content | cannot distinguish
specific suitable modules. But as mentioned above, | looked at
quantity of students and consistency of modules to limit the
amount of modules to the following ones:

COMPx with x in 1300, 1360, 1400, 1450, 1500, 1510, 1600,
1610, 1620, 1650, 1660, 2300, 2350, 2360, 2370, 2380, 2400,
2450, 2470, 2550, 2560, 2600, 2610, 2620, 2650, 2660.

| also thought about using the edass-tables to look at the marks of each assignment by
each student. Since these marks are not weighted they would have to be normalised
first (efter cleaning the data e.g. with the grade_map table, of course). Thiswas
considered not worth the effort since with the module marks an enough detailed
indicator exists.

Task 3.2 Clean Data (5 marks)

Incorporating the mapped vaues from the grade_map table a new
student_modules table is created having numeric result values instead of the
varchar result field, using the following SQL.:

2 As another output-example of this approach, the following are the COM P-modules stable over the
years 1998 -- 2001 AND having more than 99 students: 1300, 1360, 1400, 1450, 1500, 1510, 1600,
1610, 1620, 1650, 1660, 5010, 5060, and 5200.

3 |f interested, the tables still exist in the database DB32_ics2jda.
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sel ect sid, nodul e_code, year, nuneric_grade

i nto student _nodul es_cl ean

from Marks. . student _nodul es SM Marks..grades_map GM
where SMresult = GMresult

In the field for country of origin, there is one instance having ‘??? which has to
be changed manually into a numeric value like *-1’ or *000'.

If student names would not be anonymous one could try to guess the gender of the
unassigned values in this field.

Tasks 3.3/3.4 Construct Data and Integrate Data (2 hours) (10
marks)

As mentioned above, | will ook at the average of marks by each individual student.
Thisis aderived attribute constructed with the following SQL-bit:

sel ect sid, AVGE nuneric_grade) AS average
i nto student _nodul es_aver ages

from student _nodul es_cl ean

where nodul e_code not |ike ' COWP3510'
group by sid

Since the group by-statement does not take into account NULL values for calculation
this operation results in proper averages. Note that the project has to be excluded.
Looking at students with high average marks (e.g. >= 60) this attribute seems already
to be a very good indicator: only very few (in this example only two) students have a
low project mark, which is significantly more (nearly double percentage) than the
~48% having a good mark in the project as discovered in task 2.3.

After constructing, merging, integrating the data pivoting the data (using
modifications of the SQL provided) results in one table that is going to be exported as
comma-separated values for use with the mining-/modelling-tool, here WEKA.

The following lists the SQL-statements used for this task — adopted from the appendix
of the coursework brief.

sel ect sm*, gender, country_of_orign, age, scs_code
into selected_results_final from student_nodul es_final sm
inner join Marks..students s on s.sid = smsid
i nner join Marks..degree_programmes p on p.prog_code =
s. degree_progranmme
where smsid in (

sel ect sid from student_nodul es_fina

where year in (1999, 2000, 2001, 2002)

and year between smyear+2 and sm year+3

and nodul e_code = ' COWP3510'

and nuneric_grade is not nul

)

and type = 'SS' and nuneric_grade is not nul
This embedded select-statement of the SQL above (originally appendix A1) selects al
students having a valid result in the project (COMP3510) but only if data for the two
to three years before higher final year of this particular student (of the ones selected
by the inner select) is available.

The following SQL (originally appendix A2) adds in the result for the final year
project:
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insert into selected results fina

sel ect distinct sm*, gender, country_of _orign, age, scs_code
from student _nodul es_final sm

inner join Marks..students s on s.sid = smsid

i nner join Marks..degree_programmes p on p.prog_code =

s. degree_progranmme

where nodul e_code = ' COW3510' and year in (1999, 2000, 2001
2002) and type = 'SS' and nuneric_grade is not nul

Adopted from appendix B:

SELECT sid, gender, country_of _orign, age, average,
max( CASE nodul e_code WHEN ' COMP1300' THEN nuneric_grade ELSE ' ?'
END) AS COWP1300,

[...]

max( CASE nodul e_code WHEN ' COMP3510' THEN nuneric_grade ELSE ' ?'
END) AS COWP3510

I NTO for_export_fina

FROM sel ected_results_final r group by sid,

gender, country_of _orign, age, scs_code, average

This pivots the selected data in order to get a dataset of one row for each student. That
way datais summarized and can be easily analysed. Fields can be easily rearranged
changing the view of the table.
Finally, the numeric result values for the project are trandated into two class labels,
here ‘Good' and ‘Bad’, depending on a chosen threshold of 60:

update for_export _final set COWVP3510 ' Good' where COWMP3510 > 59

update for_export _final set COWVP3510 'Bad'" where COW3510 <>
' Good' and COW3510 <> '?'

Task 3.5 Format Data (1 hour) (5 marks)

The data is exported into a plain/text-file containing the comma-separated values. To
conform to the syntax needed by WEKA an appropriate ARFF-header is added to the
file, listing all the attribute names and their data type, e.g. numeric or nominal.

By default WEKA uses the last attribute in each line as ending leaf in the J48-tree.
Surprisingly, the order of attributes affects the shape of the resulting tree! Thus, |
decided to order the attributes conforming to my current understanding of relevance.
Probably some random-order (or various runs with different random-orders) would be
most suitable.

A glimpse into the exported data:

average, age, sid, gender, country_of _orign, COW1300, COVP1360,
COwP1400, COwWP1450, COWP1500, COwWP1510, COWP1600, COVP1610,
COw1620, COwWP1650, COWP1660, COMP2300, COWP2350, COMP2360,
COwP2370, COWMP2380, COWP2400, COwMP2450, COWP2470, COWMP2550,
COwWP2560, COMP2600, COWP2610, COWMP2620, COWP2650, COMP2660,
COWP3510

71. 33333333, 21, 7000466, M 0, 64, 52, 88, ?, 84, 83, 76, 75, 66, 78, 69, ?, 72, 73
,74,79,82,?,7,54,7?,81, 66,67, 68, 72, Good

57.97142857, 21, 7000469, M O, 65, 53, 60, ?, 44, 51, 59, 73, 64, 62,60, ?,?,?, 4
7,7?,63,52,50, 7, ?,64,53,55, 62, 62, Bad

74.05714286, 21, 7000488, M 0, 90, 68, 60, ?, 76, 70, 82, 91, 72, 68, 89, 75, 68, 8
1,84,69,84,7,?, 7,7, 84,69, 75,68, 75, Cood
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Task 4.1 Select modelling technique (10 min) (O marks:
possible bonus marks)
As modelling tool WEKA will be used, using the J48 classifiers j48.J48 for decision

trees and j48.PART for rules. Trees will be looked at pruned and unpruned. To help to
find correlations clusters will be looked at, as well.

To use association rules data ought to be nominal. Since most data (module marks,
averages) are numeric these tools cannot be used without converting the data. The
grade_map table would help in converting marks to classifications.

Task 4.2 Generate Test Design (20 min) (5 marks)

The datawill not be divided into training data, test data and validation data by hand
but I will use the nfold cross-validation algorithm in WEKA with n = 10 folds
(default).

WEKA will report error-statistics.

Task 4.3 Build Model (2 hours) (5 marks)

For parameters all default values will be kept. Only the confidence value which | set
up to 0.9 in order to get more accurate trees.

See the appendix for some models.

A first tree gives an idea of which attributes one might look at closer. Attribute
average can be seen as good index already. Also, e.g. COMP1600 and COMP1510
seem to be stronger indicators.

To test some hypothesis from above, the classifier will be run with less attributes
selected, e.g. with average only the j48.PART returns these rules:

average > 53.69697: Good (82.0/21.0)
. Bad (59.0/21.0)

Running j48.J48 on SID only returns the following tree/rule, indicating that SID
indeed can be an indicator for the project result:

sid <= 7000598: Good (97.0/15.0)

sid > 7000598: Bad (114.0/41.0)
Interesting seems to be the following rule resulting from a j48.PART run with the
COMP modules only:

COWP1600 > 64 AND COMP1400 > 65: Good (48.58/6.91)
Most of the other rules/leaves do not seem to be very accurate, thusit is hard to find
useful or true correlations in this data set. Overall an accuracy of around 65% has to
be seen not as the highest that can be reached but that one has to be satisfied in

average with. So far it can be concluded that the made assumptions partly are true.
Nothing really new discovered.

Task 4.4 Assess Model (15 mins) (5 marks)

Ranking the models concerning the business objective, the rule/tree using the attribute
average marks has to be seen most important (68% correctly assigned instances),
followed by the SID (73%) which is hard to interpret though. The models showing

13



specific modules as indicator seem to be of minor importance (57% - 60%) but still
show higher correlation than gender, age, or country of origin.

Task 5.1 Evaluate Results (20 minutes) (10 marks)

Astota output of this data mining project the result has to be seen as the sum of
models plus other findings around them.

The best indicator found is as expected the average overall marks which is very
plausible and would not really need to be discovered using DM. Two modules which
seem to have a high influence are COMP1600 and COMP1510. Their content should
be looked at to interpret the reason for this out-standing of the other modules.

Figure 1 (at the very end) shows two relationships. Firstly, looking at the coded
colours (blue for good project, red for bad project) and the average of marks (y-axis)
it can be seen that these two fields (average marks and project mark) correlate.
Secondly, an interesting grouping/clustering of the SID (x-axis) takes place. Roughly,
there are two groups of SID-ranges and very surprisingly the students in the lower
SID-range/cluster have higher mark averages and a good project whereas the higher
SID values correlate with a bad project and low average marks.

As hypothesised earlier higher SID values may point to less decided students.
Whether these numbers are relevant has to be checked with the original dataset; the
data selecting approach might have an influence (e.g. blend out a whole group of
students). Also, anonymising these values might have distorted something here. More
likely though is that with a rew year of matriculation a new block of numbersis
introduced. Interestingly though, the six students with the very high SID are male and
did badly in the project. Apart from that, no real indicators could be found in the
students’ personal backgrounds like age, gender and country of origin.

Looking at some diagrams or visualised clusters in WEKA some modules seem
perfectly correlate with the average mark attribute, but afew do not at al, e.g.
COMP1450 or COMP1620 are not correl ating.

Tasks 5.2/5.3 Review Process/Determine Next Steps (20
minutes) (5 marks)

Most striking has to be seen the fact, that a higher SID correlates with better marks.
Reasons for this can only be guessed as aforementioned. Secondly, it is quite
satisfying that the derived attribute average marks correlates with good project results
as predicted. Disappointing might be that no significant correlation between gender
and marks was found.

Further investigations are necessary. Some attributes might have been overlooked a
bit, e.g. country of origin did not prove useful in any models. With not knowing the
exact code of this attribute it is also hard to investigate further. From the point of view
of the SoC itself more attributes might be allowed to be used since no anonymisation
is necessary. Also, more data could be collected in the future, such as final marks
from former schools for example.

Another idea might be to examine the lecturer/tutor-side, e.g. whether
taught_by.workload has any influence on specific modules as indicator. If workload is
high, the project might be not as good because students could be less motivated being
poorly supervised — or contrary — the project might be good because of students being
aready used to do more unstructured work themselves.

Moreover it would be interesting to look at specific correlations of gender, age to
individual modules; basically to do some association rules.
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Tasks 6.1 - 6.3 Deployment (1 hour) (30 marks)

Business under standing. The aim of this data- mining project was to find new means
to predict whether a student from the School of Computing is likely to be successful
in her/his (external) final year project. This project was organised in the framework
provided by the CRISP-DM methodology consisting of the six phases summarised in
this last phase.

After determining the above business objectives the current situation was assessed,
i.e. checking available tools, data, and projected time of completeness. As more exact
data mining goal it was decided to examine data on a student's personal background
coupled with results in some first or second year modules in order to discover if this
data forms a good indicator for the student's final year project.

Data under standing. Any available data was collected and resulted in some tables on
arelational database containing data such as student-names, |Ds, gender, age, country
of origin, modules, student’s marks and information about the degree programmes
and other. Describing this data helped to understand it and led to explore it more.
Thus it was discovered how many students sat each module each year and what
percentage of students did have a good result in their final year project, which proved
useful in narrowing down the final data to be examined and made aware of some data
quality issues. Some fields in the database were assigned varchar although they
should be numeric like module results, but since these fields also contained nor+
numeric characters the data needed to be cleaned.

Data preparation. To finally decide for data to be used some further testsin the form
of SQL-queries were run on the database. It was decided to use the personal
background information and some specific COMP modules that are stable over the
years 1999 to 2002 and always had many (30+) listening. Not only to be able to
identify a student but also because of a vague but possible correlation with results, the
student-1D was selected, too. As possibly quite strong indicator the average of one
student’ s marks were calculated as derived attribute.

As mentioned above some data had to be cleaned, e.g. the non numeric results had to
be mapped to numeric ones before any calculations on them were possible.

The selected data was merged into one table by pivoting the data into one row with all
the attributes for each student. The chosen modelling tool WEKA needsits datato be
input from a special text/plain-file, thus the final table was exported to comma-
separated values and final adjustments were made manually.

Modelling. Data was classified using the decision-tree finder J48 and its rule finder
J48.PART. WEKA supports randomised division between test- and training-set using
the n-fold cross validation algorithm. Some trees were modelled, and re-modelled
having changed confidence parameter. A first interpretation of results did not show
much correlation except for average marks and (of lower importance) student 1D.
Evaluation. Astop-most indicator the average overall marks by one student has to be
seen which sounds quite logical. Why should an overall good student be bad in an
(external) project? The most astonishing finding has to be seen in the student ID
correlating with average marks. The reasons for this correlation have to be
investigated further. As most indicative modules I want to mention COMP1600 and
COMP1510. Of further interest should be to examine why some modules do not
correlate with the average marks. Unfortunately, no significant indicators could be
found in the students personal backgrounds like age, gender and country of origin. A
more detailed view on these might reveal some indicators, though.
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Appendix

Tree using all columns but sid

Schene: weka. classifiers.j48.3J48 -C 0.9 -M 2

Rel ati on: db32cw2-weka. filters. AttributeFilter-V-R1-2, 4-32
| nst ances: 211

Attributes: 31

Test node: 10-fold cross-validation

J48 pruned tree

average <= 59.333333: Bad (141.0/62.0)

average > 59.333333

COWP1600 <= 62

| COW1510 <= 76

| | age <= 21

| | | average <= 60.969697: Good (5.0)

| | | average > 60.969697: Bad (4.38/1.38)
| | age > 21: Good (3.75)

| COW1510 > 76: Bad (3.28/0.28)

|
|
|
|
|
|
|  COWP1600 > 62: Good (53.59/3.0)

Nunmber of Leaves 6

Size of the tree : 11

Correctly Classified Instances 127 60. 1896 %
Incorrectly Classified Instances 84 39. 8104 %
Kappa statistic 0. 2143

Mean absol ute error 0.4411

Root nean squared error 0. 5073

Rel ati ve absolute error 90. 6935 %

Root rel ative squared error 102. 8777 %

Total Nunber of Instances 211

=== Detail ed Accuracy By Class ===

TP Rate FP Rate Pr eci si on Recal | F- Measur e Cl ass
0. 553 0.33 0.701 0. 553 0. 618 Good
0. 67 0. 447 0.518 0. 67 0.584 Bad

=== Confusion Matrix ===
a b <-- classified as
68 55 | a = Good

29 59 | b = Bad

Tree using average marks only

Schene: weka. classifiers.j48.J48 -C 0.9 -M2
Rel ati on: db32cw2-weka. filters. Attri buteFilter-V-R1, 32
| nst ances: 211
Attri butes: 2
aver age
COVMP3510
Test node: 10-fold cross-validation

J48 pruned tree

average <= 51.428571: Bad (63.0/17.0)
average > 51.428571: Good (148.0/42.0)

Nunber of Leaves 2
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Size of the tree : 3

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absol ute error

Root mean squared error

Rel ati ve absolute error

Root rel ative squared error
Total Nunber of Instances

=== Detailed Accuracy By Class ===

TP Rate FP Rate Pr eci si on Recal
0.748 0. 409 0.719 0.748
0.591 0. 252 0.627 0.591

=== Confusion Matrix ===

a b <-- classified as
92 31| a Good
36 52 | b Bad

Rules using average marks only
PART deci sion |ist

average <= 59. 333333 AND
average > 51.428571: Good (78.0/33.0)

average > 55.151515: Good (70.0/9.0)
Bad (63.0/17.0)

Nunber of Rules : 3
PART deci sion |ist

average > 53.69697: Good (82.0/21.0)
Bad (59.0/21.0)

Nunber of Rules : 2

Tree using SID only

. 3416
. 4156
. 4655
. 4405
. 4158

0.733
0. 608

Schene: weka. classifiers.j48.J48 -U -M 2

| nst ances: 211
Attributes: 2
Test node: 10-fold cross-validation

J48 unpruned tree
sid <= 7000598: Good (97.0/15.0)
sid > 7000598: Bad (114.0/41.0)

Nunber of Leaves : 2
Size of the tree : 3

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root nean squared error

Rel ative absolute error

Root rel ative squared error
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. 4677
. 3726
. 4337
. 6032
. 9596

68. 2464 %
31. 7536 %

%
%

F- Measur e Cl ass

Good
Bad

72.9858 %
27.0142 %

%
%



Tot al Nunber

of | nstances 211

=== Detailed Accuracy By Class ===

TP Rate FP Rate Pr eci si on Recal | F- Measur e Cl ass
0. 659 0.17 0. 844 0. 659 0.74 Good
0.83 0. 341 0. 635 0.83 0.719 Bad

=== Confusion Matrix ===
a b <-- classified as

81 42 | a = Good
15 73| b = Bad

Rules using COMP modules only

Schene:

| nst ances:
Attri butes:
Test node:

PART deci si on

COwP2380 > 52

COWP2470 > 50:

COWP2370 > 47

COVP2470 > 43:

weka. cl assifiers.j48. PART -C 0.9 -M 2
211

27

10-fold cross-validation

AND
Good (48.58/6.91)

AND
Good (32.48/15. 42)

AND
Good (51.75/24.7)

COVP2660 <= 66: Bad (54.08/24. 4)
Good (24.1/11.29)

Nunber of Rules 5

Correctly Classified |Instances 120 56. 872
Incorrectly Classified Instances 91 43. 128
Kappa statistic 0.134

Mean absol ute error 0. 449

Root nean squared error 0.474

Rel ati ve absolute error 92. 3085 %

Root rel ative squared error 96. 134 %

Total Nunber of Instances 211

=== Detail ed Accuracy By Class ===

TP Rate FP Rate Pr eci si on Recal | F- Measur e Cl ass
0. 569 0. 432 0. 648 0. 569 0. 606 Good
0. 568 0.431 0. 485 0. 568 0.524 Bad

=== Confusion Matrix ===
a b <-- classified as

70 53 | a = Good
38 50| b = Bad
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