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• A new ML/explainable AI approach, 
namely, FLIT-SHAP, was developed. 

• It can extract dose-response relation
ships from multi-pollutant toxicity data. 

• It predicted lower OP for real PM sam
ples implying antagonistic interactions. 

• It demonstrated higher prediction accu
racy than the traditional additive model. 

• It emphasized the significance of qui
nones for OP of PM.  
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A B S T R A C T   

Conventional environmental health research is primarily focused on isolated chemical exposures, neglecting the 
complex interactions between multiple pollutants that may synergistically or antagonistically influence toxicity, 
thereby posing unexpected health risks. In this study, we address this knowledge gap by introducing an 
explainable machine learning (ML) approach with Feature Localized Intercept Transformed-Shapley Additive 
Explanations (FLIT-SHAP) designed to extract the dose-response relationships of specific pollutants in mixtures. 
In contrast to traditional SHAP, FLIT-SHAP can localize the global intercept to elucidate mixture effects, which is 
crucial for understanding the oxidative potential (OP) of ambient particulate matter (PM). Assessing multi- 
pollutant OP using FLIT-SHAP revealed both synergistic (55–63 %) and antagonistic (25–42 %) effects in 
laboratory-controlled OP data, but an antagonistic (33–66 %; lower OP) effect in ambient PM. Notably, the FLIT- 
SHAP approach demonstrated higher prediction accuracy (R2 = 0.99) compared to the additive model (R2 =

0.89) when evaluated against real-world PM samples. Quinones, such as phenanthrenequinone, play a more 
significant role in PM2.5 than previously recognized. Through this study, we highlighted the potential of FLIT- 
SHAP to enhance toxicity predictions and aid decision-making in the field of environmental health.   
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1. Introduction 

Traditionally, environmental health research is focused on exam
ining the link between exposure to specific chemicals and individual/ 
multi-level biological toxicity [1]. However, real exposure scenarios 
often involve a combination of pollutants that can synergistically or 
antagonistically influence each other’s toxicity, potentially posing 
additional health risks than expected [2]. Such multi-pollutant expo
sures are widespread, including air and soil pollution from incinerators, 
leaks from hazardous waste sites, and chemical residue in drinking 
water [3]. Traditional models, such as the concentration addition (CA) 
and independent action (IA), assume additivity in a mixture for pre
dicting the toxicity of a mixture [4]. This approach is questionable as 
various cases have shown non-additive toxicity in binary mixtures of 
pesticides [5], fungicides and insecticides [6], particulate matter (PM) 
[7], and others [8]. 

Advanced statistical and machine learning (ML) methods have hel
ped tackle multi-pollutant exposure concerns [9]. Statistical approaches, 
such as Bayesian kernel machine regression [10], weighted quantile sum 
regression [11], and quantile g-computation [12], are used to enhance 
the prediction accuracy of the effects of chemical mixtures. However, 
additive effects are often assumed in these methods, wherein large 
numbers of toxic substances and collinearity among variables hinder 
their efficacy. To overcome these limitations, in recent ML approaches, 
interactions among multiple environmental chemicals in childhood 
asthma [13] and autism spectrum disorder [14] have been explored by 
combining ML and statistical techniques. However, these studies pri
marily identified combinations of pollutants linked to specific health 
outcomes, without focusing on dose-response relationships and indi
vidual pollutant effects that are crucial for toxicological 
decision-making [15]. Overall, there is a notable absence of ML-based 
studies investigating dose-response relationships, while also consid
ering interactions within mixtures. 

We addressed this gap by developing an explainable ML approach 
defined as Feature Localized Intercept Transformed-Shapley Additive 
Explanations (FLIT-SHAP). Although SHAP can elucidate ML model 
outputs [16,17], it cannot determine the dose-response curves as it does 
not predict the absolute response values but relies on a global intercept 
and the changes for each variable. In contrast, FLIT-SHAP localizes 
SHAP’s global intercept to extract the effect of specific pollutants in 
mixtures and their dose-response patterns. To explore the applicability 
of FLIT-SHAP, we examined the oxidative potential (OP) of ambient PM 
in a multi-pollutant framework. Oxidative stress mediates adverse out
comes driven by environmental chemicals [18], and the OP of whole PM 
extracts, individual species, and binary interactions have been measured 
in previous studies [18–38]. In laboratory-controlled, multi-pollutant 
OP measurements, FLIT-SHAP was used to extract the overall, main, and 
total-interaction (both synergistic and antagonistic) dose-response re
lationships for individual pollutants, as learned by the robust eXtreme 
Gradient Boosting (XGBoost) technique [39]. The predictions of OP of 
PMs revealed antagonistic effects depending on the species concentra
tions, highlighting the potential of FLIT-SHAP for more realistic toxicity 
predictions and better decision-making. 

2. Methods 

2.1. Data 

2.1.1. Laboratory-simulated OP Measurement 
To understand the relationship between the concentration and OP, 

we conducted laboratory-simulated measurements of OP using a 
mixture of six redox-active species known for their substantial envi
ronmental presence and contribution to OP: phenanthrenequinone 
(PQN), 1,2-naphthoquinone (1,2-NQ), 1,4-naphthoquinone (1,4-NQ), 
Cu(II), Mn(II), and Fe(II). Although Fe(III) is the dominant iron species 
in PM, Fe(II) was selected because (1) Fe(II) is more soluble than Fe(III) 

[40], and (2) Fe(II) has been shown to have approximately three times 
higher intrinsic OP than Fe(III) [22]. Different combinations of these 
species were created, resulting in 100 samples. We utilized the dithio
threitol (DTT) assay, a widely adopted method known for its sensitivity 
to various redox-active metals and quinones, as well as its relevance to 
health-related outcomes [41,22,42–46,37]. The specifications of all 
chemicals used and the procedure for stock solution preparation are 
detailed in the Supplementary Information (Text S1). In accordance 
with previous studies using DTT, we followed the procedure proposed 
by Li et al. [46], with further modifications made by Lin et al. [47] to 
ensure robust results (Fig. S1). Briefly, a 100-μL aliquot of the sample 
(acetonitrile for quinones and DI water for metals) was mixed with 850 
μL of phosphate buffer (pH = 7.4, 0.1 M) in a 2-mL polypropylene vial. A 
50-μL aliquot of 0.4 mM DTT solution was then added, and the mixture 
was incubated at 37 ◦C in a thermomixer. At different time intervals (0, 
15, and 30 min), a 100-μL aliquot of 1.0 mM 5,5′-dithiobis (2-nitro
benzoic acid) (DTNB) was added to the reaction solution, and the 
absorbance (A) of the resulting-colored product was then measured 
using a UV/Vis spectrophotometer (OPTIZEN POP, KLab, Korea) at 412 
nm within 30 min. Finally, the total DTT consumption was determined 
from the slope of the plot of linear regression of A versus time. PQN was 
used as a model compound for quality control (QC) of the analysis. For 
QC, daily DTT consumption was measured for the blank (acetonitrile or 
DI water + buffer) and 0.25 μM PQN (Fig. S2). The blank-corrected OP 
of PQN was consistent with that of previous studies [48–50], considering 
the initial DTT concentration effect observed by Lin et al. [47]. 

2.1.2. Real samples for prediction 
The real ambient PM samples was used, as discussed in Text S2. Two 

types of samples were considered: a hypothetical PM2.5 sample (HS) 
[22] and a size-distributed sample collected during haze/non-haze pe
riods [34]. A summary of the species concentrations in these samples is 
presented in Table S1. 

2.2. Models: Random forest (RF) and XGBoost models 

The concentrations of the species and OP of the mixtures were used 
for training the models. We used an exposure dataset containing j toxic 
species concentrations or exposure as X with the associated toxicity or 
health outcome as y for n samples. In our case study of OP, laboratory- 
simulated OP measurements were employed (previous section). The 
entire exposure data were randomly split into the training and test sets 
at a ratio of 75:25. Subsequently, an ML model was trained and evalu
ated. This process was conducted five times. 

RF and XGBoost were applied to predict the OP. These are ensemble 
learning methods with strong predictive power and robust optimization 
methods that outperform neural networks on tabular data [16] and are 
widely applied in air pollution [51,52] and chemical toxicity studies 
[53]. At the initial stages, we tested both RF and XGBoost; subsequently, 
we focused on XGBoost as it showed better performance than RF 
(Table 1). The best model obtained from hyperparameter tuning 
(training) was then further evaluated using the test data based on the 
mean absolute error (MAE), root mean square error (RMSE) and coef
ficient of variation (R2). Detailed information on the models and pa
rameters can be found in Text S3. 

Table 1 
Summary of the training and validation of the RF and XGBoost models.  

metric 75 % Training (1000 bootstraps) 25 % Validation (hold out) 

RF XGBoost RF XGBoost 

R2 0.97 ± 0.005 0.99 ± 0.0006  0.91  0.93 
MAE 0.057 ± 0.005 0.011 ± 0.002  0.081  0.077 
RMSE 0.073 ± 0.006 0.019 ± 0.003  0.100  0.091  
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2.3. Explainable ML: Novel approach using FLIT-SHAP 

After developing the robust machine learning model, we established 
an approach called FLIT-SHAP to extract the dose-response relationships 
and distinguish the effects of individual pollutants on a health endpoint 
in multi-chemical mixtures (Fig. 1). FLIT-SHAP is inspired by the SHAP 
approach for explaining ML models. SHAP is a game-theoretic approach 
that can achieve a fair distribution of the total toxicity or health 
endpoint anomaly among different features or species [16,54]. In 
particular, the contribution of a species or feature (e.g., j among F 

features) is determined by comparing model predictions with and 
without j [17]. This difference was computed for all possible variable 
subset combinations, considering the interactive effects between vari
ables. Detailed equations can be found in Text S4. In general, Eq. 1 is the 
surrogate model of SHAP. 

f(x) = E[f(x) ]+
∑F

j=1
f(ϕj) (1) 

The SHAP value (SV) of feature j is denoted by f(ϕj), and it indicates 
the overall contribution of species j to the endpoint f(x). E[f(x) ] is the 
average value or intercept of the base model prediction for all samples 

[16,17]. When ϕj > 0 (or ϕj < 0), variable j is known to have a positive 
(or negative) impact, causing the prediction to increase (or decrease) 
from the base value. 

To calculate the main effect (ME) of feature j, denoted as ϕjj, the 
interaction effects are subtracted from the SHAP values (Eq. 2). The 
interaction effect (IE) ϕij (Equation S4) is the contribution of j in the 
presence of another feature i, and is summed over all features except j. 

ϕjj = ϕj −
∑

j∕=i
ϕij (2) 

The general problem of SHAP values is that they cannot sum to the 
prediction value without the global intercept value (Eq. 1). This com
plicates the estimation of the actual intrinsic effect of each feature, 
which should be summed up to the prediction for that sample. To 
address this problem, we localized the global intercept value into 
feature-specific intercept values, Ej[f(x) ], using Eq. 3, which was 
established on the relative importance of each feature. 〈|ϕj|〉 is the mean 
absolute SHAP value for each species. This is the basis of the FLIT-SHAP 
approach. Therefore, the overall and main effect of a feature can be 
summed with its localized intercept value to obtain an estimate of its 
actual overall (SV*) and main (ME*) effects in the sample (Eqs. 4 and 5). 
The difference between the transformed overall and main effects results 

Fig. 1. Study overview. The first stage involves the accumulation of exposure data featuring pollutants (X) and health outcomes (y). The second stage involves the 
training and evaluation of the XGBoost models. The best model from the second stage is explained in the third stage using SHAP. Finally, FLIT-SHAP is applied to the 
SHAP results to extract the overall and main effects and the total-interaction dose-response relationships between each X and y to predict the mixture effect of Xj. 
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in the total interaction effect (Eq. 6), which serves as a check for FLIT- 
SHAP. 

Ej[f(x) ] = E[f(x) ] ×
〈
⃒
⃒ϕj

⃒
⃒ 〉

∑F

j=1〈
⃒
⃒ϕj

⃒
⃒ 〉

(3)  

SV∗ = Ej[f(x) ] +ϕj (4)  

ME∗ = Ej[f(x) ] +ϕjj (5)   

SV* – ME* = IE                                                                             (6) 

The following rules are applied: SV* > ME* (synergistic effect, IE >
0), SV* < ME* (antagonistic effect, IE < 0), and SV* ≈ ME* (additive 
effect, IE ≈ 0). The summation of the IE between feature j and other 
species i for each sample can be aggregated to form a dose-response 
relationship for the multi-chemical interaction of j. Similarly, aggre
gating SV* and ME* for all samples will help determine the overall- and 
main-effect dose-response relationship for j in a multi-chemical mixture. 
The performance of FLIT-SHAP explanations was evaluated using stan
dard metrics, with a high R2 of 0.99, a low RMSE of 0.01 μmol/min, and 
a low MAE of 0.007 μmol/min, confirming their efficacy (Table S2). The 
XGBoost model and SHAP package were provided by “scikit-learn” in a 
Python environment [55]. 

3. Results 

3.1. Model training and evaluation 

Effective workflows for ML require representative data. The sum
mary and distribution of the data (concentration and OP) are presented 
in Table S3 and shown in Fig. S3, respectively. The concentration range 
for each species was determined based on the environmental concen
tration range reported in the literature [22; 34]. The minimum con
centration was set to zero to mimic situations wherein a species either 
did not exist or existed at very low concentrations. Furthermore, we 
confirmed the lack of multicollinearity between the features, as shown 
in Fig. S4. Using the data, we trained the RF and XGBoost models, and 
the optimal hyperparameters for the best XGBoost and RF models are 
presented in Table S4. The performance scores of the RF and XGBoost 
models with 75 % training sets in 1000 bootstraps and 25 % test sets are 
summarized in Table 1. XGBoost showed a better performance, wherein 
the R2, MAE, and RMSE values were 0.93, 0.077 μmol/min, and 0.091 
μmol/min, respectively. Fig. S5 shows the learning curves of XGBoost. 
These curves indicate that as the number of training samples increased, 
the accuracy (R2) of the test set steadily improved until saturation. This 
suggests that the model acquired sufficient knowledge and may not 
require larger datasets to enhance its ability to generalize. 

3.2. Importance of the species to toxicity 

To determine the global importance of features, we used the best 
model to fit all samples and calculated the SHAP values for each feature 
in each sample for five separate runs of the steps shown in Fig. 2. The 
most significant features were identified by determining the average of 
the absolute SHAP values for each feature over the 100 samples. As 
shown in Fig. 2a, our results demonstrate that globally, PQN is the most 
important species, whereas Fe is the least important to OP. This is 
consistent with previous studies stating that the DTT consumption of 
PQN is the highest, whereas that of Fe is the lowest. The order of 
importance of quinones and metals (PQN > 1,2-NQ > Cu > 1,4-NQ >Mn 
> Fe) corresponded to that indicated in a previous study [22]. Moreover, 
the Gini importance for XGBoost and RF (Fig. S6) showed similar trends. 
The local information embedded within the global SHAP values is shown 
in Fig. 2b. This visualization depicts all SHAP values for the features 
using a violin-like scatter plot. We found that the high contribution of 
the PQN was largely attributed to clusters exhibiting high and low 
feature values, which accounted for the highest positive and negative 
marginal contributions to the output of the model, respectively. This 
suggests that PQN may significantly increase or decrease the overall OP. 
Similar trends were observed for other species, albeit at lower magni
tudes. In general, we observed that increasing the concentration of 
redox-active species led to an overall increase in the OP. 

3.3. Multi-pollutant dose-response relationships using FLIT-SHAP 

In previous studies, dose-response relationships for pure species were 
identified. However, considering that exposures are usually related to 
multi-pollutant mixtures, one of our objectives was to explore dose- 
response relationships in a multi-pollutant mixture. The dose-response 
relationships for the overall (SV*), main (ME*), and total interaction 
(IE) effects are shown in Fig. 3. The dose-response relationships for 
quinones were obtained for extended concentration ranges compared to 
those shown in Table S1, as quinone concentrations can vary across 
locations. Additionally, the total 1,2-NQ concentration, including both 
vapor and particle phases, was reported to be 37 times higher than the 
particle phase concentration alone [56]. The localized intercepts from 
the FLIT-SHAP analysis are presented in Table S6. The total interaction 
is the sum of interactions between one species and each of the other 
(five) species in a sample. The interaction pair and summary plots are 
shown in Figs. S7 and S8, respectively. 

For both the SV* and ME* , high concentrations of redox-active 
species generally resulted in increased OP, although the magnitude of 
the SHAP values varied among species. The dominant vertical disper
sions observed for SV* indicate different toxicities at the same concen
tration, implying the complexity of the IE associated with the multi- 
pollutant mixture. This is the key difference between pure and multi- 

Fig. 2. SHAP feature importance. (a) Species importance to OP. The bars represent the mean value of the absolute SHAP values for each species. The means and 
standard deviations of five separate runs are presented in Table S5. (b) SHAP values for all samples. The color represents the feature value (i.e., concentration). 
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pollutant dose-response relationships. The shapes of the ME* dose- 
response curves generally ranged from linear to nonlinear for all species, 
excluding Fe. Previous experimental studies for a single species showed 
a nonlinear OP dose-response relationships for Cu and Mn [22; 34], 
which corresponds to the results of this study. Although a linear 
response has been reported for quinones, the trend matched with that in 
our study considering the concentration ranges. As expected from the 
importance (Fig. 2), PQN showed the highest OP. The value at a con
centration of 0.5 μM was approximately 1.0 μM/min, which matches 
well with that of previous studies considering the concentration of DTT. 
Therefore, the OP prediction of the main effect using XGBoost and FLIT- 
SHAP matched well with that of the previous experimental studies for a 
single species. Further analysis of the dose-response relationship, espe
cially regarding the interaction effect, will be discussed in Section 4.2. 

3.4. Toxicity prediction in the multi-pollutant mixture: FLIT-SHAP vs. 
Additive model 

In multi-pollutant toxicity analysis, isolating the specific contribu
tion of each species to a total toxicity within a given exposure sample is a 
significant challenge. The SV* shown in Fig. 3, which was the result of 
FLIT-SHAP, makes the above task possible. Accordingly, we predicted 
the total and species-specific OPs of real PM samples under multi- 
pollutant exposure conditions and compared them with those pre
dicted by the additive model, which is based on the dose-response 
relationship of pure species, as indicated in a previous study [22]. The 
results are shown in Fig. 4a and b, respectively. The relative contribu
tions of each species to the total OP for additive and FLIT-SHAP ap
proaches are shown in Fig. 4c and d, respectively. 

The overall OP was lower for all samples and periods in FLIT-SHAP, 

although some species showed higher OP within samples compared with 
that of the additive approach; comparison between the additive 
approach and black box model indicated a same trend (Figs. S9–11). 
Although the variations in concentration are the only method to explain 
the variation in OP for the additive approach, in FLIT-SHAP, both con
centration and multi-pollutant interaction effects are incorporated. 
First, the concentration effect is evident: for AC* , all quinones exhibited 
the highest concentrations (Table S1) and OPs (Fig. 4b). The highest and 
lowest concentrations of Fe and Mn corresponded to their highest and 
lowest OP values, respectively. Second, the interaction effect generally 
resulted in a decrease in OP, likely owing to antagonistic interactions. In 
contrast, certain interesting cases are presented as follows: the combined 
OP caused by all quinones in AC* was higher than that calculated using 
the additive approach; the lowest Cu concentration (UF) resulted in the 
highest OP among all cases. The detailed analysis will be discussed in 
Section 4.3. 

The resulting percentage contribution reveals that the additive 
approach shows little variation, with metals dominating all modes and 
periods and showing higher contributions during non-haze periods 
(70–85 %). These trends are consistent with those of previous studies 
adopting additive assumptions [22; 34]. However, FLIT-SHAP showed 
more variation across modes and periods, with increased contribution of 
quinones for some cases, indicating the effect of the multi-pollutant 
interaction. Further analysis will be discussed in Section 4.3. 

4. Discussion 

4.1. Novelty of FLIT-SHAP 

Current approaches for multi-pollutant toxicity analysis cannot 

Fig. 3. Multi-pollutant dose-response relationship. The FLIT-SHAP values (SV*), which indicate the overall mixture effect and the corresponding transformed 
main effect (ME*), plotted against concentrations for the 100 laboratory-simulated samples for each species in the mixture. The total interaction effect (IE) is the sum 
of the interactions between one species and each of the other species in a mixture. For IE > 0, SV > ME (synergistic); IE < 0, SV < ME (antagonistic); IE ≈ 0, SV ≈ ME 
(additive). All the values are averages of five separate runs, as shown in Fig. 1. The details of the averages and uncertainties from multiple runs are presented in 
Tables S7 and S8. In summary, the maximum standard deviation across all effects, species, and samples is ± 0.0031 µmol/min. 
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extract information on the dose-response relationship, which limits their 
application [15]. This is a key motivation for our proposed approach 
(FLIT-SHAP). The combination of an ML model, such as XGBoost, and 
FLIT-SHAP enables the (1) determination of the dose-response rela
tionship (overall, main, and interaction); and (2) elucidation of 
species-specific toxicity in a multi-pollutant mixture, while also 
considering the interaction effect. Furthermore, we applied our 
approach to the OP of PM, and this is the first attempt to consider a 
multi-pollutant mixture in this context as previous studies have only 
explored binary systems [31–32; 36; 7], which cannot adequately 
explain the inherently complex PM samples. 

4.2. Dose-response pattern of redox-active species in a multi-pollutant 
mixture 

For our case study, the dose-response associations for the main, 
interaction, and overall effects are shown in Fig. 3. These trends clearly 
indicate that ME* is only perturbed by changes in concentration and 
shows little to no dispersion, whereas SV* shows large dispersion and 
varies with both concentration and IE. Notably, IE also varies with the 

species type and composition of a sample. 
In general, we observed that most IEs were synergistic (55–63 %), 

followed by antagonistic (25–42 %) and additive (1–15 %), although 
they varied based on species and concentrations. Considering Fe(II) at 
concentrations less than 2.5 μM, SV*s are not significantly dispersed 
above or below the ME*s, implying that they undergo additive in
teractions within this concentration range. However, as the Fe(II) con
centration increases above 2.5 μM, the total interaction becomes 
synergistic (IE > 0), as reported for Fe-quinone [31,57] (Table S9), and 
increases with concentration. Cu(II) and Mn(II) exhibited a mix of in
teractions with higher magnitudes at higher concentrations. Cu(II) 
predominantly showed synergistic (IE > 0) and antagonistic (IE < 0) 
interactions at low (<0.5 μM) and high (>0.5 μM) concentrations, 
respectively, as observed in binary mixtures with 1,2-NQ and PQN [7]. 
Mn(II) showed a more synergistic interaction (IE > 0) than antagonistic 
interaction, which is consistent with the results of previous studies 
(Table S9). 

Quinones also exhibited synergistic and antagonistic interactions. To 
explore the importance of interactions based on the mean values of the 
absolute pairwise interaction values (Fig. S8), we observed strong 

Fig. 4. FLIT-SHAP vs. additive model predictions for real samples. (a) Additive and (b) FLIT-SHAP interaction-based OP. (c) The relative contribution of each species 
in each sample to the OP based on the concentration-response curve (CRC) of each species in a study conducted by Charrier and Anastasio.[22] (d) The relative 
contribution of each species is based on (b). UF = ultrafine mode (0.056 µm < dp < 0.18 µm); AC = accumulation mode (0.18 µm ≤ dp ≤ 3.2 µm); CO = coarse mode 
(3.2 µm < dp < 18 µm); HS = hypothetical PM2.5. * Indicates haze periods. 
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quinone-quinone interactions for the first time in DTT consumption. 
Fig. S12 shows both synergistic and antagonistic interactions for PQN 
+ 1,2-NQ and 1,2-NQ + 1,4-NQ. As the binary mixture was reported to 
be additive [31; 7], the presence of other species, such as metals, may 
affect the interaction between the quinones. 

In this study, we considered several species whose interaction effects 
in binary mixtures have previously been measured [31–32; 36; 7]. These 
species demonstrated synergistic, antagonistic, and additive effects 
when mixed with other species, as summarized in Table S9. Although 
some of these findings aligned with our results, others did not. This 
discrepancy can be attributed to two factors. First, in most previous 
studies, the OP of binary mixtures was measured at only one or two 
concentrations. Second, these studies focused solely on the binary effect. 
In contrast, in our study, we considered the cumulative multi-pollutant 
interaction of a species with other species within a sample. Conse
quently, we anticipate that dominant but opposing interactions will 
neutralize each other, whereas dominant and similar interactions will 
amplify each other. 

4.3. Application of FLIT-SHAP to OP prediction in real samples 

The second advantage of the FLIT-SHAP approach is its ability to 
distinguish species-specific toxicity in a multi-pollutant mixture. This 
was achieved by utilizing the obtained dose-response relationship, while 
also considering the interaction effect. In our case study of OP, we 
estimated the OP for each redox-active species in the PM samples 
(Fig. 4). We compared these results with the predictions obtained from 
the additive model. Overall, we found that the interaction effect led to 
the underestimation of the total OP by 33–66 %, implying an overall 
antagonistic effect on the OP (Table S10). We also observed contrasting 
trends between the additive and FLIT-SHAP predictions (Fig. 4a and b), 
which were likely driven by the patterns of multi-pollutant interactions 
shown in Fig. 3 and S12. For instance, the PQN concentrations in AC and 
UF* were similar, but the OP in AC was approximately 17-fold higher 
than that in UF* . This discrepancy can be attributed to synergistic in
teractions resulting from Mn-PQN interactions. When the OP of PQN 
was high, the concentrations of Mn also tended to be high, ranging from 
0.400 to 0.539 mM (Table S1). This observation is consistent with that 
of a previous study, wherein a synergistic interaction was observed be
tween Mn and PQN when Mn concentrations were high [31]. 

The higher Cu concentrations in AC, AC* , and HS resulted in lower 
OP values. This trend is reflected in the Cu-PQN interaction plot 
(Fig. S12), wherein the Cu contribution shows a negative trend with 
increasing concentration; this suggests an antagonistic interaction. 
Notably, the OP of Cu was the highest during UF when its concentration 
was the lowest. Under this condition, the total concentration and OP of 
quinones were the lowest, indicating an antagonistic interaction be
tween Cu and quinones. Previous studies have reported such antago
nistic interactions in binary mixtures [31; 7] or a simulated PM2.5 water 
extract [38]. The activity of Cu has been attributed to the formation of a 
metal-organic complex [58,59]. 

The OP and concentration of 1,2-NQ were the highest in AC* . 
However, the OP during the other events was significantly low, despite 
their concentrations not being significantly low. For AC* , the concen
tration and OP of 1,4-NQ were the highest. Therefore, a synergistic effect 
may exist between 1,2-NQ and 1,4-NQ, as predicted from Figs. S8 and 
S12. However, this phenomenon has not been reported in binary mix
tures. Notably, although the results in Fig. S12 can be shown for major 
interacting pairs, each species undergoes multiple interactions, as shown 
by the IE trends in Fig. 3. 

The comparison of the relative contributions of species from the 
additive and FLIT-SHAP approaches revealed notable trends across 
different modes and periods (Fig. 4c and d). In accordance with the 
results of a previous study [34], FLIT-SHAP revealed that metals 
generally showed higher contributions during non-haze periods 
(60–87 %) than during haze periods (40–73 %). However, the 

contribution of metals was much lower in the accumulation-mode par
ticles, AC, AC* , and HS (40–60 %), whereas quinones contributed up to 
approximately 60 %, contrary to their contribution according to the 
additive approach. The higher quinone contribution was mainly driven 
by PQN, suggesting that the composition of the accumulation-mode 
particles (PM2.5) enhanced the OP of the organic moieties. Addition
ally, the contribution of 1,4-NQ in FLIT-SHAP was higher than that in 
the additive model in almost all cases. Some species, such as PQN, 1, 
4-NQ, and Fe, accounted for zero contribution in some modes, which 
could be attributed to a net antagonistic interaction, low concentration, 
or their negligible intrinsic OP compared with those of other species in 
the multi-pollutant mixture. Overall, the FLIT-SHAP approach (R2 =

0.99) exhibited notably higher prediction accuracy for the real-world 
sample OP reported by Lyu et al. [34] compared to the additive model 
(R2 = 0.89) as shown in Fig. S13. The differences between the measured 
OP and FLIT-SHAP predictions might arise from (1) the difference in the 
DTT consumption measurement method employed (Cho method [34] vs 
Li method [this work]), and (2) the difference in the extraction solvent 
used for measuring OP and quinone concentrations, respectively (DI 
water for OP measurement and dichloromethane for quinone concen
tration measurement [34]). Considering the lower solubility of quinones 
in water compared to dichloromethane, the lower quinone concentra
tions in the DTT solution could have resulted in lower OP values than 
those obtained using the reported concentrations. 

While our study enhances the understanding of the OP of PM, it is 
crucial to acknowledge its limitations. Firstly, considering only a limited 
set of valence states for metals may be insufficient. Experimental studies 
have shown that aerosol pH and aging time mediate metal valency and 
solubility, which in turn affects toxic potency [60]. Furthermore, future 
research should incorporate the changing valence states of metals with 
respect to aerosol pH into the training data. This approach will help 
better understand the interactions, resulting absolute toxicity, and more 
accurately mimic real-world systems. Secondly, focusing solely on PM 
restricts the generalization to other exposure mediums. In future studies, 
the spectrum of species and factors should be broadened, exploring real 
exposure thresholds for a comprehensive understanding of complex in
teractions. Additionally, incorporating diverse health effects will pro
vide a more holistic view, aiding the development of effective health risk 
management strategies and environmental policies. 

5. Conclusions 

In this study, we introduced FLIT-SHAP, an innovative method to 
elucidate an individual species effects in a mixture for environmental 
risk assessment. By localizing the intercept of the SHAP model, FLIT- 
SHAP estimates individual pollutant effects, providing insights into 
the dose-response relationships. It highlights limitations in conventional 
methods, emphasizing the need for accuracy in environmental assess
ments. When applied to mixtures of multi-redox-active species in PM, 
FLIT-SHAP can unveil complex interactions influencing the dose- 
response patterns. Our results emphasize the importance of consid
ering interactions in multi-pollutant exposure analysis. Synergistic ef
fects (55–63 %) suggest potential heightened toxicity based on the 
sample composition. In contrast, FLIT-SHAP generally indicated lower 
OP than that obtained by the additive model in real PM samples. Our 
finding regarding quinones challenges the existing prioritization stra
tegies, paving the way for new research into mixture toxicity mecha
nisms. The application of FLIT-SHAP marks a significant advancement in 
understanding the environmental impact of chemical mixtures. Identi
fying individual pollutant contributions can help the implementation of 
regulatory decisions more effectively. This approach has immense po
tential to enhance precision in environmental risk assessment, contrib
uting to informed decision-making for environmental and human health 
protection. Its nuanced and localized alternative is crucial for accurate 
environmental risk assessment and policy decisions. 
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Environmental implication 

The studied material, particulate matter (PM), should be considered 
hazardous because it contains multiple redox-active species that can 
cause oxidative stress and inflammation in the human body. The work 
helps address environmental problems by developing a novel method, 
FLIT-SHAP, that can reveal the individual and interactive effects of these 
species on the oxidative potential (OP) of PM, which is a measure of its 
toxicity. FLIT-SHAP can also be applied to other types of chemical 
mixtures and dose-responses, improving the accuracy and transparency 
of risk assessment and policy making. 
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