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ABSTRACT

Research on source code mining has been explored to discover
interesting structural regularities, API usage patterns, refactoring
opportunities, bugs, crosscutting concerns, code clones and system-
atic changes. In this paper we present a pattern mining algorithm
that uses frequent tree mining to mine for interesting good, bad or
ugly coding idioms made by undergraduate students taking an intro-
ductory programming course. We do so by looking for patterns that
distinguish positive examples, corresponding to the more correct
answers to a question, from negative examples, corresponding to so-
lutions that failed the question. We report promising initial results
of this algorithm applied to the source code of over 500 students.
Even though more work is needed to fine-tune and validate the al-
gorithm further, we hope that it can lead to interesting insights that
can eventually be integrated into an intelligent recommendation
system to help students learn from their errors.

CCS CONCEPTS

« Software and its engineering — General programming lan-
guages; - Computing methodologies — Machine learning; .
Applied computing — Education; - Social and professional
topics — CS1.
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1 INTRODUCTION

University-level computer science courses, and undergraduate in-
troductory programming courses in particular, have been explor-
ing the use of a vast amount of different kinds of tools, such as
simplified programming environments [7], visual programming
languages [4], program visualization tools [5], programming as-
sistants [13], automatic grading tools [3] and plagiarism detection
tools [8, 12]. As software engineering research starts to embrace
and make use of data science, machine learning, and artificial in-
telligence techniquesl, the same is true for tools such as the above.
This paper focuses in particular on how pattern mining could be
used to enhance such tools.

An obvious use case of mining for patterns in source code would
be to enhance existing plagiarism or clone detection tools [2]. An-
other, which is the focus of this particular paper, is to discover
what distinguishes good programming solutions from bad ones.
We hope that the initial results presented in this paper eventually
could be used to enhance existing programming assistants or auto-
mated graders to provide automated feedback on why a particular
solution was wrong, as well as recommendations on particular mis-
conceptions students may have and how these can be overcome.
This places the paper at the intersection of the three domains of
interest of this workshop: (computer science) education, advanced
software engineering and artificial intelligence.

To mine for interesting good or bad coding idioms from a large
set of source code fragments provided by students, we build on an
algorithm that we proposed recently and that mines for frequent
subtrees from a given dataset of programs represented as abstract
syntax trees [11]. We adapt the algorithm to work with two datasets
so that it can distinguish patterns that are more representative for
one dataset than the other. We then apply it to the source code
produced by students at the exam of an introductory programming
course. Per question we create one dataset consisting of those solu-
tions for which the students received a grade of 50% or more and
another for which the students failed the question. The novelty of
this approach with respect to the original algorithm is that rather
than applying it to the codebase of a single large software system,
we apply it to many small code fragments classified as either posi-
tive or negative, to see if good or bad coding idioms representative
for either of those classes emerge.

The remainder of this paper is structured as follows. Section
2 presents the pattern mining algorithm and how we adapted it
to find patterns that distinguish positive from negative examples.

!Exemplified by the Mining Software Repositories conference series: www.msrconf.org
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Section 3 presents the evaluation of our adapted algorithm on the
source code produced by over 500 undergraduate students partic-
ipating in a programming exam. Section 4 concludes the paper
and sketches avenues for future work since it is obvious that, even
though the preliminary results of the mining approach presented in
this paper are promising, further fine-tuning of the algorithm and
its configuration are needed as well as a more elaborate validation
and exploration of the results.

2 THE PATTERN MINING ALGORITHM

In this section we provide the details of the FREQTALS algorithm
for mining patterns in source code [11], which itself is based on
the FREQT tree mining algorithm [1], as well as how we adapted it
to find patterns that discriminate positive from negative examples.
Advantages of the FREQTALS algorithm include that, as a tree min-
ing algorithm, it takes into account the structure of the programs,
while as compared to other generic tree mining algorithms [6] it
has been optimised already for mining patterns in source code.
For conciseness, the explanation of the adapted algorithm will be
intermixed with that of the original one on which it is based. In
Subsection 2.1 we first specify formally the problem to be solved by
the algorithm, before sketching its implementation in Subsection
2.2 and how we can group discovered patterns through clustering
in Subsection 2.3. Section 3 will then illustrate the algorithm at
work on a concrete use case.

2.1 Specification

Abstract syntax trees. Since FREQTALS and FREQT mine for
frequent subtrees from a set of trees, we need to represent the
source code to mine in the form of abstract syntax trees (ASTs). An
example of such an AST for a small piece of Python code is given in
Figure 1. An advantage of providing the input as ASTs is that, apart
from the configuration of a few constraints, the mining algorithm
itself is largely agnostic of the particular programming language
in which the source code was written. We can regard these source
code ASTs as a dataset of labeled ordered trees on which we can
apply a data mining algorithm for mining induced labeled ordered
subtrees under constraints.

Mining induced subtrees. An ordered tree T = (V,E, A, %) is de-
fined by a set of consecutive integer node identifiers V = {1,2,...,n},
where the integers indicate the order, a set of edges E C V XV, and
a label function A : V — X that associates labels to nodes of V; X is
the set of allowed labels. In our example AST, for instance, we see
that A(1) = Function and A(2) = name.

In the ordered trees that represent the ASTs, we are looking for
patterns that themselves are also ordered trees. We use the concept
of induced subtrees for this. Informally, one tree is an induced subtree
of another if the smaller tree can be obtained from the larger one by
repeatedly removing leafs, or the root if the root has only one child.
Hence, the induced subtree maintains the same order of nodes,
but may skip over certain children in the larger tree; in the case
of ASTs, this for instance means that the pattern may skip over
certain instructions in the code.
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More formally, given two trees T; = (V1,E1,A1,2) and Tp =
(Va, E2, A2, ), T5 is an induced subtree of Ty (T} > T,) if there exists
an injective occurrence function f : V5 + Vj such that:

(1) edges are preserved: V(v,0”) € Ez: (f(v), f(v")) € Eq;
(2) labels are preserved: Yo € Va: A2(v) = A1(f(v));
(3) order is preserved: Vo,0" € V2 10 <0/ = f(v) < f(').

An example of an induced subtree is also given in Figure 1. In
this smaller tree T, A2 (1) = Block; in the one occurrence of T in
T; we have f(1) = 11, as the number of the node with label Block
in the larger tree Ty is 11. Intuitively, the smaller tree captures only
the return statement of the full AST. Note that a small abstract
syntax tree Tz could be an induced subtree of many different ASTs
T1, Tl' ,...1in the same input dataset.

Discriminating positive from negative examples. In the adapted
algorithm used in this paper, we are interested in finding patterns
that distinguish positive from negative examples. To this aim, for
each pattern we determine its positive and negative support. The
total support of a pattern is defined as the number of ASTs in the
dataset D that have the pattern as induced subtree. We partition
the dataset in good and bad ASTs.? The positive (resp. negative )
support is the number of ASTs in the good (resp. bad) set that have
the pattern as induced subtree.

Based on the positive and negative support we can calculate a
X2 score. Suppose the number of occurrences of a pattern p in the
dataset D is given by the 2 X 2 contingency table below:

Examples Pattern present  Pattern absent

Good set Nyt Ny Mys = Mgy + Ny

Bad set n_y n__ Ny =N_y+n__

Full dataset n., . =ny,,+n_y, nNe._=ny_+n__ N =ng+n_,
= Mg + Ny

Then the y? score of a pattern p is defined as follows:

(ni; — E; .)2
Y2 (p.D) = Z Z ”E—”
ie{+,-} je{h-} Y
where E;j is the expected value
Njx X Ny j

Eii =
17} n
Given a minimum y? threshold, minChiSquare, we consider a pat-
tern p as sufficiently discriminative if the following constraint C0O
is satisfied:
x2(p, D) = minChiSquare

However, the number of ordered tree patterns that are discrimina-
tive can still be very large, with many such patterns being small,
not interesting and hard to interpret.

Constraints. To find more useful patterns, we therefore impose
additional constraints that each pattern should satisfy. These con-
straints were proposed and discussed in detail by Pham et al. [11]:
C1. We limit the labels allowed in the root of patterns. This enables
the mining process to focus on finding patterns corresponding to
specific kinds of language expressions, such as method declarations
in Java or function bodies in Python.

In our experiment this is done based on a score assigned by an automated grader to
the programs corresponding to the ASTs. Programs in the good set have a score of
50% or more, programs in the bad set a score of less than 50%.
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Figure 1: A function in Python, part of its AST, and an induced subtree present in this AST

C2. We impose limits on the minimum and maximum number of
leaves in the patterns.

C3. We impose a minimum total support that every pattern should
have.

C4. We impose a minimum total number of nodes for each pattern.
C5. All leaf nodes in a pattern must have a label that is included in
Zjeaps Where 3¢ is the set of labels that occur in the leafs of the
trees in the dataset.

C6. Given a node in an AST, it is often the case that some of its
children are mandatory because they reflect a specific programming
language construct. To avoid unnecessarily small patterns, all such
obligatory children must be included in the patterns. We consider
a label structural iff:

e in each of its occurrences, no two children have the same
label;

o for all pairs of occurrences of the label, the order of the
common child labels is the same.

For every label a € ¥, we define its obligatory child labels g(a) as
the set of child labels common to all its occurrences. The constraint
imposes that all such child labels are present in the pattern: let L
be the structural labels in D. For all nodes with a label a € L, we
require that its set of children in a pattern includes nodes with all
obligatory labels g(a).

We will denote the set of all patterns satisfying these constraints
by P. This set of patterns % still has two weaknesses: 1) in spite of
the imposed constraints it is still too large; 2) whereas constraint
C2 is used and needed to reduce the time complexity and memory
footprint of the algorithm, it often causes the patterns to be too
small to be easily interpretable.

Post-processing: growing patterns to maximality. We address these
weaknesses by post-processing the set #. First, from # we consider
only the k patterns with the highest y? score (global constraint
G7%). Subsequently each such p € P is grown to obtain the patterns
p’ that satisfy the following conditions:

e pis an induced subtree of p’ (p” > p);
3We label this constraint G7 rather than C7 as it is not a constraint on individual

patterns like the previous constraints, but a more Global constraint used by the mining
algorithm.

e p’ has exactly the same occurrences for its root node as p;

e p’ satisfies all constraints C1-C6, except C2;

e no other pattern p”’ > p’ exists that still meets these condi-
tions.

Note how constraint C2 is ignored during this growing process, to
ensure that all patterns p” thus obtained are sufficiently large to
be interpretable. In practice we observe that in the set of patterns
produced by the above process, some patterns are more specific
than others (p] = p5). # To reduce the number of patterns further,
we only keep the largest pattern in this case.

Because ignoring constraint C2 increases the time and memory
usage of the algorithm again, we set an upper bound ¢ on the time it
is allowed to spend on this post-processing step (global constraint
G8). This time gets divided over the k selected patterns so that the
algorithm gets a time slot of maximum ¢/k per pattern to grow. The
imposed time bound may imply that some patterns will not have
been grown fully to maximality. If some time remains in the totally
allocated time slot ¢, this can be reallocated again to those patterns
that haven’t grown to maximality yet, until the entire time budget
is exhausted.

2.2 Implementation

As mentioned earlier, we use a modified version of our FREQTALS
algorithm, presented in earlier work [11], which in itself is a modi-
fied version of the FREQT algorithm [1]. The main difference with
our original FREQTALS algorithm is that in this work, we are inter-
ested in finding patterns p that satisfy the additional constraint CO
that y?(p, D) > minChiSquare. Algorithm 1 presents an outline of
the FREQTALS algorithm.

Step 1: Mining subtrees. The first step of this algorithm is the
initial search for patterns under the constraints C0-C6, which is
performed by the ConstrainedFREQT algorithm 2.

4This may seem contradictory since one of the conditions above stated that no other
pattern p”’ > p’ exists that still meets the conditions. The difference is subtle: the
patterns that are identified when growing an initial pattern, are the largest for a given
set of root occurrences. But many different sets of root occurrences are considered. It
is possible that one set of root occurrences is smaller than the other, leading to two
patterns where one is more specific than the other, while both are still maximally
specific for their respective root occurrences. The final pruning will then still eliminate
the more general pattern (which likely has a larger set of root occurrences).
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input : D, parameters of constraints C0-C4 and G7-G8

output: MP.

/* Step 1: mine subtrees under constraints C0-C6, using
ConstrainedFREQT */

FP «— ConstrainedFREQT(D)

/* Step 2: grow patterns to maximality */

Reduce FP to the k highest scoring patterns (constraint G7)
RO M «—— groupRootOccurrence(FP)
MP — 0
for eachr € ROM do

¢ «— root label of r

mineMaximalSubtrees(c, r, MP) with time bound ¢ (constraint G8)
end
output (MP)

Algorithm 1: FREQTALS

FP — 0
C «— findLabels()
prune(C)
for each ¢ € C do

add (FP,c)

expand(c)
end
output (FP)

Algorithm 2: ConstrainedFREQT

function expand(f):
C «— findCandidates(f)
prune (C)
for eachc € C do
add (FP,c)
expand(c)
end

Algorithm 3: expand procedure

Algorithm 2 is a recursive depth-first search algorithm of which
the expand procedure detailed in Algorithm 3 is the main com-
ponent. At a high level, this expand procedure grows a pattern f
larger in a number of steps. First, it determines in the data which
new nodes can be connected to the rightmost path of the pattern,
while also determining how often these new nodes appear in the
data. The rightmost path of a pattern is the path from the root to
the last node in the ordered tree; it can be shown that it suffices to
only consider extensions of this path to enumerate all patterns.

Once all candidates have been determined in C, the constraints
are used to make the set of candidates smaller. For details on how to
prune for constraints C1-C6 we refer to our earlier publication [11].
The core idea is that some patterns that do not satisfy a certain
constraint, do not need to be grown further. For instance, if we
make a pattern with too many leaves larger, it will still have too
many leaves. Other constraints, on the other hand, cannot be used
to prune: a pattern that is too small, can still be grown to become
sufficiently large. Those extensions that lead to a pattern that satis-
fies all constraints, are added to the result set # %, after which we
recursively execute the expansion process on these extensions.

The y? constraint CO0 is an example of a constraint that cannot
be used straightforwardly to prune the set of candidates; following
the approach of Nijssen et al. [10], we check a weaker version of
this constraint while pruning, and the full constraint before adding
the pattern to the result.

Step 2: Growing to maximality. Once the initial set of patterns
P has been determined by Algorithm 1, the algorithm proceeds
to step two, the post-processing phase where patterns are grown
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to maximality. Since this is a more time- and memory-consuming
process, we first limit the set of patterns to the k patterns with the
highest y? score (global constraint G7). Subsequently, we group
the patterns by the occurrences of their root, as two different pat-
terns with identical occurrences could be grown into a same pat-
tern. We then start a search process for maximal patterns using
mineMaximalSubtrees, a modified version of Constrained-FREQT
in which we find only patterns with the given set of root occur-
rences. During this search, we compare these patterns with those
already found, to make sure that only the largest patterns are re-
ported. In practice we find that the run time of this search process
can be very long; for this reason, we use a bound on the time spent
to grow patterns larger (global constraint G8); this offers a trade-off
between the quality of the patterns found and the time spent on
finding them.

2.3 Clustering

In practice, for a human observer, even though they are different
some of the mined patterns still look very similar to each other.
To help the human analyst, we therefore group similar patterns
together in a visualisation tool (cf. Figure 2). The grouping process
relies on the k-means clustering algorithm, which takes two pa-
rameters: the number of clusters to be found and a feature vector
representation of the patterns. Given that the aim of the clustering
is to try and group patterns that humans would consider to be
related, the feature vector representation chosen is based on the
labels present in the patterns: for each possible label, the feature
vector contains the absolute number of times that label is present
in the patterns.

3 EVALUATION

To evaluate whether the pattern mining algorithm from Section 2
can discover source code fragments that are more representative
for the source code of either high or low scoring groups of students,
we set up an experiment where we mined for patterns in the source
code produced by actual students taking an introductory program-
ming course exam. Subsection 3.1 describes how we configured
the mining algorithm and what method we used to analyse the
discovered patterns. Subsection 3.2 then presents some quantitative
and qualitative results of this analysis. Finally, subsection 3.3 draws
preliminary conclusions from this initial experiment.

3.1 Setup

To mine for representative patterns of good and bad programming
practices in Python source code, we set up the following experiment.

Input. As input we took the source code of over 500 students partic-
ipating in an online exam for an introductory programming course
in Python. The questions were corrected via an automated grading
system, and based on the scores assigned by that system, for each
question we divided the students’ responses in two different groups.
The first group consisted of the responses of students who obtained
a score of 50% or more for that question (high score group); the
second group consisted of those who failed that question (low score
group). From the low score group we excluded all submissions with
a score of 0, since most of those were empty submissions from
which not a lot of useful information could be mined and which
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could thus bias our pattern mining results. Table 1 summarizes the
input that was given to the pattern miner: for each of the 6 exam
questions it indicates the number of non-empty responses received
as well as the number of responses in the high and low score group.

Table 1: Input to the Pattern Miner

Question Responses High Low

1 509 470 39
2 489 360 129
3 528 300 228
4 350 273 77
5a 445 186 259
5b 150 107 43

Each exam question was conceived as a small coding assignment,
such as the following one:

Exam question 1: Approximate the value of 7. Several formulas exist
to approximate the value of . One of these formulas is the Gregory-
Leibniz series :

(o)
(-1)" 11 1 1
S QS
& Z2n+l (T-3*57 7+

Write a Python function which takes as argument an integeri > 0
and computes an approximation of 7 based on the first i + 1 terms of
this series:

def approx_pi(i):

"o

@pre: i is an integer >= 0

@post: returns an estimation of pi by
summating the first i+1 terms
of the Gregory-Leibniz series

won

Preprocessing. To allow for variations in variable names, after gen-
erating ASTs from the students’ source code and before starting
the mining process, we anonymize all variable names by replacing
them with a dummy identifier *. This is done when the algorithm
reads the input ASTs and can be turned off or on by setting a flag.

Configuration. To configure the pattern mining algorithm we set
the values for its various constraints as summarized in Table 2.

Table 2: Configuration for the Pattern Miner

Constraint Parameter Value
Co Minimum y? threshold 0.1
C1 Allowed root label ~ Block
C2 Minimum #leaves 2

Maximum #leaves 3
C3 Minimum total support 5
C4 Minimum #nodes 20
C5 No parameterization required -
Cé No parameterization required —
G7 #Patterns with highest y? score kept 1000
G8 Time bound for post-processing step 10 min
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Note that C2 takes two parameters and constraints C5 and C6 do
not require any configuration. Regarding the root label constraint
C1, for our experiment we selected Block as the desired root label
of all patterns to be discovered. This is because, given the way
the exam questions were phrased, we are interested in the code
blocks provided by students for the Python functions they have to
complete.

Clustering. As can be seen in Table 3, for each question the miner
discovers hundreds of patterns. To make it easier to analyse these
patterns, we group them in 30 clusters by using the k-means clus-
tering algorithm explained in Subsection 2.3, with k = 30.°

Table 3: Number of patterns and clusters per question

Question Responses Patterns Clusters

1 509 152 30
2 489 181 30
3 528 411 30
4 350 383 30
5a 445 298 30
5b 150 197 30

Analysis. To help us in analysing the discovered patterns we created
a visualisation tool, depicted in Figure 2, which allows us to easily
inspect code fragments, corresponding to particular occurrences
of patterns belonging to a selected cluster.® The visualisation is
conceived as a set of HTML files that can easily be browsed in any
web browser without the need of installing a dedicated application.

The visualisation includes a code highlighting feature that high-
lights in yellow all the lines of code that are part of the pattern and
in red, for each line, the expressions that are part of the pattern. For
example, the code fragment shown in Figure 2 is an occurrence of
a pattern that corresponds to a prototypical good solution, which
explains why all of the lines are highlighted as part of the pattern.
Only part of the formula on line 9 is coloured in red, since the first
half of the formula is not part of the discovered pattern.

3.2 Results

We know take a closer look at some of the results obtained from a
quantitative and qualitative point of view.

Quantitative analysis. As the minimum total support was set to 5,
each discovered pattern contains at least 5 occurrences, some of
which may belong to the high-score group and some to the low-
score group. E.g., pattern 46 in Figure 2 had 15 occurrences, 13
of which in the high-score group and 2 in the low-score group.
Patterns with more high-scoring occurrences are more representa-
tive of good solutions, and even the low-scoring occurrences for
those patterns are often close to the good solution. Patterns with
more low-scoring occurrences are more representative of typical
programming errors or misconceptions, whereas the high-scoring
occurrences for these patterns often still have some problems too.

5This value of k was determined experimentally because it yielded a set of clusters
that was not too large, yet where most of the patterns in each cluster were sufficiently
similar to be analysed together.

®Due to GDPR restrictions certain names in Figure 2 were anonymized.
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cluster 14 List of patterns Matches of pattern-46 Fullname: /Users/user/Workin; ofts/tree-miner/fret_java/python
cluster 15 fexam_jan_2020_new/ql_input_new/pos 100.0.py
cluster 16 pattern-46: |3atches'pos / 2iatches fiag match-1: [l 100.0.py 1 def approx_pi(i): # NE PAS EFFACER CETTE LIGNE
cluster 17 pattern-144: 14 matches pos / 2 matches match-2: [N 100.0.py 2
3
uag mate: R 1000
cluster 18 match-3 100.0.py 3
cluster 19 match-4: [N 100.0.0y =
cluster 20 match-5: N 100.0.py 6
match-6: [N 100.0.py ENSNEUN=E

cluster 21 match-7: [ 100.0 py 8 for x in range (@, i+1):
cluster 22 ] sum+=( (=1)s0k} /{ {2sx) +1)
cluster 23 match-5: [ 100.0.py 10 sum=4sum
cluster 24 M-MHE 11 return sum

(4
cluster 25 match- 10N 1000 py
cluster 26 match-1 1 [N 100.0 oy

e
clusier 27 match- 12N 1000 py

e

e o match- | 35N 100.0 oy

Figure 2: Using the pattern browser to inspect discovered patterns.

Table 4: Running Time of the Pattern Miner

Question Responses Patterns Step1 Step2 Fin.
1 509 152 3 603 no
2 489 181 4 602 no
3 528 411 6 607 no
4 350 383 4 291  yes
5a 445 298 4 603 no
5b 150 197 2 602 no

Table 4 gives an indication of the running time of the mining
algorithm, for each question. For completeness we also repeat the
number of responses given as input and number of patterns dis-
covered. The column Step 1 shows the running time, in seconds, of
the first step of the algorithm (mining subtrees under constraints
C0-C6 using ConstrainedFREQT). We observe that for each of the
questions, step 1 takes only a few seconds. Step 2 (growing patterns
to maximality by dropping constraint C2) takes significantly more
time. Even more, we can observe that, while we imposed a time
bound of 10 minutes (= 600 seconds), that time bound was reached
for 5 of the 6 questions. 7 Only for question 4, step 2 managed to
finish completely in the allocated time. Even though having reached
the time bound implies that some of the patterns may not have
been grown to their maximum size, it doesn’t make the patterns
found useless. We decided to keep the time bound of maximum 10
minutes for this experiment because we wanted to get a feeling of
the quality of the patterns mined under such a time constraint.

Qualitative analysis. We will now take a closer look at a selection of
illustrative patterns that were found by the miner in the students’
responses to exam question 1. For each of these patterns we give a
brief explanation of what kind of good or bad coding idiom they
seem to capture. It is not our purpose to be exhaustive here but
only to give the reader a feeling of the quality of the patterns that
were discovered.

"In each of these cases we even went a few seconds over the total allocated time budget
of 600 seconds. This can be explained by the fact that this time budget was divided
over the growing of many different root occurrences to maximal patterns, but some
time may also have been spent on switching between root occurrences to grow.

» Good solution using a for loop. Pattern 46, which had 13 oc-
currences in the high-scoring responses, captures the essence of a
prototypical solution to the question that makes use of a for loop.
Here is one such occurrence. The other occurrences are very similar
up to the names of the variables being used and slight variations in
how the formula is constructed.

sum = 0
for i in range(0,i+1):

sum += (-1)xxi/((2+1)+1)
sum = 4:sum

return sum

» Good solution using a while loop. Pattern 137, which had 5
occurrences in the high-scoring responses and 0 low-scoring oc-
currences, captures the essence of a prototypical solution to the
question that uses a while loop. Here is one such occurrence:

pi=0

c=0

while c<=i:
r=(4«(-1)*+c)/(2+c+1)
pi +=r
c+=1

return pi

As a side-note it was surprising to discover that there were relatively
few patterns that actually captured the use of a while loop for this
particular question. It seems that most of the students preferred
implementing a solution that made use of a for loop.

» Missing loop. Pattern 72 (with 4 low-scoring and 1 high-scoring
occurrence) and pattern 8 (with 5 low-scoring and no high-scoring
ones) capture mainly a few bad solutions where there is either no
loop at all to incrementally calculate the sum, as in this occurrence:

s = ((-1)x«i)/(2+1 + 1)
return 4 « s
or where there is a loop but the formula does not appear in it so
the loop makes little sense, as in this occurrence:
sum = (-1)*+i/(2+1+1)
for i in range(i+1):
i+=1
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return 4:sum

» Wrong iteration variable. It was interesting to observe that pat-
tern 46, mentioned earlier as capturing a prototypical good solution
to the question by making use of a for loop, in addition to having
13 high-scoring occurrences, also had 2 low-scoring responses.

One was due to the use of a wrong formula; the other was due
to a wrong use of iteration variable in the loop. Indeed, the pattern
did allow for slight variations in the formula, as well as for variance
in variable names. As a consequence of the latter, the pattern does
not impose that the iteration variable used inside the formula (for
example i) is the same as the one used by the for loop (for example
J), as can be seen in this low-scoring occurrence of the pattern:

s =0

for j in range(0, i+1):
s += (—1)exi/(2+i+1)

pi = 4=s

return pi

» Sum update and return at the same indentation level. Pattern 91
occurs in 1 high and 4 low-scoring responses. The pattern con-
tains, at the same indentation level, an assignment instruction
like s=((-1)#**1i)/(2*i+1) together with a return statement like
return 4xs. The four low-scoring responses all fail the question
because having the return statement of the final calculated sum at
the same level as the assignment statement in most cases leads to a
wrong behaviour:

Two of the low-scoring responses were wrong because no sum
assignment is nested inside the loop. Here is a bad occurrence with
a for loop, the other bad occurrence was similar using a while loop.

sum =(-1)*+1/(2%1+1)

for i in range(i+1):
i+=1

return 4-sum

Another low-scoring response was clearly wrong because it
contained no for or while loop at all.
s = ((—1)si)/(2+1 + 1)
return 4 « s
The fourth wrong response matching this pattern had the sum
update in the right place inside the for loop, but the return statement
as well, thus causing the function to exit after the first iteration.
sum=0
for n in range(i+2):
r=((-1)++n)/(2+n+1)
sum+=r

return 4«sum
Surprisingly, one response matching this pattern did score high:
a=i
pi=((-1)*«(i))/(2xi+1)
while a>0:
a-=
pi+=((-1)+=(a))/(2+a+1)
return 4« pi
As shown by the code below, this is because the sum assignment
is done once outside the loop, at the same indentation level as the
return statement (thus matching the pattern) but then the sum is
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also updated inside the loop. Whereas this code is not the most
compact solution possible because of the duplicated formula, it did
pass the tests and thus the student succeeded this question.

3.3 Preliminary Observations

It is not trivial to find the right configuration and set of constraints
to use for the pattern mining algorithm to produce the best results.
In prior code mining experiments [11] we used configurations close
to the one used in this particular experiment, to produce patterns
revealing interesting insights in an acceptable amount of time,
for different programming languages. Without claiming that the
configuration used in this experiment is the best one, it did allow
us to find interesting patterns representing relevant good and bad
coding idioms with relatively little effort.

Clustering the results proved helpful as well, even though here
too it is not trivial to find out what clustering algorithm and param-
eters produce the best result. With the current k-means clustering
algorithm, for a value of k = 30 the 30 clusters produced were not
too large containing mostly a handful of similar patterns, which
made them easy to compare. Nonetheless there were quite some
clusters with 1 pattern only, as well as clusters with 10 patterns,
which were less relevant.

We also observed that some of the mined patterns were quite
similar. For example, patterns 46 and 144 with 13 respectively 14
occurrences in the high-score set and 2 in the low-score set, de-
scribe nearly the same pattern and correspond to the same students
(except one). A possible explanation (that would require further
investigation) could be that due to the time bound in step 2 they
were not grown into a single larger pattern. Luckily however, be-
cause they are so similar the clustering algorithm did present them
together in a single cluster (cluster 21), so that their similarity was
easily discovered. The same seems to be the case for several patterns
grouped in other clusters.

In some cases the patterns also tend to be quite specific leading
to very detailed patterns with relatively few occurrences. More
generic patterns would match more occurrences and lead to fewer
patterns overall. But then again they shouldn’t become too generic
so that they are no longer revealing interesting idioms.

Finally, the visualisation and browsing tool, and the ability to
immediately see the code occurrences matching the patterns was
crucial in analysing the results. Especially the tool’s ability to high-
light those parts of the code that match the pattern made it easy to
understand the pattern and whether it captured some interesting
solution, idiom or programming misconception.

3.4 Another Experiment

Coming back to the discussion on what would be an ideal con-
figuration for the algorithm, we decided to run another quick ex-
periment on question 1, with a time bound of 60 minutes for the
post-processing step (as opposed to 10 minutes), and keeping 100
(instead of 1000) patterns with highest y? score. By setting a higher
time bound and keeping less patterns with high y? score, we hoped
to give the algorithm more time to find larger and less patterns, but
of higher quality.

A first thing that we observed was that the algorithm still reached
a time out. We were also surprised to notice that the algorithm
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didn’t find less patterns than before but even a few more. There
were also a few patterns (like pattern 46) that we found before that
now didn’t appear anymore and vice versa (see below). Whereas
all this can be explained in terms of some of the subtle details of
the algorithm, it confirms our statement that it is not easy at all to
find an ideal configuration for the mining algorithm.

In this second experiment we also set the number of clusters to
10 instead of 30, to avoid finding many clusters with only 1 pattern.
And even though there were indeed no more clusters with only 1
element, we now got clusters with more than 20 elements, which
seemed too large.

To conclude this section we couldn’t help but show you this little
“pearl” that was discovered in this second experiment because of
the high redundancy in this solution:

if i == 0
return 4
if i ==1:
X = 4+(2/3)
return (x)
if i == 2:

X = 4 (2/3 + 1/5)
return (x)
if i == 3:
X = 4+ (2/3 + 1/5 + 1/7)
return x
""" THIS WENT ON UNTIL i == 12 """

4 CONCLUSION AND FUTURE WORK

In this paper we adapted an existing source code mining approach [11]
to apply it to a new setting for discovering good and bad coding
idioms from student code. In this section we will discuss some fu-
ture work ideas to build upon the promising results of the initial
experiment presented in this paper.

Although the experiment in this paper was using the Python
programming language, the pattern mining algorithm itself is not
specific to a particular language and has been applied in the past,
though not yet to distinguish good from bad student code, on other
programming languages as well (Java, Cobol and C#). We could
envision conducting experiments similar to the one presented in
this paper to student code written in Java, since we have all the
necessary data available from an introductory programming course
taught in Java.

To group the discovered patterns in clusters, the pattern visuali-
sation and browsing tool made use of k-means clustering, which is
one of the most well-known clustering algorithms. Other clustering
algorithms could be tried out as well, such as affinity propagation
clustering, which is a relatively fast clustering algorithm that does
not require setting a specific input parameter k as is the case for
k-means clustering. Initial experiments that we conducted seem to
indicate that this algorithm would also yield relatively good clus-
ters. Exploring what clustering algorithm and configuration is most
optimal for our particular setting remains a point of future work.

We should also explore in more detail what values for the param-
eters of the different constraints of the pattern mining algorithm
would yield the best results. Once the mining and clustering algo-
rithms and their parameters have been fine-tuned to provide the
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best results possible, so that we can easily discover high-quality
patterns representing good or bad programming idioms or miscon-
ceptions, a next important step would be to explore how to exploit
this information in a source-code based recommendation system [9]
that could help students learn from their errors, or teachers to learn
about typical misconceptions of their students.

A suggestion of how this could work is provided by Pattern 46,
which occurred in many good answers, but also a small number of
incorrect ones. In this case, it could be informative for the students
who had incorrect solutions to see a correct solution that had the
same pattern. Conversely, as was exemplified by the last occurrence
of Pattern 91, a solution that got a high score but belongs to a pattern
containing many low-scoring solutions may be suspect and worth
exploring in more detail by the teacher as the high-scoring solution
may not represent the best solution possible.

Integrating such a recommendation system in an automated
grading tool would be enriching so that students not only know
that their code is wrong and what tests it doesn’t pass, but also
why it is wrong and how it could be improved. Even students who
solved a question correctly could receive recommendations on how
to improve their coding skills.
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