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Abstract

Empirical assessment of how forest disturbance affects streamflow has been tra-

ditionally limited to small, experimental catchments. However, larger catchments

where landscape management occurs have emergent drivers of streamflow at

scale, and thus may exhibit novel responses to land cover disturbance. We used

statistical models of water yield and annual maximum peak streamflow for multi-

ple large (> 50 km2) forested catchments in the low-relief glaciated region of cen-

tral North America to investigate how forest disturbance and climatic variability

affect water yield and peak flows in similar landscapes. We used linear models, lin-

ear mixed effects models, and probabilistic flood-frequency analysis with Bayes-

ian parameter estimation in two case studies. These included: (1) a wildfire that

burned �30% of the 650 km2 wilderness Upper Kawishiwi catchment, and

(2) 11 catchments within the St. Louis River Basin ranging from 56 to 8880 km2

with a patchwork disturbance regime wherein �0.25% to 1% of the catchment is

harvested or converted to non-forest land use each year. We also assessed the

most likely hydrological recovery year after forest disturbance, and the relative

importance of stationary and nonstationary drivers of streamflow. We found for-

est disturbance correlated with declines in water yield for low-level disturbance

regimes in some catchments, but that water yield increased in response to the

large-scale wildfire. Positive and negative associations of forest disturbance with

peak flows were observed. Hydrologic recovery time ranged from 5 to 13 years

for water yield and peak flows following disturbance. Despite these effects of for-

est disturbance on streamflow, effects of climatic variability and stationary catch-

ment size factors were more prominent streamflow drivers. Basins larger than

�50 km2 in low-relief glaciated regions can be impacted by forest cover change

even on <30% of basin area, but climatic variability and catchment spatial scale

has a larger effect than forest disturbance.
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1 | INTRODUCTION

Some landscapes are managed as forest in part to maintain high-

quality water supply for societal and ecosystem benefits

(Andréassian, 2004). Forest disturbance, including anthropogenic and

natural processes, can affect a catchment's water balance through

decreases in evapotranspiration associated with loss of tree cover or

tree mortality associated with the disturbance event (McEachran

et al., 2020; Stednick, 1996). What effect forest cover change has on

streamflow has been a key question widely investigated using empiri-

cal statistical analyses of catchment-scale data, often using a Before-

After-Control-Impact (BACI) and paired watershed design focusing on

experimental forest harvesting regimes (Neary, 2016). Key metrics of

hydrologic change common in the literature include annual water yield

and peak flows (Buttle, 2011), often defined as the annual maximum

peak streamflow (Green & Alila, 2012; McEachran et al., 2021). Forest

harvesting is the disturbance most often investigated, because of the

experimental control in how the forest disturbance is implemented, in

addition to relevance for forest and watershed management. In rela-

tively small catchments, for each additional one percent that a catch-

ment is harvested, annual water yield increases 0.5–7 mm/year

(Bosch & Hewlett, 1982; Brown et al., 2005; Sahin & Hall, 1996;

Stednick, 1996; Zhang et al., 2017). When forest land cover is con-

verted to non-forest cover (or to another forest species composition),

it takes several years (5–20+ years) to reach a new equilibrium water

balance, while forest that is allowed to regenerate following distur-

bance utilizes water differently as it regrows through its life cycle

(Brown et al., 2005). Often, 10%–50% of a catchment has to be dis-

turbed for discernible responses in water yield, but effects for much

lower disturbance percentages have been found in some cases

(Jones & Grant, 1996; Stednick, 1996). At all spatial scales, peak flow

responses to forest harvesting are much more diverse and variable

compared to effects on annual water yield including peak flows

increasing, decreasing, or showing no effect (Alila et al., 2009;

Buttle, 2011; Green & Alila, 2012; Guillemette et al., 2005; Jones &

Grant, 1996; Thomas & Megahan, 1998). Some divergent results stem

from methodological disagreement about the most appropriate frame-

work within which to analyse peak flows (Alila et al., 2009; Bathurst

et al., 2020; Jones & Grant, 1996; Thomas & Megahan, 1998). Several

review papers have described past empirical studies (e.g. Brown

et al., 2005; Stednick, 1996; Zhang et al., 2017), but a full review is

beyond the scope of our paper.

North American forest hydrology literature has mostly focused on

the effect of forest harvesting in relatively steep, mountainous catch-

ments (e.g., the Pacific Mountain System or Appalachian regions)

(Goeking & Tarboton, 2020; Green & Alila, 2012; Hewlett &

Hibbert, 1961; Jones & Grant, 1996; McEachran et al., 2020; Safeeq

et al., 2020). Studies in central North America and Scandinavia have

found forest harvesting to generally increase annual water yield, peak

flows, and quickflow (Buttle et al., 2018; Buttle et al., 2019; Ide

et al., 2013; McEachran et al., 2021; Sebestyen et al., 2011), but some

variability has been found. For example, seasonal summer runoff can

decrease in response to forest harvesting after a year of recovery,

even while spring runoff remains elevated (Ide et al., 2013). Recovery

to pre-treatment conditions for metrics of water yield and peak flows

has been found to be between 10 and 20 years after harvest

(Sebestyen et al., 2011), but some studies have not found a length of

hydrologic recovery, with effects still detectable 15+ years after har-

vesting treatment (Buttle et al., 2018; Ide et al., 2013; McEachran

et al., 2021). These results have supported management paradigms in

the Great Lakes region of the north central USA to consider any forest

that is less than or equal to 15 years old “young forest” that is poten-
tially affecting water yield and peak flows, and any older forest as

“hydrologically recovered” and effectively behaving as mature forest

with respect to water balance components (Sebestyen et al., 2011;

Verry, 2004). It is unclear how the paradigm-shaping literature devel-

oped in different biophysical regions applies to low-relief glaciated

regions found in central North America and Eurasia, where hydrologic

functioning differs substantially in part due to differences in soil mois-

ture storage, wetland extent, and groundwater exchange.

Studies on the effects of forests on streamflow have historically

focused on catchment spatial scales of <10 km2 (Andréassian, 2004;

Hewlett et al., 1969; Likens, 2001; Loftis et al., 2001; Stednick, 1996).

In particular, “detectability thresholds” derived from the traditional

paired catchment literature have unclear application to larger basins

where cumulative forest disturbances occur over several years (Wei

et al., 2021). Experimental catchments are specifically designed with

statistical requirements for the attribution of causal mechanisms in

mind, which rely on small, relatively homogeneous catchments. How-

ever, at larger spatial scales where landscapes are heterogeneous and

data collection networks are less dense, there are difficulties in apply-

ing empirical approaches.

At larger catchment scales, different streamflow generation pro-

cesses may emerge compared to the headwaters catchments on

which the catchment science literature focuses (Blöschl, 2022; Blöschl

et al., 2007; Rogger et al., 2017). Emergent properties of streamflow

generation at large scales include the importance of regional ground-

water, increasing catchment heterogeneity, catchment storage and

channel routing processes, and the importance of large-scale climate

variability (Laudon & Sponseller, 2018; Viglione et al., 2016). As

catchments scale up in size, structure and function of relevant flow-

generating units in the catchment can shift. For example, heterogene-

ity in catchment structure and physical characteristics, such as surficial

geologic deposits, increases with catchment area. Catchments large

enough to include multiple geologic units often have areas of dispro-

portional hydrologic function at the boundaries of different deposits

(e.g., flow along fault lines: Bense et al., 2013). Additionally, climate

variability is expected to be a dominant signal in large as opposed to

small (e.g. headwater) catchments (Rogger et al., 2017). Because struc-

ture and other drivers differ, there is a need to conduct studies in

large catchments instead of inferring large catchment responses from

previously conducted small catchment studies.

Empirical approaches are commonly used to assess the effects of

forest disturbance on streamflow processes, allowing for the testing

of hypotheses not constrained by an a priori conception of the physi-

cal processes at work. Many studies have utilized the
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before-after-control-impact (BACI) design (Andréassian, 2004;

Hewlett et al., 1969; Neary, 2016). Regression analysis, nonparametric

tests, and timeseries analysis have been used to empirically test for

streamflow response to harvesting in large catchments (Hou

et al., 2022; Jones & Grant, 1996; Lin & Wei, 2008). A key step in

these types of analyses is the quantification of cumulative forest

disturbance, which serves as the independent variable to assess the

cumulative effect of many small disturbance events over time.

Associated with this approach is the concept of “hydrological
recovery” which is the time period required for the disturbed por-

tion of the catchment to function similar to its pre-disturbance con-

dition. Estimating hydrologic recovery time has been approached

by using: (1) considerations from silviculture (e.g., when does that

species of tree exceed a certain maturity threshold?) (Giles-Hansen

et al., 2019; Lin & Wei, 2008), (2) the pairing of catchments and

assessing based on relative disturbance intensity (Jones &

Grant, 1996), and (3) past empirical paired-catchment results to

constrain recovery time (McEachran et al., 2021). Alternative

approaches include controlled plot-scale studies (Pierson

et al., 2007), meta-analysis of catchment studies across regions (Ali

et al., 2015), and using models, either physically-based, statistical,

or their combination (Zégre et al., 2010). The ability to generate

long synthetic streamflow records is a key advantage of modelling-

based studies (Green & Alila, 2012), but the use of empirical data

still offers a distinct advantage in its lack of reliance on a particular

physical-science paradigm, and complements modelling studies as

validation and advancement of the physical paradigms used in

process-based models.

In this article, we utilize probabilistic approaches to empirically

assess the effect of forest disturbance on water yield and peak

streamflow at a range of catchment sizes in the low-relief, glaciated

Minnesota, USA. We investigated the hypothesis that forest cover

loss through harvesting and/or fire results in increased water yield

and increased peak streamflow, and that discernible signals of spatial

scale are detectable in the relationship of streamflow to forest distur-

bance across catchments 50–9000 km2.

2 | METHODS

2.1 | Study area

2.1.1 | Upper Kawishiwi Basin

The Kawishiwi River starts in a small lake in the Hudson Bay drainage,

and flows entirely on the southern Canadian Shield. The Upper

Kawishiwi Basin has an area of 650 square kilometres, and is almost

completely in the Boundary Waters Canoe Area Wilderness. The

catchment has thus been largely protected from development since

1964. In August of 2011, a lightning strike ignited the Pagami Creek

Fire, and burned 27% of the catchment area (200 km2) (Figure 1).

Crystalline bedrock is often <1 m from the soil surface (Jirsa

et al., 2011), although deeper peat deposits and deep lakes in bedrock

depressions are common. Soils are generally coarse-textured, but

perched wetlands over lacustrine clay confining layers are common

(Prettyman, 1978). Approximately 29% of the watershed area in the

Upper Kawishiwi Basin comprises lakes and wetlands (Minnesota

National Wetlands Inventory, 2019), with �13% of the watershed

area in open-water storage. In-channel lakes constitute 82% of the

channel length of the Kawishiwi River (Minnesota Department of Nat-

ural Resources, 2022). The Upper Kawishiwi catchment was 83% for-

ested before the fire, with mostly evergreen and woody wetland

forest types (28% and 24%, respectively) (NLCD 2011: Homer

et al., 2015). The climate in the Upper Kawishiwi catchment is conti-

nental, with moist warm summers and dry, cold winters. Since 1895,

the average annual precipitation is 693 mm, about 27% of which

occurs in the winter largely as snow (PRISM Climate Group, 2020).

2.1.2 | St. Louis River Basin

The St. Louis River begins in a region of shallow lakes and peatlands,

and flows through extensive glacial deposits before draining into Lake

Superior in Duluth, Minnesota (Figure 1). It is the largest river to drain

into the Great Lakes, with a drainage area of 8880 km2 at the most

downstream gauge at Scanlon, Minnesota. The St. Louis River flows

through material of multiple glacial provenances, intersecting with

areas of glacial lake, till plain, morainal, and drumlin landforms

(Hobbs & Goebel, 1982). A large portion of the basin is wetlands (60%

of the area at the Scanlon gage) particularly where lacustrine sedi-

ments constitute the parent material (Figure 1). There are few open-

water lakes in the catchment, in contrast to the Kawishiwi catchment.

All catchments contain about 1/3 upland forest and � 50% woody

wetlands (2019 NLCD: Dewitz & U.S. Geological Survey, 2021). Min-

ing land use is common in the northern portion of the basin, but land

use/land cover has not changed substantially since the formal NLCD

record began in 2001, indicating largely stationary non-forest land

cover patterns at the basin scale. Primary disturbances were broadly

distributed and associated with a patchwork on the scale of <1 km2

per disturbance.

2.2 | Data sources and aggregation

We used two contrasting case studies to investigate how forest dis-

turbance affects water yield and annual maximum peak flows. First,

the Upper Kawishiwi River catchment (Figure 1) was a single catch-

ment analysed over a 53 year time period with a wildfire that burned

�1/3 of the catchment area. Second, the St. Louis River Basin case

study involved 11 catchments, some of which were nested, over a

shorter period of time (Figure 1; Table 1). The two case studies were

used to assess the effect of forest disturbance on streamflow for two

common disturbance regimes: in the Kawishiwi, a rapid and large-

scale disturbance over a large area, and for the St. Louis, a patchwork

cumulative disturbance of various sources, but mostly forest

harvesting.
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Published streamflow records were compiled from federal and

state government agencies. The Kawishiwi case study utilized daily

flow records from a United States Geological Survey (USGS) gauge

(USGS 05124480) from 1967 to 2019. The St. Louis River Basin case

study used data from 11 gauges managed by USGS, the Minnesota

Department of Natural Resources, and Minnesota Pollution Control

Agency, collectively housed at the Minnesota Cooperative Streamga-

ging Network (https://www.dnr.state.mn.us/waters/csg/index.html;

Last accessed January, 2022). Gages within the St. Louis utilized avail-

able data from 1986 to 2018. Daily streamflow records were used

when available, while sub-daily streamflow records were converted to

daily records using standard numerical methods (see Supplemental

Section 1 for data processing notes). Catchments for each gauge loca-

tion (Table 1) were delineated using Streamstats v.4 (USGS, 2016),

which relies on a 10 m elevation model to delineate catchment

boundaries.

We defined a streamflow water year as between March and

February of the next year after Sebestyen et al. (2011). This definition

encapsulates streamflow seasonality in northern climates, which is

greatly reduced in winter and starts to increase with early spring

warming in March. We defined the water year for all non-streamflow

variables (such as precipitation) as between November and October

of the following year (also as per Sebestyen et al., 2011), to reflect the

contribution of snowpack to the streamflow water year. Winter was

defined as November through April, and spring was defined as May

through June, based on snowpack trends at the Winton, MN NOAA

weather station (Menne, Durre, Korzeniewski, et al., 2012; Menne,

Durre, Vose, et al., 2012; NOAA-NCEI, 2020). Regional maximum

flows are most often either the spring freshet, or the result of spring

rains on a saturated catchment in late spring or early summer; summer

rainstorms occasionally produce annual maximums (McEachran

et al., 2021).

Meteorological data were derived from Oregon State's PRISM

database of monthly values (4 km resolution; PRISM Climate

Group, 2020) and aggregated across a 1 km raster cell resampling of

the catchment, either through addition (summing annual, winter, and

F IGURE 1 Basins and geographic setting.
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spring precipitation), or averaging across the entire year (temperature,

dew point, etc.). The meteorological variables used to analyse annual

water yield and peak flows can be found in Table 2, in addition to

using large-scale climatic indices (namely, the Atlantic Multidecadal

Oscillation).

Two Minnesota forest disturbance data sources were used for

the St. Louis analysis: a single map layer representing the “Most

Recent Fast Forest Disturbance” for a given area, wherein forest

patches that had been detected as disturbed at any time in 1975–

2018 were identified with the year of their most recent disturbance

(Vogeler, 2019; Vogeler et al., 2020), and an additional set of annual

forest disturbance maps spanning 1986–2018 (unpublished data,

J. Vogeler). Disturbance pixels were identified using the Landsat time

series trend fitting algorithm, LandTrendr (Kennedy et al., 2010),

grouped into change patches representing a shared change event, and

then classified by disturbance agent using random forest modelling.

The random forest agent attribution model was trained on a set of

patches where the disturbance agent was known through photo-

interpretations, local knowledge, field visits, or additional spatial data

sets (e.g., Monitoring Trends in Burn Severity). Disturbance categories

were aggregated as “regenerating” and “permanent” (i.e., conversion)

for the purposes of the hydrologic analysis. Regenerating disturbances

included stand change categories of harvest, windthrow, fire, and

other. Because of the possibility of patches being disturbed more than

once in the period of record, the annual maps were used for the

extent of their record. The annual maps were produced using similar

Landsat time series change detection and patch attribution

approaches as presented in Vogeler et al. (2020) across the state of

Minnesota, with the exception that changes were identified on an

annual basis from the time series as opposed to focusing only on the

most recent event for a given area, and only included the Landsat data

beginning in 1984 (with change maps starting in 1986). The most

recent change map included information from the early Landsat MSS

sensors which require additional pre-processing and calibration to

incorporate with the rest of the Landsat archive that begins in 1984

(Vogeler et al., 2020). The longer-running “most recent” map product

was used to fill in data 1975–1985. To explore potential recovery

time for forest disturbances ranging between 1 and 20 years, we

extrapolated the most recent forest disturbance map product back to

1967, with 1967–1975 being set equal to the mean annual

TABLE 1 Catchment characteristics for the St. Louis Basin catchments.

Catchment
Size
(km2)

Years
streamflow
record

Upland

forest (%
catchment
area)

Woody

wetlands (%
catchment
area)

Herbaceous

wetlands + Open
water (%
catchment area)

Average annual

regenerating forest
disturbance (%
catchment area)

Cumulative

conversion since
1986 (%
catchment area)

Second Creek

near Aurora

56 2009–2018 34 22 19 0.27 1.3

Colvin Creek

near Hoyt

Lakes

58 2015–2018 38 52 7 0.43 0.02

Stoney Brook

near

Brookston

192 2007–2018 23 63 10 0.32 0.31

Partridge River at

Hoyt Lakes

270 1986–1988;
2002

37 52 5 0.40 0.03

Partridge River

near Hoyt

Lakes

333 2010–2018 37 48 7 0.40 0.21

Swan River near

Toivola

620 2011–2018 32 43 7 0.26 1.2

St. Louis River

near Aurora

756 1986–1987;
2014–2015

32 53 8 0.36 0.27

Whiteface River

near

Meadowlands

1354 2012–2018 26 62 7 0.41 0.15

St. Louis River

near Forbes

1791 1986–1989;
2010–2018

34 49 7 0.38 0.49

Cloquet River

near Burnett

2028 2009–2017 39 46 7 0.48 0.37

St. Louis River at

Scanlon

8884 1986–2018 30 53 7 0.35 0.45

Note: Some basins had an extra 1–2 years of data for annual maximum flow due to records being available during spring freshet, while water yield record

periods are reported in the table.
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regenerating disturbance within the first 15 years of the most recent

fast forest disturbance layer. At the catchment scale we created an

aggregated “disturbed” metric with the percentage of catchment area

disturbed by a regenerating forest disturbance in a given year (plus N

prior years within a recovery window). Forest conversion was added

to the annual catchment-scale “disturbed” metric as a cumulative sum

of areal percentage converted since 1986 (year 1 of water yield

modelling where there was streamgage data, and of the annual forest

disturbance mapping product). This representation of disturbance

assumes all converted forest, and regenerating disturbance before the

recovery year, behaves differently than pre-disturbance with respect

to hydrology; once the recovery year is met, that formerly disturbed

patch returns to the pre-disturbance hydrological baseline (for non-

conversion disturbances). Thus, in 1986, the 1-year forest disturbance

metric includes the regenerating forest disturbance that occurred in

1986, plus the conversion that occurred in 1986. In 1990, the 11-year

forest disturbance metric included the sum of the regenerating forest

disturbance that occurred in 1980–1990, plus the cumulative

forest conversion that had occurred since 1986. Total forest

conversion in the basins was low, with a basin maximum annual con-

version rate of 0.25% of basin area, and a maximum cumulative sum

(1986–2018) of 1.56% of basin area. This compares to the regenerat-

ing forest disturbance maximum annual value of 2.38% in a single

year. Finally, the rest of the landscape was treated as stationary.

2.3 | Modelling methods

Our overarching modelling approach uses linear models for water

yield and peak flows, in addition to probabilistic flood-frequency

models for peak flows. Linear modelling approaches are commonly

used to assess the effect of forest disturbance on water yield and

peak flows (Jones & Grant, 1996; Lin & Wei, 2008). However, recent

literature has shown the importance of also analysing peak flows

using probabilistic flood-frequency frameworks to draw inferences

about how forest disturbance and climate factors influence the peak

flow at particular return intervals (Alila et al., 2009; McEachran

et al., 2021). The modelling workflow is outlined in Figure 2. The first

TABLE 2 Data used in the analysis of annual water yield and annual maximum peak daily streamflow.

Annual water yield

Basins

used

Equation (5)

Key Data citation

Annual maximum daily

streamflow

Basins

used Data source

Annual precipitation* K, STL P PRISM Climate Group (2020) Winter precipitation K, STL PRISM Climate

Group

(2020)

Previous year's runoff ratio (to

capture antecedent wetness)

K USGS (2016), PRISM Climate

Group (2020)

Spring precipitation K, STL PRISM Climate

Group

(2020)

September–October

Precipitation (for antecedent

wetness)

STL PRISM Climate Group (2020) September–October

Precipitation (for antecedent

wetness)

STL PRISM Climate

Group

(2020)

Annual average monthly

temperature*

K, STL PRISM Climate Group (2020) Average monthly winter

temperature

K, STL PRISM Climate

Group

(2020)

Annual average monthly dew

point temperature*

K, STL PRISM Climate Group (2020)

Annual average minimum

monthly vapour pressure

deficit*

K, STL PRISM Climate Group (2020)

Annual average maximum

monthly vapour pressure

deficit*

K, STL VPD PRISM Climate Group (2020)

First principal component of:

monthly maximum, minimum

vapour pressure deficit,

monthly mean air and

dewpoint temperatures, and

annual total Thornthwaite

PET.

Explained 62.6% of the total

variance in those terms.

STL ET.PCA1 PRISM Climate Group

(2020); SPEI Package in R

Thornthwaite PET K, STL PET PRISM Climate Group (2020)

SPEI package in R (Beguería

& Vicente-Serrano, 2023)

6 of 18 MCEACHRAN ET AL.



step in each analysis was data exploration and variable selection.

More detailed information on variable selection and modelling

approach can be found in Supplemental Section 2; manual and auto-

mated techniques were both used. The general approach for the

Kawishiwi basin was to first model the pre-fire streamflow using cli-

mate variables alone, then compare the actual observed streamflow

with the predicted streamflow after the fire based on the pre-fire

models. This process included selecting climate variables using manual

techniques and then analysing water yield and peak flows using a lin-

ear model. Peak flows were also modelled in a nonstationary flood-

frequency analysis, the structure of which was chosen via formal/

automated model selection. For the St. Louis basin analysis, climate

effects on water yield and peak flows were assessed using five to six

candidate Linear Mixed Effects (LME) models per streamflow variable.

LME was used because of catchments' biophysical similarity, while

allowing a unique response to climate drivers for each catchment. The

“fixed effect” represented an overall region-specific mean effect of

the climate driver on streamflow, while the “random effect” allowed

each basin to modify the fixed effect according to its specific hydro-

logic response to that climate driver. Manual variable selection

informed the candidate LMEs, with the final LME chosen using auto-

mated selection. The streamflow residuals from the selected best-fit

LME, representing climate-detrended streamflow, were then modelled

with forest disturbance as a linear predictor. Detrending a variable by

using the residuals from a regression analysis is a common practice

(Iler et al., 2017), and modelling the climate-only variability in stream-

flow first ensures no multicollinearity with forest disturbance

predictors when those are modelled based on the climate-only resid-

uals. This is a conservative choice with respect to our hypotheses

insofar as any collinearity between climate and forest disturbance is

attributed to climate drivers. Peak flows in the St. Louis basin were

also analysed in a nonstationary flood-frequency framework that

parsed the peak flow distribution into stationary and nonstationary

components; from this flood-frequency model, we obtained the

annual maximum peak flow with a 50% annual exceedance probability

(the Q2). We then modelled the nonstationary component of the Q2

with climate and forest disturbance predictors. The Q2 was chosen

because it is critical for the average channel-forming flow for alluvial

river systems (Phillips & Jerolmack, 2016; Wolman & Miller, 1960),

and streamflow records were <5 years in some basins.

For all models, we used Bayesian-based Markov chain Monte

Carlo (McMC) sampling (Gelman & Rubin, 1992) to generate a full

probabilistic estimate for the parameters conditioned on the observed

annual water yield and annual maximum flow, except where explicitly

stated. For the McMC sampling, we implemented the JAGS (“Just
Another Gibbs Sampler”) algorithm (Plummer, 2003) with the “R2jags”
package (Su & Yajima, 2015) in R (R Core Team, 2022). We used non-

informative priors, including normal distributions with wide standard

deviations, or uniform distributions where parameters were defined

only when greater than zero. Model appropriateness was assessed by

visually inspecting residuals versus fitted and normal QQ plots, and

posterior-predictive checks (Gelman et al., 1996). We reported the

confidence we have for an hypothesized positive or negative relation-

ship between streamflow and forest disturbance as represented by

F IGURE 2 Workflow diagram for the analysis techniques used to assess effects of forest disturbance on streamflow on the Kawishiwi and
St. Louis River.
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the sign (±) of “effects” parameters within the models, based on their

modelled posterior density distributions (Gelman & Tuerlinckx, 2000).

There is no strict threshold for “significance,” but rather our confi-

dence is the weight of evidence corresponding to an effect parameter

of forest disturbance on streamflow as being positive or negative

(McShane et al., 2019). While we consider confidence to be a continu-

ous quantity, where hypotheses have �10:1 odds in favour (which is

where we would be 91% confident), they are often considered to

have substantial to strong support (Kass & Rafferty, 1995), so we con-

sider >90% confidence as “high confidence” effects. Finally, for all

models, McMC convergence was supported by the Gelman-Rubin sta-

tistic and visual inspection of traceplots.

2.3.1 | Upper Kawishiwi methods

Before the fire (2011), we selected the annual precipitation and the

annual average monthly Atlantic Multidecadal Oscillation (AMO) index

as the dominant climate drivers of streamflow in the Upper Kawishiwi

catchment, after selecting for variables shown in Table 2 and asses-

sing spectral trends in the hydrometerological data using the Fast

Fourier Transform (NOAA – PSL, 2020; Supplemental Section 2).

There was also a clear piecewise change point at AMO = 0, consistent

with regional literature (Mengistu et al., 2013). Thus, the effects of

the 2011 fire on water yield were assessed with respect to

Equation (1):

Qi ¼ b0þb1 �Piþb2 �AMOiþb3 �αiþb4 �AMOi �αiþεi,

εi �Normal 0,σ2
� �

, ð1Þ

where Qi is the annual water yield in year i (mm), Pi is the annual pre-

cipitation in year i (mm), AMOi is the annual average monthly AMO

index value in year i [dimensionless], and αi =0 when AMOi ≤0 and αi

=1 when AMOi >0. For the annual maximum flow regression, we uti-

lized Equation (1), but Qi represented the annual maximum stream-

flow, and Pi represented the winter precipitation.

Each year j after the fire (2012–2019), we sampled the distribu-

tion of expected Qj based on that year's climate forcings by sampling

the posterior densities of the regression parameters and the error

term εi. The proportion of the distribution of expected Qj values in

each year below the observed value was our confidence that water

yield increased more than would be expected after the fire.

The probabilistic flood-frequency approach for annual maximum

flow utilized the same driving climate variables used in the regression

analysis. We used the Gumbel distribution (Gumbel, 1958; Lima &

Lall, 2010) to describe the annual maximum streamflow. The Gumbel

distribution is parameterized by a location (μ) and scale (σ), which

were modelled linearly by winter precipitation and AMO index in a

nonstationary framework. After fitting models for all combinations of

linear dependence of location and scale on winter precipitation and

AMO index, Equation (2) was chosen as the most probable model for

the 1967–2011 time period (degree-of-belief = 0.339) (Supplemental

Table 3.1).

Qmax,i �Gumbel μi,σið Þ,

μi ¼ a1þa2 �AMOiþa3 �Pi ,

σi ¼ σprefire, ð2Þ

In Equation (2), Qmax,i is the annual maximum daily discharge in

pre-fire year i; μi and σi are the location and scale parameters in

year i, respectively; σprefire is the stationary pre-fire scale parameter;

a1, a2, and a3 are hyperparameters describing how μi varies with

AMO and winter precipitation; and Pi is the winter precipitation in

year i.

To assess the effect of the fire, we added constant effects hyper-

parameters to allow the fire to impact peak flows either through the

location, scale, or both parameters (Equation 3):

Qmax,j �Gumbel μj ,σj
� �

,

μj ¼ a1þa2 �AMOjþa3 �Pjþμo,

σj ¼ σprefireþσo, ð3Þ

In Equation (3), variables remain the same as in 2, except for the

year indexing which is over post-fire years j, and the constant effects

hyperparameters μo and σo , which represent the changes to the loca-

tion and scale parameters due to the fire, respectively. Cumulative

Distribution Functions (CDFs) through the 2% exceedance probability

were compared when the effects hyperparameters were set to zero,

versus allowed to be non-zero in Equation 3, representing “expected”
and “treated” conditions, respectively. We chose the 2% exceedance

probability because the approximate level of information we have

from the system was commensurate with the 2% exceedance proba-

bility event (i.e., �50years of data).

2.3.2 | St. Louis Methods

Linear Mixed Effects and Linear Regression Analysis

We selected the water yield candidate regressions through consider-

ing the pooled correlation matrix on all streamflow data in the basin,

water balance considerations, and the results from the Kawishiwi

analysis (Supplemental Table 2.1). Because of multicollinearity

between many of the predictors, we also used the first principal com-

ponent of the ET-driving variables as a possible predictor (see Table 2

for details).

yieldi,j ¼ annual water yield in year i in catchment j,

yieldi,j ¼Normal bqi,j,s,σs
� �

,
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bqi,j,1 ¼ b0,1þbc0,j,1
� �þ b1,1þbc1,j,1

� ��Pi,

bqi,j,2 ¼ b0,2þbc0,j,2
� �þ b1,2þbc1,j,2

� ��Piþ b2,2þbc2,j,2
� ��VPDi,

bqi,j,3 ¼ b0,3þbc0,j,3
� �þ b1,3þbc1,j,3

� ��Piþ b2,3þbc2,j,3
� ��PETi,

bqi,j,4 ¼ b0,4þbc0,j,4
� �þ b1,4þbc1,j,4

� ��Piþb2,4 �AMOiþba0 �αi
þ ba1 �αi �AMOi ,

bqi,j,5 ¼ b0,5þbc0,j,5
� �þ b1,5þbc1,j,5

� ��Piþ b2,5þbc2,j,5
� ��ET:PCA1i,

s�Categorical 5;p1,…,p5ð Þ: ð4Þ

In Equation (4), the b's are fixed effects, bc's are random (catch-

ment) effects, and σ is pooled model variance. The other climate vari-

ables are annual aggregations of the variables in Table 2. The AMO

model was a breakpoint regression as in the Kawishiwi regressions.

The selected final model s was that which had the highest probability

ps after conditioning on the data.

The candidate LMEs for peak flows had the same structure as

Equation (4), but with different terms, with predictors of (1) spring

precipitation only, (2) winter precipitation and spring precipitation

(no interaction), (3) spring precipitation plus winter/spring precipita-

tion interaction, (4) spring precipitation plus AMO index as in the

Kawishiwi regression, (5) spring precipitation and fall precipitation,

and (6) spring precipitation, and winter precipitation and winter mean

temperature interaction (Supplemental Table 2.2). These candidate

variables were selected due to considering the overall correlation

matrix, and considering the dominant mechanisms of regional flooding

as rapidly melting snowpack or rain-on-snow in the spring after a wet

fall (Verry et al., 1983). Additional rationale for each candidate model

is given in Supplemental Table 2.2, and the equations are written out

explicitly in Supplemental Equation (2.1). We divided each annual

maximum streamflow (m3/s) by 100 times each basin's area to get a

per-area value (m3/s per 100 km2) so we could pool residual variance

across catchments and to support McMC convergence.

The residuals from the best-fit climate-only LME, at the mean

posterior density for the parameters and with the highest ps

(Equation 4) were then modelled with forest disturbance as a linear

predictor. To incorporate recovery, 20 regressions were fit with

recovery year ranging from 1 to 20 years.

ri,j ¼ unexplained portion of water yield or peak flow after accounting,

for climate factors inbqi,j,s in year i in catchment j,

ri,j �Normal dri,j,N,σ
� �

,

dri,j,1 ¼ br0,1þbr1,1 �di,j,1,

dri,j,2 ¼ br0,2þbr1,2 �di,j,2,
…

dri,j,20 ¼ br0,20þbr1,20 �di,j,20,

dri,j,N �Categorical 20;p1,p2,…,p20ð Þ, ð5Þ

where dri,j,N is the expected climate-detrended water yield or peak flow

in year i in catchment j with a forest recovery time of N years, with

di,j,R representing forest disturbance in year i in catchment j with a

recovery time of R ranging from 1 to 20years. The highest pN repre-

sents the most-likely recovery year N. Our confidence in the sign of

b1,N (i.e., X% confidence that b1,N > 0) represents our confidence in an

effect.

Probabilistic analysis of annual maximum streamflow

We used a nonstationary Gumbel model for annual maximum stream-

flow (Lima & Lall, 2010). The location and scale parameters had a sta-

tionary mean determined by basin spatial scale: both parameters of

the Gumbel distribution increase linearly in log–log space with spatial

scale (Lima & Lall, 2010; eq. 6). We also allowed the location and scale

to vary year-to-year, thus incorporating potential nonstationarities

(Lima & Lall, 2010). Thus, the location and scale parameters of the

Gumbel distribution, as modelled, are comprised of (1) a stationary

component determined solely by the log–log scaling of these parame-

ters with basin spatial scale, and (2) a nonstationary component deter-

mined by the annual variability of these parameters, varying according

to some variance σ2.

mxi,j ¼ annual maximum streamflow in water year i in catchment j,

mxi,j �Gumbel loi,j ,sci,j
� �

,

ln loi,j
� ��Normal b0þb1 �xj,σlo

� �
,

ln sci,j
� ��Normal b2þb3 �xj,σsc

� �
,

q2i,j ¼ loi,j� sci,j � ln � ln 0:5ð Þð Þ,

stat:q2j ¼ b0þb1 � xj
� �� b2þb3 �xj

� �� ln � ln 0:5ð Þð Þ: ð6Þ

Following Lima and Lall (2010), we transformed our catchment

sizes to a zero-mean predictor to facilitate model convergence. The

Q2 was estimated using the quantile function of the Gumbel distribu-

tion at a quantile of 0.5, which is defined as lo – sc*ln(�ln(0.5)). Thus,

the stationary Q2 is the 50% quantile of the Gumbel distribution

defined by the log–log scaling regression of the location and scale

parameter that only relies on the basin spatial size. In addition to this,

in each individual year, the Q2 “randomly” varies according to some

variance of the location and scale parameters. However, because

Bayesian parameter estimation is used, we can actually estimate the

value of the Q2 in those years (Lima & Lall, 2010). Thus, we can com-

pare the actual best-estimate Q2 in each individual year against what

would have been predicted as the Q2 in the absence of the nonsta-

tionary variability. The difference between q2i,j
(the nonstationary q2)
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and stat:q2j (the stationary q2 determined solely by catchment size)

represented the component of the Q2 attributable to nonstationary

processes. We modelled the mean posterior density value of the non-

stationary component of the Q2 against forest disturbance and a win-

ter/spring precipitation interaction using a linear model. We chose the

winter/spring interaction term because of a correlation analysis,

the results of the peak flow LMEs, and attempting to encapsulate the

key peak flow drivers of the region in a single variable (Verry

et al., 1983).

diff:q2i,j ¼ q2i,j
� stat:q2j

,

diff:q2i,j �Normal a0,jþa1,j �disti,jþa2,j �ws:precipi,j
� �

,σj
� �

, ð7Þ

Where disti,j is the N-year forest disturbance that was selected in

the peak flow LME analysis, ws:precipi,j is the winter precipitation

multiplied by spring precipitation, centred on the mean and divided

by standard deviation to align the magnitude of variability with for-

est disturbance, and in year i in catchment j, a's are regression

parameters, and σj is a catchment-specific standard deviation. The

sign of the effect hyperparameter a1 was assessed as direction of the

effect of forest disturbance on the Q2. Finally, to assess how much

overall variability in the Q2 is explainable by nonstationary processes,

we compared the mean ratio of the magnitude of diff:q2i,j to q2i,j
for

each catchment. Because some years the Q2 is lower than that

expected due to stationary processes alone, and some years it is

higher (and thus can “cancel out” the overall magnitude of nonstatio-

narity), to assess the relative importance of stationary versus nonsta-

tionary drivers, we took the root-squared difference between the

nonstationary and stationary Q2 components as the magnitude of the

nonstationary effect, and compared this to the overall magnitude of

the Q2.

3 | RESULTS

3.1 | Kawishiwi

Expected and observed water yield after the fire are shown in

Table 3. Water yield was elevated in years 2–6 after the fire. In all

eight post-fire years, the climate variables accounted for 58% of the

variability in water yield. There were only three years where water

yield increased more than 10 mm after the fire (years 2–4). We

were > 90% confident in this effect in year two, 83% confident in year

three, and ≤ 80% confident in both yield increases or yield decreases

in all other post-fire years. Water yield recovered to pre-fire condi-

tions within 5 years of the fire: the hydrologic effect of fire to surface

water was short-lived compared to the regional guidelines of 15-year

hydrologic recovery after forest harvesting disturbance.

The regression results for annual maximum flow showed no

increases or decreases for which we were greater than 90% confident

(Table 4). However, we were 88% confident that the annual maximum

flow increased in year 3 after the fire, and 86% confident that the

annual maximum flow decreased in year 5 after the fire. Overall,

the annual maximum flow regression gave lower confidence for any

fire effects, and a lack of consistent effect direction, if one existed.

The dominance of climate factors is also apparent via the regression

results for annual maximum flows. The winter precipitation and AMO

index accounted for 32% of the variability in post-fire annual maxi-

mum flows. Although this is less than one half, annual maximum flows

were much more variable even in the pre-fire time period, with a

residual standard error of 1.1 mm/day. The climate variables were

even better predictors in describing post-fire annual maximum dis-

charges than during the pre-fire years: after the fire, the residual stan-

dard error between the predicted values and the observed values

according to the ANCOVA had a residual standard error of 0.80 mm/

TABLE 3 Water yield on the Upper Kawishiwi catchment after the Pagami Creek Fire, N years after the fire.

Years after the fire 1 2 3 4 5 6 7 8

Expected (sd) (mm) 263 (58) 274 (58) 312 (59) 175 (59) 309 (64) 346 (66) 256 (56) 295 (58)

Observed (mm) 212 356 367 210 312 351 251 286

Confidence that Water Yield Increased 19% 92% * 83% 73% 52% 54% 46% 44%

Note: Years with >90% confidence in water yield increases are marked with *. Expected water yield was that based on the pre-fire model. Confidence that

the water yield decreased equals one minus the confidence that water yield increased.

TABLE 4 ANCOVA-based annual maximum flows on the Upper Kawishiwi catchment after the Pagami Creek Fire.

Years after the fire 1 2 3 4 5 6 7 8

Expected (sd) (mm/day) 2.88 (1.16) 3.27 (1.16) 3.57 (1.19) 2.36 (1.19) 4.76 (1.39) 3.87 (1.33) 2.11 (1.17) 3.69 (1.17)

Observed (mm/day) 2.90 3.56 4.97 2.25 3.31 3.35 2.01 3.16

Confidence that peak flow increased 51% 60% 88% 47% 14% 35% 46% 32%

Note: Expected peak flow was that based on the pre-fire model. Confidence that the peak flow decreased equals one minus the confidence that peak flow

increased.
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day. Despite this variability, climate trends via winter precipitation

and AMO index were detectable and significant for describing the

annual maximum flow, while the 2011 fire was not a detectable signal

(with confidence) in the annual maximum flow series.

There was no effect for which we were confident of the fire on

Gumbel distribution location or scale parameters (μo = �0.10 ± 0.35

(p = 0.62); σo = �0.13 ± 0.31 (p = 0.72)). We found no changes in

the annual maximum daily streamflow in any year for which we were

greater than 80% confident across the entire CDF, from the 2-year to

50-year return interval event (i.e., all Type-S p > 0.20). Annual maxi-

mum flows at any given return interval actually decreased relative to

what we would expect based on the pre-fire predictions, but with low

(<80%) confidence. Climatic drivers were much more apparent than

fire effects for peak flows in the frequency analysis as well: while the

effect of the fire on the location parameter for the Gumbel distribu-

tion was �0.10, a change in the AMO index of one standard deviation

of that observed 1967–2019 changed the location parameter by 0.33.

In a year with average winter precipitation (195 mm), and the AMO is

at the minimum observed 1967–2019, the 1.5-year annual maximum

flow is 3.5 mm/day, versus when AMO is at a maximum it is 2.2 mm/

day, causing a difference of over 1 mm/day (> 50% difference). How-

ever, when the AMO is at its mean value for 1967–2019, as is winter

precipitation, the 1.5-year flow on the burned catchment is 2.7 mm/

day, versus an expected (i.e., projected based on pre-fire relationships)

2.8 mm/day, a difference of only approximately �4%.

3.2 | St. Louis results

Of the five potential equations for water yield from Equation (4), the

equation including both precipitation and the first ET-principal com-

ponent was chosen in 92% of samples, indicating a high degree of

belief that this was the best climate-only model. This model had the

highest r2 value (0.79) and the lowest standard residual error (41 mm).

The “fixed effect” runoff ratio, or mm of water yield per additional

mm of precipitation, was 0.69 ± 0.11; all precipitation parameters

were greater than 0 (Type S, p < 0.001). The first ET principal compo-

nent fixed effect was inversely correlated with water yield – as factors

that increase ET (vapour pressure deficit, PET, etc.) increased, water

yield decreased. However, confidence in this relationship was gener-

ally low (p = 0.33). Other fixed effects parameters for the selected

model are available in Supplemental Table 3.2. Precipitation was the

dominant explanatory variable in the regression, with a precipitation-

only regression having an r2 of 0.70.

The recovery time for the effect of forest disturbance on climate-

detrended water yield was 11 years (Figure 3). We were � 9.3 times

more confident that when a forest disturbance occurred and was

allowed to regenerate, that forest returned to a pre-disturbance

impact on water yield in 10 or 11 years, rather than any other recov-

ery year window between 1 and 20 years. The effect of the 11-year

forest disturbance on climate-adjusted annual water yield is shown in

Table 5. A majority of catchments did not show water yield changing

F IGURE 3 Hydrologic recovery year for water yield after forest
disturbance, after adjusting for the effects of climate. The degree-
of-belief represents how confident we are that the N year recovery
year is the best-fitting model for recovery years 1–20. Recovery year
represents the number of years after a forest disturbance such as fire,
harvest, or windthrow when that parcel no longer influences the
water yield regression as a “disturbed” parcel, and was selected
according to best-fit of the regression.

TABLE 5 Water Yield effect parameter for the St. Louis
catchments LME-residuals model.

Catchment

Effect Parameter br [mm of water
yield change from expected, per
additional percentage of forest
disturbed in last 11 years or

permanently converted]

P
(br <0)

(%)

Second Creek

near Aurora

�19 [�25 to �12] 100%

*

Colvin Creek

near Hoyt

Lakes

2 [�20 to 22] 44%

Stoney Brook

near

Brookston

�4 [�31 to 22] 59%

Partridge River at

Hoyt Lakes

3 [�6 to 12] 28%

Partridge River

near Hoyt

Lakes

�2 [�13 to 10] 59%

Swan River near

Toivola

�9 [�34 to 17] 73%

St. Louis River

near Aurora

3 [�7 to 12] 33%

Whiteface River

near

Meadowlands

4 [�17 to 24] 38%

St. Louis River

near Forbes

�13 [�18 to �8] 100%

*

Cloquet River

near Burnett

1 [�17 to 20] 45%

St. Louis River at

Scanlon

�9 [�13 to �5] 100%

*

Note: Where our confidence that the water yield decreased is greater than

90%, we marked with *.
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substantially in response to forest disturbance (8 of 11 catchments

had confidence of effect <90%). For three of the 11 catchments,

including the smallest and largest catchments, we were > 99% confi-

dent that increasing the proportion of forest that was disturbed within

the previous 11 years was associated with lower climate-detrended

water yield. For each additional percentage of the basin that had been

disturbed within the previous 11 years, water yield decreased 5–

25 mm (including the 90% credible interval), depending on the basin

(Table 5). Size of the disturbance effect was inversely related to

basin size where we were > 90% confident in the effect. However,

the amount of overall variability explained by forest disturbance was

low. While the climate-only model of water yield had an r2 of 0.79,

the r2 of the regression of climate-detrended water yield versus

11-year forest disturbance was 0.13. Thus, the variability of the over-

all water yield that may be attributable to forest disturbance was

�3%, as only 21% of the variability in water yield remained after con-

trolling for the climate, and 13% of that was attributable to forest

disturbance.

For peak flows, the spring precipitation plus winter precipitation

and winter temperature interaction model was chosen 99% of the

time. This model had an R2 of 0.63, and a residual standard error of

2.1 (m3/s/100 km2). However, the parameters had much higher

uncertainty compared to the water yield model, with none of the fixed

effect parameters being greater than or less than zero with any confi-

dence (Type S p's � 0.5). Other fixed effects parameters for the

selected model are available in Supplemental Table 3.3. The best-

choice forest recovery model of the climate-detrended peak flows

was 13 years of forest disturbance (Figure 4). Using the 13-year

recovery model, forest disturbance was positively or negatively corre-

lated with climate-detrended annual maximum streamflow residuals in

four of the 11 basins with >90% confidence (Table 6). There was no

consistent directionality for an effect, with two catchments showing a

negative correlation, and two catchments a positive correlation. How-

ever, the 13-year forest disturbance only explained 22% of the vari-

ance of the climate-detrended peak flows and peak flows still had a

residual error of 1.8 (m3/s/100 km2). Therefore, of the remaining 37%

of the variability in peak flows remaining after climate detrending,

22% of that was explained by forest disturbance variables. This por-

tion, then, totals 8% of the variability in peak flows explained by forest

disturbance. The forest disturbance only contributed 0.3 (m3/s /

100 km2) more information to the peak flow estimation of the model.

The 13-year forest disturbance and winter*spring precipitation

explained 44% of the variability in the nonstationary component of

the Q2, with effects hyperparameters shown in Table 7. The St. Louis

River near Forbes (1791 km2) indicated that as 13-year forest distur-

bance increased, the expected Q2 actually decreased

F IGURE 4 Hydrologic recovery year for peak flow after forest

disturbance, after adjusting for the effects of climate. The Degree-
of-Belief represents how confident we are that the N year recovery
year is the best-fitting model for recovery years 1–20. Recovery year
represents the number of years after a forest disturbance such as fire,
harvest, or windthrow when that parcel no longer influences the peak
flow regression as a “disturbed” parcel, and was selected according to
the best-fit of the regression.

TABLE 6 Peak Flow effects for the St. Louis catchments LME-
residuals model.

Catchment

Effect Parameter br (m
3/

s/100 km2 peak flow
change from expected, per

additional percentage of
forest disturbed in the last
11 years or permanently
converted) P(br <0) (%)

Second Creek

near Aurora

�0.3 [�0.7 to 0.05] 92%*

Colvin Creek

near Hoyt

Lakes

0.4 [�1.9 to 2.7] 38%

Stoney Brook

near

Brookston

3.3 [1.7 to 4.9] <1% (>99%

confidence

br >0)*

Partridge River at

Hoyt Lakes

0.3 [�0.1 to 0.6] 13%

Partridge River

near Hoyt

Lakes

�0.3 [�1.2 to 0.6] 73%

Swan River near

Toivola

�1.4 [�3.5 to 0.7] 86%

St. Louis River

near Aurora

�0.4 [�0.7 to �0.08] 98% *

Whiteface River

near

Meadowlands

1.9 [1.0 to 2.8] < 1% (>99%

confidence

br >0)*

St. Louis River

near Forbes

�0.2 [�0.4 to �0.01] 96% *

Cloquet River

near Burnett

7.2 [2.0 to 12.2] 1% (99%

confidence

br >0)*

St. Louis River at

Scanlon

�0.1 [�0.2 to 0.08] 81%

Note: Where confidence in peak flow decreases, or increases, were > 90%,

we marked with a *.
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(confidence = 98%). Furthermore, in all basins, when the winter*-

spring precipitation increased, the Q2 also increased with >90% confi-

dence in 5 of 11 basins. The magnitude of the annual nonstationary

fluctuations in the Q2 comprised 20% of the overall Q2 estimate

(Figure 5). This means that changing land cover and changing climate

variables in the 1986–2018 time period, even if significantly affecting

the Q2, only could influence up to 20% of the relative magnitude of

the Q2. The remaining variability in Q2 basin-to-basin was solely

modelled via scaling its basin parameters according to basin spatial

scale. Of this unexplained variation in Q2 year-to-year, the winter*-

spring precipitation term explains 49% of the variability if the forest

disturbance is held at the mean level, while if the winter*spring pre-

cipitation is held at its mean level, the forest disturbance term only

explains 2% of the variability in nonstationary Q2. Thus, climate and

basin spatial scale have a substantially higher impact on Q2 at these

scales.

4 | DISCUSSION

Forest disturbance had a discernible correlation with water yield in both

case studies, but in different directions. In the Kawishiwi, forest distur-

bance was associated with a water yield increase (30% increase maxi-

mum), but this effect disappeared after 5 years, and we were only

>90% confident of an effect existing in year 2 after the fire. In the

St. Louis Basin, we observed that more forest disturbance was associ-

ated with a water yield decline compared to what was expected based

on climate alone (accounting for uncertainty, between �10% and � 2%

of the basin mean water yield for each percentage point of additional

forest disturbance within the previous 11 years). Effects of forest dis-

turbance on annual maximum peak streamflows were mixed, with some

increases and some decreases observed. Catchments in the boreal-

temperate transition zone have high storage capacity which may atten-

uate effects of forest disturbance on peak flows.

4.1 | Disturbance type, recovery time, and
streamflow effects

Differences in disturbance regime influenced the effects of forest dis-

turbance on streamflow. The Kawishiwi case study focused on a ‘cat-
astrophic’ forest disturbance regime, in which a large portion (�30%)

of a catchment was deforested by fire within a single year. The foun-

dational paradigm in which ‘forest disturbance increases water yield’
is largely based on stand-clearing forest harvesting experiments at the

small catchment scale (Bosch & Hewlett, 1982; Brown et al., 2005;

Stednick, 1996). The Kawishiwi case study represented an analogue

to this approach but at a larger scale, and our results were consistent

with the literature (e.g., the response plots well within Buttle, 2011,

fig. 33.1a). However, the effect decayed more rapidly than in small

catchment studies in the region (e.g., Sebestyen et al., 2011). Further-

more, the temporal pattern of the effect indicated basin scaling and

storage impacts on streamflow unique to large catchments (discussed

in Section 4.2).

When more disturbance types were considered across multiple

years (i.e., the St. Louis case study), however, we found that more dis-

turbance was associated with lower water yield. This disturbance

measure was focused on a distributed multi-year aggregation of har-

vesting, fire, conversion, and windthrow. There is a growing catch-

ment sciences literature examining the effect of incremental

disturbances that do not clear the entire canopy in a single event (Bart

et al., 2021; Brantley et al., 2013; Goeking & Tarboton, 2020). Forest

disturbance, especially at sub-catchment scales, has been shown to

reduce water yield due to compensatory evapotranspiration (ET) from

other, nearby, trees and undergrowth vegetation or higher ET rates in

disturbed areas arising from vigorous early regeneration, increased

surface evaporation, or increased ET by remaining species when a for-

est is thinned but not cleared (Bart et al., 2021; Goeking &

Tarboton, 2020; Segura et al., 2020). In a recent review of the litera-

ture from western North America focusing on widespread tree

TABLE 7 Forest disturbance and winter*spring precipitation effects parameters, for the probabilistic model of Q2 streamflow on the St. Louis
Basin.

Catchment

Forest disturbance effect parameter (m3/s per

additional percentage forest disturbance)

Precipitation effect parameter (m3/s per standard

deviation of winter times spring precipitation)

Second Creek near Aurora �0.13 (�0.33 to 0.08) 0.19 (�0.25 to 0.67)

Colvin Creek near Hoyt Lakes �0.37 (�1.1 to 0.38) �0.01 (�4.1 to 4.6)

Stoney Brook near Brookston 1.7 (�0.71 to 3.9) 2.5 (1.2 to 3.8)a

Partridge River at Hoyt Lakes �0.29 (�9.4 to 8.1) 3.0 (�29 to 39)

Partridge River near Hoyt Lakes �0.09 (�2.4 to 1.9) 3.4 (1.4 to 5.5)a

Swan River near Toivola �4.3 (�12 to 3.2) 7.5 (0.56 to 14.4)a

St. Louis River near Aurora �1.5 (�5.4 to 1.8) 2.6 (�6.0 to 12)

Whiteface River near Meadowlands �0.91 (�17 to 14) 11.1 (�22 to 47)

St. Louis River near Forbes �2.3 (�4.3 to �0.37)a 13.3 (7.6 to 19)a

Cloquet River near Burnett �10.7 (�27.7 to 5.8) 23 (�31 to 80)

St. Louis River at Scanlon �9.0 (�21 to 3.0) 92 (59 to 125)a

aHigh-confidence effects parameters where confidence in the effect being greater than or less than zero is >90%.
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mortality occurring after the year 2000, non-stand-replacing distur-

bance was more likely to have been associated with a decrease in

water yield compared to stand-replacing disturbance (Goeking &

Tarboton, 2020). In Minnesota, rapid regrowth of young aspen (Popu-

lus spp.), common in the St. Louis catchments, has been documented

as vigorous, with 2 m + tall sucker growth within two years of aspen

harvesting (Verry et al., 1983). In a paired catchment experiment at

the Marcell Experimental Forest (MEF) in north-central Minnesota, in

a similar wetland-rich biophysical environment, water yield remained

elevated in the 10 years after a forest harvest where �70% of a small

catchment was harvested, with the effect size decaying each year.

However, in the 10th year after harvest, observed water yield was

less than expected based on the pre-harvest calibration regression

(Sebestyen et al., 2011), showing evidence that young forest in

regional conditions can use more water than commercially mature for-

ests. Finally, using catchment-aggregated USGS SSEBop remotely

sensed actual ET for 2000–2018 (Senay, 2018; Senay &

Kagone, 2019), we found a significant (p < 0.10, least-squares regres-

sion) positive correlation between AET and catchment-scale 11-year

forest disturbance, indicating that catchments with more disturbance

in the prior 11 years had higher AET. This is consistent with the

streamflow decreases observed.

Hydrological recovery in this region is often considered

�15 years of regrowth based on research conducted at the MEF

(Verry, 2004), and our recovery analysis found a similar time horizon

at �11 years, with decreased flows in the recovery period. Another

related explanation for the decreased water yield associated with

increased forest disturbance is the definition of “recovery” used. Our

method of calculating recovery was based on whether a particular

area with a forest disturbance was considered ‘disturbed’ or not.

Although conversion and regenerating disturbance was lumped,

regenerating forest disturbance was often more important to the dis-

turbance metric than conversion, especially when aggregated over the

prior 11–13 years (Table 1). For the 11-year recovery window, forest

harvested 1 year ago versus 10 years ago was considered as affecting

water yield in the same way. If disturbed sites began to use more

water after the first few years following disturbance, then those years

for which the young forest is using more water is lumped with those

years in which it is using less into an aggregated metric. Supporting

this, the general correlation of forest disturbance with streamflow is

positive when recovery time is 1–3 years, but negative after that, for

the St. Louis at Scanlon catchment. Thus, the 11- to 13-year distur-

bance recovery metric may be more aptly described as a ‘young for-

est’ metric, grouping those portions of the catchment that have

elevated ET post-disturbance. However, the Kawishiwi analysis found

return to pre-disturbance streamflow after 5 years; it remains unclear

what the effect could be >8 years after the fire, as effects were only

estimated from 2012 to 2019.

Peak flows showed an inconsistent response to disturbance. The

flood-frequency analysis for the Kawishiwi showed peak flows

decreasing after the fire, but we were not confident in that effect; the

regression analysis showed some increases and some decreases, but

with no confidence >90%. For the St. Louis analysis, we were not con-

fident in the effects of the forest disturbance on the Q2 peak flow in

the flood-frequency framework, except for at the St. Louis near For-

bes catchment, where we showed that increased forest disturbance

was associated with decreased Q2 peak flows; this is consistent with

the direction of effect in the Kawishiwi flood-frequency analysis, and

with the water yield results. Reductions in peak flows have been

found in the region due to desynchronization of snowmelt within a

catchment, resulting in smaller peak flows after forest disturbance,

which would be consistent with where reductions in peak flows were

indicated in both frequency analyses (Sebestyen et al., 2011; Verry

et al., 1983). For the St. Louis peak flow regression analysis, we were

confident in some effects: two catchments showing a positive correla-

tion between peak flows and forest disturbance, and two catchments

F IGURE 5 (a) Nonstationary component of the Q2, or 50%
exceedance probability annual maximum streamflow, that can vary
year-to-year, as a proportion of the overall magnitude of the Q2
across all years, for each catchment; (b) overall average across

catchments, across years, variability in the Q2 attributable to
stationary versus nonstationary processes.
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showing a negative correlation with >90% confidence. In general, our

findings are consistent with other studies that show the effect of for-

est disturbance on peak flows being more variable than the effect on

water yield (Buttle, 2011).

Finally, only fast forest disturbances were considered in our anal-

ysis. There were several defoliation events associated with forest tent

caterpillar in the St. Louis catchments within the study period (Malaco-

soma disstria; Cooke et al., 2022). However, defoliation due to tent

caterpillar occurs in the spring of the year when ET is generally

energy-limited in the region, and affected trees re-foliate after inva-

sion within the same year. Annually aggregated impacts of forest tent

caterpillar on actual ET has been shown negligible in similar environ-

ments (Stephens et al., 2018). At the Scanlon gage where water yield

data were available for the entire record, annual water yield climate-

only model residuals were not well-correlated with tent caterpillar

defoliation area (correlation = 0.06).

4.2 | Effect of Catchment Size

The low relief of the landscape introduces some uncertainty into the

analysis as well: the use of the 10 m digital elevation model used by

the version of StreamStats we used may not adequately have cap-

tured all basin boundaries. However, this effect is expected to be

minor at these large scales, and because we did not conduct a strict

“water balance” analysis where the tracking of accurate volumes is

key, these delineation errors would likely just introduce additional var-

iability accounted for in our regressions.

Our hypothesis that distinctive patterns associated with catch-

ment spatial scale will be discernible in the catchment response to for-

est disturbance is supported: the lack of a strong effect of forest

cover change on water yield and peak flows was due to climate vari-

ables comprising a majority of the runoff signal, and the small effects

observed were likely attenuated by large-scale basin storage capacity

in lakes and wetlands. This was illustrated in both the Kawishiwi and

St. Louis catchments to varying degrees. In both catchments, a relative

resiliency to forest disturbance was exhibited, as streamflow

responses did not last long (<13 years in all instances, <5 years in the

Kawishiwi), and total effects were small and difficult to observe with

confidence. Most of the catchments in the St. Louis Basin did not

have a confident correlation between water yield or peak flows and

forest disturbance.

In the Kawishiwi catchment, in all 8 post-fire years, the climate vari-

ables accounted for 58% of the variability in post-fire water yield. Water

yield increased at least 10 mm above expected in only three post-fire

years: years 2–4, and predicted streamflow variables were much more

sensitive to climatic variation. The lagged water yield response to the

2011 fire indicates a streamflow response strongly modulated by catch-

ment storage dynamics (Table 3). Water yield did not significantly

increase until year 2 after the fire (by 82 mm). The two driest years on

record since streamgaging began in 1966 were 2010 and 2011 – the

year before and the year of the fire. These dry conditions contributed to

the large extent of the fire and the difficulty in extinguishing the Pagami

Creek Fire (Kolka et al., 2014; Srock et al., 2018). Thus, there was likely

a storage deficit that had to be replenished before the extra water in

the catchment could be discharged as streamflow. In boreal Canadian

Shield lake-dominated headwater catchments, lake storage deficit has

been found to be a co-dominant driver of streamflow along with climate

(Mielko & Woo, 2006; Spence, 2000), consistent with our findings

where fire effects on streamflow show evidence of modulation by

catchment storage demands.

In the St. Louis case study, even if there was a strongly correlated

relationship between forest disturbance and peak flows, it could only

account for up to �20% of the variability in the Q2 through time. In

fact, �80% of the Q2 was explainable simply by basin spatial scale,

and of the �20% that was nonstationary, 49% was explained by win-

ter*spring precipitation and only 2% by the 13-year forest distur-

bance. The mixed results of the peak flow regression, even where

there was a > 90% confidence correlation between forest disturbance

and climate-detrended peak flows, had a much higher amount of vari-

ability explained by climate factors. The breakdown of stationary ver-

sus nonstationary components did not have a relationship with basin

scale (Figure 5). However, the minimum basin scale was �50 km2,

which is still two orders of magnitude larger than the experimental

catchments at the Marcell Experimental Forest. Additionally, high con-

fidence effects of forest disturbance on water yield in the St. Louis

catchments decreased in magnitude with increasing basin size. There

were only three catchments for which this condition applied, so it is

unclear if this trend is generalizable. In general, streamflow in forested

catchments with spatial area greater than 50 km2 in low-relief glaci-

ated regions is primarily influenced by climate variability and factors

associated with basin spatial scale, while forest disturbance can have

a detectable effect even at large catchment scales while being largely

muted by fluctuations in climate drivers of streamflow. Overall, only

marginal improvement (<10% variability explanation) is granted by

including forest disturbance as an explicit predictor of water yield and

peak flows in the St. Louis case study.

5 | CONCLUSION

We conclude that streamflow in large northern catchments is primar-

ily controlled by climate drivers in the face of forest cover change at

levels below the 30% areal disturbance analysed in this study, but

impacts can occur. Our work found that forest disturbance at low

levels (<10%) within the prior 11–13 years can decrease water yield,

possibly due to vigorous regrowth, but somewhere between 10% and

30% areal disturbance there is a shift where water yields increase fol-

lowing disturbance. Recovery time, or the time it takes for a regener-

ating forest to function hydrologically as it did before disturbance is

likely �5–13 years in the northern Lake States. This was illustrated in

the Kawishiwi with a return to pre-fire water yields within 5 years,

extending to a 13-year recovery for St. Louis basin peak flows. Effects

of forest disturbance on the Q2 peak flows in the St. Louis basins are

outweighed 4:1 by the effects of climate and basin size (Figure 5). In

response to our hypotheses, we found that forest disturbance can
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both increase and decrease water yield depending on the disturbance

regime, and equivocal evidence indicated that peak flows may

increase or decrease, but peak flow results were less consistent and

confident than water yield results. Where forest disturbance areas

were small (approximately 1%–10% of basin area) in the St. Louis

catchments, < 10% of variability explanation was granted by including

forest disturbance in models. However, consistent with a growing lit-

erature on the effects of partial forest disturbance in a catchment

(e.g., Bart et al., 2021; Goeking & Tarboton, 2020; Segura et al., 2020),

we found water yield decreases in response to higher forest distur-

bance levels under 10% of the basin area. Finally, our hypothesis that

we would see clear signals of basin spatial scale within the streamflow

response to forest disturbance was supported, in that the timing and

relative size of climate versus forest disturbance effects pointed to

the overall importance of climate variation and distributed catchment

storage to streamflow generation.
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