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ABSTRACT

When machine learning models are built, they can be trained and
tested on datasets from different sources. With this practice comes
the implicit assumption that datasets from different sources follow
the same structure. When this assumption is violated, the results
may be negatively affected. One way to cope with different datasets
is the use of transfer-learning. One of such transfer-learning algo-
rithms, TrAdaBoost, is evaluated in this experiment. To assess the
algorithms performance, one trainset and two testsets of documents
from different municipalities were gathered from the Open State
Foundation. The algorithm was first generalized to work with multi-
class problems. As a baseline, a Naive Bayes model that categorized
documents from different municipalities was built. TrAdaBoost was
then applied to this model to compare the performance. Both TrAd-
aBoost and the baseline Naive Bayes model were built 50 times with
paired samples of the trainset. Each instance of the models was
tested on the testset to obtain precision, recall and F1-scores. The
results were analysed with a two-tailed Wilcoxon signed-rank test.
When the TrAdaBoost algorithm was applied to the Naive Bayes
model, the macro-averaged F1-score was significantly higher than
the baseline for both testsets (P<0.0001 and P<0.0005). The micro-
averaged F1-score increased significantly as well (P<0.0001 and
P<0.001). These results suggest that TrAdaBoost improves the per-
formance of a traditional Naive Bayes model when using datasets
from different sources. This also means that a possible multi-class
implementation of TrAdaBoost was found. Future machine learning
may take differences between datasets into account, to increase
performance.

1 INTRODUCTION

The Open State Foundation has gathered documents from all mu-
nicipalities in the Netherlands. Motions, agendapoints and comis-
sionletters are all examples of categories of these documents. Some
municipalities, Utrecht for instance, have always labeled their doc-
uments by category, however, many have never done so. To sort
these documents by category, a machine learning algorithm for text
classification is in order.

A traditional classification algorithm would be trained on a la-
beled subset and then be used on another subset from the same
dataset. In this case however, some municipalities have no labeled
training examples at all. Therefore, an algorithm might be trained
on the documents of Utrecht, which are all labeled by category, and
then be used on any other municipality. Question remains whether
categories of documents follow the same text-structure among mu-
nicipalities. For example, it may be possible that Utrecht writes its
‘motions’ in a different way from Amsterdam. There could be subtle
dissimilarities in their writing style, but their could also be strong
differences in the structure of each document. Therefore, it is not
certain if a traditional classification algorithm should generalize a
model learned on documents of one municipality to documents of
another municipality.

One way to cope with structural dissimilarities between datasets
is to use transfer-learning. Transfer-learning includes machine
learning algorithms that train a model on ‘similar but different’
data, to classify the data of interest. Before it applies a learned
model on the test-set, it requests a small, class-labeled subset of
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the data, so that it may observe if the classification pattern differs
from the newly presented dataset and adjust its learned model to
the class-structures of the new dataset.

This brings us to the research question of this thesis: “Can trans-
fer learning be used to improve performance of classifica-
tion models over documents of various municipalities?” To
answer this question, the following subquestions have to be asked:

RQ1 “What is the performance of a traditional Naive
Bayes model on this data?” A Multinomial Naive Bayes
algorithm will be used to evaluate this technique. This will
be the baseline for traditional machine learning without
transfer-learning.

RQ2 “When transfer-learning is applied to a Naive
Bayes model, how does its performance then relate to
that of a traditional Naive Bayes model?” By using a
Naive Bayes algorithm on which transfer-learning has been
applied, another evaluation can be performed. This new eval-
uationscore can then be compared with the performance of
the traditional Naive Bayes model. It is possible to compare
the results over all documents or per category. This should
provide an idea of the differences and similarities in perfor-
mance of the two algorithms.

RQ3 “Are the classes in the train-dataset well enough de-
fined?” This last question provides insight into the classifi-
cation. Suppose that the trainset just happens to exhibit less
definition or variations over its classes, but the testset does
have non-overlapping and well-defined classes. In this hy-
pothetical case, an adjustment of parameters would improve
the final score on the testset, however, this would not be due
to being a better algorithm. This improvement would be be-
cause the trainset was not suitable to learn on, which was the
only source of information for the traditional Naive Bayes.
For this reason, an unsupervised k-means clustering algo-
rithm will be performed on every dataset. An unsupervised
algorithm like this indicates whether the original classes
could be found by another algorithm, and if so, how many
documents are correctly classified in their cluster. If an un-
supervised algorithm can indicate the difference between
classes, then a supervised algorithm that uses the same fea-
tures and is provided with class-examples should be able to
find the classes too.

2 RELATED WORK

Since the first applications of transfer-learning on artificial neu-
ral networks in the early 1990’s [10], transfer-learning has
evolved in its abilities. Its applicability has come to include more
algorithms[9][14]. For instance, algorithms that allow for the trans-
fer of knowledge between Naive Bayes classifiers have been set
up and proven to increase performance in comparison with a tra-
ditional Naive Bayes classifier[3]. A prime example of transfer-
learning to improve performance, is that transfer-learning has
proven itself efficient in Bayesian networks used for spam-detection
in emailboxes[12]. Making use of transfer-learning can allow one
to treat each email-user with their individual preferences towards
spam as different datasets, thereby personalizing their spam-filter.
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Naive Bayes is sometimes underrated in its performance of text
classification. However, the performance of Naive Bayes has been
positively evaluated, especially when using smaller datasets[5], as
is the case with this research. This, as well as its simplicity and
computational efficiency, is the main reason to test the addition
of transfer-learning on machine learning algorithms to a Bayesian
network, as opposed to other methods (artificial neural networks,
support vector machines, etc.).

2.1 RQ1: On Naive Bayes

The two most common variations of Bayesian networks include the
Bernoulli and the Multinomial Naive Bayes. This thesis will make
use of the multinomial Naive Bayes network, as it has proven to be
more effective when encountering large vocabularies[8], as may be
the case in the to-be-used database of sociopolitical topic-specific
documents. The multinomial Naive Bayes algorithm, looks at each
document and assumes that all different categories of documents
are generated from a unique ‘model’. This way, every category has
an overall statistical probability of producing certain words, e.g. a
medical document is far more likely to contain the words ‘blood’
and ‘tissue’ than a political document. To begin with, all words
are assigned a probability to be produced per class. Then, for any
given document, the statistical probability to be produced by any
of the classes is calculated and after that, the document can simply
be classified as the most probable class[6]. The formula for this is
given below(1):[11]

N¢i +a;
boi = S
Ne +a

)

In this formula, 8.; is a parametervector describing the probabil-
ity of term i occurring in a document of class ¢, N; is the number of
occurrences of term i in class ¢ and N, is the total count of all terms
in class c. a; and « are smoothing factors. «; is usually set to 1.0
for every word and « is the sum of all « for every word i (Zf\i o Qis
where N denotes the total number of words). The predicted class
h(d) of document d can then be chosen by finding the class ¢ with
the highest probability of producing document d, as described by
formula 2, where P(x;|c) can be substituted with 0;.

h(d) = argmax P(c) l_[ P(xj|c) (2)
¢ i=0
2.2 RQ2: On Transfer-learning and Naive Bayes

When a dataset with few labeled training examples has to be clas-
sified, transfer-learning comes in. Transfer-learning allows to use
knowledge gained from other datasets. Transfer-learning has in-
creased performance of traditional classification algorithms, espe-
cially when applied to Bayesian networks and when datasets of less
similar distributions are used[4]. Different variations of transfer-
learning have come up in literature: applying different classes on a
similar dataset, using datasets of different domains, etc.[9]. In this
case, we want to apply the same task and classify according to the
same classes, however, the probability distribution (the parameter-
vector 6,) is different. One suggested approach, is TrAdaBoost[4].
TrAdaBoost is an algorithm that assumes equal features and classes
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for two sets, but a different distribution. For the TrAdaBoost al-
gorithm, two datasets must be given: one dataset of few labeled
instances of the testset (Ts of size m) (e.g. in practice, one could label
a small subset of the dataset of interest) and a bigger dataset (T; of
size n) of a different distribution. This smaller dataset would follow
the same distribution of words, but would be too small to make
accurate predictions. The bigger dataset contains enough training
data, but may follow a different distribution. Although the author
does not mention it when introducing TrAdaBoost, his version of
TrAdaBoost is written for binomial classification only[4], therefore,
these formulas are slightly adjusted before application, as described
in section 3.2.2.

As the algorithm initializes, a Naive Bayes model is generated
using every document in T (the combined set of T; and T of size
n + m) as trainset and using Ts as testset. Then, every document
x; € T is given a weight w; of 1. Now, for N iterations, the whole
testset T is labeled, and an error ¢;, for iteration t, is predicted
through formula 3.

nE by (x) — olxi)]

€ = Z n+m Wt

i=n+1 i=n+1 i

©)

In this formula, ¢; denotes the error, wit is the weight of the
document, h;(x;) is the hypothetical class of document x; as pre-
dicted by the model and c(x) is a theoretical function that maps
document x; to its true class. Note that the sum 3, 7*™™  only takes
the last m document into account, namely x; € Ts. Hereafter, the
weight of each document is adjusted: the weights of the docu-
ments that originally belonged to Ty (x; € x¢,x7 .. .Xp) are mul-
tiplied by w/*! = w! - (1/(1+ v2In n/N))Ih(xi) =)l while doc-
uments from Ts (or x; € Xp+1,Xn+2 ... Xn+m) are multiplied by
t+1

Wi

=wh-(e/(1- er))~Mhe(ri)=¢(xi)l 45 portrayed in formula 4.

ifo>i>n
wi - (er/(1 = )~ 1he(xi)=e(xi)l ifn>i>m
4)
This happens for several iterations, until an equilibrium is
reached. At this point, the documents x; € T, that transfer irrele-
vant information are left with very low weights, whereas relevant
documents that decrease the error are left with a higher weight.
This way, only relevant documents from T,; are used in the new
model for use on Ts. On the other hand, the weights of false pre-
dicted documents x; € Ts increase, creating more emphasis on
the deviating structure of the new distribution. Hereafter, when a
document is provided for prediction, the prediction is performed
using formula 5.

wi

{Wi =w;i - (1/(1 + V2Inn/N))lhe (xi)=c(xi) |
wi =

hy(xi) = {

0 otherwise
®)
Here, hf(x;) denotes the final prediction of the model on doc-
ument x;. This formula has a binomial output of only 0 or 1. The
formula to be used for multinomial classification problems is there-
fore adjusted in section 3.2.2.

U TN e/ (1= )™ > TIN (e /(1 - €))7
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2.3 RQ3: On k-Means Clustering

Earlier literature points out that k-means clustering is a sufficient
clustering method for text classification that does not require many
iterations[1]. The clustering algorithm works by creating random
‘seeds’ with random values for each variable in the model. These
seeds calculate which instances in the model are closest to them and
divide the documents over them as a group. Then, the seeds move
towards the average of the values of all close documents. These two
steps (choosing the closest documents and moving towards their
average) are then repeated for several iterations until equilibrium.
A disadvantage is the positioning of the initial seeds, that can in-
fluence the outcome. The clustering may therefore require several
runs of the algorithm to achieve multiple solutions. The result with
the lowest squared error can then be selected as a preferred option
from the given solutions[7].

3 METHODOLOGY

3.1 Description of the data

The Open State Foundation has provided a REST API, with which to
retrieve documents from their database. Using this API, documents
of three municipalities have been gathered and put into three CSV-
files: The municipalities of Utrecht, Arnhem and Amstelveen. The
municipalities have been chosen as they had published the most
documents that were ordered by category. These CSV-files have a
size of 698,4 MB and 17771 entries (Utrecht), 159,7 MB and 5825 en-
tries (Amstelveen) and 120,1 MB and 3671 entries (Arnhem). These
CSV-files all follow the same format: one column for the name of the
document (if given), a column for the category of the document, a
column with the source content of the document and a last column
stating the municipality of which the document originates from.
Mind that the last column (municipality) is the same throughout
any of the three datasets, as the datasets are municipality-specific
already.

The source content of every document describes the wordly con-
tent of each document. This content is the text that will be used as
predictor when classifying the documents. If the source was not
given or empty, the document was removed from the dataset. An
overview is given of the number of documents left per category
and per municipality in table 5, appendix A.

The data was then preprocessed and only relevant categories
were selected to remain in the dataset (more aptly described in
appendix A). The number of documents left per category and per
municipality are given in table 1. Two different subsets were ex-
tracted from the Utrecht dataset, one that contained overlapping
categories with Arnhem (T4") and one that contained overlap-
ping categories with Amstelveen (T45). Appendix A gives more
information on the formation of these two subsets.
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Table 1 - Documentfrequencies per municipality and per category
in the final dataset.

Utrecht Arnhem Amstelveen
Category
Agenda 408 555 200
Besluitenlijst Raad 184 0 12
Moties 338 46 470
Raadsbrieven 1566 13 0
Schriftelijke vragen 2429 0 131
Toezeggingen 2948 31 324

3.2 Methods

Three algorithms were applied to the data: A Multinomial Naive
Bayes model, Multinomial Naive Bayes with transfer-learning
(TrAdaBoost) and unsupervised k-means clustering. For all three
experiments, the precision, recall and F1-score was calculated. After
that, the macro- and micro-average of these values were computed.
A more elaborate overview of why and how these evaluationscores
have been calculated is given in appendix 2.

3.2.1
Arn
TUtr

samples will be referred to as Tt“}’;}n and Tﬁ’;isn, and were of sizes
1200 and 900 respectively. Although these samples consisted of
random documents, an equal amount of documents was included
for every category, e.g. Tﬁg’fn consisted of 180 random documents
of each of its five categories, adding up to a total of 900 documents.
Random samples, rather than the whole datasets, were used for
computational efficiency, insight into the distribution of results
and to maintain the aforementioned balance in categories. As for
the testsets, the complete sets of T4 and TA™S were used and
T;‘é’;’; and T{é’s"ts. Two matrices of to-
kencounts were constructed from Tﬁg}n and Tﬁ’;’fn using Sci-kit
Learn libraries. TF-IDF was used creating these vectors, stopwords
were filtered out and uni-, bi- and trigrams were taken into account.
Two multinomial Naive Bayes models were constructed in Sci-kit
Learn, for each of the two municipalities. One model was fit on
the tokencount matrix of th}gl?n and another on the tokencount
matrix of Tﬁz‘isﬂ. These models were used on the contents of their
accessory testsets (T;‘érs’t2 and T{é’;’ts respectively) to predict their
classes. For each document x; € Tyes;, both a true class and a hypo-
thetical class as predicted by the model had been obtained. Using
this information, prediction, recall and the F1-score were computed
for each class for both municipalities, along with the micro- and
macro-averages of these values. This process was repeated 50 times
with different even-balanced trainsamples to acquire an insight

regarding the distribution of all evaluation scores.

RQ1: Multinomial Naive Bayes. From the original datasets
and T{};’;S, samples were taken to be used as trainset. These

they shall be refered to as

3.22  RQ2: Naive Bayes and TrAdaBoost. To begin with, the for-
mulas for error- and weightcomputation were adjusted: The work
of [4] focused on binomial classification, as we can deduct from
formulas 3 and 4. To assess whether a prediction matches the true
category of a document, both formulas use |h(x;) — c(x;)|. This
is fine in the case of two categories, when h(x;) and c(x;) are al-
ways 1 or 0. In that case, |h(x;) — c(x;)| returns 0 in case of a right
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prediction and 1 in case of an erroneous prediction. However, in
the case of multiple categories, |h(x;) — c(x;)| could return larger
numbers, as h(x;) and c(x;) can take on larger numbers too. These
numbers resemble nominal categories and therefore |h(x;) — c(x;)|
was changed to min(1, |h(x;) — ¢(x;)|), which returns 0’s and 1’s
for right and wrong predictions respectively. The new formulas
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are given below (6 and 7). The error ¢; was also programmed to
never reach 0. This was done, because if the error would reach 0,
several divisions by 0 would appear later in the algorithm and the
algorithm would not function correctly. When the error reached 0,
a dummy prediction of average weight was created. This prediction
would then always be wrong, so that the error could never reach 0.

"5 wh - min(1, [y (x;) = c(xi)])
€ = nvm ot ©)
i=n+1 i=n+1 "i
1w = whe (1/(1+ V2Inn/N))min(b e o=cGxol - f o > > n ;
T W 2wt (e /(1 ) minL e =) ifn>i2m @

For the prediction of classes, formula 5 was changed to 8, so
that multiple classes could be predicted. max(0, (1 — [(hs(x;) —¢)]))
returns then 1 when class ¢ matches prediction h;(x;), and 0 other-
wise. In the latter case, (e;/(1 — e;)) L max(0. (1= (At (x)=0))) | eyaly-
ates to 1, so that the cumulative product does not change. Otherwise,
the cumulative product may increase or decrease, dependent on
the value €;. Therefore, the predicted class will be that class that is
predicted most with the lowest error in the second half of iterations.

N
hy(xi) =argmax | | (er/(1—g)) tmax(@-0lthelx)=aD) ()
¢ t=N/2

For each of Arnhem and Amstelveen, an appropriate same-
distribution subset T Y \as necessary to be constructed from
T€i%Y and a different-distribution subset T;”y from T[C]ittry (as de-
scribed in section 2.2). Therefore, samples were taken from the
TAT and TAMS  which resulted in a TSA”’ and
of 10 random documents for every category. For Té‘m

complete datasets
a TAmS

Ams Arn Ams
and Td , the same samples were used as for Ttram and Ttrain.
This way, a fair comparison between the models with and without
transfer-learning could be performed later. Again, these samples

were of sizes 1200 (TC‘?’ ) and 900 (T(?ms ) and they were random,

but even-balanced in terms of category. A testset th elst? was con-
structed for both municipalities, which consisted of all documents
of the municipality that had not been included in Ty "y T;”y and
Ty 'Y \were combined into one dataset T/Y. A matrix of token-
counts was constructed from this set, similarly to how this was done
for the multinomial Naive Bayes procedure. Again, multinomial
Naive Bayes models were fitted on these matrices that had just been
constructed. After this, for 40 iterations, the error was computed
and the weight of each document was adjusted as described in 2.2:
the error €; was computed according to formula 6 and then all
weights Wit were multiplied using formula 7. This reweighted
model was used to predict all categories of the documents in the
testset T[C el Stty’ using formula 8. Each document in the testset was
then labeled with both its true category and a hypothetical label as
predicted by the model. With these two labels for every document
x;, the precision, recall and F1-score could be computed, as well
as their micro- and macro-averages. This happened 50 times with
different samples of Ty Y and T;lty.To compare these results with
the results of Naive Bayes without transfer-learning, the data was

371

3

N

2

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

checked for a normal distribution with an omnibus test [2]. Because
the same training samples were used for both tests, the results were
‘paired’, so a two-tailed Wilcoxon signed-rank test was performed
on the two sets of results.

3.23 RQ3: k-Means Clustering. For the last algorithm, a matrix
of tokencounts was created for every dataset: the two datasets from
Utrecht (T4™S and TA"™) and the two datasets from the smaller
municipalities (T{?;’;s and T{]“; 7). Using Sci-kit Learn libraries, a
k-means clustering algorithm was deployed on all four datasets,
where k was set to the number of categories that the datasets con-
tained (4 for TA™ and Tl‘?:f and 5 for TA™S and TL“,‘;’;S ). These
clustering algorithms included 50 iterations, and repeated the pro-
cess 10 times with different random seeds to conclude the best
option with the lowest inertia. When an appropriate solution was
found, the micro-averaged F1-score was computed for every pos-
sible cluster-documenttype combination. The combination with
the highest score was documented with its precision, recall and
F1-score and the micro- and macro-averages of these values. This
process was repeated 20 times.

4 EVALUATION
4.1 RQ1: Multinomial Naive Bayes

A summary of results is given in table 3. A more detailed version
of these results is to be found in appendix 3.1, table 6. These tables
show a strong difference in micro- and macro-average for all three
evaluation-scores for the Arnhem dataset. This indicates that the
results were better for larger categories than for less populated cat-
egories. In this case, ’Agenda’ stands out as a category with relative
high values for the precision, recall and F1-score, while accounting
for more than 85% of all documents (appendix 3.1, table 6). For
Amstelveen, less differences between the two sorts of average is to
be observed. However, the micro-average was lower than for the
Arnhem dataset, indicating a lower performance in terms of the
absolute number of documents.

4.2 RQ2: Naive Bayes and TrAdaBoost

The performance of the implementation of TrAdaBoost is given in
table 4 and, more detailed, in appendix 3.2, table 7. Most promi-
nently, all evaluation scores have risen in comparison with the
Naive Bayes results. The difference between the macro- and micro-
average became less outspoken for Arnhem, but increased a little
for Arnhem.
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The results of both methods were checked for normality, using
an omnibus test. Many sets of results rejected the null-hypothesis of
belonging to a normal distribution (appendix 3.2, table 8). There-
fore, a non-parametric Wilcoxon signed-rank test was performed
on the data. Results are portrayed in figure 1, and in parallel co-
ordinate plots in appendix 3.2, figure 2. P-values of P<0.0001
(Arnhem, micro-averaged F1-scores), P<0.001 (Amstelveen, micro-
averaged F1-scores), P<0.0001 (Arnhem, macro-averaged F1-scores)
and P<0.0005 (Amstelveen, macro-averaged F1-scores) were found.
This is with a significance level at ¢ = 0.0125, using a Bonfer-
roni correction for 4 comparisons on an initial significance level of
a = 0.05.

4.3 RQ3: k-Means Clustering

The micro- and macro-averaged F1-scores of the k-means clustering
are given in table 2. Both different distribution datasets achieved
F1-scores of >0.9, both when micro- and macro-averaged. The
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same-distribution datasets however, only reached micro-averaged
F1-scores of little more than 0.6 and macro-averaged F1-scores
around 0.45. There is a subtle difference between micro- and macro
averages for the same-distribution datasets, indicating an imbal-
ance in performance between categories. More elaborate results
per category are given in appendix 3.3, figure 3.

Table 2 — Micro- and macro-averaged F1-Score of unsupervised k-
means clustering on the 4 datasets.

Micro-average Macro-average

T 0.9044 0.9037
Tms 0.9461 0.9269
TA™ 0.6142 0.4641
TAms 0.6346 0.4562

Table 3 - Micro- and macro-averaged precision, recall and F1-score for a multinomial Naive Bayes model on both datasets. Note that micro-averaging
results in the same value for precision, recall and F1-score, as discussed in appendix 2.

Arnhem

Amstelveen

Micro-average

Macro-average ‘

Micro-average Macro-average

Precision 0.8009 0.3277
Recall 0.8009 0.4904
F1-Score 0.8009 0.3018

Precision 0.5046 0.4807
Recall 0.5046 0.5167
F1-Score 0.5046 0.3920

Table 4 - Micro- and macro-averaged precision, recall and F1-score for when TrAdaBoost was applied to a multinomial Naive Bayes model on both

datasets. Note that micro-averaging results in the same value for precision, recall and F1-score, as discussed in appendix 2.

Arnhem

Amstelveen

Micro-average

Macro-average

Micro-average Macro-average

Precision 0.8363 0.5498
Recall 0.8363 0.5598
F1-Score 0.8363 0.5020

Precision 0.5746 0.5062
Recall 0.5746 0.5364
F1-Score 0.5746 0.4527
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The influence of transfer-learning on
macro-averaged F1-Scores
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The influence of transfer-learning on
micro-averaged F1-Scores
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Figure 1 - Difference in F1-scores when TrAdaBoost is implemented on a multinomial Naive Bayes model. On the left, the macro-averaged F1-Scores are
given on the y-axis, whereas on the right, the micro-averaged F1-Scores are given. In both of these figures, two boxplots are illustrated per municipality.
One labeled as ‘NB’, indicating results as obtained by use of a multinomial Naive Bayes model, and another labeled as ‘NB-TF’, which displays results for
a Multinomial Naive Bayes model with transfer-learning. In each situation, for both micro- and macro-averaged F1-scores and for both municipalities, a

significant rise in F1-score is obtained. Using a Wilcoxon signed-rank test, for the micro-averaged F1-scores of Arnhem, a P-value of P<0.0001 was
obtained .For Amstelveen this test resulted in P<0.001. Using macro-averaged values, a P-value of P<0.0001 was found for Arnhem and P<0.0005 for

Amstelveen.

5 CONCLUSIONS

These results indicate that using TrAdaBoost significantly increases
the performance of a multinomial Naive Bayes model. For Arnhem,
the increase in F1-score was primarily reached through higher
precision and, to lesser extend, higher recall. This increase demon-
strates itself most prominently through macro-averaged scores, as
TrAdaBoost seems to have boosted performance mostly for smaller
classes (appendix 3.1, table 6 and appendix 3.2, table 7). For Am-
stelveen, precision and recall rose equally. Micro-averaged scores
were influenced a bit more than macro-averaged scores, as larger
categories seemed to benefit most from TrAdaBoost (appendix 3.1,
table 6 and appendix 3.2, table 7).

As illustrated in figure 2, increased performance was the case
for most samples, but not for all samples. There were cases when
TrAdaBoost decreased the F1-score and it is yet unclear when this
happens. A glance at figure 2 (appendix 3.2) suggests that a de-
crease in Fl-score tends to happen more often in cases where a
relative high F1-score was achieved by the multinomial Naive Bayes
model. These results, however, are not definite enough to conclude
this thought. Further research may direct itself towards this flaw in
the algorithm and possibly improve the algorithm.

The results from the k-means clustering algorithm give that the
subsets from Utrecht exhibited clearly defined categories, as the
algorithm found clusters that overlapped with these categories. For
the Arnhem and Amstelveen dataset, the results were less high,
which may certainly be because of their lesser size. These results
suggest that the increased performance of TrAdaBoost was not due
to qualitative differences between T; and Ts.

Multi-class transfer-learning algorithms are scarce in literature,
and no multi-class version of TrAdaBoost was found. Therefore,
the model as proposed by [4] has been generalized to work with
multi-class problems. So far, this altered version of the model seems
to yield positive results. It is suggested for future applications of
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naive Bayes models to consider differences between datasets, as per-
formance may be increased by use of transfer-learning. Although
this paper only describes the application of TrAdaBoost on naive
Bayes, the original and multi-class implementation of TrAdaBoost
could be used with most algorithms (regressions, support vector
machines, etc.). Thus, even for other models, transfer-learning de-
serves some thought, as it possibly offers an useful extension to
modern machine learning.
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Table 5 - Documentfrequencies per municipality and per category in the initial dataset. Categories with less than 10 documents have been grouped as
’Other’ and 35 categories starting with ‘Videotulen..” have been grouped as ‘Videotulen’.

Utrecht Arnhem Amstelveen
Category
Agenda 408 641 200
Agendapunt 3015 2137 3087
Besluitenlijst B&W 1318 0 0
Besluitenlijst Raad 184 0 0
Commissiebrieven M&S 1634 0 0
Commissiebrieven S&R 2005 0 0
Gemeentebladen 1103 0 0
Moties 338 149 606
RSS 211 0 0
Raadsbrieven 1568 125 0
Raadsverslagen 281 0 0
Schriftelijke vragen 2429 0 209
Toezeggingen 0 133 625
Toezeggingen S&R 1783 0 0
Toezeggingen M&S 1734 0 0
Toezeggingen Raad 1123 0 0
Verslagen S&R 41 0 0
Verslagen Vragenuur 19 0 0
Videotulen 253 0 0
Amendementen 0 117 291
Artikel 44 vragen 0 141 0
Ingekomen stukken 0 192 0
Raadskamerbrieven 0 34 0
Besluitenlijsten ABM 0 0 48
Besluitenlijsten B&S 0 0 51
Besluitenlijsten van de Raad 0 0 114
Besluitenlijsten RWN 0 0 60
Informatieve Stukken College 0 0 462
Mondelinge Vragen 0 0 68
Other 16 2 4

A PREPROCESSING

Before analysis, the datasets were preprocessed to only contain rele-
vant categories. Different categories of the Utrecht dataset (‘Toezeg-
gingen M&S’, ‘Toezeggingen Raad’ and “Toezeggingen S&R’) were
merged into one category (‘Toezeggingen’), that was also found
in the datasets of Arnhem and Amstelveen. One category of Am-
stelveen (‘Besluitenlijsten van de raad’) was renamed (‘Besluitenlijst
Raad’) to match the homonymous category in the Utrecht dataset.
The largest category ‘Agendapunt’ was removed from the dataset
as it showed inconsistent content and seemed to be used as a de-
fault category for unlabeled documents. Also, hypertextlinks and
punctuation were removed and all characters were converted to
lower case.

From all retrieved documents, only a few categories were selected
to be used as there had to be an overlap in categories between the
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Utrecht-trainset and the Arnhem- and Amstelveen-testsets. As Arn-
hem and Amstelveen carried different categories, this meant that
the overlap in categories between Utrecht and Arnhem was not
equal to the overlap of Utrecht and Amstelveen. For this reason, two
different subsets were extracted from the Utrecht dataset: One to

predict Arnhem-labels (T{}Zf) and another for Amstelveen (Tl‘?ﬂs ).

Four classes were included in T{J‘;;’ and five classes in Tf}‘t’ﬁs . The
Number of documents per category are given in table 1 (section
3.1). This filtering out of documents from other categories lead

to a dataset of less documents: 5260 documents were left of T{]‘\:;’

to train on, and 6307 documents of Tl‘?t”zs . The datasets of labeled

documents of Arnhem and Amstelveen consisted of 645 documents
for Arnhem (T4"") and 1137 documents for Amstelveen (T4™$).
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2 ELABORATION ON THE EVALUATION
SCORES

The precision, recall and F1-score are used as evaluation metric, to
take both false positives and false negatives into account[13]. The
formulas for these scores are given below (formulas 9, 10 and 11).
In these formulas, P, denotes the precision of class c. Likewise, R,
denotes the recall and F;. denotes the F1-score of a certain class.
Furthermore, TP, refers to the true positive predictions of a class ¢
(the total number of times a document was correctly classified as
class c). FP, stands for false positives, meaning, the total number
of times documents were incorrectly classified as class c. Finally,
FN, counts the number of false negatives, or the total number of
times a document was incorrectly classified as not being class c.
The precision of a class indicates the fraction of all true positive
predictions of that class (TP.) among all documents classified (cor-
rectly or incorrectly) as being part of that class (TP, + FP.). The
recall of a class gives the fraction of documents that are correctly
classified as that class (TP.) among all documents that - predicted
or not - truly belong to that class (TP, + FN¢). The F1-score gives
the harmonic mean of the precision and recall.

TP,

Pp=—-< 9

¢~ TP, + FP, ©)
TP,

R.o=— ¢ 10

¢~ TP, + FN, (10)
2-Pe- R,

F. =2 ¢ e 11

lc Pc+Rc ( )

For all evaluations, each of the three scores (the precision, recall
and F1-score) was averaged in two ways: using the macro-average
and micro-average. The macro-average simply takes the scores of
all classes and averages them. In this way, every class contributes
the final score equally. The micro-average is calculated using the
true counts of correct and incorrect predictions. This means, that
if one class consists out of more documents than the other classes,
then that class will have more impact on the micro-average. The
macro-average is given to cope with imbalance in the testsets, and
to acknowledge smaller categories. The micro-average is given to
evaluate the total of all documents, while acknowledging each doc-
ument equally, regardless of their class. Formula’s for the macro-
and micro-average of precision are given below (12 and 13), where
C denotes the total number of classes.

ZE;O P c
C
T TP
»C TPc +FP,
One should note that, in multi-class situations, micro-averaging
always results in the same values for precision, recall and F1-
score. This is because a false positive prediction for one class is
always a false negative prediction for another class. Therefore,
chzo FP. = chzo FN¢, and if these terms are substituted in the
formulas for micro-averaged precision and recall, one can then
deduct that the micro-averages of precision and recall are the same,
as depicted in formula 14. Here, the term on the left is the micro-
averaged precision and the term on the right is the micro-averaged
recall.

(12)

macro-average =

(13)

micro-average =
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C C
ST IR
SecoTPe +FPe B TPe + X o FPe (14)
2C o TPe »¢ o TPe

26 o TP+ X FNe 25, TPc + FN.

The micro-average of the F1-score is computed from the micro-
averaged precision and the micro-averaged recall. Formula 11 can
be used for this, but the class-specific values for precision and re-
call should be substituted with their micro-averaged counterparts.
When precision and recall are the same, the F1-score will also take
on their values. If we substitute the precision and recall in formula
11 with any value x, then formula 15 shows how the F1-score is
also set to x. Since the precision and recall are always the same
when micro-averaging, the F1-score will take on the same value.

2-x-x 2x2
F1: = — =X
xX+x 2x

(15)

2.1 When not all documents are assigned to a
class

It should be noted that the logic behind equal micro-averages only
applies when a model labels every document. Some models may
leave a document unlabeled when the document conforms to mul-
tiple classes or no classes at all. This choice may positively affect
precision (less false positive predictions) at the risk of decreasing
recall (more false negative predictions). When a document is left
unlabeled, it counts as a false negative prediction for its true class,
but not as a false positve prediciton for another class. So in this
situation, ZcC:o FP; # Zf:o FN, and formula 14 does not apply.

The TrAdaBoost algorithm, unfortunately, does not lend itself
for this practice for the following reason: As the algorithm con-
verges, a very low error €; is reached and consistent models are
produced, leading to consistent predictions h;(x;) (see section
3.2.2). As discussed in section 3.2.2, a prediction is made by evalu-
ating formula 16. When class c is predicted (h;(x;) = c), formula
16 evaluates €;/(1 — ;) L. As the model converges, and € becomes
smaller, very high values are computed (formula 17). And as con-
sistent predictions are made, the predicted class h;(x;) is almost
always the same class for every iteration t. When then all values
of c are put into formula 16, the formula will output a very high
number for one class, and low numbers for the other classes. For-
mula 16 is therefore not able to return a ‘nuanced’ output. Since
all outputs conform to only one class c, it is nearly inevitable to
label all documents with one class.

N
hy(xi) = argmax [ | (er/(1-ep)) 7t @Izl (16)
¢ t=NJ2

lim (e /(1 €)™ = o0 (17)
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3 ELABORATION ON RESULTS

3.1 Multinomial Naive Bayes

Tobias Beers

Table 6 - Precision, Recall and F1-Scores of a multinomial Naive Bayes model on the Arnhem and Amstelveen dataset. Note that precision, recall and
F1 become the same when micro-averaged, as discussed in appendix 2.

3.2 TrAdaBoost

Arnhem n precision recall F1

Category U SE I SE I SE
Agenda 555 0.9995 0.0002 0.8143 0.0309 0.8752 0.0268
Moties 46 0.0346  0.0038 0.7500 0.0593 0.0650 0.0069
Raadsbrieven 13 0.0026 0.0015 0.0370 0.0191 0.0043 0.0023
Toezeggingen 31 0.2744 0.0332 0.3603 0.0238 0.2626 0.0224
Micro-average 0.8009 0.0301 0.8009 0.0301 0.8009 0.0301
Macro-average 0.3277 0.0087 0.4904 0.0174 0.3018 0.0096
Amstelveen n precision recall F1

Category u SE U SE I SE
Agenda 200 0.8818 0.0255 0.4703 0.0276 0.5845 0.0275
Besluitenlijst Raad 12 0.2245 0.0319 0.3180 0.0515 0.2383 0.0348
Moties 470 0.1520 0.0227 0.5351 0.0519 0.1613 0.0212
Schriftelijke vragen 131 0.4635 0.0596 0.6408 0.0487 0.4246 0.0512
Toezeggingen 324 0.8524 0.0323 0.6287 0.0632 0.6829 0.0517
Micro-average 0.5046 0.0194 0.5046 0.0194 0.5046 0.0194
Macro-average 0.4807 0.0148 0.5167 0.0205 0.3920 0.0144

Table 7 - Precision, Recall and F1-Scores of TrAdaBoost applied to a multinomial Naive Bayes model on the Arnhem and Amstelveen dataset. Note that
precision, recall and F1 become the same when micro-averaged, as discussed in appendix 2.

Arnhem precision recall F1

Category u SE I SE 7 SE
Agenda 0.9830 0.0014 0.8498 0.0321 0.8882 0.0268
Moties 0.9389 0.0199 0.8272 0.0270 0.8545 0.0215
Raadsbrieven 0.0124 0.0042 0.2067 0.0494 0.0205 0.0063
Toezeggingen 0.2650 0.0344 0.3556 0.0302 0.2448 0.0209
Micro-average 0.8363 0.0293 0.8363 0.0293 0.8363 0.0293
Macro-average 0.5498 0.0095 0.5598 0.0114 0.5020 0.0115
Amstelveen precision recall F1

Category ] SE i SE i SE
Agenda 0.6391 0.0306 0.8874 0.0376 0.6979 0.0316
Besluitenlijst Raad 0.0042 0.0022 0.0550 0.0275 0.0076 0.0040
Moties 0.9094 0.0073 0.4252 0.0292 0.5472 0.0281
Schriftelijke vragen 0.3271 0.0208 0.5425 0.0430 0.3573 0.0215
Toezeggingen 0.6513 0.0306 0.7719 0.0352 0.6523 0.0232
Micro-average 0.5746 0.0178 0.5746 0.0178 0.5746 0.0178
Macro-average 0.5062 0.0084 0.5364 0.0112 0.4527 0.0130
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Table 8 - Results of omnibus test, with the null-hypothesis being that the results come from a normal distribution. When looking at micro-averaged
F1-scores, only the TrAdaBoost results from Amstelveen do not reject this null-hypothesis, the other sets of results reached significantly low P-values.
Regarding the macro-averaged F1-scores, only the Naive Bayes results from Arnhem did reject the null-hypothesis.

micro-averaged macro-averaged

Municipality Naive Bayes TrAdaBoost ‘ Naive Bayes TrAdaBoost

Arnhem P < 0.0001 P < 0.0001 P<0.0500 P=0.5451
Amstelveen P < 0.0100 P =0.6715 P=0.7361 P=0.6949
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Figure 2 - Difference in F1-scores when TrAdaBoost is implemented onto a multinomial Naive Bayes model. On top, the micro-averaged F1-Scores are
given on the y-axis, whereas on the bottom, the macro-averaged F1-Scores are given on the y-axis. The two plots on the left represent Arnhem and the
two plots to the right illustrate the results of Amstelveen. In all plots, a dot on the left stands for a result of the multinomial Naive Bayes model, and
a dot on the right for a result when TrAdaBoost is implemented. Results from the same samples are connected with a line, which is coloured green
when TrAdaBoost improved the result, red when it diminished performance and black when performance did not change. In each situation, for both
micro-and macro-averaged F1-scores and for both municipalities, a significant rise in F1-score is obtained. Using a Wilcoxon signed-rank test, for the
macro-averaged F1-scores of Arnhem, a P-value of P<0.0001 was obtained. For Amstelveen this test resulted in P<0.0005. Using micro-averaged values,

a P-value of P<0.0001 was found for Arnhem and P<0.001 for Amstelveen.
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« 3.3 k-Means Clustering
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Figure 3 — F1-scores when k-means clustering is applied to every dataset. The two different-distribution datasets (T{,‘{ /' and T{?t";s) exhibit an overall
good performance. The two same-distribution datasets (T4”™ and T4™%) however, have a more ‘mixed’ performance with means of F1-scores reaching
close to 0 for some categories.
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