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Abstract. Forests play a crucial role in the Earth System, providing essential ecosystem services and sustaining biological

diversity. However, forest ecosystems are increasingly impacted by disturbances, which are often integral to their dynamics

but have been exacerbated by climate change. Despite the growing concern, there is currently a lack of globally consistent and

temporally continuous data on forest disturbances to characterize changes in disturbance regimes. This gap hinders our ability

to accurately assess and respond to these changes.5

In this study, we focus on the continental United States and compare four datasets on forest disturbances to evaluate their

consistency and reliability regarding their spatial and temporal characteristics and driven agents, when available. Our analysis

reveals a moderate agreement across the datasets, with inventory-based comparisons demonstrating the highest level of consis-

tency. In contrast, comparisons involving remote sensing data show lower alignment and a delayed detection of disturbances by

satellite observations compared to ground-based inventories. Additionally, discrepancies were observed in the identification of10

disturbance agents in overlapping areas. Our findings underscore the importance of careful data quality assessment and consid-

eration of their inherent uncertainty when utilizing them for further applications. This study highlights the need for improved

data integration and accuracy to advance the understanding of forest disturbances.

1 Introduction

Forests play an important role in the Earth System as they provide ecosystem functioning and services, serve as a carbon15

sink and support biodiversity (Bonan, 2008; Lindner et al., 2010). These services are sustainable to society and maintain the

biological diversity of forests (Thom and Seidl, 2016).

Forest disturbances such as forest fires or insect infestations, are integral parts of forest ecosystems and have significant

impacts on forest functioning, structure, composition and dynamics (Turner, 2010). Thom and Seidl (2016) found that the

impacts of disturbances on ecosystem services are generally negative across all categories of services. Given their impact on20

forest productivity, growth, mortality and composition, disturbances can feed-back to climate through changes in forest carbon

balance (Bowman et al., 2009; Hicke et al., 2012).

The 2000s have seen an increase in hotter and prolonged droughts due to climate change (Allen et al., 2015; Masson-

Delmotte et al., 2021), along with reported increases in climate-driven forest disturbances such as bark beetle outbreaks, storms
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and fires, impacting forest ecosystems across all forested continents (Seidl et al., 2017; Patacca et al., 2023; Hartmann et al.,25

2022). Changes in the frequency, size, and severity of these disturbances driven by climate change can alter forest functioning,

affect the provision of forest services (Turner, 2010; Meigs et al., 2017; Seidl et al., 2017; Kautz et al., 2017) and threaten

forest stability (McDowell et al., 2020; Seidl and Turner, 2022).

Since disturbance impacts can compound in time under more frequent extremes (Bastos et al., 2021), quantifying the climate-

change fingerprint on disturbance regime changes is crucial for predicting and mitigating the impacts of future changes on forest30

ecosystems (Bastos et al., 2023). However we currently lack globally consistent and temporally continuous data over periods

sufficiently long to characterize changes in disturbance regimes, especially when it comes to biotic disturbances and wind

(Kautz et al., 2017). Multiple datasets record and document the multiple natural and human disturbances, often in the same

state/continent, but with different methods. The current evidence is based on sparse and discontinuous data (Kautz et al., 2017;

FAO, 2010, 2015, 2020; Hammond et al., 2022), although more comprehensive datasets have been compiled for some regions35

(Hicke et al., 2012; Patacca et al., 2023; Forzieri et al., 2023; Senf and Seidl, 2021b, a).

Forest disturbance datasets currently available can be grouped into two groups: ground survey and inventory data (Forzieri

et al., 2023; Patacca et al., 2021; Forest Service U.S. Department of Agriculture (IDS); Forest Service U.S. Department of

Agriculture (FIA)) and remote-sensing based datasets (Hansen et al., 2013; Senf et al., 2020). Existing forest disturbance data

differ in the attribution of disturbances, the details in information/records and the acquisition methods. Inventories provide40

detailed information about the disturbance location, extent, timing and agents, collected through aerial detection and ground

surveys, but are sparse in space and time, and suffer from several uncertainties, e.g., due to differences in reporting methods,

sampling strategies, human errors, etc. (Hammond et al., 2022; Coleman et al., 2018; Tinkham et al., 2018). Remote-sensing,

in turn, offers the possibility to map large regions (up to the globe) in a spatially and temporally consistent manner, however,

satellite-based disturbance map accuracy depend on the spatial-resolution of the dataset and on the intensity of the disturbances45

(McDowell et al., 2015), so that typically only stand-replacing disturbances are considered in large-scale datasets (Senf et al.,

2020; Hansen et al., 2013) and attribution to specific agents is limited. Attribution of satellite-based disturbances to specific

agents requires, however, high-quality ground data for calibration and validation, underscoring the importance of inventory

data in supporting the development of disturbance classification and prediction models.

Characterizing the uncertainty in these different datasets is crucial given the wide range of applications of forest disturbance50

information, e.g. carbon cycle, forest productivity and growth, forest health, climate (Tinkham et al., 2018), and to develop

machine learning models to extrapolate occurrence of different disturbance types across regions (Forzieri et al., 2021). For

example, Hicke et al. (2020) used data from the Insect and Disease Survey (IDS) by the Forest Service of the U.S. Department

of Agriculture (USDA) to characterize bark beetle outbreaks in the western United States. They highlighted that uncertainties

and inconsistencies in the records arise due to variations in surveyor methods, survey locations, and flying conditions. They55

partially addressed these issues by incorporating specific assumptions into their analytical framework, but they could not

account for example for the year-to-year variability. Therefore, further studies are necessary to refine and enhance aerial

survey data, in order to improve the accuracy and reliability of the analysis. Coleman et al. (2018) investigated the accuracy

of the IDS data by comparing aerial detection survey data with ground survey records and high-resolution satellite imagery
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(WorldView-3). They utilized error matrices to assess accuracy across different categories. Their findings indicated variable60

accuracy among damage types and damage agent genera, with bark beetles, the most abundant genera, exhibiting some of

the largest errors. Overall, they found that 75% of the damage was mapped correctly. However, the aerial detection survey

polygons only overlapped with 44 (±0.06)% of ground observations.

In this study, we focus on the continental USA (CONUS + AK), a region where multiple datasets are available, to compare

the temporal and spatial consistency of four different forest disturbance datasets. Specifically, we compare data from two65

systematic inventories, the IDS by USDA (Forest Service U.S. Department of Agriculture (IDS)) and the FIA by USDA(Forest

Service U.S. Department of Agriculture (FIA)), tree mortality events based on literature review by the International Tree

Mortality Network (ITMN, (Hammond et al., 2022)) and tree cover change from the Global Forest Watch (GFC, (Hansen

et al., 2013)). Our goal is to quantify the robustness of the information on disturbance year and respective agents, and to

identify advantages and potential shortcomings and inaccuracies of these datasets. In doing so, we aim to provide uncertainty70

estimates for disturbance extent, timing and agent, which can be used to guide the development of classification models in

the future. To support these efforts, we compile a new spatially and temporally continuous forest disturbance dataset for the

CONUS + AK region based on remote-sensing tree cover loss (Hansen et al., 2013), merged with information on annual

disturbance occurrence, agents and hosts, and agreement with ground-data.

2 Data75

2.1 Study area

This study focuses on the USA due to the availability of various forest disturbance datasets. Figure 1 presents a selection of

data from four different sources used in this paper. The multi-layered nature of the IDS data is clearly visible in panel B.
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Figure 1. Map of the study area with a selection of data of each dataset. All datasets follow the same color scheme with earlier disturbance

events (2000s) in purple and more recent events in green and yellow (2020s). ITMN is depicted as points, FIA as triangle, IDS is shown as

polygons and GFC as raster data. Panel A shows the entire CONUS+AK region, and panels B shows the data with increasing detail.

We provide an overview of the datasets, their information, data format and useful additional comments on the data in Figure

1, and describe each in more detail in the sections below.80
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IDS FIA ITMN GFC

Information
Tree mortality and damage in

USA from insects and diseases

Tree mortality and damage

in the USA on a plot level

with further information on e.g.

growth, biomass, ownership (to

determine the extent, condition,

volume, growth and use of trees

of timber)

Observations of tree mortality

due to drought and heat from

literature review

Forest loss from 2000 - 2021,

change from forest to non-

forest state

Data

Geodatabase with data as grid

cells, points and polygons from

the insect and disease survey

Database tables as csv files SuppData 1 and 2 as csv files
GeoTiff files with the informa-

tion of the lossyear

Data basis

Surveys (aerial and ground) us-

ing applications like digital mo-

bile sketch maps (DMSM)

Ground surveys
1303 plots from literature re-

view collection

Results from time series analy-

sis from Landsat 7 and Landsat

8 OLI images

Years 1997 - 2021, updated annually
Annually since 1999, before

that on a periodic basis
1970 - 2018, non continuous 2000 - 2021, updated annually

Comments -

Swapping and fuzzing plots on

private ground (explained be-

low)

Information on disturbance

agents extracted by reading

the papers by the author; Most

plots in the Northern Hemi-

sphere and limited to selected

publications

-

Table 1. Description of the datasets as a general overview of the information, data and temporal availability.

2.2 Insect and Disease Detection Survey by USDA

The Insect and Disease Detection Survey by the Forest Service U.S. Department of Agriculture (IDS-USDA) is a database

on forest damage and mortality due to different disturbance causing agents such as insects, diseases, fire and wind. In the

following, we refer to this dataset simply as IDS (Insect and Disease Survey).

In IDS, the continental USA is divided in nine regions, were annual aerial and ground surveys are conducted. In these surveys85

the data collectors make use of applications like the Digital Mobile Sketch Mapping (DMSM) and the Southern Pine Beetle

(SPB) Collector Map. The DMSM is a hardware and software used by the aerial surveyors, in light aircraft, as well as the ground

observers to record forest disturbances and their causal agents by sketching aerial signatures of tree injuries and mortality in

geo-referenced points or polygons. Additionally, they apply attributes to the points and polygons, such as disturbance agent,

tree species, damage type (e.g. defoliation, mortality, discoloration) and severity of the disturbance. Surveyors incorporate90

different geo-referenced base layers maps into the software (e.g. aerial photographs, topographic maps, road and landscape

maps, false color near-infrared based images). This assists the aerial detection efforts, tracks their position in the area and
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limits duplicates if damage records already exist from previous years. The database contains both vector data as polygons and

points of recorded disturbances. In this study, we focus on the polygons data.

2.3 Forest Inventory and Analysis (FIA)95

The Forest Inventory and Analysis (FIA) program of the U.S. Department of Agriculture (USDA) Forest Service Research and

Development Branch, started in 1929 when data on the extent, condition, volume, growth and the use of trees in the Nation’s

forest land was collected on a periodic basis. In 1999 the program moved to an annualized inventory system. Since then, data is

collected and compiled in a consistent tabular format, spanning all states and inventories. The current table structure is derived

from the National Information Management System (NIMS) to process and store annual inventory data. The data is captured100

at various levels, including broad information such as location, tree species, invasive species and population, along with more

detailed tables that provide specific information on conditions, plot and tree measurements, disturbances, agents, and ground

cover (Burrill et al., 2021).

2.3.1 Plot design and location

The data is sampled in plots covering 1-acre area, where the standard plot consists of four 24.0-foot (7.3 m) radius subplots,105

where trees over a DBH of 5.0 inches (12.7 cm) are measured.

An important consideration is that the plot locations do not align with the precise locations of the plot centers in order to

ensure the privacy of landowners and for other practical reasons. To address this, the FIA developed a method called "fuzzing

and swapping" to approximate plot coordinates. Fuzzing adjusts plot coordinates to be within 1 mile of the exact location.

However, since some landowners possess extensive land areas, plots could still potentially be identified. To enhance privacy,110

up to 20 percent of private plot coordinates are swapped with those of another similar private plot within the same county.

According to FIA, this ensures enough uncertainty for the privacy requirements, but also that county summaries and for

example the ownership class of a plot stay the same, since only the coordinates of the plots are swapped. Nevertheless, this

introduces inherent uncertainty in the data, which can affect comparisons e.g. with remote-sensing information. In this study

we evaluate if the swapping impacts the results and, due to the fuzzing, we compare FIA data with other datasets using buffers115

of different sizes (800 m, 1600 m).

2.3.2 Sampling procedure

The FIA data collection follows a two-phase sampling scheme (before 2012 a three-phase scheme).

Phase 1 - Stratification: Remote sensing is used to interpret remotely sensed samples and to classify the land into various

classes. The purpose is to develop meaningful strata, which are groups of plots that have the same or similar classifications120

based on remote-sensing imagery.

Phase 2 - Plots are visited or photo-interpreted: The ground plot design is planned so that plots cover a 1-acre sample area,

whereas not all trees on the ground are measured. New plots and/ or re-measured plots are visited and recorded.
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Phase 3 - in a subset of Phase 2 plots: Additional health indication attributes are collected. Since 2012 Phase 3 is no longer a

separate phase, all records are collected in Phase 2.125

2.4 International Tree Mortality Network (ITMN)

The International Tree Mortality Network (ITMN) was created to advance the development of methods for combining, harmo-

nizing, and integrating various data repositories and data types to provide comprehensive information on global tree mortality

rates. This effort involves both terrestrial and remote sensing data sources. It therefore also relies on the contributions of other

scientists to enrich the network with diverse data and expertise. The ITMN first compilation of heat and drought induced tree130

mortality is based on a literature review of 154 peer-reviewed studies since 1970 and data requests as described by (Hammond

et al., 2022). The dataset has been published in a geo-referenced database with records of tree mortality events (International

tree mortality network, 2022) and includes 1303 plots of recorded tree mortality from 1970 to 2018 as point data. For each

event, the data includes additional details such as the location, the mortality year (sometimes provided as a range), a reference

paper, the continent, the number of sites and plots reported in the reference, and biome information. The study notes that the135

data is inherently biased due to the use of only the available peer-reviewed studies showing drought- and heat-induced tree

mortality in the field. Additionally, there is a strong bias to the Northern Hemisphere, which is explained by the fact that the

global forested area is 78 % north of the Equator (Hammond et al., 2022). Therefore, some forest types and areas are still

under-sampled.

2.5 Global Forest Change (GFC)140

The Global Forest Change provides annual maps of global forest change (net, gains and loss) at approximately 30m spatial

resolution since 2001 (Hansen et al., 2013). Based on analysis of time series from Landsat 7 and Landsat 8 OLI images, the

year of tree loss and tree gain are identified for each pixel, and provided in georeferenced raster files organized in 10 × 10

degree lat/lon tiles. Their analysis was conducted using Google Earth Engine, beginning with the automated pre-processing

of Landsat image data, which included tasks such as resampling, conversion to Top of Atmosphere (TOA) reflectance, quality145

assessment and image normalization. Following these preprocessing steps, time-series spectral metrics were calculated. The

relationship between forest loss and other parameters was established through the use of a decision tree, linking the spectral

metrics to the observed changes. Finally, forest loss was disaggregated to annual time scales by identifying the maximum

annual decline in percent tree cover and the maximum annual decline in the minimum growing season Normalized Difference

Vegetation Index (NDVI). Here, we focus on the loss year maps. The pixel values range from 0 to 21, indicating the year of150

forest loss, whereas 0 is no change (year 2000 as initial year), therefore the first year with changes can be 2001. Forest loss was

defined as a stand-replacement disturbance or the complete removal of tree cover canopy at the Landsat pixel scale (Hansen

et al., 2013). The causes for forest loss are wide spread, for example the tropics are predominantly affected by the prevalence

of deforestation dynamics, which causes the greatest loss, while in extratropical regions (temperate, boreal), tree cover loss is

determined by forestry, fires, logging, diseases and storms, at more moderate rates.155
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3 Methods

The following flowchart (Figure 2) shows the steps per dataset from pre-processing to the final tables, which will be further

explained below. All calculations were done in Python using the packages pandas, numpy, geopandas, scipy.stats. The code

will be made publicly available upon acceptance.

Figure 2. Flowchart of methods applied to each dataset.
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3.1 Data pre-processing160

In order to be compared, the datasets had to be pre-processed individually, depending on the type, complexity and detail of the

information within each dataset. Given that it is a georeferenced raster dataset with only one layer of information, the GFC

dataset did not require any pre-processing.

3.1.1 IDS

The IDS data contain many different levels of information, including disturbance (type, intensity, percent affected), stand (tree165

species) and measurement details (survey year, month). The raw data table structured each event as a separate polygon with

additional layers of information.

At first, the data was reduced from 47 layers to 11 key variables of interest, shown in Table B1. The IDS includes detailed

information about the type of disturbance and species, following a disturbance agent (DCA) coding system including 26

different agent categories, see Table B2. The original IDS DCA_CODE is highly detailed, but since other datasets are not as170

precise in recording disturbance agents (major disturbance types only), we grouped the information from DCA_CODE into

ten large disturbance agents (Table 2). We attributed new codes where 0 corresponds to No Data and each disturbance k is

assigned a code Codek = 2k (Table 2) to account for the fact that multiple agents can be detected in the same year and overlap

in space (Figure 1).

Name No data Bark beetle Defoliators Drought Fire Wind Multi damage Other biotic Other abiotic Other

Code 0 1 2 4 8 16 32 64 128 256

Table 2. Coding system for major disturbance agent groups used in this study.

In some regions, IDS included irregular polygon shapes, encompassing extensive non-forest areas and covering unrealisti-175

cally large extents. To address this, we calculated the area of each polygon and excluded those exceeding a threshold of 2000

km2. The data was dissolved based on identical survey years and disturbance agents to create multipolygons recording the

same year and agent.

3.1.2 FIA

The FIA data includes information on different levels, like location, tree, plot, invasive species, ground cover and down woody180

material. Each level contains multiple database tables in csv format per state with detailed information for example about the

condition, tree biomass, the plots itself. In this study, the Tree, Plot and Condition tables per state were used. At first a subset

of the tables with the columns of interest were generated, the columns of interest are shown in Table B3, Table B4 and Table

B5. Then the three tables were merged based on the plot sequence number, which is a unique number to identify a plot record,
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reported in each database table. The data was subset to only include accessible forest land (COND_STATUS_CD == 1). For a185

better comparison with other datasets, only events with an identified disturbance agent were selected, corresponding to 13% of

the absolute number of records (varying from state to state from 4% to 33% of the absolute number of events.). In some cases,

multiple records describe the same disturbance event, so that the data was aggregated based on the plot sequence number, the

agent and the mortality year. While the FIA data should offer detailed information about disturbance agents, the level of detail

varies across states. For that reason, only broad agent groups were assigned to the event in our analysis. Therefore, we mapped190

the FIA agent coding onto the IDS-USDA coding system, to generate a better comparability with the other datasets, shown

in Table B6. Another issue that emerged during the analysis is the use of agent codes (AGENTCD) that should correspond

to multiples of 10, yet some entries include integers between the full 10 numbers. It is unclear what type of disturbances

these codes represent, and if they indeed signify disturbance codes. For the comparison of the agents, the mapping was further

refined (Table B7).This ambiguity complicates the accurate identification of disturbance agents. The FIA data is provided as195

georeferenced point data, but the method of "fuzzing and swapping" due to privacy regulations described in Section 2.3 creates

uncertainties to the locations of the plots. Therefore, two buffer sizes were applied - 800 m and 1600 m, representing the 0.5

mile and 1 mile fuzzing radii.

3.1.3 ITMN

The ITMN dataset was compiled from records of tree mortality attributed primarily to drought and heat in the literature and200

based on data requests (Hammond et al., 2022). However, tree mortality is a complex process, often caused by multiple factors

which can, themselves be influenced by drought and heat (Allen et al., 2015). For example, biotic disturbances can benefit

from heat and water stress, so that defoliator or bark-beetle outbreaks tend to occur during or following drought events (Allen

et al., 2015). Such interactions between disturbances need to be considered when comparing with other datasets. To address

this, we reviewed all the publications in the ITMN dataset that documented tree mortality in the USA to identify other possible205

disturbance agents. Specifically, we searched for additional disturbance agents reported in each original publication, and added

this layer of information following our developed IDS coding system Table 2. Our compilation of disturbance agents based

on the original literature from ITMN includes main five classes, namely bark beetle, drought, bark beetle and drought, multi

damage and drought and other biotic. Since the ITMN data is point-based, two buffers of 500m and 1000m were applied

around the points to account for potential inaccuracies when comparing with other datasets.210

3.2 Spatial comparison

First, we examined the spatial overlap between pairs of datasets. Using geopandas.sjoin(), we compared two data tables to

generate new tables that included the overlapping disturbance records and the attributes from both datasets. This method was

applied to datasets from ITMN, IDS, and FIA.

GFC, imported as raster data, was compared with each individual event ID in each of the other three datasets (FIA and215

ITMN including the respective buffers, and the polygons in IDS). For spatial comparison, the polygon area from the inventory

data served as a mask to crop the raster to only the overlapping pixels (which contain loss year information). We calculated
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the fraction of GFC tree loss pixels within the disturbance polygons. We selected the two years with the highest overlap

fraction (excluding 2000, which represents no loss) and added these to the joined data table. Because multiple lossyears occur

proportionately in larger polygons, especially from IDS, we selected the two years with the highest fraction.220

Using the disturbance/mortality year data from each pair of datasets, we can calculate their respective temporal agreement,

given by the difference in detection timing (0 indicating perfect agreement). In the analysis, we focus on a subset of data where

the disturbance years fall between 2000 and 2021. For the temporal comparison, we focus only on mortality events, therefore

filtered the data to select events reported in IDS with the damage type mortality. FIA, GFC and ITMN already only report

mortality as type of damage.225

3.3 Uncertainty quantification

We then analyse the temporal differences in disturbance date between datasets by fitting Gaussian Probability Density Func-

tions to the time lags across events The mean difference in mortality year detection between the two datasets provides an

indication of potential systematic biases, while the standard deviation provides insight into the dispersion or variability in de-

tection timing. Understanding these sources of uncertainty is essential, as it may prompt further investigation to enhance the230

reliability and consistency of the data.

3.4 Synthesis IDS and GFC

To evaluate the spatial consistency between the IDS and GFC datasets, we overlayed the GFC lossyear data on IDS polygons,

by considering the patches of GFC with the same value and applying a buffer of the adjacent pixels of 30m in each direction.

We considered continuous patches of GFC with the same tree loss year as a single disturbance. If a GFC patch spatially235

overlapped with the IDS data, we quantified the fraction of agreement between the two patches. In that case, we assumed that

both datasets recorded the same disturbance, and added the attributes of the IDS dataset to the GFC patch and converting it

into a GeoDataFrame. The new GeoDataFrame contains the geometry of the GFC disturbances as well as information from

the IDS dataset, including the DCA and Host attributes, as well as metrics of agreement between the datasets, such as the

respective temporal lag with IDS as a metric of temporal uncertainty. The data will be made publicly available as geopackage240

upon acceptance.

4 Results

4.1 Spatial agreement

In the study area of CONUS+AK, the ITMN dataset comprises a total of 388 forest plots that have recorded mortality events

since the year 2000. By comparison, the FIA dataset includes 107318 forest plots with identified mortality agents covered245

in the same period. Additionally, the IDS contains an extensive 4033890 records of all reported forest damages since 2000,

whereas 3234868 records report mortality as damage.
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Table 3 indicates the total numbers of overlapping events when considering the smaller buffer sizes of 800m and 500m, for

FIA and ITMN respectively. Since IDS can report multiple disturbances within the same area, e.g., if both drought and insects

have occurred in a given place, the number of overlapping events will vary.250

The FIA show the largest number of overlapping events with GFC (85105), followed by IDS (69538). In contrast, only 34

points overlap with six unique ITMN events, due to the point-scale nature of these datasets. Given the small overlap between

FIA and ITMN, these datasets were not compared in the rest of the analysis. However, a larger sample of ITMN events overlap

with IDS (126) and GFC (229), allowing for further analysis.

Both IDS and GFC report larger patches, so that we compare the mean proportion of overlapping GFC area with IDS255

disturbances. We find a median value of 10.8% overlap between GFC tree cover loss patches and IDS, with values ranging

widely—from minimal overlap just above 0% to a maximum of 99.9%, and with an interquartile range of 1.9% to 37.1%

(25–75 percentiles, respectively).

FIA IDS GFC ITMN

FIA - 69538 85105 34

IDS 989166 - 10.8% (Q1 1.9, Q3 37.1) 1726

ITMN 6 126 229 -

Table 3. Total number of overlapping disturbance events between the dataset pairs. The comparison of IDS with GFC is given as the median

value and the 25% (Q1) and 75% (Q3) quartile of the proportion of GFC area overlapping with IDS disturbance area per disturbance event.

4.2 Temporal agreement

We first compared pairs of datasets in terms of their temporal agreement of the recorded mortality/ disturbance year over all260

regions of the USA (Figure 3). For this, we analysed the distributions of the difference in disturbance timing between the two

point-based datasets (FIA and ITMN) with the two spatially explicit datasets (IDS and GFC), as well as IDS with GFC.

All distributions show a shift of the mean towards negative values, which indicate that the point-based datasets (i.e., those

based on ground surveys, FIA in red and ITMN in blue), tend to record disturbances earlier than IDS or GFC. Furthermore,

the shift to the left in the comparison between the two spatially explicit datasets (yellow line) indicates that IDS tends to report265

disturbances earlier than GFC.
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Figure 3. Probability density function of differences in mortality years across the four different the forest disturbance datasets in the USA.

Comparisons with the GFC data are represented as dashed lines, comparisons with IDS as solid lines. Negative values indicate a earlier

disturbance detection of the dataset which stands first, compared to the second one.

Datasets Mean [years] Standard deviation [years]

FIA (800m) - IDS -0.7 6.7

FIA (1600m) - IDS -0.6 6.7

FIA (800m) - GFC -1.3 7.3

FIA (1600m) - GFC -1.6 7.4

ITMN (500m) - IDS -1.6 4.2

ITMN (1000m) - IDS -1.1 4.6

ITMN (500m) - GFC -3.9 6.1

ITMN (1000m) - GFC -4.2 6.2

IDS - GFC -0.7 8.0

Table 4. Mean and standard deviation values of the differences between pairs of datasets. For the point datasets (FIA, ITMN) two different

buffer sizes have been considered to evaluate the role of uncertainty in the reported coordinates.
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For the comparison of IDS and GFC with FIA, the distribution of the timing differences peak slightly negatively, with mean

values between -0.6 (FIA-IDS, 1600m buffer) and -1.6 (FIA-GFC, 1600m buffer) years, and large standard deviation (ca. 7

years for both datasets), indicating that FIA records earlier than the compared data, but with a considerable variability. The best

agreement is found for FIA with IDS with a buffer of 1600m, with a mean difference of -0.6 years and a standard deviation270

of 6.7 years. The consistency of FIA and GFC is lower, with a mean of -1.3 years for a 800 m of FIA (-1.6 years for 1600 m

buffer). Additionally, the distribution of the differences is broader than for IDS, with standard deviation of 7.3 and 7.4 years for

800m and 1600m buffer, respectively. Using longer buffer length results in slightly better agreement for IDS but not for GFC

(-1.3 vs. -1.5 years mean difference between 800m and 1600m), but does not affect the standard deviation of the differences.

We find the best agreement in timing of disturbance between ITMN and IDS, which show the narrowest curve of differences275

in reported disturbance timing, but also peaking in the negative range, with mean differences of -1.6 years for 500 m buffer

to -1.1 years with 1000 m buffer. Contrary to the comparisons with FIA, the standard deviation of ITMN-IDS differences is

smaller with the 500 m buffer than with the larger 1000m buffer, 4.2 years and 4.6 years, respectively.

The comparison of ITMN and GFC shows the largest differences of all datasets, with an average of -3.9 years for 500 m

buffer and -4.2 years for 1000 m buffer, and standard deviation of 6.1 (500 m) and 6.2 (1000 m) years. The comparison of280

IDS with GFC shows similar differences as between FIA and GFC, with slightly negative mean differences of -0.7 years, but

a slightly larger spread of the differences compared with other datasets, with standard deviation of 8 years.

Overall, most datasets show mean differences of circa 1 year and standard deviation of around 7 years, excepting ITMN-IDS

comparison. However, we note than ITMN has a small sample size in the CONUS+AK region, so that the results might not be

as robust as for the other datasets.285

4.3 Disturbance agents

Next, we compare the agreement between datasets in terms of their reported disturbance agent. Given that GFC does not report

cause of tree loss, it is not considered in this analysis. Therefore, we compared IDS with ITMN (Figure 4) and with FIA (Figure

5), using the smaller buffer size for ITMN and FIA, 500 m for ITMN and 800 m for FIA respectively, since larger distances do

not significantly change the agreement between datasets (Section 4.2). After filtering the data to retain only overlapping events290

where both datasets reported agents, excluding zero and NaN values, the resulting dataset contained 1729 events for ITMN and

IDS, and 989109 events for FIA and IDS.

We find low consistency between IDS and the other two datasets regarding the disturbance agents. The IDS dataset is

primarily dominated by bark beetle-related disturbances, including mortality events only, whereas the other datasets mainly

report other agents. For the events overlapping between IDS and ITMN, ITMN tends to attribute mortality to drought combined295

with other biotic disturbances, followed by drought combined with bark-beetle, whereas IDS predominantly reports bark-beetle

only, followed by multi-damage and drought only. Both datasets report few events driven my multiple damages, which include

biotic and other abiotic disturbances. Very few events coinciding with mortality reported in ITMN are identified as driven by

defoliator (4), fire (3) disturbances by IDS.
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The majority of disturbances reported by the FIA are attribute to other biotic class, followed by other abiotic, other and300

fire. For the disturbances reported in the FIA dataset, the overlapping disturbances in IDS predominantly attributes these to

bark-beetle, followed by defoliators, other biotic, multi-damage. Some events are further attributed to abiotic disturbances such

as wind, drought, fire and other abiotic.

Based on the IDS events that overlap with the other datasets, bark beetle and multi-damage disturbances tend to be mostly

associated with tree mortality, while disturbances caused by defoliators, wind and other biotic events typically lead to non-305

mortality damages.

Figure 4. Count of disturbances across different disturbance agents for overlapping events of the comparison of IDS and ITMN and. The

IDS data was further separated in all damages and mortality only events. In 98% of the overlapping disturbances, IDS classified as mortality

events.

4.4 Sources of uncertainty

We have found large spread between datasets in terms of reported timing of disturbances and disagreements in reported agents.

This indicates that these datasets are still prone to considerable uncertainties, which might be explained by differences in

detection and reporting methods, as well as limitations of the accuracy of each approach. We therefore analyse potential310

sources of uncertainty based on the information provided by the different datasets.

For example, FIA reporting depends on the ownership of the inventory plots (national vs. private forests), since the data is

more fuzzed and swapped according to the guidelines of the FIA. The fuzzing approach to protect data of private owners is very
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Figure 5. Count of disturbances across different disturbance agents for overlapping events of the comparison of IDS and FIA. The IDS data

was further separated in all damages and mortality only events. In 79% events led to mortality.

likely to contribute to some of the uncertainties we found. Furthermore, the timing of mortality and/or disturbance is likely to

be highly uncertain in all datasets because they either depend on visual inspection (ITMN, FIA, IDS) that is not continuous in315

time, or on time-series analysis that require specific thresholds to report forest loss (GFC).

The FIA data provides the information of plot ownership and of mortality, measure and inventory year, so that the contribu-

tion of these uncertainties to the overall discrepancies between datasets can be analysed.

4.4.1 Ownership

First, we analyse the effect of data collection in privately-owned vs. public forests on the agreement between FIA and IDS and320

GFC (Figure 6 and Table 5).
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Figure 6. Probability density function of differences in mortality years separated in national (dark) and private (light) forest plots from FIA,

compared with IDS (solid) and GFC (dashed). The comparison was made using the 800m buffer around FIA plots.

In the FIA events overlapping with IDS, 153987 events (16%) occurred in privately owned plots, while 835179 events (84%)

occurred in public plots. We find that national forests tend to show smaller differences in the reported timing of disturbance, than

privately owned forests, with mean differences of -0.9 years and -1.7 years respectively. However, we find a better agreement

overall when all data is included. Furthermore, we find a larger spread in the differences of event timing in private forest plots325

than over national ones, with standard deviation of the differences of 6.8 years and 7.3 years respectively. However, these

values are also higher than for all events combined. The data is unevenly distributed in national and private plots, leading to

sub-group specific characteristics and larger differences in timing compared to the results of all data.

In the FIA events overlapping with tree loss by GFC, 50358 (59%) occurred in privately owned plots, while 34747 (41%)

occurred in public plots. In the case of GFC, the mean differences in the reported timing are very similar for both privately330

owned (1.3) and public forest plots (1.3 years), being between the values found for the FIA-IDS comparison. The spread in the

temporal differences is slightly smaller for public plots (7.1 years) than for private ones (7.6 years), and always larger for the

FIA-GFC comparison than the FIA-IDS comparison for each ownership group.
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Ownership Datasets Mean [years] Standard deviation [years]

National FIA - IDS -0.9 6.8

Private FIA - IDS -1.7 7.3

National FIA - GFC -1.3 7.1

Private FIA - GFC -1.3 7.6

Table 5. Mean and standard deviation values of the differences between FIA and IDS or GFC, when considering the two groups with different

ownership status.

4.4.2 Reported versus measurement timing

In addition to the mortality year (MORTYR - the estimated year a remeasured tree died or was cut), FIA reports the inventory335

(INVYR) and measurement (MEASYEAR) year for each event. The inventory year corresponds to the best representation

of the year where the inventory data was collected, while the measurement year corresponds to the year where the plot was

completed. We first group FIA events into those in which the inventory (INVYR) and measurement (MEASYEAR) year

coincide with the mortality year, and events where these do not coincide. For these groups, we then compare the differences

in disturbance timing between FIA and IDS and GFC (Figure 7). In the FIA dataset, 1-3% of the disturbance events analysed340

have coinciding disturbance year and inventory or measurement year, while for 97–99% of the events analysed, the disturbance

year reported is different from the inventory or measurement year. For both groups, the disturbance year tends to be reported 1

to 20 years before the inventory/measurement year. Already 98% of disturbance events are within a range of 1 to 10 years that

mortality is earlier than the inventory or measurement took place. On the other hand, there are a few cases where the mortality

was described after the inventory or measurement year (1–5 years/ 1–7 years for inventory/ measurement year).345

Disturbances recorded by FIA in the same year of the disturbance occurrence show a shift towards positive differences, with

the mean values ranging between 1.1 and 1.8 years (IDS/GFC report earlier than FIA), while those in which the inventory or

reporting year are different from disturbance year tend to show negative differences, with mean values of -1.1 years, when

compared with IDS, and -1.4 years, when compared with GFC. While the differences in reported vs. inventory/measurement

year influence the predominant sign of the differences, the two groups show similar values of standard deviation of differences350

of 6.8–7.5 years, similar to the previous analyses.
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Figure 7. Probability density function of mortality lag years between the comparisons of FIA with IDS (solid) and GFC (dashed). They are

further subdivided based on the correspondence between the inventory and measurement year with the mortality year. Same year records are

depicted in darker colors, different year records in lighter colors.

Type of year record Datasets Mean [years] Standard deviation [years]

Same INVYR FIA - IDS 1.1 7.2

Same MEASYEAR FIA - IDS 1.8 7.1

Same INVYR FIA - GFC 1.7 7.3

Same MEASYEAR FIA - GFC 1.1 7.5

Different INVYR FIA - IDS -1.1 6.8

Different MEASYEAR FIA - IDS -1.1 6.8

Different INVYR FIA - GFC -1.4 7.3

Different MEASYEAR FIA - GFC -1.4 7.3

Table 6. Mean and standard deviation values of the differences between FIA and IDS or GFC, when considering the groups of events with

different reported vs. inventory or measurement years.
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5 Discussion

Forest disturbances have multiple causes and affect forests in varied ways. Wind and bark beetles primarily impact the canopies,

whereas fire and drought directly affect tree regeneration, reducing their capacity for recovery and reorganization. Additionally,

environmental conditions such as hotter and drier climates can weaken trees’ defenses against pathogens and insects, exacer-355

bating the damage caused by disturbances (Anderegg et al., 2015). The type of disturbance and the nature of its impact on trees

thus influences our ability to detect and characterize its dynamics.

Here, we compared four different datasets that report timing, location/extent and cause of forest disturbances. Overall,

we found variable agreement in terms of disturbance timing and agent across the different datasets. These variations can be

explained by inherent uncertainties in the detection methods, spatial and temporal scales, and the level of detail in disturbance360

records of each dataset.

5.1 Methodological uncertainty

Both FIA and IDS are used for systematic monitoring forest disturbances, but they differ in scale and methodology. The

FIA is distributed across the whole CONUS+AK region, but is based on small (<10m) plots which are revisited regularly,

typically every 5 or 10 years. Additionally, the swapping and fuzzing approach for data protection of privately owned forests365

is expected to introduce uncertainty about the exact location and timing of disturbances. Aerial surveys in IDS provide large-

scale information as disturbance polygons, but typically focus on regions where outbreaks have been known to occur. Although

effective in capturing major disturbance and mortality events, the IDS may miss disturbances in remote, unmanaged forests,

and urban areas (Kautz et al., 2017). Furthermore, the IDS data includes hand-drawn disturbance polygons, which introduces

subjectivity to their extent. This is particularly evident in USDA Regions 8 and 9, where some polygons exhibit uncharacteristic370

shapes, spanning vast regions and even covering urban areas (see Figure A1). These inaccuracies affect spatial comparisons

and analyses, potentially leading to erroneous results.

The ITMN data is recognized to be inherently biased due to the use of literature-based reports of tree mortality in the field

(Hammond et al., 2022), which results in certain regions and forest types being underrepresented in the dataset. Furthermore,

the point data format inherently carries uncertainties regarding the exact location and extent of mortality events. For example,375

the scale of the mortality events reported in ITMN dataset varies considerably, from isolated points to large clusters of points.

Moreover, the spatial and temporal accuracy of the coordinates of each event depends on the method used in each original

study.

Satellite data allows for spatially and temporally continuous disturbance mapping, but the detection of a given disturbance

inherently depends on its size, as satellites operate with varying spatial resolutions. The GFC is based on Landsat with a 30380

meter spatial resolution (Hansen et al., 2013), so that smaller scale events might remain undetected (Masek et al., 2013). For

example, Baumann et al. (2014) showed that the accuracy of wind disturbance detection algorithms was generally higher for

larger disturbance patches compared to smaller ones. Furthermore, for disturbances to be detected, the signal must reach a
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detectable threshold for satellites to identify and quantify the affected area, meaning the severity of the disturbance plays a

critical role (Masek et al., 2013; McDowell et al., 2015) in satellite-based mapping.385

Additionally, disturbance events vary widely in both spatial extent - from several meters to hundreds of square kilometers —

and temporal duration — from hours to multiple years (Turner, 2010), so that the suitability of each approach is also dependent

on the disturbance characteristics. Methodological differences thus result in spatial and temporal uncertainties, as discussed

below.

5.2 Spatial uncertainty390

Our analysis is primarily based on the spatial overlap between the four datasets considered. Two datasets are point-based (FIA,

ITMN), while the other two are spatially explicit (IDS, GFC), but with differences in spatial coverage.

To address this, two buffer sizes—500 (800) meters and 1000 (1600) meters for ITMN (FIA)—were introduced. While this

approach increases comparability with other disturbance records, it also introduces additional uncertainty.

The FIA’s guidelines suggest that swapping and fuzzing introduces only minimal differences in the data. Our results indicate395

that indeed uncertainties in disturbance location due to this approach do not significantly influence the spatial overlap with

other datasets (Table 4), but they have a small contribution to temporal uncertainty, with larger spread in reported timing of

disturbances in privately owned plots than national plots (Table 6).

The IDS inventory reports the total area affected by a type of disturbance agent, rather than the precise disturbed forest

area. Contrary, the FIA only reports point-based disturbances. Therefore, satellite imagery might more accurately detect and400

delineate the exact disturbed area (Meddens et al., 2012; Masek et al., 2013), providing a detailed spatial perspective.

5.3 Temporal bias

In terms of temporal agreement, we found the best consistency between the FIA and IDS datasets, with the smallest mean

difference of about -0.6 years, the negative value indicating that FIA tends to record disturbances earlier than IDS and GFC.

We found moderately good temporal agreement between ITMN with IDS and between GFC with FIA and IDS, with mean405

differences in disturbance timing of -1.1 – -1.6 years and -1.3 – -1.5 years, respectively.

While ITMN tends to report mortality earlier than both IDS and GFC, it showed larger temporal biases than FIA. While

this can be partly explained by spatial uncertainties, as discussed above, it is also likely to be due to the fact that is it based on

events reported in the literature, thus ad-hoc.

IDS tends to report this difference later than FIA and ITMN, which can be explained by the fact that aerial surveys are410

conducted only a few times per year, and often fly regions only once a disturbance has been known. The Landsat-based tree

loss dataset from GFC tends to detect disturbances after all the other datasets, which is likely due to the requirement of a

given threshold in the signal for change detection algorithm underlying the dataset (Hansen et al., 2013). This difference likely

explains the larger mean differences between ITMN with GFC, ITMN being including small events likely to go undetected in

the satellite signal.415
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We find that differences in ownership status in the FIA dataset result in a larger mean differences with IDS datasets, but

have a minimal effect on the bias with GFC. This difference might be due to easier access to public lands for aerial disturbance

mapping, which can result in delayed mapping of disturbances over private forests.

5.4 Temporal spread

In addition to temporal biases, we find a very large spread in the differences in the timing of disturbances reported by the420

different datasets, consistently around 6–7 years for most pairs of datasets.

This spread can be explained by the uncertainty introduced by the revisiting frequency of the surveyed plots or areas, which

varies across datasets. While the GFC provides temporally continuous data, inventory data often have survey gaps for certain

areas and years (Burrill et al., 2021). These gaps can contribute to discrepancies in the timing of disturbance detection. If an

area or plot is revisited only every five years, any disturbances occurring within that period might be recorded retrospectively,425

introducing uncertainty regarding the timing of the events. This is evident in the discrepancies between mortality year and

measurement/inventory years in some of the events reported in the FIA dataset, which vary between 0 and 20 years.

Furthermore, disturbed areas in IDS can overlap in both space and time, for example if different agents are recorded across

different years in the same region or plot. This results in a higher number of overlapping events but can contribute to a broader

distribution of differences in the reported timing of disturbance compared to binary data such as GFC (loss/no-loss) or ITMN430

(mortality only). Such overlap also occur in the FIA, as plots can be re-visited.

Adding to this uncertainty is the uncertainty in the detection of disturbance in the remote-sensing signal. For example,

Hansen et al. (2013) highlight uncertainties associated with the GFC dataset and advise using a 3-year moving window to

detect trends, cautioning for area estimation using pixel counts of forest loss. Therefore, uncertainty from the change detection

algorithm and can contribute to the larger spread found in the timing differences between GFC and other datasets, compared435

to IDS, and can partly explain differences in the spatial overlap with other datasets.

5.5 Disturbance agents

The results reveal a low consistency in the determination of disturbance agents, which can be attributed to several factors. One

significant reason is the cascading effects of disturbances. For instance, an initial disturbance such as a drought can lead to

secondary disturbances like bark beetle infestations, with the combined impact ultimately causing tree mortality (Bentz et al.,440

2010; Seidl et al., 2017; Burton et al., 2020). Bark beetles require several years of suitable weather conditions to survive and

the abundance of the preferred host tress to cause an extensive outbreak (Fettig et al., 2022; Bentz et al., 2010). This highlights

the complexity of accurately identifying and recording agents, as multiple interacting factors are often involved.

Information on the disturbance agents is, therefore, strongly dependent on the granularity of the dataset in terms of agent

types and temporal dimension covered. For example, the FIA often use broad terms of agent classification, such as "insect" are445

provided, without specifying whether the agent is a bark beetle, defoliator, or another biotic agent. This broad categorization

contrasts with the more detailed IDS data, potentially explaining the low agreement between these datasets. This is evident

in our comparison (Figure 5), where FIA reports a large number of events as "other biotic", "other abiotic" and "other" (see
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classification in Table B6), while IDS resolves these classes more finely into bark-beetle, defoliators and other biotic, and into

fire, wind and drought. Note that some uncertainty has been introduced also by our own decision in aggregating data, when450

broad classifications were provided.

Ad-hoc literature-based synthesis, as is the case of ITMN (Hammond et al., 2022), are prone to biases in terms of the key-

words used to select relevant studies, as well as inconsistencies in the interpretation and granularity of driving agents reported

in each individual study. Indeed, here we found a tendency towards higher attribution to drought-related disturbances in ITMN,

in isolation or in combination with biotic agents, while IDS tended to associate mortality events mostly with bark-beetle455

disturbance for the same events.

Differences in the reported agents could also arise from the temporal lags in the aerial surveys. For example if these are

conducted only once the drought has passed, the disturbance is more likely be attributed only to the subsequent biotic agents.

Such systematic bias in the IDS data is, however, unlikely, since we do not find the same differences in the attribution to drought

vs. biotic agents in the comparison of IDS with FIA. Nevertheless, Coleman et al. (2018) showed that the detection of damage460

types and agents in IDS dataset could be improved by aligning flight conditions and timing with the biological windows of

disturbance agents. However, they also noted that limited ground-truthing and the subjective nature of aerial surveys—affected

by different surveyors, viewing conditions, and flying conditions—introduce variability and uncertainty into the data (Coleman

et al., 2018).

Remote sensing technology is widely used in forest disturbance mapping, but attribution to specific agents based on remote-465

sensing data only is still limited. While now being a standard approach to identifying certain types of disturbances like those

caused by fire (Chuvieco et al., 2018, 2022; Otón et al., 2019), distinguishing other disturbances such as different biotic agents,

and especially non-stand replacing ones is more challenging (Senf et al., 2020; Senf and Seidl, 2021b; Senf et al., 2017;

McDowell et al., 2015). It is worth noting that remote-sensing based detection approaches for disturbance mapping tend to

rely on inventory data analysed here, so that they will inevitable inherit their uncertainty. Furthermore, the requirement of a470

significant threshold for tree loss detection, as applied in the GFC and other studies, might make the detection dependent on

human effects, such as selective logging that often follow disturbance events. This can contribute to the lag between the GFC

tree loss detection and the timing of disturbance and/or mortality reported by the other datasets.

These factors collectively contribute to the observed low consistency in disturbance agent determination and underscore

the challenges involved in accurately identifying and classifying forest disturbances. The discrepancies between datasets, the475

complexities of cascading disturbances, and the limitations of current detection methods all highlight the need for improved

approaches in forest disturbance monitoring.

6 Conclusions

In our study, we demonstrate the importance of consistent and reliable data for understanding forest disturbances. By comparing

four datasets on forest disturbances across the continental United States, we identified varying levels of consistency, with480

inventory-based datasets showing the highest reliability.
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In general, inventory datasets tend to identify lower severity and smaller-scale disturbances earlier than remote sensing

methods. The discrepancies found with remote sensing data, especially the delayed detection of disturbances, highlight the

challenges of relying solely on satellite observations for accurate and timely monitoring.

Our analysis further revealed inconsistencies in identifying disturbance agents of overlapping disturbances. These discrep-485

ancies are due to varying levels of detail in the datasets and the subjective determination of disturbance agents. This finding

emphasizes the need for more standardized and detailed attribution of disturbance agents across datasets. Moreover, we show

the importance of accounting for inherent data uncertainties, particularly those related to forest ownership and discrepancies

between revisiting and reporting times.

Our findings emphasize the need for careful consideration of the multiple sources of uncertainty and strict pre-processing490

of the data for use in other applications such remote-sensing disturbance classification models. Our analysis of spatial and

temporal differences between datasets allowed us to provide quantitative estimates of the accuracy and precision of the different

datasets, contributing to more robust and informed decision-making when using such data.

As forests continue to face increasing pressures from climate-induced disturbances, higher integration and increased accu-

racy in disturbance datasets is crucially needed. Future research could focus on enhancing the consistency between different495

methodologies and terminology in disturbance detection and classification. By addressing these challenges, we can advance

our understanding of forest disturbances and their drivers.
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Appendix A: Figures

Figure A1. Map of IDS Region 8 with disturbance polygons with the color scheme of earlier disturbance events (2000s) in purple and more

recent events in green and yellow (2020s). Panel A shows an overview of the IDS disturbances in Region 8, panel B shows the data with

increasing detail zoomed inn to an irregular disturbance shape in blue.
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Appendix B: Tables

Column name Meaning

DCA_ID Name of disturbance agents based on new coding system from this study

SURVEY_YEAR Year of survey/ detection of disturbance

geometry polygon extent in lat long

REGION_ID number of CONUS/ AK region

DAMAGE_TYPE type of damage (mortality, crown discoloration, defoliation, dieback, ...)

DAMAGE_TYPE_CODE Code according to damage type

DCA_CODE Detailed code of disturbance agent

DA_Code_USDA Code according to new DCA name (DCAID)

PERCENT_AFFECTED Percentage of affected area within polygon

HOST Name of host trees

HOST_CODE Code according to host tree

Table B1. Columns of interest of IDS data.
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DCA_CODE DCA_NAME

10000 Miscellaneous insects and allies

11000 Bark beetles

12000 Defoliator

14000 Sucking insects

15000 Boring insects

16000 Seed/cone/flower/fruit insects

17000 Gallmaker insects

18000 Predatory insects

19000 General diseases

20000 Biotic damage

21000 Root/butt disease

22000 Stem decays/cankers

23000 Parasitic/epiphytic plants

24000 Decline complexes/dieback

25000 Foliage and shoot diseases

26000 Stem rust

27000 Broom rust

28000 Boring insects - shoot and twig

29000 Root feeding insects

30000 Fire

41000 Wild animals

42000 Domestic animals

50000 Abiotic damage

60000 Competition

70000 Human activies

80000 Multi-damage (insect/disease)

90000 Unknown

Table B2. DCA codes in IDS of different agent categories. The first two digits of the code describe the category code (10, 11, 12), the next

three digits (here all 0) describe the agent code, which is normally more detailed (e.g. 001, 002), which was not needed for this study.
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Column name Meaning

PLT_CN Plot sequence number

COUNTYCD County Code

FORTYPCD Forest type code

COND_STATUS _CD Condition status code

DSTRBCD1 Disturbance code 1

DSTRBYR1 Disturbance year 1

DSTRBCD2 Disturbance code 2

DSTRBYR2 Disturbance year 2

DSTRBCD3 Disturbance code 3

DSTRBYR3 Disturbance year 3

OWNCD Owner class code

OWNGRPCD Owner group code

FORINDCD Private owner industrial status code

Table B3. Columns of interest of FIA condition data.
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Column name Meaning

CN Sequence number

INVYR Inventory year

STATECD State code

PLOT Plot number

MEASYEAR Measurement year

MEASMON Measurement month

MEASDAY Measurement day

LAT Latitude

LON Longitude

Table B4. Columns of interest of FIA plot data.

Column name Meaning

PLT_CN Plot sequence number

MORTYR Mortality year

AGENTCD Cause of death (agent) code

DAMAGE_AGENT _CD1 Damage agent code 1

DAMAGE_AGENT _CD2 Damage agent code 2

DAMTYP1 Damage type 1

DAMSEV1 Damage severity 1

DAMLOC2 Damage location 2

DAMTYP2 Damage type 2

DAMSEV2 Damage severity 2

Table B5. Columns of interest of FIA tree data.
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Agent FIA Name Agent FIA Code Agent IDS Name Agent IDS Code

No visible disturbance 0 No data 0

Insect 10 Other biotic 64

Disease 20 Other biotic 64

Fire 30 Fire 8

Animal 40 Other biotic 64

Weather 50 Other abiotic 128

Vegetation (suppression, competition) 60 Other 256

Unknown 70 Other 256

Silvicultural or landcleaning activity 80 Other 256

Other 90 Other abiotic 128

Table B6. Agent coding mapping for FIA broad agent categories based on IDS new coding system.
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Agent FIA Name Agent FIA Code (Range) Agent IDS Name Agent IDS Code

No visible disturbance 0 No data 0

Insect 10 to 19 Other biotic 64

Disease 20 to 29 Other biotic 64

Fire 30 to 39 Fire 8

Animal 40 to 49 Other biotic 64

Weather 50 to 59, except 52 and 54 Other abiotic 128

Wind 52 Wind 16

Drought 54 Drought 4

Vegetation (suppression, competition) 60 to 69 Other 256

Unknown (other) 70 to 79 Other 256

Silvicultural or landcleaning activity 80 to 89 Other 256

Other ≥ 90 Other abiotic 128

Table B7. Agent coding mapping for ranges FIA agent categories based on IDS new coding system. The ranges of FIA codes are based on

the information of agent code (AGENTCD) and disturbance code (DSTRBCD1).
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