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1 | INTRODUCTION

Allergic diseases present a major public health burden, affecting
approximately 10% to 30% of the global population’, and there
is no cure available. Asthma, allergic rhinitis and atopic dermatitis
are among the most common allergic conditions with a particularly
high prevalence in childhood and adolescence.? They often coexist,
known as allergic multimorbidity, and are suggested to have shared
molecular pathways. The evident rise in the prevalence of allergic
diseases over recent decades® highlights the role of environmental and
lifestyle factors in their development.* For instance, air pollution® or
environmental tobacco smoke exposure® have been associated with
an increased risk for the development and progression of allergic
diseases. Due to the critical window of immune maturation in the
first years of life, perinatal and early-life environmental and lifestyle
factors are particularly relevant.” The heterogeneity of allergic disease
phenotypes and the fact that some children outgrow symptoms while
others experience persistent or worsening conditions into adolescence
and adulthood implies diverse trajectories of disease. Such trajectories
have been identified by several studies.®° Differential genetic
associations with allergic disease developmental profiles also suggest
distinct biological mechanisms.!! For targeted prevention, it would
be beneficial to predict these different allergic disease trajectories
in early life to identify children with high risk of disease progression
later in life. Several attempts have already been made to develop an
easily-applicable asthma prediction score: The Asthma Predictive
Index (API) which is often used in clinical practice but criticized for
its low sensitivity,*? the Pediatric Asthma Risk Score (PARS) which
improves the prediction of mild-to-moderate asthma risk,*® and the
ASthma Predlctive Risk scorE (ASPIRE) which also considers asthma
development and persistence up to young adult age.** Although the
latter two yield better sensitivity compared to the API, they focus on
the prediction of asthma alone, predominantly using information on
early-life symptoms but mostly neglecting early-life environmental

subsample (N=2109), polygenic risk scores (PRS) for asthma, allergic rhinitis, atopic
dermatitis, and any allergy were added to the predictor set.

Results: Our approach revealed moderate classification success (multiclass area under
the curve (AUC)=0.69). A macro-averaged sensitivity of 0.26 and specificity of 0.89
were obtained. The most important predictors were early-life skin rash, respiratory
symptoms, and air pollution. In the sub-analysis, the PRS were among the factors

with high importance, but the prediction performance in external test data was not

Conclusions: Our prediction success was comparable to established prediction scores
while accounting for multiple allergic disease trajectories and using solely early-life
factors. This study cannot yet provide reliable individual-level prediction in a clinical

setting but can inform development of future work on this.

allergic disease trajectories, allergic multimorbidity, early life, machine learning, prediction

Key message

Predicting trajectories of allergic diseases from birth to
adolescence yields a performance comparable to existing
prediction models-limited to the prediction of single allergic
disease entities at specific time points-while accounting
for the complex interplay among the three allergic diseases
asthma, allergic rhinitis, and atopic dermatitis. Using a
machine learning approach and easily accessible early
life factors as predictors, early life determinants most
relevant to distinct allergic disease trajectories and their
differentiation were identified. Although the performance
is moderate and therefore limits reliable individual-level
prediction, this study can inform future work on the

development of such models.

and lifestyle factors that are known to be relevant for asthma risk
later in life. More complex supervised machine learning approaches
do consider some of these early-life determinants and further improve
performance.’>® However, they are also restricted to the prediction
of asthma at a certain age without considering other allergic diseases
or time points. Only very few studies predict allergic rhinitis or atopic
dermatitis based on early-life factors using machine Iearning”’18 but
do not report the performance of their model in an external dataset.
However, no prediction model considering the complex interplay
of different allergic diseases from birth until adolescence has been
reported. Therefore, we aim to implement and externally validate
a machine learning approach to predict allergic disease trajectories®
from birth until adolescence on a population level based on easily
accessible early-life factors and to identify relevant modifiable early-
life factors as potential targets for prevention strategies.
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2 | METHODS
2.1 | Study population

Data from the prospective population-based German birth
cohorts GINIplus (German Infant Nutritional Intervention plus
environmental and genetic influences on allergy development)
and LISA (Influence of Life-style factors on the development of
the Immune System and Allergies in East and West Germany)
were used. Full-term, healthy newborns were recruited in Munich
and Wesel between 1995 and 1998 for GINIplus, and in Munich,
Wesel, Bad Honnef and Leipzig between 1997 and 1999 for LISA.
Sufficient knowledge of the German language was an inclusion
criterion for both studies, and the study population was of
mostly European ancestry. Ethical approval for both studies was
obtained from local ethics committees and all participants or their
caregivers gave written informed consent. Further information is
provided by Heinrich et al.'? This study uses data from the Munich
and Wesel study center with air pollution data available. In total,
it includes data from 4646 children from birth until adolescence,
using GINIplus (N=3277) for model training and LISA (N=1369)
for external validation. Missing values of early life determinants
were single-imputed using Multivariate Imputation by Chained
Equations (MICE) with the mice package?® (for details see
Supplemental Methods).

2.2 | Allergic disease trajectories

Previous work derived allergic disease trajectories in the GINIplus
and LISA studies reflecting different patterns of onset, persistence,
multimorbidity and remission from birth until the age of 15 years,
considering yearly parent-reported asthma, atopic dermatitis and

allergic rhinitis doctor diagnoses.8

Using longitudinal k-means
clustering, the following trajectories were identified: “Intermittently
allergic” (17.5%) with mild or transient allergic disease, “Rhinitis”
(7.5%) with allergic rhinitis but very low asthma and atopic dermatitis
prevalence, “Early-resolving dermatitis” (6.3%) including children
with atopic dermatitis within the first years of life and mostly
experiencing remission, “Mid-persisting dermatitis” (4.1%) with
children developing dermatitis mainly during mid-childhood up
to the age of 10years and more than 50% persistence at age 15,
“Multimorbid” (4.0%) with almost all children developing asthma
combined with a relatively high prevalence of rhinitis and dermatitis,
“Persisting dermatitis plus rhinitis” (2.2%) where most children had
atopic dermatitis early in life and then develop rhinitis with a high
proportion of persisting dermatitis, and “Early-transient asthma”
(0.5%) characterized by early wheezing and subsequent remission.
The early-transient asthma trajectory was excluded for this study
due to small sample size (N=27). Children never diagnosed with
any allergic disease were assigned to a non-allergic trajectory
beforehand.®

WILEY- 2™

2.3 | Selection of early-life predictor set

Fifty-six candidates consisting of parental, perinatal, environmental,
and lifestyle factors as well as early allergic or respiratory
symptoms within the first 4years of life were selected based on
existing literature (Table S1).

2.4 | Model training and optimization

Allergic disease trajectories including the non-allergic trajectory as
reference were predicted via multiclass classification using the set
of selected early-life factors. We applied XGBoost, a supervised
decision tree-based machine learning approach, which has been
shown to perform well in multi-class imbalanced data,?! using the

t?2v1.7.8.1 package. Model training was performed in train-

xgboos
ing data (GINIplus) and followed by external validation of the model
in the independent test dataset (LISA) (Figure 1). To account for the
unbalanced class distribution, class weights were used to give more
importance to underrepresented classes during model training.
To find the optimal hyperparameters for the XGBoost algorithm,
parameter tuning was performed in the training data by the tune
V1.2.1 package. This was done via grid search and cluster-stratified
5-fold cross-validation which preserved the overall distribution of
allergic disease trajectories, iterating over 20 replicates. For cross
validation, the glmnet?® V4.1.8 package was used. In this step, the
combination of model settings that yields the best predictive per-
formance was searched for by systematically testing numerous
combinations of parameters in the training data, using four parts
of it for training and the fifth for testing the fitted model based
on these parameters. The best identified parameters were used to
train the final model on the training dataset. The final model was
then calibrated by using a multinomial logistic regression predict-
ing the true trajectories based on the predicted probabilities in the
training data. Calibration was assessed using calibration plots with
flexible Locally Estimated Scatterplot Smoothing (LOESS) curves,
by applying the CalibrationCurves®*-?” V3.0.0 package, and the mul-

ticlass brier score on the original scale (range 0-2).28

2.5 | External validation

The final calibrated model was used to make predictions in the test
dataset for external validation. Additionally, it was tested in 1000
bootstraps of the test dataset to generate 95% confidence intervals,

derived by the rsample29 V1.3.0 package.

2.6 | Assessment of performance

To assess the classification performance, receiver operating charac-

teristic (ROC) curves indicating the model's ability to discriminate
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FIGURE 1 Workflow for the model development and training (left blue part) and external validation of the model (right green part).

between membership in a given trajectory versus all other trajectories
were created and AUC values per allergic disease trajectory were com-
puted by one-versus-all classification based on calculated probabilities
for each class. Sensitivity, specificity, positive and negative likelihood
ratio were calculated for each trajectory. Additionally, the macro-
averaged multiclass AUC,%C sensitivity and specificity were calculated.
For computing classification performance metrics the MLmetrics®!
V1.1.3 package was used. For ROC curves, AUC, sensitivity and speci-
ficity, 95% confidence intervals were derived. For internal validation,
these were derived from the performance across cross-validation
folds and replicates; for external validation, bootstrap iterations were
used. These were reported along with mean performance metrics.
Additionally, to find the best balance between sensitivity and
specificity, the Closest Point method was used. To assess clinical
utility, a decision curve analysis was performed for each trajectory
individually using a one-versus-all approach and computing the net

benefit of the prediction of the respective trajectory.

2.7 | Variable importance and contribution of
single predictors

The variable importance was derived from the model using the vip®?
V0.4.1 package to identify the factors most valuable for making pre-
dictions (for details see Supplemental Methods). SHapley Additive
exPlanations (SHAP)®® were calculated by the xgboost??> V1.7.8.1

package and used to evaluate the contributions of the single fea-

tures on the prediction of each trajectory.

2.8 | Sub-analysis using genetic data

In a subsample (N=2109) of European ancestry with genetic data
available, polygenic risk scores (PRS) for asthma,®* allergic rhinitis,%”
atopic dermatitis,>® and any allergy®” were added to the predictor
set to evaluate whether the inclusion of PRS could improve
predictions. The performance in training (GINIplus, N=1358) and
test (LISA, N=751) data was compared within the subsample with
or without adding PRS using the same methods as before. Details on
the PRS construction are described in the Supplemental Methods.
All analyses were performed in R® V4.4.1.

3 | RESULTS

3.1 | Study population

In total, 3277 participants from GINIplus were included in the
training and 1369 participants from LISA in the test dataset, with
similar sex distribution (Table 52). The assignment to allergic disease
trajectories based on GINIplus and LISA by Kilanowski et al8is
shown in Table 1.
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The predictor set consists of parental, perinatal and early-life
(within the first 4years of life) determinants listed in Table S1. It
comprises sex, parental education, family history of allergies, birth
mode and weight, breastfeeding, maternal smoking and smoke ex-
posure during pregnancy, presence of older siblings, BMI, indoor
smoking at home, use of gas for cooking, mold, traffic-related air
pollution, urbanicity, contact with other children or daycare, cat and
dog ownership as well as allergic or other respiratory symptoms in-
cluding skin rash, wheezing, having an itchy or blocked nose without
presence of a cold, airway infections, dry coughing at night with-
out presence of a cold/bronchitis and having itchy/watery eyes to-
gether with nasal symptoms. While the training and test datasets
were similar regarding the distribution of most of these variables,
allergic symptoms like skin rash or wheezing were more prevalent
in the LISA test dataset compared to the GINIplus training dataset
(Table S2). In addition, in the LISA test dataset, more participants
were from the urban Munich study center than rural Wesel com-
pared to the training dataset participants.

3.2 | Classification performance

Within the training data a multiclass AUC of 0.80, sensitivity of
0.44 and specificity of 0.90 were reached. In external validation,
the model revealed moderate classification success with a mul-
ticlass AUC of 0.69, when using the complete test set. A macro-
averaged sensitivity of 0.26 and specificity of 0.89 was obtained.
Trajectory-specific performance metrics, including AUC, sen-
sitivity and specificity, are presented in Table 2 along with 95%
confidence intervals. ROC curves indicating the model's ability
to discriminate between membership in a given trajectory ver-
sus all other trajectories are shown in Figure 2 along with AUC
values. The curves represent the mean performance across folds
and replicates for training data, and bootstraps of test data, and
are presented along with 95% confidence intervals. For external
validation in the complete test dataset, ROC curves are shown in
Figure S1 and performance metrics in Table 2. The sensitivity of
0.72 in the non-allergic trajectory indicates that the model cor-

rectly identifies a moderate proportion of true non-allergic cases.

TABLE 1 Frequencies of allergic
disease trajectories.

No allergy

Intermittently allergic

Rhinitis

Early-resolving dermatitis

Mid-persisting dermatitis

Multimorbid

Persisting dermatitis + rhinitis

WILEY-L>*™

However, the specificity of 0.64 implies that some individuals
were misclassified as non-allergic. The low sensitivity for almost
all allergic trajectories indicates that the model fails to capture all
individuals belonging to a certain trajectory. The specificity is high
for all allergic disease trajectories indicating that most negative
cases are correctly identified. The best prediction success was ob-
tained for the early-resolving dermatitis, multimorbid and persist-
ing dermatitis + rhinitis trajectory with AUC values of 0.77, 0.80
and 0.81, and positive likelihood ratio values between 4.11 up to
6.50 (Table S3). The positive likelihood ratio represents the factor
by which the odds of belonging to a certain trajectory increase
when being assigned to the respective trajectory; the negative
likelihood ratio the factor by which the odds of belonging to a cer-
tain trajectory decrease when not being assigned to the respec-
tive trajectory.

Additionally, the prediction performance is illustrated by the
distribution of predicted versus observed trajectories (Figure 3,
Table S4):in all predicted allergic trajectory groups, the highest num-
ber of misclassified individuals comes from the non-allergic trajec-
tory. Among the individuals misclassified as non-allergic, the largest
proportion belongs to the intermittently allergic trajectory. Another
part of the non-allergic trajectory is incorrectly classified into the
early-resolving dermatitis trajectory. Most of the intermittently al-
lergic children are either predicted as such, as non-allergic, or as part
of the early-resolving dermatitis trajectory.

Model calibration expressed by calibration plots (Figures S2 and
S3) and a multiclass brier score of 0.84 before and 0.59 after recali-
bration (on a scale ranging 0-2) indicate that the initial poor calibra-
tion was improved after the recalibration procedure to better reflect
true class distributions. Nevertheless, some classes, particularly
the non-allergic trajectory, still show systematic underprediction
with points lying above the 45° identity line, while others show sys-
tematic overprediction with points well below the identity line. So
even after recalibration, the plots do not clearly demonstrate good
calibration.

Additionally, the probability thresholds with the best balance be-
tween sensitivity and specificity based on the Closest Point method
are presented in Table S5 resulting in better sensitivity values at the

expense of specificity.

Training dataset Test dataset
(GINIplus) (LISA) Overall
(N=3277) (N=1369) (N=4646)

1831 (55.9%) 869 (63.5%) 2700 (58.1%)

612 (18.7%) 214 (15.6%) 826 (17.8%)
263 (8.0%) 89 (6.5%) 352 (7.6%)
213 (6.5%) 75 (5.5%) 288 (6.2%)
136 (4.2%) 50 (3.7%) 186 (4.0%)
139 (4.2%) 45 (3.3%) 184 (4.0%)
83 (2.5%) 27 (2.0%) 110 (2.4%)
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No allergy Intermittently allergic Rhinitis Early-resolving dermatitis
N=1831 (869) N=612 (214) N=263 (89) N=213 (75)
1.00 A
0.754
0.50 1
0.25 1 training: AUC = 0.74 training: AUC = 0.47 training: AUC = 0.54 training: AUC = 0.85
test: AUC = 0.74 test: AUC = 0.57 test: AUC = 0.60 test: AUC = 0.77
>, 0.00 4
£ T T T T
:‘% Mid-persisting dermatitis Multimorbid Persisting dermatitis + rhinitis 0-00 0.25 050 075 1.00
S N=136 (50) N=139 (45) N=83 (27)
9 1.004
0.754
0.50 1
0.25 training: AUC = 0.56 training: AUC = 0.73 training: AUC = 0.87 — training data
test: AUC = 0.74 test: AUC = 0.80 test: AUC = 0.81 — test data
0.00 1

T

000 025 050 075

100000 025 050 075

100000 025 050 075 1.00

1 - Specificity

FIGURE 2 Receiver operator characteristic (ROC) curves per trajectory in training and test dataset, shown as mean performance
complemented by 95% confidence intervals derived from performances across iterations over cross-validation folds and replicates for
training and bootstraps for test data. Sample size per trajectory is shown for the training dataset followed by the values for the test dataset

in brackets. Mean AUC values are presented for training and test data.

A decision curve analysis revealed that the clinical utility of a
prediction - specifically of one of the allergic disease trajectories -

remains limited (Figure S4).

3.3 | Variable importance and contribution of
single predictors

Variable importance - quantifying how useful each predictor
is for improving the model's overall prediction accuracy - was
calculated as the average gain in accuracy that the model obtains
when incorporating a certain variable into a decision tree, that is,
higher values indicate that the variable meaningfully improves the
model's performance. Based on that, the most important predictors
discovered were: early-life skin rash; respiratory symptoms including
an itchy or blocked nose, itchy or watery eyes with nasal symptoms
and wheezing; and air pollution at birth including particulate matter
(PM2.5 and PM10) (Figure 4). Additionally, other traffic- and air
pollution related variables, birthweight, BMI, sex, maternal rhinitis
history, coughing at night, and urbanicity at birth were among the
20 most important variables. The distributions of predictor variables
stratified by trajectories are presented in Table Sé6. The correlation
structure between predictor variables is shown in Figure S5.

The contributions of individual features on the prediction of the
single trajectories are presented in SHAP plots in Figure S7. They show

the contribution of a feature to a specific prediction but cannot provide
effect sizes, nor do they necessarily imply causality. The absence of skin
rash in the second and fourth year of life as well as lower air pollution
and maternal rhinitis history contributed to the prediction of the rhinitis
trajectory. On the other hand, early skin rash, especially in the second
year, as well as the absence of itchy or watery eyes with nasal symp-
toms contributed to the prediction of the early-resolving dermatitis tra-
jectory. ltchy or watery eyes with nasal symptoms also decreased the
probability to be predicted with the mid-persisting dermatitis trajec-
tory, but together with skin rash and other nasal symptoms they made
the prediction of the persisting-dermatitis + rhinitis trajectory more
likely. Additionally, a higher birthweight contributed to the persisting-
dermatitis + rhinitis trajectory as well, whereas lower birthweight, low
PM2.5, and low traffic intensity as well as female sex contributed to
the prediction of mid-persisting dermatitis. Wheezing, especially in the
fourth year, together with an itchy or blocked nose positively contrib-

uted to the multimorbid trajectory, as did high PM2.5 values.

3.4 | Sub-analysis including polygenic risk scores as
predictors

In the sub-analysis adding PRS for asthma, allergic rhinitis, atopic
dermatitis and any allergy to the predictor set, 1358 participants
from GINIplus and 751 from LISA were available (Tables S7 and S8).
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FIGURE 3 Sankey Plot illustrating the distributions of observed and predicted trajectories and their overlaps. Detailed numbers can be
found in Table S4.
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FIGURE 4 Variable importance for the 20 most important variables, quantifying how useful each predictor is for improving the model's
overall prediction accuracy. For variable importance of all predictor variables see Figure Sé.

The multiclass AUC for training data was slightly improved at 0.88 with a comparably high variable importance (Figure S10). However,
compared to an analysis on the same sample without using PRS vari- when evaluating the prediction model in test data, the AUC was not
ables (AUC=0.86) (Figures S8 and S9). PRS were among the factors improved at 0.64 with and without PRS (Figures S8 and S9).
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4 | DISCUSSION

In this study, we implemented a machine learning approach to predict
allergic disease trajectories from birth until the age of 15years by
using a comprehensive set of early life factors. Our approach yields
moderate classification success varying between trajectories with
an overall multiclass AUC of 0.80 in training and 0.69 in external
test data, and a macro-averaged sensitivity of 0.26 and specificity
of 0.89.

This is, to the best of our knowledge, the first and only study
predicting this complex outcome comprising the interplay of differ-
ent allergic diseases over a long period of time instead of using a
single allergic disease at one certain time point as outcome. Shared
underlying mechanisms and high comorbidity between the different
allergic diseases suggest investigating them jointly to consider time
dependence and allergic multimorbidity. However, the similarity
and overlap in symptoms, medical history and other factors across
trajectories make this a highly challenging prediction problem. The
complexity of our outcome might lead to limited accuracy repre-
sented by only moderate prediction success. More precisely, the
model struggles with differentiating between the non-allergic con-
trol group, mild or transient phenotypes, while the AUC increases
to 0.80 and 0.81 when considering the trajectories describing more
severe and persistent phenotypes such as the multimorbid and per-
sisting dermatitis + rhinitis trajectory.

The variable importance provides information on which factors
are most relevant for future prediction models. This refers to how
the variables contribute to the prediction but does not necessarily
imply causal associations. As expected, the presence and combina-
tion of early allergic symptoms including skin rash, wheezing and
itchy or watery eyes or nasal symptoms like an itchy or blocked nose
but also maternal rhinitis history were among the most important
predictors of allergic disease trajectories - in line with existing pre-
diction scores relying predominantly on parental history and early
symptoms or disease.??** Additionally, birthweight and BMI within
the first 4years of life provided information on allergic disease tra-
jectories, which is consistent with previous studies.*>*? Air pollu-
tion including PM2.5, PM10 and nitrogen dioxide (NO,) as well as
distance to the nearest busy road and traffic intensity on the near-
est major road at birth, reflecting traffic-related air pollution, have
also been identified as important predictors in line with previous
studies on the prediction of childhood atopic dermatitis and allergic
rhinitis.*® Beyond that, factors like sex and urbanicity also slightly
improved the model's ability to differentiate between trajectories.
However, given the correlation between some of the factors, the
predictors identified as most important might also represent other
factors to a certain extent.

Although the overall sensitivity is low in our approach at 0.26, it
is comparable to the (stringent) API often used in clinical practice for
the prediction of asthma at 6years with a sensitivity of 0.28.12 Still,
the AUC of the (stringent) APl is 0.62,%3 lower than our model which
reaches an AUC of 0.69 in the test data. While the API only consid-
ers wheezing, parental asthma history, atopic dermatitis, and allergic

WILEY- 2™

rhinitis history of the child as well as allergic rhinitis and eosinophilia,
we used a variety of other relevant early life factors like air pollution®
or presence of older siblings.40 In comparison, the PARS yields a sen-
sitivity of 0.67 and specificity of 0.79 as well as an AUC of 0.79 when
replicated in an independent study which is higher than in our ap-
proach.'® Farhan et al. predicted asthma at age 18 based on factors
during the first 4years and reached an AUC of 0.65, being slightly
lower compared to ours.** Although machine learning approaches
are more complex, require more input data and are therefore not as
easily applicable as some of the prediction scores, they can clearly
improve the performance: Owora et al. showed that conditional in-
ference trees have better prognostic performance than prediction
scores®®: They reach an AUC of 0.85 with a sensitivity of 0.47 and
specificity of 0.93 - which is comparable to the performance of our
model in the training data with a sensitivity of 0.44 and specificity
of 0.90. Owora et al. did not perform external validation, which is a
major limitation, as this usually leads to a reduction of the perfor-
mance due to overfitting on the training data. Compared to our AUC
of 0.80 and sensitivity of 0.44 in training data, Kothalawala et al.
predicted asthma at 10years of age based on perinatal factors and
early life symptoms using support vector machines with an AUC of
0.82 and a sensitivity of 0.72.1°> However, when validated in external
data, the sensitivity decreased to 0.55, which is still higher than our
model performance with a sensitivity of 0.26 in external test data,
but rather low considering the comparably simple prediction out-
come. Another study achieved an AUC of 0.83 for predicting atopic
dermatitis up to the age of 14 years and 0.84 for allergic rhinitis with
tree-based models'® using personal characteristics, biological mark-
ers, and environmental factors as predictors - without performing
external validation, limiting external validity.

Associations between PRS for allergic diseases and trajectories
have been shown before, independent of adjustment for family
history.8 Consequently, the performance of our prediction in the
training data improved when including PRS in the set of predictors,
with the PRS consistently being among the variables with higher
importance. Due to limited availability of genetic data, the sample
size for the test dataset is relatively small, leading to generally lower
AUC values. However, the AUC in the test data did not increase on
addition of genetic information, which may indicate overfitting in
model training. Beyond that, genetic data may not further improve
prediction performance, as was also shown by van Breugel et al ¥
One might also speculate that the predictive potential of genetics is
partially captured by parental allergies in the predictors.

There are several limitations to our approach. Early-life skin rash
symptoms used as a predictor overlap with information on atopic
dermatitis diagnosis in the first years of life, which was used for
building the trajectories. As many children experienced skin rash
symptoms early in life with subsequent remission, this may have
improved the performance in the early-resolving dermatitis trajec-
tory. Further, the low sensitivity limits the ability of the prediction
model to correctly recognize individuals belonging to a certain tra-
jectory. It is important to consider that even though the trajecto-
ries being predicted have been replicated in an independent study,
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they are not yet established and widely used as this is an emerging
field of research. Therefore, the outcome itself contains some un-
certainty which potentially contributes to the overall low sensitivity.
Ultimately, it is important to acknowledge that this study cannot yet
provide a reliable individual-level prediction in a clinical setting due
to only moderate performance, restricted calibration and limited
clinical utility. However, it can provide valuable insights into how the
complex interplay between allergic diseases might be considered for
future studies and which factors are relevant for the different tra-
jectories. The results of this study can indicate which factors help
the model's prediction accuracy but do not provide information
about which factors are important in a causal sense. Additionally,
predictors identified in this study may not be generalizable to other
populations, especially those of non-European ancestry, or to set-
tings with different environmental exposures such as some low- and
middle-income country settings.

An important strength of this study is the use of a multinomial
prediction approach considering allergic multimorbidity compared
to existing approaches mostly focusing on only one allergic disease,
respectively. Further, the two independent longitudinal birth cohort
studies allow the use of one study for model training and one for
external validation. Performing the validation of the model in an
external study which is slightly different compared to the training
data (e.g., regarding urbanization), enables the performance in a real-
world scenario to be assessed. This study sets an example for the
further development of the prediction of allergic diseases without
focusing on one specific disease or one specific time point, by mak-
ing use of a variety of easily accessible early life factors and machine
learning methods. Our approach shows that despite the complexity
of the prediction task, the use of machine learning methods enabled
moderate success when predicting allergic disease trajectories from
birth until adolescence using only early life factors. It could therefore
be widely applicable and should be tested in more data. Combining
the use of early life and perinatal factors with molecular or clinical
data may further improve the prediction success. Furthermore, fu-
ture work should aim to differentiate between atopic and non-atopic
asthma as they reflect different pathomechanisms and consequently,
might differ regarding the role of early-life predictors.

In conclusion, our study yields a prediction success comparable
to established asthma prediction scores like the API, simultaneously
accounting for multiple allergic disease trajectories. This could serve
as a basis for the development of more advanced approaches to pre-
dict allergic disease trajectories. Insights into which factors contrib-
ute to the prediction of which disease trajectories could not only
indicate different biological pathways between the trajectories but

also enhance the development of targeted prevention strategies.
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