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A New Longitudinal Classification Method Based
on Stacking Predictions for Separate Time Points

Simon Provost and Alex A. Freitas

University of Kent, Canterbury, United Kingdom
simon.gilbert.provost@gmail.com, a.a.freitas@kent.ac.uk

Abstract. Biomedical research often uses longitudinal data with re-
peated measurements of variables across time (e.g. cholesterol measured
across time), which is challenging for standard machine learning algo-
rithms due to intrinsic temporal dependencies. The Separate Waves (Sep-
Wav) data-transformation method trains a base classifier for each time
point (“wave”) and aggregates their predictions via voting. However, the
simplicity of the voting mechanism may not be enough to capture com-
plex patterns of time-dependent interactions involving the base classi-
fiers’ predictions. Hence, we propose a novel SepWav method where the
simple voting mechanism is replaced by a stacking-based meta-classifier
that integrates the base classifiers’” wave-specific predictions into a final
predicted class label, aiming at improving predictive performance. Ex-
periments with 20 datasets of ageing-related diseases have shown that,
overall, the proposed Stacking-based SepWav method achieved signifi-
cantly better predictive performance than two other methods for longi-
tudinal classification in most cases, when using class-weight adjustment
as a class-balancing method.

Keywords: Longitudinal Data - Classification - Supervised Machine
Learning - Age-Related Diseases - Data Transformation

1 Introduction

Longitudinal data track the same subjects over time, capturing their character-
istics (features) across multiple time points, also called “waves” (3,10, 16]. This
type of data is common in biomedical research; e.g., blood pressure and choles-
terol are recorded over time for various diseases and conditions [19]. Traditional
supervised machine learning techniques struggle with longitudinal data due to
temporal dependencies, irregular sampling, and diverse patient histories [1,21].

There are two approaches for longitudinal data classification [16], viz. data
transformation and algorithm adaptation. Data transformation converts longi-
tudinal data into a static format, making it suitable for a wide range of standard
classification algorithms. However, this approach often ignores temporal rela-
tionships. Algorithm adaptation adapts classification algorithms to account for
temporal patterns in the data. Nevertheless, this approach often requires complex
designs and tools, making it less accessible than data-transformation methods.

This work focuses on the data-transformation approach, specifically the Sep-
arate Waves (“SepWav”) method [16]. In the context of longitudinal data, where
features are recorded at various time points (waves), SepWav learns a classifier



for each wave-specific feature in longitudinal data. For example, one classifier re-
ceives first-wave blood-test data, while another receives second-wave blood-test
data. The classifiers’ predictions are then combined, e.g. using a majority voting
mechanism, selecting the class label with the most votes from all wave-specific
classifiers [6]. Although SepWav preserves wave-specific patterns compared to
other transformation methods (see section 2), the simple nature of its voting
mechanism may fail to leverage patterns learnt across waves.

To tackle this limitation, we propose a novel SepWav method where the
simple voting mechanism is replaced by a more sophisticated stacking-based
meta-classifier that integrates wave-specific class-probability predictions into a
final predicted class label, aiming at improving predictive performance.

The proposed stacking-based SepWav method was evaluated in experiments
with 20 datasets of ageing-related diseases from the English Longitudinal Study
of Ageing (ELSA) [4]. This is an important type of biomedical dataset given
global healthcare pressures from ageing populations [24].

The experiments compare our new stacking-based SepWav method against
two other methods: (a) a baseline random forest without using SepWav and
(b) standard SepWav with majority voting. The experiments also consider two
class-balancing scenarios: (a) without using any class-balancing method, i.e.,
using the originally imbalanced class distributions of each dataset; and (b) us-
ing class-weight adjustment as a class-balancing method. The results show that
the combination of the proposed SepWav method and class-weight adjustment
produced, overall, the best predictive performance results.

The remainder of this paper is structured as follows. Section 2 discusses
the background on longitudinal classification, focusing on data transformation
methods. Our proposed stacking-based SepWav method is described in Section
3. In Section 4, the experimental setup is presented, followed by results and
discussions in Section 5. Section 6 concludes and discusses future works.

2 Background on Longitudinal Classification

Longitudinal classification is a variant of the classification task of machine learn-
ing where some features take values at multiple time points (“waves”) [3,16]. The
goal is to learn a model for predicting the class label (Y') of each instance, consid-
ering the temporal evolution of feature values across the waves. More precisely,
the goal is to learn a predictive model (classifier function) of the form:

Y« f(X1,1,X12,.... X175 Xp1, Xp2,...,. XD 1)

where X; ;,4=1,...,D,j =1,...,T, is the value of the i-th feature at the
Jj-th wave (time point) for the current instance, D is the number of features (the
data’s dimensionality), and T is the number of waves. Standard machine learning
algorithms, which are in general designed for coping with static (no temporal di-
mension) data, falter when confronted with the temporal dependencies inherent
in longitudinal data [1].

Note that in this work we address a type of longitudinal classification task
where the features are longitudinal (measured across multiple time points), but



the class variable is static (measured at a single time point). There are other
variations of longitudinal classification where the class variable is also longitu-
dinal [9], but such classification tasks are out of the scope of this paper.

As mentioned earlier, this work focuses on the data-transformation approach,
which converts longitudinal data into a data format suited for standard classifi-
cation algorithms. This approach has the advantage that any standard classifi-
cation algorithm can be applied to the transformed data, but the disadvantage
that the data transformation method employed involves some loss of relevant
temporal information, by comparison with the original longitudinal data.

One common method based on this approach is Merge Waves Minus Time
Indices (MerWav-Time(-)) [16], called Longitudinal Features Non Sequential
in [3]. MerWav-Time(-) “flattens” features across all waves into a single feature
set, so that the value of each feature at each wave is considered a distinct feature,
losing the temporal information associated with the time indices (wave ids). For
example, the values X;; and X; > of a longitudinal feature X; at waves 1 and 2
are treated as two independent features, ignoring the fact that they are temporal
variations of the same longitudinal feature. In other words, while enabling the
use of standard algorithms, this method discards temporal ordering, risking bias
by treating correlated measurements as completely independent. This simplicity
makes it a common baseline method in the literature, but its limitations motivate
more sophisticated methods for longitudinal classification. The MerWav-Time(-)
method has been used, e.g., in [8,20,25].

This work focuses on the Separate Waves (SepWav) method [16], also based
on the data-transformation approach. Figure 1 illustrates the SepWav method for
longitudinal classification. It trains a classifier C; (j = 1,...,T) using each wave
J’s specific features (j = 1,...,T), where T denotes the number of waves and
the number of classifiers. Each classifier is trained independently from the others
using the feature set X, ;, where the subscript *, j represents all features at wave
j. All classifiers predict the same class variable Y — in this work, the presence
or absence of a disease in the last wave. Finally, as shown in Figure 1’s box (A),
these wave-specific predictions are aggregated, usually through majority voting
or weighted voting. In this work, where this standard SepWav method is used as
a baseline method in our experiments, majority voting is used to aggregate the
binary class predictions: P = mode(C(Xx 1), Co(Xs2),...,Cn(Xs 1)), where
Cj(Xy,;) is the class label predicted by the classifier for wave j (j = 1,...,T).
This SepWav method has been used in [7,22,23].

Unlike MerWav-Time(-), SepWav maintains the integrity of wave-specific
patterns by refraining from merging the features across waves, thereby reducing
the bias that could arise from considering related measurements as independent.

Note that, since each base classifier in a SepWav method is trained with
features from just one wave (time point), temporal patterns are considered only
when integrating the predictions of the base classifiers. In a standard SepWav
method this integration is performed by a simple voting mechanism, which may
not capture well more complex temporal patterns involved in the aggregation of
the base classifiers’ predictions.



This shortcoming of the standard SepWav method motivates our proposal of
a stacking-based mechanism (based on a meta-classifier) to integrate the predic-
tions of the wave-specific base classifiers, as detailed in Section 3.
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Fig. 1: Overview of the Separate Waves (“SepWav”) method for longitudinal data clas-
sification. At the left end of the figure, the longitudinal dataset is decomposed into T’
datasets, one per wave (time point), each dataset with N instances and D features. In
the middle, a separate classifier is trained for each wave. At the right end of the figure,
wave-specific classifier predictions can be aggregated using one of two mechanisms: (A)
Majority Voting, the usual mechanism in the literature (Section 2), or (B) Stacking,
the proposed mechanism (Section 3).

3 The Proposed Stacking-Based Separate Waves Method
for Longitudinal Classification

This work proposes a novel stacking-based Separate Waves (SepWav) method
for longitudinal classification.

Recall that stacking is a meta-learning mechanism where first many learn-
ers are trained independently of one another, producing base predictive models
(classifiers), and then a “meta-learner” is trained to produce a meta-classifier
based on the outputs of the base classifiers [13], thereby improving the capacity
to model intricate patterns within the data.

The basic idea of our proposed SepWav method consists of using a more
sophisticated mechanism for aggregating the outputs of the base classifiers (one
for each wave), based on stacking, instead of simply using majority voting for that
aggregation as in the standard SepWav method. The motivation for the proposed
stacking-based method is that, due to learning a meta-classifier from all the
base classifiers’ class-probability predictions, stacking should capture temporal
dynamics and base-classifier interactions better than simpler voting methods.

Figure 1 shows the difference between a standard SepWav method (Section
2) and the proposed stacking-based SepWav method. Note that both types of
SepWav methods learn a separate base classifier from each wave’s feature set,



but they differ in how they aggregate those classifiers’ predictions. The box
(A) in the figure shows that a standard SepWav computes the majority vote
among the class labels predicted by the base classifiers, whilst the box (B) shows
that the proposed SepWav method uses a stacking-based mechanism, where a
meta-classifier is trained to predict an instance’s class based on meta-features
representing the positive-class probabilities output by the base classifiers.

More precisely, the proposed SepWav method works as follows. For a dataset
with T" waves, we train T base classifiers (trained independently from each other),
namely a classifier C; for each wave j, j = 1,...,T, where each C; is trained
with a subset of the training data containing all features at wave j and the class
variable Y. Note that, although the classifiers are trained with different feature
sets (from different waves), all classifiers are trained to predict the same class
variable, which usually is a variable measured in the last (most recent) wave, as
is the case in this work. Then, the values of the probability of the positive class
predicted by those T classifiers, denoted V; (j = 1,...,T), become meta-features
of the meta-training set that will be fed into the meta-classifier:

V=[W,Va,.... V1] (1)

A meta-classifier M is then trained on (V,Y) to produce the final predicted
class. Hence, M computes the predicted class of each new (test) instance x as:

P(x) = M(V(x)) (2)

This mechanism allows M weighing and integrating the base classifiers’ pre-
dicted probabilities of the positive class, based on their relative relevance and
their interactions, potentially detecting patterns missed by simpler voting schemes.

We use Logistic Regression [11] as the meta-classifier in our experiments,
as it works well with the small number of meta-features (one per wave) for
our datasets (which have 4 or 7 waves, as detailed in Section 4). Other meta-
classifiers could be used in future research, particularly for datasets with much
larger numbers of waves (leading to much larger numbers of meta-features).

We are aware of only one work using SepWav and stacking for longitudinal
classification [22], where the class variable is longitudinal and the meta-learner
is a longitudinal classification algorithm (LSTM). By contrast, in our work the
class variable is static (see Section 2), and so there is no need to use a longitudinal
classification algorithm as the meta-learner.

4 Experimental Setup

This section describes the datasets, the methods, and the evaluation methodol-
ogy used in the experiments, and how imbalanced classes were addressed.

4.1 The Datasets Used in the Experiments

We used longitudinal datasets from [17], based on the popular English Longi-
tudinal Study of Ageing (ELSA) database [4]. The ELSA database tracks core
participants, who are 50 years of age or older and reside in the United Kingdom,
through repeated interviews. In our experiments we used two types of ELSA



datasets, which we refer to as: (a) ELSA-nurse, with biomedical data collected
every four years by a nurse or health professional; and (b) ELSA-core, with data
from core interviews conducted every two years. These datasets derive from the
work in [17], which created 20 longitudinal datasets, each combining a set of core
or nurse data (features) with one of 10 age-related diseases as the class variable.

The 10 ELSA-nurse datasets contain 7,096 instances and 140 biomedical fea-
tures from waves 2, 4, 6, and 8 of the ELSA study, as well as a class variable from
wave 8. The ELSA-core datasets contain 8,405 instances and 171 features, nearly
all from ELSA waves 1-7 (except age, from wave 8), and a class variable from
wave 8. Note that, for each type of ELSA data (nurse or core), in general all 10
datasets have the same set of features (with a minor exception for diabetes-nurse
data, see below), but the 10 datasets have different binary class variables, each
representing the presence or absence of a different age-related disease. Missing
values were imputed in a data preprocessing phase. The process of creating these
datasets is described in detail in [17].

We made a simple modification in just one of those 20 datasets, the dia-
betes dataset with Nurse data, where we removed a single longitudinal feature:
“HbA1c”, since this feature is directly used to clinically decide whether a patient
has diabetes (i.e., it is not fair to use this feature to predict diabetes [18]).

Table 1 shows the class distribution of each of the 20 datasets (2 datasets per
row) used in the experiments. The second and third columns show the percent-
age of positive instances (individuals with the disease) for the Nurse and Core
datasets. The final two columns show the class imbalance ratio — the ratio of
the number of instances in the majority (negative) class divided by the number
of instances in the minority (positive) class — for the Nurse and Core datasets.

Table 1: Class distribution in each dataset

Disease Posit. class %|Posit. class %|Class imbalance|Class imbalance
(Nurse) (Core) ratio (Nurse) ratio (Core)
Arthritis 42.57% 39.65% 1.35 1.52
Hbp 40.21% 38.72% 1.49 1.58
Cataract 32.72% 29.60% 2.06 2.38
Diabetes 13.33% 12.83% 6.50 6.80
Osteoporosis| g o7 8.45% 9.85 10.84
(Osteop.)
Stroke 5.93% 5.45% 15.86 17.35
?gj;taf_\ﬁ%‘ 5.65% 5.25% 16.70 18.06
Angina 3.64% 3.39% 26.51 28.49
Dementia 2.09% 1.92% 46.95 51.20
Parkinsons 0.93% 0.89% 106.53 111.07
(Parkin.)




4.2 The Methods Evaluated in the Experiments

In our experiments, we compare three methods within the data-transformation
approach for longitudinal classification. All methods use Random Forest as a base
classification algorithm for a fair comparison of the different methods’ results.

The baseline method, which is the most popular and simplest method to
apply standard (non-longitudinal) classification algorithms to longitudinal data,
is the MerWav-Time(-) method. As described in Section 2, this method
“flattens” the sets of features from all waves into a single feature set, ignoring
the time indices of the features. IL.e., the values of a feature at different time
points (waves) are simply treated as completely different features so that the
temporal relationship between different values of the same longitudinal feature
is no longer explicitly represented in the data. Then, a standard classifier (in
this work, Random Forest) is trained on the flattened data. Hereafter we refer
to this method as Standard Random Forest (Std-RF').

The other two methods use the SepWav method, training a separate Random
Forest classifier on each wave but differing in how they combine the outputs of the
base classifiers. SepWav with Majority Voting (SW-RF-MYV) aggregates
the base RF classifiers’ predicted class labels via majority voting.

Finally, the proposed SepWav enhanced by Stacking with Logistic Re-
gression (SW-RF-SLR) uses stacking with Logistic Regression as the meta-
classifier to integrate the probabilities of the positive class predicted by the base
RF classifiers (see Section 3 for details).

The Random Forest algorithm, implemented in the Scikit-Learn library [14]
with default hyperparameters, served as the main classifier in Std-RF and as
the base classifiers in the two SepWav methods. The SepWav method is imple-
mented in Scikit-Longitudinal, a recently designed Scikit-Learn-like library for
longitudinal machine learning [15]; please see the Code Availability section.

4.3 Evaluation Methodology

The predictive accuracy of each method is assessed by two metrics: (a) the well-
known Area Under the Receiver Operating Characteristic Curve (AUROC) [2];
and (b) the Geometric Mean (GMean) of sensitivity and specificity [12], where
sensitivity is the proportion of positive-class instances correctly predicted as
positives and specificity is the proportion of negative-class instances correctly
predicted as negatives.

To estimate generalisation performance, we use a well-known 10-fold cross-
validation procedure. l.e., the dataset is randomly divided into 10 equal-sized
folds, and in each iteration, one fold serves as the test set, while the remaining 9
folds are merged and used as the training set. This process is repeated 10 times,
with each fold used as the test set once. The reported values of the AUROC and
GMean metrics are computed as their average values across the 10 test sets.

For each table of results reported in Section 5, the statistical significance of
the results is analysed in two steps. First, the Friedman test [5] (which has the
advantage of being non-parametric) is used to assess whether or not there is a
statistically significant difference among the results of all compared methods as a



whole, based on the standard significance level a = 0.05. Second, if the Friedman
test’s p-value was significant (p < 0.05), the Holm’s post-hoc test [5] is used to
compare the control method against each other method—the control method is
the best method (based on the current metric). For each pairwise comparison
(control vs. another method), the control method is deemed significantly better
than another method if the Holm’s test p-value is smaller than the corresponding
adjusted alpha—see [5] for details of the calculation of adjusted alpha values,
which incorporates a correction for multiple hypothesis testing.

4.4 Coping with Class Imbalance

Given the class imbalance in our datasets (see Table 1), we evaluated each
method in two scenarios. In the imbalanced-classes scenario, no class-balancing
method was applied, i.e., all models were trained on the original imbalanced
datasets, as a baseline scenario. In the class-weight adjustment scenario, before
training the classifiers, we adjusted instance weights to balance the influence
of minority and majority classes using a “balanced” weighting scheme, as used
in [11]. The weight w; for each instance in class j was calculated as w; = ﬁ,
where n is the number of training instances, k is the number of classes (2 in our
datasets), and n; is the number of instances in class j. These instance weights
were applied only to the training set, leaving the test set with its original imbal-
anced class distribution to reflect real-world conditions.

We also performed preliminary experiments with the well-known random
undersampling and SMOTE class-balancing methods, but overall their results
were not very good, so they are not reported here.

5 Computational Results and Discussion

This section presents results on the predictive accuracy of the three methods
mentioned in Subsection 4.2: Std-RF, SW-RF-MV, and SW-RF-SLR; using the
GMean and AUROC metrics across the 20 datasets described in Section 4.1.

Subsection 5.1 compares the methods in the imbalanced-class (baseline) sce-
nario, whilst Subsection 5.2 compares the methods in the class-weight adjust-
ment (balanced-class) scenario. Finally, Subsection 5.3 compares all 6 combina-
tions of 3 methods times 2 class-balancing scenarios.

5.1 Comparing Methods in the Original Imbalanced-Classes
Scenario

Tables 2 and 3 present the GMean and AUROC results for each method in the
scenario with imbalanced classes as in the original dataset, i.e., without applying
any class-balancing technique. In these tables, the best-performing method for
each dataset (in each row) is highlighted with boldface font. In addition, the
row after the results for all datasets provides the average rank of each method
across datasets. The methods’ average ranks are calculated as follows. First, for
each dataset, the best method (based on the current metric) is assigned rank
1, and the worst method is assigned rank 3. If there is a tie between two or



more methods, the ranks are divided proportionally among the tied methods.
E.g., if two methods are tied as the best method, each gets rank 1.5. Then, for
each method, its average rank is averaged over the 20 datasets. Finally, the last
row in Tables 2 and 3 shows the p-value obtained by the Friedman test when
comparing the results of all methods as a whole (see Subsection 4.3).

For the GMean metric (Table 2), Std-RF achieved the best (smallest) average
rank (1.88), a little better than the average ranks for SW-RF-SLR (1.95) and
SW-RF-MV (2.17). However, the Friedman test produced a p-value of 0.479,
indicating that there are no statistically significant differences among the results
of the 3 methods as a whole.

For the AUROC metric (Table 3), SW-RF-MV achieved the best average rank
(1.65), substantially better than the average ranks for Std-RF (1.95) and SW-
RF-SLR (2.40). However, the Friedman test’s p-value (0.058) is slightly above
the significance level threshold of 0.05, so again the differences among the results
of the 3 methods do not reach statistical significance.

In summary, in the original (baseline) imbalanced-classes scenario, there were
no statistically significant differences among the results of the 3 methods.

Table 2: GMean results for Std-RF, Table 3: AUROC results for Std-RF,
SW-RF-MV and SW-RF-SLR, SW-RF-MV and SW-RF-SLR,
without any class-balancing method  without any class-balancing method

Dataset ‘Std-RF SW-RF-MV SW-RF-SLR Dataset ‘Std-RF SW-RF-MV SW-RF-SLR
EC_ Angina 0.0000 0.0000 0.0000 EC_ Angina 0.7542 0.7811 0.7504
EC_ Arthritis 0.7204 0.7002 0.7154 EC_ Arthritis 0.8116 0.8084 0.8101
EC_ Cataract 0.4646 0.5369 0.0000 EC_ Cataract 0.7445 0.7618 0.7440
EC_Dementia | 0.1353 0.0000 0.2596 EC_Dementia | 0.8544 0.8650 0.8402
EC_Diabetes 0.1811 0.0096 0.2736 EC_Diabetes 0.7870 0.7867 0.7834
EC_HBP 0.6021 0.5744 0.5388 EC_HBP 0.7091 0.7060 0.7073
EC_HeartAtt. | 0.0000 0.0000 0.0000 EC_HeartAtt. | 0.7399 0.7659 0.7382
EC_ Osteop. 0.0237 0.0000 0.0475 EC_ Osteop. 0.7507 0.7734 0.7554
EC_ Parkin. 0.0000 0.0000 0.0000 EC_ Parkin. 0.7136 0.7598 0.7442
EC_ Stroke 0.0297 0.0000 0.0297 EC_ Stroke 0.7611 0.7815 0.7639
EN_ Angina 0.0000 0.0000 0.0000 EN_ Angina 0.7542 0.7429 0.7504
EN_ Arthritis 0.5903 0.7002 0.7154 EN_ Arthritis 0.6771 0.8084 0.8101
EN_ Cataract 0.4646 0.5369 0.3641 EN_ Cataract 0.7445 0.7315 0.7201
EN_ Dementia | 0.0000 0.0000 0.0000 EN_ Dementia | 0.7485 0.7952 0.7779
EN_Diabetes 0.1811 0.4640 0.2736 EN_ Diabetes 0.7870 0.8733 0.7834
EN_HBP 0.6021 0.5744 0.5388 EN_HBP 0.7091 0.7060 0.7073
EN_ HeartAtt. | 0.0316 0.0316 0.0000 EN_HeartAtt. | 0.7561 0.7633 0.7382
EN_ Osteop. 0.0237 0.0000 0.0799 EN_ Osteop. 0.7507 0.7734 0.7166
EN_ Parkin. 0.0000 0.0000 0.0000 EN_ Parkin. 0.5714 0.7598 0.3950
EN_ Stroke 0.0297 0.0000 0.0297 EN_ Stroke 0.7611 0.7382 0.7639
EC + EN Rank| 1.88 2.17 1.95 EC + EN Rank| 1.95 1.65 2.40
Friedman Test p-value = 0.479 Friedman Test p-value = 0.058

5.2 Comparing Methods in the Class-Weighting Scenario

Tables 4 and 5 present the GMean and AUROC results for each method in
the class-weight adjustment scenario, i.e., with class-balancing applied to the
training set before running the classification algorithms (see Subsection 4.4).
For the GMean metric (Table 4), SW-RF-SLR obtained the ideal average
rank of 1.00, i.e., it was the best method in all 20 datasets. The Friedman test
indicates a significant difference among the methods’ results (p-value < 0.001).
Hence, we apply the Holm’s post-hoc test, whose results are shown in the last



two rows of the table. SW-RF-SLR was significantly better than both Std-RF
and SW-RF-MV, as the Holm’s test produced p < 0.001 for each comparison,
which is much less than the adjusted alpha of 0.050 and 0.025, respectively.

For the AUROC metric (Table 5), SW-RF-SLR obtained the best (lowest)
average rank of 1.70, but the Friedman test’s p-value of 0.074 indicates that
there is no statistically significant difference among the 3 methods.

Hence, in the class-weight adjustment scenario, SW-RF-SLR was the best
method in terms of both GMean and AUROC, with significant results for GMean.

Table 4: GMean results for Std-RF, Table 5: AUROC results for Std-RF,

SW-RF-MV and SW-RF-SLR, SW-RF-MV and SW-RF-SLR,
with class-weighting adjustment with class-weighting adjustment
Dataset ‘Std-RF SW-RF-MV SW-RF-SLR Dataset ‘Std-RF SW-RF-MV SW-RF-SLR
ECfAnginAa. 0.0000 0.0000 0.6903 EC_ Angina 0.7554 0.7853 0.7897
EC_ Arthritis 0.7191 0.6988 0.7419 EC_ Arthritis | 0.8122 0.8096 0.8156
EC_ Cataract 0.4044 0.4952 0.6696 EC_Cataract | 0.7454 0.7625 0.7421
EC_Dementia 0.0000 0.0000 0.7673 EC_Dementia | 0.8443 0.8551 0.8781
ggigﬁsetes 8-}223 80032 g;ggg EC_Diabetes | 0.7974 0.7898 0.8053
- © o9 : EC_HBP .7092 . 7144
EC_HeartAtt. 0.0000 0.0000 0.6889 ES—H AL g Zggs g;%% %;(sr
EC Osteop. 0.0237 0.0119 0.6781 — jeartatt. 4 0. 72 : 020
EC ™ Parkin 0.0000 0.0000 0.7154 EC_ Osteop. 0.7518 0.7755 0.7643
- : : : : EC_ Parkin. 0.7240 0.7712 0.7973
EC’ Stroke 0.0000 0.0000 0.7017 BO ™ Staok 619 07807 07854
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5.3 Comparing All Combinations of Classification Methods and
Class-Balancing Scenarios

Subsections 5.1 and 5.2 compared classification methods in two scenarios: a
class-imbalance scenario (as in the original dataset) and a scenario where a class-
weight adjustment method was used to improve class balancing, respectively.

This subsection presents the results for a complementary type of analysis,
from a more holistic perspective, considering all 6 combinations of 3 types of
classification methods times 2 class-balancing scenarios.

Note that the motivation for this type of analysis is not to compare the
proposed SW-RF-SLR method against the two other methods in a controlled
scenario (which has been done in the previous two subsections), but rather to
compare the different combinations of method and class-balancing scenario as
a whole, considering the interaction between these two components of a classi-
fication system. The results of this type of analysis seem particularly useful for
real-world applications, since in practice users should consider that interaction
when deciding which classification system they would use.



For the GMean metric (Table 6), SW-RF-SLR with class-weight adjustment
attained the ideal average rank of 1.00, achieving the best result in all 20 datasets.
The Friedman test’s p-value (< 0.001) shows that there is a significant difference
among the results of all 6 combinations of methods and class-balancing scenar-
ios as a whole. The results of Holm’s post-hoc test indicate that SW-RF-SLR
with class-weight adjustment significantly outperformed all other combinations
of method and class-balancing scenario (p < 0.001 for each comparison).

Table 6: GMean results for all combinations of a classification
method and a class-balancing scenario

Dataset Imbalanced classes Class weighting Imbalanced classes Class weighting Imbalanced classes Class weighting
Std-RF Std-RF SW-RF-MV SW-RF-MV SW-RF-SLR SW-RF-SLR
EC_ Angina 0.0000 0.0000 0.0000 0.0000 0.0000 0.6903
EC_ Arthritis 0.7204 0.7191 0.7002 0.6988 0.7154 0.7419
EC_ Cataract 0.4646 0.4044 0.5369 0.4952 0.0000 0.6696
EC_Dementia 0.1353 0.0000 0.0000 0.0000 0.2596 0.7673
EC_ Diabetes 0.1811 0.1636 0.0096 0.0000 0.2736 0.7248
EC_HBP 0.6021 0.5840 0.5744 0.5527 0.5388 0.6556
EC_HeartAtt. 0.0000 0.0000 0.0000 0.0000 0.0000 0.6889
EC_ Osteop. 0.0237 0.0237 0.0000 0.0119 0.0475 0.6781
EC_ Parkin. 0.0000 0.0000 0.0000 0.0000 0.0000 0.7154
EC_ Stroke 0.0297 0.0000 0.0000 0.0000 0.0297 0.7017
EN_ Angina 0.0000 0.0000 0.0000 0.0000 0.0000 0.6565
EN _ Arthritis 0.5903 0.7191 0.7002 0.6988 0.7154 0.7419
EN_Cataract 0.4646 0.4937 0.5369 0.4955 0.3641 0.6727
EN_ Dementia 0.0000 0.0000 0.0000 0.0000 0.0000 0.6300
EN_ Diabetes 0.1811 0.4441 0.4640 0.0000 0.2736 0.7248
EN_HBP 0.6021 0.6539 0.5744 0.5527 0.5388 0.7041
EN_ HeartAtt. 0.0316 0.0000 0.0316 0.0000 0.0000 0.6827
EN_ Osteop. 0.0237 0.0247 0.0000 0.0370 0.0799 0.6485
EN_ Parkin. 0.0000 0.0000 0.0000 0.0000 0.0000 0.5160
EN _ Stroke 0.0297 0.0000 0.0000 0.0000 0.0297 0.6564
Avg Rank 3.65 3.88 4.08 4.55 3.85 1.00
Friedman Test p-value = <0.001
Adjusted alpha o* 0.050 0.017 0.013 0.010 0.025 control
p-value <0.001 <0.001 <0.001 <0.001 <0.001 N/A

For the AUROC metric (Table 7), both SW-RF-SLR with class-weight ad-
justment and SW-RF-MV with class-weight adjustment attained the best aver-
age rank of 2.50. The Friedman test’s result, p-value < 0.001, indicates a sig-
nificant difference among the results of all 6 method/class-balance combinations
as a whole. Between the two joint winners, we chose SW-RF-SLR with class-
weight adjustment as the control combination (to be compared against each of
the other combinations), for two reasons. First, this combination has a higher
number of wins than SW-RF-MV with class-weight adjustment (10 vs. 6 wins,
respectively), so the former would be chosen as the best for a larger number of
datasets in practice. Second, as the main contribution of this work is to introduce
SW-RF-SLR, it is more important to compare a combination using this method
(rather than a combination using SW-RF-MV) against each other combination.

The results of the Holm’s test indicate that SW-RF-SLR with class-weight
adjustment significantly outperformed Std-RF with imbalanced classes (p =
0.002 < 0.013) and SW-RF-SLR with imbalanced classes (p < 0.001 < 0.010).

In summary, the combination of SW-RF-SLR and class-weight adjustment
achieved the best overall result in these experiments. More precisely, its results
were significantly better than the results of all other 5 method/class-balance
combinations for the GMean metric, and significantly better than the results of



two other combinations for the AUROC metric (with the caveat that for this
metric the best results are shared by both the SW-RF-SLR with class-weight
adjustment and the SW-RF-MV with class-weight adjustment combinations).

Table 7: AUROC results for all combinations of a classification
method and a class-balancing scenario

Dataset Imbalanced classes Class weighting Imbalanced classes Class weighting Imbalanced classes Class weighting
Std-RF Std-RF SW-RF-MV SW-RF-MV SW-RF-SLR SW-RF-SLR
EC_ Angina 0.7542 0.7554 0.7811 0.7853 0.7504 0.7897
EC_ Arthritis 0.8116 0.8122 0.8084 0.8096 0.8101 0.8156
EC_ Cataract 0.7445 0.7454 0.7618 0.7625 0.7440 0.7421
EC_ Dementia 0.8544 0.8443 0.8650 0.8551 0.8402 0.8781
EC_Diabetes 0.7870 0.7974 0.7867 0.7898 0.7834 0.8053
EC_HBP 0.7091 0.7092 0.7060 0.7079 0.7073 0.7144
EC_HeartAtt. 0.7399 0.7378 0.7659 0.7748 0.7382 0.7615
EC_ Osteop. 0.7507 0.7518 0.7734 0.7755 0.7554 0.7643
EC_ Parkin. 0.7136 0.7240 0.7598 0.7712 0.7442 0.7973
EC_Stroke 0.7611 0.7642 0.7815 0.7807 0.7639 0.7834
EN_ Angina 0.7542 0.7554 0.7429 0.7853 0.7504 0.7443
EN _ Arthritis 0.6771 0.8122 0.8084 0.8096 0.8101 0.8156
EN_ Cataract 0.7445 0.7200 0.7315 0.7625 0.7201 0.7240
EN_ Dementia 0.7485 0.8443 0.7952 0.7654 0.7779 0.7525
EN_ Diabetes 0.7870 0.8664 0.8733 0.7898 0.7834 0.8053
EN_HBP 0.7091 0.7621 0.7060 0.7573 0.7073 0.7665
EN_HeartAtt. 0.7561 0.7378 0.7633 0.7623 0.7382 0.7598
EN_ Osteop. 0.7507 0.7169 0.7734 0.7342 0.7166 0.7219
EN_ Parkin. 0.5714 0.6051 0.7598 0.7712 0.3950 0.5966
EN_ Stroke 0.7611 0.7218 0.7382 0.7807 0.7639 0.7834
Avg Rank 4.30 3.65 3.25 2.50 4.80 2.50
Friedman Test p-value = <0.001
Adjusted alpha o™ 0.013 0.017 0.025 0.050 0.010 control
p-value 0.002 0.052 0.205 1.000 <0.001 N/A

6 Conclusion

The main contribution of this work is to propose a novel stacking-based Sep-
arate Waves (SepWav) method as a type of data-transformation approach for
longitudinal data classification. The proposed method uses a logistic regression
algorithm as a meta-classifier in a stacking framework for combining the predic-
tions of base classifiers (random forests) that were separately trained with data
from each wave (time point), as opposed to simply combining the base classifiers’
predictions across waves via voting as usual.

The proposed method was compared against two other methods: (a) a stan-
dard RF method, using the baseline data-transformation approach of ignoring
the features’ time indices (wave IDs), i.e., disregarding temporal dependencies
in the data; and (b) a standard SepWav method where the outputs of the base
classifiers are combined by majority voting as usual. Each of the 3 methods
was evaluated in two class-balancing scenarios: (a) with the imbalanced class
distribution in the original datasets, and (b) with class-weight adjustment.

The experiments involved 20 datasets extracted from the English Longitudi-
nal Study of Ageing (ELSA) and two predictive accuracy metrics: the Geometric
Mean of sensitivity and specificity (GMean) and AUROC.

Overall, the combination of the proposed stacking-based SepWav method us-
ing Logistic Regression as the meta-classifier (SW-RF-SLR) and class-weight ad-



justment outperformed the other 5 combinations of method and class-balancing
scenario, with statistically significant results in most cases.

Note, however, that in the experiments the superiority of this method was
observed only when it was used together with class-weight adjustment (as a class-
balancing technique); i.e., SW-RF-SLR did not perform well in the scenario with
imbalanced classes (as in the original datasets). This shows the importance of
also using a class-balancing technique when classifying real-world longitudinal
data with a large degree of class imbalance, as in our datasets.

These findings underscore the potential of stacking to improve longitudinal
classification by effectively integrating the outputs of wave-specific base classi-
fiers, addressing the temporal dynamics in a longitudinal dataset more robustly
than the other two evaluated methods. This advancement is particularly relevant
in biomedical domains, where accurate modelling of time-dependent health data
can potentially enhance disease prediction and patient monitoring.

Future research could involve exploring alternative meta-classifiers or com-
paring the results of proposed method against the results of recurrent neural
network / LSTM methods, which learn temporal dependencies in the data.

Code Availability

The SepWav methods and scripts for model evaluation are available in the Scikit-
Longitudinal library [15], a Sklearn-like library for longitudinal ML.
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