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Abstract

Statistical classifications and machine-learning-based predictive models are increasingly used for environmental data analysis and
management. There now exist numerous classifications on the same topic but applied to different regions or spatial scales, such
as geomorphic classifications. However, no quantitative meta-analysis framework exists to compare and reconcile across multiple
classifications. To fill this gap, we jointly characterize statistical classifications and predictions by combining information theory
and machine learning in three novel ways by: (i) measuring the degree of discriminatory information underlying a statistical
classification; (ii) estimating the stability of the learning process with tuning entropy; and (iii) leveraging the sequential coarse-
graining of information inherent to deep neural networks but absent from traditional machine learning models. This framework
is applied through a benchmark of 59 millions models on a unique example of a single statistical classification methodology
applied to nine different regions of California, USA. Regional results show that random forest consistently outperforms deep
neural networks. In addition, a correlation analysis between regional characteristics, the level of discriminatory information of
each classification, and the performance in statistical learning explains variations in performance and reveals the decisive role
of the spatial scale of classification outputs. Because such a spatial scale is itself linked to the common situation of limited
field sampling, directly comparing findings from statistical classifications and associated predictions appears seldom justified.
A more desirable avenue to compare findings lies in combining data underlying statistical approaches in an interpretable and

justifiable environmental data science.
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Key Points:

¢ The information ingrained in statistical classifications explains the performance of their machine-learning
predictions

e The difference in traditional and deep learning performance prognosticates the minimum degree of in-
formation needed to separate classes

« Sampling trade-off occurs between capturing natural variability at a uniform level of detail and en-

suring robust generalization
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Abstract

Statistical classifications and machine-learning-based predictive models are increasingly used for en-

vironmental data analysis and management. There now exist numerous classifications on the same topic but

applied to different regions or spatial scales, such as geomorphic classifications. However, no quantitative

meta-analysis framework exists to compare and reconcile across multiple classifications. To fill this gap, we

jointly characterize statistical classifications and predictions by combining information theory and machine

learning in three novel ways by: (i) measuring the degree of discriminatory information underlying a sta-

tistical classification; (ii) estimating the stability of the learning process with tuning entropy; and (iii) lever-

aging the sequential coarse-graining of information inherent to deep neural networks but absent from tra-

ditional machine learning models. This framework is applied through a benchmark of 59 millions models on

a unique example of a single statistical classification methodology applied to nine different regions of Cal-

ifornia, USA. Regional results show that random forest consistently outperforms deep neural networks. In

addition, a correlation analysis between regional characteristics, the level of discriminatory information of

each classification, and the performance in statistical learning explains variations in performance and reveals

the decisive role of the spatial scale of classification outputs. Because such a spatial scale is itself linked to

the common situation of limited field sampling, directly comparing findings from statistical classifications

and associated predictions appears seldom justified. A more desirable avenue to compare findings lies in com-

bining data underlying statistical approaches in an interpretable and justifiable environmental data science.



2 1 Introduction

33 Machine Learning (ML) is becoming increasingly prevalent in natural sciences because of its ability to

34 identify and predict patterns in large and complex datasets (Shen, 2018; Bergen et al., 2019; Reichstein et

3 al., 2019). In hydrologic sciences, this popularity leads to an increasing number of statistical classifications
36 and ML predictions of patterns of hydrologic response and channel forms at regional, continental and global
7 scales (Table 1). A statistical classification (e.g., hierarchical clustering) identifies latent patterns directly

38 from data, and a predictive ML model (e.g., random forest, neural networks) estimates a relationship be-

30 tween data and already labelled patterns, or labels. In addition, statistical classification and predictive mod-

40 elling may augment one another. For example, in Byrne et al. (2019) and Guillon et al. (2020), the labels

a outputted by a statistical classification were fed into a predictive model using more-readily available data

w2 (e.g., remote sensing) than the one used for classifying. Alternatively, in McManamay et al. (2018), the dataset

a3 used in classification was completed using predictive models.

4 Classification and pattern recognition are routine human activities in both science and management,

a5 but the ability to integrate across many studies to reveal underlying natural phenomena hinges on the com-
46 patibility of numerous and likely divergent methodological choices. There are many classification purposes,

a7 data types, approaches, and instances for the same environmental systems, yet science needs to synthesize

a8 and interpret that diversity and complexity to enable broader understanding and societal benefit beyond each
49 original classification application. Hence, while the growing number of statistical classifications provides ma-
50 terial for meta-analysis at increasingly larger scales, a quantitative approach to compare such statistical find-
51 ings is missing, limiting the potential for scientific synthesis. As a result, meta-analysis dominantly relies on
52 expert knowledge. For example, in a rare instance of comparison of geomorphic classifications, Kasprak et

53 al. (2016) compared the results from three conceptual and one statistical approaches to classifying river chan-
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nels within a single watershed of the Columbia River Basin, USA, and found generally comparable outputs.

Kasprak et al. (2016) heuristically attributed the fuzzy correspondence across classifications to the geomor-

phic linkage between form and process (Davis, 1899) inherent to the empirical classifications tested, which

differed in their required input data and spatio-temporal scale of their labels. Yet, both for empirical and

statistical classifications, it is unclear how to integrate findings beyond one individual geographic area into

knowledge in other regions or at larger scales. In addition, there has been no attempt to quantitatively com-

pare one or multiple statistical classifications within or between study areas.

In this study, we develop a quantitative approach for comparing statistical classifications which, albeit

developed in the context of fluvial geomorphology, is intended for use across all environmental sciences. The

developed framework is capable of answering important scientific synthesis questions in the testbed context

of fluvial geomorphology: why do different statistical classifications end up with different numbers of classes,

and how does this relate to ML performance? We leverage nine statistical classifications of river channel forms,

stemming from a single classification methodology (Byrne et al., 2019), and recently developed for nine dis-

tinct regions of California, USA. Our approach, rooted in information theory and machine learning, increases

the interpretability of each individual classification and enables the direct comparison of distinct classifica-

tions established in different or the same region into an overarching unified classification to facilitate anal-

ysis and management. Specifically, we characterize each classification by its information content and by the

performance of the associated predictive models. Study results yield general implications for the sampling

strategies at the core of statistical classifications and subsequent predictions. The rest of the article is or-

ganized as follows. The next section introduces necessary background on information theory and machine

learning. Section 3 details our case study and methods. Section 4 presents results and section 5 discusses

their implications and limitations. Section 6 concludes by summarizing our findings.
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2 Background on Information Theory and Artificial Intelligence

Since their inception in the 1950s, artificial intelligence (AI) and information theory have been closely

related. In fact, at the 1956 Dartmouth Workshop on Artificial Intelligence, a landmark event for the foun-

dation of AI, one of the attendants was Claude Shannon, the founder of information theory with his sem-

inal paper “A Mathematical Theory of Communication” (Shannon, 1948). Broadly, information theory is

concerned with estimating (and preserving) the statistical structure of a message communicated with noise

and AT is concerned with mimicking (human) cognition processes. Seventy years later, both fields span a vast

scope and, because of their shared roots in statistics and computer science, are present to some extent in

most fields of science. In particular, machine learning (ML), the subfield of AT concerned with pattern recog-

nition with self-improving algorithms (Michie, 1968), is increasingly popular.

Hydrological sciences have increasingly incorporated information theory and Al. For information the-

ory, this is best exemplified by a recent series of articles debating its relation with statistical physics (Perdigao

et al., 2020), inference (Nearing et al., 2020) and model parsimony (Weijs & Ruddell, 2020) and for AI, by

a recent review of the hydrologic applications and associated challenges of deep learning (detailed below, Shen,

2018). Some specific examples of information theoretic approaches include evaluating causality in dynam-

ical systems (Jiang & Kumar, 2019), identifying hydrologic response times (Tennant et al., n.d.), interpo-

lating spatial data (Thiesen et al., 2020), and diagnosing the performance (Ruddell et al., 2019) and struc-

ture (Bennett et al., 2019) of physics-based hydrologic models. Furthermore, applications of deep learning

are becoming pervasive in hydrology, for example to predict streamflow (e.g. Kratzert et al., 2019; Worland

et al., 2019; Tennant et al., n.d.), downscale satellite products (e.g. Alemohammad et al., 2018) or model

outputs (e.g. Pan et al., 2019), reconstruct historic flood (e.g. Bomers et al., 2019) and classify images (e.g.

Ling et al., 2019).
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Deep learning repeats and stacks the basic structure of an artificial neural network (LeCun et al., 2015).

An artificial neural network is constituted by a succession of layers of connected neurons. Each neuron holds

a weight, describing its connection with neurons in the next layer, and some form of activation, function-

ally combining inputs from neurons in the previous layer. The first, last and in-between layers correspond

to input, output, and hidden layers, respectively. A shallow neural network has one hidden layer, a deep neu-

ral network (DNN) has more than one hidden layer and numerous architectures exist to arrange the hidden

layers and their connections (see (Shen, 2018) for example in hydrologic sciences).

While deep learning can predict complex patterns (LeCun et al., 2015), its performance is only par-

tially explained by how a deep neural network processes information. DNN can approximate any function

(Cybenko, 1989; Hornik et al., 1989) without settling in local optima (Baldassi et al., 2016) or suffering from

over-parameterization (Belkin et al., 2019; Geiger et al., 2019). Notwithstanding, a complete theoretical ex-

planation of DNN’s ability to generalize learned patterns is still missing (Zhang et al., 2016). Nonetheless,

deep learning success is tied to the stacked architecture of DNN, which sequentially reverses the hierarchi-

cal generative process between output and input (H. W. Lin et al., 2017). In particular, the sequential pro-

cessing of the data through the hidden layers optimally decouple dependent inputs, extract relevant infor-

mation from noise and compress it to allow generalization (Tishby & Zaslavsky, 2015; Shwartz-Ziv & Tishby,

2017). Such information distillation, or the sequential coarse-graining of information from a microscopic scale

to a macroscopic scale, led to decisive cross-pollination between statistical learning and statistical physics

(H. W. Lin et al., 2017; Carleo et al., 2019).

Information distillation is absent from Support Vector Machine (SVM) and Random Forest (RF), two

of the most used traditional machine learning methods (i.e. non-deep learning). SVM is a maximum mar-

gin classifier where the width of the margin between classes is defined by the distance between each class’
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closest points forming the support vectors of the class boundary (Cortes & Vapnik, 1995). While filtering

the information inputted to SVM is a common practice, SVM itself omits explicit information distillation.

RF is an ensemble of classification and regression trees (Breiman et al., 1984) and includes at each split of

each tree an information selection process based on the Gini coefficient or on an information theory mea-

sure. The repetition of this information selection process in each tree of the forest is combined with inter-

nal bagging and leads to (mostly) uncorrelated trees which makes the ensemble decision process robust to

noise and yields good generalization. While this repeated and random predictor selection explains the per-

formance of RF when the training dataset is reduced, noisy or both (Fox et al., 2017), it is distinct from the

information distillation present in DNN. In this study, we relate this distinction in information processing

between deep learning and traditional ML to the information ingrained in the labels from statistical clas-

sifications

3 A Quantitative Approach for Comparing Statistical Classifications

To characterize each individual classification and allow for cross-comparison, we aim to evaluate (i) the

degree of discriminatory information ingrained in each classification, that is the amount of information needed

to separate class examples, and (ii) the performance of ML models. Then, we investigate the potential link-

ages between the degree of discriminatory information and ML model performance by performing a corre-

lation analysis. For completeness, we also include in this correlation regional classification characteristics like

the number of observations. The following sections detail the derivation of each variable included in the cor-

relation analysis.
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3.1 Statistical Classifications of California Channel Types

As a case study, we use independent channel classifications for nine regions of California (USA), a phys-

iographically diverse state (Mount, 1995) with numerous integrated management challenges (e.g. Lane et al.,

2018). The nine regions vary in terms of size, hydro-climate, physiography, and geology (Fig. 1, Table 2).

Each region received a different intensity of sampling due to financial and logistical constraints, rareness of

some natural conditions, and the limited remains of sufficiently natural sites for some channel types (Table

3). For example, small, low-order, unconfined streams in mountain meadows and on valley floors are ubiq-

uitously plowed over for various land uses. Among selected sites for all regions, all observations were made

using the same procedures by people trained together to yield standardized results. Sampling locations for

each region were randomly selected in a stratified scheme aimed at capturing the existing natural variabil-

ity in terms of four GIS-derived attributes: 10-m digital elevation model channel slope, valley confinement,

drainage area and sediment supply. The channel classification for each region was made using the same an-

alytical methodology (Byrne et al., 2019) involving hierarchical clustering mostly based on field-measured

channel attributes (e.g. bankfull channel width and depth, width and depth variability, grain size metrics,

and channel slope), but also including GIS-derived valley confinement and catchment area. In total, 1,110

observations were used to produce nine regional statistical classifications (Fig. 1, Table 3). The labels re-

sulting from the classifications, the channel types, are identified and named in terms of valley confinement,

bed morphology and sediment size (e.g. unconfined riffle-pool sand-bedded river, confined cascade/step-pool

stream with boulders).
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3.2 Estimating Information Needed to Discriminate between Classes

The degree of information inherent to each statistical classification relates to the information needed
to discriminate between each label of each classification and is derived from information theory metrics. We
detail below the relations between entropy, conditional entropy, mutual information, Kullback-Leibler diver-

gence, Jensen-Shannon divergence and Jensen-Shannon distance.

Shannon’s entropy describes the predictability of a random variable X with discrete probability mass

function P over n outcomes (Shannon, 1948):

n

H(X) ==Y P(x;)logyP(;)
=1

with b, the base of the logarithm function; when b = 2, information theory metrics have units of bit.
If the distribution is biased towards a specific outcome, entropy is low. Conversely, entropy is maximum when
all outcomes are equally probable. Following the rules of statistics, entropy can be conditioned on the dis-
tribution of another random variable Y. Then, conditional entropy, H(X|Y), represents the uncertainty left

in X after learning the outcome of Y (Shannon, 1948):

n n

H(X|Y) = —ZP(%) > P(ailyi)loge P(xily:)

From entropy and conditional entropy definitions stems mutual information, a measure of the degree

of information shared between X and Y (Shannon, 1948):

MI[X;Y] = H(X) - H(X|Y)
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where the right-hand side is the difference between the uncertainty in X before and after the outcome
of Y becomes known. Mutual information is symmetric, MI[X;Y] = MI[Y; X], and zero if X and Yare

statistically independent.

The Kullback-Leibler divergence describes the mean information for discriminating between discrete

probability distributions P and @ by observing P only (Kullback & Leibler, 1951):

- P(x;)
KL ; ng(Ii)

Formally, the Kullback-Leibler divergence is the expectation of the logarithmic difference between dis-
crete probability distributions P and @ with respect to probability distribution P. Because of this, the Kullback-

Leibler divergence is asymmetric and, in non-trivial cases, D1, (P, Q) # Dkr(Q, P).

The Jensen-Shannon divergence is a measure of discrimination between two probability distribution

functions and is directly related to the Kullback-Leibler divergence (J. Lin, 1991; Topsoe, 2000):

D;s(P,Q) = Dk (P, R) + Dci(Q. R)

with R = %(P—&—Q) the midpoint probability. The Jensen-Shannon distance, djg = D}/; retains the
advantageous symmetric property of the Jensen-Shannon divergence, while satisfying the triangular inequal-
ity and being a proper distance metric (Endres & Schindelin, 2003) which allows for constructing distance

matrices; a common tool in data analysis (e.g. correlation matrix).

In the California channel classification case, for each regional classification and between each pair of

its channel types, we calculate the average d g from the distributions of seven channel attributes measured

~10—
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in-situ: bankfull depth, bankfull width, bankfull width-to-depth ratio, coefficients of variation for width and
depth and the 50th and 84th percentiles of grain size (D50, D84). Channel types with high d ;g are defined
from more distinct underlying information, requiring on average a lower degree of information (i.e. less in-
formation) for discriminating between them. Conversely, channel types with low djg are defined from less
distinct underlying information, requiring on average a higher degree of information (i.e. more information)

to discriminate between them. Importantly, the channel attributes used to construct the Jensen-Shannon
distance matrix excludes the four coarser-scale GIS metrics used to stratify the random sampling, even though
two of them (area and confinement) were prominent in classifying some regions. In consequence, the djs rep-
resents here the degree of discriminatory information potentially missing from coarser-scale predictors. Each
regional d ;g matrix is summarized by its median Jensen-Shannon distance, dys, representing the typical de-

gree of information needed to separate class examples in a given regional classification.

3.3 Assessing Performance of Machine Learning Models

Given a regional channel classification created by identifying patterns from data mainly measured in-
situ, MLL prediction aims to assign labels to the remaining unsampled sites throughout the region, on the
basis of coarser scale remote sensing and GIS data. Our three-tiered ML framework is based on Guillon et
al. (2020) with the following modifications (Fig. 2). Predictors (Table 4) are selected prior to statistical learn-
ing by an information filter and 49 runs are performed with a number of predictors between 2 and 50. For
each region, three baseline models (naive bayes, featureless and k-nearest-neighbor) are trained with default
hyper-parameters and DNN, SVM and RF models are tuned with nested resampling. This allows for eval-
uating the stability of the tuning process and selecting an optimal number of predictors. We detail in the

following how predictors are filtered and how ML model performance is measured.

—11—



200 3.3.1 Filtering Predictors

210 The inclusion of a high number of irrelevant predictors may lead to over-fitting, hindering a robust gen-

n eralization. In the complex problem of predicting fine-scale labels with coarser-scale geospatial predictors,

212 Guillon et al. (2020) selected groups of predictors using data complexity measures (Lorena et al., 2018). Here,
213 we select individual predictors using a filtering method based on mutual information (Guyon & Elisseeff, 2003).
214 Such a filter maximizes the relevance of the predictors used to identify the channel types based on the sta-

215 tistical relationship between predictor and channel types distribution. As the filtering is based on field-measured
216 data at observation locations, it may be biased according to the observed distribution of channel types (Ta-

217 ble 3). To address this issue and derive a more robust filter, the filtering is averaged over 500 iterations, each

218 using 80% of the training data in a stratified subsampling scheme. This selects predictors that have the high-

219 est degree of statistical dependence with respect to the channel types distribution.

220 Filtering predictors with mutual information is algorithm-agnostic but maximizes predictor relevance
21 without consideration for redundancy. Nonetheless, only perfectly correlated variables are truly redundant
2 with no additional information gained by adding them. In fact, engineering new predictors from highly cor-
23 related but complementary predictors may increase class separation (Guyon & Elisseeff, 2003). Yet, the three
224 ML models tested here have a different inherent relationship to the predictor space and might be impacted
25 differently. SVM calculates its maximum margin at once for the entire predictor space and likely benefits
226 from removing redundant predictors. In RF, each decision tree is built sequentially by comparing at each
227 split a subset of individual predictors against a subset of observations. The ensemble decision process im-
28 plicitly combines predictors while being able to robustly filter out irrelevant predictors. In DNN, multiple
29 hidden layers of neurons act as latent predictors by combining input. In consequence, removing highly cor-
230 related but complementary predictors may impact DNN performance negatively by hindering the discov-

—12—
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ery of relevant latent predictors. Thus, to reduce near-perfect redundancy without potentially impacting DNN

performance, predictors with correlation greater than 0.95 are filtered out before entering the information

filter (Fig. 2).

3.3.2 Measuring Performance

We assess ML model performance in both statistical learning and predictive modeling. The performance

in statistical learning is assessed by benchmarking ML models across the nine regions of study using area-

under-curve (AUC) and hyper-parameter tuning entropy. The observations are balanced using Synthetic Mi-

nority Oversampling TEchnique (Chawla et al., 2002) and the input data are filtered for no-variance pre-

dictors, centered and scaled, and missing values are imputed with a median imputation. The tuning is dis-

crete with length 16 for RF and SVM, and random with 100 iterations for DNN. DNN are trained during

20 epochs and with a batch number between 120 and 560 depending on the size of the training dataset for

each region of study. The benchmark is performed with nested resampling that estimates the robustness of

the tuning process and limits over-fitting by using two nested loops: an inner loop for model tuning and an

outer loop for model selection (Bischl et al., 2012, Fig. 2). Here, the outer resampling is a 10-fold stratified

cross-validation repeated 10 times, and the inner resampling is a 10-fold stratified cross-validation. While

traditional resampling leads to a distribution of model performance, nested resampling additionally provides

a distribution of best-tuned hyper-parameters. In consequence, in addition to AUC, the performance of the

model is assessed by estimating the hyper-parameter tuning entropy from the distribution of their best-tuned

hyper-parameters. AUC is preferred here to accuracy for its higher discrimination performance, its relation

to class-separability and its suitability for limited dataset (Rosset, 2004; Huang & Ling, 2005; Ferri et al.,

~13-



252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

2009). Combined with 49 runs of predictor selection, these benchmark parameters lead to training 57,267,000

tuned models and 132,300 baseline models (6,510,000 per region).

For each region, the selection of the optimal model is based on the statistical differences between AUC

distributions for different numbers of predictors. The selection is performed in a sliding window of 7 mod-

els, meaning that one model with M(n) with n predictors is compared to the following models {M(n+1)

. M(n + 6)}. The statistical comparison is performed by a Dunn’s test with a Bonferroni correction of

the p-value to account for multiple comparisons. In consequence, a difference is considered significant if the

test p-value is lower than 0.05/7 ~ 0.007.

Similar to Guillon et al. (2020), the performance in predictive modeling is assessed for each region at

the network-scale using entropy rate and an expert evaluation of the geomorphic relevance of the predictions

(Fig. 2). Entropy rate leverages the network structure of the predictions and estimates the stability of the

predictions from the transition probabilities between each channel type. Such entropy rate prognosticates

the prediction skill of a model (Stephenson & Dolas-Reyes, 2000; Roulston & Smith, 2002) and helps select

models providing the best information (Daley & Vere-Jones, 2004; Nearing & Gupta, 2015). Both metrics

are computed from predictions after a cross-validated multinomial calibration that corrects the potential dis-

tortion of posterior probabilities and improves model performance (DeGroot & Fienberg, 1983; Zadrozny,

2002; Niculescu-Mizil & Caruana, 2005).

3.4 Correlation Analysis

The previous subsections explain how the three main types of data characterizing each regional clas-

sification were obtained to enable cross-classification comparison. A correlation analysis then elucidates the

potential linkages between variables describing each region, measures of the information ingrained in sta-

—14—
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tistical classifications, and measures of the performance of traditional ML models and deep learning mod-
els. The regional variables included are: number of observations, area, observation density, number of classes,
and number of confined classes. Confined channel types are likely the most difficult classes to correctly iden-
tify because their more limited spatial imprint is imperfectly captured by large scale geospatial predictors
(Guillon et al., 2020). The degree of required discriminatory information ds in each regional classification

is aggregated by a median value over all classes and by minima min {J JS} over all classes and confined classes
only. The ML model performance metric variables include AUC, accuracy, hyper-parameter tuning entropy,
entropy rate and the relative difference in performance between traditional and deep learning models. Both
Pearson and Spearman correlation were performed on scaled data and yielded similar results. Because of

the limited dataset (n = 9), we present the average of 500 correlations performed with a 80% subsampling.

4 Results

In the following section, we report results for: (i) the discriminatory information ingrained in each sta-
tistical classification; (ii) the performance of ML models in statistical learning and predictive modeling; and

(iii) the correlation analysis between regional characteristics and ML model performance.

4.1 Information Needed to Discriminate between Classes

The median degree of information required to discriminate between classes, djg, is varied between the
different regional classifications. An example of derivation of Jensen-Shannon distance is provided for the
Sacramento region (Fig. 3) while being directly summarized for all nine Jensen-Shannon distance matrices
(Table 5). The two regions requiring the least amount of discriminatory information are SJT and SFE. The

two regions requiring the largest amount of discriminatory information are NC and SAC. In most regions,

~15—
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djs decreases when considering confined channel types, indicating that these channel types require more in-

formation to be identified. Nonetheless, in seven regions, the minimum d ;g is not between two confined chan-

nel types (Table 5).

4.2 Performance in Statistical Learning and Predictive Modelling

RF outperforms other models in terms of AUC, even with an increasing number of predictors (Fig. 4).

The performance of all models increases with additional predictors, but RF consistently displays a greater

and faster increase in its performance. In NC, SC and SFE regions, additional predictors decrease the per-

formance of the naive bayes model, suggesting the progressive inclusion of irrelevant or noisy predictors in

the learning process. Furthermore, DNN significantly underperforms, only outperforming the default near-

est neighbour baseline model in two of nine regions: SC and SFE.

Tuning entropy remains high for all models and increases with the number of predictors (Fig. 5). This

effect is generally more marked for SVM or DNN than for RF. DNN’s tuning entropy is high yet stable with

respect to the number of predictors. For DNN, the tuning entropy is an average of the tuning entropies of

its seven hyper-parameters (Fig. 6a). Interestingly, across all regions, the same trend is observed for these

hyperparameters, pointing to a more stable learning process for DNN than for SVM or RF. The RF learn-

ing process appears relatively stable in most regions with exception of SCC and SECA (Fig. 6b). Tuning

entropies are high and with similar values for both RF and SVM in SAC, SC, and SECA regions (Fig. 5).

RF tuning entropy is clearly higher than SVM’s one in the SCC region. RF tuning entropy is, however, clearly

lower than SVM’s one in K, NC, NCC, SFE and SJT regions. In all regions, RF tuning entropy rapidly in-

creases with the initial addition of predictors before either reaching a plateau. However, after this initial in-

crease, the evolution of RF tuning entropy with the number of predictors is nuanced. In K, NC, SAC, SECA,

~16—
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SFE and SJT regions, tuning entropy tend to then decreases with additional predictors, whereas it increases

in NCC, SC and SCC regions. While maintaining a relatively high tuning entropy, the optimal RF models

use in general a lower number of predictors than SVM or DNN (Table 6) and clearly outperforms the other

two models in terms of AUC and accuracy (Fig. 4). In consequence, RF is selected for performing the pre-

dictions. Such performance in statistical learning of RF precludes using entropy rate and stream-segment

entropy to select one final predictive model as done by Guillon et al. (2020).

RF predictions generally conform with expert-based expectations of the regional distribution of chan-

nel types (Fig. 7). Across all regions, valley confinement is most often selected as a predictor in the opti-

mal RF models (Fig. 8). In more than half of the nine regions, the standard deviation of elevation, the sta-

tistical roughness of topography at short spatial scales (Hurst coefficients), median slope and curvature met-

rics are selected as relevant predictors. Drainage area at the watershed and stream interval scales appears

relevant albeit only in less than half of the regions. Contextual predictors only appear in the optimal set of

predictors in SC region where, after valley confinement and drainage area metrics, they correspond to nine

predictors describing lithology (6) and land use (3).

4.3 Correlation Analysis

Correlation analysis revealed that different classifications yield a varying number of channel types and

a varying ML performance as a result of a few sampling design factors (Tables 2,5-6; Fig. 4,9). For regional

characteristics, the number of channel types is strongly linked to the number of observations (r = 0.90).

As expected, observation density is negatively correlated with catchment area (r = —0.62), but the num-

ber of channel types and the number of observations are inconclusively linked to area and observation den-

sity. Area and observation density are negatively correlated with the number of confined channel types (r =

17—



335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

—0.47 and r = 0.65, respectively). The observation density and area are not correlated with the statisti-

cal learning performance for DNN or RF (Fig. 9a-b). Instead, statistical learning performance metrics are

anti-correlated with the number of observations, the number of channel types and the number of confined

channel types. They are also positively correlated with one another. Similarly, all variations of d ;g are pos-

itively correlated with one another. All d;g metrics positively correlate with statistical learning performance

metrics, more so with AUC. However, they are negatively correlated with the number of observations and

the number of classes.

The less information needed to separate classes, the more stable the label predictions are. Entropy rate

is generally anti-correlated with d ;g metrics, especially with the minimum d ;g for confined channel types

(r = —0.80), and weakly correlated with regional metrics increasing the complexity of the classification task:

number of observations, number of channel types and number of confined channel types. For RF, entropy

rate and hyper-parameter tuning entropy are only weakly linked (r = —0.32, Fig. 9b) and both are weakly

anticorrelated with statistical learning performance metrics. Hyper-parameter tuning entropy appears mostly

disconnected from statistical learning performance metrics (r = —0.10, r ~ 0). In general, hyper-parameter

tuning entropy shows weak correlation with the other variables with exception of the minimum d ;g for con-

fined channel types (r = 0.48) and the number of confined channel types (r = —49). This suggests that

hyper-parameter tuning entropy increases with decreasing complexity while entropy rate increases with in-

creasing complexity.

The difference in performance between traditional ML models and deep learning models prognosticates

the required degree of discriminatory information (Fig. 9c). The correlation of the statistical learning met-

rics are inverted with respect to DNN and RF correlations (Fig. 9a-b). The difference in statistical learn-

ing performance between RF and DNN correlates with the number of observations, the number of channel
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types and the number of confined channel types while being negatively correlated with all of the d ;g met-

rics quantifying the degree of discriminatory information needed to separate the channel types, in partic-

ular minimum d;g.

5 Discussion

5.1 Discriminatory Information Explains why RF Outperforms DNN

Our proposed framework characterizes each individual classification by estimating the typical amount

of information needed to discriminate between classes. This measure provides major insights into the mean-

ing of the labels derived from statistical classifications, importantly helping their interpretation and com-

parison. In particular, the difference in discriminatory information (Table 5) is interpreted as differences in

the scale at which the labels are inherently defined between the different regional classifications. In the ap-

plication to statistical classifications of channel types in California, we suggest that the degree of discrim-

inatory information is linked to the scale mismatch between labels and geospatial predictors and explains

deep learning under-performance.

Even when selecting predictors inputted to ML models, RF outperforms SVM and DNN. Filtering the

predictors makes for a fair benchmark for SVM which does not include any predictor selection process like

RF or DNN. Yet, the tuning entropy results (Fig. 6) underline that SVM exhibits a noisy statistical learn-

ing without one defined value for its hyper-parameter. Nonetheless, the SVM included in the benchmark is

a linear SVM and a kernelized SVM may display a better performance by being able to capture non-linear

patterns.

As in Guillon et al. (2020), DNN underperforms relative to other ML models in most regions (Fig. 4)

while exhibiting stable statistical learning with a more defined choice of hyper-parameters than RF or SVM,
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and across all regions (Fig. 6). Two combined reasons explain DNN under-performance. First, in general,

DNN performance increases with the number of available observations, and the current data deluge helps

explain their increasing popularity (LeCun et al., 2015). Second, the performance of DNN is tied to infor-

mation distillation through the successive layers of the networks, which filters out irrelevant information from

the input to predict the output. In the California channel classification case, the datasets are limited in size

(Table 2) and the output labels are defined from field scale data (< 200 m) while the input predictors are

defined at a coarser scale (> 500 m, Table 4). This scale mismatch corresponds to missing or overly noisy

information, which precludes efficient information processing in the DNN and the reverse engineering of the

hierarchical generative process between input and output (Tishby & Zaslavsky, 2015; H. W. Lin et al., 2017).

The effect of the scale mismatch is exemplified by the correlation between required discriminatory informa-

tion from the datasets used to generate the labels and the performance of DNN relative to RF: the coarser

the label, the lower the difference between RF and DNN (Fig. 9¢). With additional observations, DNN in-

formation distillation is likely to better filter out noisy information, reducing the gap in performance between

RF and DNN. However, in the case of limited and noisy datasets with potential scale mismatch in the def-

inition of labels and predictors, a common issue in environmental sciences, it is likely that RF-inspired al-

gorithms will consistently outperform DNN-inspired algorithms.

An objective constraint on the specific scale of the set of statistical classification labels, such as found

in this study from discriminatory information (Fig. 3) and deep learning relative performance (Fig. 9c), is

likely beneficial for a wide variety of classifications across the hydrologic sciences. In particular, the same

label is often used by different scientists to represent a range of spatial or temporal scales. For example, in

fluvial geomorphology, a common label applied to a site on a river is a “riffle-pool reach”. However, this la-

bel has no inherent spatial scale: some studies use it to refer to lengths as short as 1-5 times channel width,
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while others use the same label to refer to lengths as long as 100-1000 times channel width. Having more

explicitly defined scales associated with statistically derived labels would yield a more universal lexicon and

facilitate a better understanding of eco-physical processes intertwined with spatio-temporal patterns rep-

resented by labels. For classifications based on time series analysis, we suggest that the information content

of the core data (i.e. temporal resolution, number of stations) defines the spatial or temporal scale of the

resulting labels. Interestingly, our correlation analysis shows that discriminatory information, or scale, is equally

evaluated either from the data used for the classification (Fig. 3, Table 5) or from the relative performance

of traditional and deep learning approaches (Fig 9¢). Below, we further discuss the main implications of our

results in terms of limitations, analysis and management implications.

5.2 Limitations

While statistical learning performs well to estimate patterns between channel types and predictors (Fig.

4), generalizing the learned pattern in predictive modeling and assessing the geomorphic relevance of the re-

sulting predictions lead to implementing a post-hoc heuristics to predictions in one of nine regions. The ge-

omorphic relevance is qualitatively assessed by comparing the predicted spatial distributions of channel types

with their expert-based expected spatial distribution. In the K region, the mainstem channel type K03 is

hardly predicted to occur in the mainstem where it ought to and a stream-order-based heuristic was imple-

mented.

Limited sampling mainly explains the need for a post-hoc heuristic to conform ML predictions with

expert-knowledge expectations in K region. Channel types exist in significantly different natural abundances,

with some types quite rare and difficult to isolate in the sampling scheme, and other types so anthropogeni-

cally impacted as to be all but unavailable to sample despite their potential importance for aquatic and ri-
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parian ecology. In all regions, the unequal sampling of channel types (Table 3), that is the imbalance in the

classification labels, is addressed with the commonly used SMOTE (Chawla et al., 2002) which generates

synthetic observations and helps the statistical learning of channel types with a lower number of examples.

However, the random generation of synthetic observations is handled with a k-Nearest Neighbour algorithm

(with in our case k& < 5 depending on the number of available observations). In consequence, fewer field

observations of a channel type lead to less diversity in the corresponding synthetic data, hindering a robust

learning of the patterns between under-sampled channel types and predictors. In the K regions, the mispre-

dicted channel type has the lowest possible value for prevalence, 1 over 105 observations, and thus for the

diversity in the associated synthetic data (Table 3). The next lowest value of prevalence, 4, appears high enough

across all regions to enable robust pattern learning when compared to expert evaluation. Interestingly, the

most of the under-sampled channel types fall into two categories tied to the logistics of in-situ sampling: high-

order main stem rivers and low-order steep cascade/step-pool channels. High-order main stem rivers are of-

ten highly channelized and far from natural conditions while displaying dimensions and water depth that

hinder field sampling. Low-order steep cascade/step-pool channels are difficult to access through private land

and remote, dangerous terrain, leading to sampling a specific subset of most accessible channels.

5.3 Implications

The results of this study have some general implications for the sampling strategies at the core of sta-

tistical classifications and subsequent predictions. Our correlation analysis underlines a positive correlation

between the number of field observations and the number of classes and a negative correlation between the

number of classes and the required discriminatory information. This then translates into better ML perfor-

mance. This is somewhat paradoxical yet explicable. With fewer observations, the likelihood of finding sta-
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tistically significant groupings decreases resulting in fewer classes, which can be separated with coarser in-

formation, reducing the complexity of the problem. In other words, with fewer observations, one can get away

with a simpler, coarse-scale problem to solve. An increasing number of observations leads to fine-scale la-

bels, at least for some channel types, and to a more complex problem including mismatched scales. For ex-

ample, riffle-pool reaches are so common that random sampling is likely to oversample them (even with our

effort to stratify sampling using four meaningful catchment scale variables), yielding more variety of riffle-

pool reach channel types. In contrast, there could be an equal diversity of cascade reach types, but if there

are fewer of these sites in the geographical study area or there are randomly fewer sampled, then the clas-

sification is more likely to lump them together into one class. Thus, the outcome can be mismatched scales

of classification between broader channel types, and even when statistical learning performs well, general-

izing the learned pattern beyond the training datasets may be hindered by insufficient sampling. Consequently,

there exists a sweet spot between sampling enough to capture some of the natural variability in the study

area at a uniform level of detail across broad channel types and sampling more but not enough to ensure

that a generalizable pattern is learned across all broad channel types to yield an equivalent diversity of fine-

scale labels. This is likely an ubiquitous problem in natural sciences where classification and prediction con-

tend with a mix of rare and common types, multi-scalar typologies, uneven anthropogenic disturbance across

types, limited sampling capability, and high uncertainty in design of the sampling strategy. The character-

ization of this sampling optimum is beyond the scope of this study as it likely depends on the definition of

the statistical classification which then conditions the performance in statistical learning.

The increasing popularity of statistical classifications begs the question of how one would compare them.

Our application of one statistical classification methodology to multiple regions indicates that it is not a straight-

forward task. This likely remains true when comparing different statistical classification methodologies in
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a single region of interest. In particular, the information content of the classification, interpreted as the over-

all spatial scale at which channel types are defined, vastly differs, impacting performance in statistical learn-

ing and predictive modeling. This hinders direct comparison between statistical classification outputs, as the

statistical classification results in a fuzzy correspondence akin to the loose agreement between empirical clas-

sifications of channel types (Kasprak et al., 2016). A better strategy to robustly compare areas of study or

combine results from statistical classifications is to assemble a dataset spanning geographical areas and per-

form a new bottom-up statistical classification pooling all data into one set. This better ensures that labels

are defined with a similar level of information. However such an approach is only tractable if the underly-

ing sampling methods, raw data, and data processing steps of statistical classification are reasonably sim-

ilar. All data also has to be publicly available from their authors, further bolstering reproducible, open, trans-

parent, interpretable and justifiable environmental data science (Murdoch et al., 2019; Yu & Kumbier, 2020).

6 Conclusion

Machine learning is becoming more prevalent to inform decision-making, in particular with the increas-

ing popularity of machine-learning-enabled classifications and predictions in environmental sciences. In this

study, we thoroughly investigated the previously unexplored robustness of the statistical learning process

and evaluated the often unknown spatial scale of statistical classification outputs. Our proposed approach

combines information theory and machine learning in three novel ways: (i) measuring the degree of discrim-

inatory information underlying a statistical classification; (ii) estimating the stability of the learning pro-

cess with tuning entropy; and (iii) leveraging the sequential coarse-graining of information inherent to deep

neural networks but absent from traditional machine learning models. While applied to a unique example

of a single statistical classification framework applied to nine distinct regions of California, the developed
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approach is relevant for numerous classification and prediction problems in environmental sciences and un-

derlines the importance of limited sampling on classification outputs and associated predictions. Importantly,

the approach characterizes and compares different statistical classifications, providing an estimate of the spa-

tial scale of their outputs and paving the way for a reconciliation of findings across or within study areas.

In addition, we found that the difference in traditional and deep learning performance identifies the min-

imum degree of information needed to separate classes, providing a proxy for spatial scale.
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Reference Target Classification data Prediction data

McManamay et al. (2018) physical habitat diversity 6 discrete-valued physical habitat layers -

McManamay et al. (2018) reach-scale hydrologic class - land cover, climate, topography, soils
McManamay et al. (2018) summertime temperature - land cover, climate, topography, soils
McManamay et al. (2018) mean substrate diameter - land cover, climate, topography, soils
McManamay et al. (2018) bankfull width - land cover, climate, topography, soils
Wolfe et al. (2019) watershed hydrologic class climate, geology, topography, land cover —

Yang et al. (2019) surface-groundwater interactions — topography, hydrology, geology, land cover
Henshaw et al. (2019) channel form channel dimensions, morphological features —

Beechie & Imaki (2014) channel pattern - topography, hydrology, land cover
Clubb et al. (2019) geomorphic domains river profiles -

Lane, Dahlke, et al. (2017) reach-scale hydrologic class topography, geology, climate topography, geology, climate

Lane, Pasternack, et al. (2017) channel types field-measured attributes, topography -

Byrne et al. (2019) channel types field-measured attributes, topography -

Guillon et al. (2020) channel types - topography, climate, geology, land cover
Sergeant et al. (n.d.) watershed hydrologic class daily streamflow statistics —

Gaucherel et al. (2017) watershed hydrologic class topography, land cover, network topology —

Dallaire et al. (2019) river types hydrology, climate, topography -

Flores et al. (2006) channel types - topography, hydrology, climate

Walley et al. (2020) watershed river networks network topology -

Table 1: Recent examples of statistical classifications and machine-learning predictions in hydrologic sciences.

Region ID Geographical region ~ Observations Channel types Area (km?)

K Klamath 105 7 (3) 27,747
NC North Coast 201 8 (6) 12,504
NCC North Central Coast 103 6 (4) 13,263
SAC Sacramento Basin 290 10 (4) 70,130
SC South Coast 67 5 (2) 36,982
SCC South Central Coast 119 8 (3) 26,595
SECA South East California 63 5(2) 107,622
SFE South Fork Eel 96 7 (5) 1,785

SJT San-Joaquin-Tulare 65 6 (4) 83,498

Table 2: Regional characteristics. The number of confined channel types is reported between parenthesis.
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Region

Channel type K NC NCC SAC SCC SC SECA SFE SJT

1 18 8 23 6 9 9 14 12 5
2 4 32 21 27 7 8 8 4 19
3 1 17 9 36 21 6 8 12 6
4 5 14 21 33 27 23 19 28 9
5 14 5 24 43 18 21 14 30 4
6 16 28 24 45 8 - - 4 22
7 47 - 36 33 16 - - 6 -
8 - - 43 24 13 - - - -
9 - - - 27 - - - - -
10 - - - 16 - - - - -
Total 105 104 201 290 119 67 63 96 65
Min 1 5 9 6 7 6 8 4 4

St. Dev. 15.56 10.76 10.27 11.85 7.00 7.96 4.67 10.98 7.73

Table 3: Distribution of observations across all regions.
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Predictor name

Spatial scale

Original data

Methodology

Elevation

Slope

Aspect

Roughness

Flow direction

Planform curvature
Profile curvature
Topographic position index
Terrain ruggedness index
Channel slope
Confinement

Sediment supply
Drainage area

Strahler’s stream order
Local drainage density
Hurst coefficients
Lithology

Soil characteristics

Land cover

512 m; 100-m buffer
512 m; 100-m buffer
512 m; 100-m buffer
512 m; 100-m buffer
512 m; 100-m buffer
512 m; 100-m buffer
512 m; 100-m buffer
512 m; 100-m buffer
512 m; 100-m buffer
200 m

640 m to 82 km
>1 km
1 km
30-m initial resolution

Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Gesch et al. (2002)
Haan et al. (1994)
McKay et al. (2012)
McKay et al. (2012)
McKay et al. (2012)
Gesch et al. (2002)
Cress et al. (2010)
Schwarz & Alexander (1995)
Homer et al. (2015)

Hijmans et al. (2018)
Hijmans et al. (2018)
Hijmans et al. (2018)
Hijmans et al. (2018)
Hijmans et al. (2018)
Florinsky (1998)
Florinsky (1998)
Hijmans et al. (2018)
Hijmans et al. (2018)
ESRI (2016)

Byrne et al. (2019)
Renard et al. (1997)
Hill et al. (2015)
Strahler (1957)
Danesh-Yazdi et al. (2017)
Liucci & Melelli (2017)
Hill et al. (2015)

Hill et al. (2015)

Hill et al. (2015)

1981-2010 climatologies
Indices of Catchment Integrity -

800-m initial resolution PRISM Climate Group (2004) Hill et al. (2015)
Thornbrugh et al. (2018) Hill et al. (2015)

TAM-DM : Terrain Analysis Metrics - Distribution Metrics

Table 4: Predictors Used in the Machine Learning Framework. The 10-m National Elevation Data Set (Gesch et al., 2002,
NED) and the Stream-Catchment Data Set (StreamCat; Hill et al., 2015) are publicly available on download platform
from the United States Geological Survey and the United States Environmental Protection Agency, respectively. The
stream network from the National Hydrology Data Set (McKay et al., 2012, NHDPlusV2) is publicly available on both

platforms.

Region ID Median JSd Mean JSd

Minimum JSd

K 0.54 (0.45) 0.57 (0.44)  0.38 (0.38)
NC 0.47 (0.45) 0.48 (0.43)  0.34 (0.34)
NCC 0.52 (0.52) 0.52 (0.51) 0.33 (0.35)
SAC 0.47 (0.44) 0.49 (0.43)  0.27 (0.34)
SC 0.53 (0.52) 0.53 (0.52) 0.37 (0.52)
Sele 0.51 (0.45) 0.50 (0.45)  0.33 (0.39)
SECA 0.54 (0.62) 0.53 (0.62) 0.37 (0.62)
SFE 0.61 (0.58) 0.59 (0.58) 0.34 (0.42)
SJT 0.62 (0.62) 0.61 (0.60) 0.40 (0.44)

Table 5: Degree of discriminatory information estimated from the Jensen-Shannon distance. Values for confined channel

types are reported between parenthesis.
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Model Predictors AUC Accuracy Training time Normalized tuning entropy

DNN 30 0.931  0.668 4.510 0.792
RF 18 0.949 0.740 0.290 0.757
SVM 31 0.943  0.743 0.366 0.844

Table 6: Summary table of the average performance of learners across all areas of study. Training time is given here in

seconds for one iteration of the learning process and does not correspond to the total CPU-hours required for training.
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Figure 1: Field sites location in California (USA) across nine distinct regions. Ecoregions are displayed as

a proxy combining geology, soils, vegetation, climate, and hydrology Omernik & Griffith (2014). Detailed

information about each region is in Table 2.
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Figure 3: Example of Jensen-Shannon distance derivation
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Figure 4: Performance of ML models. The featureless model is not pictured: its AUC is constant at 0.5.
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Figure 7: Map of all predictions. In each region, hue maps to confinement so that cyan (red) corresponds to
the most unconfined (confined) channel type, and lightness maps to slope so that the channel type with low

(high) slope are drawn in lighter (darker) colors.
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