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SUMMARY

Parliament dynamics might seem erratic at times. Predicting future voting pat-
terns could support policy design based on the simulation of voting scenarios.
The availability of open data on legislative activities and machine learning tools
might enable such prediction. In our paper, we provide evidence for this state-
ment by developing an algorithm able to predict party switching in the Italian
Parliament with over 70% accuracy up to two months in advance. The analysis
was based on voting data from the XVII (2013–2018) and XVIII (2018–2022) Ital-
ian legislature. We found party switchers exhibited higher participation in secret
ballots and showed a progressive decrease in coherence with their party’s major-
ity votes up to two months before the actual switch. These results show how
machine learning combined with political open data can support predicting and
understanding political dynamics.
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INTRODUCTION

Party switching refers to changes in party affiliation among elected legislators. This behavior is present in

several democracies such as Denmark, the United States, Australia, Brazil, Ecuador, the European Parlia-

ment, France, Japan, Poland, and Italy.1–3 Party switching is increasingly frequent in Italy,1,4 and the Italian

XVII legislature (from March 5th 2013 to March 22nd 2018) has indeed set the record for the number of

members of parliaments (MPs) who switched their political affiliation: in Italy’s lower house, the Chamber

of Deputies, almost one out of three legislators changed their parliamentary group affiliation while serving

their office.

Scholars have reported the detrimental effect of political party switching on parties’ stability and, as a direct

consequence, on democratic sustainability.5 Floor crossings can indeed dramatically change the power

balance within the Parliament. This can in turn result in the distortion of electoral results or weakened op-

position parties, leading to excessive power concentration.6 Efficiently predicting the likelihood of party

switching by MPs would not only allow us to potentially know in advance if a given legislative proposal

will receive expected support but it would also provide foresight on the overall stability of the political

system.

Party switching was proposed to constitute a potential threat to public confidence in the transparency of

the political system,7 as it makes it difficult for the voters to navigate with ease among party labels in the

search for ideal candidates. Given these premises, it is easy to appreciate how party switching can consti-

tute a risky endeavor from the point of view of politicians. Voters do not appreciate it, as they were reported

to penalize legislators who switch their parties.2,8,9 As such, it is both legitimate and intriguing to inquire

about the underlying human reasons of individual legislators driving the phenomenon of party switching.

Previous studies have explored various determinants of party switching, such as office-seeking motiva-

tions7,10–12—which proposes that MPs switch parties to gain more office perks within the parliament or

the government, and policy-seeking motivations13,14—the assumption that MPs might change political

party if this might push forward their political agenda. Other works investigated the features characterizing

party switchers focusing instead on the political reasons leading to the switch,3,4,7,10,14–19 often modeled

within a multidimensional space of political opinions. In particular, a relevant previous study about Italian

party switching1 was based on a parametric political science approach, heavily reliant on political
iScience 26, 107098, July 21, 2023 ª 2023 The Author(s).
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assumptions and considerations.20–23 These heuristic models of political opinions are however prone to

misinterpretations.24

In this paper, we investigated the mechanisms underlying party switching with a novel approach, which was

developed to efficiently predict it with the largest possible advance, rather than focusing on its determi-

nants. We extracted a dataset that includes the voting records and the personal information of each mem-

ber of the Italian Lower House, the Chamber of Deputies (for details see STAR Methods). Then, combining

information theory and classification algorithms, we tried answering three different questions: (i) can the

voting features (e.g., the fraction of abstentions, of votes in favor or cast in secret ballots, and so on.

See STAR Methods for the full list) discriminate between party switchers and single-party MPs? (ii) do all

these voting features share the same contribution in the classification of these two groups of legislators?

(iii) is it possible to predict whether a legislator will leave the party based on the past voting record? In other

words, our goal was to use machine learning tools to analyze the vast amount of parliamentary data and to

quantitatively determine whether party switching is a spontaneous and unpredictable event, or if it can be

predicted based on specific past features of the deputies. Additionally, we aimed at identifying the most

effective way to achieve such a prediction.

The work will start with a study of the prototypical features of party switchers in the XVII legislature of the

Italian Chamber of Deputies. Then, we will move to the identification and evaluation of an algorithm pre-

dicting future party switches, which, differently from an a posteriori classification, could play a relevant role

in political practices. In addition, we will test the generalizability of our approach also to the XVIII legisla-

ture. Finally, we will discuss how the properties of the designed algorithms can shed light on the reasons

underpinning party switching.
RESULTS

Voting features differ between party switcher and single-party members of parliament

To investigate the features characterizing the MPs who changed their political party (party switchers, PS),

we compared voting and non-voting features (see STAR Methods) of PS with those of single-party MPs.

Specifically, we focused on those MPs who held a seat in the Chamber of Deputies, the lower house of

the Italian Parliament. Therefore, when we refer to ‘‘MPs’’ throughout this work, we are exclusively referring

to Deputies. We defined as party switchers those Deputies involved in at least one change of political

group, but the analysis focused only on the first party switch. Further following changes of political affilia-

tion were not considered. We extracted from the official open data platform of the Italian Chamber of

Deputies the personal information and the votes each member has expressed during the XVII legislature

(in office from March the 5th 2013 to March the 22nd 2018. See STAR Methods for details). During this

term, and generally in contemporary Italy politics,4 party switching was a frequent phenomenon: during

the XVII legislature, indeed, 31% of MPs changed at least once their political group affiliation during their

mandate (Figure 1A).

For each voting session in the Chamber of Deputies, we extracted seven features for each Deputy (see

STAR Methods for details): (i) whether the MP was present or absent, (ii) whether the MP was present

but abstained from voting, (iii) whether the vote was cast in a secret ballot, (iv, v) whether the MP voted

in opposition or in favor, (vi) whether the MP voted in agreement with the final decision of the majority

of the Chamber, and (vii) whether the MP voted in agreement with the majority of his/her/their party.

The probability density functions of these features were then compared between PS and single-party

MPs (Figure 1B). Median values were significantly different only for the following features: fraction of votes

in agreement with own party’s majority, of votes in favor of approved legislations, of abstentions from

voting, and participation in secret ballots (Wilcoxon rank-sum test, alpha level set to 0.01). As some distri-

butions appeared bimodal, we additionally performed Kolgomorov-Smirnov test on such voting pattern

distributions. We found all seven voting feature distributions to be significantly different (Kolgomorov-

Smirnov, alpha level set to 0.01) between PS and single-party MPs. Note that the distribution of votes in

favor of approved legislations is bimodal in single-party MPs and unimodal in PS.

We additionally extracted for each MP non-voting features, i.e., independent from the votes expressed in

the Chamber: birth region, election region, education level, gender, number of served terms, and birth

year. Statistically significant differences between PS and single-party MPs were found in the election and

birth region, the number of served terms, the gender, and the birth year (Figure 1C, Wilcoxon rank-sum,
2 iScience 26, 107098, July 21, 2023



Figure 1. Voting and non-voting features of the parliamentarians of the Italian Chamber of Deputies in the XVII legislature

(A) Party switchers cumulative distribution across the XVII legislature, in the text referred to as PS(t). The colored areas represent the fraction of single-party

(blue) and party switcher (red) Deputies.

(B) Distribution (at the end of the XVII legislature) of voting features in single-party (blue) and party switcher (red) MPs. Asterisks indicate a significant

difference in Wilcoxon rank-sum test (RS): absence RS: p > 0.05; agreement RS: p < 0.001; abstained RS: p < 0.001; Approved and in favor RS: p = 0.008;

opposed RS: p = 0.1; in favor RS: p = 0.02; secret RS: p < 0.001. All distributions differed in terms of the Kolgomorov-Smirnov test (alpha level set to 0.01).

(C) Probability distribution of non-voting features in single-party (blue) and party-switcher (red) MPs. Asterisks indicate a significant difference in the

Wilcoxon rank-sum test (RS) for the birth year and the chi-square for the other features (c2): birth region c2: p = 0.03; election region c2: p = 0.01; education

c2: p = 0.89; gender c2: p = 0.002; number of terms c2: p < 0.001; birth year RS: p < 0.001. Election region, number of served terms, and birth year statistically

differed in terms of the Kolgomorov-Smirnov test (alpha level set to 0.01).
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and c2, alpha level set to 0.01). Kolgomorov-Smirnov found instead significant differences only among the

election region, the number of served terms, and the age.

Of note, we found the results remained consistent if we considered only those MPs who changed their po-

litical affiliation in bulk (i.e., more than 10 in the same week, usually near to a government change or the

formation of a novel party) or those that did it individually (see Figure S1). For this reason, we will merge

these two families of party switchers for the remainder of this work.

A machine learning algorithm discriminates party switchers from single-party MPs

The presence of significant differences in voting and non-voting features between the two groups sug-

gested the possibility to build a machine learning algorithm to discriminate between PS and single-party

MPs (Figure 2A). To this aim, we implemented a random forest algorithm (see STAR Methods) to discrim-

inate, at each instant within the legislature, the MPs who changed their party prior to the considered time

point (PS(t), see Figure 1A) from those who did not (non-PS(t)). It is important to note that the non-PS(t)

group includes both single-party MPs and those who will switch their political affiliation at some point

following t. The input to the random forest algorithm to discriminate between PS(t) and non-PS(t) consisted

of the 6 non-voting features, and the 8 voting features computed from the beginning of legislature until
iScience 26, 107098, July 21, 2023 3



Figure 2. Classification of party switchers based on the past votes

(A) Schematic illustration of the classification algorithm. For each time t across the XVII Italian legislature, we collected the MPs who changed their political

affiliation before t; the remaining ones were treated as single-party MPs. Between the beginning of the XVII legislature and time t, we gathered 6 non-voting

and 7 voting features (See STAR Methods for details).

(B) (left) Classification accuracy throughout the legislature of PS(t) and non-PS(t). The dashed red line indicates chance level. Shaded regions indicate

standard deviation of 5-fold cross-validation. (right) Classification accuracy is as in the left panel but expressed as an increase with respect to the chance

level.

(C) Confusionmatrices of the classification of single-party and party switcher Deputies across different months (m.) from the beginning of the XVII legislature.
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time point t (Figure 2A). Please note that in those cases in which the considered time t extends beyond the

party switch day for a given MP, only the votes until the party switch are considered.

At the beginning of the legislature, the two groups were very unbalanced (i.e., there are very few MPs who

already changed their party), and the temporal window in which computing the average fraction of voting

patterns (i.e., the average fraction of absent, opposed, absent votes, etc.) is too short to ensure robust

discrimination. The classification accuracy became significantly higher than the chance level only for

t > 12 months (t-test, p < 0.05 with Bonferroni correction), improving as the size of PS(t) increased along

with the XVII legislature (Figure 2B. Linear regression on the D classification accuracy: slope = 0.27%/

month, p < 0.001 two-sided t-test). The specificity of the party switchers reached almost 2 out of 3 correctly

classifiedMPs during the last 6 months of the legislature (65.8G 1.7%, meanG std, Figure 2C. ‘‘std’’ stands

for standard deviation). The sensitivity of the single-party parliamentarians was instead higher, with an

average value of 96.2 G 5.7% throughout the whole legislature, mean G std (Figure 2C). Accordingly,
4 iScience 26, 107098, July 21, 2023



Figure 3. The fraction of secret voting is sufficient to discriminate between party switchers and single-party MPs

(A) (left) Specific feature relevance ranking in the classification of single-party and party switcher MPs (I first, II second, III third, and IV fourth). (right) Mutual

information of the features. ‘‘n.s.’’ stands for non-significant mutual information.

(B) (left) Classification accuracy throughout the legislature of single-party and party switcher MPs when employing all the features (black line) or only the

fraction of secret votes (blue line). (right) Classification accuracy as in left but expressed as an increase with respect to chance level. Shaded regions indicate

standard deviation of 5-fold cross-validation.

(C) Confusion matrices of the classification of single-party MPs and party switchers based solely on the fraction of secret votes across different months (m.)

from the beginning of the XVII legislature.

(D) Distribution of the fraction of secret votes in single party MPs (blue line), party switchers (red line), and MPs who will change their party in future moments

of the legislature (green line).
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the F1-score remained above about 90% throughout the whole legislature (reaching its minimum of

89.25 G 2.6%, mean G std, at the end of the legislature, see Figure S2A).

Party switchers engage more frequently in secret voting

We investigated the relative relevance of every feature in the classification of party switchers. Themaximum

relevance minimum redundancy (mrmr) algorithm25 (see STAR Methods) identified the fraction of votes in

agreement with party majority as the most relevant feature for the classification task in the first 20 months,

and the fraction of secret votes as the most relevant feature for the rest of the XVII legislature (Figure 3A

left). Mutual information analysis (see STAR Methods) revealed, however, the level of agreement with

the party majority to carry very limited encoding power (0.04G 0.01 bits, meanG std) for the discrimination

of the two MPs groups throughout the whole legislature. The fraction of secret votes was instead the

feature carrying the largest information content after 20 months (0.21 G 0.03 bits, mean G std, for

t > 20 months, Figure 3A right). Additionally, mutual information was also very low for non-voting features

(0.004 G 0.003 bits, mean G std, Figure 3A right).

We then tested whether the information contained in the fraction of secret votes was significant enough to

distinguish the two groups of Deputies by itself. We found that a random forest classifier trained solely on

the fraction of secret votes performed similarly to the same classification algorithm but trained on all of the

14 features (Figure 3B, difference of accuracy [1.4G 3.2]%, meanG std). The specificity of the PS was above
iScience 26, 107098, July 21, 2023 5
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2 out of 3 correctly classified MPs during the last 6 months of the legislature ([67.5 G 0.9]%, mean G std),

similar to the classifier trained with all the features (Figure 3C). The sensitivity, instead, slightly decreased as

compared to the complete classifier: the rate of correctly classified single-party MPs had an average value

of [91.7 G 4.2]% (mean G std) throughout the whole legislature (and dropped to [87.8 G 0.8]%, in the last

six months, mean G std, Figure 3C). A similar trend was also observed when considering the F1-score

(reaching at the end of the legislature a value of 86.2 G 1.9%, mean G std, see Figure S2B).

We found this classification performance to be explained by the fact that for t > 20 months, PS(t) partici-

pated progressively more frequently in secret ballots, as compared to single-party MPs (Figure 3D).

Note that non-PS(t) includes both single-party MPs (i.e., those MPs who stuck with their political affiliation

for the whole legislature) and PS(t*>t) (i.e., the ‘‘future switchers’’): considering, however, these two groups

separately did not affect the results (Figure 3D). Further information concerning the political role of secret

ballots in Italian parliamentary politics can be found in Methods S1.

Voting features predict upcoming party switching

So far,wedeterminedwhich features identifiedparty switcher at agiven time.Wenext investigatedwhether, and

towhat extent, the extracted features retained predictive power in the discrimination between single-partyMPs

and future party switchers. In other words, we explored the possibility of predicting switches occurring after the

time t based on voting and non-voting features defined over time windows preceding t.

To test our features against this prediction task, we adopted the procedure illustrated in Figure 4A (see STAR

Methods for details). Briefly, we paired each party switcher with a randomly selected (without replacement) sin-

gle-party Deputy. For both components of each pair, we considered first the votes over the same 60 days prior

to the switch of the PS component of the pair. The 60-day voting and non-voting features of every pair were then

randomly assigned to the training or the test set with a probability of 0.5. We performed then a classification on

this dataset of PS and single-party MPs with a random forest. Note that crucially we are now predicting the

occurrence of a party switch only based on the MPs’ non-voting features and the votes immediately preceding

the switch itself (by nomore than 60 days). We achieved a highly significant accuracy of [73.3G 3.7]% (Figure 4B

left end and Figure 4C top left, t-test p < 0.001). This means that based on a 60-day observation window, our

algorithm leads to a robust estimate of whether anMP is just about to change party. Additionally, we also found

that setting the considered time window in number of voting sessions (as opposed to days) led to similar results

in terms of prediction accuracy (see Figures S3A and S3B).

We furtherly accessed the relative contribution of voting and non-voting features in the prediction accu-

racy. Prediction accuracy of the random forest solely trained on voting patterns reached [71.1 G 3.3]%,

while it went down to [58.2 G 6.5]% when it was exclusively dependent on non-voting features.

We assessed the possible contribution of votes occurring earlier than 60days before the switch by repeating

the prediction task while sliding the considered time window toward the past (i.e., moving away from the

party switch). As expected, the accuracy of the classifier trained only on non-voting features did not display

any significant temporal structure (Figure 4B, augmented Dickey-Fuller test, p < 0.001), as these features

were time-invariant. The accuracy of the classification algorithm trained on both voting and non-voting fea-

tures or exclusively on voting features was stable up to the [-4, -2] months window, indicating the robustness

of the results. The prediction accuracy decreased only as the considered window was moved further away

from the party switch (Figure 4B). Specifically, as wemoved the considered timewindow away from the party

switch by 6 months, the accuracy of the algorithm trained on the expressed votes approached the accuracy

of the algorithm trained on the non-voting features (mean accuracy of non-voting features across the whole

legislature: [57.6G6.7]%;meanaccuracy of voting features aftermoving the consideredwindowof 6months

before party switching: [62.6G 4.5]%, meanG std). Interestingly, the classifier adopting either voting, non-

voting, or both features never reached the randomguess level of 50%, hence indicating a residual difference

between single-party MPs and party switchers that did not depend on the timing of party leave.

The fraction of votes in agreement with the party majority predicts party switch

As done for the classification algorithm, we then investigated the relative importance of every feature for the

prediction task. The mrmr) algorithm found that the fraction of votes in agreement with the party majority

was the most relevant feature for the prediction. This feature’s predictive power, however, decreased as the

60-day window was moved to over 4 months before the party switch (Figure 5A left). When the window was
6 iScience 26, 107098, July 21, 2023



Figure 4. Prediction of party switching in the Italian Chamber of Deputies

(A) Schematic illustration of the pipeline used for predicting party switching. Briefly, we randomly (without replacement)

coupled a single-party MP with a PS. We considered their votes expressed within 60 days prior to the party change of the

party switcher. The resulting couple was then randomly assigned to the training or test set with a probability of 0.5. This

process was repeated while sliding the 60-day window toward the past (see STAR Methods for full details).

(B) Prediction accuracy of single-party and party switcher MPs extracting voting information from 60-day windows set at

different times before the party switch. The algorithm was trained on only voting (blue line), non-voting (orange line), or

both (black line) set of features. The dashed red line indicates the random guess level. Mean accuracy levels until within a

month to the date of party change were: (i) voting: [70.1G 3.5]%; non-voting: [58.6G 7.2]%; both: [72.2G 3.9]%. MeanG

std. Maximum accuracy levels were: (i) voting: [71.6 G 4.6]%; non-voting: [60.1 G 7.6]%; both: [73.7 G 4.6]%. Max G std.

Shaded regions indicate standard deviation of 5-fold cross-validation.

(C) Confusion matrices of the prediction task described in B.
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moved further back in time, themrmr algorithm relied instead on non-voting features, such as the birth year and

the number of served terms (associated with lower decoding performance). Mutual information analysis (Fig-

ure 5A right) revealed the non-voting features to carry very limited information about the prediction task. The

fraction of votes in agreement with the party majority within 4 months prior to party switching carried, instead,

the larger information content for the prediction task, in agreement with the mrmr algorithm.

We consequently tested whether the information contained in the fraction of votes in agreement with the

party majority was sufficient to predict future switches. We found that the temporal evolution of the median

of the votes in agreement of PS began to drop below the single-party MPs approximately 6 months prior to

party change (Figure 5B).
iScience 26, 107098, July 21, 2023 7



Figure 5. Prediction of party switching employing the fraction of votes in agreement with the party majority

(A) (left) Most important feature (in yellow) as computed by the mrmr (maximum relevance minimum redundancy)

algorithm in the prediction of single-party and party switcher MPs. (right) Mutual information of the features. ‘‘n.s.’’ stands

for non-significant mutual information.

(B) Median of the fraction of votes in agreement with the party majority of single-party (blue line) and party switcher MPs

(red line) (computed in a 60-day window) as a function of the translation backward in time to the party switch. The shaded

region indicates confidence interval.

(C) Prediction accuracy of single-party and party switcher using voting information extracted from a 60-day window. The

prediction was computed as a function of the translation of said window, starting from the party switch day and

proceeding backward in time. We adopted two algorithms: (i) random forest trained on every voting feature (blue line); (ii)

a simple binary yes-no question: ‘‘is the fraction of votes in agreement with party majority greater than 65%? If yes: single-

party MP; else: party switcher MP’’ (black line). Mean accuracy levels within one month to the date of party change based

only on the simple rule was [64.1 G 0.6]%.

(D) Prediction based on concatenated values of features observed over different and non-overlapping intervals of time.

The rightmost point indicates the prediction accuracy of PS and single-party MPs considering all the voting features (blue

trace) or just the level of agreement (black trace) in a 60-day window preceding the party switch (i.e., [-2,0]). Proceeding

toward the leftmost point, each x axis tick represents the prediction accuracy when consistently concatenating the

features extracted from non-overlapping 60-day windows moving away from the party switch event. The procedure

continues until the leftmost point in which the investigation starts from 24 months before the party switching day. The

dashed red line indicates the chance level of 50%. The shaded regions indicate standard deviation.
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A simple classification rule (‘‘Is the fraction of votes in agreement on a 60-day window lower than 65%? Then

the MP is a party switcher’’) performed similarly to the random forest algorithm trained on the whole set of

voting features, reaching a prediction accuracy of [65.6 G 0.3]% (Figure 5C, difference of accuracy [4.4 G

1.7]%, mean G std).

As the fraction of votes in agreement brought information even two months ahead of the switch, we

wondered if considering a longer history in voting could improve our prediction algorithm. We developed

then a second algorithm based on the whole previous history up to a given starting time, with features

again integrated over two months bins. We found that, when considering all features, the maximum pre-

diction accuracy was [79.8 G 5.7]% (against [73.7 G 4.5]% considering only the two months preceding
8 iScience 26, 107098, July 21, 2023
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the switch) and was achieved considering a history of 6 months, after which no further significant improve-

ment was achieved (Figure 5D, black line). Interestingly, very similar values of [77.7 G 5.6]% were achieved

by exclusively considering the temporal evolution of the agreement level between the Deputy and his/her/

their party majority, although this required considering 12 months of votes (Figure 5D, blue line).

Note that it is important to take into account previous history as a vector with the evolution in time of the

features, as simply integrating over longer time windows does not improve the prediction accuracy

(Figure S3).

Application of party switchers classification to the XVIII legislature

We examined the generalizability of the results obtained from the XVII legislature. We found the following

one, the XVIII legislature, to be suitable for this test as, interestingly, party switching played a quantitatively

similar role: 32% of the deputies changed at least once their parliamentary group affiliation during their of-

fice in the XVIII legislature (Figure S4A).

Following the same procedure outlined for the previous legislature (see STAR Methods), we extracted the

voting and non-voting features described above also for the XVIII legislature of the Italian Chamber of Dep-

uties (in office from March 23rd 2018 to October 12th 2022 – see Figures S4B and S4C for the distribution of

the features at the end of the legislature).

Following the pipeline outlined in Figure 2A, we fed these features into a random forest to discriminate

party switcher (PS(t)) from single-party (non-PS(t)) MPs. Similar to the previous legislative term, we found

classification accuracy to increase along the XVIII legislature, becoming significantly higher than the chance

level for t > 16.5 months (Figures 6A and 6B t-test, p < 0.05 with Bonferroni correction). Classification spec-

ificity of party switcher MPs reached 66.6 G 1.5% during the last 6 months of the legislature, while single-

party sensitivity averaged 98.8 G 1.7% in the same period (Figure 6C).

We accessed the importance played by each feature in this classification. The mrmr algorithm in the first

half of the XVIII legislature identified as the most relevant features the fraction of secret votes, the level

of agreement with the party’s majority, and the fraction of abstentions from voting. Mutual information re-

vealed, however, these features to retain a limited amount of encoding power in this time frame (Figure 6C.

For t < 25months: agreement MI: 0.007G 0.008 bits; secret MI: 0.005G 0.012 bits; abstentions MI: 0.008G

0.010 bits). In the second half of the XVIII legislature, instead, bothmrmr and mutual information identified

the fraction of votes cast in secret ballots as the foremost significantly important feature (for t > 25 months

secret votes MI: 0.21 G 0.03 bits). Accordingly, training the classification algorithm solely on secret voting

yielded comparable results to the one instructed on the whole set of voting and non-voting features, both

in terms of classification accuracy (difference of accuracy was 0.2 G 1.8% throughout the whole XVIII legis-

lature, Figure 6D), specificity (67.3G 3.4% during the last 6 months of the legislature, Figure 6E), and sensi-

tivity (97.6 G 1.9% during the last 6 months of the legislature, Figure 6E).

Similar to what was observed for the XVII, the importance retained by the fraction of secret voting in the

XVIII legislature could be explained by the preference of party switchers to cast their votes in secret ballots

as compared to their single-party colleagues (Figure 6F).

Application of party switching prediction to the XVIII legislature

Following the same procedure outlined in Figure 4A, we applied the prediction workflow to the XVIII legis-

lature. In the XVII legislature, we showed how prediction accuracy decreased as the considered time win-

dow in which information was extracted was moved further away from the party switch. In the XVIII legisla-

ture, instead, we found the prediction accuracy to retain little or no temporal structure in relation to the

party switch (Figure 7A, augmented Dickey-Fuller test, p < 0.05). Accordingly, both the mrmr algorithm

and mutual information identified the MPs’ birth regions as the most relevant feature for the prediction

(Figure 7B), regardless of how distant the 60-day window was set from the party switch. The selection as

the foremost relevant feature of a non-voting (hence time-invariant) personal characteristic explains the

aforementioned lack of temporal patterns observed in the prediction accuracy.

We found the importance covered by this feature to be due to the asymmetric distribution of the birth re-

gion of the twoMPs groups across the Italian territory: party switchers were indeed more frequently born in
iScience 26, 107098, July 21, 2023 9



Figure 6. Classification of party switchers based on the past votes in the XVIII legislature of the Italian Chamber of Deputies

(A) (left) Classification accuracy throughout the XVIII legislature of PS(t) and non-PS(t). The dashed red line indicates the chance level. Shaded regions

indicate standard deviation of 5-fold cross-validation. (right) Classification accuracy as in left but expressed as an increase with respect to chance level.

(B) Confusion matrices of the classification of party switcher and single-party MPs at different months (m.) from the beginning of the XVIII legislature.

(C) (left) Specific feature relevance ranking in the classification of single-party and party switcher Deputies (I: first, II: second, III: third, and IV: fourth). (right)

Mutual information of the features in bits. ‘‘n.s.’’ stands for non-significant mutual information (see STAR Methods).

(D) (left) Classification accuracy throughout the legislature of single-party and party switcherMPs when training the random forest classifier on all the features

(black line) or only the fraction of secret votes (blue line). (right) Classification accuracy as in left but expressed as increase with respect to chance level.

Shaded regions indicate standard deviation of 5-fold cross-validation.

(E) Confusion matrices of the classification of single-party and party switcher Deputies based exclusively on the fraction of secret votes across different

months (m.) from the beginning of the XVIII legislature.

(F) Probability density function of the fraction of secret votes in single-party MPs (blue line), party switchers (PS, red line), andMPs who will change their party

in future moments of the legislature (future PS, green line).
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southern regions and on islands (Figure 7C). A such peculiar imbalance was explained by considering the

political events that characterized the XVIII legislature. The party of relative majority ‘‘M5S’’ (Figure 7D) un-

derwent a radical transformation during the XVIII legislature, resulting in a disproportionally high number

of defections: the political party distribution of party switchers was accordingly biased toward ‘‘M5S’’ (Fig-

ure 7E). Incidentally, the birth region of M5S MPs was also disproportionate toward southern regions and
10 iScience 26, 107098, July 21, 2023



Figure 7. Prediction of party switching in the XVIII legislature of the Italian Chamber of Deputies

(A) Prediction accuracy of single-party and party switcher MPs (extracting voting information from 60-day windows) as a function of different times before the

party switch. The algorithm was trained using voting (blue line), non-voting (orange line), and both (black line) sets of features. The dashed red line indicates

the random guess level. Shaded regions indicate standard deviation of 5-fold cross-validation.

(B) (left) Most relevant feature (yellow) in the prediction of party switcher and single-party MPs identified by themrmr algorithm. (right) Mutual information of

the features in bits. ‘‘n.s.’’ stands for non-significant mutual information (see STAR Methods).

(C) Distribution of the Italian birth region (grouped into north, center, south, and islands) in the XVIII legislature of single-party Deputies (upper-left map),

party switchers (upper-right map), and their difference (bottom map).

(D) Distribution of seat allocation at the beginning of the XVIII legislature of the Italian Chamber of Deputies. From left to right: ‘‘Partito Democratico’’ (PD,

red); ‘‘Movimento 5 Stelle’’ (M5S, yellow); Lega (green); FI (‘‘Forza Italia’’, blue).
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Figure 7. Continued

(E) Distribution of party switchers’ original political party.

(F) Distribution of the Italian birth region (grouped into north, center, south, and islands) in the XVIII legislature of M5S party switcher Deputies.

(G) Same as in A) but excluding all the Deputies elected with the M5S.

(H) Same as in B) but excluding all the Deputies elected with the M5S.

(I) Median value of the fraction of votes in agreement with the party majority of single-party (blue line) and party switcher (red line) MPs as a function of the

translation backward in time to the party switch. The shaded region indicates the confidence interval. Please note that the Deputies elected with the M5S

were discarded from this analysis.

(J) Prediction accuracy of single-party and party switcher MPs (excluding all the Deputies elected with the M5S). The prediction was computed with two

algorithms: (i) random forest as in G) (blue line); (ii) a simple binary yes-no question: ‘‘is the fraction of votes in agreement with party majority greater than

65%? If yes: single-party MP; else: party switcher’’ (black line). Shaded region indicates the standard deviation of prediction accuracy.
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islands (Figure 7F). In a nutshell, therefore, the prediction algorithm employed the birth region as a proxy

for identifying M5S Deputies.

We tested whether the M5S unbalanced contribution to the phenomenon of party switching was idiosyn-

cratic to the XVIII legislature. We repeated the prediction workflow outlined before without considering all

the Deputies elected with M5S. Similar to the previous legislature, we found the prediction accuracy to

reach a level of (61.9 G 2.4)% and then decreased as the window moved further away from the party switch

(Figure 7G). Interestingly, we found the prediction accuracy obtained by exclusively using non-voting

features to be indistinguishable from chance level (49.8 G 1.4%, p < 0.01 t-test): this was indicative that

eliminating M5S Deputies was able to dismiss the contribution of the birth region in the discrimination

of single-party and party switcher MPs.

After having discarded M5S MPs, themrmr algorithm found that the level of agreement with the party ma-

jority was themost relevant feature for the prediction until the 60-daywindowwasmoved to 1month prior to

theparty switch (Figure 7H left).When thewindowwasmoved further back in time, themrmr algorithm relied

on other voting features, such as the fraction of opposed votes and the fraction of abstentions. Mutual in-

formation revealed, however, that these two features retained non-significant decoding roles (Figure 7H,

right). The fraction of votes in agreementwith thepartymajority (onlywithin 1monthprior to party switching)

was the only feature retaining significant information, in agreement with the mrmr algorithm.

We consequently tested to what extent the information contained in the fraction of votes in agreement with

the party majority was sufficient to predict future switches. We found that as party change drew nearer, the

median of votes in agreement cast by PS diverged below the single-party MPs (Figure 7I). Accordingly, we

found a simple classification rule (‘‘Is the fraction of votes in agreement on a 60-day window lower than

65%? Then the MP is a party switcher’’) performed similarly to the more sophisticated random forest algo-

rithm trained on the whole set of voting features, reaching a prediction accuracy of [63.8G 0.3]% (Figure 7J,

difference of accuracy [2.1 G 1.5]%, mean G standard deviation).

DISCUSSION

Wepresented a simplemachine learning approach able to predictMPs’ votingdynamics based on the availabil-

ity of past votes data. We found that the information about future switches could be extracted within two to six

monthsearlier than theactual switch. In theXVII legislature, the likelihoodofpredicting the switchwas20%above

chance considering all the available features. The strongest determinant was the agreement level between the

votes expressed by theMPs with the majority of their political group. Considering only this feature led to an es-

timateof the likelihoodofparty switch15%more accurate than chance. Thisdynamicheld (to a lesser extent) also

for the XVIII legislature, although superimposed on the dynamics of the breakdown of a party, which also led to

several party switches. These results suggest that relevant information about future party switches of individual

MPs can be extracted by a simple analysis of the temporal pattern of their votes.

Crucially, previous studies1,3,4,7,10,14–19 did not address the prediction of future switches but focused only

on identifying features that distinguish party switchers from single-party MPs (as we did in Figures 1, 2, 3,

and 6). We designed a prediction algorithm both because we aimed at a statistical tool potentially useful

for political practices, and also because we hypothesized that the stronger constraints of this kind of algo-

rithm (e.g., focusing on the time immediately preceding the switch) could also providemore information on

the actual causes of the switch. Another major difference with the aforementioned works is that we followed

a ‘‘hypothesis-free’’ approach, developing algorithms able to classify/predict switches without any
12 iScience 26, 107098, July 21, 2023
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assumption about the reasons leading to the switch. Coherently, the dataset collected about the Deputies

in our work is made up of features that form the direct readout of their parliamentary activity, without any

heuristic consideration of the political, institutional, or economic background. In this sense, this work did

not rely on any composite variable highly dependent on some underlying hypothesis. This ‘‘hypothesis-

free’’ non-parametric approach has two very important features: (i) it might be also applicable to other par-

liamentary democracies; (ii) it allowed us to highlight the (unexpected) relevance of participation in secret

ballots (see Methods S1). Moreover, previous studies did not identify these features with a machine

learning approach but with a linear proportional hazards regression model,26,27 which requires the inde-

pendence of survival times between the distinct individual in the sample, a very strong (and questionable)

assumption when applied to the party switching of different MPs.

The possibility of predicting switches suggests that selected voting features are able to capture the dy-

namics leading to party switching. In particular, the slow but steady decrease in the level of voting in agree-

ment with the party majority suggests that policy motivation is the most prominent determinant behind

party switching, coherently with previous studies.28,29 Indeed, it would be counter-productive for office-

seeking MPs to express their disagreement months before deciding to leave it. The presence of the

drop in agreement level might display instead an index of increasing ideological divergence between

the PS and their (soon-to-be-ex) parties. Accordingly, once it drops below a certain threshold, its natural

consequence is a change in political affiliation. Interestingly, also the prominence of secret votes in party

switcher can be more easily interpreted as a way to push a political agenda, even when in disagreement

with the MP’s party, rather than as an office-seeking strategy, as only the former benefits from anonymity.

The efficacy of the proposed algorithms relies on the selection of the relevant features (and timewindow) for

the classification and prediction of party switches rather than algorithmic optimization, as we heuristically

selected a single machine learning algorithm, i.e., random forest. Despite being characterized by a simple

approach, random forest is well suited for our particular datasets due to its ability to deal simultaneously

with categorical and numerical variables and to its robustness against lack of balance and outliers. Accord-

ingly, a survey of classification accuracy levels on the XVII legislature across different classification algo-

rithms (specifically K Neighbors; Support Vector Classification; Gaussian Process; Decision Tree; Random

Forest; Multi-Layer Perceptron; AdaBoost; GaussianNaive Bayes; Quadratic Discriminant Analysis. See Fig-

ure S2C) revealed the random forest as being one of the best in terms of accuracy levels (Figure S2C). We

want however to stress that we implemented this comparative test by using the default hyperparameters

provided by the scikit-learn library implementation.30 It is therefore plausible that hyperparameter optimi-

zation might yield better classification performance. This algorithmic analysis goes however beyond the

scope of the current work, and it would be in our opinion best suited for follow-up methodological studies.

We indeed reiterate that goal of this work is to prove the possibility of employing machine learning tools to

shed light upon Parliamentarians’ voting dynamics, regardless of the specific algorithm employed or the ac-

curacy levels obtained. Note, furthermore, that the assessment of the features’ importance relied also on

information theory, a non-parametric approach that gives an upper bound to decoding performances

and, most importantly, does not depend on the choice of the algorithm.31

The robustness of our approach could be further tested by extending it to other datasets as the other

Chamber of the Italian Parliament, i.e., the Senate. Moreover, our algorithm might be extended by adding

to the information about the individual MP information about the parties’ dynamics (heterogeneity of each

party’s votes, numerosity of the party, the fraction of MPs that have already left the party, and so on). Future

works might also involve extending (and possibly adapting) the presented algorithms to predict party

switching in other Parliaments (such as the European Parliament or the Japanese Parliament).

Finally, we would like to highlight that the presented approach could be used to tackle different issues in

parliaments in which party switching is not a common event, for instance, to predict whether MPs will vote

coherently with their party on a specific topic.
Limitations of the study

Although the methodological framework outlined in this study has the potential to be applied as is to other

parliamentary democracies, it is worth mentioning that our findings are solely focused on the Italian Parlia-

ment. Therefore, results and conclusions concerning the nature of party switching obtained in this study

may not be generalizable to other parliamentary democracies.
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We decided to investigate the determinants of party switching with a ‘‘party-free’’ approach. This means

that we opted not to include any information concerning parliamentary party system. This choice allowed

for greater generalizability of our results since we did not rely on any parametric political model that might

not be applicable outside the Italian Parliament. However, it is worth noting that including party informa-

tion (such as party labels before and after the switch or the ideological heterogeneity of the origin/desti-

nation party) could improve the accuracy of classification/prediction and provide a better understanding of

how party organization influences party switching.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

Matlab Mathworks https://www.mathworks.com/

Python Python Software Foundation https://www.python.org/

Information theory toolbox Publication https://10.1186/1471-2202-10-81

Other

Italian Chamber of Deputies platform for data sharing Linked Open Data https://dati.camera.it/it/

Custom code for classification and prediction of party

switcher Deputies

https://github.com/nicolomeneghetti/

Italian_Chamber_Deputies_Analysis
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the Lead Con-

tact, Prof. Silvestro Micera (silvestro.micera@epfl.ch).

Materials availability

This study did not generate new unique reagents.

Data and code availability

d This paper analyzes existing, publicly available data. The data are available at http://dati.camera.it/. This

link leads to a publishing and sharing platform for Linked Open Data on the activities and bodies of the

Chamber of Deputies, available for free download or querying.

d The original code for classification and prediction of party switcher Deputies has been deposited at

https://github.com/nicolomeneghetti/Italian_Chamber_Deputies_Analysis and is publicly available as

of the date of publication.

d Any additional information required to reanalyze the data reported in this paper is available from the

lead contact Prof. Silvestro Micera (silvestro.micera@epfl.ch) upon request.
METHOD DETAILS

Data collection

We extracted the votes and the non-voting features of the MPs of the XVII and XVIII legislatures of the Ital-

ian Chamber of Deputies. The datasets were extracted from the official open data platform of the Italian

Chamber of Deputies (http://dati.camera.it/). The query language employed for the dataset collection

was Sparql. We extracted every voting session available from the Italian Chamber of Deputies for both leg-

islatures. Specifically, we collected for the XVII [XVIII] legislature: Articles (‘Articolo’): 2929 [1430] voting ses-

sions; Closing of discussion (‘Chiusura della discussione’): 10 [6] voting sessions; Resignations (‘Dimis-

sioni’): 13 [5] voting sessions; Documents (‘Documenti’): 103 [23] voting sessions; Amendment

(‘Emendamento’): 15860 [5228] voting sessions; Final Act Chamber (‘Finale atto Camera’): 466 [368] voting

sessions; Motion (‘Mozione’): 1561 [607] voting sessions; Note of variation (‘Nota di variazione’): 5 [1] voting

sessions; Agenda (‘Ordine del Giorno’): 3489 [2546] voting sessions; Preliminary (‘Pregiudiziale’): 102 [31]

voting sessions; Suspensive matter (‘Questione sospensiva’): 9 [1] voting sessions; Resolution (‘Risolu-

zione’): 372 [440] voting sessions; Others (‘Altre’): 9 [21] voting sessions.

There were 671 Deputies in the XVII legislature and 660 in the XVIII: in both cases, the maximum in office at

the same time was 630 Deputies. For each one of them, we collected the following non-voting features:

name and family name; date of birth; place of birth (divided into 5 categorical labels: north, center, south,

islands, abroad); education level (divided into 5 categorical labels: low-level, middle-level, diploma,
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degree, Ph.D.); gender; beginning and ending date of the mandate; electoral district(divided into 5 cate-

gorical labels: north, center, south, islands, abroad); political party affiliation(s); the number of served

terms. Please note that these features consisted of the whole set of personal data available in the repository

we employed in our analysis - no personal information was discarded or taken from external resources. We

furthermore extracted the preferences expressed in every voting session (for a total of 24928 in the XVII and

10707 in the XVIII throughout the whole legislatures) by every legislator (if present). Consequently, we

computed, for every voting session and every Deputy: (i) present (or absent): whether the MP is present

in a given vote; (ii) agreement: whether the MPs have voted alike the majority of their party; (iii) abstained:

whether the MP abstained on the vote; (iv) in favor: whether the MP voted in favor of the proposed piece of

legislation; (v) opposed: whether the MP voted in order to reject the proposed piece of legislation; (vi)

approved and in favor: whether the MP voted in favor of the piece of legislation that was then approved

by the Chamber; (vii) secret: whether the vote was a secret ballot. Hence, when investigating the difference

between single-party and party switchers MPs in a given temporal window, the fraction of these voting

features was computed (for each MP separately) and then fed to the classifier. The probability density

functions of these features (considering the whole legislature, see Figure 1) in the Deputies groups were

estimated via a kernel smoothing function estimate (ksdensity in Matlab).

QUANTIFICATION AND STATISTICAL ANALYSIS

Classification of party switchers and single-party MPs

The classification estimator was chosen to be random forests32,33 due to the relative simplicity, robustness

against dataset imbalance and outliers, and the possibility to handle categorial other than numerical

variables.

A stratified (according to target distribution) 5-fold random search was conducted to find the best hyper-

parameters for the model, optimizing the accuracy on the test set. The tested hyperparameters were the

number of estimators, the depth of each estimator, the minimal number of samples required to split a

node, the minimal number of samples required to be at a leaf node, the number of features to consider

at every split, and the maximum number of levels in the tree. We computed the improvement on the accu-

racy of the randomly searched hyperparameters as compared to the default hyperparameters based on the

implementation of the scikit-learn library in Python.30 As no significant improvements were found in 50 it-

erations of the random search ([0.6G1.3] %, meanGstandard deviation) we kept for the analysis here pre-

sented the default hyperparameters values.

We applied the classification pipeline to our dataset in a time-varying fashion (Figure 2A). Briefly, for every

discrete step t of 15 days across the whole legislature, the MPs were split into PS(t) (i.e., those MPs that

changed their political affiliation prior to t) and non-PS(t) (i.e., those MPs that have not yet, or never will,

change their political affiliation prior to t). For each time step, a stratified 5-fold random forest classifier esti-

mation was performed on the resulting dataset.

Empirical chance levels were computed using a dummy classifier, i.e., a classifier fit on data with randomly

shuffled labels.

Feature importance

To assess the contribution of every feature to the classification of party switchers and single-party Deputies,

we used two different approaches. The first one is the maximum relevance minimum redundancy algorithm

(mrmr).25 Briefly, the mrmr is a minimal-optimal feature selection algorithm. This means it is designed to

iteratively rank the features’ relevance for a given machine learning task while minimizing the redundancy

with previously identified features. In our case, we adopted the mrmr algorithm to sort the importance of

every feature in the classification/prediction of single-party and party switcher MPs. For the sake of clarity,

we decided to report only the three most important features in Figures 3 and 6, and the most important

feature in Figures 5 and 7.

The second approach is mutual information.34 All information quantities were computed in Matlab with In-

formation Breakdown Toolbox.35 Probabilities density estimates were computed by discretizing the nu-

merical features (i.e., the birth year and the fraction of absence, presence, votes in agreement, abstained,

in favor, opposed, approved and in favor, and of secret votes) into 5 equi-populated bins. Limited dataset

bias was accounted for by applying the Panzeri-Treves correction.36 The level of significant information was
iScience 26, 107098, July 21, 2023 17
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estimated by applying a bootstrap procedure (with 500 iterations) following the methods proposed in.37–39

The bootstrap procedure consisted of randomly pairing the MPs’ features with the labels (i.e., single-party

or party switcher).

The alpha level was set to 0.05 and corrected with the extreme pixel-basedmultiple comparison method.40
Prediction

To test the prediction task, we adopted the procedure graphically described in Figure 4A. We paired each

party switcher with a randomly (without replacement) selected Deputy belonging to the single-party group

during the whole legislature. Please note how the resulting dataset is now balanced. For both components

of each pair, we considered the votes over the same 60 days prior to the switch of the party switcher compo-

nent of the pair. Every pair was consequently assigned to the train or the test set with a probability of 0.5.

The resulting dataset was fed to a random forest algorithm. This procedure was repeated 5 times and the

prediction results reported in the manuscript are the average across such repetitions. Afterward, this

approach was repeated by sliding the 60-day window back towards the past in discrete steps of 3 days

(i.e., moving away from the day of party switching).
18 iScience 26, 107098, July 21, 2023


	Predicting party switching through machine learning and open data
	Introduction
	Results
	Voting features differ between party switcher and single-party members of parliament
	A machine learning algorithm discriminates party switchers from single-party MPs
	Party switchers engage more frequently in secret voting
	Voting features predict upcoming party switching
	The fraction of votes in agreement with the party majority predicts party switch
	Application of party switchers classification to the XVIII legislature
	Application of party switching prediction to the XVIII legislature

	Discussion
	Limitations of the study

	Supplemental information
	Acknowledgments
	Author contributions
	Declaration of interests
	References
	STAR★Methods
	Key resources table
	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Method details
	Data collection

	Quantification and statistical analysis
	Classification of party switchers and single-party MPs
	Feature importance
	Prediction




