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Abstract

A variety of classification approaches are used to facilitate understanding, prediction, monitoring, and the man-
agement of lakes. However, broad-scale applicability of current approaches is limited by either the need for in situ
lake data, incompatibilities among approaches, or a lack of empirical testing of approaches based on ex situ data. We
developed a new geographic classification approach for 476,697 lakes > 1 ha in the conterminous U.S. based on lake
archetypes representing end members along gradients of multiple geographic features. We identified seven lake
archetypes with distinct combinations of climate, hydrologic, geologic, topographic, and morphometric properties.
Individual lakes were assigned weights for each of the seven archetypes such that groups of lakes with similar combi-
nations of archetype weights tended to cluster spatially (although not strictly contiguous) and to have similar limno-
logical properties (e.g., concentrations of nutrients, chlorophyll a (Chl a), and dissolved organic carbon). Further,
archetype lake classification improved commonly measured limnological relationships (e.g., between nutrients and
Chl a) compared to a global model; a discrete archetype classification slightly outperformed an ecoregion classifica-
tion; and considering lakes as continuous mixtures of archetypes in a more complex model further improved fit.
Overall, archetype classification of US lakes as continuous mixtures of geographic features improved understanding
and prediction of lake responses to limnological drivers and should help researchers and managers better characterize
and forecast lake states and responses to environmental change.

There is a long history of classifying aquatic ecosystems properties, sharing the common goals of improving under-
into groups based on their physical, ecological, or geographic standing, prediction, or management (Hutchison et al. 1958;
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Heiskary et al. 1987; Emmons et al. 1999; Phillips et al. 2008;
Dodds et al. 2019). Classification systems are diverse in their
structure and aims, with some of them focusing on in situ
observations of temperature, water chemistry, or biodiver-
sity of the ecosystem studied, while others have focused on
the physical or geographic properties of the aquatic ecosys-
tem itself or its surrounding terrestrial landscape. Using
these approaches, researchers have identified regions or
types of lakes with (1) similar ecosystem properties such
as biodiversity, nutrient concentrations, or alkalinity
(Emmons et al. 1999; Phillips et al. 2008; Dodds et al. 2019;
Lemm et al. 2021), or (2) similar driver-response relation-
ships, as exemplified by stronger limnological relationships
between concentrations of total Nitrogen (TN) and total
Phosphorus (TP), or between algal biomass and nutrients
within rather than among regions or types (Yuan
et al. 2014; Poikane et al. 2022). Classification approaches
have thus been successful in categorizing lakes into mean-
ingful and useful groups, providing a predictive framework
for understanding limnological properties and responses
among broadly distributed ecosystems.

An implicit assumption of classification approaches,
beyond grouping lakes with similar properties and limnologi-
cal responses, is that it is more practical to use a limited num-
ber of intuitive classes than a large number of predictive
variables. While all classification approaches essentially
achieve this variable reduction, a lack of consensus on
methods and approaches, perhaps explained by a combina-
tion of variability in spatial and temporal scales, project objec-
tives, and data availability, has complicated efforts to make
and compare inferences across different classification systems.
For example, European countries have developed tens of lake
classification systems, often at the national level, resulting in
hundreds of differently defined lake types under the European
Water Framework Directive (Poikane et al. 2022).

Furthermore, classification systems can be discrete and rely
on a smaller number of in situ variables available for already
sampled lakes such as trophic status (Carlson 1977;
Wetzel 2001), stratification (Lewis Jr 1983), or alkalinity (Kelly
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et al. 2012; Solheim et al. 2019; Poikane et al. 2022), but can-
not be readily applied to lakes for which the classifying vari-
ables are not available. Other approaches have used a larger
number of ex situ variables for all lakes within a region
(e.g., topographic or geological variables available from
geospatial datasets; Hill et al. 2018; Solheim et al. 2019), but
empirical demonstrations of the ability of these classifications
to describe lake functioning remain rare. A common disadvan-
tage of both traditional in situ and ex situ lake classification
systems is that their distinct boundaries ignore potentially
large within-class variability in ecologically relevant lake and
watershed properties. In particular, spatially contiguous classi-
fications overlook fine-scale spatial heterogeneity in important
lake features such as area or depth that may be poorly corre-
lated with coarser, regional variables (Lapierre et al. 2018).
Thus, there is a need for an alternative classification approach
that treats lakes as a mixture of lake-focused properties, their
surrounding watersheds, as well as the regions in which they
are located. Such an approach could better capture macroscale
patterns in lakes and fine-scale heterogeneity within broader
regions simultaneously, be reproducible, and be applicable to
the complete population of lakes of a given area, including
unsampled lakes.

Archetype modeling approaches provide a potentially valu-
able method to classify lakes that has not been explored to
date. Traditional cluster analyses, like k-means clustering
(Steinley 2006), sort lakes into a limited number of groups,
with individual lakes classified within certain ranges in terms
of in-situ measurements, or clustered together around a cen-
troid value in a multivariate analysis (Fig. 1a). In contrast,
archetype classification approaches represent individual enti-
ties (here, lakes) by a weighted average of multiple archetypes
representing gradients of input characteristic values. Arche-
type classification approaches have been used in sustainability
research (Sietz et al. 2019) to identify contrasting endpoint
scenarios for development or natural resources use, and to
evaluate the ecological outcomes for different combinations of
archetypical scenarios (Eisenack et al. 2019; Harrison
et al. 2019). In the context of lake classification, this approach

Archetype
analysis

Fig. 1. Conceptual depiction of a traditional, centroid based clustering approach (left) vs. archetype analyses that classify each lake (small circles within
the triangle) as a continuous mixture of lake and catchment properties along a gradient (right). Each lake within a class in the left panel is discretely
assigned to the same cluster (C1, 2, or 3) of the same color, whereas each lake in the right panel has its own color, that is, a weighted combination of
characteristics resembling the yellow, red, and blue archetypes (A1, 2, and 3, respectively).
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allows one to identify the most contrasting combinations of
lake and catchment properties (i.e., lake geographic arche-
types) and to generate a specific linear combination of arche-
type weights that best characterizes each lake (Fig. 1b).

We developed a classification of 476,697 conterminous US
lakes > 1 ha (excluding the Great Lakes) as continuous mix-
tures of geographic archetypes based on a combination of cli-
mate, landscape, and hydrological features considered to be
unrelated to human influence but known to be important for
lake functioning, and specifically related to nutrient transport.
By explicitly accounting for the multi-scale drivers of lake eco-
system properties, our approach has the potential to improve
existing lake classification systems both by preserving nuances
among individual ecosystems and by acting as a robust and
flexible framework for prediction and management in a global
change context. Our objectives were to: (1) classify all lakes
into an optimal number of archetypes that captures variation
in the geographic features known to influence lake function-
ing, (2) describe the geographic distribution of these arche-
types across the contiguous US, and (3) determine to what
extent the archetypes capture lakes with similar limnological
states and responses to environmental drivers.

Methods

Data description

To meet our objective to define lake archetypes across wide
gradients of lake-specific and landscape context features, we
used the census population of 476,697 lakes > 1 ha within
the conterminous US defined in the LOCUS v1.0 module of
the LAGOS-US platform (Cheruvelil et al. 2021). LAGOS-US
is an extensible modular data platform with a core module,
LOCUS that includes data tables with geospatial characteris-
tics of lakes and their watersheds, including geometry and
location. The linked modules on ecological context (GEO
v1.0, Smith et al. 2022; https://portal.edirepository.org/nis/
mapbrowse?packageid=edi.1136.3) and lake maximum
depth (DEPTH v1.0, Stachelek et al. 2021; https://portal.
edirepository.org/nis/mapbrowse?packageid=edi.1043.1),
provided the predictor variables and the majority of the
post hoc variables needed to meet the study objectives.
Lake water quality data for limnological response modeling
were obtained from the US Environmental Protection
Agency’s 2012 and 2017 National Lakes Assessment (NLA;
USEPA 2016, 2022). Variables used as predictors in the
archetype analysis, in post-hoc data exploration and in
response modeling, are defined in Table 1; a summary of
values for the study lake population is provided in Supple-
mentary Table S1.

The 16 predictor variables (Table 1) used to generate the
archetypes capture hydrology, soil properties, and terrain fea-
tures that collectively influence hydrologic flowpaths to lakes,
as well as other key ecological context variables known to
influence lake nutrient status and productivity. These include

US lakes as 7 geographic archetypes

long-term climatic regimes and “natural” land cover character-
istics (forest and wetland). Variables were selected to encom-
pass a balanced number of predictors among “climate,”
“hydrology,” “geology,” “terrain,” and “land cover” groups
while limiting redundant information among variables as
determined using a principal component analysis. We did not
include lake depth or area in the set of predictor variables
because we wanted to create archetypes based on landscape
setting rather than in-lake features with little to no spatial
structure across the study extent (Lapierre et al. 2018). Follow-
ing this data reduction exercise, we went from 37 candidate
variables to 16 wvariables for modeling; these predictor
variables exhibited wide ranges across the study lakes
(Supplementary Table S1). Finally, we examined distributions
of each potential predictor variable to identify the appropriate
data transformation (Supplementary Table S1), which was
applied prior to statistical analyses described below.

Modeling and characterizing Lake archetypes

We modeled among-lake variation in the characteristics
described above using archetype analysis (Cutler and
Breiman 1994; Oberlack et al. 2019). Archetypes represent
extreme combinations of data values such that each entity
(i.e., a lake) can be represented by weighted mixtures of the
archetypes. The number of archetypes, and the mixture of
weights for individual archetypes are computed to minimize
root squared error of the observations within the multivariate
space (Cutler and Breiman 1994). The approach thus preserves
the individual characteristics of each lake as well as rep-
resenting lakes as located across continuous gradients defined
by each archetype. In other words, using a discrete classifica-
tion, a group of lakes would be assigned the dominant or
majority feature of the group (i.e., lakes with a watershed that
is 55% agricultural and 45% forested would be labeled as agri-
cultural), whereas archetype analysis represents each lake as a
weighted mixture of the characteristics defining the different
archetypes.

Specifically, let x; be a vector of m characteristics for the
lake i

Xi = (Xi1,Xiz, .- Xim)

The formulation of the archetypal analysis model we use
considers the observed lake characteristics x; as being normally
distributed with mean expected x; (E(x;))

K
E(x)=Y_, | Wi,

where ag; is a linear combination of the lake characteristics
corresponding to the k-th archetype across all lakes, and wy is
the weight of the k-th archetype associated with the i-th lake.
The weights {wy} are estimated from the data, as are the
archetypes, and the archetypes
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Table 1. Description and sources of lake, landscape, hydrological, geological, land cover, and climatic variables used as predictors for
developing the archetypes, post-hoc exploratory analysis, and limnological modeling. Features were assessed at the lake, watershed or
the HU12 (e.g., 12-digit hydrologic unit of the USGS Watershed Boundary Dataset) scales. See Supplementary Table S1 for summary
statistics and data source.

Analysis role Variable name Variable description Units Reference

Background Latitude Latitude of central point of the lake polygon in Decimal degrees ~ USGS (2017a)
decimal degrees; NAD83 projection

Background Longitude Longitude of central point of the lake polygon in Decimal degrees ~ USGS (2017a)
decimal degrees; NAD83 projection

Predictor Elevation The elevation of the lake polygon central point Meters USGS (2017b)

Predictor Topographic wetness An index of topographic control on hydrologic None USGS/EROS (2003)
processes with high values reflecting flat terrain

Predictor Topographic roughness An index of terrain ruggedness equal to the Meters USGS (2017¢)
absolute difference in meters between the
elevation of the focal cell and its immediate
neighbors; high values indicate more complex
terrain

Predictor Baseflow index Mean within the HU12 of the percentage of Percent Wolock (2003)
streamflow that can be attributed to
groundwater discharge into streams

Predictor Annual runoff Mean within the HU12 of annual runoff Mm yr~! Gebert et al. (1987)

Predictor Watershed : Lake area Ratio between watershed area and lake water area None USGS (2019a)

Predictor Stream density Density of streams within the watershed m ha™' USGS (2021)

Predictor Annual precipitation Mean value at the lake central point for the mean Mm yr! PRISM (2019)
annual total precipitation from 1981 to 2010

Predictor Annual temperature Mean value at the lake central point for the mean °C PRISM (2019)
annual temperature from 1981 to 2010

Predictor Shrub land cover Percent of the watershed classified as shrub and Percent USGS (2019b)
scrub in 2016

Predictor Forest land cover Percent of the watershed classified in 2016 as Percent USGS (2019b)
forest; the sum of coniferous, deciduous and
mixed forest

Predictor Wetland land cover Percent of the watershed classified in 2016 as Percent USGS (2019b)
wetland; the sum of woody and emergent
herbaceous wetlands

Predictor Depth to bedrock Average absolute depth to bedrock within the m Hengl et al. (2017)
watershed

Predictor Soil erodibility Average soil erodibility factor, not adjusted for the None Miller and White (1998)
effect of rock fragments

Predictor Sandy soils Average percentage mass fraction of sand, 50 to Percent Hengl et al. (2017)
200 pgm, in the 0 to 5 cm depth soil layer

Predictor Silty soils Average percentage mass fraction of silt, 2 to Percent Hengl et al. (2017)
50 um, in the 0 to 5 cm depth soil layer

Post hoc exploratory ~ Maximum depth Maximum depth of the lake m Stachelek et al. (2021)

Post hoc exploratory ~ Shoreline development a measure of lake shoreline complexity; calculated None USGS (2017a)

factor (SDF) as the lake perimeter (m) divided by the product

of 2 times the square root of pi times lake water
area (ha)

Post hoc exploratory ~ Lake area Surface area of lake waterbody polygon from NHD Ha USGS (2017a)

comprised of open water; islands are excluded
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Table 1. Continued

US lakes as 7 geographic archetypes

Analysis role Variable name Variable description Units Reference

Post hoc exploratory ~ Cultivated crop land use  Percent of the watershed classified in 2016 as Percent USGS (2019b)
cultivated crops

Post hoc exploratory ~ Grassland land cover Percent of the watershed classified in 2016 as Percent USGS (2019b)
grassland or herbaceous

Post hoc exploratory ~ Pasture land use Percent of the watershed classified in 2016 as Percent USGS (2019b)
pasture and hay

Post hoc exploratory ~ Agricultural land use Percent of the watershed classified in 2016 as Percent USGS (2019b)
agriculture; the sum of pasture and cultivated
crop land use classes

Post hoc exploratory ~ Development land use Percent of the watershed classified in 2016 as Percent USGS (2019b)
developed; the sum of open, low, medium and
high development land use classes

Post hoc exploratory ~ Total deposition N Mean annual total deposition to the watershed of Kg ha™' NADP (2022)
nitrogen during 2010

Post hoc exploratory ~ Total deposition S Mean annual total deposition of sulfur to the Kg ha™! NADP (2022)
watershed during 2010

Post hoc exploratory  Clay soils Average percentage mass fraction of clay, 0 to Percent Hengl et al. (2017)
2 um, in the 0 to 5 cm depth soil layer

Post hoc exploratory ~ Coarse soils Average percentage by volume of coarse Percent Hengl et al. (2017)
fragments in the 0 to 5 cm soil depth

Post hoc exploratory  Soil organic C Average organic carbon content, fine earth gkg™ Hengl et al. (2017)
fraction, in the 0 to 5 cm soil layer

Limological response  Chla Chlorophyll a (Chl a) concentration ug L7 USEPA (2016, 2022)

Limological response ~ DOC Dissolved organic carbon concentration mg L™ USEPA (2016, 2022)

Limological response TN Total nitrogen concentration ug L7 USEPA (2016, 2022)

Limological response TP Total phosphorus concentration ug L7 USEPA (2016, 2022)

Limological response  Secchi Secchi disk transparency m USEPA (2016, 2022)

{a,k=1,...,K} one archetype will have a very high weight (wj close to 1) in

are constrained to be linear combinations of the n lake charac-
teristics, with each

n

for some set of {cy;}. The weights for each lake sum to one

K
Zk:l wix=1.

Thus, archetype analysis finds the optimal set of
K archetypes and optimal representation of each lake as a
weighted average of these K archetypes. Fach estimated arche-
type is a weighted average of observed lake and ecological con-
text variables and can be interpreted as a representative
combination of lake and ecological context variables.

The estimated archetype weights for each lake {wy} repre-
sent the model fit for each lake in the dataset, with each lake
represented by a weight for all estimated archetypes. As the
weights sum up to 1 for each lake, a lake that is very similar to

that archetype and low weights (close to zero) in all other
archetypes. We fit the archetypal analysis model using the
“archetypes” package (Eugster and Leisch 2009) in the R statis-
tical computing environment (R Core Team 2021). We fit
archetype models across a range of 2-12 archetypes. To mini-
mize the impact of outliers, we used absolute error (rather
than squared error) as our criteria for model fit. Using a
screeplot, we chose seven archetypes as the best fit, as the
improvement in model fit (as represented by absolute error)
was steep from 2 to 7 and leveled off from 7 to 12.

We then examined patterns in lake-specific characteristics,
watershed land use, and other features not used in the classifica-
tion. These include lake morphometry variables such as water
area and SDF from LAGOS-US LOCUS (Cheruvelil et al. 2021;
Smith et al. 2021); lake maximum depth for a small subset of
lakes from the LAGOS-US DEPTH module (Stachelek et al. 2021);
human influenced land use variables (agriculture and develop-
ment), TN, and sulfur (S) atmospheric deposition in 2010 and
soil-related features from LAGOS-US GEO (Smith et al. 2022);
and in situ measurements of lake water quality from the NLA
data collected in 2012 and 2017 (USEPA 2016, 2022).

2763

95U8017 SUOLIWIOD dA11e81D) 3[edl|dde auy Aq peusenol a1e sajolie YO 9Sn J0 Sa|nJ 10} Aeiq1T 8UlUO 8|1 UO (SUONIPUOD-PUE-SWLBIALOO A3 | 1M Ale.d 1[Bul UO//SIL) SUONIPUOD pue SWS 1 8 88S " [720Z/TT/Tz] uo AkiqiTauliuo Ao|m ‘AiseAiun s ueBIudliN Aq ZGpZT '0ul/Z00T 0T/I0p/uod | im Areld jpuluo'sqndo se//sdny Wwoj pepeojumod ‘gt ‘€202 ‘06556E6T



Lapierre et al.

Prior to analysis, predictor and response variables were
transformed (Supplementary Table S1) and, in the case of
archetype analysis, standardized to have a mean of zero and
standard deviation of one. After merging, cases with missing
rows were deleted, providing a total of 476,697 lakes in the
final analysis. Post-hoc variables were also transformed prior
to analysis.

Predictive model fitting

To examine the usefulness of archetype weights in predic-
tive models, we included them in models of the relationships
between pairs of the limnological variables TN, TP, Chl a, and
Secchi depth. In each case, we fit linear models between pairs
of these variables, with four alternative models explaining var-
iation in the relationships. First, we considered a global model
(“Global,” Table 2), in which the mean of one variable
(e.g., Chla) was assumed to be a linear function of another
variable (e.g., TN). Second, we considered a hierarchical model
(“Ecoregion,” Table 2) where the linear relationship could
change based on ecoregion membership in the National
Aquatic Resource Survey 9-Level Ecosystems (Herlihy et al. 2008),
with each ecoregion having its own distinct linear relationship.
Third, we considered a similar model, but instead of using
ecoregion, we used a categorical variable denoting the archetype
most resembling each lake (“Max Archetype,” Table 2). Finally,
we considered a model in which each lake’s linear relationship is
a weighted average of the seven archetypes (Weighted Arche-
types, Table 2). This fourth model is equivalent to a model with
interactions between the seven estimated lake archetype weights
and the predictor variable (e.g., TN). All models were fit in R
using the “Im” function and model fits were compared using
R-squared and AIC.

Results

The seven lake archetypes of the conterminous US

The following are descriptions of the predictors and post
hoc variables investigated for the seven archetypes we identi-
fied for lakes in the conterminous US. We emphasize that
these general descriptions do not represent distinct lake classes
nor geographically contiguous lake ecoregions, but rather rep-
resent characteristics of lakes that received high weights
(i.e., >=0.75) from a particular archetype. Of all 476,697 lakes
in the analysis, 10.4% received high weights for a given arche-
type. Based on the highly weighted lakes, we provide a syn-
thetic interpretation of the archetypes below.

Archetype 1

Lakes with high weight in Archetype 1 (n = 18,007) are
found in the sandiest soils and among the hottest, most
humid, relatively flat, and low elevation areas. Their water-
sheds have average baseflow, higher runoff, and typically low
stream density, depth to bedrock, silty soils, soil erodibility,
and topographic roughness. They have an average watershed
to lake area ratio and average coverage of forests and wetlands

US lakes as 7 geographic archetypes

in their local watershed (Fig. 2). They are most common in
the southeastern US, being particularly dominant in Florida
(Fig. 3). They are not distinguishable from other archetypes in
terms of the post-hoc variables lake area, SDF or depth, with
lower TP but average Secchi depth, concentrations of TN,
Chla, DOC, soil organic C, and coarse soil material. They tend
to have average agricultural land use (low cultivated but some-
what higher pasture). Lakes in this archetype tend toward
higher proportions of developed areas and receive among the
highest atmospheric deposition of N and S (Fig. 4).

Archetype 2

Lakes with high weight in Archetype 2 (n=2302) are
found in moderate temperature and high precipitation areas.
These lakes are distinguished from other archetypes based on
the high percentage of silty soils and soil erodibility of their
watersheds. Watersheds are also characterized by low baseflow
and stream density, high runoff, and the lowest watershed to
lake area ratios of all archetypes and are typically found in
low-elevation areas with high topographic roughness indicat-
ing complex terrain. Watersheds have high forest but low wet-
land land cover (Fig. 2). The lakes are mostly found along the
central part of the conterminous US, mainly along the valleys
of the Mississippi and Ohio Rivers (Fig. 3). The lakes tend to
be smaller and shallower with low TP, DOC, and TN but high
Chla and low clarity. Their watersheds have average agricul-
tural land use but low cropland and receive high atmospheric
deposition of N and the highest S deposition. Developed land
in these watersheds was overall average and intermediate
between the higher values of archetypes 1 and 5 and lower
values of the remaining archetypes (Fig. 4).

Archetype 3

Lakes with high weight in Archetype 3 (n = 2956) are dis-
tinguished by their very high elevation and cold temperatures,
high precipitation, very high baseflow index, annual runoff,
and stream density, and have the most rugged terrain as indi-
cated by extremely high topographic roughness of their water-
sheds; in other words, they are typically cold-climate
mountain lakes in hydrologically active and highly forested
areas. Soils tend toward higher percent silt and average sand,
with average depth to bedrock and erodibility. Land cover
consists of very high percent forest with moderate shrub but
very low wetland (Fig. 2). Lakes are mostly found in high ele-
vation areas along the eastern and western mountain chains
of the conterminous US, as well as in wet and cold northern
areas of the Midwestern US (Fig. 3). These are among the
deepest lakes in the dataset, have the lowest concentrations of
TN, and Chlg, low TP and DOC, and are the most transparent
of any archetype. Human-influenced land use of either agri-
culture or development is very low, with average grassland,
like the high elevation lakes resembling archetype 7. Their
watershed soils have the highest concentrations of soil organic
carbon and proportions of coarse soils, and they receive
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Fig. 2. Distribution of the predictor variables grouped by theme included in the archetype analysis for lakes with weights > 0.75 in each archetype (A1-
A7). Values were transformed prior to calculating z-scores. Box height represents the interquartile range from the 25" to 75" percentiles while the solid
bar indicates the median value for these highly weighted lakes. The white diamond denotes the median for the five lakes most resembling each arche-
type. Barring a few exceptions, these represent more extreme values distinguishing lakes from this archetype from the median for all sites.

among the lowest levels of atmospheric deposition of N and S
of any archetype (Fig. 4).

Archetype 4

Lakes with high weight in Archetype 4 (n = 1320) have
high precipitation, temperature, and runoft, low baseflow, and
very high stream density. Watershed to lake area ratio is also
very high. They also tend to have deep soils that are very silty

with very high erodibility. These lakes are located at low eleva-
tion in relatively flat terrain (e.g., low topographic roughness)
with high topographic wetness and moderate wetland cover;
forest cover is low (Fig. 2). Lakes resembling this archetype are
typically found in the central region of the conterminous US,
between the high elevation lakes resembling archetypes 3, 5,
and 7 and the lakes in the valley of the Mississippi and Ohio
river resembling archetype 2 (Fig. 3). These lakes tend to have
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(A) Archetype 1
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Fig. 3. (a) The upper seven panels show maps of the continuous representation of the weights (1 being the highest value and indicating a lake best
representing the archetype) assigned to each of the ~ 476,697 study lakes for each of the seven archetypes. (b) Study lake location color-coded by the
maximum archetype weight associated with the lake. The background color of light gray reflects areas of the country where lake density is very low.

the most convoluted shorelines (high SDF) and the shallowest
depths of any archetype. They can be considered the most
eutrophic with high nutrient concentrations, low water clar-
ity, and very high Chla. In addition, they are surrounded by
watersheds with the highest percentages of total agricultural
and crop land among all archetypes. They receive high levels
of atmospheric deposition of N and moderate S deposi-
tion (Fig. 4).

Archetype 5

Lakes with high weight in Archetype 5 (n = 10,813) tend to
be found at high elevation but low relief areas with deep soils.
They are located in very cold and low precipitation areas with
watersheds having among the lowest values for runoff, base-
flow index and stream density. Terrain is moderately rugged
with low topographic wetness; shrub, forest, and wetland land
covers are low. They have average values for watershed : lake
area ratio, silty and sandy soils, and soil erodibility (Fig. 2)
These lakes are mostly found along the central region of the
contiguous US, with the highest concentration of lakes toward

the northern part (Fig. 3). Lakes resembling Archetype 5 have
moderately high agricultural (mostly cultivated crops) and
very high grassland land use, are relatively shallow, and have
high concentrations of TN, TP, Chla, and DOC, with the low-
est transparency of any archetype. The lakes tend to be more
circular (low SDF) and receive moderate levels of atmospheric
deposition of N and S (Fig. 4).

Archetype 6

The small number of lakes with high weights in Archetype
6 (n=351) are distinguished by the highest watershed wet-
land land cover and topographic wetness of any archetype
and are located in areas with very high baseflow index values
and low stream density. Their watersheds receive low precipi-
tation and temperatures are very low, as are stream density,
watershed : lake area ratio, and soil erodibility; terrain in the
watersheds of these lakes is relatively flat as indicated by
the very low topographic roughness (Fig. 2). As a group, the
elevation of these lakes is very high. Archetype 6 lakes are
mostly found in the northern parts of the Midwestern states,
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Fig. 4. Post-hoc distributions of geographic and limnological variables for lakes closely resembling (weight > 0.75) each archetype (A1-A7). Box height
represents the interquartile range from the 25" to 75™ percentiles while the solid bar indicates the median value for these highly weighted lakes. White
diamond denotes the median for the five lakes most resembling each archetype. Barring a few exceptions, these represent more extreme values dis-

tinguishing lakes from this archetype from the median for all sites.

as well as in other relatively cold and wetland-rich areas
(Fig. 3), suggesting that they are primarily found in landscapes
with high abundance of peatlands or water-saturated soils (See
representative lakes for Archetype 6 in Fig. 5). The watersheds
of these lakes have among the lowest percentages for non-
wetland land cover categories, as well as the lowest levels of
atmospheric deposition of N and S (Fig. 4). This small group
of highly weighted lakes in Archetype 6 were not represented
in the datasets we used to assess depth and limnological data.

Archetype 7

Lakes with high weights in Archetype 7 (n = 2906) are com-
parable to high elevation lakes from Archetype 3 but have
much lower precipitation, baseflow, and runoff, are not as cold,
and watersheds are dominated by shrub land cover as opposed
to forest. Lakes have very high watershed : lake area ratios and
their watersheds have very high stream density. Soils are rela-
tively deep with more silt than sand and erodibility is high
while topographic wetness is low (Fig. 2). They are mostly
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found in west-central part of the conterminous US around the
dry areas of the Rocky Mountains, as well as in steeper regions
of Texas (Fig. 3). Like lakes resembling Archetype 3, lakes in
Archetype 7 are moderate in depth, nutrients, and transpar-
ency with low DOC; they differ in having more moderate Chla.
Watershed soils are very coarse with low carbon concentration,
have low human land use, and receive low levels of atmo-
spheric deposition of N and S (Fig. 4).

Lakes as continuous archetype mixtures with similar states
and functions

Limnological and geographic properties tend to be more sim-
ilar among lakes closely resembling an archetype than among
lakes resembling different archetypes (Fig. 4), presumably
because they lie in catchments with contrasting geographic
properties that are important drivers of lake functioning. These
geographic properties are apparent in Fig. 5, which depicts the
lakes most closely resembling each archetype for three size clas-
ses: the surrounding of lakes of the three size classes resembling
Archetypes 4 and 5 (and to a lesser degree, Archetype 2) illus-
trate how disturbed their lake catchments are, a pattern that is
the opposite of archetypes 3, 6, and 7 (Fig. 5).

A3

<10 ha

210 ha

2100 ha

US lakes as 7 geographic archetypes

We tested how accounting for archetype mixtures
influenced the fit of widely reported limnological relationships
compared to (1) a global model with no classification, (2) a
model using the ecoregion classification that forms the basis
of the NLA sampling scheme, and (3) a discrete classification
model that used the maximum archetype of each lake
(Table 2). The global model, which assumes a linear relation-
ship between each pair of limnological variables, yielded R*
ranging from 0.21 to 0.52 and had a wide range of AIC values
(Table 2). All types of classification, discrete or continuous, led
to an improvement in prediction (both R? and AIC) over the
global model, and both models using archetypes had a better
fit than the ecoregion model (Table 2). The continuous classi-
fication that weighted lakes as continuous mixtures of arche-
types performed the best in all cases (Table 2), improving R?
by 0.06 to 0.18 and reducing AIC by 104 to 216 compared to
a global model, depending on the relationships.

Discussion

We found that the 476,697 lakes of the contiguous US are
best classified as continuous mixtures of seven geographic

Fig. 5. Polygons for the lakes most closely resembling each archetype (A1-A7), for lakes < 10 ha, 10-100 ha, and > 100 ha, respectively, the top, mid-
dle, and bottom row. Polygons are from LAGOS-US LOCUS as derived from the National Hydrography Dataset, High Resolution (U.S. Geological Survey

(USGS) 2017a).

Table 2. Comparison of a global (all lakes included) vs. discrete (ecoregion, maximum archetype score) and continuous (weighted
archetype) classification model for commonly reported limnological relationships.

R2 AlC

Limnological Weighted Weighted Max.

relationships archetype Max. Archetype Ecoregion Global archetype Archetype Ecoregion Global
Chlaavs. TP 0.56 0.51 0.48 0.45 2861 3002 2980 3061
Chlaavs. TN 0.58 0.56 0.53 0.52 2822 2854 2914 2926
Secchi vs. Chla 0.39 0.33 0.23 0.21 3173 3259 3377 3389
Chlaavs. TN : TP 0.62 0.59 0.55 0.52 2711 2799 2863 2917
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archetypes defined by climate, hydrology, geology, terrain,
and land cover of their watersheds. At the scale of the US,
lakes closely resembling a specific archetype had a geographic
distribution that was generally aligned with previously used
classifications (e.g., ecoregions, Omernik 1987). However,
accounting for lake-focused features and considering lakes as
continuous mixtures of multiple archetypes allowed for a
non-contiguous spatial distribution that better reflects the
hierarchical, multi-scale phenomena that influence lake eco-
systems. For example, lakes closely resembling a given arche-
type tended to have similar levels of atmospheric deposition,
land use, and water quality, characteristics not included as
predictor variables in the analysis; hence lakes in watersheds
with similar geographic contexts tend to be more similar to
each other in key limnological properties. Additionally,
modeling well-established limnological relationships was
improved by considering the archetype most closely resem-
bling each lake as a categorical variable, and even more so by
weighting the contribution of each archetype to each lake,
and both models outperformed a global model with no classi-
fication and a widely used ecoregion classification. Therefore,
lakes in watersheds with different geographic contexts tend to
respond differently to a given environmental driver, and our
classification approach provides an intuitive, quantitative, and
reproducible framework to account for this geographic vari-
ability in lake functioning.

US lakes as continuous mixtures of seven archetypes for
improved prediction and understanding of lakes

The archetype modeling provides a weight for each lake
that describes its similarity to each of the seven archetypes,
and these weights, or a discrete variable denoting the arche-
type most resembling each lake, can directly be used in limno-
logical analyses as in other classification approaches. In other
words, a simple model based on a single categorical variable
with seven discrete states (i.e., the “max” archetype for each
lake) or a more complex model with seven continuous vari-
ables representing the weight of each archetype for a given
lake can be directly applied from our classification approach
depending on research, management, or other needs. The
continuous model using weighted archetypes allows more
nuance that accounts for the fact that most lakes often resem-
ble multiple archetypes. Although this model is more com-
plex, the AIC metric indicates that the improvement in
prediction may be worth the increased complexity (Table 2).

Our seven archetypes are comparable in number to the
11 Level I Ecoregions (Omernik 1987) in the US, which have
successfully been used to group lakes with similar states or
responses in a number of broad-scale studies (Taranu
et al. 2017; Sprague et al. 2019; Garner et al. 2022). The geo-
graphic distribution of the maximum archetype weights for
each lake (Fig. 3) is also roughly comparable to the geographic
distribution of Level I Ecoregions, and other landscape

US lakes as 7 geographic archetypes

classifications such as Holdridge Life Zones (Lugo et al. 1999).
A key difference with the archetype approach, is that by focus-
ing on a combination of lake-focused, watershed, and regional
features, archetypes do not have a contiguity constraint and
they can include watershed-specific predictors at finer scales
than ecoregion approaches allow. Like the ecoregion
approach, and unlike several classification approaches widely
used in European countries (e.g., Solheim et al. 2019; Poikane
et al. 2022), archetype modeling has the added benefit of not
relying on in-lake data and can thus be applied to unsampled
lakes.

The archetype predictors often have high levels of spatial
auto-correlation at continental extents (see Lapierre
et al. 2018); hence the weights of a given archetype or the
maximum archetype for each lake still follow broadly struc-
tured spatial patterns. However, nearby lakes can be different
archetypes, particularly toward the edges of areas dominated
by a specific archetype (Fig. 3). Contiguity of regions can be
advantageous from a management point of view, as it can
be more practical to define and apply policies uniformly
within an administrative unit (Cheruvelil et al. 2021 and ref-
erences therein), and our results support that using a contig-
uous classification (e.g., ecoregions) is always better than no
classification (i.e., global models). Therefore, considering
some type of ecologically relevant classification appears to
always improve lake predictions, particularly for water qual-
ity measures.

Lake archetypes adequately capture among-lake variation
as there was little overlap in the distributions of in-lake mea-
surements (TP, TN, Chl a, dissolved organic carbon, Secchi
depth) among lakes closely resembling a given archetype. This
was the case even though limnological variables presented in
Fig. 4 were collected by a sampling program (the National
Lake Assessment, USEPA 2016) that bases its sampling design
on terrestrial ecoregions, which led to imbalanced sample size
among archetypes (note the absence of limnological data for
Archetype 6, Fig. 4). In line with previous studies (Sadro
et al. 2012; Rose et al. 2014), concentrations of all water qual-
ity variables were the lowest in the pristine, deep, and high
elevation lakes from Archetypes 3 and 7. At the other end of
the spectrum lie lakes resembling Archetypes 4 and 5. These
lakes were mainly found on and downstream of the high ele-
vation, flat plateau of the central US (Figs. 2, 3) and co-
occurred with the densest concentrations of cultivated crops
and the highest levels of atmospheric deposition (Fig. 4).
These human drivers are likely sufficient in themselves to
explain the higher concentrations of nutrients and lower
water transparency measured in situ (Carpenter et al. 1998),
but additional factors related to the geographic features of
their watershed are likely contributing factors, such as mor-
phometry or lake origin, which may influence in-lake nutrient
processing (Read et al. 2015; Casas-Ruiz et al. 2021). There
were no systematic differences in lake area among archetypes,
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but lakes resembling Archetypes 4 and 5 are typically shallow
(Fig. 4). These features presumably explain the contrasting
driver-response relationships among archetypes (Table 2),
suggesting that lakes found in watersheds with contrasting
geographic properties may respond differently to a given
disturbance.

Implications for predicting lake response to broad scale
change

Globally, lakes are subject to stressors such as climate and
land use change that have complex interactions and diverse
response trajectories (Hayes et al. 2015; Zia et al. 2016; Hansen
et al. 2022). The design of monitoring programs to collect in
situ ecosystem data is notoriously challenging because of the
need to capture the full range of ecologically relevant hetero-
geneity that exists at both local and regional scales (Janousek
et al. 2019; Soranno et al. 2020). Our results show that a con-
tinuous approach based on lake archetype classification can
facilitate the identification of lakes with similar limnological
states and responses, two key management targets that can
sometimes form the foundation for such monitoring programs
(Soranno et al. 2010; Yuan et al. 2014; Poikane et al. 2022). For
example, because all 476,697 conterminous US lakes > 1 ha are
assigned a weight for each archetype, it is possible to use the
archetype model output to estimate potential ranges of water
quality related in-lake measurements (nutrients, carbon, clar-
ity), even for lakes that have not been sampled. Such a predic-
tive approach would provide water quality estimates to
management agencies on all lakes in a region or jurisdiction
that could aid in management decisions. These results are
important because even if lakes have similar TP concentrations,
the response of algal biomass to changes in nutrients is not uni-
versal and likely differs depending on the lake archetype mix-
ture (Table 2). It has been previously shown that algal-nutrient
relationships vary spatially (Fergus et al. 2016; Liang et al. 2020;
Zhou et al. 2022), and the results presented here suggest that
archetype classification can be used to group lakes with pre-
sumed similar responses, including lakes that have not been
sampled.

Application of the seven archetypes described here to the
assessment of other lake pressures of local to national interest
has yet to be tested. Availability of archetype assessments at
the scale of the conterminous US may complement such dis-
crete assessments by uncovering potentially sensitive lake
populations not previously identified due to lack of in-situ
sampling information. This further points toward the need to
develop better driver-response relationships for under-sampled
lake archetypes (e.g., lack of lakes closely resembling archetype
6 in Fig. 4) to better understand their current functioning and
future responses to direct and indirect human pressures.
Finally, we suggest that finer, more local approaches may be
needed in regions where most lakes appear to resemble a sin-
gle archetype. Indeed for pressures such as acid rain where

US lakes as 7 geographic archetypes

lake sensitivities have been well studied, a targeted discrete
assessment approach may be more optimal, for example in
acid-sensitive Rocky Mountain lake sub-populations (Nanus
et al. 2009). However, we argue that archetype classification
may be the most useful at broad spatial extents or in areas
where several distinct archetypes are found within close prox-
imity, where the population of lakes is very diverse, and
knowledge about the effects of critical landscape features is
limited. Under such circumstances, the flexible, continuous
nature of archetype classification may be particularly useful
for exploring emerging environmental pressures that are not
as documented as long-standing problems such as eutrophica-
tion and acid rain.

Data availability statement

The data discussed in this article are available from Zenodo
(DOI: 10.5281/zenodo.10008350). Two data tables with obser-
vations by lake are provided: one with the transformed predic-
tors and archetype weights and maximum archetype and the
second with the raw data for predictors, post-hoc response var-
iables, and limnological modeling variables. The two tables
can be linked with a unique lake identifier, lagoslakeid. A data
dictionary defining columns in each data table is also
provided.
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