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Figures: 5

Online repository: 1 Table; E-methods with scripts

Abstract:

Background: IgE to peanut often occurs in the absence of peanut allergy. Detection of allergen
component sIgk has improved diagnosis and birthed molecular allergen component arrays, in
which sensitisation to multiple allergen components can be measured simultaneously.
Objective: To improve the diagnostic utility of serology for peanut allergy, by mapping
interactions of sIgE to multiple components and IgE functional characteristics.

Methods: A cohort of 100 children was studied, with a 60-children cohort employed for
external validation. Levels of total IgE, slgE to peanut and peanut components were measured
using singleplex ImmunoCAP and multiplex ISAC. Peanut IgE specific activity, avidity and
diversity were determined. Diagnostic modelling was performed using a Bayesian hierarchical
model.

Results: Sensitization to the 112 allergens on ISAC (model 1) demonstrated the highest
accuracy to diagnose peanut allergy (AUC=0.92). Sensitization to peanut components on ISAC
(model 2) reported an AUC of 0.86 and on singleplex (model 3) an AUC of 0.92, which was
greater than that of Ara h 2-sIgE alone (AUC= 0.90). Functional characteristics of peanut-sigE
(model 4) reported an AUC of 0.89, which was in turn greater than that of peanut-sigk
(AUC=0.75). Model 3 offered the highest predictive value and the second highest overall
diagnostic accuracy.

Conclusions: sIgE to a combination of allergen components (Ara h 1, 2, 3 and 6) is highly
predictive of peanut allergy and superior to individual markers. Combining the functional
characteristics of IgE was superior to peanut-slgk levels alone. These models can be applied in

real-time during clinical consultations using online calculators.

Abstract word count: 250

Highlights:

1. What is already known about this topic?
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Specific IgE to peanut components, particularly Ara h 2, can be more accurate than specific
IgE to peanut extract.

2. What does this article add to our knowledge?

Combining specific IgE to various peanut allergens or combining functional characteristics of
IgE can improve the diagnostic accuracy of individual allergen-specific IgE or peanut-specific

IgE levels, respectively.

3. How does this study impact current management guidelines?
Online calculators will be available to clinicians to calculate the probability of peanut allergy
based on a combination of IgE to peanut allergens or of functional characteristics of peanut-

specific IgE that can aid clinical decision-making.

Key words:
Singleplex, Multiplex, coefficient, specificity, specific activity, avidity, diversity, specific IgE,

peanut allergy

Abbreviations:

AUC - Area Under the Curve

(ImmunoCAP) ISAC - Immuno Solid-phase Allergen Chip
NA — Non-sensitized Non-allergic

CV — Cross-validation

OFC - Oral Food Challenge

PA - Peanut Allergic

PS - Peanut Sensitized but Tolerant

ROC - Receiver Operating Characteristic

slgE - Specific IgE

SPT - Skin Prick Test
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Introduction:

Diagnosing peanut allergy is still a clinical conundrum in some cases, given the frequent
discrepancy between detection of peanut-specific IgE and clinical peanut allergy. This
discrepancy has been documented in various studies around the world, from birth cohort
studies, outpatient clinic observational studies and interventional studies'. The diagnosis of
peanut allergy has improved with the detection of allergen component sigE, such as Ara h 2-
slgkE and Ara h 6-sIgE*®. We recently showed that IgE to these components have 82% sensitivity
and 94% and 90% specificity, respectively®. This emergence of component-resolved diagnostics
(CRD) gave prominence to molecular allergen component arrays, such as the ImmunoCAP ISAC,
in which sensitisation to multiple allergen components can be measured simultaneously, in a
semi-quantitative fashion. This method has proved comparable to singleplex ImmunoCAP,
albeit data is reported in arbitrary units, with some studies suggesting lower sensitivity” 8 .
Notably, using ISAC arrays adds important information on both cross and co-sensitisation to
different allergens from multiple allergen groups.

Despite the improvements in the diagnosis of peanut allergy with CRD, there is still a
substantial proportion of children being assessed for possible peanut allergy who require an
oral food challenge (OFC) to clarify the allergic status®°. We have developed and validated
cellular tests using flow cytometry looking at basophil and mast cell activation following
stimulation with peanut allergen or controls. The basophil activation test (BAT) and the mast
cell activation test (MAT) have high specificity to diagnose peanut allergy, ranging between 96-
100% in different cohorts® 1% 11: however, they require flow cytometry and fresh blood samples
in the case of BAT. We have previously demonstrated in a peanut allergy model that functional
characteristics of Igk are important in determining basophil and mast cell activation in
response to allergens. These functional characteristics include: specificity, specific activity (i.e.
ration of allergen to total IgE), avidity and diversity. Other studies have characterised allergic
diseases, such as asthma, by mapping interactions of sIgk to clusters/pairs of components
identified using ISAC*? 13,

In this study, we aimed to apply these principles to improve the diagnosis of peanut allergy
using serology. By using data from the ISAC assay for each individual (n=100), we built
diagnostic models based upon allergen sensitisation across a broad range of allergens (n=112)
to better diagnose peanut allergy. Initial diagnostic models were developed to incorporate

different input variables, such as ISAC data to a range of allergen components from different
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sources, peanut allergen components alone, singleplex peanut allergen component slgk and
the functional characteristics of Igk, that we have recently demonstrated are important in
determining whether allergen can induce mast cell and basophil activation in IgE sensitized

children.

Methods:

Study population:

Samples from participants in the “Diagnostic markers of clinical allergy versus sensitization to
peanut” were tested. This included peanut allergic (PA), peanut sensitized tolerant (PS) and
peanut non-sensitized non-allergic (NA) children and teenagers assessed for possible peanut
allergy at a specialized Allergy clinic, as previously described?. Peanut allergy was defined by
positive oral food challenge (OFC) or the combination of a clear clinical history of systemic
allergic reactions to peanut and evidence of IgE sensitization on skin prick test (SPT) of 8 mm
or greater and/or peanut-sigE of 15 kUa/L or greater'®. Peanut tolerance was defined by a
negative OFC or the ability to ingest 4 g or more of peanut protein, twice a week, without
developing any allergic symptoms®. Peanut sensitization was determined by an SPT wheal size
of 1 mm or greater and/or a peanut-sigE level of 0.1 kUa/L or greater. One hundred patients
were randomly selected for the primary population and 60 additional patients for the external
validation population, based upon sufficient sample volume. Ethics approval was obtained
from the South East London Research Ethics Committee 2, and written informed consent was

obtained from parents of all children.

Measurement of IgE specificity, specific activity, avidity and diversity:

Allergen-specific Igk to 112 different allergens was measured using ImmunoCAP ISAC. Total
IgE, specific IgE to allergen extracts and specific IgE to individual peanut components (Ara h 1,
2, 3, 6, 8 and 9) were also measured using ImmunoCAP assays. The assays were performed
according to the manufacturer’s instructions, as previously reported?. IgE specific activity was
calculated from the ratio of allergen specific Igk to total Igk. IgE avidity for peanut was
measured with an inhibition assay with sodium thiocyanate (NaSCN) using the ImmunoCAP
platform and IgE diversity was calculated from the results of IgE binding to peanut allergens on

the ISAC test, as described in a previous publication®®.
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Statistical analyses:

Four diagnostic models were created: model 1 using IgE to the 112 allergens on the ISAC
microarray; model 2 using IgE to 6 peanut components on the ISAC microarray; model 3 using
IgE to 4 peanut components on the singleplex ImmunoCAP; and model 4 using four
characteristics of peanut-specific IgE: levels, specific activity, avidity and diversity. Statistical
modelling was performed employing a generalised linear model (GLM) in a Bayesian
hierarchical framework!” 8, using the PA and PS individuals (n=90) as training set. For internal
and external validation, the NA subjects were also considered, making totals of 100 and 60
patients respectively. The GLM assumes a Bernoulli distribution for the response variable
(PA=1 and PS=0), the input variables are the allergen/characteristic. Regularization is employed
to reduce overfitting by using an adaptive prior for the variance hyperparameter, resulting in
shrinkage of coefficients for input variables with little influence towards O.

For diagnostic model 1, the input variables included ImmunoCAP ISAC data. Due to the sparse
and high dimensional nature of the data, i.e. number of input variables larger than available
samples, sensitisation was considered binary. The input values for each allergen were
converted to binary (0/1) format based on the condition that if the detection of allergen slgk
<0.3 then set to 0, otherwise 1. For diagnostic models 2, 3 and 4, raw input values were used
instead due to small number of input variables compared to sample size. As the data was not
transformed into a binary format for models 2 and 3, we do see outliers appear in this model,
hence, a more robust version of the GLM previously described, was used in order to tolerate
outliers. This is achieved by modifications to present the model as a finite mixture model,
where one component of the mixture is a hierarchical logistic regression model, and the
second component is a random ‘guessing’ parameter adjusting for outliers’. This provides a
‘weighted’ version of the estimated coefficients, reducing the unwanted effects of outliers in
the data. The script for each model is available online using the link

https://github.com/uhkniazi/BRC Allergy Oliver PID 18/tree/Combining Allergsen Compon

ents Paper.

To assess the diagnostic performance, Receiver Operating Characteristic (ROC) curve analyses
were performed. In each model, internal 10-fold cross-validation (CV), was used to validate
and assess the diagnostic performance of the initial training data (n=90)%°. Where available,
diagnostic models 1 and 2, an external validation cohort (n=60; PA=29, PS=24 and NA=7) was

used to independently assess the performance of the diagnostic model.
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Statistical modelling was performed using both R?? and Stan?' 2?2, with ROC curves generated
in ‘R". Graphical representations of coefficients for each allergen/characteristic were generated

using GraphPad Prism 7.0 (GraphPad Software, San Diego, CA).

Results:
Study population
The clinical and demographic characteristics of the primary study population and the cohort

used for external validation are represented in Table 1.

Diagnostic Model 1 - using the 112 allergen components of ISAC microarray

Diagnostic Model 1 utilised data collected for IgE sensitisation to 112 allergens included in the
ISAC microarray. Regression coefficients for the highest and lowest scoring 10 allergens are
represented in Figure 1A and a full list of allergen regression coefficients in Table E1 . Ara h 2,
Ara h 6 and Ara h 3 reported the highest regression coefficients, suggesting that they hold the
most influence in predicting peanut allergy. Ara h 2 reported the highest regression coefficient
of 3.05 (SE=1.6), closely followed by Ara h 6 (3.00, SE=1.64) and Ara h 3 (2.33, SE=2.38). Of the
peanut components, Ara h 2 reported the lowest standard error alongside the highest
coefficient, suggesting that it offers both the greatest reliability with the greatest predictive
power. The lowest regression coefficient was exhibited by Phl p 12 (-1.69, SE=2.23). The other
peanut allergens, Arah 1, Ara h 9 and Ara h 8 reported coefficients of 0.203 (SE=1.33), 0.0533
(SE=1.69) and -0.524 (SE=1.58).

The diagnostic performance of model 1 was assessed using 2 different methods. Firstly, we
used 10-fold cross-validation as a method of internal validation, which generated an average
AUC of 0.82 (Figure 1B). Secondly, we used a method of external validation, in which we applied
the model to an independent external validation cohort (n=60). The diagnostic performance in
the external validation cohort had a greater area under the ROC curve (AUC=0.92). This
improvement, despite the external validation ROC curve largely falling within the error bars of
the CV curve, suggests that initial CV was particularly rigorous. This improvement of diagnostic
performance in the external validation cohort, also overcomes initial concerns that the

classifier may have been overtrained in the initial cohort.
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Diagnostic Model 2 - using 6 peanut allergen components of ISAC microarray

Diagnostic Model 2 utilised data collected for IgE sensitisation to the 6 peanut allergen
components included on the ImmunoCAP ISAC and, as before, was built with data from both
PA (n=50) and PS (n=40) individuals. The regression coefficients for peanut allergen
components are represented in Figure 2A. Allergen slgE to Ara h 2 and Ara h 6 report the higher
regression coefficients of 4.410 (SE=2.620) and 3.090 (SE=2.190). Levels of sIgE to Ara h 2
report the highest predictive power with the greatest reliability, followed by Ara h 6. Ara h 3
reported the 3™ highest regression coefficient of 0.846 (SE=1.560). Ara h 8, Ara h 1 and Ara h
9, all reported negative regression coefficients of -0.525 (SE=0.552), -1.170 (SE=1.080) and -
3.00 (SE=2.460), respectively.

As with diagnostic model 1, the diagnostic performance of diagnostic model 2 was assessed
using 2 different methods. Internal 10-fold cross-validation of the training data generated an
AUC of 0.87 and has been represented by the black curve with error bars in Figure 2B. The
diagnostic performance in the independent external validation cohort (n=60), was slightly
worse than the diagnostic performance seen in the training data, reporting an AUC of 0.86.
The similarities between the two reported AUC’s suggest that the classifier was not overtrained

and performed similarly with internal validation as with external validation.

Diagnostic Model 3 - using 4 peanut allergen components of singleplex ImmunoCAP

Diagnostic Model 3 utilised data collected for IgE sensitisation to the 4 major peanut allergen
components Ara h 1, 2, 3 and 6 using the singleplex ImmunoCAP platform, across both PA
(n=50) and PS (n=40) individuals. Each of the regression coefficients for peanut allergen
components have been represented in Figure 3A. Similar to diagnostic models 1 and 2, Ara h
2-slgE, followed by Ara h 6-sIgE, reported the greatest regression coefficients of 7.2 (SE=3.58)
and 4.83 (SE=2.48), respectively. Ara h 1 and Ara h 3 both reported negative coefficients, albeit
having lesser influence on the model than sIgE to Ara h 2 and Ara h 6, which reported
regression coefficients of -2 (SE=1.46) and -3.62 (SE=2.63), respectively.

As shown in Figure 3B, combination of sIgk to Ara h 1, Ara h 2, Ara h 3 and Ara h 6 reported a
large AUC of 0.94, when tested in the initial cohort (n=100). The diagnostic performance within
the internal cross-validation reports a similar AUC of 0.92. Notably, the error bars from the

AUC for the internal cross-validation encompass the AUC performed on the initial cohort



267
268
269

270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297

(n=100), suggesting the model had not been overtrained although this would need to be

confirmed by assessing the diagnostic performance in an external validation cohort.

Diagnostic Model 4 - using functional characteristics of IgE

Diagnostic Model 4 was developed using data generated on the functional characteristics of
IgE: peanut-sigk levels, peanut specific activity, IgE avidity to peanut and IgE diversity to peanut
allergens. As data for IgE avidity to peanut was limited to 66 individuals (PA= 39, PS=27) for
technical reasons, two models were created: model 4A, built using data from n=90 and
including levels, specific activity and diversity; and model 4B, incorporating data from n=66 and
including levels, specific activity, diversity and avidity.

Regression coefficients for the functional characteristics of IgE are represented in Figures 4A
and 5A. For diagnostic model 4A, peanut diversity reported the greatest regression coefficient
of 2.83 (SE=0.913), followed by peanut specific activity with a coefficient of 0.376 (SE=0.159)
and peanut-sigE with a coefficient of 0.00538 (SE=0.00798). For diagnostic model 4B, the
coefficients are as follows: peanut diversity (0.609, SE=0.907), peanut specific activity (0.281,
SE=0.207), peanut avidity (0.106, SE=0.0354) and peanut-sIgE (0.00538, SE=0.00798).
Considering the diagnostic performance of models 4A and 4B, the two ROC curves report very
similar AUC’s in both the initial cohort (n=100) and the internal 10-fold cross-validation (n=90)
— Figure 4B and 5B. The error bars from the AUC for the internal cross-validation encompass
the AUC performed on the initial cohort (n=100), suggesting the model hasn’t been

overtrained; however, this needs to be confirmed with external validation.

Optimal diagnostic cut-offs and online calculators to support clinical decision-making

From the ROC curve analyses, an optimal cut-off defined by the Youden index was defined for
each model and the performance of such cut-offs was calculated (Table 2). Comparing the
models, it is evident that model 1 has the highest accuracy overall, followed by model 3, and
that model 3, followed by model 2, has the highest specificity and positive predictive value,
which is what is desirable for component testing, allowing confirmation of peanut allergy in
patients who are sensitised to peanut.

Online calculators have been generated and will be made available to allow clinicians to input

the results of component testing in order to generate a probability of clinical peanut allergy,

10
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that can be used support clinical decisions on whether to perform peanut OFC and on the

management of peanut allergy.

Discussion:

A significant proportion of children are referred for oral peanut challenges every year, which
reflects the number of children with an equivocal diagnosis following a careful clinical history
and results of tests for allergen-specific IgE, using SPT and/or specific IgE assays. Even with Ara
h 2-specific Igk being a highly discriminative marker of peanut allergy, low or absent levels and
an ambiguous clinical history can make the assessment of individual cases impossible without
performing an OFC. In this study, we aimed to optimise the information provided by peanut
IgE serology, which is an inexpensive, automated and standardized test, accessible in most
centres. We built diagnostic models of allergen-specific IgE to individual molecules using both
multiplex and singleplex assays, as well as functional characteristics of peanut-specific IgE,
including levels, specific activity, diversity and avidity to predict peanut allergy. We confirmed
that Ara h 2-slgkE and Ara h 6-sIgE are the most discriminative serologic markers when used in
isolation and found that the combination of the four major components Arah 1, 2, 3 and 6 can
be superior to the individual markers. Similarly, combining the functional characteristics of IgE
is superior to using the levels of peanut-sigE alone. These diagnostic models can be applied in
real-time during clinical consultations using online calculators.

The diagnostic models were generated, firstly, to assess the utility of considering a whole range
of 112 allergen components, many with known cross reactivity and common co-sensitisation
with peanut allergens, such as PR-10 proteins and lipid transfer proteins, in the diagnosis of
peanut allergy. Diagnostic model 1 reported an AUC of 0.82 in the training dataset and when
validated in an external validation cohort reported an impressive AUC of 0.92. This ROC curve
reports slightly higher AUC’s than we previously reported for Ara h 2 (0.916) and Ara h 6 (0.908)
slgE>. Looking at the highest and lowest reported regression coefficients, Ara h 2, Ara h 6 and
Ara h 3 were the most important allergens in differentiating between PA and PS, which is not
surprising but is consistent with previous findings®. Ara h 1 did not report a greater regression
coefficient in this cohort, which is likely reflective of the large proportion of peanut tolerant
individuals that are sensitised to this allergen. Perhaps if this model was not designed to
interpret sensitisation in a binary manner, Ara h 1 would have reported a greater regression

coefficient. This does not appear to be the case with other components known to cross-react

11
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with Ara h 1, such as walnut vicilin, Jug r 2, which suggests its relative importance predicting
peanut allergy in this model?3. It is possible that IgE from allergic individuals is more prone to
binding to related allergens with structural homology, than IgE of sensitised but tolerant
individuals, however this was not reported in the initial PCA clustering analyses (data not
shown). Unsurprisingly, Bet v 1, a major birch pollen allergen cross-reactive with other PR-10
proteins, reported a high positive regression coefficient, alongside Aln g 1 from the PR-10
family?4. Both these proteins are cross-reactive with peanut allergen Ara h 8, and this maybe
an artefact of that cross-reactivity. Considering the allergen components reporting negative
regression coefficients, most interesting is perhaps the proflin Phl p 12, which could give rise
to peanut-specific IgE not associated with clinical reactivity. Phl p 12 is also indicative of cross-
reactivity between pollen from birch, grass, olive, and Parietaria and pollen-food syndrome?>
%6 possibly explaining its negative influence on the prediction of peanut allergy?’.

In diagnostic model 2, the ISAC data was employed using peanut allergen components only.
This assessed the importance of peanut diversity and its ability to discriminate between allergic
and tolerant children and consequent influence on effector cell activation, as previously
reported by us'®. Unfortunately, diagnostic model 2 did not improve the previously reported
diagnostic performance of peanut diversity (0.898) or diagnostic model 1. This model is also
not superior to using singleplex single component slgE measurements, such as Ara h 2-slgE
(AUC=0.916) or Ara h 6-slgE (AUC=0.908). This poorer performance may be a consequence of
the semi-quantitative nature of results the ISAC and the nature of the model, in which the lack
of conversion to a binary format, allows outliers to become prominent, despite adaptions to
the model that make it more robust.

Diagnostic model 3, using peanut allergen components Ara h 1, 2, 3 and 6 measured by
singleplex ImmunoCAP, reported the highest AUC across all models (AUC=0.94), highlighting
the potential of this approach. Importantly, the AUC of the combination of Ara h 1,2,3 and 6
showed a larger AUC than Ara h 2-slgE or Ara h 6-slgE; however external validation is needed
to confirm these findings. With model 3 reporting similar AUCs to Ara h 2/6 specific activity,
the cost-effectiveness of both approaches must be contemplated, as specific activity requires
two singleplex ImmunoCAP tests and diagnostic model 3 requires four singleplex ImmunoCAP
tests. In order to be financially viable, at least 5 or more allergens would need to be included
in ISAC models, as with fewer tests, it would be cheaper to pursue slgk levels to four allergens

using singleplex technology (diagnostic model 3) or two tests to calculate specific activity.

12
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We previously reported that the functional characteristics of IgE, including specific activity,
diversity and avidity, in addition to IgE titers, contributed to the ability of IgE to induce basophil
and mast cell activation following stimulation with the peanut allergens?®. In diagnostic model
4, we incorporated peanut-sigE titer, specific activity, diversity and avidity, and showed that
the AUC was 0.93 and 0.92, with and without the inclusion of peanut-slgE avidity, respectively.
The slight difference in AUC’s between the two groups, is likely reflective of the change of
cohort (larger and more comprehensive in terms of range of peanut-sigE levels in the latter)
rather than the addition of IgE avidity. Model 4 reiterates the importance of IgkE function in
their ability to differentiate between allergic and sensitised but tolerant individuals, especially
when taken in combination rather than in isolation*®. However, like diagnostic model 3, these
findings require confirmation by external validation.

Apart from the absence of external validation for models 3 and 4, additional limitations of this
study are: the relatively small number of patients in the study (n=160 in total); the reduced
number of patients with avidity data reducing the size of model 4B; and the absence of Ara h
6-specific IgE levels using the singleplex ImmunoCAP technology, which could potentially
improve model 3; however, we have previously demonstrated that Ara h 6-specific IgE does
not seem to add much diagnostic value to Ara h 2-specific IgE. Another limitation is the
difference in demographics, namely age, between the primary population and the external
validation population, with the latter being younger and therefore maybe having fewer
sensitization to airborne allergens. Ideally, these populations would have similar demographics
but this happened by chance in the consecutive recruiting method used in the study.
Applying the optimal cut-off defined for each model provides better comparison of the
diagnostic performance of the models. Given that SPT and specific IgE to extracts have high
sensitivity but low specificity, a high specificity is a desired performance characteristic for
additional tests. The model with the best performance overall is model 3, obtained with results
from peanut components tested on the ImmunoCAP platform, as it has the highest PPV and
the second highest accuracy. It is also the least expensive test to perform, compared to ISAC
or the various IgE characteristics, and that is an additional advantage. Other tests, like the
basophil activation test to peanut, have shown a higher accuracy and higher PPV, but the BAT
is a test that requires fresh blood and flow cytometry and is not as widely available and as easy
to perform as IgE testing. Thus, combining serologic markers is a good alternative, depending

on the resources available to the practising clinician.
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Tables:

Table 1. Demographic and clinical characteristics of the study population.

Primary population

External validation population

Peanut Peanut Non Peanut Peanut Non Allergic
Characteristics Allergic Sensitsed | Allergic Allergic Sensitised (n=6)
(n=50) but (n=10) (n=29) but Tolerant
Tolerant (n=24)
(n=40)
Age 83 (1.68- | 59 (0.52-| 6.0 6.5(0.7, | 1.8(0.5;10.3) | 11.6(5.3; 13.6)
17.91) 15.81) (0.77- 15.0)

12.58)
Males 36 (72%) 25(62.5%) | 8 (80%) | 12 (41%) 14 (48%) 4 (14%)
Total IgE (KUa/L) 2975 (4- | 469  (7- | 29.5 (6- | 336(3;1750) | 65 (6; 8042) | 217 (52; 580)

3550) 10714) 397)

Specific IgE  to | 12 (0.20- | 2.41 (0.04- | 0.01 13.6 (0.19; | 2.07 (0.05; | 0.02 (0.01; 0.08)
peanut (kUa/L) 568) 128) (0.01- | 411) 22.2)

0.90)
Specific IgE to Ara | 0.80(0.01- | 0.11 (0.01- | 0 (0.01- | 3.26 (0.01; | 0.14  (0.01; | 0.01 (0.01; 0.03)
h 1 (kUa/L) 199) 88.3) 0.01) 87.6) 11.7)
Specific IgE to Ara | 2.54(0.01- | 0.07 (0.01- | 0.04 8.46 (0.03; | 0.07 (0.01; | 0.04(0.01;0.08)
h 2 (kUa/L) 278) 82.3) (0.01- 400) 0.59)

0.07)
Specific IgE to Ara | 0.36(0.01- | 0.06 (0.01- | 0.01 0.12 (0.01; | 0.09 (0.01; | 0.02 (0.02; 0.04)
h 3 (kUa/L) 89.6) 7.28) (0.01- 67.9) 3.28)

0.04)
Specific IgE to Ara | 3.84 (0.01- | 0.03 (0.01- | 0(0.01- | NP NP NP
h 6 (kUa/L) 155) 86) 0.02)
Specific IgE to Ara | 0.09(0.01- | 0.04 (0.01- | 0 (0.01- | 0.08 (0.01; | 0.01  (0.01- | 0.01(0.01;0.01)
h 8 (kUa/L) 185) 88.6) 0.02) 45.2) 27.1)
Specific IgE to Ara | 0.02 (0.01- | 0.05 (0.01- | 0.01 0.03 (0.01; | 0.01 (0.01; | 0.01(0.01;0.01)
h 9 (kUa/L) 871) 43.9) (0.01- | 4.76) 1.71)

0.02)

Footnote: Values are expressed median (range) or as no. (%).

Number of participants tested:

PA: tIgE-18, Peanut-sIgE-23, Ara h 1 sIgE-23, Ara h 2 sIgE -24, Ara h 3 sIgE — 23, Ara h 8 slgE-22, Ara h 9 sIgE- 22;

PS: tlgE-23, Peanut-sIgE-24, Ara h 1 slgE-24, Ara h 2 sIgE -24, Ara h 3 sIgE — 24, Ara h 8 sIgE-24, Ara h 9 sIgE- 24;

NA: tIgE-7, Peanut-sIgE-7, Ara h 1 slgE-7, Ara h 2 sIgk -7, Ara h 3 sIgE -7, Ara h 8 sIgE-7, Ara h 9 sIgE-7.
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Table 2. Cut-offs for the various diagnostic models and their performance to diagnhose peanut

allergy.

Model Cut-off | Sensitivity | Specificity | PPV NPV LR+ LR- Accuracy (%)
(%) (%) (%) (%)

1 0.569 924 93.8 94.8 90.9 14.8 0.08 93.0
(84.2; (84.8; (87.5; (82.4; (5.7; (0.04; (82.4;95.6)
97.2) 98.3) 97.9) 95.6) 38.3) 0.18)

2 0.757 82.3 96.9 97.0 81.7 26.3 0.18 88.9
(72.1; (89.2; (89.1; (73.5; (6.7; (0.11; (73.5; 87.8)
90.0) 99.6) 99.2) 87.8) 103.4) | 0.29)

3 0.566 86.0 97.5 97.7 85.1 34.4 0.14 91.2
(73.3; (86.8; (85.8; (74.1; (5.0; (0.07; | (74.1;91.9)
94.2) 99.9) 99.7) 91.9) 239.0) | 0.29)

4a 0.484 88.0 85.0 87.8 85.3 5.9 0.14 86.7
(75.7; (70.2; (77.3; (73.0; (2.8; (0.07; | (77.9;92.9)
95.5) 94.3) 93.8) 92.6) 12.4) 0.30)

4b 0.477 87.2 85.2 89.4 82.2 5.88 0.15 86.4 (75.7;

93.6)

(72.6; (66.3; (77.3; (66.7; (2.36; | (0.07;
95.7) 95.8) 95.5) 91.4) 14.66) | 0.35)

Footnote: PPV= Positive Predictive Value, NPV= Negative Predictive Value, LR+= Positive likelihood ratio, LR-=
Negative likelihood ratio. 95% Confidence intervals are reported alongside values.
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Figure legends:

Figure 1A. Regression coefficients and standard error of the top and bottom 10 allergens for
the prediction of peanut allergy in diagnostic model 1. Coefficients are represented by orange
bars, with the standard errors overlaid.

Figure 1B. Receiver operator characteristic (ROC) curves for Diagnostic Model 1. The ROC Curve
generated on the external validation cohort (n=60) is displayed as a red dashed line. The ROC
Curve generated using internal 10-fold cross-validation on the training data (n=90), is displayed
as a black line w/ error bars.

Figure 2A. Regression coefficients and standard error of allergen included in diagnostic model
2 for the prediction of peanut allergy. Coefficients are represented by orange bars, with the
standard errors overlaid.

Figure 2B. Receiver operator characteristic (ROC) curves for Diagnostic Model 2. The ROC Curve
generated on the external validation cohort (n=60) is displayed as a red dashed line. The ROC
Curve generated using internal 10-fold cross-validation on the training data (n=90), is displayed
as a black line with error bars.

Figure 3A. Regression coefficients and standard error of allergen sIgE levels included in
diagnostic model 3 for the prediction of peanut allergy.

Figure 3B. Receiver operator characteristic (ROC) curves for Diagnostic Model 3. The ROC Curve
generated on the initial training data cohort; with the addition of NA individuals (n=100) is
displayed as a red dashed line. The ROC Curve generated using internal 10-fold cross-validation
on the training data (n=90), is displayed as a black line with error bars.

Figure 4A. Regression coefficients and standard errors of Functional IgE characteristics
included in diagnostic model 4A for the prediction of peanut allergy. Coefficients are
represented by orange bars, with the standard errors overlaid.

Figure 4B. Receiver operator characteristic (ROC) curves for Diagnostic Model 4A. The ROC
curve generated on the initial training data cohort; with the addition of NA individuals (n=100)
is displayed as a red dashed line. The ROC Curve generated using internal 10-fold cross-
validation on the training data (n=90), is displayed as a black line with error bars.

Figure 5A. Regression coefficients and standard errors of Functional IgE characteristics included
in diagnostic model 4B for the prediction of peanut allergy. Coefficients are represented by
orange bars, with the standard errors overlaid.
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Figure 5B. Receiver operator characteristic (ROC) curves for Diagnostic Model 4B. The ROC
Curve generated on the initial training data cohort(n=66) is displayed as a red dashed line. The
ROC Curve generated using internal 10-fold cross-validation on the training data (n=66), is
displayed as a black line with error bars.
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E-Methods

Script for Diagnostic models

Models were built using ‘Stan’, and data formatting, preparation and running of the models was
performed using R. The script from both Stan and R has been reported below, in that order.

1. Diagnostic model 1

1.1.Stan Script

data
{
int<lower=1> Ntotal; // number of observations
int<lower=1> Ncol; // total number of columns in model matrix
matrix[Ntotal, Ncol] X; // model matrix
int y[Ntotal]; // response variable binomial distributed
}
// transformed data {
/1 }
parameters {
// parameters to estimate in the model
vector[Ncol] betas; // regression parameters
//vector<lower=0>[(Ncol-1)] sigmas; // scale parameters
real<lower=0> tau; // standard deviation for deflections
real<lower=0, upper=1> guess;
}
transformed parameters {
vector[Ntotal] mu; // fitted values from linear predictor
vector[Ncol] betas2;
betas2[1] = betas[1];
// tau can be close to zero henece parameterized this way
betas2[2:Ncol] = betas[2:Ncol] * tau;
mu = X * betas2;
mu = 0.5 * guess + (1-guess) * inv_logit(mu);
}
model {
//sigmas ~ cauchy(0, 1);
tau ~ exponential(1l);
guess ~ beta(1,9);
betas[1] ~ cauchy(®, 10); //prior for the betas
betas[2:Ncol] ~ normal(e, 1); //

// likelihood function
y ~ bernoulli(mu);

}

generated quantities {

int y_new[Ntotal];



vector[Ntotal] log_lik;
y_new = bernoulli_rng(mu);
for (i in 1:Ntotal) log lik[i] = bernoulli_lpmf(y[i] | mu[i]);

1.2.R Script

# Name:

01_modelAndCV.R
# Auth: umar.niazi@kcl.ac.uk
# Date: 13/10/2020

# Desc: model fitting with cross validation and roc curves

i data loading and cleaning

source('header.R")

## load the training set
df = read.csv(file.choose(), header=T)
dim(df)

# remove NA patients

f = is.na(df$Allergic.Status)

table(f)

df = df[!f,]

dim(df)

# remove any additi

df = na.omit(df)

dim(df)

## remove white space

colnames(df)

df$Sample = factor(gsub(' ', '', as.character(df$Sample)))
df$Allergic.Status = factor(gsub(' ', "',
as.character(df$Allergic.Status)), levels = c('PS', 'PA"))
df = droplevels.data.frame(df)

## make count matrix

mData = as.matrix(df[,-c(1:2)])

dfSample = df[,1:2]

rownames(mData) = as.character(dfSample$Sample)
str(dfSample)



## remove NAs and @s and convert other values to 1 by adding a jitter
f = mData < 0.3

table(f)

mData[f] = ©

mData[!f] =1

dim(na.omit(mData))

dim(mData)

1Data.train = list(data=mData, covariates=dfSample)
rm(df)

#i### load the test/validation data
df = read.csv(file.choose(), header=T)
dim(df)

# remove NA patients

f = is.na(df$Allergic.Status)

table(f)

df = df[!f,]

dim(df)

# remove any additi

df = na.omit(df)

dim(df)

## remove white space

colnames(df)

df$Sample = factor(gsub(' ', '', as.character(df$Sample)))
df$Allergic.Status = factor(gsub(' ', "',
as.character(df$Allergic.Status)), levels = c('PS', 'PA"))
df = droplevels.data.frame(df)

## make count matrix

mData = as.matrix(df[,-c(1:2)])

dfSample = df[,1:2]

rownames(mData) = as.character(dfSample$Sample)
str(dfSample)

## remove NAs and @s and convert other values to 1 by adding a jitter
f = mData < 0.3

table(f)

mData[f] = ©

mData[!f] = 1



dim(na.omit(mData))

dim(mData)

1Data.test = list(data=mData, covariates=dfSample)

rm(df)

rm(mData)

## sanity check

table(colnames(1Data.train$data) %in% colnames(lData.test$data))
identical(colnames(lData.train$data), colnames(lData.test$data))
H#itHHEHHE end data loading

HHHHHHEHAHEHEHEHEHEEEEE Stan section for binomial regression approach
### fit 2 models one standard binomial and one with robust version
dfData = rbind(data.frame(lData.train$data),
data.frame(lData.test$data))

dim(dfData)

dfData$fGroups =

factor(c(as.character(lData.train$covariates$Allergic.Status),

as.character(lData.test$covariates$Allergic.Status)), levels = c('PS’,
"PA"))

1Data = list(resp=ifelse(dfData$fGroups == 'PA', 1, 9),
mModMatrix=model.matrix(fGroups ~ 1 + ., data=dfData))



2. Diagnostic model 2

2.1.
data
{

2.2

Name:

Stan Script

}

int<lower=1> Ntotal; // number of observations
int<lower=1> Ncol; // total number of columns in model matrix
matrix[Ntotal, Ncol] X; // model matrix

int y[Ntotal]; // response variable binomial distributed

// transformed data {
//}

parameters {

}

// parameters to estimate in the model
vector[Ncol] betas; // regression parameters
//vector<lower=0>[ (Ncol-1)] sigmas; // scale parameters
real<lower=0> tau; // standard deviation for deflections

real<lower=0, upper=1> guess;

transformed parameters {

}

vector[Ntotal] mu; // fitted values from linear predictor
vector[Ncol] betas2;

betas2[1] = betas[1];

// tau can be close to zero henece parameterized this way
betas2[2:Ncol] = betas[2:Ncol] * tau;

mu = X * betas2;

mu = 0.5 * guess + (1-guess) * inv_logit(mu);

model {

//sigmas ~ cauchy(0, 1);

tau ~ exponential(1l);

guess ~ beta(1,9);

betas[1] ~ cauchy(@, 10); //prior for the betas
betas[2:Ncol] ~ normal(e@, 1); //

// likelihood function

y ~ bernoulli(mu);

R Script

01_modelAndCV.R

# Auth: umar.niazi@kcl.ac.uk
# Date: 13/10/2020



# Desc: model fitting with cross validation and roc curves

it data loading and cleaning

source('header.R")

## load the training set
df = read.csv(file.choose(), header=T)
dim(df)

# remove NA patients

f = is.na(df$Allergic.Status)

table(f)

df = df[!f,]

dim(df)

# remove any additi

df = na.omit(df)

dim(df)

## remove white space

colnames(df)

df$Sample = factor(gsub(' ', '', as.character(df$Sample)))
df$Allergic.Status = factor(gsub(' ', "',
as.character(df$Allergic.Status)), levels = c('PS', 'PA"))
df = droplevels.data.frame(df)

## make count matrix

mData = as.matrix(df[,-c(1:2)])

dfSample = df[,1:2]

rownames(mData) = as.character(dfSample$Sample)
str(dfSample)

## remove NAs and @s and convert other values to 1 by adding a jitter
# f = mData < 0.3

# table(f)

# mData[f] = ©

# mData[!f] = 1

dim(na.omit(mData))

dim(mData)

1Data.train = list(data=mData, covariates=dfSample)
rm(df)



#### load the test/validation data
df = read.csv(file.choose(), header=T)
dim(df)

# remove NA patients

f = is.na(df$Allergic.Status)

table(f)

df = df[!f,]

dim(df)

# remove any additi

df = na.omit(df)

dim(df)

## remove white space

colnames(df)

df$Sample = factor(gsub(' ', '', as.character(df$Sample)))
df$Allergic.Status = factor(gsub(' ', "',
as.character(df$Allergic.Status)), levels = c('PS', 'PA"))
df = droplevels.data.frame(df)

## make count matrix

mData = as.matrix(df[,-c(1:2)])

dfSample = df[,1:2]

rownames(mData) = as.character(dfSample$Sample)
str(dfSample)

mData = mData[,colnames(1lData.train$data)]

## remove NAs and @s and convert other values to 1 by adding a jitter
# f = mData < 0.3

# table(f)

# mData[f] = ©

# mData[!f] = 1

dim(na.omit(mData))

dim(mData)

1Data.test = list(data=mData, covariates=dfSample)

rm(df)

rm(mData)

## sanity check

table(colnames(1lData.train$data) %in% colnames(lData.test$data))
identical(colnames(lData.train$data), colnames(lData.test$data))



H#itHHEHHEE end data loading

H#HHHHEHEE AR Stan section for binomial regression approach
#i## fit 2 models one standard binomial and one with robust version
dfData = rbind(data.frame(lData.train$data),
data.frame(lData.test$data))

dim(dfData)

dfData$fGroups =

factor(c(as.character(lData.train$covariates$Allergic.Status),

as.character(lData.test$covariates$Allergic.Status)), levels = c('PS’,
"PA))

1Data = list(resp=ifelse(dfData$fGroups == 'PA', 1, 9),
mModMatrix=model.matrix(fGroups ~ 1 + ., data=dfData))



3. Diagnostic model 3

3.1. Stan Script

3.1.1.11

Name:

01 _modelAndCV.R

data {

int<lower=1> Ntotal; // number of observations

int<lower=1> Ncol; // total number of columns in model matrix
matrix[Ntotal, Ncol] X; // model matrix

int y[Ntotal]; // response variable binomial distributed

}

// transformed data {

//}

parameters {

// parameters to estimate in the model

vector[Ncol] betas; // regression parameters

//vector<lower=0>[ (Ncol-1)] sigmas; // scale parameters

real<lower=0> tau; // standard deviation for deflections

real<lower=0, upper=1> guess;

}

transformed parameters {

vector[Ntotal] mu; // fitted values from linear predictor

vector[Ncol] betas2;

betas2[1] = betas[1];

// tau can be close to zero henece parameterized this way
betas2[2:Ncol] = betas[2:Ncol] * tau;

mu = X * betas2;

mu = 0.5 * guess + (1-guess) * inv_logit(mu);

}

model {

//sigmas ~ cauchy(0, 1);

tau ~ exponential(1l);

guess ~ beta(1,9);
betas[1] ~ cauchy(@, 10); //prior for the betas
betas[2:Ncol] ~ normal(e@, 1); //

// likelihood function

y ~ bernoulli(mu);

R Script

# Auth: umar.niazi@kcl.ac.uk
# Date: 13/10/2020

# Desc: model fitting with cross validation and roc curves



H#itHHEEHHE Y data loading and cleaning

source( 'header.R")

## load the training set
df = read.csv(file.choose(), header=T)
dim(df)

# remove NA patients

f = is.na(df$Allergic.Status)
table(f)

df = df[!f,]

dim(df)

# remove any additi

df = na.omit(df)

dim(df)

## remove white space

colnames(df)

df$Patient.ID = factor(gsub(' ', '', as.character(df$Patient.ID)))
df$Allergic.Status = factor(gsub(' ', "',
as.character(df$Allergic.Status)), levels = c('PS', 'PA"))

df = droplevels.data.frame(df)

## make count matrix

mData = as.matrix(df[,-c(1:2)])

dfSample = df[,1:2]

rownames(mData) = as.character(dfSample$Patient.ID)
str(dfSample)

dim(na.omit(mData))
dim(mData)

1Data.train = list(data=mData, covariates=dfSample)
rm(df)

i end data loading



H#HHHHEHHEHEHEE . Stan section for binomial regression approach
### fit 2 models one standard binomial and one with robust version
dfData = data.frame(lData.train$data)

dim(dfData)
dfData$fGroups = lData.train$covariates$Allergic.Status
1Data = list(resp=ifelse(dfData$fGroups == 'PA', 1, 9),

mModMatrix=model.matrix(fGroups ~ 1 + ., data=dfData))



4. Diagnostic model 4

4.1.Stan Script

data
{

int<lower=1> Ntotal; // number of observations
int<lower=1> Ncol; // total number of columns in model matrix
matrix[Ntotal, Ncol] X; // model matrix
int y[Ntotal]; // response variable binomial distributed
}
// transformed data {
//}
parameters {
// parameters to estimate in the model
vector[Ncol] betas; // regression parameters
//vector<lower=0>[ (Ncol-1)] sigmas; // scale parameters
real<lower=0> tau; // standard deviation for deflections
real<lower=0, upper=1> guess;
}
transformed parameters {
vector[Ntotal] mu; // fitted values from linear predictor
vector[Ncol] betas2;
betas2[1] = betas[1];
// tau can be close to zero henece parameterized this way
betas2[2:Ncol] = betas[2:Ncol] * tau;
mu = X * betas2;
mu = 0.5 * guess + (1-guess) * inv_logit(mu);
}
model {
//sigmas ~ cauchy(0, 1);
tau ~ exponential(1l);
guess ~ beta(1,9);
betas[1] ~ cauchy(@, 10); //prior for the betas
betas[2:Ncol] ~ normal(e@, 1); //

// likelihood function
y ~ bernoulli(mu);
}
generated quantities {
int y_new[Ntotal];
vector[Ntotal] log_lik;
y_new = bernoulli_rng(mu);
for (i in 1:Ntotal) log lik[i] = bernoulli_lpmf(y[i] | mu[i]);



4.2.R Script

# Name:

01_modelAndCV.R
# Auth: umar.niazi@kcl.ac.uk
# Date: 13/10/2020

# Desc: model fitting with cross validation and roc curves

it data loading and cleaning

source( 'header.R")

## load the training set
df = read.csv(file.choose(), header=T)
dim(df)

# remove NA patients

f = is.na(df$Allergic.Status)
table(f)

df = df[!f,]

dim(df)

# remove any additi

df = na.omit(df)

dim(df)

## remove white space

colnames(df)

df$Patient_ID = factor(gsub(' ', '', as.character(df$Patient_ID)))
df$Allergic.Status = factor(gsub(' ', "',
as.character(df$Allergic.Status)), levels = c('PS', 'PA"))

df = droplevels.data.frame(df)

## make count matrix

mData = as.matrix(df[,-c(1:2)])

dfSample = df[,1:2]

rownames(mData) = as.character(dfSample$Patient ID)
str(dfSample)

dim(na.omit(mData))
dim(mData)



1Data.train = list(data=mData, covariates=dfSample)
rm(df)

H#itHHEHHE end data loading

HHHHHEHHEHEHEE A Stan section for binomial regression approach
### fit 2 models one standard binomial and one with robust version
dfData = data.frame(lData.train$data)

dim(dfData)
dfData$fGroups = lData.train$covariates$Allergic.Status
1Data = list(resp=ifelse(dfData$fGroups == 'PA', 1, 9),

mModMatrix=model.matrix(fGroups ~ 1 + ., data=dfData))



E-Tables

Table E1. List of 112 Allergens included in ImmunoCAP-ISAC microarray with respective coefficients

Allergen Allergen | Allergen Protein Group Coefficient | S.E.M.
Component | type Source (Diagnostic | (Diagnostic
Model 1) Model 1)

nGald1 Food Egg Ovomucoid -1 1.42
Allergen

nGald2 Food Egg Ovalbumin -1.63 1.58
Allergen

nGald3 Food Egg Conalbumin/Ovotransferrin -0.397 1.74
Allergen

nGald>5 Food CSA (Livetin) Serum albumin -0.528 1.64
Allergen

nBos d 4 Food Cow’s milk Alpha-lactalbumin 0.0856 1.68
Allergen

nBosd5 Food Cow’s milk Beta-lactoglobulin -0.91 1.7
Allergen

nBos d 6 Food BSA Serum albumin -0.432 1.72
Allergen

nBos d 8 Food Cow’s milk Casein 0.166 1.56
Allergen

nBos d Food Cow’s milk Transferrin -0.684 1.89

lactoferrin Allergen

rGadc1 Food Cod Parvalbumin 1.31 1.77
Allergen

nPenm1 Food Shrimp Tropomyosin 0.74 1.78
Allergen

nPen m 2 Food Shrimp Arginine kinase 0.0818 1.89
Allergen

nPenm 4 Food Shrimp Sarcoplasmic Ca-binding -0.313 1.65
Allergen protein

rAna o 2 Food Cashew nut Storage protein, 11S globulin | -0.128 1.38
Allergen

rBerel Food Brazil nut Storage protein, 2S albumin 0.0291 1.5
Allergen

rCora Food Hazelnut PR-10 protein 0.448 1.58

1.0401 Allergen

rCora8 Food Hazelnut Lipid transfer protein (nsLTP) | 0.775 1.74
Allergen

nCora9 Food Hazelnut Storage protein, 11S globulin | -0.554 1.45
Allergen

njugrl Food Walnut Storage protein, 2S albumin -0.245 1.44
Allergen

njugr 2 Food Walnut Storage protein, 7S globulin 0.924 1.79
Allergen

njugr 3 Food Walnut Lipid transfer protein (nsLTP) | -0.33 1.67
Allergen




nSesil Food Sesame seed Storage protein, 2S albumin -1.13 1.56
Allergen

rArah 1 Food Peanut Storage protein ,7S globulin 0.203 1.33
Allergen

rAra h 2 Food Peanut Storage protein, Conglutin 3.05 1.6
Allergen

rArah 3 Food Peanut Storage protein, 11S globulin | 2.33 2.38
Allergen

nAra h 6 Food Peanut Storage protein, Conglutin 3 1.64
Allergen

rArah 8 Food Peanut PR-10 protein -0.524 1.58
Allergen

rArah 9 Food Peanut Lipid transfer protein (nsLTP) | 0.0533 1.69
Allergen

rGly m 4 Food Soybean PR-10 protein -0.638 1.78
Allergen

nGlym5 Food Soybean Storage protein, Beta- 0.817 1.71
Allergen conglycinin

nGly m 6 Food Soybean Storage protein, Glycinin 0.435 1.46
Allergen

nFage 2 Food Buckwheat Storage protein, 2S albumin -0.0322 1.84
Allergen

rTria 14 Food Wheat Lipid transfer protein (nsLTP) | -0.0435 1.83
Allergen

rTria Food Wheat Crude gliadin 0.0573 1.77

19.0101 Allergen

nTriaaA_ Tl | Food Wheat Omega-5 gliadin -0.773 1.8
Allergen

nActd 1 Food Kiwi -0.759 1.49
Allergen

nActd 2 Food Kiwi Thaumatine-like protein 0.12 1.55
Allergen

nActd5 Food Kiwi 0.0139 1.89
Allergen

rActd 8 Food Kiwi PR-10 protein -0.25 1.62
Allergen

rApigl Food Celery PR-10 protein -1.33 1.79
Allergen

rMald1 Food Apple PR-10 protein 0.733 1.59
Allergen

rPrup1 Food Peach PR-10 protein 0.0775 1.67
Allergen

rPrup 3 Food Peach Lipid transfer protein (nsLTP) | 0.161 1.64
Allergen

nCynd1 Aero Bermuda grass | Grass group 1 0.023 1.38
Allergen

rPhip 1 Aero Timothy grass Grass group 1 -0.0853 1.33
Allergen

rPhlp 2 Aero Timothy grass Grass group 2 0.00222 1.28

Allergen




nPhlp 4 Aero Timothy grass -1.16 1.54
Allergen

rPhip 5 Aero Timothy grass Grass group 5 -0.0172 1.35
Allergen

rPhlp 6 Aero Timothy grass -0.808 1.41
Allergen

rPhlip 7 Aero Timothy grass Polcalcin 0.356 1.89
Allergen

rPhip 11 Aero Timothy grass -0.22 1.75
Allergen

rPhlp 12 Aero Timothy grass Profilin -1.69 2.23
Allergen

rAlng 1 Aero Alder PR-10 protein 1.1 1.82
Allergen

rBetv1 Aero Birch PR-10 protein 0.949 1.56
Allergen

rBetv?2 Aero Birch Profilin -0.262 1.59
Allergen

rBetv4 Aero Birch Polcalcin, Calcium bonding 0.329 1.88
Allergen protein

rCora Aero Hazel pollen PR-10 protein 0.369 1.65

1.0101 Allergen

nCryj1 Aero Japanese ceder -0.69 1.66
Allergen

nCupal Aero Cypress 1.8 1.87
Allergen

nOleel Aero Olive -0.524 1.28
Allergen

nOle e 7 Aero Olive Lipid transfer protein (nsLTP) | -0.296 1.67
Allergen

rOlee9 Aero Olive 0.696 1.76
Allergen

rPlaal Aero Plane tree -0.265 1.65
Allergen

nPlaa2 Aero Plane tree 0.663 1.51
Allergen

rPlaa3 Aero Plane tree Lipid transfer protein (nsLTP) | -0.257 1.66
Allergen

nAmb a1 Aero Ragweed 0.00535 1.79
Allergen

nArtv1 Aero Mugwort -0.148 1.73
Allergen

nArtv3 Aero Mugwort Lipid transfer protein (nsLTP) | 0.0997 1.5
Allergen

rCheal Aero Goosefoot -1.37 2.06
Allergen

rMeral Aero Annual Profilin -0.324 1.58
Allergen mercury

rParj2 Aero Wall pellitory Lipid transfer protein (nsLTP) | -0.0373 1.81

Allergen




rPlall Aero Plantain -0.328 1.78
Allergen (English)

nSal k 1 Aero Saltwort 0.58 1.69
Allergen

rCanf1l Aero Dog Lipocalin 0.642 1.26
Allergen

rCanf2 Aero Dog Lipocalin -0.309 1.5
Allergen

nCanf3 Aero Dog Serum albumin -0.533 1.75
Allergen

rCanf5 Aero Dog Arginine esterase 1.71 1.79
Allergen

rEqucl Aero Horse Lipocalin -0.881 1.54
Allergen

nEqu c 3 Aero Horse Serum albumin 0.574 2.02
Allergen

rFeld 1 Aero Cat Uteroglobin 0.999 1.26
Allergen

nFel d 2 Aero Cat Serum albumin -0.308 1.69
Allergen

rFel d 4 Aero Cat Lipocalin 0.47 1.56
Allergen

nMus m 1 Aero Mouse Lipocalin -0.349 1.69
Allergen

rAltal Aero Alternaria 0.745 1.53
Allergen

rAlta 6 Aero Alternaria Enolase 0.0133 1.67
Allergen

rAsp f 1 Aero Aspergillus -0.0658 1.94
Allergen

rAsp f 3 Aero Aspergillus 0.72 1.91
Allergen

rAsp f 6 Aero Aspergillus Mn superoxide dismutase -0.0355 1.78
Allergen

rClah8 Aero Cladosporium 0.0865 1.52
Allergen

rBlot5 Aero House dust 0.2 1.75
Allergen mite

nDer f1 Aero House dust -1.1 1.67
Allergen mite

rDer f2 Aero House dust 0.0159 1.54
Allergen mite

nDerp1 Aero House dust -0.438 1.6
Allergen mite

rDer p 2 Aero House dust 0.133 161
Allergen mite

rDer p 10 Aero House dust Tropomyosin -0.245 1.76
Allergen mite

rlepd2 Aero Storage mite -0.401 1.68

Allergen




rBlagl Aero Cockroach -0.00308 1.89
Allergen
rBlag?2 Aero Cockroach -1.47 1.95
Allergen
rBlagh Aero Cockroach -0.00513 1.97
Allergen
nBlag?7 Aero Cockroach Tropomyosin 0.662 1.82
Allergen
rApim 1 Other Honey bee Phospholipase A2 -0.0502 1.7
venom
nApim 4 Other Honey bee Melittin 0.0473 1.85
venom
rPold 5 Other Paper wasp Venom, Antigen 5 -0.0731 1.8
venom
rVesv5 Other Common wasp | Venom, Antigen 5 0.0278 1.9
venom
rAnis1 Other Anisakis 0.0521 1.85
rAnis 3 Other Anisakis Tropomyosin 0.471 1.84
rHev b 1 Other Latex -0.00901 1.95
rHev b 3 Other Latex 0.403 1.83
rHevb 5 Other Latex 0.0445 1.95
rHevb 6.01 | Other Latex -0.0166 1.91
rHev b 8 Other Latex Profilin -0.315 1.6
nMUXF3 Other Sugar epitope CCD-marker -0.0266 1.59

from
Bromelain




