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Abstract Dissolved black carbon (DBC) plays a key role in global carbon cycle and pollutant transport.
However, the time-consuming and labor-intensive chemical analysis limits its spatiotemporal resolution. Here,
we developed models to predict DBC from chromophoric dissolved organic matter (CDOM) measurements
across the land-to-ocean continuum. We found that the mean ratio of DBC to light absorbance at 254 nm (a,s,)
changed <20% among different environments. However, a single-wavelength model is inadequate for precise
prediction due to microbial production of CDOM. Incorporating longer wavelengths using multiple linear
regression improves model performance. Random Forest Regression using the full spectral range performed
even better at all environments, including the open ocean, achieving a root mean square logarithmic error of
<0.15, median symmetric accuracy of <10%, and R? of >0.85. This study demonstrates the feasibility of using
CDOM to predict DBC concentrations and highlights the potential for in situ monitoring and remote sensing
applications.

Plain Language Summary Dissolved black carbon (DBC), one of the most persistent organic
components in aquatic systems, plays a key role in the global carbon cycle and pollutant transport. However, the
time-consuming and labor-intensive chemical analysis limits the spatiotemporal resolution of DBC
concentrations, hindering our understanding of its geochemical behavior. In this study, we developed two new
models based on UV-Vis light absorption spectra to predict DBC concentrations across a broad land-to-ocean
continuum. Our results show that the random forest regression model effectively predicted DBC concentrations
and captured key trends in all studied aquatic systems. Additionally, environment-specific multiple linear
regressions using light absorbance at two to three wavelengths also performed well. This study provides a
valuable tool for predicting DBC concentrations across diverse aquatic systems. With further refinement, this
approach could be integrated into in situ instruments or remote sensing technologies.

1. Introduction

The incomplete combustion of biomass and fossil fuels releases a continuum of thermally altered organic matter,
encompassing both biolabile and bio-refractory fractions (Bostick et al., 2021; Martinot et al., 2023; Myers-Pigg
et al., 2015; Zhao et al., 2025). Organic carbon formed at higher temperatures is relatively resistant to biodeg-
radation due to its condensed aromatic structure, and this fraction is referred to as black carbon (BC). Dissolved
BC (DBC) represents the largest known slow-cycling pool of reduced carbon in the ocean (Dittmar &
Paeng, 2009; Ziolkowski & Druffel, 2010) and influences pollutant and nutrient transport, as well as by-product
formation with human health implications (Chen et al., 2022; Qu et al., 2016). Understanding DBC transport is
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therefore essential for predicting responses to anthropogenic disturbance and climate change (Coppola
et al., 2022).

Current methods for quantifying the refractory fraction of DBC primarily include the benzene polycarboxylic acids
(BPCA) method and chemo-thermal oxidation (CTO) (Dittmar, 2008; Wagner et al., 2018). CTO can potentially
overestimate concentrations by converting non-black carbon compounds into BC, especially in the dissolved
organic matter (DOM) pool (Dittmar, 2008). As aresult, the BPCA method is currently the most advanced, yet it is
labor-intensive and requires specialized equipment (Dittmar, 2008), limiting spatiotemporal coverage.

Chromophoric DOM (CDOM) absorption offers a rapid, inexpensive, and low-volume alternative. Given the
aromatic structure of DBC, CDOM absorption correlates strongly with DBC. For example, in Arctic rivers, DBC
showed a strong linear correlation with light absorbance across 254—400 nm (a,s4—a400), peaking at 254 nm
(Stubbins et al., 2015), making CDOM a promising proxy. However, this relationship may not apply universally
because CDOM absorption also comes from lignin, tannins (Fichot & Benner, 2012; Fichot et al., 2016), and
microbial products (Bao, Qiao, et al., 2023; Nelson et al., 2004). For instance, in the Pacific Ocean, the correlation
between a,s, and DBC was weaker (R* = 0.58, p < 0.01) (Nakane et al., 2017). Furthermore, the slope between
DBC and a,s, can vary across different regions; for example, it was ~0.0094 in Arctic rivers (Stubbins
et al., 2015), but almost half (~0.0050) in the Arctic Ocean (Fang et al., 2021). These differences indicate that
while DBC, as aromatic organic matter, is generally well reflected by a,s,4, local microbial contributions can alter
CDOM, reducing correlation and slope in some environments.

Light absorption at other wavelengths reflects different chemical compositions. For instance, absorption near
412 + 27 nm has been linked to humic substances in polar regions (Granskog et al., 2015). Consequently, ratios
such as a,s4/a,s¢ are commonly used to distinguish terrestrial versus autochthonous sources and assess humifi-
cation (Battin, 1998). Thus, we hypothesize that considering additional wavelengths can help account for vari-
ations in microbial and humification processes and improve DBC predictions. We tested this hypothesis by
measuring and collecting data across the land-to-ocean aquatic continuum, including rivers, reservoirs, mangrove
porewater, estuaries, coastal seas, and the open ocean. Using CDOM absorption spectra, we developed multiple
linear regression (MLR) and machine learning (ML) models to predict DBC concentrations. The model per-
formance was evaluated across environments to determine their potential as optical proxies. These models could
enable high spatiotemporal resolution and precise prediction of DBC in diverse environments, thereby advancing
our understanding of the BC cycle.

2. Materials and Methods
2.1. Field Sampling

Samples were collected from subtropical reservoirs with seasonal stratification, rivers, sediment porewater,
coastal sea, and the Northwestern Pacific Ocean (Figure 1a). Water samples from the reservoirs were pumped into
clean PC bottles using a Flojet (Xylem) at various depths. Surface water of reservoirs and rivers was collected
with a clean bucket, and deep samples in the estuaries, coastal seas and open ocean were obtained using Niskin
bottles equipped with CTD. Water samples were then filtered through 0.7 pm GF/F filters (Whatman, pre-
combusted at 450°C for 4 hr). Filtrate was subsampled into pre-combusted brown glass bottles and stored at
—20°C for CDOM analysis. The remaining filtrate was placed in 2 L clean PC bottles, acidified to pH 2 with
concentrated hydrochloric acid, and stored at 4°C for DOM extraction.

2.2. DOM Extraction

Acidified filtrates were concentrated using solid-phase extraction following Dittmar et al. (2008). Cartridges were
eluted with 6-8 mL methanol, yielding SPE-DOM, which was stored at —20°C until analysis. Extraction effi-
ciency averaged 49% =+ 10% (mean = standard deviation (sd)).

2.3. CDOM Analysis

Filtered water samples were equilibrated at room temperature and CDOM absorbance was measured from 200 to
800 nm using a Shimadzu UV-1800 spectrophotometer with 1 or 5 cm quartz cuvettes, depending on estimated
CDOM abundance (Data set for details (Bao et al., 2025)). Absorbance coefficients (a,, m™!) were calculated
using the following formula (Helms et al., 2008):
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Figure 1. The distribution of sampling sites, correlations between different parameters and the ratios of benzene polycarboxylic acids to a,s,. (a) Sampling sites,
Diamonds: samples from literature; circles: this study. The size of the symbols indicates the number of data, which ranged from 1 to 110; (b)—(d) Relationships between
a,s, and B5CA, B6CA, and Dissolved black carbon (DBC), respectively. Solid lines show environment-specific linear correlations (In-transformed), and the dashed
gray line represents the overall trend. Data sources (Bao et al., 2019, Bao, Niggemann, et al., 2023; Fang et al., 2021; Stubbins et al., 2015; Zhao et al., 2023, 2025), see
supplementary data set for the detailed source for each data (Bao et al., 2025). (e) B5CA/a,s, (nmol L~ m™Y); (f) B6CA/a,s, (nmol L=t (m™Y); (g) DBC/a,s, (pmol
L' (m™).

A

a, =2.303 X7 (1)

where A is baseline-corrected absorbance and / the path length. Corrections followed Helms et al. (2008). Testing
results showed negligible differences between 1 and 5 cm pathlengths (Figure S1 in Supporting Information S1).
Instrument detection limits were 0.04 m~! (5 cm) and 0.2 m™' (1 cm).
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2.4. DBC Quantification

DBC in this study was quantified using the BPCA method (Bao et al., 2017; Dittmar, 2008). Analytical error from
duplicates was 1%—7%. DBC concentrations were derived from robustly quantified BSCA(1,2,3,4,5-benzene-
polycarboxylic acid) and B6CA (1,2,3,4,5,6-benzenepolycarboxylic acid) following Stubbins et al. (2015):

DBC(uM) =0.0891 x (BSCA(nM) + B6CA(nM))**'" @)

2.5. Data Collection

Additional BPCA data were obtained from published studies spanning the Jiulong River (Bao et al., 2019),
Chinese estuaries (Zhao et al., 2023, 2025), marginal seas (Bao, Niggemann, et al., 2023), Arctic rivers (Stubbins
et al., 2015), and the Arctic Ocean (Fang et al., 2021). UV-Vis absorbance data for Arctic rivers were sourced
from The Arctic Great Rivers Observatory (2024) for Arctic rivers, and from Fang et al. (2021) for the Arctic
Ocean. The combined data set covers 20°-80°N and diverse environments, including 158 reservoir, 120 estuarine,
70 river, 12 sediment porewater, 109 coastal sea, and 150 open ocean samples (Bao et al., 2025).

2.6. Model Building

Since BPCAs are the parameters that were directly measured from the instruments, we modeled the concentra-
tions of the two monomers, in addition to DBC. Therefore, BSCA, B6CA and DBC were all modeled in this study.
The conditional distributions of DBC, BSCA, and B6CA were best approximated by lognormal distributions (see
example for DBC in Figure S2 in Supporting Information S1). Accordingly, we modeled their natural logarithms
—In (DBC), In (B5CA), and In (B6CA) for linear models, assuming Gaussian errors, which improved model fit
and ensured positive predictions when back-transformed.

Both linear and machine learning (ML) models focused on 260-600 nm, excluding <260 nm (interference by
salts) and >600 nm (no peaks) (Johnson & Coletti, 2002). Nitrate absorption near 302 nm was considered but
shown to primarily reflect humic substances (Catala et al., 2016; Sarmiento et al., 2007). Additionally, all
absorbance values below a certain value were set to the same value for filtering noise in CDOM absorption, and
we tested different thresholds (0.1, 0.01, 0.001) for both ML and MLR models. Although our primary goal is to
build a model that could apply to the aquatic systems along the land-to-ocean continuum (global model), we also
tested whether environment-specific linear models would improve prediction accuracy. We didn't test the
environment-specific ML model to avoid over-fitting due to reduced data size in each category.

2.6.1. Single Linear Regression (a,s4,-Based Model)

Given the known correlation between DBC and a,s, in Arctic rivers (Stubbins et al., 2015), we tested the cor-
relation between In (DBC) and In (a,s,4) across the entire data set to explore the potential for predicting DBC based
solely on a,sy.

2.6.2. Multiple Linear Regression (MLR) Models

For the MLR model, forward selection based on the Bayesian Information Criterion (BIC) (Schwarz, 1978) was
used to identify the most relevant wavelengths as predictors. The BIC was chosen over, for example, the Akaike
Information Criterion because it applies a stricter penalty for model complexity, making it the more conservative
choice for predictor selection and favoring more parsimonious models, which was the goal with our linear model.
Linear two-way interactions were included only when the main effects were present (Nelder, 1977). Multi-
collinearity was checked by confirming that variance inflation factors were below 10 (O'brien, 2007).

2.6.3. Machine Learning (ML) Models

Five classic ML algorithms were tested: Decision Tree Regression (DTR), Gradient Boosting Regression (GBR),
Random Forest Regression (RFR), K-Nearest Neighbor Regression, and Support Vector Regression (SVR) (Text
S1 in Supporting Information S1). In these models, BSCA, B6CA and DBC concentration were the response
variables, and absorption coefficients from 260 to 600 nm were the predictors. All predictors were normalized to
have a mean of 0 and a standard deviation of 1 to reduce multicollinearity. The data set was randomly split into
75% training and 25% testing, with tenfold cross-validation used to optimize hyperparameters.
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2.6.4. Model Performance Evaluation

Model performance was evaluated using the Root Mean Square Logarithmic Error (RMSLE) and Median
Symmetric Accuracy (MSA), calculated as follows:

RMSLE(y, ) = \/ % S (n () -In(3,))’ 3)
MSA = 100exp(M(|InQi]) — 1) 4)

where ¥, is the measured BSCA and B6CA as well as DBC calculated from them based on Equation 2, y; is the
predicted BSCA, B6CA and DBC concentration from our models. M(.) represents the median function, and
Q, = my/ §,, where m and ¥, is the median estimate and the observed DBC value, respectively, i is the data point
index. The RMSLE indicates the mean natural log-transformed error, while the MSA can be interpreted as the
median percent increase from the smaller value of the estimated and observed DBC pair to the larger of these two
and is frequently used as a superior error metric assessing remote sensing algorithms, such as those for
chlorophyll-a (Merder et al., 2024).

The coefficient of determination (R?) between the predicted and measured values (both natural log-transformed)
was also calculated. The Shapley additive explanation (SHAP) from ML models was further calculated to obtain
each predictor's positive and negative contribution to the model (Lundberg et al., 2017), while for the MLR the
coefficients of the selected wavelengths can be interpreted directly as a power-law relationship, given both
response and predictors are log transformed. All statistical analyses, including linear regression, were performed
in R (v4.2.2, https://www.rproject.org/) using RStudio (RCoreTeam, 2022).

3. Results and Discussion
3.1. The Characteristics of the Data Set

B5CA and B6CA concentrations in the data set ranged from 7.0 to 1699 nmol L~' (mean + sd:
82 + 182 nmol L™") and 1.1-699 nmol L™ (23 + 66 nmol L"), respectively. Derived DBC concentrations
ranged from 0.64 to 112 pmol L™!, with a mean of 5.9 + 12 pmol L™" (Figure 1d). The highest DBC values
occurred in rivers (24 + 29 pmol L' n= 70), particularly Arctic rivers (57 £ 28 pmol L n= 25) (Stubbins
et al., 2015). Elevated levels were also observed in mangrove sediment porewater (7.8 + 5.4 umol L™, n = 12)
and reservoirs (7.1 = 1.6 pmol L~ n=158) (Figure 1b). In contrast, the open ocean showed the lowest con-
centrations (1.0 + 0.30 pmol L™, n = 150), consistent with earlier studies (Dittmar & Paeng, 2009; Zhang
et al., 2024), though slightly higher than the North Pacific minimum of 0.2-0.4 pmol L™! (Yamashita et al., 2023;
Zhang et al., 2024).

a,s4 has been used as a proxy for DBC previously (Stubbins et al., 2015). In this data set, a,s, values ranged from
0.56 to 147 m™" for most samples and generally tracked DBC, B5CA, and B6CA concentrations (Figures 1b—1d).
However, exceptionally high a,s, values were observed in reservoirs, where the decoupling from DBC suggests
additional sources of light-absorbing material beyond terrestrial inputs.

Ratios of BSCA/a,s4, B6CA/a,s,, and DBC/a,s, decreased from land to ocean (Figures le—1g), reflecting
reduced terrigenous DOM contribution. Across large environmental gradients, mean DBC/a,s, ratios vary
relatively little—for example, from 0.77 & 0.22 in reservoirs to 0.67 £ 0.23 in the open ocean—while in contrast,
mean DBC/DOC values differ by about fivefold (~0.10 in the global rivers (Jaffé et al., 2013), to ~0.02 in the
open ocean (Dittmar & Paeng, 2009)). This relative stability suggests that a,s, can serve as a robust first-order
predictor of DBC along the land—ocean continuum. The strong relationship arises because a,s, reflects a
broader suite of aromatic compounds, while DBC is an aromatic fraction of DOM. Nevertheless, the standard
deviations reveal some variability within each environment, likely reflecting differences in aromatic CDOM
composition, including potential microbial contributions. Below, we assess how predictive models account for
these variations across environments.
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Figure 2. Comparison of a,s,, multiple linear regression, and random forest

regression models for dissolved black carbon prediction across ecosystems.
(a) Root mean square log error (RMSLE); (b) median symmetric accuracy
(MSA); and (c) coefficient of determination (R?) between observed and
predicted values. Solid symbols represent reservoir samples with outliers

removed.

mation S1). Reservoirs showed the largest error reduction, likely because
high-a,s, samples influenced regression slopes, reducing outlier errors
(Figure S7 in Supporting Information S1).

3.3. Multiple Linear Regression (MLR) and Machine Learning (ML)
Models

We tested three thresholds (0.1, 0.01, 0.001) for filtering noise in CDOM
absorption. For the MLR model, threshold changes caused only minor

wavelength shifts: primary wavelengths consistently fell between 261 and 263 nm, while secondary wavelengths
varied from 400 to 600 nm (Table S3 in Supporting Information S1). Predicted values remained consistent, with
standard deviations <5% (Figure S8 in Supporting Information S1). Errors were highest at 0.1 and 0.001, while
0.01 yielded moderate, stable performance across environments (Figure S9 in Supporting Information S1). For
ML models, predictions varied little across thresholds (e.g., RFR of DBC; Figure S8 in Supporting Informa-
tion S1). To ensure consistency, we adopted 0.01 as the optimal threshold.

3.3.1. MLR Model

For the MLR model, two to three different wavelengths were chosen by the model for BSCA, B6CA and DBC,
along with their linear interaction. The final model equations are as follows:

In(B5CA) = (1.16 + 0.02) X In(asgz) — (0.18 + 0.02) X In(ages) — (0.023 + 0.006) X In(arg3)
X Ln(a468) + (166 + 006) +e€ (5)

In(B6CA) = (1.03 # 0.03) X In(aagy) — (0.2 + 0.02) X In(asgg) + (0.12 =+ 0.02) X In(a360)
+ (0.11 £0.08) +¢ (6)
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In(DBC) = (1.09 + 0.02) X In(azg;) — (0.16 £ 0.02) X In(ases) — (0.020 = 0.006) X In(arg; ) X In(aseq)
— (0.75+£0.05) + ¢ M

B5CA and B6CA are in nmol L™!, and DBC in pmol L™". QQ plots confirmed model performance, with minor
low-concentration deviations due to absorbance limits, especially in open-ocean samples (Figure S3 in Sup-
porting Information S1). Compared to the a,s, model, the MLR improved RMSLE, MSA, and R? for all pa-
rameters, notably in reservoirs and the open ocean where a,s, performed poorly (Figure 2). In porewaters and
estuaries, MSA rose slightly while RMSLE remained stable. Outliers strongly affected reservoir results;
excluding them reduced RMSLE from 0.37 to 0.21 and increased R* from 0.29 to 0.45. Incorporating longer
wavelengths enhanced predictions overall, though rivers and reservoirs still showed RMSLE >0.3, MSA >20%,
and R* < 0.5.

MLR was not applied to porewater due to the limited samples. Environment-specific MLR models (Table S4 in
Supporting Information S1) markedly improved performance (Figure S10 in Supporting Information S1). For
DBC, RMSLE declined from 0.17 to 0.37 to 0.12-0.21, and MSA from 14%-30% to 8.4%—14%. R? increased
across environments except reservoirs. Although only one wavelength was chosen for reservoir and estuary,
results confirmed the utility of multi-wavelength, environment-specific models and highlighted differing
CDOM-DBC relationships among systems.

Both global and environment-specific models showed interaction terms, like In (a,63) X In (a465) and In (a,¢;) X In
(a46g) significantly improved prediction of BSCA and DBC (p < 0.01). Plots and coefficients indicated strong
positive contributions from 260 to 263 nm absorption (Figure S11 in Supporting Information S1), consistent with
benzene derivatives' absorption maxima near 254 nm. Substituted aromatic structures, including polycyclic ar-
omatics, shift absorption into the 260-300 nm range, explaining their predictive power in aquatic environments
(Chatzimichail et al., 2021; N. B. Nelson & Siegel, 2013). Conversely, 468 and 586 nm showed negative con-
tributions. These wavelengths are linked to humic-like CDOM fluorescence (Granskog et al., 2015) and humified
organic matter with absorption near 415 + 27 nm (Catal4 et al., 2016), suggesting microbial CDOM production
influences longer-wavelength predictors.

The elevated a,gg/a,q; ratio observed in the open ocean and in reservoir “outlier” samples further supports this
interpretation (Figure S12 in Supporting Information S1), suggesting that microbial production of CDOM may
alter the optical properties of DOM, particularly by enhancing long-wavelength absorbance and thereby affecting
the relation between DBC and CDOM in the shorter wavelength region.

3.3.2. ML Models

Except for the SVR model, the other ML approaches—DTR, GBR, RFR, and KNN—showed strong predictive
skill for BSCA, B6CA, and DBC concentrations (DBC as example in Figures S13-S14 in Supporting Infor-
mation S1). For these models, RMSLE ranged from 0.18 to 0.36, MSA from 10% to 25%, and R? from 0.96 t0 0.98
(Figure S14 in Supporting Information S1). Among them, the RFR model performed best across all environments,
showing the smallest training—testing differences for all error metrics (RMSLE, MSA, R%). Importantly, it
maintained accuracy even in the open ocean, where DBC concentrations are low and less variable (Dittmar &
Paeng, 2009).

The superior performance of RFR arises from averaging many uncorrelated decision trees built from random
subsets of data and features, which reduces variance and overfitting while handling noise and multicollinearity
effectively (Breiman, 2001). It also requires little parameter tuning, making it well suited for heterogeneous
environmental data sets. Based on these advantages, we selected RFR for subsequent analyses. Details on training
and validation are provided in Text S2 in Supporting Information S1.

Across ecosystems, RFR model errors were low. For BSCA, B6CA, and DBC, RMSLE ranged 0.11-0.29, 0.14—
0.32, and 0.09-0.34, respectively, with highest errors in reservoirs and lowest in marine systems (Figure 2a). MSA
values were consistently small—4.8%-9.3%, 5.8%-10.2%, and 4.4%-10.2% (Figure 2b)—indicating reliable
relative deviations. R? values generally exceeded 0.95, except in reservoirs (0.34-0.43) and the open ocean (0.76—
0.87) (Figure 2c). As in linear models, removing reservoir outliers substantially improved accuracy: RMSLE fell to
0.11-0.14 and R® rose to 0.77-0.82, comparable to open-ocean levels (Figure 2; Figure S4 in Supporting

BAO ET AL.

7 of 11

85U80 SUOULLOD BA11E81D) 3ot (dde aupy Aq psuienob ke sejole O '8N J0 S9N Joj Al 8UlUO AB]IA UO (SUORIPUOD-PUE-SWLISH 00" A3 | ImARe1q 1 [Bul|Uo//SANU) SUORIPUOD pue SuLB | 81 88S *[9202/80/92] Uo Akeiqiauliuo A8 My Bunyosioseiss N “N -#elod "4 Inisu| BusBem peijly Ad 6006TT 195202/620T OT/I0p/L0S A8 1M Aeiq putjuo'sgndnBe//sdny woiy pepeojumoq ‘gz ‘S0z ‘L008YY6T



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2025GL119009

SHAP values

0,12+

300 400 500 600
Wavelength (nm)

Figure 3. The SHAP value of light absorption at different wavelengths for Dissolved black carbon model. The colors indicate
the SHAP values.

Information S1). These metrics align with prior studies where CDOM successfully predicted DOC (mean error:
~4%, Fichot and Benner (2011)), or lignin concentrations (mean error ~16% (Fichot & Benner, 2012)). Together,
results confirm that RFR provides robust predictions of DBC dynamics across diverse aquatic environments,
including difficult systems like reservoirs and the open ocean. To ensure an unbiased evaluation, model perfor-
mance was independently validated using an external data set from Zhang et al. (2023). The results further
confirmed the superior performance of the RFR model, yielding an MSA of 17%, an RMSLE of 0.24, and an R* of
0.90 (Text S3; Figure S15 in Supporting Information S1). Although the validation data were collected from the
same estuary as part of the training data set, they represent a different sampling period, allowing an assessment of
temporal generalizability. In addition, while the model was trained on samples spanning river-to-ocean gradients,
the validation involved only estuarine samples. Despite these limitations, the strong agreement between predicted
and observed values supports the robustness and transferability of our approach.

SHAP analysis clarified the main spectral drivers of predictions. Absorbance in the shorter UV range (260—
300 nm) dominated, consistent with MLR results showing high coefficients at these wavelengths (Figure 3;
Figure S16 in Supporting Information S1). The model also identified strong negative contributions when sub-
300 nm values were exceptionally high, revealing a non-linear threshold effect. This likely reflects compositional
heterogeneity, where high UV absorbance in some samples arises from lignin-rich or biogenic chromophores
rather than BC. In contrast, longer wavelengths (>450 nm) provided weaker, independent positive signals that
fine-tuned outputs slightly above the baseline established by shortwave features. This indicates a hierarchical
decision structure: predictions are primarily governed by UV absorbance, with secondary variables adding
contextual adjustments.

3.4. Potential Factors Influencing the Models

One key challenge in developing predictive models is the spatiotemporal coverage of the data set. In this study, we
expanded the data set by adding 327 new DBC measurements and over 499 new full CDOM absorption spectra.
Although sampling sites were limited in certain environments—for instance, only two reservoirs were included
(see Supplementary Data set (Bao et al., 2025)), —we selected representative systems, such as subtropical res-
ervoirs with seasonal stratification (Xu et al., 2024)). High-resolution vertical (4—10 samples across 40 m) and
temporal (every two months over three years) sampling was conducted to better capture the effects of primary
production and microbial transformation of DOM on the CDOM spectral, thus helping to mitigate spatial limi-
tations (Li & Hur, 2017).

Sediment porewater samples were also included, but they were primarily collected from a single mangrove,
indicating a need for further validation in other porewater environments (see Supplementary Data set (Bao
et al., 2025)). Additionally, the training data set was dominated by subtropical samples, which typically exhibit a
lower DBC-to-DOC ratio compared to tropical or high-latitude regions (Jones et al., 2020). Since CDOM trends
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are often similar to DOC (Li & Hur, 2017), this may cause the model to overestimate DBC concentrations in
tropical systems, necessitating regional refinement.

The models also face limitations in anoxic environments—especially in bottom waters of reservoirs, lakes, or
coastal seas during stratification—due to the limited number of training samples (10 samples). These may not
fully capture the distinctive CDOM characteristics under such conditions. Furthermore, the models were not
tested with soil or charcoal leachate, or artificial waters such as industrial and agricultural effluents, which should
be explored in future work.

3.5. Comparison of the Three Models and Recommendations

B5CA, B6CA and DBC were all modeled in this study. The DBC calculated from modeled BSCA and B6CA
based on Equation 2 is almost identical to the DBC modeled directly (Figure S17 in Supporting Information S1),
except for some reservoir samples in the RFR model. Thus, users are encouraged to use the modeled DBC results
when interested only in DBC, and to apply the respective models for BSCA and B6CA when focusing on these
individual monomers.

Our findings demonstrate that CDOM is a powerful tool for predicting DBC concentrations in aquatic envi-
ronments. Depending on monitoring goals and frequency, different models can be applied. For long-term or high-
frequency monitoring—such as tracking wildfire impacts or DBC variation in drinking water—environment-
specific linear models using key wavelengths (e.g., dys4, Gog1, Aoe3s dugg) are recommended. These a,s,-and
MLR-based models perform nearly as well as ML models (except in porewaters), while being computationally
efficient and compatible with diode array sensors for continuous, low-storage monitoring. Environment-specific
models are provided in Tables S2 and S4 in Supporting Information S1, and their accuracy can be further
enhanced by adding regional data for parameter optimization. Model predictions can be further improved by
incorporating regional data to fine-tune parameters.

For detailed geochemical studies requiring higher accuracy, we recommend using the ML model developed in this
study. It is publicly accessible through the following web portal: https://yuanbiyi.shinyapps.io/Shiny_DBCs/.
CDOM measurements require only a few milliliters of water, and portable full-spectrum UV-Vis spectropho-
tometers are now commercially available. With minor adjustments, in situ DBC prediction is feasible, signifi-
cantly enhancing our capacity to study the biogeochemical cycling of DBC in diverse aquatic systems.

4. Conclusions and Future Overlook

This study provides the first comprehensive data set of DBC across the land-to-ocean continuum. We show that
single-wavelength models (e.g., a,s4) effectively predict BSCA, B6CA, and DBC in estuaries and mangrove
porewaters dominated by terrestrial inputs. In more dynamic environments, however, microbial transformation
and degradation reduce their accuracy. Incorporating longer wavelengths through MLR significantly improves
model performance, consistent with microbial CDOM production signals. Using the full UV-Vis range (260—
600 nm), ML models achieved strong predictions across all environments, including low-gradient systems like the
open ocean and reservoirs (R* > 0.8, RMSLE <0.15, MSA <10%).

These findings demonstrate the potential of CDOM optical properties for estimating DBC across diverse aquatic
environments. With the growing availability of wavelength-specific and full-spectrum sensors, regionally opti-
mized in situ monitoring is now feasible. Given the strong correlations among CDOM, DOC, DBC and lignin
phenols (Fichot & Benner, 2011; Fichot et al., 2016), multi-target ML and remote sensing approaches hold
promise for mapping DBC variability and advancing understanding of DOM cycling.
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