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BACKGROUND: The South Korean humidifier disinfectant–associated lung injury case was one of the worst disasters involving household chemical prod-
ucts, resulting in over 5,800 casualties. Despite the strong association between lung injury and humidifier disinfectants, the underlying pathogenic mecha-
nisms remain unclear.
OBJECTIVES: We investigated patients with humidifier disinfectant–associated lung injury to identify key metabolic signatures, aiming to gain insights
into the underlying pathogenic mechanisms based on the characteristics of thesemetabolites.
METHODS:We employed untargeted metabolomics to assess the differential enrichment of plasma metabolites in 80 South Korean children with lung
injuries caused by exposure to humidifier disinfectant containing polyhexamethylene guanidine. The key metabolites identified were subsequently
validated in an independent cohort of 132 South Korean adults.

RESULTS: In the plasma of patients with humidifier disinfectant–associated lung injuries, we observed significantly higher levels of oxidized lipids in
comparison with healthy controls, with these levels negatively correlating with lung function. These metabolic signatures differentiated humidifier dis-
infectant–associated lung injury from other respiratory diseases in children, such as asthma and bronchiolitis obliterans. The 47 key metabolites identi-
fied in children were validated in an independent adult cohort. Furthermore, the classification performance of these metabolic signatures for humidifier
disinfectant–associated lung injury achieved an accuracy of 0.97, a precision of 0.95, an F1 score of 0.97, and a recall of 1.00.
DISCUSSION: These findings suggest a connection between humidifier disinfectant–associated lung injury and oxidative stress-induced lipid peroxida-
tion. The oxidative stress signatures provide valuable insights into the underlying pathogenesis of humidifier disinfectant–associated lung injury and
may serve as potential targets for biomarker development. https://doi.org/10.1289/EHP14984

Introduction
In 2011, a series of unknown respiratory illnesses with fatal lung
injuries emerged in South Korea, particularly affecting children1 and
pregnantwomen.1,2 An investigation led by the government revealed
a link between affected individuals and the use of specific humidifier
disinfectant products.3–7 Humidifier disinfectant–associated lung
injury (HDLI) is marked by severe, irreversible lung damage,8,9
fibrosis,9 pulmonary inflammation,8,9 and airway damage.8,9
According to the Korea Environmental Industry & Technology
Institute (KEITI), a total of 5,810 cases of HDLI, including 1,312
deaths, have been officially reported as of October 2024. Before the

government announced a recall of all humidifier disinfectant prod-
ucts in 2011, ∼ 10million units had been sold.10 Considering the
scale of these sales, a significant portion of the population may have
been exposed to these toxic substances, potentially resulting in far
more victims than currently reported. One study estimates that
∼ 8:94million individuals may have been exposed to these toxic
humidifier disinfectants, with 950,000 likely experiencing adverse
health events.11 This incident stands as one of the most tragic envi-
ronmental catastrophes in SouthKorea’s history.

Further investigations revealed that the humidifier disinfec-
tants associated with HDLI contained additional toxic molecules,
including polyhexamethylene guanidine (PHMG),12 chloromethy-
lisothiazolinone (CMIT),13 methylisothiazolinone (MIT),13 and
n-alkyldimethylbenzylammonium chloride (BKC).14 A growing
body of evidence from in vitro, in vivo, and epidemiological stud-
ies indicates that exposure to these toxic chemicals results in cell
apoptosis (in vitro),15,16 inflammation (in vivo rat model),17 and
pulmonary fibrosis (in vitro and in vivo; rat model),16,17 ultimately
resulting in death (in vivo; mouse model).18 Previous studies14,19

have demonstrated a strong association between humidifier disin-
fectants and severe lung injury; however, the precise mechanism
by which these toxic chemicals lead to lung damage and chronic
inflammation in humans remains poorly understood. Symptoms
linked to HDLI, such as coughing, shortness of breath, tachypnea,
and pulmonary fibrosis, are not specific to this condition,20 making
it difficult to differentiate it from other respiratory diseases.
Although diagnostic criteria for HDLI are based on clinical, patho-
logical, and radiological characteristics,20 identifying unique fea-
tures that differentiate HDLI from other lung diseases is
imperative. Such differentiation not only aids in diagnosis but also
provides a foundation for uncovering the underlying pathogenic
mechanisms.

In this study, we aimed to identify the metabolic signatures
associated with HDLI by using untargeted metabolomics to
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analyze plasma samples from diagnosed patients. Our objective
was to uncover potential targets for biomarker development and
gain deeper insights into the pathogenesis of HDLI.

Methods

Study Population
The study comprised 60 children and 107 adults with lung injuries
caused by exposure to specific humidifier disinfectants containing
PHMG (Table 1 and Table 2). All the HDLI patients were recruited
from the physical health monitoring program at the Humidifier
Disinfectant Health Center, an established cohort at the Asan
Medical Center, between 2014 and 2016. Diagnostic criteria for
HDLI were established based on the patients’ clinical, pathologi-
cal, and radiological characteristics.20 This approach was designed
not only to determine whether the lung disease resulted solely from
humidifier disinfectant exposure but also to assess the severity of
the condition. HDLI patients were classified into three groups: def-
inite, probable, or unlikely. The “definite” group exhibited typical
clinical and imaging characteristics of HDLI, with most patients
having a history of admission to the intensive care unit for acute re-
spiratory distress syndrome. The “probable” group included indi-
viduals whose clinical, imaging, or pathological findings partially
aligned with HDLI, though they did not meet all criteria. Despite
confirmed exposure to humidifier disinfectants, a definitive diag-
nosis could not be established, and the possibility of other diseases
could not be entirely excluded. The “unlikely” group had been
exposed to humidifier disinfectant but lacked confirmed clinical,

imaging, and/or pathological characteristics of HDLI, suggesting a
heterogeneous clinical spectrum or very mild HDLI without defini-
tive clinical and radiological features at that time. Further details
about the criteria and classification20 ofHDLI are shown in Table S1.

In addition, 20 children with asthma (5–10 y of age) and 7 chil-
dren with bronchiolitis obliterans (BO), a chronic respiratory dis-
ease (3–18 y of age), were recruited in 2018 from the Childhood
Asthma and Atopy Center at Asan Medical Center (Table S2).
Asthma was diagnosed in patients who had at least one wheezing
episode in the past year. BO was diagnosed in patients with a his-
tory of early childhood respiratory infection, persistent respiratory
symptoms, and obstructive patterns on chest computed tomogra-
phy (CT), such as mosaic attenuation, air trapping, or bronchial
abnormalities. Diagnoses were confirmed by two independent pe-
diatric pulmonologists.21

The control group comprised 20 healthy children from the 2015
Panel Study of Korean Children, representing the general population
cohort,22 and 25 healthy parents from the Childhood Origin of
Asthma and Allergic Diseases cohort (2008–2017),23 all without a
history of chronic respiratory disease. Their nonuse of humidifier dis-
infectants was confirmed through a questionnaire. The control partici-
pants were randomly selected, but their age ranges matched those of
the disease group. All study participants were South Korean, and
children were defined as individuals under the age of 18 y.

Plasma samples were collected at cohort enrollment, centri-
fuged at 3,000× g for 10 min, and stored at −70�C without prior
thawing until metabolomic analysis. Serum was collected in
2:0 mL EDTA tubes (BD Vacutainer). These samples were part
of the cohort study and were not collected specifically for this

Table 2. Study population of adults by HDLI groups in the physical health monitoring program (Asan Medical Center, South Korea, 2014–2016, n=132).

Adults

Control (n=25) Unlikely (n=55) Probable (n=20) Definite (n=32)

Mean±SD Mean±SD p* Mean±SD p* p† Mean±SD p* p†

Age (y) 32:92± 3:44 44:87± 13:34 <0:001 44:70± 12:31 <0:001 0.981 41:03± 7:76 <0:001 0.275
Sex (n)
Male 13 25 — 11 — — 7 — —
Female 12 30 — 9 — — 25 — —
Airborne HD concentration

(lg=m3)
NA 183:40± 183:31 — 136:81± 102:01 — 0.302 188:84± 337:41 — 0.191

Total duration of HD
use (h)

NA 9,936:87± 10,882:07 — 9,620:21± 8,206:02 — 0.407 10,987:03± 8,079:32 — 0.09

Note: Data are presented as the mean±SD. p-Value* and p-value† represent comparisons with the control and unlikely groups, respectively, using the Mann-Whitney U test. The defi-
nite group had distinct clinical and imaging characteristics of HDLI and required admission to the intensive care unit for acute respiratory distress syndrome. The probable group
exhibited some clinical, imaging, or pathological features of HDLI but did not fully meet the diagnostic criteria. The unlikely group had confirmed humidifier disinfectant exposure
but lacked clinical, imaging, or pathological findings indicative of HDLI. The diagnostic criteria for HDLI are provided in Table S1. HDLI, humidifier disinfectant–associated lung
injury; NA, not available; HD, humidifier disinfectant; SD, standard deviation.

Table 1. Characteristics of children by HDLI group in the physical health monitoring program (Asan Medical Center, South Korea, 2014–2016, n=80).

Children

Control (n=20) Unlikely (n=20) Probable (n=20) Definite (n=20)

Mean±SD Mean±SD p* Mean±SD p* p† Mean±SD p* p†

Age (y) 7:20± 0:41 9:05± 3:71 0.176 9:75± 2:84 0.001 0.531 6:90± 2:05 0.117 0.086
Sex
Male 11 11 — 9 — — 12 — —
Female 9 9 — 11 — — 8 — —
FVC (%) 94:41± 11:14 102:32± 13:37 0.047 82:60± 13:32 0.002 <0:001 88:75± 16:73 0.216 0.013
FEV1 (%) 94:11± 12:39 97:53± 28:30 0.386 80:55± 13:38 0.001 0.001 90:40± 19:41 0.404 0.156
FEV1/FVC (%) 89:23± 4:35 89:68± 5:85 0.915 90:30± 5:70 0.38 0.612 91:20± 5:33 0.213 0.455
cDLCO (%) ND 78:53± 13:29 — 70:75± 10:89 — 0.01 71:85± 16:39 — 0.094
Airborne HD concentration

(lg=m3)
NA 98:55± 58:58 — 102:91± 75:91 — 0.914 113:78± 63:98 — 0.43

Total duration of HD
use (h)

NA 4,695:00± 3,697:52 — 5,283:60± 9,334:19 — 0.516 3,810:06± 4,333:94 — 0.318

Note: Data are shown as the mean±SD. p-Value* and p-value† compared to control and unlikely groups using the Mann-Whitney U test, respectively. The definite group exhibited
characteristic clinical and imaging features of HDLI and were admitted to intensive care unit admission for acute respiratory distress syndrome. The probable group partially met the
clinical, imaging, or pathological criteria for HDLI but did not fulfill all diagnostic requirements. The unlikely group had documented exposure to humidifier disinfectants but lacked
clinical, imaging, or pathological evidence consistent with HDLI. The diagnostic criteria for HDLI are presented in Table S1. —, no data; HDLI, humidifier disinfectant–associated
lung injury; ND, not done; NA, not available; HD, humidifier disinfectant; SD, standard deviation.
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study. The maximum storage duration before analysis was 10 y.
The study protocols were approved by the institutional review
board of Asan Medical Center (2018–0663) for metabolomic
analysis. Human-derived samples were obtained from studies
approved under additional IRBs, including the Physical Health
Monitoring Program at the Humidifier Disinfectant Health
Center (2015–0510), the Panel Study of Korean Children
(2015–0907), the Cohort for Childhood Origin of Asthma and
Allergic Diseases (2008–0616), and the Childhood Atopy and
Allergy Center (2015–1031). Written informed consent was
obtained from each participant or parent following a detailed
explanation of the study.

Estimation of Humidifier Disinfection Exposure
Exposure assessment was conducted through questionnaires
administered by an environmental health specialist. To improve
the accuracy of exposure assessment, the Korean government
obtained photographs of used humidifier disinfectant products
and purchase receipts from the participants. The airborne disin-
fected concentration was calculated as24 disinfectant concentra-
tion dissolved in the product times average daily humidifier

disinfectant usage ðlgÞ=volume of the room (m3). The disin-
fectant concentration of each product was determined based on
an investigation conducted by the Korea Center for Disease
Control and Prevention (KCDC).25 The questionnaire collected
data on the amount and duration of disinfectant use, the size of the
rooms where humidifiers were used, and other relevant factors
(see Supplemental Material, “Questionnaire”).

Plasma Metabolite Profiling Using Ultra-High Performance
Liquid Chromatography with Quadrupole Time-of-Flight
Mass Spectrometry
Plasma samples were collected at cohort enrollment and immedi-
ately stored at −70�C. For mass spectrometry analysis, they were
processed in two batches (Figure 1). All samples within each
batch were thawed simultaneously, with one batch designated for
the child cohort and the other for the adult cohort. The child sam-
ples, categorized into control, definite, probable, unlikely, BO,
and asthma groups, were processed simultaneously. Adult sam-
ples, divided into control, definite, probable, and unlikely groups,
were processed on the same day. To minimize potential bias, the
analysis order was randomized across all groups. Prepared

Figure 1. Study population and metabolomic analysis process. Samples from multiple cohorts were analyzed and processed at Asan Medical Center, Seoul,
South Korea. Upon collection, the samples underwent the same preprocessing method and were immediately frozen at −70�C. All samples were randomized
before selection and analyzed in two batches: one for children and one for adults, to minimize batch effects. The diagnostic criteria for HDLI are shown in
Table S1. The definite group had typical clinical and imaging features of HDLI, and all were admitted to the intensive care unit for acute respiratory distress
syndrome. The probable group showed partial clinical, imaging, or pathological alignment with HDLI criteria but did not meet all criteria. The unlikely group
had confirmed humidifier disinfectant exposure but lacked clinical, imaging, or pathological findings consistent with HDLI. Asthma patients who had at least
one wheezing episode in the past year were diagnosed by a physician. BO was diagnosed based on a history of early childhood respiratory infection, persistent
symptoms, lack of response to inhaled corticosteroids or bronchodilators, and obstructive patterns observed on a chest CT, including mosaic attenuation, air
trapping, or bronchial abnormalities. Note: ANCOVA, analysis of covariance; BO, bronchiolitis obliterans; CT, computed tomography; FDR, false discovery
rate; FC, fold change; HDLI, humidifier disinfectant–associated lung injury.
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plasma was mixed with 80% methanol at a 1:6 ratio and incu-
bated at 4°C for 60 min. After centrifugation at 12,000 × g for
15 min, the supernatants were injected into the ultra-high per-
formance liquid chromatography with quadrupole time-of-flight
mass spectrometry (UPLC-q/TOF MS) system. The chro-
matographic system comprised a Waters Acquity UPLC
(Waters) coupled with a Synapt G2-Si quadrupole time-of-
flight mass spectrometer (Waters). Chromatographic separa-
tion was achieved using an Acquity UPLC BEH C18 column
(2:1 mm×100 mm, 1:7 lm). The mobile phases, delivered at
a rate of 0:4 mL=min, were 0.1% formic acid (v/v) in water
(phase A) and 0.1% formic acid (v/v) in acetonitrile (phase
B). Mass spectra (MS) were acquired in both positive and
negative modes within the m/z range of 50–1,000. Each bio-
logical sample was analyzed once, and the sample arrange-
ment was randomized to avoid technical bias. Quality control
(QC) samples were prepared by pooling equal aliquots from
all analytical samples and were introduced into the chromato-
graphic system every seven samples throughout the analytical
run.

Data Processing
The raw MS data were preprocessed using Progenesis QI soft-
ware (Nonlinear Dynamics), which included automatic align-
ment for retention time (RT), peak picking, deconvolution,
and peak quality assessment. Following preprocessing, the
peak intensity of each sample was adjusted by subtracting the
mean blank intensity for each feature. Features with more than
50% missing values in every group were excluded from further
analysis.

Metabolite Identification
Metabolite annotation was performed by analyzing tandem
mass (MS2) fragmentation patterns using CFM-ID 3.0.26 We
conducted a reevaluation by manually comparing experimen-
tally acquired MS2 spectra with those of potentially annotated
compounds from the Human Metabolome Database (HMDB;
version 5.0) to ensure accurate metabolite annotation.27

Annotation confidence levels were classified per the guidelines
of the Metabolomics Standard Initiative (MSI).28 The classifi-
cation includes four levels of confidence in metabolite identifi-
cation. Level 1 represents compounds confidently identified
through comparison with reference standards; Level 2 involves
the putative annotation of compounds based on spectral simi-
larity to known compounds in public or commercial spectral
libraries; Level 3 encompasses the putative annotation of com-
pound classes based on spectral similarity to a chemical class;
and Level 4 pertains to unidentified compounds. Oxidized lipids
exhibit structural diversity, existing in various forms such as
epoxides, hydroxides, hydroperoxides, aldehydes, or carboxylic
acids. However, this diversity complicates the precise determination
of oxidized lipid structures via liquid chromatography–tandem
mass spectrometry (LC-MS/MS). Consequently, we characterized
the oxidized lipids by specifying the number of carbons, double
bonds, and oxygen atoms, providing an overview of their molecular
compositionwithout detailed annotation (Table S3).

Pulmonary Function Test
Pulmonary function was assessed using three parameters: forced
vital capacity (FVC), which measures total exhaled air volume
after a deep breath; forced expiratory volume in one second
(FEV1), which indicates the volume exhaled during the first
second of the FVC test; and hemoglobin-corrected diffusing
capacity of the lungs for carbon monoxide (cDLCO), which

evaluates oxygen transfer efficiency. These clinical parameters
were measured using a Vmax229D (SensorMedics) following
the recommendations of the American Thoracic Society (ATS)/
European Respiratory Society (ERS).29 Pulmonary function
was measured at enrollment, on the same day as the blood sam-
ple collection. FVC and FEV1 were assessed in all groups,
including control, asthma, HDLI diagnosis, and BO, whereas
cDLCO was measured only in HDLI and BO patients.

Machine Learning
We trained and validated six machine learning (ML) models—
logistic regression, support vector machines (SVM), random for-
est, decision tree, K-nearest neighbor (KNN), and naïve Bayes—
to evaluate the diagnostic potential of metabolic signatures for
HDLI. Key features (putative metabolites) were identified
through a univariate comparison between the definite and control
groups. Features were selected based on a false discovery rate
(FDR)-adjusted p-value of <0:05 and a fold change of >2:0.
Among the metabolites showing significant differences, we
focused on those with relative standard deviation (RSD) values in
QC samples below 30%. We used a metabolomics dataset com-
prising 107 children, selecting 47 features (intensity of differen-
tial metabolites) and labeling the dataset with binary values: 1 for
the HDLI group (definite, probable, and unlikely; n=60) and 0
for groups without HDLI (n=47). The dataset, including both
the HDLI group and the non-HDLI group, was stratified and split
into training (n=74) and testing sets (n=33) in a 7:3 ratio for
model development and evaluation, employing a stratified ran-
dom sampling method for the division. Before training the ML
algorithms, the training dataset was scaled to zero mean and unit
standard deviation using the standard scaler function. We eval-
uated the performance of all trained classifiers using a test dataset
comprising 33 test samples. The parameters used in these models
are listed in Table S4.

Statistical Analysis
Statistical analysis was performed using Python (version 3.9.12)
along with the NumPy (version 1.21.5), Pandas (version 1.4.2),
Scipy (version 1.7.3), statsmodels (version 0.13.2), and sklearn
(version 1.0.2) libraries. Data normality was assessed using the
Shapiro-Wilk test. If the data were not normally distributed, the
Mann-Whitney U-test was used. If the data were normally dis-
tributed, statistical comparisons between groups were conducted
using either Student’s t-test or Welch’s t-test, depending on the
homogeneity of variances assessed by Levene’s test. p-Values
were adjusted using the Benjamini-Hochberg procedure to con-
trol the FDR. For comparisons involving more than two groups,
statistical significance was determined using one-way analysis of
variance (ANOVA) followed by the Bonferroni post hoc test for
multiple comparisons. An analysis of covariance (ANCOVA)
was performed to account for the effects of confounders on the
variables that show differences between groups. Multivariate
analyses, including principal component analysis (PCA) and par-
tial least squares discriminant analysis (PLS-DA), were con-
ducted, with features scaled with Pareto scaling. The PLS-DA
models were built separately for the positive and negative modes,
using all detected metabolites for each mode (1,254 mass ions in
the positive mode and 730 mass ions in the negative mode).
Model evaluation involved 5-fold cross-validation, with PLS-DA
quality assessed by R2Y (fit) and Q2 (prediction). To prevent
overfitting, a 100-iteration permutation test was conducted, with
p-values calculated using MetaboAnalyst 5.0.

Environmental Health Perspectives 057016-4 133(5) May 2025



Data Availability
The metabolomic datasets and the code used for the analyses are
available on GitHub (https://github.com/jinwoo3239/HDLI).

Results

Study Population and Selection Process
Wedesigned this study to identify themetabolic signature of individ-
uals with HDLI. Participants diagnosed with HDLI were selected
from the Physical Health Monitoring Program, which included 750
individuals. Among the pediatric patients, 20 were classified as defi-
nite, and to maintain consistency, 20 probable and 20 unlikely cases
were randomly selected.Other pediatric patientswith respiratory dis-
eases, including asthma and BO, were recruited from the Childhood
Atopy andAllergy Center. During the recruitment period, 20 pediat-
ric patients with asthma were enrolled, whereas only 7 BO cases
were available due to its low prevalence. The control group was
selected from the cohort of Panel Study of Korean Children,22 a lon-
gitudinal study investigating child development and allergic dis-
eases. A total of 2,150 mother–child pairs were recruited, of whom
1,573 completed questionnaires on allergic diseases. Another 42
pairs were excluded due to missing exposure or demographic data,
resulting in a final sample of 1,531 pairs. From these eligible individ-
uals, age- and sex-matched pediatric controls were randomly
selected based on predefined criteria, including SouthKorean nation-
ality, absence of chronic respiratory or allergic conditions, and no
history of humidifier disinfectant exposure. All study participants
were anonymized, and random sampling was applied. The study
population and analysis process are summarized in Figure 1.

Untargeted Metabolite Profiling in Children with HDLI
We initially examined plasma metabolites in children with HDLI,
categorizing the subjects into four groups (n=20 per group):

definite, probable, unlikely, and control. A total of 1,254 mass
ions were detected in positive mode, and 730 in negative mode,
at specific RT points. To identify the distinctive metabolic signa-
tures associated with HDLI, we compared the most severely
affected group (definite) with the control group. For exploratory
data analysis, we employed PCA and PLS-DA to assess the meta-
bolic distribution between the two groups (Figure 2A; Figure
S1). Both PCA and PLS-DA showed a clear separation between
the two groups, suggesting that HDLI was associated with dis-
tinct plasma metabolite profiles. Although the 2D plot did not dis-
tinctly separate the four groups, the PLS-DA model nevertheless
exhibited robust classification ability (Figure 2A). An R2 > 0:68
indicated that the model accounted for more than 68% of the var-
iance, and a Q2 > 0:51 confirmed its predictive accuracy. Finally,
a permutation test p-value of <0:05 established the model’s sta-
tistical significance (Figure S2).

Identification of Key Metabolic Signatures Linked to HDLI
To identify key molecules associated with HDLI, a univariate
comparison was conducted between the definite and control
groups. Features (putative metabolites) were selected based on an
FDR-adjusted p-value of <0:05 and a fold change of >2:0 (Table
S3). Using these criteria, we identified 47 metabolites, which
were designated as key metabolites for further analysis. After
annotation in the Human Metabolome Database,27 61.7% of the
selected key metabolites were classified as oxidized lipids,
including 14 oxidized fatty acids (oxFA) and 15 oxidized phos-
phatidylcholines (oxPC) (Figure 2B; Table S3). Given that key
metabolites were statistically identified by comparing the definite
and control groups, we further analyzed their peak intensities
across all four groups (Figure 3; Excel Table S1). We specifically
focused on oxidized lipids, noting that their intensities varied by
group. The intensity of hydroxylpalmitic acid was 1.44 times
higher in the unlikely group, 1.72 times higher in the probable

Figure 2.Multivariate statistical analysis of otherwise healthy children with HDLI recruited from South Korea through the Physical Health Monitoring
Program at the Humidifier Disinfectant Health Center at the Asan Medical Center between 2014 and 2016 (n=80). (A) PLS-DA models were constructed sep-
arately for the positive and negative modes of ESI mass spectrometry, incorporating all detected metabolites in each mode (1,254 mass ions in the positive
mode and 730 mass ions in the negative mode. Features were scaled using Pareto scaling prior to multivariate analysis. Model parameters were determined
through 5-fold cross-validation, with performance assessed evaluated using the coefficient of determination (R2) and the cross-validated coefficient of determi-
nation (Q2). (B) Key metabolites with significant differences in plasma levels between the definite and control groups were classified into chemical categories.
The numbers indicate the count of metabolites in each class relative to the total number of key metabolites. Note: ESI, electrospray ionization; HDLI, humidi-
fier disinfectant–associated lung injury; PLS-DA, partial least squares discriminant analysis.
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group, and 2.34 times higher in the definite group in comparison
with the control group.

Metabolic Signatures of HDLI Compared with Asthma
and BO
To determine whether the key metabolites identified in children
with HDLI were associated with humidifier disinfectant exposure,
we compared metabolite profiles from participants with other re-
spiratory diseases, including asthma and BO. The groups com-
prised HDLI definite (n=20), healthy control (n=20), asthma
(n=20), and BO (n=7), with the asthma andBO groups having no
history of humidifier disinfectant exposure. Multivariate analysis
revealed that the HDLI definite group was distinctly separate from
both the asthma and BO groups, indicating significant metabolic
differences in HDLI (Figure S3). We further compared the level of
the 47 key metabolites associated with HDLI against those in the
asthma and BO groups and observed that oxFA and oxPC levels
were significantly higher in the HDLI groups than in the asthma
and BO groups (Figure 4; Excel Table S2). However, key metabo-
lites, including linolenic acid, eicosapentaenoic acid, and arachi-
donic acid, also exhibited significant differences from control in
the asthma and BO groups. Our study showed that arachidonic acid
levels were elevated in both the asthma and HDLI groups in com-
parison with controls. Despite these similarities, a statistically sig-
nificant difference was observed between the asthma and HDLI
groups, with the HDLI group exhibiting higher arachidonic acid
levels (Figure S4; Excel Table S3). Specifically, arachidonic acid
levels in the asthma group were 5.83 times higher than in the con-
trols, whereas in the definite group, the levels were 8.33 times
higher. Furthermore, because of the significant age differences
between the groups (Table S2), we applied ANCOVA to adjust for
age. However, even after this adjustment, the metabolic differen-
ces between the groups remained statistically significant (Excel
Table S4).

Validation of HDLI-Associated Key Metabolites in the
Adult Cohort
We validated the differential metabolites discovered from child-
ren’s samples in an independent cohort of adult HDLI patients
(n=132). An untargeted metabolomics analysis was performed on
adult samples, classified into the same four groups as in the child-
ren’s HDLI classification: definite (n=32), probable (n=20),
unlikely (n=55), and control (n=25). All key metabolites showed
statistically significant differences, with FDR-adjusted p-values of
<0:05, confirming that the metabolites identified in children could
significantly differentiate between the control and definite groups
in adults (Figure 5; Table S5 and Excel Table S5).

Relationship between Key Metabolites and Parameters of
Lung Function
We examined the relationship between key HDLI metabolites
and lung function parameters in children (Figure 6A; Excel
Table S6). After conducting lung function assessments [com-
prising FVC (%), FEV1 (%), and cDLCO (%)], we observed
a negative correlation between lung function parameters
and lipid-related molecules. Specifically, nine metabolites
[lysoPC (P-16:0), lysoPC (P-18:0), HOTE, DiHODE, DiHETrE,
oxPC36:5 + 1O, oxPC38:7 + 2O, oxPC38:6 + 2O] exhibited sig-
nificant negative correlations with all lung function parameters.
Among these, oxPC38:6 + 2O demonstrated a statistically signifi-
cant association with FVC [Spearman’s rho ðqÞ= − 0:27], FEV1
(q= − 0:28), and cDLCO (q= − 0:36) (Figure 6B). In addition,
DiHETrE [6:41 337:2367; retention time (minute) m=z valueand
oxPC38:6 + 2O (9:62 838:5595) showed moderately negative

correlations with cDLCO (q= − 0:38 and −0:36, respectively,
Figure 6B). Conversely, uric acid (0:66 167:0206) was positively
correlatedwith cDLCO (q=0:41).

ML for Classifying HDLI Using Metabolic Signatures
We conducted a receiver operating characteristic (ROC) curve
analysis and computed the area under the curve (AUC) to com-
pare the diagnostic accuracies of the classifiers (Figure 7A).
All models were trained on the 47 selected key metabolites and
achieved AUC values >0:95, which indicates a strong ability
to differentiate between the two classes. We also evaluated the
performance of the ML models using various evaluation met-
rics, including accuracy, precision, recall, and F1 score
(Figure 7B; Table S6). In medical diagnostics, recall and preci-
sion are essential because they reflect the rates of false posi-
tives (incorrectly diagnosing disease) and false negatives
(missing actual cases). All trained models exhibited precision
values of 0.84–0.95 and recall values of 0.94–1.0, highlighting
their effectiveness in correctly identifying positive cases.
Among the models, the random forest model exhibited the
highest diagnostic performance, achieving an impressive accu-
racy of 0.97, a precision score of 0.95, an F1 score of 0.97, and
a perfect recall of 1.00.

Discussion
In this study, we conducted a metabolomics analysis to investi-
gate the underlying pathogenesis and metabolic signatures of
HDLI. We identified 47 key plasma metabolites that exhibited
significantly different levels between the control and definite
groups in children. Among these metabolites, 29 (61.7%) were
oxidized lipids (oxFA and oxPC), suggesting that oxidative stress
plays a role in HDLI (Figure 2). These differences in key metabo-
lites were validated in an independent cohort of adult HDLI
patients (Figure 5). Furthermore, when compared with asthma
and BO patients who had never been exposed to humidifier disin-
fectants, these key metabolites were identified as specific signa-
tures of HDLI (Figure 4), indicating a potential association
between HDLI and these key metabolites. In addition, key metab-
olites showed a negative correlation with lung function in the
children’s participants (Figure 6). We also evaluated the diagnos-
tic performance of these key metabolites for classifying HDLI,
achieving an accuracy of 0.97, a precision score of 0.95, an F1
score of 0.97, and a recall of 1.00 (Figure 7). These results rein-
forced the hypothesis that increased ROS, triggered by humidifier
disinfectant, can be detrimental to human health.

The study subjects who developed HDLI had been exposed to
humidifier disinfectants containing PHMG. Because of its strong
antimicrobial properties,30 PHMG is added to humidifiers to con-
trol microbes’ growth. Its cationic guanidine group31 enables it to
electrostatically interact with and bind to cellular membranes,32

resulting in the leakage of cytoplasmic components and the activa-
tion of membrane-bound enzymes, leading to significant membrane
disruption. A previous in vitro study demonstrated that PHMG
can migrate to the cellular membranes of lung epithelial
cells.33 Subsequently, it may translocate to the endoplasmic
reticulum (ER) and mitochondria via endocytosis or direct pene-
tration. Internalized PHMG-p can disrupt ER function and activate
the PERK signal-transduction pathway of the unfolded protein
response (UPR).33 Under prolonged and excessive stress, PHMG
may ultimately activate the mitochondria-associated apoptotic
pathway,33 resulting in ROS generation caused by mitochondrial
dysfunction.33,34

Elevated levels of oxidized lipids in HDLI patients in compar-
ison with healthy controls suggest a correlation between HDLI
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and lipid peroxidation (Figure 2B). Lipid peroxidation is a well-
documented biochemical process in which ROS and free radicals
react with unsaturated fatty acids (FAs) in cell membranes, lead-
ing to the formation of oxFAs and other oxidized lipids.35 These

findings align with previous in vitro studies demonstrating that
PHMG can generate ROS,33 thereby supporting the association
between HDLI and oxidative stress. The key metabolites identi-
fied in this study provide insights into HDLI pathogenesis,

Figure 3.Metabolic signature of oxidized lipids in the plasma of South Korean children diagnosed with HDLI, enrolled in the Physical Health Monitoring
Program at the Humidifier Disinfectant Health Center at Asan Medical Center between 2014 and 2016 (n=80). We compared the peak intensities of the key
metabolites, oxFA (A) and oxPC (B), across four groups based on clinical HDLI criteria. oxPCs are represented by the total number of carbon atoms, the num-
ber of double bonds, and the additional oxygen atoms in the molecule. For comparisons involving more than two groups, statistical significance was determined
using a one-way ANOVA followed by the Bonferroni post hoc test for multiple comparisons. The results of pairwise comparisons are displayed using the com-
pact letter display (p<0:05). The y-axis represents relative peak intensity. The black vertical lines indicate 95% CIs. The corresponding numerical data is pre-
sented in Excel Table S1. Note: ANOVA, analysis of variance; CI, confidence interval; HDLI, humidifier disinfectant–associated lung injury; oxFA, oxidized
fatty acid; oxPC, oxidized phosphatidylcholine; PHMP, Physical Health Monitoring Program.

Environmental Health Perspectives 057016-7 133(5) May 2025



underscoring the role of oxidative stress. Through a comprehen-
sive approach, including robust statistical analysis and cross-
cohort assessments (Figure 1), our study provides compelling
evidence of the association between HDLI and ROS, reinforcing

the significance of these metabolic signatures in understanding
the HDLI disease.

Based on our findings, we propose a pathogenesis model of
HDLI in humans (Figure S5). PHMG localizes to the ER, leading

Figure 4. HDLI-specific metabolic signatures compared with asthma and bronchiolitis obliterans in children recruited from the Childhood Asthma and Atopy
Center and the Humidifier Disinfectant Health Center at Asan Medical Center (n=67, 2014–2016 for HDLI; 2018 for asthma and BO). The intensities of key
metabolites oxFA (A) and oxPC (B) were compared between children with HDLI and those with asthma or BO. oxPCs are characterized by the total number
of carbon atoms, double bonds, and additional oxygen atoms. One-way ANOVA was used for group comparisons, while statistical comparisons between two
groups were conducted using either Student’s t-test or Welch’s t-test, depending on the homogeneity of variances, as assessed by Levene’s test. p-Values were
adjusted using the Bonferroni procedure to control the FDR. The results of adjusted pairwise comparisons are summarized with a compact letter display
(p<0:05). The y-axis represents the relative peak intensity. The black vertical lines indicate 95% CIs. The corresponding numerical data are presented in Excel
Table S2. Note: ANOVA, analysis of variance; BO, bronchiolitis obliterans; CI, confidence interval; FDR, false discovery rate; HDLI, humidifier disinfectant–
associated lung injury; oxFA, oxidized fatty acid; oxPC, oxidized phosphatidylcholine.
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to ER stress and mitochondrial apoptosis as initial triggers in
ROS generation. The induced ROS molecules then target the cel-
lular membrane, affecting polyunsaturated fatty acids (PUFA), in
a process known as lipid peroxidation. Consequently, oxidized
lipid levels can increase in plasma, disrupting cellular membrane

integrity and function. Lipid peroxidation may also contribute to
inflammation, which can activate enzymes36,37 such as cyclooxy-
genase (COX) and lipoxygenase (LOX). These enzymes convert
arachidonic acid into proinflammatory eicosanoids, ultimately
inducing inflammation.38

Figure 5. Validation of key metabolites discovered in children using adult samples from the Physical Health Monitoring Program at the Humidifier
Disinfectant Health Center in South Korea between 2014 and 2016 (n=132). We compared the peak intensities of key metabolites, oxFA (A) and oxPC (B),
across four adult groups classified according to clinical HDLI criteria. oxPCs are characterized by the total number of carbon atoms, the number of double
bonds, and the total count of oxygen atoms in the molecule. For comparisons involving more than two groups, statistical significance was determined using a
one-way ANOVA followed by the Bonferroni post hoc test for multiple comparisons. The results of these comparisons are displayed using a compact letter dis-
play (p<0:05). The y-axis represents relative peak intensity. The black vertical lines indicate 95% CIs. The corresponding numerical data are presented in
Excel Table S5. Note: ANOVA, analysis of variance; HDLI, humidifier disinfectant–associated lung injury; PHMP, Physical Health Monitoring Program;
oxFA, oxidized fatty acid; oxPC, oxidized phosphatidylcholine.
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Phosphatidylcholine (PC) is a primary component of cell
membranes, typically comprising ∼ 50% of the total phospho-
lipid mass of most cells and their organelles.39 oxPC, which is
produced through PC oxidation, can compromise the structural
integrity and fluidity of cell membranes, adversely affecting
membrane function, cell signaling, and overall cellular health.40
In addition, oxPC acts as a recognizable signal for the immune
system known as damage-associated molecular pattern (DAMP).41
Furthermore, oxPC is a component of oxidized low-density lipopro-
tein (oxLDL). oxLDL contributes to atherosclerosis by promoting

the formation of artery-clogging plaques that increase the risk of
cardiovascular events.42 oxLDL can also trigger inflammation and
impair blood vessel function, contributing to various chronic dis-
eases.43 Previous in vitro studies have shown that PHMG-
treated cells exhibited increased uptake of oxLDL by macro-
phages.44 Consequently, elevated levels of oxPC in HDLI
patients suggest a potential risk for developing cardiovascular
and chronic inflammatory diseases. Further studies are neces-
sary to analyze plasma levels of oxLDL in HDLI patients and
assess their susceptibility to these conditions.

Figure 6. Spearman’s correlation analysis between key metabolites and lung function parameters in children diagnosed with HDLI, recruited from the Physical
Health Monitoring Program at the Humidifier Disinfectant Health Center at Asan Medical Center from 2014 to 2016 (n=80). (A) The correlation coefficients
(Spearman’s q) are displayed in a heat map. Red indicates a positive correlation between variables, and blue indicates a negative correlation. The hash symbol
(#) indicates statistical significance (p<0:05). Correlation analysis for cDLCO was conducted within the HDLI groups (definite, probable, and unlikely;
n=60), whereas the correlation analysis for other clinical parameters encompassed all four groups (n=80). The analyzed p-values are presented in Excel
Table S6. (B) Correlations between the key metabolite (9:62 838:5595; oxPC38:6+2O) and a clinical parameter are illustrated in a 2D plot. The summary data
for panel B is provided in Excel Table S6. Note: AA, amino acid, and analog; cDLCO, carbon monoxide diffusing capacity; FEV1, forced expiratory volume
in 1 s; FVC, forced vital capacity; HDLI, humidifier disinfectant–associated lung injury; lysoPC, lysophosphatidylcholine; lysoPE, lysophosphatidylethanol-
amine; PUFA, polyunsaturated fatty acid.
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This study has several limitations, including a small sample
size. Although we validated the key metabolic signatures identi-
fied in children with HDLI in an adult population, the limited
availability of patients with a “definite” HDLI diagnosis from
the physical health monitoring program at the Humidifier
Disinfectant Health Center meant that we only managed to recruit
20 patients in the definite group. The mortality rate in this cohort
exceeded 40%,20,45 but we have been tracking the survivors since
their injury. To maintain consistency, we also included 20 ran-
domly selected participants in both the unlikely and control
groups. In addition, due to the low incidence of BO, we could
only recruit seven patients from the Childhood Asthma and
Atopy Center at Asan Medical Center. Although the sample size
was small, the BO and asthma groups were included to assess
the potential link between key metabolites and humidifier disin-
fectant exposure. The nonuse of humidifier disinfectants in
these groups was verified through a questionnaire. The analysis
revealed that most key metabolite levels, including oxidized lip-
ids, differed significantly from those in the HDLI group, indicat-
ing a possible association between these metabolites and HDLI.

Despite the strong performance of our ML models, which
achieved high AUC (>0:95), F1 (>0:91), and precision scores
(>0:84) using 47 key metabolites, these results indicate the poten-
tial utility of these metabolites rather than confirming their readi-
ness for clinical application. Moreover, although we validated the
metabolites in both the child and adult cohorts, larger studies are
required to establish the diagnostic specificity of these metabolites
and ensure their reliability as HDLI diagnosis biomarkers.46,47

Nevertheless, the ongoing health monitoring program at the
Humidifier Disinfectant Health Center provides a valuable oppor-
tunity for future research, potentially tracking changes in the inten-
sity of these key metabolites, which could provide deeper insights
into the progression of HDLI and its long-term effects. Follow-up
observations will be essential to validate these findings and assess
the progression patterns of thesemetabolites.

Exposure assessment was conducted using questionnaires admin-
istered by an environmental health specialist (see Supplemental
Material, “Questionnaire”). However, given that this was a retrospec-
tive study, inaccuracies might be possible. Although uncertainties
remain regarding the precise level of exposure, HDLI diagnosis
was not based solely on exposure history. Instead, it incorporated a
combination of clinical, pathological, and radiological criteria, pro-
viding a more comprehensive diagnostic approach.20 Clinically,
HDLI patients typically exhibited symptoms such as dyspnea,
tachypnea, and coughing, with no signs of respiratory infection.
Radiological findings varied by disease stage1: the early phase
showed multifocal patchy consolidation in the subpleural
zones of the lower lungs; diffuse centrilobular ground-glass
opacities were seen in the subacute phase; and diffuse homoge-
neous ground-glass opacity with pneumomediastinum were
noted in the late phase.

Although quantifying exact exposure levels is challenging,
integrating clinical and radiological criteria helps distinguish
HDLI from other respiratory diseases. Epidemiological investiga-
tions suggest a link between humidifier disinfectant exposure and
the disease, based on findings from both pediatric3,4 and adult
cases.5 The disease primarily affected children and pregnant
women during winter outbreaks, and no new cases have been
reported since the ban on humidifier disinfectants.20 Key strength
of our study is its focus on identifying metabolic signatures in chil-
dren, who have lower exposure to environmental factors such as
smoking in comparison with adults. This reduced exposure to con-
founding factors may strengthen the association between the iden-
tifiedmetabolic signatures andHDLI.

Another study limitation was the characterization of oxi-
dized lipids, which exhibit structural diversity in forms such as
epoxides, hydroxides, hydroperoxides, aldehydes, and carbox-
ylic acids. This diversity may impact the accuracy of lipid iden-
tification through LC-MS/MS analysis. Moreover, biases can
arise from both the extraction methods employed and the

Figure 7. Evaluation of the classification model constructed by ML algorithms. (A) We constructed six machine learning models (logistic regression, SVM, de-
cision tree, random forest, KNN, and naïve Bayes), which were trained on a child training dataset (n=74) with 47 selected key features (key metabolites). A
standard scaler was applied to the data prior to training. ROC curve analysis was performed on a test dataset (n=33) to evaluate the models’ ability to distin-
guish HDLI from healthy controls. The Youden index was used to identify the optimal cutoff point in the ROC analysis. (B) We assessed accuracy, precision,
recall, and F1 scores for each ML model to compare their performance on the test dataset. The scores for all models are shown in Table S6. Note: HDLI,
humidifier disinfectant–associated lung injury; KNN, K-nearest neighbor; ML, machine learning; ROC, receiver operating characteristic; SVM, support vector
machines.
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databases available for metabolite annotation. Different extrac-
tion techniques can significantly affect the types and concentra-
tions of metabolites detected,48 potentially leading to selective
detection. In addition, when annotation databases lack relevant
information on specific metabolites in the MS/MS datasets, this
can result in missing data during the annotation process.49
Despite these biases potentially affecting data comprehensive-
ness, this approach enables the identification of a broader range of
metabolites in comparison with targeted methods. This expanded
scope enhances the discovery of novel metabolites that may play
critical roles in biological processes and disease mechanisms,
allowing for deeper exploration of metabolic pathways and inter-
actions within complex biological systems.50

The HDLI incident was a tragedy that underscored the impor-
tance of product safety in SouthKorea, and the potential risks asso-
ciated with household chemicals. The incident serves as a reminder
of the need for rigorous testing and regulation of consumer prod-
ucts to protect public health and emphasizes the importance of
using safe, approved disinfectants and adhering to product usage
guidelines. Our study provides crucial insights into the pathogene-
sis of HDLI by identifying key plasma metabolites, specifically
oxidized lipids, which were significantly altered in affected indi-
viduals in comparison with controls. These metabolic signatures,
validated across different age groups, offer exceptional diagnostic
potential for HDLI and highlight a putative mechanism involving
ER stress, mitochondrial apoptosis, ROS generation, lipid peroxi-
dation, and inflammation. Moreover, they could facilitate long-
termmonitoring of HDLI. These findings enhance our understand-
ing and potential biomarkers of HDLI and emphasize the need for
stricter regulation of disinfectant products to prevent similar public
health disasters. We anticipate that this study could illuminate the
uniquemetabolic signatures associated with HDLI.
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