www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Molecular diversity of dissolved
organic matter reflects
macroecological patterns in river
networks
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Deciphering dissolved organic matter (DOM) molecular complexity is crucial for understanding
ecosystem function. Using the continental-scale Worldwide Hydrobiogeochemistry Observation
Network for Dynamic Rivers Systems (WHONDRS) Fourier-transform ion cyclotron resonance mass
spectrometry (FTICR-MS) dataset, we reveal fundamental scaling patterns of DOM chemodiversity
with watershed characteristics. Analysis of 54 river sites shows local and regional watershed features
significantly influence DOM chemodiversity (2500-8718 unique formulae), exhibiting consistent
scaling patterns across compound classes and a novel latitudinal gradient (decreasing diversity with
increasing latitude). Scaling relationships for DOM composition vary by compound class. Crucially,
the scaling parameters (B, baseline chemodiversity; Z, sensitivity) are linearly interrelated. This B-Z
relationship is most robust for potentially bio-labile carbohydrates (coefficient of determination R2 =
0.85), diminishing for recalcitrant, plant-derived molecules (such as lignin), and indicates (potential)
biolability-dependent coupling between baseline diversity and environmental responsiveness. These
quantitative scaling relationships, with scaling exponents ranging from-2.1 to 2.2 across compound
classes, enable prediction of DOM composition across watersheds, offering a framework to understand
ecosystem responses to environmental change. This research bridges biogeochemistry and ecology,
providing tools to anticipate molecular transformations across scales.

The importance of dissolved organic matter chemodiversity

Dissolved organic matter (DOM) represents a major form of organic carbon across aquatic ecosystems,
fueling stream metabolism and mediating key biogeochemical processes in aquatic ecosystems!=. Despite its
importance for drinking water quality and ecosystem function®®, our ability to predict DOM composition
across river networks remains limited due to its molecular complexity and the diverse processes shaping its
distribution. Understanding DOM chemodiversity—defined here as the number of molecular formulae detected
in a sample—is particularly important given that two-thirds of drinking water in the United States alone is
sourced from surface river waters, making the prediction of DOM composition critical for drinking water
management and ecosystem health assessment; and is expected to become one of the most politically charged
topics in coming decades®.
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Drivers and limitations in understanding riverine DOM composition

DOM chemodiversity in river corridors is influenced by numerous factors, including land-use practices, in-
stream processes such as mixing, transformation, and degradation, as well as broader characteristics of the
watershed’~. Both hydrologic factors such as flow regime and residence time!®!! and non-hydrologic factors
including crop cover, land use intensity, and soil characteristics!? significantly influence DOM composition and
distribution. Transformation mediated by microbial degradation'*~1°, photooxidation!®-!%, and sorption?*?!,
as well as autochthonous production (e.g. plant, algal, and microbial exudation??), can significantly alter the
quality and chemistry of DOM in river corridors. Additionally, anthropogenic perturbations have drastically
changed DOM fluxes in many systems®*?*. While global studies of DOM composition exist?, they often face
limitations due to sparse spatial sampling, particularly in large river systems where only a few locations might
represent vast drainage areas. Recent large-scale analyses, such as those leveraging the WHONDRS dataset,
are beginning to provide more comprehensive geographical insights*>2%. The development and expansion of
comprehensive global databases for high-resolution DOM data, analogous to resources like OpenFluor for
fluorescence spectroscopy?’, remain crucial for enabling robust meta-analyses and cross-system comparisons to
fully understand global DOM patterns.

Scaling laws as a framework for DOM pattern analysis

Scaling laws—mathematical relationships that describe how system properties change with size or scale, typically
expressed as power laws (y=Bx*)—provide quantitative frameworks for understanding how system properties
change across spatial and temporal scales. Scaling laws can reveal emergent patterns and provide predictive
insights, even in the face of significant spatial and temporal heterogeneity?®?°. While scaling approaches have
been applied to various hydrobiogeochemical processes in river networks®*-*, scaling remains a grand challenge
in watershed studies®***, and a comprehensive dataset linking DOM composition to a broad suite of watershed
characteristics and environmental drivers has been lacking. Reported DOM composition between and across
river corridors varies drastically®®, and no single dataset exists to identify and quantify scaling law relationships
as organisational principles in riverine DOM patterns across scales.

We leveraged the Worldwide Hydrobiogeochemistry Observation Network for Dynamic River Systems
(WHONDRS) dataset, which offers a unique combination of continental-scale coverage across diverse
watersheds and standardized analytical methods using high-resolution mass spectrometry. While previous
WHONDRS publications have examined various aspects of DOM composition in river networks?®3-38, our
study is the first to apply scaling laws to understand DOM chemodiversity patterns across watersheds and
to identify consistent scaling relationships that can be used for predictive modeling®®. Our approach bridges
descriptive characterization and predictive modeling, offering a new perspective on systematic DOM variation
across spatial scales. See Table S1 to compare our study to other WHONDRS publications. The dataset is publicly
available through ESS-DIVE (https://data.ess-dive.lbl.gov/view/10.15485/1729719) and Zenodo https://doi.org
/10.5281/zen0do0.12789204.

Hypotheses

We hypothesize that: (1) local and non-local scaling properties exhibit consistent patterns that predict
chemodiversity across watersheds and latitudes; (2) patterns are driven by both local (in-stream) and non-local
(watershed-scale) environmental factors; (3) molecular and ecological scaling laws show similar behavior (Fig. 1).
We tested these by analyzing 54 streams (Fig. 2, Fig. S1), 300+ watershed features and examining compound
classes (lignin-like, tannin-like, etc.) to assess how scaling laws predict molecular formula abundance.

Materials and methods

WHONDRS

The WHONDRS dataset offers an opportunity to explore consistent macroecological patterns associated with
DOM composition and distribution in the form of scaling laws across biomes and latitudes, and across both local
and non-local properties. Riverine DOM chemical composition was generated by the WHONDRS Consortium*’
(https://whondrs.pnnl.gov). Samples were collected, extracted, and analysed as per®, see Supplementary
Methods for details. This Northern Hemisphere survey of surface river water and sediment samples provides
a novel dataset to explore the predictive capacity of scaling relationships to explain the spatial organisation
of DOM within river corridors. Across 97 sites and 9 countries, for 6 weeks between July and August 2019,
the WHONDRS network organised the collection and characterization by Fourier-transform ion cyclotron
resonance mass spectrometry (FTICR-MS) of global surface water and sediment samples. The WHONDRS
network also collected a variety of in-situ measurements of water quality parameters, including temperature, pH,
dissolved oxygen, and specific conductance. We used statistical methods including multiple regression analysis
and principal component analysis to explore the relationships between DOM composition and watershed
characteristics, and to identify key drivers of DOM chemodiversity across spatial scales. The WHONDRS data
package as well as the R code are hosted on the ESS-DIVE data archive (https://data.ess-dive.Ibl.gov/view/10.15
485/1484811). Statistical analyses were performed using python (version 3.10.13) with data centred and scaled
to unit variance. Prior to analysis, the data were log-transformed to reduce skewness and improve normality.

Watershed characteristics

Three different sources of watershed metadata representing non-local features (HydroSHEDS, StreamStats, and
EPAWaters), and local WHONDRS metadata measured directly in-situ, were used to compile characteristics
associated with each WHONDRS stream sampling point of chemodiversity. We used R version 4.3.3 and
packages including ‘streamStats, ‘sf’, and ‘leaflet’ to read, extract, and co-locate all watershed variables with each

Scientific Reports |

(2025) 15:27019 | https://doi.org/10.1038/s41598-025-12835-5 nature portfolio


https://data.ess-dive.lbl.gov/view/10.15485/1729719
https://doi.org/10.5281/zenodo.12789204
https://doi.org/10.5281/zenodo.12789204
https://whondrs.pnnl.gov
https://data.ess-dive.lbl.gov/view/10.15485/1484811
https://data.ess-dive.lbl.gov/view/10.15485/1484811
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Scaling law:
y =Bx’

Compound Metric (S)

Carbohydrate

Watershed Characteristic (A)

Tannin
e
Q‘M Lipid

Protein

Tannin

z-value

Fig. 1. When complex mixtures of organic compounds from sediment and stream water are separated

into classes, the direction and shape of the patterns (y-axis, such as: chemodiversity, rarity, dominance,
compound evenness, and formula richness) are hypothesised to scale with watershed characteristics (x-axis,
such as: area, stream branching complexity, and latitude). Further, exponents of scaling equations (i.e. z-axis
in the generalised scaling equation: y = Bx*) should vary among compound classes revealing generalisable
patterns that reflect common degradation patterns across global to regional scales, including across latitudes,
continents, and watersheds.

individual WHONDRS stream sampling point. All watershed data, metadata files, and variable names associated
with this manuscript can be found in the data repository® and associated SI files:

WHONDRS

Local metadata collected during sample collection included water temperature, dissolved oxygen (DO), pH,
canopy cover (shading), water column height, sunlight access, and stream order. These metadata were reported
for each individual sample location and recorded by each individual who collected the unique sample.

HydroSHEDS

Stream sampling points were spatially matched to river and stream shapefiles from the global RiverATLAS
database, version 1.0, which is a subset of the broader HydroATLAS product at 15 arc-second (~500 m)
resolution?” (https://www.hydrosheds.org/hydroatlas). RiverATLAS provides hydro-environmental information
for all rivers of the world, both within their contributing local reach catchment and across the entire upstream
drainage area of every reach. A full description of the data can be found at*’. This information was derived by
aggregating and reformatting original data from well-established global digital maps and by accumulating them
along the drainage network from headwaters to ocean outlets*’. Corresponding river reaches were then matched
to sub-basin characteristics for hierarchically nested watersheds using the database BasinATLAS*. These
catchments and stream reaches contain 281 individual attributes, representing 56 different hydro-environmental
variables, each associated with the twelve sub-basin polygon layers of BasinATLAS and the line segments of
RiverATLAS.

StreamStats

Watershed metadata were obtained from the USGS StreamStats database®. StreamStats includes characteristics
such as drainage area, elevation, mean precipitation, and percent imperviousness for the specific drainage area
draining to a particular location on the stream network. StreamStats delineates the drainage basins for user-
selected sites on streams and can be done from any latitude and longitude within the CONUS. We delineated
the unique drainage basin for each WHONDRS location and used StreamStats to calculate a variety of physical
and climatic statistics for each watershed. All characteristic types and codes can be found on the StreamStats
web portal (https://streamstats.usgs.gov/information-portal/). Unique to StreamStats is the calculation of flow
statistics for any location on the stream network (gaged or un-gaged).

EPA-waters
The EPA Watershed Assessment, Tracking & Environmental Results System (WATERS) has a similar data
architecture to StreamStats, where the portal integrates drainage characteristics from various EPA water programs
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Fig. 2. Study design. Map of 54 WHONDRS river sampling sites (orange-yellow) overlaid on three geographic
layers: EPA Level III Ecoregions (n= 105, coloured polygons), HUCS catchments (~ 1800 km?, grey outlines),

and major rivers (blue lines). Only ecoregions intersecting sampling sites are shown?0-44,

by linking it to the national surface water network (https://www.epa.gov/waterdata/waters-geoviewer). For each
latitude/longitude associated with the WHONDRS sampling sites, we queried a watershed report that contains
both catchment attributes (local area attributes draining directly to the selected stream segment) and watershed
attributes (attributes of the entire drainage area extending from the outlet upstream to the headwaters). Over 400
attributes are available through EPA-Waters.

DOM analysis

The molecular composition of DOM was characterized using ultrahigh-resolution mass spectrometry. Surface
water and sediment extracts were analyzed on a 12 Tesla Bruker SolariX Fourier transform ion cyclotron mass
spectrometer (resolution: 220 K at 481.185 m/z) at the Environmental Molecular Sciences Laboratory (Richland,
WA, USA). Negative mode spectra were collected from 100 to 900 m/z with appropriate ion accumulation times
for each sample type3®.

Raw spectra were processed using a signal-to-noise ratio threshold of 7. Molecular formulae were assigned
using established software pipelines, including Formularity?® and ftmsRanalysis®’. Quality control measures
included removing peaks outside the 200-900 m/z confidence range. Formulae were classified into compound
class based on their elemental ratios: lignin-like (O/C: 0.1-0.7, H/C: 0.7-1.5), tannin-like (O/C: 0.6-1.2, H/C:
0.5-1.5), lipid-like (O/C: 0-0.3, H/C: 1.5-2.5), protein-like (N >0, O/C: 0.2-0.6, H/C: 1.5-2.2), carbohydrate-
like (O/C: 0.7-1.2, H/C: 1.5-2.2), and condensed aromatic formulae (O/C: 0-0.7, H/C: 0.2-0.7)°1-%3, Potentially
biolabile formulae were identified using H/C ratios> 1.5 following the molecular lability boundary approach
defined by D’Andrilli et al.>%. See Supplementary Methods and Discussion for further detail.

Feature importance, scaling, and principal component analysis

To reduce the size of the curated environmental variable set (Fig. 3, Step 1-2), we first eliminated variables with
minimal impact using correlation analysis (Step 4: Fig. 3, Table S2). Key variables were identified using Spearman
correlation for each extrinsic variable in relation to chemodiversity. A correlation coeflicient threshold was set
at an absolute value of>0.23 (Spearman),>0.25 (Pearson), respectively. This threshold was selected to ensure
a balance between variable relevance across all datasets and to avoid the ‘curse of dimensionality’ (i.e., limited
samples and large number of features)>>~>7.

To further refine the feature selection, we employed feature importance analysis (Step 4, Fig. 3). We
applied multiple feature importance methods (n=6) to bolster the selection processes reliability, effectively
reducing method-specific biases. The six sensitivity analysis methods we used for feature importance include
the Pearson correlation coefficient, Spearman’s rank correlation coefficient, F-test, Mutual information (MI),
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1. Dataset curation 2. Total features (n = 627) and 3. Reduced set of features
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Fig. 3. Scaling methodology: Step 1: Dataset curation, including collecting all data and conducting QA/QC on
all data. Step 2: Aggregating all data to the correct scales and co-locating watershed data with DOM data. Step
3: Reducing the number of features using six different sensitivity methods (i.e., Spearman’s correlation, Pearson
correlation, F-test, Mutual information, Feature importance based on Random Forests, and SHAPley values)
to reduce bias in selecting key features for developing scaling laws®3. Step 4: Feature selection using feature
clustering. Any feature importance greater than 0.5 constitutes a behavioural set for which feature importance
values are deemed to satisfy user-defined performance metrics (e.g., averaged importance values greater than
0.5 across multiple sensitivity analysis methods to reduce any bias in selecting variables for developing scaling
laws)>>€0. Step 5: Fitting scaling relationships to compound class and most important features.

Random Forest (RF), and SHAPley values. Pearson correlation measures the linearity between extrinsic
descriptors and chemodiversity, while Spearman’s correlation measures this relationship’s non-parametric
measure of monotonicity. F-test is a univariate feature selection that allows us to select the best features based
on univariate statistical tests. MI measures the strength of non-linear dependency between the variables and
chemodiversity. It is equal to zero if chemodiversity is independent of extrinsic variables, and higher values
mean higher dependence. An RF model with 100 decision trees was trained, and essential extrinsic descriptors
were evaluated using permutation-based feature importance®'. This technique allows us to measure the increase
in the prediction error of the RF model after we permute the extrinsic descriptor’s values. This permutation
method breaks the relationship between the feature and the actual outcome. SHAPley is a method based on
cooperative game theory and is used to increase transparency and interpretability of model-agnostic feature
selection models such as RF®2 It provides an average of all the marginal contributions of a variable considering
all possible combinations®.

To enable a systematic and data-driven selection of key extrinsic variables, we produced a single aggregate
score by averaging the importance scores across all employed feature importance methods, leading to a
robust variable ranking system. Variables achieving an average importance score above 0.5 were identified as
significantly influential, a benchmark inspired by studies that include ML-model predictions under limited
sample data,a large set of features, and model-data integration case studies®®*8%0, These variables were then
selected for further analysis. By averaging feature importance scores across six statistical tests and machine
learning algorithms (after normalising for comparability), we provide a robust and multifaceted assessment of
variable influence. This approach mitigates potential biases from any single technique, offering a more reliable
indicator of each feature’s true importance (Step 4: Fig. 3).

After feature selection, we fit scaling relationships between the selected extrinsic variables and chemodiversity
following a log-log transformation to investigate potential power-law distributions (Step 5: Fig. 3). A power law
function (y=Bx?) describing the relationship between local or non-local descriptors and chemodiversity for
each compound class is used to develop scaling laws. Here, y’ is the chemodiversity, X" is the descriptor, B is
the power-law coeflicient, and Z is the scaling exponent. We use SciPy Python non-linear least squares to fit
this power law scaling function to input-output data. Statistical tests are performed to compute the p-value and
check if the estimated parameters of the power law (i.e., B and Z) are significant. To test the statistical significance
of the estimated parameters (scaling exponents) in the power-law model, we used the Ordinary Least Squares
(OLS) regression. In Python, the statsmodels library provides the implementation of the OLS regression through
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SciPy’s ordinary least squares function (Ref.%%, v 0.13.4). The statsmodels library estimates the coefficients of the
power-law model (scaling exponent and intercept) and calculates their standard errors and p-values.

The important features in Fig. 5b are assembled into a dense data matrix of size 54x 11 with 54 samples
characterized by 11 key features. Prior to dimensionality reduction using PCA, each feature is independently
centered and scaled to unit variance using Scikit-learn’s StandardScaler class in Python®. In this pre-processing
step, the sample mean and standard deviation for each feature are computed and stored. These statistics are then
applied via the StandardScaler’s transform method to ensure that every variable contributes equally, regardless
of its original scale. Once the data are standardized, principal component analysis is carried out using Scikit-
learn’s PCA implementation. The algorithm performs a full singular value decomposition (SVD) via LAPACK®®,
yielding two principal components, which focus on the most informative directions in the feature space. These
two principal components, often referred to as loadings, define the directions of maximum variance within the
standardized data matrix and quantify the correlation between the original features or variables and the new
component axes. The importance of each component is measured by its explained variance, with components
ordered by descending explained variance ratio (i.e., the percentage of total variance that each component
captures). In Fig. 5a, the length of each arrow corresponds to the magnitude of a feature’s loading on a particular
component. Longer arrows indicate stronger relationships between the original variables and the principal
components, thereby highlighting which features drive the major axes of variability in the dataset.

Results

Variables identified through feature importance

Of a possible 627 environmental features, we identified 62 that were important for predicting chemodiversity
(Step 2: Fig. 3). These features were selected based on a combination of univariate statistical tests and machine
learning algorithms; normalised scores are plotted in Fig. 4b (see “Materials and methods” section). A binomial
test (p <0.05) confirmed that the 62 identified features exceeded what could be expected by chance, demonstrating
the strength of our analysis. These results reveal groups of significant predictors that merit further exploration
for potential scaling relationships.

Figure 4b shows that diverse environmental variables significantly influence chemodiversity across spatial
scales (Fig. 4b). Actual evapotranspiration emerged as the most critical variable based on its average importance
score, underscoring that evapotranspiration is an important driver of chemodiversity (i.e., relative importance
score of 1.0). The critical variables that followed most closely were mean (+std) annual stream temperature

b
Local Non-local
U=212 —
p=0.210 F-test- 0.36 0.34 1.0 1.0 1.0 0.60 0.13 0.67 0.49 1.0 0.91 0.36
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Fig. 4. Feature importance across diverse environmental features. (a) Local features were on average not
more important than non-local features tested with Kruskal-Wallis non-parametric test (U=212, p=0.210,
n, . =115,n_ . =51). (b) Example of normalised feature importance (FI) values for chemodiversity vs.
the most important local (upper black bar) and non-local (upper grey bar) environmental features across
six statistical tests, i.e.,: Pearson correlation coeflicient, Spearman correlation coefficient, F-test, Mutual
information (MI), Random Forest (RF), and SHAPley tests (cutoft of>0.5). The arithmetic mean of the 6
feature importance values is shown in the last row. Anthropogenic features in red.
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(0.83+0.27), latitude (0.89 +0.13) and various measures of watershed characteristics and anthropogenic impacts,
such as terrestrial radiation index density (0.87 +0.15) and nonpoint source pollution density (0.84+0.14). A
list of the average relative importance of all variables can be found in Supplementary Information (Table S2).
Together, our results highlight the multifaceted drivers of chemodiversity, suggesting that both natural processes
and anthropogenic activities play significant roles in shaping DOM characteristics in aquatic ecosystems.

The next layer of analysis was focused on evaluating whether local and non-local parameters impacted
chemodiversity differently. Importance of local features (n=11, 18% of important variables) was, on average,
highest for water column height, dissolved oxygen concentration, and surface water temperature (mean FI
(std)=0.66 (0.31), 0.68 (0.21), and 0.83 (0.28), respectively, number of importance metrics=6). The most
important non-local features (mean FI + std) were: evapotranspiration (1.0 £ 0.0), latitude (0.89 +0.30), drainage
area (0.60£0.39), elevation (0.47 +0.39), precipitation (0.56 + 0.23), percent forest cover (0.52+0.27), annual and
summer stream temperature (0.89+0.15 and 0.83+0.15), and percent imperviousness (0.81+0.24) (Fig. 4b).
However, we found no clear statistically significant difference in importance between local (stream variables)
and non-local (watershed) features (Fig. 4a, U=212,p=0.210,n, ,=11L,n . . =51). This finding underscores
the need to consider both in-stream conditions and wider regional watershed characteristics to uncover the
drivers of DOM chemodiversity.

Scaling relationships with biogeographical variables

Of the 62 environmental features important for predicting chemodiversity, we found that the features could be
grouped, using PCA, into five environmental categories: geospatial (latitude), climate (potential ET, surface/
air temperature), geomorphic (area, discharge), land-use (imperviousness, toxic discharge sites), and in-stream
(water column height) (Fig. 5a). By classifying these 62 key features into five environmental categories, we
streamlined the identification of primary drivers of chemical species diversity, thus facilitating more targeted
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Fig. 5. (a) PCA biplot showing the grouping of variables into five broad classes geospatial drivers (latitude,
red), watershed drivers (watershed area, discharge, green), climate drivers (potential ET, surface/air temp,
blue), land-use (% watershed imperviousness, black), and in-stream drivers (water column height, grey).
Numbers in parentheses refer to each numbered line. (b) Importance of features, strength, and directionality of
the scaling relationship. The superscript on different features indicates the database source (Table S2). Ranges
in raw values are below the feature name. Of the 621 total features and 62 important features, we present those
with significant scaling exponent and the intercept term (log10(B)) in the power-law model (p <0.05; Ordinary
Least Squares regression). The average feature importance is the mean importance across the methods used

for sensitivity analysis, namely: Pearson correlation coeflicient, Spearman correlation coefficient, F-test,
Mutual Information, Random Forest, and SHAPley values. The direction of the scaling relationship, i.e., either
increasing (upward arrow) or decreasing (downward arrow) is presented to the right of the feature importance
value. Dark grey boxes with Z values >2 indicate formulae where the scaling exponent is greater than 2.
Feature importance values are summarised in Supplementary Information (Figs. S2, S3, $4, and S5). Z values
are summarised in SI Table S3. Formulae that are: As amino sugar-like, C carbohydrate-like, Lip lipid-like, P
protein-like, UH unsaturated hydrocarbon-like, CH condensed hydrocarbon-like, Lig lignin-like, Tan Tannin-
like. This figure was generated using Python (version 3.10.13, https://www.python.org/) with scikit-learn
(version 0.24.0, https://scikit-learn.org/) for PCA analysis and feature importance calculations. Final figure
formatting was completed using Canva (https://www.canva.com/).
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Fig. 6. (a) Scaling relationship between chemodiversity and latitude for each compound class. Each

dot represents one in-situ data for a particular watershed. Colours represent different DOM compound
classes including As amino sugar-like, C carbohydrate-like, Lip lipid-like, P protein-like, UH unsaturated
hydrocarbon-like, CH condensed hydrocarbon-like, Lig lignin-like, Tan Tannin-like, and others. Lines
represent linear models fit to each compound class where each linear scaling relationship between the
compound class and particular watershed features has an associated B and Z value. (b) Scaling parameters B
(intercept, x-axis) and Z (exponent, y-axis) for chemodiversity coloured by the compound class aggregated
across all watershed features. Lines represent linear models fit to each compound class where each dot
represents the paired B-Z value for each watershed feature and compound class linear scaling model.

(c) Barplot of R? values associated with each linear model in b. Colours vary by the R* magnitude. In
Supplementary Fig. S5, the B and Z values for each compound class are also coloured by the five different
data sources (WHONDRS, StreamStats, HydroSHEDS, EPA-Watershed, and EPA-Catchment). The scaling
exponent and the statistical significance values for all environmental features are found in the Supplementary
Information (SI Table S4). Z and B values for all compound classes and all features (important and
unimportant) are found in the data publication?®.

future studies of chemodiversity. Watershed and stream features, similarly grouped based on the results of PCA
with averaged feature importance environmental variables that showed statistically significant correlations
(p<0.05) with chemodiversity (boxes filled with numbers of Z scaling parameters when Z>0.5) showing
the direction and strength of the scaling relationship. A scaling exponent greater than 2 indicates a supra-
linear (quadratic) or accelerating scaling relationship (negative direction) for carbohydrates and unsaturated
hydrocarbon-like formulae. Mostly linear, and positive direction scaling relationships were found for all of the
other watershed features.

We computed scaling relationships between chemodiversity and categorised features with mean
importance>0.5 (n=40) (Fig. 6a). We used the Jenks natural breaks optimisation method to select this 0.5
threshold. We further report only those relationships where both the scaling exponent (Z) and intercept
(log10(B)) were significant (p <0.05, Ordinary Least Squares regression). Across compound classes, scaling
with watershed latitude revealed systematic variations in relationship strength, direction, and parameters
(Fig. 6a). All compound classes exhibited negative scaling exponents (Z) with latitude, with carbohydrate-like
formulae showing the steepest decline. Intercepts decreased systematically from lignin-like to carbohydrate-like,
suggesting class-specific baseline chemodiversity levels.

The relationship between scaling parameters (Z, B) was linear across compound classes but shifted toward
higher B values, consistent with microbial diversification of labile formulae (Fig. 6b)*”. Parameters were
generally within the range of those reported in other studies (e.g.%%). The unexpected linear Z-B relationships
may reflect consistent functional processes despite watershed heterogeneity. The strong correlation between high
chemodiversity (large positive B) and rapid chemodiversity decline with scale (strong negative Z) suggests the
importance of proximal terrestrial sources in headwater watershed DOM variability®"°.

Discussion

Local vs. non-local influences on DOM chemodiversity

Our findings illustrate that both local (e.g., water temperature, dissolved oxygen) and non-local (e.g.,
evapotranspiration, latitude) factors significantly shape DOM chemodiversity. While water column height
strongly influenced local DOM characteristics, broader factors such as evapotranspiration emerged as critical
predictors of chemodiversity. This challenges the traditional view that in-stream processes predominantly
govern DOM composition, highlighting instead the interplay between immediate environmental conditions and
broader watershed characteristics, as hypothesised. Similarly, research has shown that both local heterogeneity
(e.g., soil pH, conductivity) and broader regional-scale factors drive microbial community composition and
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diversity, highlighting the interplay between immediate environmental conditions and larger-scale drivers’!. The
lack of a statistically significant difference in the importance of local versus non-local features underscores the
need for a more nuanced understanding of their interactions across scales.

Biogeographical patterns

The strongest scaling relationship (Z= —2.1) was a sub-linear scaling of carbohydrate-like chemodiversity with
latitude (chemodiversity = — 18,207 x Latitude "), as expected if freshwater chemodiversity mirrors traditional
biogeographical patterns®”’?> (see Supplementary Data Files: scaling exponent_array.csv, b_array.csv). Like
the well-established latitudinal increase in species richness for terrestrial organisms’>’%, we observed higher
chemodiversity towards the southern end of our environmental gradient (Fig. 5b). This marks one of the first
reported pieces of evidence of such a latitudinal gradient in freshwater chemodiversity®®. This pattern suggests
that shared macroecological factors may shape the arrangement of life on Earth at both the organismal and
molecular levels.

The specific drivers of these gradients may differ between environments and latitudes. For instance,
precipitation, which dominates the diversification of biological species at low latitudes”®, did not emerge as a
strong predictor of DOM chemodiversity in this study’s latitudinal range (i.e., 31.18° N to 48.17° N). Instead,
temperature and evapotranspiration significantly influenced DOM chemodiversity (Fig. 5b). This highlights
the importance of considering water balance and evapotranspirative fluxes in understanding and predicting
molecular diversity patterns in freshwater ecosystems.

Urbanisation, marked by increased impervious surfaces, surprisingly leads to higher chemodiversity in
riverine DOM in our dataset. This contrasts with the expected decrease due to reduced OM processing in
simplified landscapes. This increase is driven by the diverse organic inputs from human activities (fertilisers,
personal care products, pharmaceuticals, waste, etc.), and that cities are complex concentrations of top-down
human and climatic events’®.

Increased aquatic chemodiversity could be conceptually linked to greater diversity within both microbial
and terrestrial plant communities. Although we didn’t directly measure microbial diversity, research indicates
positive relationships between adjacent trophic levels’”-”® and covariation between chemodiversity and microbial
diversity’®. This implies that aquatic microbial communities and terrestrial plant inputs may jointly drive higher
chemodiversity (or vice-versa). It is possible that the information content in diversity is conserved®-32,

If we consider organic matter as part of the aquatic food web, both aquatic microbial and terrestrial plant
diversity could drive higher chemodiversity. Chemodiversity reflects the combined contributions of diverse
source materials (e.g., terrestrial plant detritus) and subsequent microbial processing. Existing evidence suggests
a link between chemodiversity and microbial diversity, though its geographical generalisability beyond lake”
and estuary®>34 environments remains uncertain. Our results hint at a potentially stronger connection between
observed chemodiversity and terrestrial plant diversity compared to in-stream microbial diversity, suggesting
that catchment vegetation may play a more dominant role in shaping DOM composition.

Watershed climatic features, particularly actual evapotranspiration and surface or air temperature, emerged
as significant determinants of chemodiversity, mirroring the latitude-driven biodiversity trends observed in
plant and microbial communities”. This finding is well-supported by theory since in-stream OM is a reflection
of both in-stream and catchment vegetation and microbial biomass and associated products such as microbial
respiration’®8>. This raises a fundamental question: does chemodiversity primarily reflect the richness of source
material entering the system, or does it instead indicate enhanced microbial processing rates? For instance,
elevated temperatures can accelerate the biochemical reactivity of organic matter (OM) across ecosystems®. This
occurs through processes such as depolymerization, increased microbial enzyme production and reactivity, and
changes in soil OM microbial-lability®”. Solar radiation via UV exposure further induces OM transformation®®-*°.

Projected increases in air and surface water temperatures across our study region®® underscore the need
to investigate the specific chemical processes that drive chemodiversity. Warming is likely to increase DOM
chemodiversity due to its cascading effects on primary production, which shifts DOM composition and
microbial-lability”>®. Elevated temperatures also enhance microbial decomposition efficiency, potentially
altering the functional role of microbial communities in transforming DOM pools***°. These cascading effects
highlight the interconnectedness between climate change, microbial activity, and the potential transformation of
DOM pools. While our study was not designed to explicitly rank the relative importance of climatic covariates
and their interactions, the broad consistency of our findings with the latitudinal diversity pattern suggests a
major role for factors related to these climatic drivers.

General scaling relationships among compound classes

We observed consistent positive relationships between the number of potentially biolabile formulae (amino
sugar, carbohydrate, lipid, and protein-like formulae) and key environmental drivers (Fig. 5b, Table S3). These
formulae, despite representing a minority of the overall molecular pool, significantly shaped the observed
variation in chemodiversity (less than 15% of the total number of unique molecular formulae identified, see
also®). This finding supports recent studies showing universal microbial degradation processes in soil can lead
to convergence in overall molecular pool features®’, while the chemodiversity of specific compound classes
continues to increase®’. Furthermore, microbial-driven processes are closely tied to environmental gradients
across scales, reinforcing the idea that potentially biolabile compound classes are likely strongly influenced by
key environmental drivers and spatial scales’’.

Across all watershed features, the scaling relationships built for each compound class shows similarity (Fig. 6).
Whether it is a geospatial feature, climate feature, or land-use feature, across all watersheds and sites, compound
classes scale similarly. When non-linear scaling was observed, for example when the scaling exponent Z is
greater than 2 (carbohydrate-like), small changes in the watershed feature variable lead to disproportionately
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large changes in the chemodiversity. This generally occurred for potentially biolabile formulae (primarily
carbohydrate-like and protein-like formulae with high H/C and low O/C ratios, Figs. 5b, 6b, D’Andrilli et
al.”?, Supplementary Discussion), which had the greatest R? value (Fig. 6¢). R? generally decreased as formula
potentially biolability decreased (e.g., lignins, Fig. 6¢). Together, this suggests that chemical diversity changes
may be driven by the chemodiversity of a subset of potentially biolabile formulae and their presence scales
with commonly measured environmental parameters. The similarity of formulae chemodiversity and watershed
feature scaling relationships, as well as supra-linear scaling for potentially biolabile formulae, across all types
of river networks and watersheds corroborate the patterns of nutrient removal and export from around the
world®8-10%,

Carbohydrate-like formulae exhibited the most robust relationships with watershed features (Figs. 5c¢, 6b,
Table S4). While our study focuses on molecular richness (total number of formulae), recent soil studies have used
varied diversity metrics including proportion and abundance-weighted compounds relative to core formulae
present in all samples®” and Hill’s diversity (abundance-weighted) in addition to molecular richness®’, suggesting
potential cross-ecosystem patterns. One likely explanation is the greater source diversity of carbohydrate-like
formulae (both microbial and plant-derived) compared to more plant-centric formulae like lignins and tannins.
Additionally, given their role as products of microbial decomposition, carbohydrates potentially experience
heightened dispersal and diversification rates linked to the shorter generation times of microbes!%>1%%,

Like ecological communities, ecosystem metabolomes reflect a dynamic interplay of historical processes
driving the addition, removal, and transformation of individual metabolites®2. These processes mirror their
counterparts within biological communities: stochastic events, dispersal, selection based on fitness, and
evolutionary change!'®. Investigating scaling relationships within specific compound classes is especially
promising, given their direct link to biogeochemical functions!%>-197,

Future directions and conclusions

By applying ecological allometric scaling concepts to molecular DOM assemblages, we revealed connections
between watershed features, biodiversity, and biogeochemical cycling. Our findings demonstrate that
chemodiversity patterns manifest at the molecular level, partially supporting our hypothesis of scaling properties
across watersheds and latitudes. While consistent scaling relationships appeared across compound classes,
environmental drivers’ influence varied, reflecting complex interactions between local factors (water temperature,
dissolved oxygen) and non-local factors (evapotranspiration, latitude). Notably, potentially biolabile formulae
displayed supra-linear scaling with non-local features like evapotranspiration, indicating heightened sensitivity
to broader climatic drivers and challenging traditional views of DOM composition determinants.

The WHONDRS dataset’s consistent measurements across diverse sites ensured robust scaling analyses,
suggesting molecular chemodiversity can serve as a proxy for ecosystem processes under changing climatic
conditions. Simple allometric models can bridge spatial and temporal data gaps, offering predictive insights
across riverine systems.

Future research should: (1) experimentally investigate causal mechanisms beyond our correlative findings;
(2) examine alpha, beta, and gamma diversity relationships in molecular contexts’*1%%1%%; (3) test our scaling
relationships’ generalizability across other watersheds; and (4) explore how climate change may alter DOM
composition through identified scaling relationships. By replacing direct environmental traits with broader
watershed proxies, our study demonstrates how large-scale patterns offer insights into complex factors operating
on microscopic communities—enhancing our capacity to forecast ecological changes and their biogeochemical
impacts amid accelerating environmental change.

Data availability

Original watershed data and metadata raw files were downloaded and processed from the following public data
access portals: StreamStats (https:/streamstats.usgs.gov/information-portal/)*®, EPA Waters (Catchment and
Watershed) (https://www.epa.gov/waterdata/waters-geoviewer), and HydroSheds (https://www.hydrosheds.org
/hydroatlas)¥’. Original WHONDRS data is available from ESS-DIVE (https://data.ess-dive.lbl.gov/view/10.15
485/1729719) and (https://data.ess-dive.lbl.gov/view/10.15485/1484811). All of the associated Python scripts,
summarised data files, metadata, and data found in the figures and supplementary information is publicly acces-
sible in an open Zenodo data repository and GitHub at the following links (https://doi.org/10.5281/zenodo.127
89204) and (https://github.com/maruti-iitm/species_area_scaling)*.
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