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 A B S T R A C T

Background and Objective Diabetes is a chronic disease characterised by a high risk of developing diabetic 
nephropathy. The early identification of individuals at heightened risk of such complications or their 
exacerbation can be crucial to set a correct course of treatment. However, there are currently no widely 
accepted predictive tools for this task and, additionally, most of these models rely only on information at a 
single baseline visit. Considering this, we investigate the potential predictive role of patients’ clinical history 
over multiple levels of renal disease severity while, at the same time, developing an effective predictive model.
Methods: From the data collected in the DARWIN–Renal (DApagliflozin Real-World evIdeNce-Renal) study, 
a nationwide multicentre retrospective real-world study, we develop four different types of machine learning 
models, namely, logistic regression, random forest, Cox proportional hazards regression, and a deep learning 
model based on recurrent neural network to predict the crossing of 5 clinically relevant glomerular filtration 
rate thresholds for patients with type 2 diabetes.
Results: The predictive performance of all models is satisfactory for all outcomes, even without the intro-
duction of information referring to past visits, with AUROC and C-index between 0.69 and 0.98 and average 
precision well above the random model. The introduction of past information results into a clear improvement 
in performance for all the models, with percentage increases of up to 12% for both AUROC and C-index and 
300% for average precision. The usefulness of past information is further corroborated by a feature importance 
analysis.
Conclusions: Incorporating data from the patients’ clinical history into the predictive models greatly improves 
their performance, particularly for recurrent neural network where the full sequence of values for dynamic 
variables is provided compared to synthetic indicators of past history.
1. Introduction

Diabetes mellitus stands as a burgeoning global health problem, 
ranking among the most pressing public health challenges of the 21st 
century. The International Diabetes Federation estimates that 537 mil-
lion people were living with diabetes in 2021, with an expected in-
crease to 783 million by the year 2045 [1]. Diabetes comprises a set 
of metabolic disorders characterised and identified by the presence 
of hyperglycaemia in the absence of treatment. Among the different 
types of diabetes, the most common one, comprising about 90% of 
all cases, is type 2 diabetes (T2D) which results from impaired insulin 
secretion, insulin resistance, or a combination of both [2]. Over time, 
T2D can lead to a significant risk for the development of various 
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complications, both macro- and micro-vascular in nature. Among the 
latter, diabetic nephropathy emerges as the foremost cause of end-stage 
chronic kidney disease (CKD) [3]. According to the National Institute of 
Diabetes and Digestive and Kidney Diseases (NIDDK), CKD is defined 
as estimated glomerular filtration rate (eGFR) <60 mL/min/1.73 m2

and albuminuria >30 mg/g, although these two conditions are not 
necessarily present at the same time [4,5]. Alarmingly, the prevalence 
of CKD in individuals with diabetes may be as high as double that in the 
general population, with diabetic nephropathy affecting approximately 
40% of patients [6], 10% of whom die as a result of renal failure [7]. 
For this reason, in recent years, an increased public awareness of CKD’s 
serious health consequences has been observed [8].
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In light of this, identifying individuals at heightened risk of renal 
complications or their exacerbation can be crucial to improve patient 
outcomes and reduce the impact of CKD on healthcare resources [9]. 
However, clinical decision making for CKD is challenging due to the 
heterogeneity of kidney diseases and the variability in rates of disease 
progression [10,11]. Currently, there are no widely accepted predictive 
tools for CKD progression; therefore, physicians must make ad hoc 
decisions about which patients to treat, risking delays in treatment or 
unnecessary treatment [12]. Consequently, predictive models capable 
of providing risk scores for CKD progression at different prediction hori-
zons via artificial intelligence algorithms could be valuable tools [13]. 
Over the years, several studies have been proposed in the literature 
with the aim of making such a prediction [14]. Most existing models 
leverage machine learning techniques such as logistic regression, ran-
dom forest, and eXtreme Gradient Boosting (XGBoost) [15–17]. Some 
studies have also explored deep learning models, such as feedforward 
neural networks, which often outperform traditional machine learning 
approaches [18]. However, these works typically relied only on static 
data from a single baseline visit, thus ignoring all the dynamic infor-
mation collected in the course of the patient’s entire clinical history. 
This temporal information can potentially be useful for predicting 
co-morbidities in chronic diseases [19] and has been successfully in-
tegrated, for example, in cardiovascular disease prediction for subjects 
with T2D [20]. For this reason, some studies have attempted to use 
temporal information from the patient’s past visits in logistic regres-
sion [21], gradient boosting machine [22], and feedforward neural 
network models [23], for the prediction of CKD. However, the impact 
of past history across multiple levels of kidney disease severity has 
yet to be systematically explored. Furthermore, to the best of our 
knowledge, there are currently no published studies on the use of multi-
task learning [24] to build deep learning models flexible enough to 
predict different kidney disease stages at multiple prediction horizons.

Considering this, the objective of the present work was to assess the 
potential predictive role of patients’ clinical history in the prediction 
of multiple levels of renal disease severity, while, at the same time, 
building an effective predictive model of kidney function deterioration 
over time in people with T2D.

Specifically, we developed four different types of machine learning 
models, namely, logistic regression, random forest, Cox proportional 
hazards regression, and a multi-label, multi-outcome deep learning 
model based on recurrent neural networks (RNNs) to predict the onset 
of impaired renal function in patients with T2D using the routine 
check-up data of 23,281 patients coming from the DARWIN–Renal 
database [25], a nationwide multicentre retrospective real-world study. 
In doing so, we evaluated the impact of introducing information from 
the patient’s past visits into the models by means of average of all past 
values, in the case of the first three machine learning models, and of full 
sequence of values in the case of the deep leaning model. Additionally, 
a feature importance analysis was also conducted to identify the key 
variables in the prediction, with a particular focus on assessing the 
importance of the new longitudinal information included in the models.

2. Materials and methods

This section describes the experimental pipeline used to develop the 
proposed predictive models of renal function deterioration in patients 
with T2D. We first describe the database and the data pre-processing 
steps, and then present the four predictive models used, namely, logistic 
regression, random forest, Cox proportional hazards regression, and a 
deep learning model based on RNNs (see Appendices  A.1, A.2, A.3, 
and A.4, respectively, for a theoretical description of each model).
2 
2.1. Dataset

The primary source of data for the present work was the DARWIN–
Renal study [25], a nationwide multicentre retrospective real-world 
study promoted by the Italian Diabetes Society. This study was designed 
to examine differences in the evolution of renal function among pa-
tients with T2D treated with dapagliflozin (a drug belonging to the 
sodium glucose co-transporter-2 inhibitors (SGLT2i) class, for which 
a protective effect against renal disease has been observed in clinical 
trials) or with other non-insulin hypoglycaemic drugs.

The inclusion criteria of the study were:

1. age 18–80 years;
2. diagnosis of T2D;
3. disease duration of 1 year or more;
4. initiation of dapagliflozin or comparators between 2015 and 
2020;

5. availability of information on renal outcomes before and after 
the initiation of the new therapy.

The dataset contained records of 48,649 patients with T2D treated 
at 50 diabetes specialist care clinics in Italy between 1st January 2015 
and 30th September 2021 (median observation time: 2.4 years; IQR 
1.1–3.8; maximum: 6.7). For each subject, a number of routine follow-
up visits were available (median number: 7; IQR 3–12), recorded with 
an irregular sampling rate (median time between visits: 4 months; IQR 
1–6).

The entry visit of each patient in the study was described by 
routinely collected data, both static and dynamic, referring to demo-
graphic information, health data and biomarkers of interest, presence 
of diseases, and therapies. Subsequent follow-up visits were instead 
characterised by the subset of dynamic variables.

2.2. Input data preparation

Since the main objective of this work was to evaluate the impact of 
introducing information from the patient’s past visits into the models, 
we did not use the study’s entry visit directly, but rather, we identified a 
patient’s baseline visit so that it had at least one visit in the past and one 
visit in the future relative to it. Specifically, past visits were functional 
in assessing the impact of past history on prediction, whereas future 
visits allowed to define the occurrence or non-occurrence of the renal 
outcomes to be predicted. Given the irregular sampling rate between 
visits in the dataset, and especially between the first two, we applied 
the following algorithm to identify a baseline (i.e., the point in time 
from which models predictions are made) and perform the subdivision 
between past and future visits:

1. Considering 9 months after the date of the first follow-up visit, 
the most recent visit, i.e., the last one within these 9 months, 
was designated as the baseline.

2. From the date of the baseline, all visits that fell within the 
preceding 9 months were regarded as past visits, whereas other 
visits prior to 9 months were excluded because too remote 
relative to the baseline.

3. All visits after the baseline, with the exception of those with 
missing eGFR, were considered future visits and only used to 
check for the occurrence of the renal outcomes of interest.

In practice, this procedure allowed to homogenise the longitudinal 
information available for each subject and reduce possible biases due 
to the trial-like data collection procedure of the original study (e.g., the 
entry visit of a patient might be far in the past just because it was the 
only one where information relevant to study entry was recorded).

After excluding subjects with insufficient future information to de-
fine the outcomes (see Section 2.3), the total sample size was 32,379. 
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Table 1
Input variables. Variables used in the analysis with extended description, availability percentage, and population characteristics 
at the baseline visit. Continuous variables are described by their mean ± standard deviation, dichotomous variables as the 
number of 1s (percentage relative to the number of subjects). Note: calculations were made ignoring subjects with missing 
values for the specific variable.
 
Variable name Description Available %

Population 
characteristics 
(N = 32,379)

 

 Sex Male sex 100 19574 (60.5%)  
 Age Age [years] 100 63.6 ± 8.7  
 Duration Diabetes duration [years] 98.7 12.1 ± 8.1  
 Weight Weight [kg] 81.6 84.2 ± 17.7  
 BMI Body mass index [kg/m2] 77.6 30.3 ± 5.7  
 SBP Systolic blood pressure [mmHg] 65.4 134.9 ± 18.1  
 DBP Diastolic blood pressure [mmHg] 65.3 77.4 ± 9.6  
 HbA1c Glycated haemoglobin [%] 94.3 7.4 ± 1.1  
 eGFR Estimated glomerular filtration rate [mL/min/1.73 m2] 72.1 79.4 ± 21.4  
 AER Albumin excretion rate [mg/g] 45.2 96.9 ± 464.5  
 CKD Chronic kidney disease 46.3 8065 (53.8%)  
 ACR>30 Pathologic albuminuria 45.2 4478 (30.6%)  
 METF Metformin 100 26328 (81.3%)  
 SU/Rep Sulphonylurea/Repaglinide 100 8647 (26.7%)  
 DPP4i DPP-4 inhibitors 100 11089 (34.2%)  
 GLP1RA GLP-1 receptor agonists 100 5343 (16.5%)  
 SGLT2i SGLT-2 inhibitors 100 9983 (30.8%)  
 PIOGLIT Pioglitazone 100 2827 (8.7%)  
 ACARB Acarbose 100 1152 (3.6%)  
 BOLUS Bolus insulin 100 4846 (15.0%)  
 BASAL Basal insulin 100 10570 (32.6%)  
 STATIN Statins 100 18223 (56.3%)  
 APA Anti-platelet agents 100 12973 (40.1%)  
 ACEi/ARB ACE inhibitors/Angiotensin receptor blockers 100 19031 (58.8%)  
 BBLock 𝛽-blockers 100 9197 (28.4%)  
 CCB Calcium channel inhibitors 100 6936 (21.4%)  
 Diuretics Diuretics 100 10000 (30.9%)  
 Acoag Anticoagulants 100 956 (3.0%)  
 Weight_past Average weight on past visits (9 months) [kg] 89.0 84.9 ± 17.9  
 SBP_past Average SBP on past visits (9 months) [mmHg] 73.1 135.5 ± 17.5  
 DBP_past Average DBP on past visits (9 months) [mmHg] 73.0 77.9 ± 9.3  
 HbA1c_past Average HbA1c on past visits (9 months) [%] 98.3 7.6 ± 1.2  
 eGFR_past Average eGFR on past visits (9 months) [mL/min/1.73 m2] 83.6 80.1 ± 21.1  
 AER_past Average AER on past visits (9 months) [mg/g] 60.0 106.7 ± 581.6  
We characterised each subject via 28 variables associated with demo-
graphic, anthropometric, laboratory, pathology, and therapeutic data. 
Among these, 6 variables, namely, weight, diastolic blood pressure 
(DBP), systolic blood pressure (SBP), glycated haemoglobin (HbA1c), 
eGFR, and albumin excretion rate (AER), had a dynamic longitudinal 
character, being laboratory data monitored over time. In order to train 
the first three machine learning models by including also this longi-
tudinal information (see Section 2.7.1), 6 new variables representing 
the average over past visits of these 6 dynamic variables were added 
3 
(see Table  1). Instead, for the deep learning model, which was able to 
manage the data sequences by itself (see Section 2.7.2), the 6 dynamic 
variables were reorganised into tensors where the rows represented the 
patients and the columns the months of observation up to the baseline 
visit. Going into more detail, the number of columns in each tensor 
was 10; in the last column we entered the values recorded at the 
baseline visit and in the others, from right to left, those recorded in the 
preceding 9 months (one column for each one-month time window), 
in accordance with the algorithm for identifying the baseline visit 
Fig. 1. Visualisation of dynamic variable tensors. (a) 2D tensor in which the dynamic variables weight, HbA1c, eGFR, and AER have been rearranged (one tensor per variable). 
(b) 3D tensor in which the dynamic variables DBP and SBP have been rearranged together.
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Table 2
Outcome numerosity. Numerosity of time-to-event and binary outcome for each eGFR threshold evaluated. In the time-to-event case, NA indicates 
subjects for whom the baseline eGFR was lower than the eGFR threshold, 0 indicates subjects for whom the outcome has not been observed, 
1 vice versa. In the binary case (6, 12, 18, . . . , 48 months), NA indicates subjects for whom the baseline eGFR was lower than the eGFR 
threshold or subjects censored before the time horizon, 0 indicates subjects for whom the outcome was not observed within the time horizon, 
1 otherwise.
 eGFR threshold Outcome type NA 0 1  
 

90 mL/min/1.73 m2

Time-to-event 14 471 (62.2%) 5292 (22.7%) 3518 (15.1%) 
 6 months 14 853 (63.8%) 7788 (33.5%) 640 (2.7%)  
 12 months 15 821 (68.0%) 5768 (24.8%) 1692 (7.3%)  
 18 months 16 634 (71.4%) 4335 (18.6%) 2312 (9.9%)  
 24 months 17 362 (74.6%) 3177 (13.6%) 2742 (11.8%) 
 30 months 18 006 (77.3%) 2224 (9.6%) 3051 (13.1%) 
 36 months 18 576 (79.8%) 1464 (6.3%) 3241 (13.9%) 
 42 months 19 077 (81.9%) 822 (3.5%) 3382 (14.5%) 
 48 months 19 447 (83.5%) 363 (1.6%) 3471 (14.9%) 
 

60 mL/min/1.73 m2

Time-to-event 4490 (19.3%) 15939 (68.5%) 2852 (12.3%) 
 6 months 5442 (23.4%) 17347 (74.5%) 492 (2.1%)  
 12 months 8057 (34.6%) 14046 (60.3%) 1178 (5.1%)  
 18 months 10 401 (44.7%) 11199 (48.1%) 1681 (7.2%)  
 24 months 12 490 (53.6%) 8730 (37.5%) 2061 (8.9%)  
 30 months 14 419 (61.9%) 6511 (28.0%) 2351 (10.1%) 
 36 months 16 160 (69.4%) 4571 (19.6%) 2550 (11.0%) 
 42 months 17 822 (76.6%) 2766 (11.9%) 2693 (11.6%) 
 48 months 19 207 (82.5%) 1287 (5.5%) 2787 (12.0%) 
 

45 mL/min/1.73 m2

Time-to-event 1796 (7.7%) 19673 (84.5%) 1812 (7.8%)  
 6 months 2916 (12.5%) 20044 (86.1%) 321 (1.4%)  
 12 months 6085 (26.1%) 16434 (70.6%) 762 (3.3%)  
 18 months 8940 (38.4%) 13279 (57.0%) 1062 (4.6%)  
 24 months 11 510 (49.4%) 10490 (45.1%) 1281 (5.5%)  
 30 months 13 914 (59.8%) 7910 (34.0%) 1457 (6.3%)  
 36 months 16 071 (69.0%) 5626 (24.2%) 1584 (6.8%)  
 42 months 18 137 (77.9%) 3452 (14.8%) 1692 (7.3%)  
 48 months 19 854 (85.3%) 1670 (7.2%) 1757 (7.5%)  
 

30 mL/min/1.73 m2

Time-to-event 372 (1.6%) 22084 (94.9%) 825 (3.5%)  
 6 months 1632 (7.0%) 21523 (92.4%) 126 (0.5%)  
 12 months 5089 (21.9%) 17891 (76.8%) 301 (1.3%)  
 18 months 8232 (35.4%) 14616 (62.8%) 433 (1.9%)  
 24 months 11 071 (47.6%) 11657 (50.1%) 553 (2.4%)  
 30 months 13 760 (59.1%) 8881 (38.1%) 640 (2.7%)  
 36 months 16 222 (69.7%) 6350 (27.3%) 709 (3.0%)  
 42 months 18 587 (79.8%) 3935 (16.9%) 759 (3.3%)  
 48 months 20 562 (88.3%) 1927 (8.3%) 792 (3.4%)  
 

15 mL/min/1.73 m2

Time-to-event 0 (0.0%) 23047 (99.0%) 234 (1.0%)  
 6 months 1316 (5.7%) 21933 (94.2%) 32 (0.1%)  
 12 months 4864 (20.9%) 18346 (78.8%) 71 (0.3%)  
 18 months 8104 (34.8%) 15064 (64.7%) 113 (0.5%)  
 24 months 11 055 (47.5%) 12074 (51.9%) 152 (0.7%)  
 30 months 13 849 (59.5%) 9254 (39.7%) 178 (0.8%)  
 36 months 16 416 (70.5%) 6670 (28.6%) 195 (0.8%)  
 42 months 18 902 (81.2%) 4168 (17.9%) 211 (0.9%)  
 48 months 20 991 (90.2%) 2068 (8.9%) 222 (1.0%)  
described above. In the event that there were two or more visits in the 
same one-month time window, we took the average value into account, 
whereas if there was no visit in a certain one-month time window, then 
we set the value to missing (NA). In the case of weight, HbA1c, eGFR, 
and AER, we created a 2D tensor per variable (see Fig.  1a). Conversely, 
DBP and SBP, given their close relationship, were placed in a single 3D 
tensor so that they were treated together (see Fig.  1b).

The complete list of 34 variables (including the 6 variables repre-
senting the average on past visits), with their description and character-
isation, is shown in Table  1. At the baseline visit, the average subject 
had a 60.5% chance of being man, was 63.6 years old, had diabetes 
for 12.1 years, had a BMI of 30.3 Kg/m2, and an eGFR value of 79.4 
mL/min/1.73 m2.

2.3. Outcome definition

Although within the DARWIN–Renal database there were variables 
such as CKD and ACR>30 that referred, respectively, to the presence 
of chronic kidney disease or pathological albuminuria, the use of these 
variables as outcomes was not recommended given the high percentage 
4 
of missing values over time on future visits (on average, 38.8% and 
50.3%, respectively, of the values of these two possible outcomes were 
unknown in the future).

For these reasons, we calculated, based on the available vari-
ables, 5 soft outcomes of renal function deterioration defined as the 
crossing of the 5 renal disease severity thresholds established by the 
KDOQI (Kidney Disease Outcomes Quality Initiative) scale based on 
the eGFR [26]. Specifically, the thresholds were 90, 60, 45, 30, and 
15 mL/min/1.73 m2, i.e., those between stages I and II, II and IIIa, 
IIIa and IIIb, IIIb and IV, IV and V, respectively. Each of these 5 
outcomes was first evaluated in time-to-event form, i.e., determining 
the occurrence or non-occurrence of the event of interest, and the time 
elapsed between the baseline visit and the time of occurrence of the 
event or censoring, and then converted into binary outcomes at eight 
prediction horizons, namely 6, 12, 18, 24, 30, 36, 42, and 48 months. 
Since it was essential to know the eGFR value of the patient at the 
baseline visit to determine the outcome, 9034 subjects were removed 
from the analysis because they had unknown eGFR at the baseline. 
Furthermore, since the value of 15 mL/min/1.73 m2 was the lowest 
threshold we predicted, additional 64 subjects were removed as they 
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Table 3
Training and test sets characteristics. Continuous variables are expressed by the mean 
± standard deviation, dichotomous variables by the number of 1s (percentage relative 
to the number of subjects). Note: calculations were made ignoring subjects with missing 
values for the specific variable.
 Training Test  
 Sample size 18 627 4654  
 Male sex 11 433 (61.4%) 2851 (61.3%)  
 Age [years] 63.9 ± 8.6 64.0 ± 8.6  
 Diabetes duration [years] 12.2 ± 8.1 12.1 ± 8.1  
 Weight [kg] 84.2 ± 17.6 84.5 ± 18.2  
 BMI [kg/m2] 30.3 ± 5.7 30.4 ± 5.8  
 SBP [mmHg] 134.8 ± 18.2 135.4 ± 18.5  
 DBP [mmHg] 77.3 ± 9.5 77.6 ± 9.8  
 HbA1c [%] 7.4 ± 1.2 7.4 ± 1.1  
 eGFR [mL/min/1.73 m2] 79.7 ± 21.1 79.4 ± 21.4  
 AER [mg/g] 104.1 ± 514.5 104.5 ± 453.4 
 CKD 5791 (51.0%) 1460 (51.7%)  
 ACR>30 2990 (31.7%) 725 (30.9%)  
 METF 15086 (81.0%) 3716 (79.8%)  
 SU/Rep 4845 (26.0%) 1180 (25.4%)  
 DPP4i 6293 (33.8%) 1629 (35.0%)  
 GLP1RA 3118 (16.7%) 756 (16.2%)  
 SGLT2i 5867 (31.5%) 1454 (31.2%)  
 PIOGLIT 1675 (9.0%) 406 (8.7%)  
 ACARB 657 (3.5%) 166 (3.6%)  
 BOLUS 2793 (15.0%) 728 (15.6%)  
 BASAL 6123 (32.9%) 1606 (34.5%)  
 STATIN 10925 (58.7%) 2738 (58.8%)  
 APA 7791 (41.8%) 1903 (40.9%)  
 ACEi/ARB 11326 (60.8%) 2795 (60.1%)  
 BBLock 5554 (29.8%) 1402 (30.1%)  
 CCB 4139 (22.2%) 1047 (22.5%)  
 Diuretics 6011 (32.3%) 1516 (32.6%)  
 Acoag 609 (3.3%) 151 (3.2%)  
 Weight_past [kg] 84.9 ± 17.8 85.2 ± 18.3  
 SBP_past [mmHg] 135.4 ± 17.5 135.7 ± 17.9  
 DBP_past [mmHg] 77.8 ± 9.3 78.0 ± 9.2  
 HbA1c_past [%] 7.6 ± 1.2 7.6 ± 1.2  
 eGFR_past [mL/min/1.73 m2] 79.6 ± 21.0 79.2 ± 21.4  
 AER_past [mg/g] 116.8 ± 664.8 110.0 ± 482.9 

already had an eGFR value lower than 15 mL/min/1.73 m2 at baseline. 
These two operations reduced the total number of subjects to 23,281. 
Table  2 shows the numerosity obtained for each outcome considered. 
Note that not all outcomes made sense for all subjects: specifically, if 
a subject had an eGFR value at the baseline lower than the considered 
threshold, there was no point in assessing the outcome since it had al-
ready occurred. In addition, only for the binary case, subjects censored 
before the considered time horizon presented unknowable outcomes. 
Subjects presenting these two cases, were counted in the table under 
the ‘‘NA’’ column header. Note that these subjects were not completely 
discarded from the analysis as they were functional for training the 
deep learning model (see Section 2.7.2).

2.4. Data split

We split, without any stratification, the total cohort of 23,281 
patients into a training and a test sets, comprising, respectively, 80% 
(18,627) and 20% (4,654) of the subjects. Table  3 summarises the 
characteristics of the study population at the baseline visit for the 
training and test sets.

For the hyper-parameter optimisation phase, we further arranged 
the training set, in the case of the first three machine learning mod-
els, to be used in a 5-fold cross-validation setting, and, for the neu-
ral network (for computational reasons), in such a way that a part 
corresponding to 20% (3,703) was used as a validation set.

2.5. Data imputation

Missing values were imputed using one run of the MICE (Multiple 
Imputation by Chained Equations) method [27], with the maximum 
5 
number of imputation rounds equal to 80. The imputation was carried 
out maintaining the separation between training and test set also on the 
folds of the cross-validation and on the validation set. In other words, 
the parameters of the imputers were, first, learnt on the training set 
(or training folds during cross-validation), and, then, applied to the 
validation set (or validation fold during cross-validation) and the test 
set. In the specific case of the tensors representing dynamic variables 
for the deep learning model, missing values were handled through the 
use of masking (see Section 2.7.2). Operationally, these values were 
replaced with the non-physiological value −100000 and subsequently 
masked.

2.6. Performance metrics

Models were evaluated on the same test set, using the area un-
der the receiver-operating characteristic curve (AUROC) [28] (see 
Section 2.6.1), Harrell’s concordance index (C-index) [29] (see Sec-
tion 2.6.2), and the average precision [30] (see Section 2.6.3) as 
performance metrics. Each value was accompanied by the estima-
tion of the 95% confidence interval using the estimators described 
in [31], [32], and [33], respectively. The comparison of the models 
in terms of AUROC and C-index was conducted by assessing statistical 
significance using p-values at the 0.05 confidence level.

2.6.1. AUROC
The AUROC is a performance metric for assessing the degree of 

agreement between the risk of occurrence of a certain event predicted 
by the model and the actual occurrence or non-occurrence of the event.

From a probabilistic point of view, AUROC can be interpreted as 
the probability that, given two subjects i and j belonging to class 1 and 
class 0 respectively, the model assigns a higher risk to the former, i.e: 

AUROC = 𝑃
(

𝑅𝑖 > 𝑅𝑗 |Class𝑖 = 1,Class𝑗 = 0
)

(1)

where 𝑅𝑖, 𝑅𝑗 and Class𝑖, Class𝑗 represent, respectively, the risk pre-
dicted by the model and the actual class of subjects i and j.

From a geometric point of view, the AUROC represents the integral 
of the receiver operating characteristic (ROC) curve. The ROC is a graph 
illustrating the relationship between sensitivity and 1−specificity as a 
threshold is used to binarise the risk predicted by the model.

2.6.2. C-index
The C-index is a performance metric that evaluates the order in 

which events occur. It measures the model’s ability to assign higher 
risk scores to events that happen earlier in time. The most commonly 
used variant of the C-index is calculated using Harrell’s estimator [29]. 
Harrell’s estimator is defined as the ratio of the number of subject pairs 
where the higher-risk subject actually experiences the event before 
the lower-risk subject, to the total number of comparable pairs in the 
dataset (a pair is considered comparable if the order of events between 
two subjects can be determined) [34]. Let 𝑁 represent the number of 
samples in the dataset, and let 𝐼(⋅) be an indicator function that returns 
1 if the given inequality holds true and 0 otherwise, then the Harrell’s 
estimator is defined as: 

𝐶̂ =

∑𝑁
𝑖=1 𝛥𝑖

∑𝑁
𝑗=𝑖+1 𝐼

(

𝑇 𝑜𝑏𝑠
𝑖 < 𝑇 𝑜𝑏𝑠

𝑗

)

𝐼
(

𝑅𝑖 > 𝑅𝑗
)

∑𝑁
𝑖=1 𝛥𝑖

∑𝑁
𝑗=𝑖+1 𝐼

(

𝑇 𝑜𝑏𝑠
𝑖 < 𝑇 𝑜𝑏𝑠

𝑗

) (2)

where 𝑅𝑖, 𝑅𝑗 and 𝑇 𝑜𝑏𝑠
𝑖 , 𝑇 𝑜𝑏𝑠

𝑗  represent, respectively, the risk predicted 
by the model and the observation time of subjects i and j.

2.6.3. Average precision
The average precision is a performance metric that summarises a 

precision–recall curve as the weighted mean of precisions achieved at 
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Fig. 2. Model development process overview. General overview for tuning, training, and testing process for the 3 different types of machine learning models, namely logistic 
regression, random forest, and Cox proportional hazards regression, and the deep learning model.
each threshold 𝑘, with the increase in recall from the previous threshold 
𝑘 − 1 used as the weight: 
𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

∑

𝑘
(𝑅𝑘 − 𝑅𝑘−1)𝑃𝑘 (3)

where 𝑃𝑘 and 𝑅𝑘 are the precision and recall at the 𝑘-th threshold, 
respectively.

2.7. Model development and feature importance

We developed 3 different types of machine learning models, namely, 
logistic regression, random forest and Cox proportional hazards re-
gression, and a deep learning model based on RNNs. The rationale 
behind this choice was the following: logistic regression is a very 
common explainable, non-tree-based machine learning technique and 
the prevailing model used for predicting diabetic kidney disease [14], 
random forest is a classical tree-based model for which a statistically 
significant superiority has been observed compared to other machine 
learning models on tabular data [35], Cox proportional hazards regres-
sion is a standard approach in survival analysis [36] and an easily 
interpretable technique, and deep learning based on RNNs is well-
suited for capturing the impact of past history by using full sequences 
of values for dynamic variables instead of synthetic indicators of past 
history (see Appendices  A.1, A.2, A.3, and A.4, respectively, for a 
theoretical description of each model).

Initially, we trained each model considering only the 28 variables 
descriptive of the baseline (see Section 2.2), thus excluding any in-
formation from past visits. Subsequently, we trained the models in an 
equivalent manner, however, this time, introducing the 6 new variables 
representing the past (see Table  1) for the classic machine learning 
models and the 5 tensors (one of which 3D) containing past data 
sequences for the deep learning model. This made it possible to assess 
the impact of past information on the predictive performance of the 
four models.

In order to further confirm or disprove the importance of the newly 
added variables, we then conducted a feature importance analysis using 
the Boruta algorithm [37] (see Appendix  A.5). This algorithm was 
applied both to data with outcomes in binary form, for the logistic 
regression and random forest models, and to data with outcomes in 
time-to-event form, for the Cox proportional hazards regression model. 
Having identified the most important variables, we repeated the train-
ing of the three classic machine learning models considering only the 
6 
selected variables in order to assess possible variations in the predictive 
performance. The neural network was also re-trained considering only 
the most selected variables from the previous analysis, again, to assess 
possible variations in the model’s performance. We used Python version 
3.11.4 and the scikit-learn (sklearn) module [38] to train the three 
classic machine learning models and Keras [39] to train deep learning 
model.

Fig.  2 presents the model development process overview.

2.7.1. Classic machine learning models
We trained a logistic regression and a random forest for each eGFR 

threshold and time horizon, while, we trained a Cox proportional haz-
ards regression for each eGFR threshold. For all three types of machine 
learning models, the tuning of the hyper-parameters was performed 
by means of a 5-fold cross-validation using the same 5 folds from the 
training set for each model. Algorithm 1 describes in more details the 
machine learning models training and evaluation in terms of AUROC. 
Further details on the specific parameters of each model are provided 
in Appendix  A. Using a grid-search, the hyper-parameters tested were:

• For the logistic regression: the type of regularisation (L1 or L2) 
and the regularisation index C (possible values: 0.001, 0.01, 0.1, 
1, 5, 10, 50, 100, 500), i.e., the inverse of the regularisation 
coefficient.

• For the random forest: the depth of the trees (from 3 to 14), and 
the number of trees (values tested in a range from 100 to 400 
with step 50).

• For the Cox proportional hazards regression: the regularisation 
coefficient L2 (possible values 0, 0.01, 0.1, 1, 25, 50, 100, 500).

Note that, in the feature importance analysis (see Section 2.7), in order 
to avoid conflicts between the effects of the feature selection algorithm 
itself and of L1 regularisation, which also tends to remove features, 
but via another mechanism (forcing some model parameters to 0), we 
only considered L2 regularisation and its strength while optimising 
the logistic regression’s hyper-parameters in the feature importance 
analysis.

The inputs of each model were the visits identified as baseline (see 
Section 2.2). All possible variables used are those shown in Table  1, 
with some variables being employed or not depending on the specific 
analysis conducted (see Section 2.7). The output of the models was 
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represented, in the case of logistic regression and random forest, by 
the probability that a patient had of developing the specific kidney 
disease outcome for the time horizon considered, and, in the case of 
Cox proportional hazards regression, by the risk score (hazard function) 
to develop the specific kidney disease outcome.

Algorithm 1 Machine Learning Model Training and Evaluation
1: Define hyper-parameters grid.
2: Initialise 𝑏𝑒𝑠𝑡_𝐴𝑈𝑅𝑂𝐶 ← 0.
3: for each combination of hyper-parameters in the grid do
4:  Initialise 𝑐𝑣_𝑠𝑐𝑜𝑟𝑒𝑠 ← [ ].
5:  for split 𝑘 in 5-fold cross-validation do
6:  Train the machine learning model on training fold 𝑘.
7:  Predict and compute AUROC score on validation fold 𝑘.
8:  Append AUROC score in 𝑐𝑣_𝑠𝑐𝑜𝑟𝑒𝑠.
9:  end for
10:  Compute mean AUROC (𝑚𝑒𝑎𝑛_𝐴𝑈𝑅𝑂𝐶) score on 𝑐𝑣_𝑠𝑐𝑜𝑟𝑒𝑠.
11:  if 𝑚𝑒𝑎𝑛_𝐴𝑈𝑅𝑂𝐶 > 𝑏𝑒𝑠𝑡_𝐴𝑈𝑅𝑂𝐶  then
12:  Update 𝑏𝑒𝑠𝑡_𝐴𝑈𝑅𝑂𝐶 with 𝑚𝑒𝑎𝑛_𝐴𝑈𝑅𝑂𝐶.
13:  Save the combination of hyper-parameters.
14:  end if
15: end for
16: Train final model with best hyper-parameters on training set.
17: Evaluate best model on test set.

2.7.2. Deep learning model
In the case of the neural network, we used a single multi-label, 

multi-outcome model. The model was developed on the basis of RNN 
with the aim of providing it with not only static data, but also the entire 
sequences of values recorded for the 6 dynamic variables (i.e., weight, 
DBP, SBP, HbA1c, eGFR, and AER). To do this, the network was trained 
and evaluated according to the division of the data into training, 
validation, and test sets described in Section 2.4. Algorithm 2 describes 
the neural network training and evaluation in terms of AUROC. Addi-
tional details about the specific parameters of the model are provided 
in Appendix  A. Specifically, estimation of the weights was performed 
using the ADAM optimiser with a learning rate of 0.001 for up to 100 
epochs. An early stopping criterion was defined with patience 5 and 
tolerance 0 (default) on the value of the cost function calculated on the 
predictions of the validation set. The batch size was set at 32. We used a 
cost function that was a modified version of the binary cross-entropy in 
which binary outcomes with value NA did not contribute to the update 
of the weights via backpropagation. This was achieved by intercepting, 
after forward propagation, all predictions related to subjects with real 
outcome NA. The outcomes marked as NA were temporarily replaced 
with their predicted values, effectively resulting in no contribution to 
the cross-entropy gradient [40]. As shown in Fig.  3, the proposed neural 
network initially handled sequential data through the use of RNNs, 
specifically gated recurrent units (GRUs). The objective of this phase 
was to extract useful prediction information from the dynamic vari-
ables. Missing values present in the sequences of the dynamic data were 
handled through the use of masking by replacing these values with the 
non-physiological value −100000 (see Section 2.5) and subsequently 
masked excluding this number from subsequent operations. The result 
of this dynamic–static encoding phase was then concatenated to the 22 
static variables along the last dimension. This step allowed to add to 
the 22 static variables the new features learned by the GRUs, by which 
the dynamic information was converted, in a data-driven way, from 
a collection of sequences into a tensor. The resulting tensor was then 
given in input to a cascade of fully connected layers for further pro-
cessing. Among the fully connected layers, batch normalisation layers 
were also included. Both the GRU networks and the fully connected 
layers used ReLu (rectified linear unit) as their activation function. 
The fully connected cascade ended with 5 output layers (one for each 
eGFR threshold) with 8 dimensions (one for each time horizon). All 
7 
output layers had a sigmoid as their activation function. Finally, in 
order to obtain a more robust scalar score for each prediction horizon, 
we introduced an extra set of layers, one per outcome, via which we 
summed the predictions across time horizons, resulting in a single 
score for each outcome. This approach tends to assign higher risk 
scores to subjects who are predicted to experience the outcome in the 
more immediate future. For instance, if a patient has a high risk of 
experiencing the outcome between 12 and 18 months, their score will 
likely be higher than that of another patient whose risk is predicted to 
be equally high but only at 48 months, due to the cumulative effect of 
summation.

The hyper-parameters evaluated were: the size of the GRUs (values 
tested in a range from 14 to 50 with step 2), the dropout fractions 
relative to the inputs and recurring connections (possible values for 
both: 0, 0.05, 0.1, 0.15, 0.2), the number of fully connected layers 
(values tested from 1 to 6), their size, determined on the basis of the 
size of the pre-output layer (values tested in a range from 10 to 20) 
and a multiplicative factor for increasing the size of the layers starting 
from the pre-output layer (possible values: 1.5, 1.8, 2.0, 2.2, 2.5, 2.8), 
and the choice of whether or not to perform a 10% dropout on all fully 
connected layers.

Algorithm 2 Deep Learning Model Training and Evaluation
1: Initialise hyper-parameters search space.
2: Set number of trials 𝑛𝑡𝑟𝑖𝑎𝑙𝑠 ← 100.
3: Initialise 𝑏𝑒𝑠𝑡_𝑣𝑎𝑙_𝐴𝑈𝑅𝑂𝐶 ← 0.
4: for each trial in 𝑛𝑡𝑟𝑖𝑎𝑙𝑠 do
5:  Randomly sample hyper-parameters.
6:  Build and compile the model with sampled hyper-parameters.
7:  Train the model on training data.
8:  Evaluate the model on validation data by computing the average 
of all outcome AUROC scores (𝑚𝑒𝑎𝑛_𝐴𝑈𝑅𝑂𝐶)

9:  if 𝑚𝑒𝑎𝑛_𝐴𝑈𝑅𝑂𝐶 > 𝑏𝑒𝑠𝑡_𝑣𝑎𝑙_𝐴𝑈𝑅𝑂𝐶 then
10:  Update 𝑏𝑒𝑠𝑡_𝑣𝑎𝑙_𝐴𝑈𝑅𝑂𝐶 with 𝑚𝑒𝑎𝑛_𝐴𝑈𝑅𝑂𝐶.
11:  Save best model.
12:  end if
13: end for
14: Evaluate best model on test set.

3. Results

Tables  4, 5, and 6 present, respectively, the AUROC, C-index, and 
average precision values for 90, 45, and 15 mL/min/1.73 m2 eGFR 
threshold crossings at the first four prediction horizons (i.e., 6, 12, 
18, and 24 months), obtained using: (A) basic models without the 
introduction of past history and (B) models with the introduction of the 
6 variables related to past visits. Full results are shown in Appendix  B.

The predictive performance of all models was satisfactory for all 
outcomes and for all prediction horizons, with values as high as 0.98, 
and never below 0.74 and 0.69 for AUROC (see Table  4) and C-
index (see Table  5), respectively. In terms of average precision, all 
models were well above the random model (see Table  6). The outcome 
that appeared most complex to predict was the 90 mL/min/1.73 m2

threshold crossing, where AUROC and C-index values were often below 
0.80. For all other outcomes, performances were almost always above 
0.85, even reaching values above 0.90, especially for predictions made 
within 24 months.

The results showed a clear improvement in performance given by 
the introduction of past information for all the models, with percentage 
increases of up to 12% for both AUROC and C-index and 300% for av-
erage precision. Except for the 15 mL/min/1.73 m2 threshold crossing, 
where there appeared to be no statistically significant differences in 
terms of AUROC and C-index between using or not past information, 
for all other outcomes, statistical significance of the improvement was 
detectable at almost all prediction horizons for all types of models (see 
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Fig. 3. Neural network architecture. Multi-label, multi-output neural network architecture used for the prediction of the 5 eGFR threshold crossings. The network comprised a 
first part of dynamic–static coding by means of RNNs (specifically GRUs) for the dynamic data sequences collected into tensors. The outputs of this first phase were concatenated 
to the static data and the whole was passed to a cascade of fully connected layers for further processing. Finally, the predictions on the different time horizons were summed in 
order to obtain more robust risk scores.
Table 4
Model performance (AUROC). Comparison of the performance, in terms of AUROC (see Eq.  (1)), of models without the introduction of past history (H: No) with models with the 
introduction of past history (H: Yes) for 90, 45, and 15 mL/min/1.73 m2 eGFR threshold crossings at 6, 12, 18, and 24 months.
Abbreviations: LR, logistic regression; RF, random forest; COX, Cox proportional hazards regression; RNN, recurrent neural network; H, history.
Note: statistical significance of models with the introduction of past history compared to their corresponding models without the introduction of past history is marked with *. 
Statistical significance of RNN with the introduction of past history compared to LR, RF, and COX with the introduction of past history is marked with †, ‡, and †, respectively.
Outcome[mL/min/1.73 m2] Model Prediction horizon [months]

6 12 18 24

90

LR H: No 0.747 (0.707–0.788) 0.776 (0.747–0.804) 0.772 (0.745–0.798) 0.770 (0.743–0.797)  
LR H: Yes 0.780 (0.740–0.820)* 0.791 (0.763–0.819)* 0.788 (0.762–0.814)* 0.787 (0.761–0.813)* 
RF H: No 0.749 (0.706–0.793) 0.776 (0.747–0.804) 0.768 (0.741–0.794) 0.772 (0.745–0.799)  
RF H: Yes 0.785 (0.743–0.827)* 0.796 (0.768–0.824)* 0.791 (0.765–0.817)* 0.790 (0.764–0.816)* 
COX H: No 0.773 (0.735–0.812) 0.781 (0.753–0.809) 0.773 (0.747–0.800) 0.770 (0.743–0.797)  
COX H: Yes 0.799 (0.761–0.837)* 0.796 (0.769–0.824)* 0.789 (0.763–0.815)* 0.785 (0.759–0.811)* 
RNN H: No 0.759 (0.719–0.799) 0.781 (0.753–0.810) 0.776 (0.749–0.802) 0.774 (0.747–0.801)  
RNN H: Yes 0.818 (0.781–0.856)* 0.799 (0.773–0.826) 0.786 (0.760–0.811) 0.786 (0.760–0.812)  

45

LR H: No 0.919 (0.883–0.955) 0.908 (0.885–0.931) 0.915 (0.896–0.935) 0.911 (0.893–0.930)  
LR H: Yes 0.919 (0.883–0.955) 0.917 (0.895–0.938)* 0.922 (0.904–0.940)* 0.915 (0.897–0.933)  
RF H: No 0.900 (0.852–0.949) 0.900 (0.872–0.927) 0.907 (0.884–0.929) 0.898 (0.876–0.920)  
RF H: Yes 0.920 (0.881–0.959) 0.915 (0.891–0.938)* 0.916 (0.896–0.937)* 0.907 (0.886–0.927)  
COX H: No 0.922 (0.883–0.961) 0.907 (0.883–0.931) 0.914 (0.894–0.934) 0.909 (0.890–0.929)  
COX H: Yes 0.923 (0.885–0.962) 0.914 (0.891–0.936)* 0.921 (0.902–0.939)* 0.913 (0.894–0.932)  
RNN H: No 0.917 (0.872–0.962) 0.901 (0.872–0.929) 0.910 (0.888–0.933) 0.906 (0.884–0.928)  
RNN H: Yes 0.934 (0.903–0.966) 0.920 (0.899–0.942) 0.925 (0.907–0.943) 0.920 (0.903–0.938)* 

15

LR H: No 0.984 (0.967–1) 0.881 (0.777–0.985) 0.902 (0.834–0.970) 0.903 (0.838–0.968)  
LR H: Yes 0.983 (0.966–1) 0.876 (0.763–0.989) 0.893 (0.822–0.964) 0.895 (0.827–0.964)  
RF H: No 0.837 (0.547–1) 0.825 (0.696–0.955) 0.842 (0.743–0.942) 0.871 (0.790–0.953)  
RF H: Yes 0.935 (0.839–1) 0.876 (0.773–0.979) 0.882 (0.805–0.959) 0.894 (0.827–0.961)  
COX H: No 0.980 (0.959–1) 0.886 (0.786–0.986) 0.908 (0.848–0.968) 0.909 (0.849–0.969)  
COX H: Yes 0.981 (0.966–0.996) 0.877 (0.765–0.988) 0.904 (0.839–0.969) 0.904 (0.841–0.968)  
RNN H: No 0.974 (0.942–1) 0.863 (0.743–0.982) 0.888 (0.815–0.961) 0.902 (0.842–0.962)  
RNN H: Yes 0.956 (0.891–1) 0.883 (0.775–0.991) 0.896 (0.830–0.962) 0.888 (0.820–0.955)  
Tables  4 and 5). The absence of statistical significance in the case of 
15 mL/min/1.73 m2 threshold crossing could be attributed to the fact 
that the number of subjects showing this outcome within the dataset 
was small (even after 48 months, the number of subjects for whom this 
outcome was observed was <250; see Table  2) [41].

Comparing the different types of model with each other, in gen-
eral, the random forest appears to be the worst-performing model, in 
contrast to the findings in [35], while the neural network appeared to 
perform better and the introduction of past history seemed to provide 
a high percentage increase in performance (1.4% on AUROC, 1.7% on 
C-index, and 20.4% on average precision, on average). This increase 
in performance for the neural network can be also observed in Figs. 
C.1–C.3 in Appendix  C.

It is important to highlight that the neural network’s C-index value 
showed a statistically significant improvement over logistic regression 
8 
in 7 cases, over random forest in 13 cases, and over Cox proportional 
hazards regression in 1 case (see Table  B.2 in Appendix  B for a complete 
overview). Conversely, there was no observed statistically significant 
decrease in performance when the neural network was compared to 
the other three machine learning models. This finding is particularly 
interesting, as it suggests that utilising the full sequence of values for 
dynamic variables may offer more benefits than relying on synthetic 
indicators of past history.

3.1. Feature importance

The introduction of feature selection based on the Boruta algorithm 
resulted in models with performance, in general, at least as good as 
those without it, although there are some exceptions, where a statisti-
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Table 5
Model performance (C-index). Comparison of the performance, in terms of C-index (see Eq.  (2)), of models without the introduction of past history (H: No) with models with the 
introduction of past history (H: Yes) for 90, 45, and 15 mL/min/1.73 m2 eGFR threshold crossings at 6, 12, 18, and 24 months.
Abbreviations: LR, logistic regression; RF, random forest; COX, Cox proportional hazards regression; RNN, recurrent neural network; H, history.
Note: statistical significance of models with the introduction of past history compared to their corresponding models without the introduction of past history is marked with *. 
Statistical significance of RNN with the introduction of past history compared to LR, RF, and COX with the introduction of past history is marked with †, ‡, and †, respectively.
Outcome[mL/min/1.73 m2] Model Prediction horizon [months]

6 12 18 24

90

LR H: No 0.739 (0.700–0.778) 0.753 (0.728–0.778) 0.741 (0.719–0.763) 0.737 (0.716–0.758)  
LR H: Yes 0.772 (0.733–0.811)* 0.769 (0.745–0.794)* 0.757 (0.736–0.779)* 0.753 (0.733–0.773)*  
RF H: No 0.742 (0.700–0.784) 0.751 (0.727–0.776) 0.738 (0.716–0.760) 0.738 (0.717–0.758)  
RF H: Yes 0.776 (0.735–0.817)* 0.773 (0.748–0.798)* 0.760 (0.739–0.782)* 0.756 (0.736–0.775)*  
COX H: No 0.763 (0.726–0.800) 0.756 (0.732–0.781) 0.743 (0.721–0.764) 0.738 (0.718–0.759)  
COX H: Yes 0.789 (0.753–0.826)* 0.773 (0.749–0.798)* 0.758 (0.737–0.780)* 0.754 (0.734–0.774)*  
RNN H: No 0.750 (0.712–0.789) 0.754 (0.729–0.779) 0.742 (0.720–0.764) 0.737 (0.717–0.758)  
RNN H: Yes 0.807 (0.771–0.844)*† ‡ 0.778 (0.754–0.802)* 0.759 (0.737–0.780)* 0.753 (0.733–0.773)*  

45

LR H: No 0.916 (0.881–0.952) 0.902 (0.880–0.925) 0.902 (0.883–0.921) 0.898 (0.880–0.916)  
LR H: Yes 0.917 (0.881–0.952) 0.911 (0.890–0.932)* 0.909 (0.891–0.928)* 0.903 (0.886–0.920)*  
RF H: No 0.898 (0.850–0.945) 0.895 (0.868–0.921) 0.895 (0.872–0.917) 0.887 (0.866–0.908)  
RF H: Yes 0.917 (0.879–0.956) 0.909 (0.886–0.932)* 0.905 (0.885–0.925)* 0.896 (0.877–0.916)*  
COX H: No 0.919 (0.881–0.958) 0.901 (0.878–0.925) 0.902 (0.882–0.922) 0.897 (0.879–0.916)  
COX H: Yes 0.921 (0.883–0.959) 0.908 (0.886–0.931)* 0.908 (0.890–0.927)* 0.903 (0.885–0.921)*  
RNN H: No 0.915 (0.869–0.960) 0.896 (0.868–0.924) 0.898 (0.875–0.921) 0.893 (0.872–0.915)  
RNN H: Yes 0.932 (0.901–0.963)† 0.915 (0.893–0.936) 0.913 (0.895–0.931) 0.909 (0.892–0.926)*‡ 

15

LR H: No 0.984 (0.969–0.999) 0.887 (0.792–0.981) 0.900 (0.833–0.967) 0.899 (0.838–0.961)  
LR H: Yes 0.982 (0.967–0.998) 0.883 (0.781–0.985) 0.892 (0.822–0.961) 0.892 (0.827–0.957)  
RF H: No 0.835 (0.582–1) 0.826 (0.698–0.954) 0.840 (0.744–0.937) 0.864 (0.785–0.943)  
RF H: Yes 0.933 (0.849–1) 0.879 (0.780–0.978) 0.883 (0.810–0.956)* 0.891 (0.829–0.953)  
COX H: No 0.979 (0.961–0.998) 0.891 (0.800–0.982) 0.907 (0.848–0.967) 0.906 (0.849–0.963)  
COX H: Yes 0.980 (0.967–0.993) 0.883 (0.782–0.984) 0.903 (0.839–0.968) 0.902 (0.842–0.963)  
RNN H: No 0.974 (0.945–1) 0.870 (0.762–0.979) 0.890 (0.819–0.961) 0.899 (0.839–0.959)  
RNN H: Yes 0.955 (0.897–1) 0.886 (0.786–0.987) 0.897 (0.832–0.963) 0.890 (0.827–0.954)  
Table 6
Model performance (Average precision). Comparison of the performance, in terms of average precision (see Eq.  (3)), between random models, models without the introduction of 
past history (H: No), and models with the introduction of past history (H: Yes) for 90, 45, and 15 mL/min/1.73 m2 eGFR threshold crossings at 6, 12, 18, and 24 months.
Abbreviations: LR, logistic regression; RF, random forest; COX, Cox proportional hazards regression; RNN, recurrent neural network; H, history.
Outcome[mL/min/1.73 m2] Model Prediction horizon [months]

6 12 18 24

90

Random 0.0612 0.203 0.320 0.430  
LR H: No 0.132 (0.117–0.149) 0.445 (0.420–0.471) 0.586 (0.559–0.612) 0.690 (0.663–0.716) 
LR H: Yes 0.205 (0.186–0.225) 0.468 (0.442–0.493) 0.620 (0.594–0.646) 0.720 (0.694–0.745) 
RF H: No 0.144 (0.128–0.162) 0.451 (0.426–0.477) 0.591 (0.564–0.617) 0.690 (0.663–0.716) 
RF H: Yes 0.186 (0.168–0.205) 0.507 (0.482–0.533) 0.645 (0.619–0.670) 0.741 (0.715–0.765) 
COX H: No 0.152 (0.136–0.170) 0.449 (0.424–0.475) 0.583 (0.556–0.609) 0.683 (0.656–0.709) 
COX H: Yes 0.205 (0.186–0.225) 0.492 (0.466–0.517) 0.632 (0.606–0.658) 0.719 (0.692–0.744) 
RNN H: No 0.160 (0.143–0.178) 0.470 (0.445–0.496) 0.607 (0.580–0.633) 0.701 (0.674–0.726) 
RNN H: Yes 0.253 (0.233–0.275) 0.497 (0.472–0.523) 0.630 (0.604–0.656) 0.724 (0.698–0.749) 

45

Random 0.0123 0.0425 0.0714 0.104  
LR H: No 0.171 (0.160–0.183) 0.351 (0.335–0.367) 0.496 (0.477–0.514) 0.613 (0.593–0.632) 
LR H: Yes 0.182 (0.171–0.194) 0.385 (0.369–0.401) 0.521 (0.503–0.539) 0.607 (0.587–0.627) 
RF H: No 0.181 (0.170–0.193) 0.396 (0.380–0.413) 0.537 (0.519–0.555) 0.595 (0.575–0.614) 
RF H: Yes 0.203 (0.191–0.216) 0.399 (0.382–0.415) 0.571 (0.553–0.589) 0.627 (0.607–0.646) 
COX H: No 0.191 (0.179–0.204) 0.369 (0.353–0.386) 0.515 (0.496–0.533) 0.622 (0.602–0.641) 
COX H: Yes 0.233 (0.221–0.247) 0.401 (0.385–0.418) 0.541 (0.522–0.559) 0.627 (0.607–0.646) 
RNN H: No 0.154 (0.143–0.165) 0.338 (0.322–0.354) 0.496 (0.477–0.514) 0.613 (0.593–0.632) 
RNN H: Yes 0.324 (0.309–0.338) 0.436 (0.420–0.453) 0.574 (0.556–0.592) 0.644 (0.624–0.663) 

15

Random 0.000908 0.00436 0.00946 0.0157  
LR H: No 0.077 (0.069–0.085) 0.165 (0.153–0.177) 0.207 (0.193–0.221) 0.430 (0.411–0.450) 
LR H: Yes 0.092 (0.084–0.101) 0.180 (0.167–0.192) 0.225 (0.210–0.240) 0.412 (0.393–0.431) 
RF H: No 0.045 (0.039–0.052) 0.302 (0.287–0.317) 0.375 (0.358–0.393) 0.538 (0.518–0.558) 
RF H: Yes 0.185 (0.174–0.197) 0.351 (0.335–0.366) 0.374 (0.357–0.392) 0.518 (0.498–0.538) 
COX H: No 0.051 (0.045–0.058) 0.169 (0.157–0.182) 0.276 (0.260–0.292) 0.509 (0.489–0.528) 
COX H: Yes 0.039 (0.034–0.045) 0.139 (0.128–0.150) 0.216 (0.202–0.231) 0.411 (0.392–0.431) 
RNN H: No 0.053 (0.047–0.060) 0.172 (0.160–0.184) 0.237 (0.222–0.252) 0.347 (0.329–0.366) 
RNN H: Yes 0.081 (0.074–0.090) 0.415 (0.399–0.431) 0.348 (0.332–0.365) 0.444 (0.425–0.464) 
cally significant improvement or deterioration was observed (see Tables 
B.1, B.2, and B.3 in Appendix  B).

The variables that were identified by the Boruta algorithm as most 
important for both binary and time-to-event outcomes are shown, for 
9 
each clinical outcome, in Table  7. From this feature importance analy-
sis, it emerged that, of the 6 dynamic variables representative of past 
visits, eGFR and AER values prior to the baseline, as expected, played 
an important role in prediction since they were chosen, respectively, 
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Table 7
Feature importance computed via the Boruta algorithm. Fraction and percentage of prediction horizons at which each variable is selected 
by the Boruta algorithm for binary outcomes. The squared letter S indicates the variables selected by the Boruta algorithm for time-to-event 
outcomes.
Note: blank spaces indicates that the variable was never selected for the outcome, darker shade of grey indicates a higher selection
percentage.

Variables
Outcome [mL/min/1.73 m2]

90 60 45 30 15
Sex
Age 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S  3/8 (37.5%)
Duration  4/8 (50%) S 8/8 (100%) S 8/8 (100%) S
Weight
BMI  3/8 (37.5%) S S

SBP 7/8 (87.5%) S
DBP
HbA1c  1/8 (12.5%)
eGFR 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S

AER 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S

CKD  1/8 (12.5%) 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S

ACR>30 8/8 (100%) S 8/8 (100%) S 7/8 (87.5%) S

METF 7/8 (87.5%) S 8/8 (100%) S 8/8 (100%) S
SU/Rep
DPP4i
GLP1RA
SGLT2i  1/8 (12.5%) S  2/8 (25%) S  3/8 (37.5%) S S
PIOGLIT
ACARB
BOLUS
BASAL
STATIN
APA  1/8 (12.5%) S  3/8 (37.5%) S

ACEi/ARB S 5/8 (62.5%) S  4/8 (50%) S

BBLock  2/8 (25%) S  4/8 (50%) S  3/8 (37.5%)
CCB
Diuretics 7/8 (87.5%) S 8/8 (100%) S 7/8 (87.5%) S
Acoag
Weight_past
DBP_past 5/8 (62.5%) 5/8 (62.5%)  3/8 (37.5%)
SBP_past S S  1/8 (12.5%)
HbA1c_past  1/8 (12.5%)  3/8 (37.5%) S  2/8 (25%) S  4/8 (50%)
eGFR_past 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S

AER_past 5/8 (62.5%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S 8/8 (100%) S
in 100% and 92.5% of the cases, on average, for binary outcomes, 
and in 100% of the cases for time-to-event outcomes. In contrast, past 
blood pressure values, and in particular past DBP for binary outcomes 
and past SBP for time-to-event outcomes (DBP and SBP are highly 
correlated with each other), and past HbA1c values seemed to have 
a minor impact, being selected less frequently. Finally, past values of 
weight almost never appeared to play a particularly important role. As 
for the other variables, those that appeared most useful in predicting all 
the clinical outcomes assessed were age, eGFR, and AER at the baseline.

For the outcomes related to the 90, 60 and 45 mL/min/1.73 m2

threshold crossings, the duration of diabetes also seemed to be impor-
tant, while for the 45, 30 and 15 mL/min/1.73 m2 thresholds crossing, 
the variables CKD and ACR>30 were important. This is consistent 
with the idea that clear indications of renal dysfunction or damage at 
baseline lead to different pattern of deterioration, and that diabetes 
duration might serve a similar role for predicting the initial damage 
of CKD when the patient’s renal condition at baseline is not already 
severely compromised.

The glucose lowering drugs that were most frequently selected were 
metformin and SGLT2i. This result can be explained by the fact that, in 
10 
the literature, metformin is contraindicated in patients with CKD [42], 
while SGLT2i have a protective effect against renal disease [43]. With 
regard to the other classes of drugs, diuretics, 𝛽–blockers, ACEi/ARB, 
and APA appeared important.

4. Discussion and conclusion

An early prediction of CKD onset or its exacerbation in people 
affected by diabetes could be extremely useful to improve patient 
outcomes and optimise healthcare resource allocation. Most of the 
models present in the literature rely solely on baseline visit data, losing 
all the information collected during past visits. In light of this, in the 
present work, we systematically evaluated, for the first time, the impact 
of patients’ clinical history on the predictive performance of different 
machine learning models in forecasting renal disease progression in 
patients with diabetes. Specifically, unlike existing literature which 
typically focuses on a single renal outcome and/or limited prediction 
horizons, our study explicitly accounts for all 5 renal disease severity 
thresholds, established by the KDOQI scale, evaluated at 6-month in-
tervals up to 48 months. We demonstrated that incorporating such past 
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data from the 9 months prior to the baseline visit into predictive models 
significantly enhances their performance. Starting from three classic 
machine learning models, namely, logistic regression, random forest 
and Cox proportional hazards regression, which showed already good 
performance with only the information at the baseline visit, we were 
able to further improve their performance by adding 6 new variables 
representing the average on past visits of the 6 dynamic variables 
weight, DBP, SBP, HbA1c, eGFR, and AER. By means of a feature 
importance analysis, we confirmed the usefulness of these variables 
representative of the past, in particular past eGFR and past AER values, 
as they were found to be important in the majority of cases by the 
Boruta algorithm. However, these machine learning models had two 
main limitations: (1) they required arbitrary encoding of the longitudi-
nal information (e.g., the median value could have been chosen instead 
of the mean value); (2) multiple models had to be trained for each eGFR 
threshold and, in the case of logistic regression and random forest, also 
different models needed to be trained for each time horizon considered, 
thus leading to a very large number of models.

To address these issues, we developed a novel single multi-label, 
multi-outcome neural network based on RNNs. This model
autonomously handled data sequences, thus eliminating the need for 
manual encoding of longitudinal data in an arbitrary summary metric, 
and allowing, with a single model, to obtain predictions for all 5 eGFR 
thresholds considered. The performance of this neural network proved 
to be generally better than that of the other three machine learning 
models, with statistically significant improvements especially on the 
C-index metric. This result further suggested that utilising the full 
sequence of values for dynamic variables may offer more benefits than 
relying on synthetic indicators of past history. Furthermore, unlike [23] 
where the model only predicts the progression of CKD from stages II/III 
to stages IV/V, our model is able to provide a complete prediction 
of the worsening of CKD considering patients with all levels of initial 
kidney function, from preserved (stage I) to severely damaged (stages 
IV). In addition, compared to this work, which uses data from only 
one medical centre, in our case the data are multicentre, thus allowing 
for greater generalisation. This use of multicentre real-world data 
makes the model more immediately relevant to everyday usage in 
diabetes clinics. Indeed, we could envisage a system where, through 
a middleware system, patient data from electronic medical records can 
be transferred to the model, which then provides a risk score for renal 
complications or their progression across different time thresholds, 
providing valuable insights for physicians.

However, although our work addresses several limitations in the 
literature, particularly those concerning the use of dynamic data in a 
multi-task learning context, it still has some. First, due to the irregular 
sampling rate between visits in the original dataset, we only considered 
patient visits within 9 months prior to the baseline visit as part of 
the patient’s past history. For this reason, in future research, we will 
explore the impact of using longer time intervals on different datasets 
and assess how performance varies when incorporating information 
from different periods of the patient’s clinical history. Second, the deep 
learning model developed in this study is a ‘‘black box’’, thus making 
it challenging to interpret its predictions. This lack of transparency 
complicates its practical use in clinical settings. To address this, future 
efforts will be made to develop explainable AI techniques to better 
understand the role of longitudinal clinical data in neural network 
predictions, increasing trust and transparency, prior to possible clin-
ical application. Other future research will focus on exploring more 
advanced deep learning models, such as transformers [44], to further 
improve the management of longitudinal clinical data.
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Appendix A. Description of the methods

In this section, we present a theoretical overview of the four models 
used in this study, namely, logistic regression, random forest, Cox pro-
portional hazards regression, and recurrent neural networks, along with 
the Boruta algorithm, which was employed for the feature importance 
analysis.

A.1. Logistic regression

Logistic regression is a statistical model widely used for binary 
classification. The core of logistic regression is the logistic (sigmoid) 
function, which transforms a linear combination of inputs into a prob-
ability [45]: 

𝑃𝑟(𝑦 = 1 ∣ 𝒙) = 𝑝 (𝒙; 𝜷) = 𝑒𝛽0+𝛽1𝑥1+⋯+𝛽𝑛𝑥𝑛

1 + 𝑒𝛽0+𝛽1𝑥1+⋯+𝛽𝑛𝑥𝑛
(A.1)

Logistic regression models are usually fit by maximum likelihood. For 
the binary (two-class) case, the log-likelihood, given 𝑁 observations, 
can be written as: 

𝓁(𝜷) =
𝑁
∑

𝑖=1

[

𝑦𝑖 log 𝑝
(

𝑥𝑖; 𝜷
)

+ (1 − 𝑦𝑖) log
(

1 − 𝑝
(

𝑥𝑖; 𝜷
))]

(A.2)

To maximise the log-likelihood its partial derivatives with respect to 
the parameters are set to zero. The resulting equations are: 

𝜕𝓁(𝜷)
𝜕𝛽

=
𝑁
∑

𝑖=1
𝑥𝑖

(

𝑦𝑖 − 𝑝
(

𝑥𝑖; 𝜷
))

= 0 (A.3)

Since logistic regression is often prone to over-fitting, resulting in a loss 
of generalisation, a regularisation term can be introduced into the cost 
function of the model (Eq.  (A.2)). In particular, there are two types of 
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Table B.1
Model performance (AUROC). Comparison of the performance, in terms of AUROC (see Eq.  (1)), of models without the introduction of past history and without feature selection 
(H: No - FS: No) with models with the introduction of past history but without feature selection (H: Yes - FS: No) and with models with the introduction of past history and 
feature selection (H: Yes - FS: Yes) for all 5 eGFR threshold crossings and all 8 prediction horizons.
Abbreviations: LR, logistic regression; RF, random forest; COX, Cox proportional hazards regression; RNN, recurrent neural network; H, history; FS, feature selection.
Note: statistical significance of models with the introduction of past history compared to their corresponding models without the introduction of past history is marked with *. 
Statistical significance of RNN with the introduction of past history compared to LR, RF, and COX with the introduction of past history is marked with †, ‡, and †, respectively. 
Statistical significance of models with feature selection compared to their corresponding models without feature selection is marked with §. 

Outcome[mL/min/1.73 m2] Model Prediction horizon [months]
6 12 18 24 30 36 42 48

90

LR H: No - FS: No 0.747 (0.707–0.788) 0.776 (0.747–0.804) 0.772 (0.745–0.798) 0.770 (0.743–0.797) 0.769 (0.741–0.798) 0.786 (0.755–0.817) 0.784 (0.748–0.820) 0.805 (0.754–0.855)  
LR H: Yes - FS: No 0.780 (0.740–0.820)* 0.791 (0.763–0.819)* 0.788 (0.762–0.814)* 0.787 (0.761–0.813)* 0.783 (0.755–0.811)* 0.798 (0.768–0.829) 0.797 (0.761–0.833) 0.827 (0.780–0.874)  
LR H: Yes - FS: Yes 0.801 (0.764–0.838)§ 0.797 (0.770–0.824) 0.793 (0.768–0.819) 0.789 (0.763–0.815) 0.788 (0.760–0.816) 0.797 (0.766–0.827) 0.793 (0.757–0.829) 0.830 (0.782–0.878)  
RF H: No - FS: No 0.749 (0.706–0.793) 0.776 (0.747–0.804) 0.768 (0.741–0.794) 0.772 (0.745–0.799) 0.773 (0.745–0.802) 0.785 (0.754–0.816) 0.785 (0.748–0.823) 0.827 (0.779–0.875)  
RF H: Yes - FS: No 0.785 (0.743–0.827)* 0.796 (0.768–0.824)* 0.791 (0.765–0.817)* 0.790 (0.764–0.816)* 0.795 (0.768–0.822)* 0.803 (0.774–0.833)* 0.803 (0.767–0.838)* 0.845 (0.801–0.888)  
RF H: Yes - FS: Yes 0.804 (0.767–0.841)§ 0.800 (0.773–0.827) 0.797 (0.772–0.822)§ 0.793 (0.767–0.819) 0.794 (0.767–0.821) 0.801 (0.771–0.831) 0.796 (0.759–0.833) 0.836 (0.787–0.884)  
COX H: No - FS: No 0.773 (0.735–0.812) 0.781 (0.753–0.809) 0.773 (0.747–0.800) 0.770 (0.743–0.797) 0.771 (0.743–0.800) 0.783 (0.752–0.814) 0.784 (0.748–0.821) 0.800 (0.749–0.852)  
COX H: Yes - FS: No 0.799 (0.761–0.837)* 0.796 (0.769–0.824)* 0.789 (0.763–0.815)* 0.785 (0.759–0.811)* 0.785 (0.757–0.812)* 0.795 (0.765–0.826)* 0.796 (0.761–0.831)* 0.822 (0.776–0.868)* 
COX H: Yes - FS: Yes 0.802 (0.766–0.839) 0.797 (0.769–0.825) 0.790 (0.765–0.816) 0.787 (0.761–0.813) 0.788 (0.760–0.816) 0.796 (0.766–0.827) 0.799 (0.764–0.834) 0.822 (0.774–0.870)  
RNN H: No - FS: No 0.759 (0.719–0.799) 0.781 (0.753–0.810) 0.776 (0.749–0.802) 0.774 (0.747–0.801) 0.777 (0.748–0.805) 0.787 (0.757–0.818) 0.787 (0.750–0.823) 0.803 (0.751–0.855)  
RNN H: Yes - FS: No 0.818 (0.781–0.856)* 0.799 (0.773–0.826) 0.786 (0.760–0.811) 0.786 (0.760–0.812) 0.786 (0.758–0.813) 0.798 (0.767–0.828) 0.795 (0.7580–0.832) 0.808 (0.756–0.861)  
RNN H: Yes - FS: Yes 0.814 (0.777–0.851) 0.801 (0.774–0.828) 0.791 (0.766–0.817) 0.791 (0.765–0.817) 0.792 (0.764–0.819) 0.797 (0.767–0.828) 0.795 (0.757–0.832) 0.800 (0.742–0.858)  

60

LR H: No - FS: No 0.858 (0.828–0.889) 0.870 (0.850–0.890) 0.883 (0.867–0.900) 0.882 (0.865–0.899) 0.869 (0.850–0.887) 0.872 (0.853–0.891) 0.865 (0.843–0.886) 0.875 (0.849–0.901)  
LR H: Yes - FS: No 0.883 (0.854–0.911)* 0.885 (0.866–0.903)* 0.895 (0.879–0.910)* 0.891 (0.875–0.907)* 0.879 (0.862–0.896)* 0.881 (0.863–0.900)* 0.875 (0.854–0.895)* 0.888 (0.864–0.913)* 
LR H: Yes - FS: Yes 0.884 (0.856–0.912) 0.885 (0.866–0.904) 0.895 (0.880–0.911) 0.890 (0.874–0.907) 0.879 (0.861–0.896) 0.880 (0.861–0.898) 0.872 (0.851–0.893) 0.886 (0.862–0.910)  
RF H: No - FS: No 0.827 (0.786–0.868) 0.855 (0.831–0.878) 0.871 (0.851–0.890) 0.872 (0.854–0.891) 0.860 (0.840–0.879) 0.864 (0.845–0.884) 0.858 (0.836–0.880) 0.860 (0.833–0.888)  
RF H: Yes - FS: No 0.856 (0.818–0.894)* 0.878 (0.857–0.898)* 0.889 (0.872–0.906)* 0.882 (0.864–0.899)* 0.872 (0.854–0.890)* 0.877 (0.858–0.896)* 0.871 (0.850–0.892)* 0.879 (0.853–0.905)* 
RF H: Yes - FS: Yes 0.871 (0.839–0.904)§ 0.883 (0.864–0.903)§ 0.890 (0.873–0.907) 0.886 (0.870–0.903)§ 0.875 (0.857–0.893) 0.877 (0.858–0.896) 0.872 (0.850–0.893) 0.884 (0.859–0.909)  
COX H: No - FS: No 0.861 (0.830–0.891) 0.869 (0.849–0.889) 0.882 (0.866–0.899) 0.881 (0.864–0.897) 0.866 (0.848–0.885) 0.868 (0.849–0.887) 0.862 (0.840–0.884) 0.875 (0.850–0.900)  
COX H: Yes - FS: No 0.883 (0.855–0.911)* 0.883 (0.864–0.902)* 0.895 (0.879–0.910)* 0.890 (0.874–0.906)* 0.877 (0.859–0.894)* 0.879 (0.860–0.897)* 0.874 (0.853–0.894)* 0.888 (0.864–0.911)* 
COX H: Yes - FS: Yes 0.883 (0.856–0.911) 0.885 (0.866–0.904) 0.895 (0.879–0.911) 0.890 (0.874–0.906) 0.875 (0.858–0.893) 0.877 (0.858–0.896) 0.871 (0.850–0.892) 0.883 (0.858–0.907)§ 
RNN H: No - FS: No 0.854 (0.824–0.884) 0.864 (0.844–0.885) 0.878 (0.861–0.895) 0.878 (0.861–0.895) 0.863 (0.844–0.881) 0.867 (0.848–0.886) 0.860 (0.838–0.882) 0.871 (0.845–0.898)  
RNN H: Yes - FS: No 0.889 (0.861–0.918)* 0.883 (0.864–0.903)* 0.890 (0.873–0.907)* 0.887 (0.869–0.904) 0.871 (0.852–0.890) 0.875 (0.856–0.894) 0.868 (0.847–0.890) 0.878 (0.853–0.903)  
RNN H: Yes - FS: Yes 0.882 (0.854–0.911) 0.880 (0.861–0.899) 0.889 (0.872–0.906) 0.885 (0.868–0.902) 0.869 (0.850–0.888) 0.874 (0.855–0.893) 0.866 (0.844–0.887) 0.877 (0.852–0.901)  
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LR H: No - FS: No 0.919 (0.883–0.955) 0.908 (0.885–0.931) 0.915 (0.896–0.935) 0.911 (0.893–0.930) 0.906 (0.886–0.926) 0.900 (0.879–0.920) 0.895 (0.873–0.917) 0.881 (0.855–0.907)  
LR H: Yes - FS: No 0.919 (0.883–0.955) 0.917 (0.895–0.938)* 0.922 (0.904–0.940)* 0.915 (0.897–0.933) 0.910 (0.891–0.929) 0.906 (0.887–0.926)* 0.901 (0.880–0.922)* 0.886 (0.860–0.911)  
LR H: Yes - FS: Yes 0.922 (0.886–0.958) 0.918 (0.897–0.939) 0.922 (0.904–0.940) 0.914 (0.895–0.932) 0.908 (0.889–0.928) 0.903 (0.883–0.923) 0.899 (0.878–0.920) 0.882 (0.856–0.908)  
RF H: No - FS: No 0.900 (0.852–0.949) 0.900 (0.872–0.927) 0.907 (0.884–0.929) 0.898 (0.876–0.920) 0.894 (0.872–0.916) 0.892 (0.870–0.914) 0.890 (0.868–0.913) 0.871 (0.843–0.898)  
RF H: Yes - FS: No 0.920 (0.881–0.959) 0.915 (0.891–0.938)* 0.916 (0.896–0.937)* 0.907 (0.886–0.927) 0.903 (0.882–0.924)* 0.897 (0.875–0.919) 0.896 (0.874–0.918) 0.878 (0.852–0.905)  
RF H: Yes - FS: Yes 0.912 (0.864–0.959) 0.916 (0.893–0.939) 0.915 (0.894–0.935) 0.911 (0.892–0.930) 0.905 (0.885–0.926) 0.901 (0.881–0.922) 0.898 (0.877–0.920) 0.879 (0.853–0.905)  
COX H: No - FS: No 0.922 (0.883–0.961) 0.907 (0.883–0.931) 0.914 (0.894–0.934) 0.909 (0.890–0.929) 0.903 (0.883–0.923) 0.897 (0.876–0.918) 0.892 (0.869–0.914) 0.874 (0.847–0.901)  
COX H: Yes - FS: No 0.923 (0.885–0.962) 0.914 (0.891–0.936)* 0.921 (0.902–0.939)* 0.913 (0.894–0.932) 0.908 (0.888–0.927) 0.902 (0.882–0.923)* 0.898 (0.876–0.919)* 0.881 (0.855–0.907)  
COX H: Yes - FS: Yes 0.926 (0.890–0.962) 0.916 (0.894–0.938) 0.921 (0.903–0.940) 0.913 (0.894–0.932) 0.906 (0.887–0.926) 0.901 (0.880–0.921) 0.895 (0.873–0.917)§ 0.878 (0.852–0.904)  
RNN H: No - FS: No 0.917 (0.872–0.962) 0.901 (0.872–0.929) 0.910 (0.888–0.933) 0.906 (0.884–0.928) 0.900 (0.878–0.923) 0.893 (0.871–0.916) 0.887 (0.864–0.910) 0.869 (0.841–0.897)  
RNN H: Yes - FS: No 0.934 (0.903–0.966) 0.920 (0.899–0.942) 0.925 (0.907–0.943) 0.920 (0.903–0.938)* 0.912 (0.893–0.931) 0.907 (0.887–0.926)* 0.902 (0.881–0.923)* 0.886 (0.861–0.911)* 
RNN H: Yes - FS: Yes 0.929 (0.895–0.963) 0.924 (0.906–0.942) 0.923 (0.904–0.941) 0.915 (0.896–0.934) 0.907 (0.887–0.927) 0.898 (0.876–0.920) 0.893 (0.870–0.916) 0.876 (0.848–0.903)  
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LR H: No - FS: No 0.947 (0.914–0.981) 0.885 (0.844–0.927) 0.913 (0.883–0.943) 0.921 (0.893–0.949) 0.909 (0.879–0.938) 0.899 (0.866–0.932) 0.900 (0.868–0.931) 0.893 (0.859–0.927)  
LR H: Yes - FS: No 0.957 (0.924–0.990)* 0.892 (0.852–0.932) 0.922 (0.896–0.949)* 0.926 (0.899–0.953)* 0.911 (0.882–0.940) 0.906 (0.875–0.938)* 0.905 (0.875–0.936) 0.902 (0.870–0.934)* 
LR H: Yes - FS: Yes 0.957 (0.926–0.988) 0.902 (0.864–0.940)§ 0.928 (0.903–0.953) 0.927 (0.900–0.955) 0.916 (0.887–0.944) 0.903 (0.871–0.936) 0.902 (0.871–0.932) 0.901 (0.869–0.933)  
RF H: No - FS: No 0.939 (0.893–0.986) 0.892 (0.847–0.936) 0.900 (0.863–0.937) 0.898 (0.859–0.937) 0.898 (0.866–0.931) 0.883 (0.847–0.920) 0.888 (0.855–0.922) 0.883 (0.847–0.919)  
RF H: Yes - FS: No 0.944 (0.911–0.978) 0.909 (0.872–0.946) 0.926 (0.899–0.953)* 0.923 (0.894–0.952)* 0.908 (0.878–0.938) 0.902 (0.870–0.933)* 0.901 (0.870–0.931) 0.893 (0.859–0.928)  
RF H: Yes - FS: Yes 0.935 (0.888–0.981) 0.910 (0.876–0.945) 0.928 (0.902–0.953) 0.917 (0.885–0.949) 0.910 (0.881–0.939) 0.899 (0.866–0.931) 0.900 (0.869–0.931) 0.896 (0.863–0.929)  
COX H: No - FS: No 0.949 (0.916–0.982) 0.890 (0.849–0.930) 0.915 (0.886–0.943) 0.917 (0.889–0.945) 0.903 (0.874–0.933) 0.891 (0.857–0.924) 0.893 (0.861–0.925) 0.883 (0.848–0.918)  
COX H: Yes - FS: No 0.954 (0.922–0.986) 0.898 (0.859–0.937) 0.922 (0.895–0.949)* 0.922 (0.895–0.950)* 0.908 (0.879–0.937) 0.897 (0.865–0.930)* 0.899 (0.868–0.929) 0.890 (0.857–0.924)* 
COX H: Yes - FS: Yes 0.955 (0.923–0.987) 0.902 (0.864–0.939) 0.924 (0.898–0.951) 0.922 (0.894–0.950) 0.909 (0.880–0.938) 0.896 (0.864–0.929) 0.897 (0.866–0.927) 0.889 (0.856–0.923)  
RNN H: No - FS: No 0.946 (0.906–0.985) 0.888 (0.844–0.931) 0.915 (0.884–0.945) 0.918 (0.891–0.946) 0.905 (0.874–0.935) 0.893 (0.859–0.927) 0.894 (0.861–0.926) 0.885 (0.851–0.920)  
RNN H: Yes - FS: No 0.974 (0.960–0.989)* 0.919 (0.884–0.954)* 0.934 (0.909–0.960)* 0.931 (0.903–0.959) 0.919 (0.891–0.948) 0.909 (0.878–0.940) 0.908 (0.878–0.937) 0.899 (0.866–0.931)  
RNN H: Yes - FS: Yes 0.978 (0.965–0.991) 0.924 (0.891–0.956) 0.939 (0.917–0.962) 0.936 (0.913–0.959) 0.920 (0.894–0.946) 0.910 (0.881–0.939) 0.906 (0.877–0.935) 0.898 (0.866–0.930)  
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LR H: No - FS: No 0.984 (0.967–1) 0.881 (0.777–0.985) 0.902 (0.834–0.970) 0.903 (0.838–0.968) 0.912 (0.857–0.966) 0.903 (0.845–0.962) 0.903 (0.844–0.961) 0.884 (0.820–0.947)  
LR H: Yes - FS: No 0.983 (0.966–1) 0.876 (0.763–0.989) 0.893 (0.822–0.964) 0.895 (0.827–0.964) 0.905 (0.848–0.963) 0.900 (0.840–0.959) 0.901 (0.842–0.961) 0.883 (0.819–0.947)  
LR H: Yes - FS: Yes 0.972 (0.942–1) 0.888 (0.792–0.984) 0.898 (0.836–0.959) 0.904 (0.844–0.964) 0.909 (0.856–0.962) 0.901 (0.845–0.958) 0.903 (0.846–0.959) 0.890 (0.830–0.949)  
RF H: No - FS: No 0.837 (0.547–1) 0.825 (0.696–0.955) 0.842 (0.743–0.942) 0.871 (0.790–0.953) 0.869 (0.790–0.948) 0.877 (0.803–0.951) 0.882 (0.814–0.950) 0.875 (0.809–0.941)  
RF H: Yes - FS: No 0.935 (0.839–1) 0.876 (0.773–0.979) 0.882 (0.805–0.959) 0.894 (0.827–0.961) 0.909 (0.852–0.966)* 0.906 (0.851–0.960) 0.887 (0.820–0.953) 0.885 (0.824–0.946)  
RF H: Yes - FS: Yes 0.969 (0.922–1) 0.899 (0.817–0.981) 0.916 (0.867–0.965) 0.909 (0.851–0.966) 0.918 (0.868–0.968) 0.925 (0.883–0.967)§ 0.914 (0.865–0.962)‡ 0.905 (0.858–0.952)  
COX H: No - FS: No 0.980 (0.959–1) 0.886 (0.786–0.986) 0.908 (0.848–0.968) 0.909 (0.849–0.969) 0.911 (0.857–0.966) 0.901 (0.843–0.959) 0.896 (0.838–0.955) 0.879 (0.816–0.942)  
COX H: Yes - FS: No 0.981 (0.966–0.996) 0.877 (0.765–0.988) 0.904 (0.839–0.969) 0.904 (0.841–0.968) 0.910 (0.854–0.966) 0.904 (0.848–0.960) 0.900 (0.843–0.957) 0.879 (0.816–0.942)  
COX H: Yes - FS: Yes 0.974 (0.946–1) 0.889 (0.794–0.983) 0.908 (0.851–0.964) 0.907 (0.848–0.967) 0.911 (0.857–0.964) 0.904 (0.849–0.959) 0.901 (0.846–0.955) 0.883 (0.823–0.943)  
RNN H: No - FS: No 0.974 (0.942–1) 0.863 (0.743–0.982) 0.888 (0.815–0.961) 0.902 (0.842–0.962) 0.905 (0.851–0.960) 0.895 (0.836–0.953) 0.889 (0.830–0.949) 0.876 (0.813–0.938)  
RNN H: Yes - FS: No 0.956 (0.891–1) 0.883 (0.775–0.991) 0.896 (0.830–0.962) 0.888 (0.820–0.955) 0.896 (0.835–0.957) 0.900 (0.842–0.957) 0.890 (0.832–0.949) 0.862 (0.795–0.929)  
RNN H: Yes - FS: Yes 0.979 (0.955–1) 0.866 (0.7410–0.991) 0.902 (0.830–0.974) 0.910 (0.850–0.970) 0.905 (0.848–0.962) 0.911 (0.860–0.963) 0.908 (0.857–0.960) 0.887 (0.830–0.945)  
regularisation: L1 regularisation (LASSO) and L2 regularisation (Ridge), 
which add either of the following terms to the log-likelihood: 

Lasso: 𝜆
𝑛
∑

𝑗=1
|𝛽𝑗 | (A.4)

Ridge: 𝜆
𝑛
∑

𝑗=1
𝛽2𝑗 (A.5)

A.2. Random forest

Random forest is an ensemble machine learning algorithm consist-
ing of a collection of multiple de-correlated decision tree classifiers that 
combines the output of each decision tree to reach a single result [46]. 
Random forest uses a technique called ‘‘bootstrap aggregation’’ or 
bagging, where each tree is trained on a random subset of the training 
data with replacement, and each split in a tree considers a random 
subset of features. This helps in reducing variance and improving gen-
eralisation with respect to a simple decision tree [45]. A decision tree 
is a supervised machine learning algorithm that works by recursively 
splitting the dataset into subsets based on the value of input features, 
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partitioning the feature space into a set of rectangles. A common 
criterion for splitting is the Gini impurity: 

𝐼𝐺(𝑇 ) =
𝐾
∑

𝑘=1
𝑝𝑚𝑘(1 − 𝑝𝑚𝑘) (A.6)

where 𝑝𝑚𝑘 is the proportion of class 𝑘 observations in node 𝑚.

A.3. Cox proportional hazards regression

Cox proportional hazards regression is a statistical method used to 
model the relationship of covariates to a survival or other time-to-event 
outcome. The Cox model specifies the hazard for individual i as [47]: 
𝜆𝑖(𝑡) = 𝜆0(𝑡)𝑒𝑿𝒊𝜷 (A.7)

where 𝜆0 is an unspecified non-negative function of time called the 
baseline hazard. A key assumption of the model is proportional hazards, 
which means the ratio of hazards between individuals is constant over 
time: 
𝜆𝑖(𝑡) = 𝑒𝑿𝒊𝜷

(A.8)

𝜆𝑗 (𝑡) 𝑒𝑿𝒋𝜷
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Table B.2
Model performance (C-index). Comparison of the performance, in terms of C-index (see Eq.  (2)), of models without the introduction of past history and without feature selection 
(H: No - FS: No) with models with the introduction of past history but without feature selection (H: Yes - FS: No) and with models with the introduction of past history and 
feature selection (H: Yes - FS: Yes) for all 5 eGFR threshold crossings and all 8 prediction horizons.
Abbreviations: LR, logistic regression; RF, random forest; COX, Cox proportional hazards regression; RNN, recurrent neural network; H, history; FS, feature selection.
Note: statistical significance of models with the introduction of past history compared to their corresponding models without the introduction of past history is marked with *. 
Statistical significance of RNN with the introduction of past history compared to LR, RF, and COX with the introduction of past history is marked with †, ‡, and †, respectively. 
Statistical significance of models with feature selection compared to their corresponding models without feature selection is marked with §. 

Outcome[mL/min/1.73 m2] Model Prediction horizon [months]
6 12 18 24 30 36 42 48

90

LR H: No - FS: No 0.739 (0.700–0.778) 0.753 (0.728–0.778) 0.741 (0.719–0.763) 0.737 (0.716–0.758) 0.733 (0.713–0.752) 0.725 (0.706–0.745) 0.715 (0.695–0.734) 0.698 (0.678–0.717)  
LR H: Yes - FS: No 0.772 (0.733–0.811)* 0.769 (0.745–0.794)* 0.757 (0.736–0.779)* 0.753 (0.733–0.773)* 0.748 (0.729–0.768)* 0.741 (0.722–0.760)* 0.735 (0.716–0.754)* 0.719 (0.699–0.738)*  
LR H: Yes - FS: Yes 0.792 (0.756–0.828) 0.773 (0.749–0.797) 0.761 (0.739–0.782) 0.755 (0.736–0.775) 0.753 (0.734–0.772) 0.750 (0.731–0.769)§ 0.746 (0.728–0.765)§ 0.727 (0.708–0.746)§  
RF H: No - FS: No 0.742 (0.700–0.784) 0.751 (0.727–0.776) 0.738 (0.716–0.760) 0.738 (0.717–0.758) 0.732 (0.713–0.752) 0.730 (0.711–0.749) 0.728 (0.709–0.747) 0.709 (0.69–0.729)  
RF H: Yes - FS: No 0.776 (0.735–0.817)* 0.773 (0.748–0.798)* 0.760 (0.739–0.782)* 0.756 (0.736–0.775)* 0.752 (0.733–0.771)* 0.746 (0.728–0.764)* 0.741 (0.723–0.759)* 0.728 (0.709–0.747)*  
RF H: Yes - FS: Yes 0.794 (0.758–0.830)§ 0.777 (0.753–0.801) 0.764 (0.744–0.785)§ 0.757 (0.738–0.777) 0.753 (0.735–0.772) 0.749 (0.731–0.767) 0.746 (0.728–0.764) 0.738 (0.720–0.757)§  
COX H: No - FS: No 0.763 (0.726–0.800) 0.756 (0.732–0.781) 0.743 (0.721–0.764) 0.738 (0.718–0.759) 0.735 (0.716–0.755) 0.734 (0.715–0.753) 0.733 (0.715–0.752) 0.733 (0.715–0.752)  
COX H: Yes - FS: No 0.789 (0.753–0.826)* 0.773 (0.749–0.798)* 0.758 (0.737–0.780)* 0.754 (0.734–0.774)* 0.751 (0.731–0.770)* 0.749 (0.730–0.768)* 0.748 (0.730–0.767)* 0.749 (0.730–0.767)*  
COX H: Yes - FS: Yes 0.792 (0.757–0.827) 0.773 (0.749–0.797) 0.759 (0.738–0.780) 0.755 (0.735–0.774) 0.752 (0.733–0.771) 0.750 (0.732–0.769) 0.750 (0.731–0.768) 0.750 (0.731–0.768)  
RNN H: No - FS: No 0.750 (0.712–0.789) 0.754 (0.729–0.779) 0.742 (0.720–0.764) 0.737 (0.717–0.758) 0.735 (0.715–0.754) 0.733 (0.714–0.752) 0.733 (0.714–0.752) 0.733 (0.714–0.752)  
RNN H: Yes - FS: No 0.807 (0.771–0.844)*†‡ 0.778 (0.754–0.802)* 0.759 (0.737–0.780)* 0.753 (0.733–0.773)* 0.750 (0.731–0.769)* 0.749 (0.730–0.768)* 0.748 (0.730–0.767)*† 0.748 (0.729–0.766)*†‡ 
RNN H: Yes - FS: Yes 0.804 (0.768–0.840) 0.779 (0.755–0.803) 0.763 (0.741–0.784) 0.758 (0.738–0.778) 0.755 (0.736–0.774) 0.753 (0.735–0.772) 0.753 (0.734–0.771) 0.753 (0.734–0.771)  
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LR H: No - FS: No 0.854 (0.824–0.885) 0.857 (0.838–0.876) 0.860 (0.844–0.876) 0.855 (0.840–0.870) 0.847 (0.832–0.862) 0.844 (0.829–0.859) 0.842 (0.827–0.857) 0.837 (0.822–0.852)  
LR H: Yes - FS: No 0.878 (0.849–0.906)* 0.872 (0.854–0.891)* 0.873 (0.858–0.888)* 0.867 (0.853–0.882)* 0.860 (0.846–0.874)* 0.856 (0.842–0.870)* 0.854 (0.840–0.868)* 0.850 (0.836–0.865)*  
LR H: Yes - FS: Yes 0.879 (0.851–0.906) 0.873 (0.855–0.891) 0.874 (0.859–0.889) 0.868 (0.853–0.882) 0.860 (0.846–0.875) 0.858 (0.844–0.872) 0.856 (0.842–0.870) 0.855 (0.841–0.869)§  
RF H: No - FS: No 0.823 (0.783–0.863) 0.842 (0.819–0.865) 0.848 (0.830–0.867) 0.846 (0.829–0.863) 0.839 (0.823–0.855) 0.837 (0.822–0.853) 0.833 (0.817–0.849) 0.825 (0.810–0.841)  
RF H: Yes - FS: No 0.851 (0.814–0.889)* 0.865 (0.845–0.885)* 0.867 (0.851–0.884)* 0.858 (0.843–0.874)* 0.853 (0.837–0.868)* 0.852 (0.838–0.867)* 0.849 (0.835–0.863)* 0.843 (0.829–0.857)*  
RF H: Yes - FS: Yes 0.867 (0.835–0.898)§ 0.870 (0.851–0.889)§ 0.869 (0.853–0.885) 0.863 (0.848–0.878)§ 0.856 (0.842–0.871)§ 0.855 (0.840–0.869) 0.852 (0.838–0.866)§ 0.851 (0.838–0.865)§  
COX H: No - FS: No 0.856 (0.826–0.887) 0.857 (0.837–0.876) 0.861 (0.844–0.877) 0.855 (0.840–0.870) 0.847 (0.832–0.862) 0.846 (0.831–0.860) 0.845 (0.830–0.859) 0.844 (0.829–0.858)  
COX H: Yes - FS: No 0.878 (0.851–0.906)* 0.871 (0.853–0.890)* 0.873 (0.858–0.889)* 0.867 (0.852–0.881)* 0.859 (0.845–0.873)* 0.858 (0.844–0.872)* 0.857 (0.843–0.870)* 0.856 (0.842–0.870)*  
COX H: Yes - FS: Yes 0.879 (0.851–0.906) 0.872 (0.854–0.891) 0.874 (0.859–0.889) 0.867 (0.852–0.881) 0.859 (0.844–0.873) 0.857 (0.843–0.871) 0.856 (0.842–0.870) 0.855 (0.841–0.869)  
RNN H: No - FS: No 0.850 (0.821–0.879) 0.852 (0.833–0.871) 0.856 (0.840–0.872) 0.851 (0.836–0.866) 0.843 (0.828–0.858) 0.842 (0.828–0.856) 0.841 (0.826–0.855) 0.840 (0.826–0.854)  
RNN H: Yes - FS: No 0.886 (0.858–0.914)*‡ 0.871 (0.853–0.890)* 0.869 (0.853–0.885)* 0.862 (0.847–0.878)* 0.853 (0.838–0.869)* 0.853 (0.838–0.868)* 0.852 (0.837–0.866)* 0.851 (0.836–0.866)*‡  
RNN H: Yes - FS: Yes 0.878 (0.850–0.907) 0.868 (0.849–0.887) 0.867 (0.851–0.883) 0.860 (0.845–0.876) 0.851 (0.836–0.867) 0.850 (0.836–0.865) 0.849 (0.834–0.863) 0.848 (0.833–0.863)  
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LR H: No - FS: No 0.916 (0.881–0.952) 0.902 (0.880–0.925) 0.902 (0.883–0.921) 0.898 (0.880–0.916) 0.892 (0.874–0.909) 0.887 (0.870–0.905) 0.885 (0.868–0.903) 0.883 (0.865–0.900)  
LR H: Yes - FS: No 0.917 (0.881–0.952) 0.911 (0.890–0.932)* 0.909 (0.891–0.928)* 0.903 (0.886–0.920)* 0.897 (0.880–0.914)* 0.893 (0.877–0.910)* 0.891 (0.875–0.908)* 0.888 (0.872–0.905)*  
LR H: Yes - FS: Yes 0.919 (0.883–0.955) 0.913 (0.892–0.933) 0.910 (0.892–0.928) 0.903 (0.886–0.921) 0.898 (0.881–0.915) 0.893 (0.876–0.910) 0.891 (0.875–0.907) 0.887 (0.871–0.904)  
RF H: No - FS: No 0.898 (0.850–0.945) 0.895 (0.868–0.921) 0.895 (0.872–0.917) 0.887 (0.866–0.908) 0.882 (0.862–0.902) 0.880 (0.861–0.899) 0.877 (0.858–0.895) 0.872 (0.853–0.890)  
RF H: Yes - FS: No 0.917 (0.879–0.956) 0.909 (0.886–0.932)* 0.905 (0.885–0.925)* 0.896 (0.877–0.916)* 0.892 (0.873–0.910)* 0.887 (0.868–0.905)* 0.885 (0.866–0.903)* 0.882 (0.865–0.900)*  
RF H: Yes - FS: Yes 0.908 (0.862–0.955) 0.910 (0.887–0.933) 0.903 (0.883–0.923) 0.900 (0.881–0.919) 0.893 (0.875–0.912) 0.889 (0.871–0.907) 0.888 (0.869–0.906) 0.886 (0.868–0.903)§  
COX H: No - FS: No 0.919 (0.881–0.958) 0.901 (0.878–0.925) 0.902 (0.882–0.922) 0.897 (0.879–0.916) 0.892 (0.874–0.910) 0.890 (0.872–0.907) 0.888 (0.871–0.906) 0.887 (0.869–0.905)  
COX H: Yes - FS: No 0.921 (0.883–0.959) 0.908 (0.886–0.931)* 0.908 (0.890–0.927)* 0.903 (0.885–0.921)* 0.897 (0.880–0.915)* 0.895 (0.878–0.913)* 0.894 (0.877–0.911)* 0.893 (0.876–0.909)*  
COX H: Yes - FS: Yes 0.923 (0.887–0.959) 0.911 (0.889–0.932) 0.910 (0.891–0.928) 0.904 (0.886–0.921) 0.898 (0.880–0.915) 0.895 (0.878–0.913) 0.894 (0.877–0.911) 0.892 (0.876–0.909)  
RNN H: No - FS: No 0.915 (0.869–0.960) 0.896 (0.868–0.924) 0.898 (0.875–0.921) 0.893 (0.872–0.915) 0.888 (0.867–0.909) 0.885 (0.864–0.905) 0.884 (0.863–0.904) 0.882 (0.862–0.902)  
RNN H: Yes - FS: No 0.932 (0.901–0.963)† 0.915 (0.893–0.936) 0.913 (0.895–0.931) 0.909 (0.892–0.926)*‡ 0.902 (0.885–0.919)*‡ 0.899 (0.883–0.916)*‡ 0.898 (0.882–0.914)*‡ 0.897 (0.880–0.913)*‡  
RNN H: Yes - FS: Yes 0.927 (0.893–0.960) 0.918 (0.900–0.936) 0.911 (0.893–0.929) 0.905 (0.888–0.922) 0.899 (0.882–0.916) 0.894 (0.877–0.911) 0.893 (0.876–0.91) 0.891 (0.874–0.908)  
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LR H: No - FS: No 0.945 (0.912–0.979) 0.887 (0.847–0.927) 0.907 (0.877–0.937) 0.913 (0.886–0.939) 0.906 (0.879–0.932) 0.901 (0.875–0.927) 0.899 (0.873–0.924) 0.896 (0.869–0.922)  
LR H: Yes - FS: No 0.955 (0.922–0.988)* 0.894 (0.856–0.932) 0.916 (0.889–0.943)* 0.918 (0.893–0.944)* 0.909 (0.883–0.935) 0.908 (0.883–0.932)* 0.905 (0.881–0.929)* 0.902 (0.877–0.927)*  
LR H: Yes - FS: Yes 0.955 (0.925–0.986) 0.904 (0.868–0.940)§ 0.923 (0.897–0.949)§ 0.922 (0.896–0.948) 0.915 (0.890–0.939) 0.909 (0.884–0.934) 0.908 (0.884–0.932) 0.906 (0.882–0.930)  
RF H: No - FS: No 0.937 (0.891–0.983) 0.893 (0.851–0.936) 0.895 (0.859–0.932) 0.889 (0.851–0.927) 0.897 (0.866–0.928) 0.885 (0.854–0.917) 0.885 (0.854–0.917) 0.883 (0.852–0.913)  
RF H: Yes - FS: No 0.942 (0.909–0.976) 0.910 (0.874–0.946)* 0.921 (0.894–0.948)* 0.915 (0.885–0.944)* 0.906 (0.879–0.934) 0.906 (0.882–0.929)* 0.902 (0.877–0.926)* 0.899 (0.874–0.924)*  
RF H: Yes - FS: Yes 0.932 (0.887–0.978) 0.910 (0.876–0.944) 0.922 (0.896–0.948) 0.911 (0.880–0.941) 0.908 (0.882–0.934) 0.904 (0.878–0.930) 0.902 (0.876–0.927) 0.898 (0.872–0.924)  
COX H: No - FS: No 0.947 (0.915–0.980) 0.892 (0.853–0.930) 0.910 (0.880–0.939) 0.910 (0.882–0.938) 0.903 (0.876–0.930) 0.897 (0.870–0.924) 0.898 (0.872–0.924) 0.897 (0.871–0.923)  
COX H: Yes - FS: No 0.952 (0.921–0.984)* 0.900 (0.863–0.937)* 0.917 (0.889–0.945)* 0.917 (0.890–0.944)* 0.909 (0.883–0.935)* 0.904 (0.878–0.930)* 0.905 (0.880–0.930)* 0.903 (0.878–0.928)*  
COX H: Yes - FS: Yes 0.953 (0.921–0.985) 0.903 (0.867–0.939) 0.919 (0.892–0.946) 0.917 (0.891–0.944) 0.910 (0.884–0.936) 0.904 (0.878–0.930) 0.905 (0.880–0.930) 0.903 (0.878–0.928)  
RNN H: No - FS: No 0.944 (0.905–0.983) 0.890 (0.849–0.931) 0.909 (0.879–0.940) 0.911 (0.883–0.940) 0.904 (0.877–0.932) 0.898 (0.870–0.925) 0.899 (0.873–0.926) 0.898 (0.872–0.924)  
RNN H: Yes - FS: No 0.972 (0.958–0.987)*‡ † 0.921 (0.888–0.954)*† 0.931 (0.907–0.956)*† 0.928 (0.903–0.953)* 0.922 (0.898–0.946)*†‡ 0.916 (0.892–0.941)* 0.917 (0.893–0.941)*‡ 0.915 (0.891–0.939)*‡  
RNN H: Yes - FS: Yes 0.977 (0.963–0.990) 0.925 (0.894–0.956) 0.935 (0.912–0.959) 0.932 (0.909–0.955) 0.923 (0.900–0.946) 0.917 (0.894–0.940) 0.917 (0.894–0.939) 0.915 (0.892–0.937)  
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LR H: No - FS: No 0.984 (0.969–0.999) 0.887 (0.792–0.981) 0.900 (0.833–0.967) 0.899 (0.838–0.961) 0.905 (0.851–0.959) 0.903 (0.852–0.954) 0.905 (0.855–0.956) 0.898 (0.844–0.952)  
LR H: Yes - FS: No 0.982 (0.967–0.998) 0.883 (0.781–0.985) 0.892 (0.822–0.961) 0.892 (0.827–0.957) 0.900 (0.843–0.956) 0.900 (0.847–0.953) 0.903 (0.850–0.955) 0.896 (0.840–0.953)  
LR H: Yes - FS: Yes 0.971 (0.944–0.998) 0.893 (0.806–0.980) 0.898 (0.838–0.958) 0.902 (0.846–0.959) 0.906 (0.855–0.957) 0.902 (0.850–0.953) 0.907 (0.856–0.958) 0.905 (0.854–0.955)  
RF H: No - FS: No 0.835 (0.582–1) 0.826 (0.698–0.954) 0.840 (0.744–0.937) 0.864 (0.785–0.943) 0.862 (0.785–0.940) 0.876 (0.809–0.942) 0.873 (0.805–0.941) 0.872 (0.803–0.940)  
RF H: Yes - FS: No 0.933 (0.849–1) 0.879 (0.780–0.978) 0.883 (0.810–0.956)* 0.891 (0.829–0.953) 0.900 (0.844–0.957)* 0.896 (0.843–0.949) 0.880 (0.816–0.945) 0.888 (0.830–0.946)  
RF H: Yes - FS: Yes 0.969 (0.928–1) 0.904 (0.827–0.980) 0.916 (0.869–0.964) 0.908 (0.856–0.960) 0.915 (0.869–0.961) 0.919 (0.881–0.958)§ 0.911 (0.868–0.954)§ 0.909 (0.868–0.951)  
COX H: No - FS: No 0.979 (0.961–0.998) 0.891 (0.800–0.982) 0.907 (0.848–0.967) 0.906 (0.849–0.963) 0.908 (0.854–0.961) 0.903 (0.851–0.956) 0.904 (0.851–0.956) 0.900 (0.848–0.953)  
COX H: Yes - FS: No 0.980 (0.967–0.993) 0.883 (0.782–0.984) 0.903 (0.839–0.968) 0.902 (0.842–0.963) 0.905 (0.849–0.962) 0.903 (0.848–0.958) 0.903 (0.849–0.958) 0.900 (0.845–0.954)  
COX H: Yes - FS: Yes 0.973 (0.948–0.999) 0.893 (0.808–0.979) 0.907 (0.851–0.963) 0.906 (0.85–0.961) 0.907 (0.856–0.959) 0.904 (0.854–0.955) 0.905 (0.854–0.955) 0.902 (0.851–0.952)  
RNN H: No - FS: No 0.974 (0.945–1) 0.870 (0.762–0.979) 0.890 (0.819–0.961) 0.899 (0.839–0.959) 0.901 (0.845–0.957) 0.897 (0.842–0.952) 0.897 (0.842–0.952) 0.895 (0.840–0.950)  
RNN H: Yes - FS: No 0.955 (0.897–1) 0.886 (0.786–0.987) 0.897 (0.832–0.963) 0.890 (0.827–0.954) 0.896 (0.837–0.954) 0.899 (0.842–0.955) 0.897 (0.841–0.954) 0.892 (0.836–0.949)  
RNN H: Yes - FS: Yes 0.978 (0.957–0.999) 0.869 (0.749–0.988) 0.899 (0.824–0.974) 0.904 (0.840–0.968) 0.901 (0.841–0.962) 0.904 (0.846–0.962) 0.904 (0.846–0.962) 0.900 (0.842–0.958)  
Estimation of 𝛽 is based on the partial likelihood function [48]: 

𝐿𝑝𝑎𝑟𝑡𝑖𝑎𝑙(𝜷) =
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𝛿𝑖 (A.9)

where 𝑅(𝑡𝑖) is the risk set at time 𝑡𝑖, i.e., the set of individuals still at risk 
just before 𝑡𝑖. The log-partial likelihood is then maximised with respect 
to 𝛽 to obtain the estimates.

A.4. Recurrent neural network

A recurrent neural network (RNN) is a type of neural network 
specifically designed to handle sequential data by maintaining a hidden 
13 
state that captures information from previous time steps. However, tra-
ditional RNNs often suffer from vanishing gradients, making it difficult 
to learn long-term dependencies. To address this, architectures like the 
gated recurrent unit (GRU) were developed. The GRU cell is defined by 
the following formulas [49]:
𝒛𝒕 = 𝜎(𝑾 𝒛𝒙𝒕 + 𝑼𝒛𝒉𝒕−𝟏 + 𝒃𝒛) (update gate) (A.10)

𝒓𝒕 = 𝜎(𝑾 𝒓𝒙𝒕 + 𝑼 𝒓𝒉𝒕−𝟏 + 𝒃𝒓) (reset gate) (A.11)

𝒉̃𝒕 = tanh(𝑾 𝒉𝒙𝒕 + 𝑼𝒉(𝒓𝒕 ⊙ 𝒉𝒕−𝟏) + 𝒃𝒉) (candidate activation) (A.12)

𝒉𝒕 = (1 − 𝒛𝒕)⊙ 𝒉𝒕−𝟏 + 𝒛𝒕 ⊙ 𝒉̃𝒕 (final hidden state) (A.13)

where 𝒙𝒕 is the input at time step 𝑡, 𝒉𝒕−𝟏 is the previous hidden 
state, 𝜎 denotes the activation function, ⊙ represents element-wise 
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Table B.3
Model performance (Average precision). Comparison of the performance, in terms of average precision (see Eq.  (3)), of random models with models without the introduction of 
past history and without feature selection (H: No - FS: No) with models with the introduction of past history but without feature selection (H: Yes - FS: No) and with models with 
the introduction of past history and feature selection (H: Yes - FS: Yes) for all 5 eGFR threshold crossings and all 8 prediction horizons.
Abbreviations: LR, logistic regression; RF, random forest; COX, Cox proportional hazards regression; RNN, recurrent neural network; H, history; FS, feature selection.

Outcome[mL/min/1.73 m2] Model Prediction horizon [months]
6 12 18 24 30 36 42 48

90

Random 0.0612 0.203 0.320 0.430 0.554 0.684 0.798 0.906  
LR H: No - FS: No 0.132 (0.117–0.149) 0.445 (0.420–0.471) 0.586 (0.559–0.612) 0.690 (0.663–0.716) 0.785 (0.759–0.808) 0.880 (0.857–0.899) 0.935 (0.916–0.950) 0.974 (0.960–0.983) 
LR H: Yes - FS: No 0.205 (0.186–0.225) 0.468 (0.442–0.493) 0.620 (0.594–0.646) 0.720 (0.694–0.745) 0.792 (0.766–0.815) 0.886 (0.864–0.905) 0.936 (0.917–0.951) 0.978 (0.964–0.986) 
LR H: Yes - FS: Yes 0.219 (0.200–0.240) 0.482 (0.457–0.507) 0.626 (0.600–0.652) 0.720 (0.693–0.745) 0.796 (0.771–0.819) 0.883 (0.860–0.902) 0.935 (0.916–0.950) 0.978 (0.964–0.986) 
RF H: No - FS: No 0.144 (0.128–0.162) 0.451 (0.426–0.477) 0.591 (0.564–0.617) 0.690 (0.663–0.716) 0.800 (0.775–0.823) 0.878 (0.856–0.898) 0.932 (0.913–0.948) 0.977 (0.964–0.986) 
RF H: Yes - FS: No 0.186 (0.168–0.205) 0.507 (0.482–0.533) 0.645 (0.619–0.670) 0.741 (0.715–0.765) 0.818 (0.794–0.840) 0.893 (0.871–0.911) 0.939 (0.920–0.953) 0.980 (0.967–0.988) 
RF H: Yes - FS: Yes 0.202 (0.184–0.222) 0.530 (0.505–0.556) 0.660 (0.634–0.685) 0.745 (0.719–0.769) 0.822 (0.798–0.844) 0.894 (0.872–0.912) 0.932 (0.913–0.948) 0.978 (0.965–0.986) 
COX H: No - FS: No 0.152 (0.136–0.170) 0.449 (0.424–0.475) 0.583 (0.556–0.609) 0.683 (0.656–0.709) 0.782 (0.756–0.806) 0.872 (0.849–0.892) 0.934 (0.914–0.949) 0.974 (0.959–0.983) 
COX H: Yes - FS: No 0.205 (0.186–0.225) 0.492 (0.466–0.517) 0.632 (0.606–0.658) 0.719 (0.692–0.744) 0.803 (0.778–0.826) 0.888 (0.866–0.906) 0.939 (0.921–0.954) 0.978 (0.964–0.986) 
COX H: Yes - FS: Yes 0.198 (0.180–0.218) 0.497 (0.472–0.523) 0.636 (0.610–0.661) 0.723 (0.697–0.748) 0.808 (0.783–0.831) 0.888 (0.866–0.907) 0.939 (0.921–0.954) 0.977 (0.963–0.986) 
RNN H: No - FS: No 0.160 (0.143–0.178) 0.470 (0.445–0.496) 0.607 (0.580–0.633) 0.701 (0.674–0.726) 0.803 (0.778–0.826) 0.883 (0.861–0.902) 0.934 (0.915–0.949) 0.973 (0.959–0.983) 
RNN H: Yes - FS: No 0.253 (0.233–0.275) 0.497 (0.472–0.523) 0.630 (0.604–0.656) 0.724 (0.698–0.749) 0.807 (0.782–0.830) 0.887 (0.865–0.906) 0.932 (0.912–0.947) 0.973 (0.958–0.982) 
RNN H: Yes - FS: Yes 0.238 (0.218–0.259) 0.505 (0.480–0.531) 0.634 (0.608–0.659) 0.725 (0.698–0.749) 0.811 (0.786–0.834) 0.887 (0.865–0.906) 0.932 (0.912–0.947) 0.970 (0.955–0.980) 
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Random 0.0250 0.0779 0.132 0.193 0.265 0.364 0.495 0.697  
LR H: No - FS: No 0.121 (0.110–0.132) 0.341 (0.324–0.358) 0.550 (0.531–0.569) 0.652 (0.632–0.672) 0.713 (0.691–0.733) 0.792 (0.770–0.813) 0.857 (0.834–0.876) 0.940 (0.921–0.954) 
LR H: Yes - FS: No 0.148 (0.136–0.160) 0.393 (0.376–0.411) 0.583 (0.564–0.601) 0.672 (0.652–0.691) 0.725 (0.704–0.745) 0.812 (0.790–0.831) 0.868 (0.846–0.887) 0.947 (0.929–0.960) 
LR H: Yes - FS: Yes 0.152 (0.140–0.164) 0.402 (0.384–0.419) 0.588 (0.569–0.606) 0.672 (0.652–0.692) 0.735 (0.714–0.755) 0.815 (0.794–0.835) 0.869 (0.848–0.888) 0.947 (0.929–0.961) 
RF H: No - FS: No 0.110 (0.100–0.120) 0.335 (0.318–0.352) 0.529 (0.510–0.548) 0.632 (0.612–0.652) 0.708 (0.687–0.729) 0.798 (0.776–0.818) 0.855 (0.833–0.875) 0.932 (0.912–0.948) 
RF H: Yes - FS: No 0.151 (0.140–0.164) 0.374 (0.357–0.392) 0.569 (0.550–0.588) 0.659 (0.639–0.679) 0.722 (0.701–0.743) 0.808 (0.787–0.828) 0.864 (0.843–0.884) 0.939 (0.920–0.954) 
RF H: Yes - FS: Yes 0.145 (0.134–0.157) 0.390 (0.373–0.408) 0.584 (0.565–0.603) 0.667 (0.647–0.687) 0.730 (0.709–0.750) 0.809 (0.788–0.829) 0.861 (0.839–0.881) 0.944 (0.926–0.958) 
COX H: No - FS: No 0.127 (0.117–0.139) 0.357 (0.340–0.374) 0.545 (0.526–0.564) 0.642 (0.622–0.662) 0.709 (0.687–0.729) 0.788 (0.766–0.809) 0.856 (0.834–0.876) 0.942 (0.923–0.956) 
COX H: Yes - FS: No 0.155 (0.143–0.167) 0.394 (0.377–0.411) 0.583 (0.564–0.601) 0.666 (0.646–0.685) 0.722 (0.701–0.742) 0.810 (0.789–0.830) 0.871 (0.849–0.889) 0.948 (0.930–0.962) 
COX H: Yes - FS: Yes 0.146 (0.135–0.158) 0.406 (0.389–0.424) 0.583 (0.564–0.602) 0.669 (0.649–0.689) 0.725 (0.704–0.745) 0.812 (0.791–0.831) 0.870 (0.849–0.889) 0.945 (0.927–0.959) 
RNN H: No - FS: No 0.100 (0.090–0.110) 0.308 (0.292–0.325) 0.478 (0.459–0.497) 0.605 (0.584–0.625) 0.675 (0.652–0.696) 0.773 (0.750–0.794) 0.846 (0.823–0.866) 0.934 (0.914–0.949) 
RNN H: Yes - FS: No 0.171 (0.159–0.184) 0.378 (0.360–0.395) 0.584 (0.565–0.603) 0.681 (0.661–0.701) 0.744 (0.723–0.764) 0.819 (0.798–0.838) 0.869 (0.847–0.888) 0.944 (0.925–0.958) 
RNN H: Yes - FS: Yes 0.162 (0.150–0.175) 0.377 (0.360–0.394) 0.549 (0.530–0.568) 0.646 (0.626–0.666) 0.712 (0.690–0.732) 0.808 (0.786–0.828) 0.862 (0.840–0.882) 0.942 (0.923–0.956) 
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Random 0.0123 0.0425 0.0714 0.104 0.149 0.216 0.327 0.519  
LR H: No - FS: No 0.171 (0.160–0.183) 0.351 (0.335–0.367) 0.496 (0.477–0.514) 0.613 (0.593–0.632) 0.699 (0.678–0.719) 0.765 (0.742–0.786) 0.830 (0.805–0.852) 0.892 (0.865–0.913) 
LR H: Yes - FS: No 0.182 (0.171–0.194) 0.385 (0.369–0.401) 0.521 (0.503–0.539) 0.607 (0.587–0.627) 0.697 (0.675–0.717) 0.775 (0.753–0.796) 0.838 (0.814–0.860) 0.893 (0.867–0.915) 
LR H: Yes - FS: Yes 0.211 (0.199–0.224) 0.407 (0.391–0.424) 0.531 (0.512–0.549) 0.609 (0.589–0.628) 0.687 (0.666–0.708) 0.766 (0.743–0.787) 0.835 (0.811–0.857) 0.894 (0.868–0.916) 
RF H: No - FS: No 0.181 (0.170–0.193) 0.396 (0.380–0.413) 0.537 (0.519–0.555) 0.595 (0.575–0.614) 0.653 (0.631–0.674) 0.751 (0.728–0.773) 0.826 (0.801–0.848) 0.870 (0.842–0.894) 
RF H: Yes - FS: No 0.203 (0.191–0.216) 0.399 (0.382–0.415) 0.571 (0.553–0.589) 0.627 (0.607–0.646) 0.703 (0.682–0.724) 0.768 (0.745–0.789) 0.833 (0.809–0.855) 0.881 (0.854–0.904) 
RF H: Yes - FS: Yes 0.192 (0.181–0.205) 0.422 (0.406–0.439) 0.562 (0.544–0.580) 0.641 (0.621–0.660) 0.708 (0.687–0.729) 0.780 (0.758–0.801) 0.839 (0.815–0.861) 0.887 (0.860–0.909) 
COX H: No - FS: No 0.191 (0.179–0.204) 0.369 (0.353–0.386) 0.515 (0.496–0.533) 0.622 (0.602–0.641) 0.699 (0.677–0.719) 0.758 (0.735–0.780) 0.820 (0.795–0.843) 0.885 (0.859–0.908) 
COX H: Yes - FS: No 0.233 (0.221–0.247) 0.401 (0.385–0.418) 0.541 (0.522–0.559) 0.627 (0.607–0.646) 0.702 (0.681–0.722) 0.762 (0.739–0.784) 0.830 (0.805–0.852) 0.893 (0.867–0.915) 
COX H: Yes - FS: Yes 0.222 (0.209–0.235) 0.411 (0.394–0.427) 0.561 (0.543–0.579) 0.637 (0.617–0.656) 0.703 (0.682–0.723) 0.762 (0.739–0.783) 0.827 (0.803–0.850) 0.893 (0.866–0.914) 
RNN H: No - FS: No 0.154 (0.143–0.165) 0.338 (0.322–0.354) 0.496 (0.477–0.514) 0.613 (0.593–0.632) 0.699 (0.678–0.719) 0.751 (0.728–0.773) 0.812 (0.787–0.835) 0.875 (0.848–0.899) 
RNN H: Yes - FS: No 0.324 (0.309–0.338) 0.436 (0.420–0.453) 0.574 (0.556–0.592) 0.644 (0.624–0.663) 0.700 (0.679–0.721) 0.765 (0.743–0.787) 0.832 (0.808–0.854) 0.894 (0.868–0.916) 
RNN H: Yes - FS: Yes 0.253 (0.240–0.266) 0.412 (0.395–0.428) 0.543 (0.525–0.561) 0.612 (0.592–0.631) 0.680 (0.658–0.701) 0.745 (0.721–0.767) 0.815 (0.789–0.838) 0.882 (0.855–0.905) 

30

Random 0.00555 0.0158 0.0277 0.0402 0.0623 0.0972 0.161 0.300  
LR H: No - FS: No 0.135 (0.125–0.145) 0.185 (0.173–0.198) 0.275 (0.259–0.291) 0.407 (0.387–0.426) 0.476 (0.453–0.498) 0.612 (0.586–0.637) 0.702 (0.671–0.730) 0.833 (0.798–0.863) 
LR H: Yes - FS: No 0.140 (0.130–0.150) 0.202 (0.190–0.216) 0.337 (0.320–0.354) 0.450 (0.430–0.469) 0.487 (0.465–0.510) 0.637 (0.612–0.662) 0.719 (0.689–0.748) 0.845 (0.812–0.874) 
LR H: Yes - FS: Yes 0.124 (0.114–0.134) 0.220 (0.207–0.234) 0.360 (0.343–0.377) 0.470 (0.451–0.490) 0.515 (0.493–0.538) 0.621 (0.595–0.647) 0.702 (0.672–0.731) 0.843 (0.809–0.872) 
RF H: No - FS: No 0.123 (0.114–0.134) 0.193 (0.181–0.206) 0.349 (0.332–0.366) 0.485 (0.466–0.505) 0.533 (0.511–0.556) 0.593 (0.567–0.619) 0.663 (0.632–0.693) 0.795 (0.758–0.828) 
RF H: Yes - FS: No 0.143 (0.133–0.154) 0.296 (0.281–0.311) 0.402 (0.384–0.419) 0.508 (0.488–0.527) 0.540 (0.518–0.563) 0.600 (0.574–0.626) 0.693 (0.662–0.722) 0.822 (0.787–0.853) 
RF H: Yes - FS: Yes 0.157 (0.146–0.168) 0.276 (0.262–0.291) 0.427 (0.409–0.445) 0.500 (0.480–0.520) 0.533 (0.511–0.556) 0.612 (0.586–0.637) 0.694 (0.664–0.724) 0.836 (0.801–0.865) 
COX H: No - FS: No 0.159 (0.149–0.171) 0.199 (0.186–0.212) 0.310 (0.294–0.327) 0.409 (0.390–0.428) 0.472 (0.450–0.495) 0.584 (0.558–0.610) 0.692 (0.661–0.721) 0.811 (0.775–0.843) 
COX H: Yes - FS: No 0.206 (0.194–0.218) 0.253 (0.239–0.267) 0.377 (0.360–0.395) 0.473 (0.454–0.493) 0.512 (0.490–0.535) 0.613 (0.587–0.639) 0.706 (0.676–0.735) 0.822 (0.787–0.853) 
COX H: Yes - FS: Yes 0.185 (0.174–0.197) 0.255 (0.241–0.269) 0.380 (0.363–0.398) 0.455 (0.436–0.475) 0.500 (0.478–0.523) 0.599 (0.573–0.625) 0.694 (0.664–0.724) 0.819 (0.784–0.850) 
RNN H: No - FS: No 0.149 (0.139–0.160) 0.184 (0.171–0.197) 0.370 (0.353–0.387) 0.456 (0.436–0.476) 0.499 (0.476–0.521) 0.614 (0.588–0.640) 0.709 (0.679–0.738) 0.825 (0.789–0.855) 
RNN H: Yes - FS: No 0.229 (0.217–0.242) 0.290 (0.275–0.305) 0.398 (0.381–0.416) 0.495 (0.475–0.514) 0.537 (0.514–0.559) 0.621 (0.595–0.647) 0.698 (0.668–0.727) 0.832 (0.797–0.862) 
RNN H: Yes - FS: Yes 0.241 (0.228–0.254) 0.332 (0.317–0.348) 0.418 (0.401–0.436) 0.494 (0.475–0.514) 0.535 (0.512–0.557) 0.638 (0.613–0.663) 0.712 (0.681–0.740) 0.812 (0.776–0.844) 
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Random 0.000908 0.00436 0.00946 0.0157 0.0233 0.0359 0.0572 0.118  
LR H: No - FS: No 0.077 (0.069–0.085) 0.165 (0.153–0.177) 0.207 (0.193–0.221) 0.430 (0.411–0.450) 0.486 (0.464–0.509) 0.539 (0.512–0.565) 0.654 (0.622–0.685) 0.724 (0.681–0.764) 
LR H: Yes - FS: No 0.092 (0.084–0.101) 0.180 (0.167–0.192) 0.225 (0.210–0.240) 0.412 (0.393–0.431) 0.428 (0.406–0.450) 0.544 (0.517–0.571) 0.629 (0.596–0.661) 0.721 (0.677–0.761) 
LR H: Yes - FS: Yes 0.174 (0.163–0.185) 0.353 (0.337–0.368) 0.332 (0.316–0.349) 0.469 (0.449–0.488) 0.491 (0.468–0.513) 0.578 (0.552–0.605) 0.635 (0.602–0.667) 0.720 (0.676–0.760) 
RF H: No - FS: No 0.045 (0.039–0.052) 0.302 (0.287–0.317) 0.375 (0.358–0.393) 0.538 (0.518–0.558) 0.565 (0.543–0.587) 0.637 (0.610–0.662) 0.672 (0.640–0.703) 0.726 (0.682–0.766) 
RF H: Yes - FS: No 0.185 (0.174–0.197) 0.351 (0.335–0.366) 0.374 (0.357–0.392) 0.518 (0.498–0.538) 0.565 (0.543–0.587) 0.613 (0.587–0.639) 0.678 (0.646–0.709) 0.727 (0.684–0.767) 
RF H: Yes - FS: Yes 0.260 (0.247–0.273) 0.350 (0.335–0.366) 0.358 (0.341–0.375) 0.491 (0.472–0.511) 0.509 (0.486–0.531) 0.626 (0.600–0.652) 0.673 (0.641–0.704) 0.749 (0.706–0.787) 
COX H: No - FS: No 0.051 (0.045–0.058) 0.169 (0.157–0.182) 0.276 (0.260–0.292) 0.509 (0.489–0.528) 0.548 (0.525–0.570) 0.586 (0.560–0.612) 0.626 (0.594–0.658) 0.718 (0.674–0.758) 
COX H: Yes - FS: No 0.039 (0.034–0.045) 0.139 (0.128–0.150) 0.216 (0.202–0.231) 0.411 (0.392–0.431) 0.456 (0.434–0.478) 0.533 (0.506–0.559) 0.593 (0.559–0.625) 0.719 (0.675–0.759) 
COX H: Yes - FS: Yes 0.169 (0.158–0.180) 0.382 (0.366–0.398) 0.381 (0.364–0.398) 0.467 (0.447–0.486) 0.497 (0.474–0.519) 0.564 (0.537–0.590) 0.641 (0.608–0.672) 0.719 (0.675–0.759) 
RNN H: No - FS: No 0.053 (0.047–0.060) 0.172 (0.160–0.184) 0.237 (0.222–0.252) 0.347 (0.329–0.366) 0.437 (0.415–0.460) 0.503 (0.476–0.529) 0.544 (0.511–0.577) 0.680 (0.634–0.722) 
RNN H: Yes - FS: No 0.081 (0.074–0.090) 0.415 (0.399–0.431) 0.348 (0.332–0.365) 0.444 (0.425–0.464) 0.480 (0.457–0.502) 0.544 (0.517–0.570) 0.594 (0.561–0.626) 0.672 (0.626–0.714) 
RNN H: Yes - FS: Yes 0.088 (0.080–0.097) 0.432 (0.416–0.448) 0.398 (0.380–0.415) 0.462 (0.442–0.481) 0.482 (0.460–0.505) 0.546 (0.519–0.573) 0.620 (0.587–0.652) 0.700 (0.656–0.741) 
multiplication, and 𝑾 , 𝑼 , and 𝒃 are learnable weights and biases. The 
learnable parameters are estimated during training using backprop-
agation. Regularisation techniques like dropout are often applied to 
improve generalisation.

A.5. Boruta algorithm

The Boruta algorithm [37] performs feature selection by iteratively 
comparing the importance of original attributes to that of their shuf-
fled versions, known as shadow attributes. The algorithm begins by 
extending the dataset with shuffled copies of all existing features. 
A random forest classifier is then trained on this extended dataset, 
and the Z-scores representing feature importance are computed. The 
maximum Z-score among the shadow attributes (MZSA) is identified, 
and a ‘‘hit’’ is assigned to any original feature with a Z-score higher 
than the MZSA. For features whose importance remains undetermined, 
the algorithm conducts a two-sided statistical test to compare their
14 
Z-scores with the MZSA. Features that show an importance statistically 
lower than the MZSA are deemed unimportant and are removed, while 
those with statistically higher importance are marked as important. 
Once all evaluations are complete, shadow attributes are removed, and 
the process repeats. This cycle continues until every feature is defini-
tively classified or a predefined number of random forest iterations is
reached.

Appendix B. Complete results tables

See Tables  B.1–B.3.

Appendix C. Supplementary figures

See Figs.  C.1–C.3.
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Fig. C.1. Neural network performance (AUROC). Comparison of the performance, in terms of AUROC (see Eq.  (1)), between the multi-label, multi-output neural network architecture 
without the introduction of past history (H: No), in blue, and with the introduction of past history (H: Yes), in orange, for all 5 eGFR threshold crossings and all 8 prediction 
horizons.
Abbreviations: RNN, recurrent neural network; H, history.
Note: statistical significance of the neural network with the introduction of past history compared to the corresponding model without the introduction of past history is marked 
with a red *.

Fig. C.2. Neural network performance (C-index). Comparison of the performance, in terms of C-index (see Eq.  (2)), between the multi-label, multi-output neural network architecture 
without the introduction of past history (H: No), in blue, and with the introduction of past history (H: Yes), in orange, for all 5 eGFR threshold crossings and all 8 prediction 
horizons.
Abbreviations: RNN, recurrent neural network; H, history.
Note: statistical significance of the neural network with the introduction of past history compared to the corresponding model without the introduction of past history is marked 
with a red *.
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Fig. C.3. Neural network performance (average precision). Comparison of the performance, in terms of average precision (see Eq.  (3)), between the multi-label, multi-output neural 
network architecture without the introduction of past history (H: No), in blue, and with the introduction of past history (H: Yes), in orange, for all 5 eGFR threshold crossings 
and all 8 prediction horizons.
Abbreviations: RNN, recurrent neural network; H, history.
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