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Abstract 44 

Background 45 

A growing body of evidence links various biomarkers to atopic dermatitis (AD). Still, little is known about 46 
the association of specific biomarkers to disease characteristics and disease severity of AD. 47 

Objective 48 

To explore the relationship between various immunological markers in serum and disease severity of AD in 49 
a hospital cohort of AD patients.  50 

Methods 51 

Outpatients with AD referred to the Department of Dermatology, Bispebjerg Hospital, Copenhagen, 52 
Denmark were divided into groups, based on disease severity (SCORAD). Serum levels of a pre-selected 53 
panel of immunoinflammatory biomarkers were tested for association with disease characteristics. Two 54 
machine learning models were developed to predict SCORAD from the measured biomarkers.  55 

Results 56 

160 patients with AD were included; 53 (33.1%) with mild, 73 (45.6%) with moderate and 34 (21.3%) with 57 
severe disease. Mean age was 29.2 years (range 6-70 years) and 84 (52.5%) were females. Numerous 58 
biomarkers showed a statistically significant correlation with SCORAD with strongest correlations seen for 59 
CCL17/Thymus-and-activation-regulated-chemokine (Chemokine-ligand-17/TARC) and CCL27/Cutaneous-60 
T-cell-cell-attracting-chemokine (CTACK) (Spearman R of 0.50 and 0.43, respectively, p<0.001). Extrinsic 61 
AD patients were more likely to have higher mean SCORAD (p<0.001), CCL17 (p<0.001), CCL26/ 62 
Eotaxin-3 (p<0.001) and eosinophil count (p<0.001) compared to intrinsic AD patients. Predictive models 63 
for SCORAD identified CCL17, CCL27, serum total IgE, IL-33 and IL-5 as the most important predictors 64 
for SCORAD, though with weaker association than single cytokines.    65 

Conclusions 66 

Specific immunoinflammatory biomarkers in serum, mainly of the Th2 pathway, are correlated with disease 67 
severity in patients with AD. Predictive models identified biomarkers associated with disease severity but 68 
warrants further investigation. 69 

 70 

 71 

 72 



Introduction 73 

Atopic dermatitis (AD) is the most common chronic inflammatory skin disease in Western societies with an 74 

estimated prevalence of 10-20% in children and 5% in adults[1]. The AD pathogenesis involves skin barrier 75 

dysfunction and immune dysregulation mainly of the Th2 pathway[2],[3], but Th1 and Th17 pathways are 76 

also involved[4,5]. Several studies have shown an association between disease activity and severity, and 77 

levels of specific cytokines and chemokines (biomarkers) related to these pathways[6,7]. However, large 78 

variation is observed between studies for individual biomarkers, and analysis of panels of immunologically 79 

related biomarkers has been suggested to increase predictive value[8], particularly in relation to disease 80 

severity[9]. Knowledge on direct associations between biomarkers and disease severity, and potential 81 

prediction of severe disease are of great clinical interest in assessment and treatment planning for patients 82 

with AD. In this study we investigated the association between selected immunoinflammatory biomarkers in 83 

serum and disease severity in patients with AD from a previously well-characterized Danish hospital 84 

cohort[10]. Secondly, we aimed to develop predictive models for disease severity using machine learning 85 

algorithms. Lastly, we aimed to associate variations in the filaggrin gene (FLG) and allergic co-morbidities 86 

to serum levels of biomarkers. 87 

 88 

Methods 89 

Patients 90 

We included 160 consecutive, newly referred outpatients with AD above 4 years of age meeting the criteria 91 

defined by Hannifin and Rajka[11] from the Department of Dermatology, Bispebjerg Hospital, University of 92 

Copenhagen, Denmark between January 2012 and June 2018[10].  93 

 94 

Assessments 95 



AD diagnosis according to criteria was ensured by a senior physician. Severity AD was assessed by a trained 96 

staff nurse using SCORAD, which is a commonly used severity index in AD (range 0-103 points with a high 97 

score indicating severe disease) [12]. Patients were divided into disease severity groups based on SCORAD 98 

into mild (SCORAD<25), moderate (SCORAD ranging 25-50) and severe disease (SCORAD>50)[13–15]. 99 

Patients were divided into children/adolescents (≤15 years of age) and adults (>15 years of age)[10]. 100 

 101 

Serum samples were obtained by a staff bio-technician and immediately stored at -18°C. Samples were 102 

subsequently stored in a -80°C freezer at the department. Prior to analysis all samples were transported on 103 

dry ice to the Academic Medical Center, University of Amsterdam, The Netherlands. Cytokines 104 

concentrations were measured using MESO QuickPlex SQ 120 (MSD, Rockville, MA, U.S.A.) according to 105 

the manufacturer’s instructions, apart from the samples being undiluted, and incubation time was prolonged 106 

to 16 hours. Cytokines included were interleukins (IL) 1β, 2, 4, 5, 8, 10, 16, 17E/25 (IL-25), 17A, 22, 31 and 107 

33 as well as CCL2, also termed Monocyte chemotactic protein-1 (MCP-1), CCL11, also termed Eotaxin, 108 

CCL17 (Chemokine-ligand-17), also termed Thymus-and-activation-regulated-chemokine (TARC), CCL22, 109 

also termed Macrophage derived chemokine (MDC), CCL26, also termed Eotaxin-3, CCL27, also termed 110 

Cutaneous-T-cell-cell-attracting-chemokine (CTACK) and TSLP (Thymic stromal lymphopoietin). The 111 

chemical nomenclature is used onwards. All biomarkers were reported in pg/mL and were selected based on 112 

previous studies[3,16]. Biomarker values below fit curve range were given half the value of the lowest 113 

measured value on that plate (e.g. CCL11). A single CCL22 sample had a value above fit curve range and 114 

was arbitrarily assigned twice the highest value detected.  115 

 116 

All patients filled in a questionnaire using questions implemented from the ISAAC (The International Study 117 

of Asthma and Allergies in Childhood) and ECRHS (European Community Respiratory Health Survey) 118 

studies[17,18]. The questionnaire explored demographics (sex, age), comorbidities (asthma, allergic rhino-119 

conjunctivitis, food allergy and urticaria) and AD characteristics (age of onset, family history of AD and 120 

eczema distribution within the past month). Assistance filling in the questionnaire was allowed for patients 121 

≤15 years, however not from a hospital staff member.  122 



 123 

Blood samples from all patients was genotyped for the three most common variations in FLG; R2447X, 124 

R501X and 2282del4, and analysed for serum total IgE levels (103IU/L) and blood eosinophil count (cell 125 

count x 109/L). Serum total IgE levels digitally truncated as >2000 x 103 IU/L or >2500 x 103 IU/L were 126 

denoted as 2000 x 103 IU/L and 2500 x 103 IU/L, respectively.  127 

Patients with high serum total IgE (≥150 x 103 IU/L) and/or a positive allergen test (skin prick test and/or 128 

RAST-test (>0.35kU/L)) specific for one or more allergens from the standard inhalation panel (birch, grass, 129 

mugwort, horse, dog, cat, house dust mite (D. Pteronyssinus and D. Fariane) and moulds (Alternaria iridis 130 

and Cladosporium herbarium)) were grouped as extrinsic AD. Patients with normal serum total IgE (<150 x 131 

103 IU/L) and a negative allergen test to the standard panel (skin prick test and/or RAST-test (<0.35kU/L)) 132 

was grouped as intrinsic.  133 

 134 

Statistical analyses 135 

Spearman’s correlation analysis was used to compare individual serum biomarker levels with disease 136 

severity (SCORAD), using IBM SPSS statistics 22 (SPSS, Inc., Chicago, IL, USA). Multiple comparison 137 

adjustment was performed using Bonferroni correction. 138 

Independent samples t-test and chi-square tests were performed independently using children/adolescents vs. 139 

adults, FLG variation carrier status, extrinsic/intrinsic AD-subtype and asthma as response variables, and 140 

with biomarker levels, sex, age, allergic rhino-conjunctivitis, food allergy, urticaria, age at onset of AD, 141 

serum total IgE and blood eosinophil count as explanatory variables. 142 

We developed two predictive models for SCORAD from 22 biomarkers (19 cytokines, FLG variation, serum 143 

total IgE, and blood eosinophil count), patient history of atopy (asthma, allergic rhino-conjunctivitis, food 144 

allergy, urticaria), age and sex, using a linear regression with Elastic Net regularization[19] and Gradient 145 

Boosting Machine, respectively. Hyper parameter tuning and performance evaluation were conducted in a 146 



nested K-fold cross-validation (K=10). The predictive performance was assessed with the Root Mean Square 147 

Error (RMSE) and MCID accuracy (the proportion of prediction within one MCID of the true score[20]). 148 

Calculations were performed using R 3.5.1 (R Foundation for Statistical Computing, Vienna, Austria). 149 

 150 

Results 151 

Demographics 152 

We included a total of 160 patients with AD; 53 (33.1%) with mild, 73 (45.6%) with moderate and 34 153 

(21.3%) with severe disease. The mean age was 29.2 years (range 6-70 years), 20 were children/adolescents 154 

(12.5%) and 140 were adults (87.5%). 84 (52.5%) were females. Adult patients had higher prevalence of 155 

food allergy (30.0 vs. 60.2% for children/adolescents and adults, respectively, p=0.015) and higher mean 156 

levels of CCL27 (1527 vs. 1839 pg/mL, p=0.005), CCL11 (114 vs. 161 pg/mL, p=0.001) and IL-2 (0.003 vs. 157 

0.016 pg/mL, p=0.010) compared to children/adolescents (Table 1). However, after correction for multiple 158 

comparisons no significant differences were observed between children/adolescents and adults. 159 

 160 

Association between SCORAD and biomarkers 161 

Correlations between SCORAD and biomarkers are depicted in Table 2. Several biomarkers were 162 

statistically significantly correlated with SCORAD with the strongest correlations found for CCL17, CCL27, 163 

CCL26, IL-5, serum total IgE (all spearman R>0.35, p<0.001) and IL-17A, CCL22, and IL-31 (all spearman 164 

R>0.25, p<0.001).  165 

 166 

Predictive models for SCORAD 167 

The Elastic Net model achieved a relatively poor predictive performance for SCORAD, with a root mean 168 

square error (RMSE) of 16.81 (SE of 0.78) and a minimal clinical important difference (MCID) accuracy of 169 



37% (SE of 3%). Gradient Boosting model for SCORAD did not produce a better model, with a cross-170 

validated RMSE of 16.95 (SE of 1.00) and an MCID accuracy of 39% (SE of 3%). The contribution of each 171 

predictor to SCORAD for both models is summarised in Figure 1. The Elastic Net model included 4.6 172 

predictors on average during cross-validation, and the model trained on the entire dataset included five 173 

predictors: CCL17, CCL27, serum total IgE, IL-33 and IL-5. The same predictors were the five most 174 

important features, excluding age, of the Gradient Boosting model trained with the entire dataset. 175 

 176 

Association between FLG variation status and biomarkers 177 

No significant differences in biomarker levels were observed based on FLG variation carrier status after 178 

correction for multiple comparisons. 179 

 180 

Association between asthma and biomarkers 181 

Concomitant asthma was associated with allergic rhino-conjunctivitis (39.0 vs. 79.7%, for no asthma and 182 

concomitant asthma, respectively, p<0.0003) and serum total IgE (677 vs. 1770 x 103IU/L, p<0.0003). No 183 

significant differences in biomarker levels were observed based on asthma status after correction for multiple 184 

comparisons. 185 

 186 

Association between extrinsic and intrinsic subtypes of AD and biomarkers 187 

Extrinsic AD was significantly associated with SCORAD (36.7 vs 22.5, p<0.0003), serum total IgE (1515 vs. 188 

39 x 103IU/L, p<0.0003), blood eosinophil count (0.50 vs. 0.16 cells x 109/L, p<0.0003)[10], serum levels of 189 

CCL17 (993 vs. 541 pg/mL, p<0.0003) and CCL26 (65.0 vs. 21.9 pg/mL, p<0.0003). 190 

 191 



Discussion  192 

In this study we found a significant correlation between disease severity measured by SCORAD and serum 193 

levels of CCL17, CCL22, CCL26, CCL27, total IgE, IL-5, IL-17A, and IL-31. In addition, predictive models 194 

confirmed that CCL17, CCL27, serum total IgE, IL-5 and IL-33 are the five most important predictors for 195 

SCORAD. 196 

Several studies have investigated the association between serum biomarkers and AD severity, where CCL17 197 

has shown the strongest correlation, agreeing with our data[16]. CCL17 plays a key role in homing of 198 

chemokine (C-C) receptor 4 (CCR4)-expressing T cells to the skin and is as an upstream Th2 regulating 199 

chemokine, involved in inflammation regulation, which may explain its central, though not specific, role in 200 

AD[21,22]. CCL27 is produced by keratinocytes and has been presumed to play a pivotal role in AD 201 

inflammation[23]. Our data showed a correlation between AD severity and CCL27 substantiating this. 202 

However, the central inflammatory role of CCL27 limits it specificity in relation to AD as it is involved in 203 

numerous chronic inflammatory skin diseases. CCL22 has similar properties to CCL17, acting as a potent 204 

chemoattractant for CCR-4 expressing cells[24]. This may explain its correlation with SCORAD in a cohort 205 

where also CCL17 shows correlation. In addition, CCL22 has been shown to be significantly higher in 206 

younger AD patients[25], though we observed no difference in CCL22 levels between age groups.  207 

 208 

IL-17A is highly associated with psoriasis and has been one of the main targets for biologic treatments in the 209 

past years; however, significance of the role of IL-17A in AD is debated. A recent review has explored 210 

phenotypes of AD, suggesting that Asian patients express a more IL-17A high profile[26], which is 211 

somewhat unexpected. However, our data from a solely Caucasian cohort suggests IL-17A to be associated 212 

to disease severity in a Western population of patients with AD as well, thus confirming the overlap seen 213 

between psoriasis and AD, as well as an overlap between different races with AD and potential subtypes of 214 

AD.  215 



IL-5 acts as an attractant of eosinophils in inflamed tissue and plays a key role in eosinophilic asthma. 216 

However, the pathogenic overlap between AD and asthma, which is supported by our data[10], poses an 217 

interesting suggestion as to the importance of IL-5 in AD. Though not conclusive, the potential role of IL-5 218 

in AD, possibly in eosinophilic patients, has been suggested using IL-5 targeting therapy, which has been 219 

effectively used in severe eosinophilic asthma[27]. Interestingly, our patients showed no difference in IL-5 220 

levels in relation to asthma. However, we did not have data on asthma activity or severity, which may partly 221 

explain the lack of differentiation considering IL-5 as a central component in acute asthma[28]. 222 

CCL26 is chemotactic for eosinophils and basophils, and has been shown to be expressed significantly more 223 

in AD skin than healthy control skin[29]. The role of eotaxins in eosinophil inflammation has been studied 224 

and the correlation between CCL11 expression and the presence of eosinophils supports the role of CCL26 225 

in initiation and maintenance of inflammation, hereby supporting the correlation to AD severity reported 226 

herein[30]. In addition, the increased prevalence of food allergy together with high levels of CCL11 227 

observed in adults compared to children/adolescents in our cohort, supports the role of CCL11 in 228 

eosinophilic inflammation and allergic comorbidity. 229 

Itch is the cardinal symptom of AD[31] and IL-31 is an itch specific biomarker, which has been shown to be 230 

upregulated in AD skin[32] and associated with AD severity[33], which agrees with our study. The potential 231 

effect from blockade of IL-31 has been investigated in mouse models of AD and other itchy skin conditions 232 

may benefit from blockade of this specific marker. Both IL-31 and IL-33 have been shown to be 233 

significantly upregulated in AD compared to controls[34]. Interestingly, Nygaard et al[34] found no 234 

correlation between AD severity and IL-31, IL-33 and TSLP, which partly agrees with the relatively low 235 

correlation for both IL-33 and TLSP levels observed in our study.  236 

Concomitant asthma, carrying a FLG variation and extrinsic AD are associated with disease severity in AD 237 

patients[10]. Both asthma and extrinsic endotype was associated with increased levels of CCL17. This 238 

supports the correlation shown for SCORAD. 239 



Our data included clinical characteristics and a panel of serological markers in the search for characteristics 240 

predicting disease severity and potential differences between patient groups using numerous central 241 

serological parameters of AD. Earlier attempts to characterize patients were solely based on serum total IgE. 242 

This idea was abandoned as patients showed the same level of Th2 activation despite differences in IgE 243 

levels[35]. The same study showed intrinsic AD to be dominated by the Th17 pathway; however, IL-17A did 244 

not show any difference in mean serum level between intrinsic and extrinsic patients in our cohort. 245 

Therefore, we developed machine learning predictive models, which unlike simple correlation analyses, are 246 

not limited to one explanatory variable, can deal with multi-collinearity and look for complex relations and 247 

hidden patterns in multi-dimensional data. These models also emphasize the clinical relevance of the 248 

biomarkers through their predictive value rather than mere statistical significance. We investigated two 249 

modelling frameworks, linear regression and ensemble methods (cf. Gradient Boosting), which were selected 250 

as they can be interpreted through coefficient estimates and feature importance, respectively. However, 251 

conclusions from the predictive models developed in this study must still be interpreted with caution, due to 252 

the low predictive performance they demonstrated. We argue that the relatively poor performance is not due 253 

to poor modelling choices but rather the inherent difficulty to build accurate models for this task. Indeed, in 254 

most situations where a good representation of the data is available, complex models do not necessarily 255 

outperforms simple ones [36,37], and if they do, ”the marginal gain from complicated models is typically 256 

small compared to the predictive power of the simple models”[38]. Considering that both our ”simple” linear 257 

regression model and ”complex” non-linear Boosting model achieve a similar low performance, we believe 258 

that it is unlikely that more complex methods could achieve high predictive performance for SCORAD using 259 

the biomarkers, in this study. 260 

A study from 2017 by Thijs et al[9] suggested a predictive panel of biomarkers and clinical characteristics to 261 

determine disease severity. The study formulated a signature to predict eczema area and severity index 262 

(EASI) score before and after corticosteroid treatment, including levels of CCL17, IL-22 and IL-2R. While 263 

they reported a relatively good performance, the evaluation was performed on a dichotomised outcome[39] 264 

with a strong class imbalance after using treatments, making the generalisability of their finding 265 



questionable. Another study by the same group[8] suggested independent endotypic clusters based on 266 

biomarkers in AD patients, in which CCL17 and disease severity was clustered together, however not 267 

focusing on predictive value of the biomarkers. Though CCL17 is selected in our models and suggested in 268 

other studies[8,9] its predictive value and clinical relevance is debatable. The predictive value of biomarkers 269 

in relation to prospective change in disease activity still needs investigation and may hold challenges 270 

considering potential errors in their measurement and the variability in disease activity. Other factors, such as 271 

genetics, ethnicity, chronicity and influence of the microbiome should be considered to comprehensively 272 

determine the predictors for severity. Therefore, the model presented by Thijs et al[9] and our model should 273 

be viewed as suggestions for further clinical investigation. 274 

 275 

Limitations of this study include pre-selection of serological biomarkers based on information from earlier 276 

publications and methodological experience[3]. Also, single correlation coefficients between SCORAD and 277 

each biomarker were relatively low, in the statistical sense, and the overall performance of the predictive 278 

models was relatively poor. However, considering the multifactorial nature of AD, including both genetic, 279 

immunological and environmental factors, we did not expect the statistical correlation for each biomarker 280 

approaching one as outlined in the meta-analysis by Thijs et al[16]. Therefore, our results are considered 281 

clinically relevant. A recent review by Czarnowicki et al[26] suggested different pheno-/endotypes based on 282 

race, age, inflammatory profile and genetics. Also, their extension of phenotypes includes the skin 283 

microbiome currently given much attention[40]. Opposingly, our data were limited to few clinical 284 

characteristics and a small panel of serological markers, hence offering a less extensive differentiation, 285 

though mainly focusing on serological determinants for severity. In addition, we used a cross-sectional study 286 

design. Our predictive model included few variables, including biomarkers and SCORAD measured at a 287 

single time point, without follow-up, offering no predictive value of each biomarker in relation to change in 288 

AD activity and severity. However, prediction of SCORAD is of great clinical interest, considering for 289 

example pre-hospitalization and tele-medicine evaluation of patients in the future. Also, prediction of AD 290 



severity by biomarkers is thus far understudied in the literature. Future models should be prospective and 291 

include genetic data, effects of treatment and compliance, which will improve prediction of SCORAD. 292 

 293 

In conclusion, several serological, immunoinflammatory biomarkers, including CCL17, CCL22, CCL27 and 294 

IL-31, are associated with disease severity in a well-characterised hospital cohort of AD patients. Highest 295 

correlations were shown for upstream biomarkers primarily involved in the Th2 pathway, confirming a key 296 

role in the inflammatory process of AD. In addition, predictive models suggest CCL17, CCL27, serum total 297 

IgE, IL-5 and IL-33 as the best predictive biomarkers for SCORAD, but their value in prospective disease 298 

severity assessment warrants further investigation. Finally, extrinsic subtype AD and asthma were primarily 299 

associated with increased serum levels of CCL17. 300 
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