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Abstract 26 
Land-use legacies are important for explaining present-day ecological patterns and processes. However, an 27 

overarching approach to quantify land-use history effects on ecosystem properties is lacking, mainly due to 28 

the scarcity of high-quality, complete and detailed data on past land use. We propose a general framework 29 

for quantifying the effects of land-use history on ecosystem properties, which is applicable (i) to different 30 

ecological processes in various ecosystem types and across trophic levels; and (ii) when historical data are 31 

incomplete or of variable quality. 32 

The conceptual foundation of our framework is that past land use affects current (and future) ecosystem 33 

properties through altering the past values of resources and conditions that are the driving variables of 34 

ecosystem responses. We describe and illustrate how Markov chains can be applied to derive past time 35 

series of driving variables, and how these time series can be used to improve our understanding of present-36 

day ecosystem properties.  37 

We present our framework in a stepwise manner, elucidating its general nature. We illustrate its 38 

application through a case study on the importance of past light levels for the contemporary understorey 39 

composition of temperate deciduous forest. We found that the understorey shows legacies of past forest 40 

management: high past light availability lead to a low proportion of typical forest species in the 41 

understorey. Our framework can be a useful tool for quantifying the effect of past land use on ecological 42 

patterns and processes and enhancing our understanding of ecosystem dynamics by including legacy 43 

effects which have often been ignored.  44 
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Manuscript highlights 48 
• Scarcity of land-use history data hampers our understanding of land-use legacies 49 

• Probabilistic modelling is used to derive past dynamics of resources and conditions 50 

• Insight into past dynamics improves our understanding of current ecological patterns   51 



1. Introduction 52 

Ecological memory is defined as ‘the capacity of past states or experiences to influence present or future 53 

responses of the community’ (Padisák, 1992), and as ‘the degree to which an ecological process is shaped by 54 

past modifications of a landscape’ (Peterson, 2002). The importance of ecological memory in plant and 55 

ecosystem processes has been demonstrated in a recent study by Ogle et al. (2015), who showed that 56 

various ecosystem processes, across biological, temporal and/or spatial scales, were better explained when 57 

models take into account antecedent conditions on top of contemporary conditions. Similar patterns have 58 

been observed in other ecosystems (Barron-Gafford et al., 2014; Cable et al., 2013; Hawkins and Ellis, 2010; 59 

Leuning et al., 2005; Oesterheld et al., 2001; Sala et al., 2012). An ecosystem’s ecological memory is (among 60 

other factors) caused by the past land use of the system, which influences the past conditions of the system 61 

(Schaefer, 2009; Sun et al., 2013).  62 

Past land use can affect ecosystems for decades to centuries (Foster et al., 2003; Lunt and Spooner, 2005). 63 

The system properties resulting from past land use are called land-use legacies (Foster et al., 2003; Kopecký 64 

and Vojta, 2009; Perring et al., 2016). Examples of species and communities affected by past land use 65 

include plant community composition in forests (De Frenne et al., 2011; Dupouey et al., 2002; Flinn and 66 

Marks, 2007; Peterken and Game, 1984), grasshoppers in woodlands (Hahn and Orrock, 2015), butterflies 67 

in grasslands (Moranz et al., 2012), fish and invertebrates in streams (Harding et al., 1998), and birds in 68 

Mediterranean forests and shrublands (De Cáceres et al., 2013). In general, there is increasing evidence 69 

that past land use can affect future biodiversity over decades to centuries (Bürgi et al., 2017; Essl et al., 70 

2015). 71 

Given the importance of past land use for explaining current and future ecosystem properties, a 72 

standardized method to quantify the effects of past land use is needed. Most existing classification 73 

schemes or indices for land use consider only contemporary land-use intensity and are developed for one 74 

specific ecosystem type, such as forest, grassland or agricultural land (e.g. Blüthgen et al., 2012; Dietrich et 75 

al., 2012; Kahl and Bauhus, 2014; Luyssaert et al., 2011; Schall and Ammer, 2013). They do not capture past 76 

land use or historical land-use changes and lack general applicability. More general frameworks for 77 



quantifying ecological memory (e.g. Ogle et al., 2015) require a lot of data. Such data, including continuous 78 

time series, are often lacking for long-term processes (e.g. time scales of decades or even centuries).  79 

We propose a framework that can help resolve the above-mentioned restrictions, by quantifying the effect 80 

of land-use history on ecological processes in different ecosystem types, even when data on past land use is 81 

incomplete, uncertain and of low quality or resolution. We do not intend to replace existing methods such 82 

as the modelling approach from Ogle et al. (2015); our framework can support and complement existing 83 

methods through developing the well-needed and often lacking time series of environmental variables. Our 84 

basic postulate is that past land use affects current (and future) ecological properties. This occurs through 85 

the past land use altering resources and conditions that are the driving variables of ecosystem and 86 

community responses (Perring et al., 2016) (Figure 1). Testing this postulate would be aided by time series 87 

data of the driving variables, but such series are rarely available. Trajectories of past land use, even if 88 

uncertain, are more frequently known (e.g. McGrath et al., 2015).  89 

Here, we provide a general framework to derive time series of driving variables from known land-use 90 

history. By defining the driving variables case-specifically, the framework can be used for a wide range of 91 

ecological processes and properties within different ecosystems. In this paper, we describe how Markov 92 

chains can be applied to derive time series of driving variables given the known land-use history. 93 

Additionally, we provide an illustration of how past values of driving variables can be used to explain 94 

current ecosystem properties. Our framework is based on Markov-chain modelling (box 1), a stochastic 95 

modelling approach that is often used to model temporal ecosystem changes, such as successional 96 

vegetation change, based on temporal autocorrelation in time series (Balzter, 2000; Golroo et al., 2012; 97 

Horn, 1975; Logofet and Lesnaya, 2000; Usher, 1981). Markov chains can deal with different types of data 98 

as well as uncertainties or missing data, and can incorporate expert knowledge to describe causal relations 99 

in the network when long-term data series are lacking (Golroo et al., 2012) (as also implemented in 100 

Bayesian belief network modelling (Aguilera et al., 2011; Pollino et al., 2007)). Hence, Markov chains are 101 

highly suitable when land-use history data are incomplete or uncertain, which is often the case.  102 



 103 

Figure 1 Rationale of the proposed framework: past land use affects current ecosystem conditions through alteration of the 104 
resources and conditions that are the driving variables of ecosystem responses. We describe and illustrate how Markov chains can 105 
be applied to derive time series of driving variables given the known land-use history, and we provide an illustration of how time 106 
series of driving variables can be used to explain current ecosystem conditions. 107 

We describe our framework step-by-step (section 2, Figure 3). In each step, we provide a general 108 

description of the modelling approach, and illustrate the proposed approach with a specific case study 109 

about the effects of past forest management practices on the current understorey composition in 110 

temperate forests. We outline some of the main strengths and opportunities of the framework, describe 111 

how the model performance could be improved, and discuss the applicability of the framework to assess 112 

how past land use influences current ecosystem properties (section 3). 113 

2. Stepwise explanation and illustration of the modelling framework 114 
In our framework, a Markov chain models the dynamics of the driving variables of the studied ecosystem 115 

process. A variable representing the land-use history (called land-use variable) is added to the chain as an 116 

auxiliary variable (cf. box 1, Figure 2). The final model represents the dynamics of a driving variable, under 117 

the assumption that its present state is directly influenced by the current land-use state, and indirectly by 118 

past land use, through the past states of the driving variable (Figure 2). 119 



 120 

Figure 2 The Markov-chain model used within the framework presented in this paper, consisting of a first-order Markov chain (a) 121 
with an additional direct effect (b) between the state variable at t-2 and the state variable at t (i.e. second-order Markov chain) and 122 
an additional auxiliary variable (c) representing the land-use history of the system. 123 

Below, we describe the modelling approach step-by-step. Each step contains a general explanation and a 124 

specific application for a case study. In the case study, we aim to assess the effect of past forest 125 

management practices on the current understorey composition, in terms of the proportion of typical forest 126 

species (i.e. species found mainly in closed forest, as defined for the lowlands of the Czech Republic, cf. 127 

Heinken, unpublished results). We use 29 forest plots from Koda Wood (Czech Republic), Zvolen (central 128 

Slovakia) and Slovak Karst (south-eastern Slovakia). For each plot, a description of the management history 129 

since 1950 and two vegetation surveys (the first in the 1950s, 60s or 70s, depending on the region, and the 130 

second in 2015) are available (see Appendix A). The plots were originally established in mostly oak-131 

dominated forests managed either as coppice, coppice-with-standards or high forests. In each region, we 132 

resurveyed plots from all three management categories to cover the historical management variability. 133 

Between the surveys, the intensity of forest management generally decreased and shifted from historically 134 

dominant coppicing to presently high forest management or no regular management in forest reserves. The 135 

change in management resulted in a general decline of plant species richness and a spatial homogenization 136 

of the vegetation (Hédl et al., 2010; Kopecký et al., 2013). The species that showed the strongest decline 137 

were light-demanding species typical for open oak forests such as Bupleurum falcatum, Carex montana, 138 

Silene nutans, Veronica chamaedrys agg., Ajuga genevensis, Lotus corniculatus, Campanula persicifolia and 139 

Tanacetum corymbosum. In contrast, shade-tolerant, mesic and nutrient-demanding species such as Aliaria 140 

petiolata, Asarum europaeum, Hepatica nobilis, Mercurialis perennis, Galium aparine and Neotia nidus-avis 141 

became dominant in the understorey. The annual Impatiens parviflora was the only invasive alien species 142 



with higher occurrence across the studied plots. The majority of the species in the study plots were 143 

perennials (full species list in Appendix G). Tree species regeneration became more abundant, particularly 144 

of shade-tolerant tree species such as Fagus sylvatica and Carpinus betulus (Máliš et al., 2016).  145 

2.1. Step 1: defining variables 146 
The ecological process of interest is scrutinised to identify its main driving variables. For example, soil pH, 147 

soil moisture content, nutrient availability, and light availability are important driving variables for plant 148 

community composition trajectories (Klanderud et al., 2015), whereas soil temperature and moisture 149 

content are among the main driving variables for soil respiration rates (Ogle et al., 2015). Making an 150 

informed choice in this first step is vital, as the chosen driving variable(s) should enable the user to evaluate 151 

how land use affects the ecological process of interest. We only consider one driving variable in the further 152 

description and illustration of the framework, but the entire process can be repeated for the multiple 153 

variables that drive the same ecological process.  154 

In our case study, the ecological process of interest is the shaping of the forest understorey community. We 155 

selected light transmittance as the driving variable because the understorey composition changes observed 156 

in our study regions were strongly related to the light requirement of understorey plants (Hédl et al., 2010; 157 

Kopecký et al., 2013) and light availability is one of the main environmental factors controlling the 158 

establishment and growth of plant species in forests (Baeten et al., 2009; Thomaes et al., 2013; Tinya and 159 

Ódor, 2016). Several studies have observed time lags in vegetation response to understorey light conditions 160 

(Dölle and Schmidt, 2009; Thomas et al., 1999), suggesting that past values of light transmittance can be 161 

important for current understorey composition. Light transmittance is defined as the ratio of the amount of 162 

solar radiation reaching the understorey to the total incident radiation at the top of the canopy (Parker, 163 

2014). It is a common assumption that using light transmittance (%) rather than absolute values of 164 

radiation allows for predictions or estimations without knowledge on specific climate and weather 165 

conditions (Balandier et al., 2009). Light transmittance depends on forest architecture, and is, as such, 166 

mostly uninfluenced by the absolute amount of light at the top of the canopy. Light transmittance depends 167 

on canopy closure and hence on the time of the year. In the further description of our case study, we 168 

consider the light transmittance in July. 169 



After identifying the process-specific driving variable, a suitable variable representing the land use of the 170 

system is defined. The chosen land-use variable can be related to one or more of the various aspects 171 

comprising land use, such as land cover (e.g. grassland, arable land, forest, heathland), fertilizer type and 172 

fertilization intensity, soil manipulation (e.g. ploughing, tilling), harvesting (e.g. crop type in arable fields, 173 

different management regimes for timber production in forests, litter raking in forests), and should have a 174 

potential effect on the driving variable. For example, past fertilization type and intensity can be suitable 175 

land-use variables when soil pH is chosen as the driving variable (Koerner et al., 1997). 176 

As the land-use variable in our case study, we selected forest management, given its possible impact on the 177 

canopy composition and structure and hence on light transmittance (Thomaes et al., 2014) and the forest 178 

understorey (e.g. Kopecký et al., 2013; Perring et al., 2018; Ujházy et al., 2017; Van Calster et al., 2008). We 179 

did not consider other factors affecting light transmittance, such as tree species and phenology, but kept in 180 

mind that these could influence the interpretation of the results. 181 

2.2. Step 2: discretization of variables 182 
First, to be able to use a driving variable in our Markov chain, the variable needs to be discretized (cf. box 1) 183 

by defining a finite set of ecologically relevant, representative states (Carpinone et al., 2015; Shamshad et 184 

al., 2005). In our case study, we defined sensible discrete states for light transmittance, looking at the 185 

relationship between light transmittance and understorey community composition in temperate deciduous 186 

forests in Europe. We used three threshold values between four light transmittance states: strong shade (0-187 

8%), moderate shade (8-20%), moderate light (20-40%) and strong light (>40%). Many understorey species 188 

of temperate deciduous forest benefit from light levels below 8%, when the survival of certain competitors 189 

is limited (De Keersmaeker et al., 2004). For some forest understorey species, the survival is higher under 190 

moderate levels of shade (8-20%) than under strong shade (≤ 8%) (Thomaes, 2014). Understorey cover 191 

reaches an asymptotic maximum at around 40% light transmittance (Balandier et al., 2009). 192 

Second, similar to the driving variable, also the land-use variable needs to be discretized. In our case study, 193 

we defined four states of forest management (further on referred to as land-use states) that cover a 194 

gradient in management intensity, and encompass the typical forest management actions in our study 195 

regions: 196 



• Zero cut: no tree fellings or removals, forest under a zero management system or forest in a period 197 

in between two interventions of a rotation system; 198 

• Thinning: the removal of a proportion of trees to allow more growing space for the final crop trees 199 

(den Ouden et al., 2010) or management actions with similar effects on the canopy structure, such 200 

as selection felling of single trees; 201 

• Shelter cut: a method of securing natural tree regeneration under the sparse shelter of old trees 202 

that are removed by successive cuttings to admit a gradually increasing amount of light to the 203 

seedlings (den Ouden et al., 2010) or the cutting phase in a coppice-with-standards system 204 

resulting in a similar forest structure; 205 

• Clear-cut: most or all trees in an area are cut, e.g. the harvesting phase of coppice systems or high 206 

forest systems with a clear-felling management. 207 

Third, the magnitude of the time step (∆t) in the chain should be clearly defined. The time step can vary 208 

from less than seconds to more than years, depending on the chosen driving and land-use variables, the 209 

ecological process considered, and the availability of land-use history data (Carpinone et al., 2015). In our 210 

case study, the time step (∆t) is mainly constrained by the temporal resolution of the available land-use 211 

history data (section 2.5) and set at 10 years. The 10-year time step corresponds well to the typical 212 

management cycles in temperate forests (den Ouden et al., 2010; Kerr and Haufe, 2011), but might be too 213 

long to detect short-term temporal dynamics in understorey composition. Smaller time steps would have 214 

been better to predict light dynamics that drive understorey composition. However, due to the absence of 215 

high-resolution land-use history data, high-resolution predictions of light dynamics would be highly 216 

uncertain and therefore contain no additional information compared to the light availability data derived 217 

from the model with ∆t = 10 years. 218 

2.3. Step 3: defining the model 219 
One can adjust the proposed Markov-chain model to the system and the driving variable of interest by 220 

defining the appropriate order of the Markov chain. The order of a Markov chain is the number of time 221 

steps in the past that can directly influence the current state (Shamshad et al., 2005). In a simple first-order 222 

Markov chain, the present state of the modelled variable only depends on the previous state of that 223 



variable. However, for some ecological processes, it might be necessary to include higher-order terms to 224 

the chain, to account for the possible ecological memory in the dynamics of the driving variables controlling 225 

the processes. For example, adding a second-order arrow to the chain, implies that the state of the driving 226 

variable at time t can depend both on the previous state (t-1) and the state before that (t-2) (box 1) (Usher, 227 

1979). The order that should be used when applying the framework will be case-specific, and depends on 228 

the expected ecological memory of the driving variable that is modelled, as well as on the level of 229 

complexity that can be dealt with in the Transition Probability Matrix (TPM; see section 2.4). When 230 

validation data are available, results from chains with different orders can be compared to assess how long 231 

influences of the past remain important for contemporary states. In addition, mathematical methods are 232 

available to identify whether second-order relations are sufficiently important to include when compared 233 

to the first-order relations in the model (BayesFusion, 2017). We show later (see section 2.4) that in our 234 

particular case study, a first order model was sufficient to model the light dynamics over time.  235 

2.4. Step 4: Transition Probability Matrix 236 
The Transition Probability Matrix (TPM; box 1) quantifies the causal relations between the different 237 

variables in the Markov chain (Logofet and Lesnaya, 2000; Shamshad et al., 2005). In the context of this 238 

study, expert-based approaches are best suited to derive the TPM. Experts are asked to complete a TPM 239 

according to their knowledge and expectations, and to report their confidence in each estimate (Kuhnert et 240 

al., 2010; Pollino et al., 2007). These confidence levels are then used to weight the estimates of all experts 241 

in a final TPM (Pollino et al., 2007). It is important to clearly define the investigated process and boundary 242 

conditions to ensure that different expert estimates are based on the same assumptions and thus 243 

comparable.  244 

In our case study, the second-order TPM describes the probability for light transmittance (LT) at time t being 245 

in one of the four defined states, given the light transmittance state of the system at time t-1 (i.e. ten years 246 

ago) and t-2 (i.e. twenty years ago), and the land-use state (i.e. forest management) at time t (LUt). Since 247 

both variables (light transmittance and forest management) have four possible states, the second-order TPM 248 

contains 64 scenarios = 4 (LTt-2) x 4 (LTt-1) x 4 (LUt). A team of six experts (all author of this paper) provided a 249 

probability distribution and a confidence level for this probability distribution for each of these 64 scenarios, 250 



resulting in one second-order TPM (see Appendix B). Clear guidelines, definitions, boundary conditions and 251 

assumptions were provided to all experts (Appendix C). Based on the second-order TPM, we calculated the 252 

strength of influence between nodes (see box 1) in the Markov chain. We found a strength of influence of 253 

0.03 for the second-order relation (influence of LTt-2 on LTt) and 0.35 for the first-order relation (influence of 254 

LTt-1 on LTt). Light transmittance at t thus mainly depended on light transmittance at t-1, and less on light 255 

transmittance at t-2. The strength of influence of LUt on LTt was 0.49. We concluded that a first-order Markov 256 

chain is sufficient to model the light dynamics over time given the land-use trajectory. All further results and 257 

figures are from the first-order Markov chain. We derived a first-order TPM by marginalization (i.e. grouping 258 

scenarios with the same light transmittance state at t-1 (thus: only differing in the light transmittance state 259 

at t-2) and calculating the average probability distribution for each group of scenarios) (Table 1, Appendix B). 260 

The first-order TPM describes the probability for light transmittance (LT) at time t being in one of the four 261 

defined states, given the light transmittance state of the system at time t-1 (i.e. ten years ago) and the land-262 

use state at time t (LUt), and thus contains 16 scenarios = 4 (LTt-1) x 4 (LUt).  263 

  264 



Table 1 The first-order Transition Probability Matrix (TPM) derived from the second-order TPM by marginalization. The pie charts 265 
represent the average expected probability distribution of light transmittance at t for the 16 different scenarios (i.e. 16 266 
combinations of the land-use state at t and the light transmittance state at (t-1). The full first- and second-order TPMs can be found 267 
in Appendix B. 268 

 269 

Land-use 
state at t 

Probability distribution for light transmittance at t,  
given the light transmittance state at (t-1) 

 Strong shade  
at (t-1) 

Moderate shade  
at (t-1) 

Moderate light  
at (t-1) 

Strong light  
at (t-1) 

Zero cut 

    

Thinning 

    

Shelter cut 

    

Clear cut 

    

 270 

 271 

2.5. Step 5: land-use trajectory 272 
Knowledge on past land use can be gathered from natural archives, such as tree-ring series or soil 273 

properties, and cultural archives, such as old aerial pictures, historical maps, old management plans, and 274 

face-to-face interviews with locals, land owners or managers. The land-use trajectory comprises the 275 

translation of what is known about the past land use of the system into a sequence of the possible land-use 276 

states defined in section 2.2 (step 2). Thus, for each time step in the chain, the land-use state that best 277 

describes the situation at that time needs to be determined, and will be entered in the Markov chain as 278 

evidence. This can, depending on the certainty of the land-use trajectory, either be done as hard evidence, 279 

assigning a 100% probability to the assumed land-use state at each time step, or as soft evidence, providing 280 

probabilities for the different states of the land-use variable that sum up to 100% (box 1).  281 

For our case study, two authors of this paper, each with detailed knowledge of the case study regions, 282 

investigated the management history of the 29 plots and completed a standardized land-use history 283 

Strong shade 
Moderate shade 
Moderate light 
Strong light 

Expected probability of: 



questionnaire (Appendix D). The historical information was used to assign a land-use state to each 10-year 284 

time step for each plot, starting in 1950 (Appendix E). Some assumptions were necessary, due to variations 285 

in the level of detail of the available historical data (Appendix E). To illustrate the possibility of including an 286 

uncertain land-use trajectory in the model, we defined three alternative trajectories for one of the Czech 287 

plots (Plot KO775; Table 2). The historical information for this plot mentioned sanitary thinnings of 288 

standards in the period 1900-2010. We assumed that every 30 years one of these thinnings affected the 289 

plot and used a different timing of this thinning frequency in the three alternative land-use trajectories. 290 

Presuming that each alternative is equally likely, each time step between 1950 and 2010 has a 66.6% 291 

probability of ‘zero cut’ and 33.3% probability of ‘thinning’, which can be included in the model as soft 292 

evidence. 293 

Table 2 Three alternative land-use (LU) trajectories for one of the Czech plots (KO775), with shifted timings for the sanitary thinnings 294 
that took place between 1900 and 2010. The last row shows how alternative trajectories can be combined into one uncertain land-295 
use trajectory, which can be entered in the model as soft evidence. 296 

 297 

2.6. Step 6: running the model 298 
Numerous software packages can be used to implement and run Markov-chain models. Aside from 299 

software packages that are often used for Markov-chain modelling (e.g. R (Spedicato, 2017), MARCA 300 

(Stewart, 1996), PRISM (Kwiatkowska et al., 2011)), also software packages primarily designed for Bayesian 301 

belief network modelling can be highly suitable (e.g. Netica (Norsys, 1998), Hugin (Hugin, 2008) and GeNie 302 

(Druzdzel 1999; http://www.bayesfusion.com))(Landuyt et al., 2013). In our case study, models were 303 

implemented and run using the free software package GeNie. We built the model structure (a first-order 304 

Markov chain with one auxiliary variable), and entered the weighted-average TPM of the six experts (cf. 305 

Appendix B). Then, we entered the assumed land-use state for each considered time step, first as hard 306 

evidence (i.e. assigning a 100% probability to the assumed land-use state) for all 29 plots, and then as soft 307 



evidence (i.e. providing probabilities for the different states of the land-use variable that sum up to 100%) 308 

for one of the plots, to illustrate how using hard vs. soft evidence influences the results. For each of the 29 309 

study plots, the model then calculated the probability of each light transmittance state to occur at each 310 

time step (for seven time steps of 10 years; from 1950-2020), given the specific land-use trajectory of the 311 

plot.  312 

Note that the model can be updated with evidence on the state of the driving variable at certain time steps 313 

(in case these data are available). In our case study, we have light transmittance data for time step t6 (2010-314 

2020). We first used these data to evaluate the model outcomes (section 2.7) and then updated the model 315 

using the light transmittance data as evidence to generate model outcomes for further analysis (see section 316 

2.8 for details).  317 

2.7. Step 7: evaluation of model outcomes 318 
The final model output is a probability distribution of the different states of the driving variable at each 319 

time step. In other words, the probability for each possible state of the driving variable at each time step is 320 

predicted based on the land-use history data and the TPM (Figure 3). From the probability distribution 321 

output, a user can derive several variables to use in further analyses. Time series of, for instance, the mean 322 

expected value, the most probable state to occur or the probability for a certain state to occur (e.g. 323 

Dlamini, 2010; Smith et al., 2007) can be used to further investigate and analyse ecological process 324 

dynamics. In our case study, we calculated the mean expected value of light transmittance at each time 325 

step based on the probability distribution at each time step and the mean value of each light transmittance 326 

(LT) state: 327 

mean expected LT = 𝑃𝑃𝑆𝑆𝑆𝑆 . 𝑆𝑆𝑆𝑆��� + 𝑃𝑃𝑀𝑀𝑆𝑆 .𝑀𝑀𝑆𝑆���� + 𝑃𝑃𝑀𝑀𝑀𝑀 .𝑀𝑀𝑀𝑀���� + 𝑃𝑃𝑆𝑆𝑀𝑀 . 𝑆𝑆𝑀𝑀��� = 𝑃𝑃𝑆𝑆𝑆𝑆 . 4% + 𝑃𝑃𝑀𝑀𝑆𝑆. 14% + 𝑃𝑃𝑀𝑀𝑀𝑀 . 30% + 𝑃𝑃𝑆𝑆𝑀𝑀 . 70%      (eq. 1) 328 

with 𝑆𝑆𝑆𝑆���, 𝑀𝑀𝑆𝑆����, 𝑀𝑀𝑀𝑀���� and 𝑆𝑆𝑀𝑀��� the class means of respectively strong shade, moderate shade, moderate light and 329 

strong light; and with P the probability for a light transmittance state to occur. 330 

 331 



 332 

Figure 3 Flowchart illustrating the steps of the framework, applied to our case study. Note that only a few rows of the TPM are shown here as an illustration. The full second-order TPM, with 64 rows, 333 
can be found in Appendix B. The data and graphs shown for step 5, 6, 7 and 8 are based on a hypothetical plot with a land-use history as described in Step 5 of the figure. With LT light transmittance, 334 
LU land use, SS strong shade, MS moderate shade, ML moderate light and SL strong light. 335 



Metrics to evaluate the performance of models that produce a probabilistic output include confusion 336 

tables, k-fold cross-validation, receiver operating characteristic curves, and several performance indices 337 

such as spherical pay-off, Schwarz’ Bayesian information criterion, and true skill statistic (Marcot, 2012). 338 

Another commonly used approach is based on comparing the model performance to the expected 339 

percentage of correct classifications if the prediction was made in a random manner (i.e. by a model called 340 

random classifier or baseline classifier) (e.g. Genc and Dag 2016). In our case study, we used light 341 

transmittance data obtained from the 2015 survey that took place in each of the 29 plots (Appendix A) to 342 

evaluate the model performance. We measured light transmittance with a spherical densiometer (Forestry 343 

Suppliers, 2008; Lemmon, 1957). For the time step t6 (2010-2020) for which observed light transmittance 344 

data are available, we compared model predictions against predictions of an indifferent baseline classifier 345 

(uniform distribution). For each plot, the model performance was expressed as the predicted probability of 346 

the observed light transmittance state at the survey time, minus the baseline probability of that state. Since 347 

the defined light transmittance classes were unbalanced, baseline probabilities, derived from a uniform 348 

distribution, were set to 8%, 12%, 20% and 60%, for the states ‘strong shade’, ‘moderate shade’, ‘moderate 349 

light’ and ‘strong light’, respectively. Positive model performance values, where predicted probability 350 

values are higher than their baseline, indicate that model predictions are informative. 351 

In our case study, the model performance differed between plots (Figure 4), and for the majority of the 352 

plots, the informed model was performing better than the random (baseline) model (more positive than 353 

negative values in Figure 4). Many of the plots for which the model performed badly were thinned within 354 

the 20 years prior to the survey. Thinning events close to the survey hence seemed to decrease the model’s 355 

performance. Two possible explanations for this observation are: (i) the documented thinnings might not 356 

have taken place in or close to the plot, and (ii) the experts who completed the TPM might have wrong 357 

expectations about the effect of thinnings on light levels. The experts generally assumed thinnings to 358 

increase light levels, but a recent study showed that light levels at the forest floor can be similar in forests 359 

with a dense vs. a more open canopy, due to a higher shrub density in the more open forests (Sercu et al., 360 

2017). 361 



  362 

Figure 4 Measure of model performance for the 29 plots of our case study, calculated as the predicted probability of the observed 363 
light transmittance state (at the 2015 survey) minus the baseline probability of that state (based on a uniform distribution). The 364 
more positive the value, the better the model predictions. The colours of the bars indicate the observed light transmittance state 365 
during the 2015 survey. 366 

Including uncertainty in the timing of thinning events in our model resulted in a more gradual change in 367 

predicted average light transmittance over time compared to the cyclic behaviour of light transmittance for 368 

thinning events with a certain timing (Figure 5).Yet, the general trend, i.e. an overall decrease in light 369 

transmittance over time, was similar for certain and uncertain land-use trajectories.  370 

 371 

 372 

Figure 5 Comparison between the results of a first-order Markov chain, with and without accounting for uncertainty in the land-use 373 
(LU) trajectory (see Table 2), for one plot from our case study (KO 775) and seven 10-year time steps during 1950-2020.  374 
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2.8. Step 8: application of model outcomes 375 
For the 29 plots of our case study, we have vegetation data from two surveys (the first survey in the 1950s, 376 

60s or 70s, depending on the region, and the second in 2015; see Appendix A). The survey data comprise an 377 

estimated cover (in %) for each species in three separate layers, i.e. tree layer (all trees taller than half of 378 

the height of the canopy trees), shrub layer (all woody plants taller than 1.3 m not included in the tree 379 

layer) and understorey (all plants smaller than 1.3 m). We have data on light transmittance for the 2015 380 

survey, measured with a spherical densiometer, and derived estimates of light transmittance for the first 381 

survey through the relationship between the light transmittance and tree and shrub cover data of the 382 

second survey (see Appendix F). We included the light transmittance data of both time steps (the two 383 

survey times) as evidence in our model to calculate a time series of mean expected light transmittance for 384 

each plot. We expect that including evidence will make the model results more informative, but we cannot 385 

quantify this effect, as there is no validation data available. We did not include uncertainty in the land-use 386 

trajectory to obtain the estimated light transmittance over time. We used the obtained time series, 387 

combined with the vegetation data from the 2015 survey, to assess the importance of past light levels on 388 

the current understorey community composition.  389 

The data from the two surveys provide light transmittance values at two time points, as well as an 390 

estimation for light transmittance values in between both surveys, given we assume linear dynamics (Figure 391 

6a). Our framework, however, allows uncovering the light transmittance in between surveys, 392 

demonstrating that two plots with very similar light levels during both surveys may have experienced 393 

completely different light regimes in between surveys (Figure 6b). 394 

We used a simple linear model to explore the importance of past light levels for understorey community 395 

composition. The response variable was the proportion of typical forest species (i.e. species found mainly in 396 

closed forest, as defined for the lowlands of the Czech Republic, cf. Heinken, unpublished results) in the 397 

understorey community (all plants smaller than 1.3 m height, including tree species) in the 2015 survey. 398 

The explanatory variables were the cumulative light transmittance, i.e. the area under the curve of 399 

estimated light transmittance over time (Figure 6c), for 10 and 60 years prior to the 2015 survey. As 400 



covariates, we included the total number of species present in 2015 and the region (i.e. Koda Wood, 401 

Zvolen, or Slovak Karst – see section 2) of a plot.  402 

 403 

Figure 6 Graphical illustration of the added value of our framework for a resurvey study, using 3 of our 29 study plots. Light 404 
transmittance values are only available at the two survey times. (a) Light transmittance between both surveys can be estimated 405 
through linear interpolation. (b) Using our framework, light transmittance in between surveys can be estimated, demonstrating that 406 
two plots with similar light levels for both surveys may have experienced completely different light regimes between the surveys. (c) 407 
The projected time series of light transmittance can be used to calculate, for example, the cumulative light transmittance over the 408 
40 years before a survey.  409 

We found that the cumulative light transmittance over a period of 60 years prior to the survey was a better 410 

predictor of the proportion of typical forest species in a plot’s understorey community (p = 0.07), compared 411 

to the cumulative light transmittance of the recent past (i.e. 10 years prior to the survey) (p = 0.16) (Figure 412 

7). This suggests that the current understorey composition is better explained by cumulative light levels 413 

over the past 60 years than by the more recently prevailing light levels. Study plots with a higher number of 414 

species in the understorey had a lower proportion of typical forest species, and the plots in Zvolen had a 415 

lower proportion of typical forest species than in the other two regions. The model explains 43 % of the 416 

variation in the proportion of typical forest species (R² = 0.43); an acceptable R²-value for ecological 417 

processes. Our findings suggest that management legacies are present in forest understoreys and are in 418 

accordance with Thomas et al. (1999) and Dölle and Schmidt (2009), who found that the light-vegetation 419 

relationship might be better explained by past light regimes than by current light conditions because of the 420 

slowness of plant community changes. Note that our findings are limited by (i) the small sample size and (ii) 421 

possible correlation structures among plots in each region that are not accounted for in our simple analysis. 422 

All analyses were performed in R 3.3.2 (R Core Team, 2017).  423 



 424 

Figure 7 Effect sizes of cumulative light transmittance (LT) over the past 10 and 60 years prior to the survey for the proportion of 425 
typical forest species in the total species pool. Significant effects are indicated with ‘*’ (p<0.10). The effect sizes of the covariates 426 
‘total species number’ and ‘region’ are also shown. 427 

3. Discussion 428 

We proposed a framework based on the hypothesis that past land use affects current ecosystem properties 429 

through its impact on past values of driving variables (Figure 1). We used our framework to model the 430 

temporal dynamics of one such driving variable (i.e. light transmittance) based on land-use history data, to 431 

look for effects of past land use on current understorey composition in temperate forests. To more 432 

thoroughly estimate the past resources and conditions of an ecosystem, the modelling could be repeated 433 

for other driving variables relevant for the particular study system. 434 

3.1. Strengths of the framework 435 
The strength of the framework is its applicability to different types of ecological processes and ecosystems, 436 

while previously developed indices or classification schemes for quantifying land-use legacies were only 437 

applicable to specific ecosystems, such as forests (e.g. Schall and Ammer 2013; Kahl and Bauhus 2014), 438 

grasslands (e.g. Blüthgen et al., 2012), or agricultural fields (e.g. Dietrich et al., 2012). The modelling 439 

framework of Ogle et al. (2015) for quantifying ecological memory is also applicable in different 440 

ecosystems, but has the disadvantage of requiring long continuous time series. When such long-term data 441 

R² = 0.43 



are unavailable or incomplete, which is often the case, our framework offers the opportunity to derive time 442 

series of biologically meaningful driving variables from uncertain or incomplete land-use data.  443 

Markov chains offer the advantage that they can handle low-quality land-use data with high uncertainties 444 

since both hard evidence (100% certainty about the land use at a certain time point, e.g. based on 445 

photographs) and soft evidence (probabilistic information about the land use at a certain time point, e.g. 446 

based on expert information) can be inserted (Jensen and Nielsen, 2007). The general applicability of the 447 

proposed framework is further improved by allowing the user to adjust the order of the Markov chain, 448 

depending on the expected extent of influences of the past. For our case study, where we model light 449 

transmittance over time for a given land-use trajectory, we found very small influences of the second-order 450 

term of the Markov chain (based on the Transition Probability Matrix (TPM)), suggesting that light 451 

transmittance at the forest floor mainly depended on more recent management events.  452 

3.2. Opportunities for improving model performance 453 
The poor model performance that we observed for some of the plots in our case study can have several 454 

reasons. We believe the most important reason is the high uncertainty of the data on past land use. As the 455 

exact timing of management interventions was often unknown, especially at the plot level, we can’t expect 456 

to be able to accurately predict light transmittance values at a specific point in time. In addition, the 457 

resolution of the Markov chain in the application (i.e. time intervals of 10 years) might be too low to 458 

capture small fluctuations in light availability that might have had an impact on the understorey. However, 459 

when the aim of the model is to derive general trends in the dynamics of a driving variable, such as 460 

cumulative light availability, this bias can be considered less problematic. We illustrated this with one of the 461 

plots from our case study (Figure 5), where similar general trends were predicted with and without 462 

accounting for uncertainty in the land-use trajectory.  463 

Another potential weakness of the framework is the strong dependence of the model output on the quality 464 

of the Transition Probability Matrix (TPM), which depends on the knowledge of the consulted experts. 465 

However, the TPM might be improved by including literature data and data-learning techniques to estimate 466 

the conditional probabilities. The latter, however, requires extensive long-term data, which are often not 467 

available. Providing experts with clear guidelines and background information on the investigated process 468 



and boundary conditions is key for obtaining high-quality TPMs. In addition, when multiple experts have 469 

provided a TPM, running the model with each separate TPM instead of the (weighted) average TPM can 470 

provide information on the dependency of the model results on the TPM, and can reveal how some TPMs 471 

better fit the data (assuming qualitative validation data is available) than others and should therefore be 472 

given more weight in the final TPM. 473 

Finally, information loss through strong simplifications due to the discrete nature of Markov chains can 474 

decrease model performance. There is a trade-off between accuracy and complexity, as an increase in the 475 

number of states will also increase the number of rows of the TPM. By using ecologically relevant 476 

thresholds, information loss through discretization can be minimized.  477 

To deal with the abovementioned issues, a lot can be learned from recent advances in the field of Bayesian 478 

belief network modelling, a modelling technique that also works with discrete variables and an identical 479 

probabilistic knowledge base that is often derived from a combination of literature data, field data and 480 

expert knowledge (see, for example, Murphy (2002)). Within this field, expert knowledge elicitation 481 

techniques (e.g. Kuhnert et al., 2010; Pollino et al., 2007), and data assimilation techniques (e.g. Chen and 482 

Pollino, 2012; Marcot et al., 2006) to combine different data sources have been developed and optimized. 483 

Marcot (2012) suggests that Bayesian belief networks may best be developed stepwise, starting from a less 484 

ambitious model based on expert knowledge, testing and calibrating the model, updating the structure of 485 

the model and retesting it until a satisfying performance is reached. In this paper, we used Markov chains, 486 

which are related to Bayesian belief networks and also offer the flexibility to update the model with 487 

auxiliary variables, such as the land-use variable in Figure 2. They can easily be extended even further, 488 

depending on the complexity of the ecological processes that are studied. For example, if next to land use, 489 

other variables influence the state of the driving variable, these can be added to the chain as well, and 490 

model performance can be tested again. Of course, this will only work if we have temporal data on this 491 

additional auxiliary variable and if the relation between this variable and the driving variable can be 492 

quantified through experts or data. Besides, the improvement of model performance can only be tested 493 

when qualitative validation data is available. 494 



3.3. Applicability of the framework 495 
With our framework, we are able to predict time trends of driving variables of ecological processes and 496 

properties, for a given land-use history. We believe this is a key step leading to further investigation of how 497 

past land use affects current ecosystems. Long time series of measured past resources and conditions are 498 

often not available. With the time trends we model, we can reveal some of the likely past behaviour of 499 

these resources and conditions (cf. Figure 6), allowing us to detect why systems with seemingly similar 500 

contemporary resources and conditions can display different properties. In our case study, we derived past 501 

light dynamics to assess how current herb layer communities are (partially) shaped by past light availability, 502 

and revealed why forest plots with similar current light conditions have different herb layer communities. 503 

Several other drivers, such as soil pH, nutrient availability and soil moisture content also affect herb layer 504 

communities (Klanderud et al., 2015). It would therefore be interesting to apply the proposed framework 505 

on the other important driving variables, which might be influenced by other land-use variables. It may not 506 

always be feasible to determine all driving variables of an ecological process, but gaining insight into the 507 

dynamics of a subset of the driving variables will already improve our understanding of the process and its 508 

dependence on past land use. 509 

We hope our framework will provide an opportunity for further studies on how past ecosystem properties 510 

(i.e. past levels of resources and conditions), controlled by past land use, are affecting contemporary 511 

ecological properties and patterns. The modelling approach can easily be translated to different driving 512 

variables and different land-use variables and can be extended or adapted depending on the complexity of 513 

the study system. We therefore believe the proposed approach is widely applicable in studies where 514 

researchers have (some) data on past land use and want to take those into account to achieve a better 515 

understanding and better predictions of the contemporary or future ecological state. 516 



4. Acknowledgements 517 

We thank the European Research Council (ERC Consolidator grant no. 614839: PASTFORWARD) for funding 518 

the scientific research and fieldwork. DL was supported by a postdoctoral fellowship of the Research 519 

Foundation-Flanders (FWO). MK was supported by institutional support RVO 67985939. FM was supported 520 

by APVV-15-0270 and APVV-15-0176. We thank Martin Macek and Karol Ujházy for assisting us with the 521 

relocation of the plots and the determination of plant species. We also thank Robbe De Beelde, Sanne 522 

Govaert and Bram Bauwens for their support with the fieldwork, and Emiel De Lombaerde and Pieter 523 

Vangansbeke for their input on the data analysis. We thank three anonymous reviewers and the Editor, 524 

Christine Fürst, for their constructive comments that improved and clarified the manuscript. 525 

 526 

5. References 527 
Aguilera, P.A., Fernández, A., Fernández, R., Rumí, R., Salmerón, A., 2011. Bayesian networks in 528 

environmental modelling. Environ. Model. Softw. 26, 1376–1388. 529 

https://doi.org/10.1016/j.envsoft.2011.06.004 530 

Baeten, L., Bauwens, B., De Schrijver, A., De Keersmaeker, L., Van Calster, H., Vandekerkhove, K., Roelandt, 531 

B., Beeckman, H., Verheyen, K., 2009. Herb layer changes (1954–2000) related to the conversion of 532 

coppice-with-standards forest and soil acidification. Appl. Veg. Sci. 12, 187–197. 533 

Balandier, P., Marquier, A., Dumas, Y., Gaudio, N., Philippe, G., D, D.S., Adam, B., Ginisty, C., Sinoquet, H., 534 

2009. Light sharing among different forest strata for sustainable management of vegetation and 535 

regeneration. For. Achiev. Millenn. goals 81–86. 536 

Balzter, H., 2000. Markov Chain Models for Vegetation Dynamics. Ecol. Modell. 126, 139–154. 537 

Barron-Gafford, G.A., Cable, J.M., Bentley, L.P., Scott, R.L., Huxman, T.E., Jenerette, G.D., Ogle, K., 2014. 538 

Quantifying the timescales over which exogenous and endogenous conditions affect soil respiration. 539 

New Phytol. 202, 442–454. https://doi.org/10.1111/nph.12675 540 

BayesFusion, L., 2017. GeNIe Modeler: User manual. 541 

Blüthgen, N., Dormann, C.F., Prati, D., Klaus, V.H., Kleinebecker, T., Hölzel, N., Alt, F., Boch, S., Gockel, S., 542 



Hemp, A., Müller, J., Nieschulze, J., Renner, S.C., Schöning, I., Schumacher, U., Socher, S.A., Wells, K., 543 

Birkhofer, K., Buscot, F., Oelmann, Y., Rothenwöhrer, C., Scherber, C., Tscharntke, T., Weiner, C.N., 544 

Fischer, M., Kalko, E.K.V., Linsenmair, K.E., Schulze, E.-D., Weisser, W.W., 2012. A quantitative index of 545 

land-use intensity in grasslands: Integrating mowing, grazing and fertilization. Basic Appl. Ecol. 13, 546 

207–220. https://doi.org/10.1016/j.baae.2012.04.001 547 

Bürgi, M., Östlund, L., Mladenoff, D.J., 2017. Legacy Effects of Human Land Use : Ecosystems as Time-548 

Lagged Systems. Ecosystems 20, 94–103. https://doi.org/10.1007/s10021-016-0051-6 549 

Cable, J.M., Ogle, K., Barron-Gafford, G.A., Bentley, L.P., Cable, W.L., Scott, R.L., Williams, D.G., Huxman, 550 

T.E., 2013. Antecedent Conditions Influence Soil Respiration Differences in Shrub and Grass Patches. 551 

Ecosystems 16, 1230–1247. https://doi.org/10.1007/s10021-013-9679-7 552 

Carpinone, A., Giorgio, M., Langella, R., Testa, A., 2015. Markov chain modeling for very-short-term wind 553 

power forecasting. Electr. Power Syst. Res. 122, 152–158. 554 

Chen, S.H., Pollino, C.A., 2012. Good practice in Bayesian network modelling. Environ. Model. Softw. 37, 555 

134–145. https://doi.org/10.1016/j.envsoft.2012.03.012 556 

De Cáceres, M., Brotons, L., Aquilué, N., Fortin, M.J., 2013. The combined effects of land-use legacies and 557 

novel fire regimes on bird distributions in the Mediterranean. J. Biogeogr. 40, 1535–1547. 558 

https://doi.org/10.1111/jbi.12111 559 

De Frenne, P., Baeten, L., Graae, B.J., Brunet, J., Wulf, M., Orczewska, A., Kolb, A., Jansen, I., Jamoneau, A., 560 

Jacquemyn, H., Hermy, M., Diekmann, M., De Schrijver, A., De Sanctis, M., Decocq, G., Cousins, S.A.O., 561 

Verheyen, K., 2011. Interregional variation in the floristic recovery of post-agricultural forests. J. Ecol. 562 

99, 600–609. https://doi.org/10.1111/j.1365-2745.2010.01768.x 563 

De Keersmaeker, L., Martens, L., Verheyen, K., Hermy, M., De Schrijver, A., Lust, N., 2004. Impact of soil 564 

fertility and isolation on diversity of herbaceous woodland species colonizing afforestations in Muizen 565 

Forest, Belgium. For. Ecol. Manage. 188, 291–304. 566 

den Ouden, J., Muys, B., Mohren, F., Verheyen, K., 2010. Bosecologie en bosbeheer. Acco. 567 



Dietrich, J.P., Schmitz, C., Müller, C., Fader, M., Lotze-Campen, H., Popp, A., 2012. Measuring agricultural 568 

land-use intensity - A global analysis using a model-assisted approach. Ecol. Modell. 232, 109–118. 569 

https://doi.org/10.1016/j.ecolmodel.2012.03.002 570 

Dlamini, W.M., 2010. A Bayesian belief network analysis of factors influencing wildfire occurrence in 571 

Swaziland. Environ. Model. Softw. 25, 199–208. https://doi.org/10.1016/j.envsoft.2009.08.002 572 

Dölle, M., Schmidt, W., 2009. Impact of tree species on nutrient and light availability: evidence from a 573 

permanent plot study of old-field succession. Plant Ecol. 203, 273–287. 574 

https://doi.org/10.1007/s11258-008-9547-2 575 

Druzdzel, M.J., 1999. SMILE : Structural Modeling, Inference, and Learning Engine and GeNIe: A 576 

Development Environment for Graphical Decision-Theoretic Models, in: Proceedings of the Sixteenth 577 

National Conference on Artificial Intelligence (AAAI-99). pp. 342–343. 578 

Dupouey, J.L., Dambrine, E., Laffite, J.D., Moares, C., 2002. Irreversible impact of past land use on forest 579 

soils and biodiversity. Ecology 83, 2978–2984. https://doi.org/10.2307/3071833 580 

Essl, F., Dullinger, S., Rabitsch, W., Hulme, P.E., Pyšek, P., Wilson, J.R.U., Richardson, D.M., 2015. Historical 581 

legacies accumulate to shape future biodiversity in an era of rapid global change. Divers. Distrib. 21, 582 

534–547. https://doi.org/10.1111/ddi.12312 583 

Flinn, K.M., Marks, P.L., 2007. Agricultural legacies in forest environments: Tree communities, soil 584 

properties, and light availability. Ecol. Appl. 17, 452–463. https://doi.org/10.1890/05-1963 585 

Forestry Suppliers, 2008. Using Forest Densiometers. 586 

Foster, D.R., Swanson, F., Aber, J., Burke, I., Brokaw, N., Tilman, D., Knapp, A., 2003. The importance of 587 

land-use legacies to ecology and conservation. Bioscience 53, 77–88. https://doi.org/10.1641/0006-588 

3568(2003)053[0077:TIOLUL]2.0.CO;2 589 

Genc, O., Dag, A., 2016. A Bayesian network-based data analytical approach to predict velocity distribution 590 

in small streams. J. Hydroinformatics 18, 466–480. https://doi.org/10.2166/hydro.2015.110 591 



Golroo, A., Ph, D., Eng, P., Tighe, S.L., 2012. Development of Pervious Concrete Pavement Performance 592 

Models Using Expert Opinions 138, 634–648. https://doi.org/10.1061/(ASCE)TE.1943-5436.0000356. 593 

Hahn, P.G., Orrock, J.L., 2015. Land-use history alters contemporary insect herbivore community 594 

composition and decouples plant-herbivore relationships. J. Anim. Ecol. 84, 745–754. 595 

https://doi.org/10.1111/1365-2656.12311 596 

Harding, J.S., Benfield, E.F., Bolstad, P. V, Helfman, G.S., Jones, E.B.D., 1998. Stream biodiversity: the ghost 597 

of land use past. Proc. Natl. Acad. Sci. U. S. A. 95, 14843–14847. 598 

https://doi.org/10.1073/pnas.95.25.14843 599 

Hawkins, T.W., Ellis, A.W., 2010. The dependence of streamflow on antecedent subsurface moisture in an 600 

arid climate. J. Arid Environ. 74, 75–86. https://doi.org/10.1016/j.jaridenv.2009.07.003 601 

Hédl, R., Kopecký, M., Komárek, J., 2010. Half a century of succession in a temperate oakwood: from 602 

species-rich community to mesic forest. Divers. Distrib. 16, 267–276. https://doi.org/10.1111/j.1472-603 

4642.2010.00637.x 604 

Horn, H.S., 1975. Markovian properties of forest successions., in: Cody, M.L., Diamond, J.M. (Eds.), Ecology 605 

and Evolution of Communities. Belknap press, pp. 196–211. 606 

Hugin, 2008. Hugin Researcher, Version 6.9: User’s Guide. Hugin Expert, Aalborg, Denmark. 607 

Jensen, F.V., Nielsen, T.D., 2007. Bayesian Networks and Decision Graphs, 2nd ed. Springer Science + 608 

Business Media, LLC. 609 

Kahl, T., Bauhus, J., 2014. An index of forest management intensity based on assessment of harvested tree 610 

volume, tree species composition and dead wood origin. Nat. Conserv. 7, 15–27. 611 

https://doi.org/10.3897/natureconservation.7.7281 612 

Kerr, G., Haufe, J., 2011. Thinning Practice - A Silvicultural Guide. 613 

Klanderud, K., Vandvik, V., Goldberg, D., 2015. The Importance of Biotic vs. Abiotic Drivers of Local Plant 614 

Community Composition Along Regional Bioclimatic Gradients. PLoS One 10, 1–14. 615 



https://doi.org/10.1371/journal.pone.0130205 616 

Koerner, W., Dupouey, J.L., Dambrine, E., Benoit, M., 1997. Influence of past land use on the vegetation and 617 

soils of present day forest in the Vosges mountains, France. J. Ecol. 85, 351–358. 618 

Kopecký, M., Hédl, R., Szabó, P., 2013. Non-random extinctions dominate plant community changes in 619 

abandoned coppices. J. Appl. Ecol. 50, 79–87. https://doi.org/10.1111/1365-2664.12010 620 

Kopecký, M., Vojta, J., 2009. Land use legacies in post-agricultural forests in the Doupovské Mountains , 621 

Czech Republic. Appl. Veg. Sci. 12, 251–260. 622 

Kuhnert, P.M., Martin, T.G., Griffiths, S.P., 2010. A guide to eliciting and using expert knowledge in Bayesian 623 

ecological models. Ecol. Lett. 13, 900–914. https://doi.org/10.1111/j.1461-0248.2010.01477.x 624 

Kwiatkowska, M., Normann, G., Parker, D., 2011. PRISM 4.0: Verification of Embedded Real-time Systems, 625 

in: 23rd International Conference on Computer Aided Verification (CAV’11). Springer, pp. 585–591. 626 

https://doi.org/10.1007/978-3-658-09994-7_1 627 

Landuyt, D., Broekx, S., D ’hondt, R., Engelen, G., Aertsens, J., Goethals, P.L.M., 2013. A review of Bayesian 628 

belief networks in ecosystem service modelling. Environ. Model. Softw. 46, 1–11. 629 

https://doi.org/10.1016/j.envsoft.2013.03.011 630 

Lemmon, P.E., 1957. A New Instrument for Measuring Forest Overstory Density. J. For. 55, 667–668. 631 

Leuning, R., Cleugh, H.A., Zegelin, S.J., Hughes, D., 2005. Carbon and water fluxes over a temperate 632 

Eucalyptus forest and a tropical wet/dry savanna in Australia: Measurements and comparison with 633 

MODIS remote sensing estimates. Agric. For. Meteorol. 129, 151–173. 634 

https://doi.org/10.1016/j.agrformet.2004.12.004 635 

Logofet, D.O., Lesnaya, E. V, 2000. The mathematics of Markov models : what Markov chains can really 636 

predict in forest successions. Ecol. Modell. 126, 285–298. 637 

Lunt, I.D., Spooner, P.G., 2005. Using historical ecology to understand patterns of biodiversity in 638 

fragmented agricultural landscapes. J. Biogeogr. 32, 1859–1873. https://doi.org/10.1111/j.1365-639 



2699.2005.01296.x 640 

Luyssaert, S., Hessenmöller, D., Von Lüpke, N., Kaiser, S., Schulze, E.D., 2011. Quantifying land use and 641 

disturbance intensity in forestry, based on the self-thinning relationship. Ecol. Appl. 21, 3272–3284. 642 

https://doi.org/10.1890/10-2395.1 643 

Máliš, F., Kopecký, M., Petřík, P., Vladovič, J., Merganič, J., Vida, T., 2016. Life-stage, not climate change, 644 

explains observed tree range shifts. Glob. Chang. Biol. 22, 1904–1914. 645 

https://doi.org/10.1111/gcb.13210.Life-stage 646 

Marcot, B.G., 2012. Metrics for evaluating performance and uncertainty of Bayesian network models. Ecol. 647 

Modell. 230, 50–62. https://doi.org/10.1016/j.ecolmodel.2012.01.013 648 

Marcot, B.G., Steventon, J.D., Sutherland, G.D., Mccann, R.K., 2006. Guidelines for developing and updating 649 

Bayesian belief networks applied to ecological modeling and conservation. Can. J. For. Res. 36, 3063–650 

3074. https://doi.org/10.1139/X06-135 651 

McGrath, M.J., Luyssaert, S., Meyfroidt, P., Kaplan, J.O., Bürgi, M., Chen, Y., Erb, K., Gimmi, U., McInerney, 652 

D., Naudts, K., Otto, J., Pasztor, F., Ryder, J., Schelhaas, M.J., Valade, A., 2015. Reconstructing 653 

European forest management from 1600 to 2010. Biogeosciences 12, 4291–4316. 654 

https://doi.org/10.5194/bg-12-4291-2015 655 

Moranz, R.A., Debinski, D.M., McGranahan, D.A., Engle, D.M., Miller, J.R., 2012. Untangling the effects of 656 

fire, grazing, and land-use legacies on grassland butterfly communities. Biodivers. Conserv. 21, 2719–657 

2746. https://doi.org/10.1007/s10531-012-0330-2 658 

Murphy, K.P., 2002. Dynamic Bayesian Networks: Representation, Inference and Learning. 659 

Norsys, 1998. Netica Application User’s Guide. Norsys Software Corporation, Vancouver, BC. 660 

Oesterheld, Martín, Loreti, J., Semmartin, María, Sala, O.E., Oesterheld, Martin, Semmartin, Maria, 2001. 661 

Inter-Annual Variation in Primary Production of a Semi-Arid Grassland Related to Previous-Year 662 

Production. J. Veg. Sci. 12, 137–142. https://doi.org/10.2307/3236681 663 



Ogle, K., Barber, J.J., Barron-Gafford, G.A., Bentley, L.P., Young, J.M., Huxman, T.E., Loik, M.E., Tissue, D.T., 664 

2015. Quantifying ecological memory in plant and ecosystem processes. Ecol. Lett. 18, 221–235. 665 

https://doi.org/10.1111/ele.12399 666 

Padisák, J., 1992. Seasonal Succession of Phytoplankton in a Large Shallow Lake ( Balaton , Hungary ) --A 667 

Dynamic Approach to Ecological Memory , Its Possible Role and Mechanisms. J. Ecol. 80, 217–230. 668 

Parker, W.C., 2014. The relationship of stand structure with canopy transmittance : Simple models and 669 

practical methods for managing understory light conditions in eastern white pine ( Pinus strobus L .) -670 

dominated forests. For. Chron. 90, 489–497. 671 

Perring, M.P., Bernhardt-Römermann, M., Baeten, L., Midolo, G., Blondeel, H., Depauw, L., Landuyt, D., 672 

Maes, S.L., De Lombaerde, E., Carón, M.M., Vellend, M., Brunet, J., Chudomelová, M., Decocq, G., 673 

Diekmann, M., Dirnböck, T., Dörfler, I., Durak, T., De Frenne, P., Gilliam, F.S., Hédl, R., Heinken, T., 674 

Hommel, P., Jaroszewicz, B., Kirby, K.J., Kopecký, M., Lenoir, J., Li, D., Máliš, F., Mitchell, F.J.G., Naaf, 675 

T., Newman, M., Petřík, P., Reczyńska, K., Schmidt, W., Standovár, T., Świerkosz, K., Van Calster, H., 676 

Vild, O., Wagner, E.R., Wulf, M., Verheyen, K., 2018. Global environmental change effects on plant 677 

community composition trajectories depend upon management legacies. Glob. Chang. Biol. 24, 1722–678 

1740. https://doi.org/10.1111/gcb.14030 679 

Perring, M.P., De Frenne, P., Baeten, L., Maes, S.L., Depauw, L., Blondeel, H., Carón, M.M., Verheyen, K., 680 

2016. Global environmental change effects on ecosystems: The importance of land-use legacies. Glob. 681 

Chang. Biol. 22, 1361–1371. https://doi.org/10.1111/gcb.13146 682 

Peterken, G.F., Game, M., 1984. Historical factors affecting the number and distribution of vascular plant 683 

species in the woodlands of central Lincolnshire. J. Ecol. 72, 155–182. https://doi.org/10.1111/j.1365-684 

2664.2005.01116.x 685 

Peterson, G.D., 2002. Contagious disturbance, ecological memory, and the emergence of landscape 686 

pattern. Ecosystems 5, 329–338. 687 

Pollino, C.A., Woodberry, O., Nicholson, A., Korb, K., Hart, B.T., 2007. Parameterisation and evaluation of a 688 



Bayesian network for use in an ecological risk assessment. Environ. Model. Softw. 22, 1140–1152. 689 

https://doi.org/10.1016/j.envsoft.2006.03.006 690 

R Core Team, 2017. R: A language and environment for statistical computing. R Foundation for Statistical 691 

Computing, Vienna, Austria. URL https://www.R-project.org/. 692 

Sala, O.E., Gherardi, L. a, Reichmann, L., Jobbágy, E., Peters, D., 2012. Legacies of precipitation fluctuations 693 

on primary production: theory and data synthesis. Philos. Trans. R. Soc. B 367, 3135–3144. 694 

https://doi.org/10.1098/rstb.2011.0347 695 

Schaefer, V., 2009. Alien Invasions , Ecological Restoration in Cities and the Loss of Ecological Memory 17, 696 

171–176. https://doi.org/10.1111/j.1526-100X.2008.00513.x 697 

Schall, P., Ammer, C., 2013. How to quantify forest management intensity in Central European forests. Eur. 698 

J. For. Res. 132, 379–396. https://doi.org/10.1007/s10342-013-0681-6 699 

Sercu, B.K., Baeten, L., van Coillie, F., Martel, A., Lens, L., Verheyen, K., Bonte, D., 2017. How tree species 700 

identity and diversity affect light transmittance to the understory in mature temperate forests. Ecol. 701 

Evol. 7, 10861–10870. https://doi.org/10.1002/ece3.3528 702 

Shamshad, A., Bawadi, M.A., Wan Hussin, W.M.A., Majid, T.A., Sanusi, S.A.M., 2005. First and second order 703 

Markov chain models for synthetic generation of wind speed time series. Energy 30, 693–708. 704 

https://doi.org/10.1016/j.energy.2004.05.026 705 

Smith, C.S., Howes, A.L., Price, B., McAlpine, C.A., 2007. Using a Bayesian belief network to predict suitable 706 

habitat of an endangered mammal – The Julia Creek dunnart (Sminthopsis douglasi). Biol. Conserv. 707 

139, 333–347. https://doi.org/10.1016/j.biocon.2007.06.025 708 

Spedicato, G.A., 2017. Discrete Time Markov Chains with R. R J. 9/2, 84–104. 709 

https://doi.org/10.1002/9781118477793.ch5 710 

Stewart, W.J., 1996. Marca: Markov Chain Analyzer - A Software Package for Markov Modelling Version 3.0. 711 

Sun, Z., Ren, H., Schaefer, V., Lu, H., Wang, J., Li, L., Liu, N., 2013. Quantifying ecological memory during 712 



forest succession: A case study from lower subtropical forest ecosystems in South China. Ecol. Indic. 713 

34, 192–203. https://doi.org/10.1016/j.ecolind.2013.05.010 714 

Theijssen, D., ten Bosch, L., Boves, L., Cranen, B., van Halteren, H., 2013. Choosing alternatives: Using 715 

Bayesian Networks and memory-based learning to study the dative alternation. Corpus Linguist. 716 

Linguist. Theory 9, 227–262. https://doi.org/10.1515/cllt-2013-0007 717 

Thomaes, A., 2014. Tree species effects on herb layer development in post-agricultural forests. PhD thesis. 718 

Thomaes, A., De Keersmaeker, L., De Schrijver, A., Baeten, L., Vandekerkhove, K., Verstraeten, G., 719 

Verheyen, K., 2013. Can soil acidity and light help to explain tree species effects on forest herb layer 720 

performance in post-agricultural forests? Plant Soil 373, 183–199. https://doi.org/10.1007/s11104-721 

013-1786-x 722 

Thomaes, A., De Keersmaeker, L., Verschelde, P., Vandekerkhove, K., Verheyen, K., 2014. Tree species 723 

determine the colonisation success of forest herbs in post-agricultural forests: Results from a 9 yr 724 

introduction experiment. Biol. Conserv. 169, 238–247. https://doi.org/10.1016/j.biocon.2013.10.024 725 

Thomas, S.C., Halpern, C.B., Falk, D.A., Liguori, D.A., Austin, K.A., 1999. Plant diversity in managed forests: 726 

understory responses to thinning and fertilization. Ecol. Appl. 9, 864–879. 727 

https://doi.org/10.7326/0003-4819-136-9-200205070-00007 728 

Tinya, F., Ódor, P., 2016. Congruence of the spatial pattern of light and understory vegetation in an old-729 

growth, temperate mixed forest. For. Ecol. Manage. 381, 84–92. 730 

https://doi.org/10.1016/j.foreco.2016.09.027 731 

Ujházy, K., Hederová, L., Máliš, F., Ujházyová, M., Bosela, M., Čiliak, M., 2017. Overstorey dynamics controls 732 

plant diversity in age-class temperate forests. For. Ecol. Manage. 391, 96–105. 733 

https://doi.org/10.1016/j.foreco.2017.02.010 734 

Usher, M., 1981. Modelling ecological succession , with particular reference to Markovian models. Plant 735 

Ecol. 46, 11–18. https://doi.org/10.1007/BF00118380 736 



Usher, M.B., 1979. Markovian Approaches to Ecological Succession. Journal 48, 413–426. 737 

Van Calster, H., Baeten, L., Verheyen, K., De Keersmaeker, L., Dekeyser, S., Rogister, J.E., Hermy, M., 2008. 738 

Diverging effects of overstorey conversion scenarios on the understorey vegetation in a former 739 

coppice-with-standards forest. For. Ecol. Manage. 256, 519–528. 740 

https://doi.org/10.1016/j.foreco.2008.04.042 741 

  742 



Box 1: Theoretical background of Markov chains 743 

Markov chains are graphical, multivariate, statistical models, representing dynamic systems wherein 744 
variables can go from one state to another over time, with a transition probability that depends on 745 
preceding conditions (see Figure 1 box 1). A Markov chain consists of nodes, representing the system’s 746 
variables, and arrows, representing the causal relations among these variables. Each variable is discrete 747 
and characterized by a set of states it can manifest (numerical values, discrete classes or qualitative levels) 748 
and a probability distribution that quantifies the probability of being in one of the states. If such a 749 
probability distribution depends on the state of another variable, it is referred to as a conditional 750 
probability, which quantifies the causal relation represented by an arrow. Through probabilistic inference, 751 
a Markov chain can infer the probability distribution for a given variable conditional on the state of the 752 
other variables in the model (Jensen and Nielsen, 2007). 753 

The order of a Markov chain (Figure 1 box 1) is the number of time steps in the past that influence the 754 
probability of the current state (Shamshad et al., 2005).  755 

 756 
Figure 1 box 1: In the first-order Markov chain (a), the state of X only depends on the state of X at the previous time step. In the 757 
second- and third-order Markov chains (b, c), the state of X depends on the state of X at the two and three previous time steps, 758 

respectively. 759 

Auxiliary variables can be added to Markov chains to model more complex processes with multiple 760 
variables. For example, in Figure 2 box 1, the state of the variable X at each time step depends on the state 761 
of X at the previous time step (first-order Markov chain), and on the state of the auxiliary variable Y at the 762 
current time step. 763 

 764 
Figure 2 box 1: First-order Markov chain with one auxiliary variable. The state of the variable X at each time step depends on the 765 

state of X at the previous time step, and on the state of the auxiliary variable Y at the current time step. 766 

The Transition Probability Matrix (TPM) is the core of a Markov chain, in which each element represents 767 
the probability that a variable is in a certain state, at a certain time step, given the state of the previous 768 
time step(s) (Golroo et al., 2012; Logofet and Lesnaya, 2000; Shamshad et al., 2005). 769 

Let X be a variable, possessing discrete states S (S={1,2,…,m}). In general, for a given sequence of time 770 
points 𝑡𝑡1 < 𝑡𝑡2 < ⋯ < 𝑡𝑡𝑛𝑛−1 < 𝑡𝑡𝑛𝑛, the conditional probability for X to be in a certain state at time 𝑡𝑡𝑛𝑛 is 771 
(Balzter, 2000; Logofet and Lesnaya, 2000; Shamshad et al., 2005): 772 

𝑃𝑃(𝑋𝑋𝑠𝑠(𝑡𝑡𝑛𝑛)|𝑋𝑋(𝑡𝑡1),𝑋𝑋(𝑡𝑡2), … ,𝑋𝑋(𝑡𝑡𝑛𝑛−1))    (1) 773 



In formula (1), 𝑋𝑋(𝑡𝑡𝑛𝑛) depends on the state of X at all previous time steps 𝑡𝑡1, … , 𝑡𝑡𝑛𝑛−1, representing a Markov 774 
chain of order 𝑛𝑛 − 1. Formulae (2) and (3) show the conditional probabilities for a first- and second-order 775 
Markov chain:  776 

𝑃𝑃(𝑋𝑋(𝑡𝑡𝑛𝑛)|𝑋𝑋(𝑡𝑡𝑛𝑛−1))     (2) 777 

𝑃𝑃(𝑋𝑋(𝑡𝑡𝑛𝑛)|𝑋𝑋(𝑡𝑡𝑛𝑛−2),𝑋𝑋(𝑡𝑡𝑛𝑛−1))      (3) 778 

These conditional probabilities make up the TPM. For m states, the first-order TPM takes the form 779 
(Shamshad et al., 2005): 780 

𝑇𝑇𝑃𝑃𝑀𝑀 = �

𝑝𝑝1,1 𝑝𝑝1,2
𝑝𝑝2,1 𝑝𝑝2,2

… 𝑝𝑝1,𝑚𝑚
… 𝑝𝑝2,𝑚𝑚

⋮ ⋮
𝑝𝑝𝑚𝑚,1 𝑝𝑝𝑚𝑚,2

𝑝𝑝𝑖𝑖,𝑗𝑗 ⋮
… 𝑝𝑝𝑚𝑚,𝑚𝑚

�     (4) 781 

with 𝑝𝑝𝑖𝑖,𝑗𝑗 the probability of state i, if the previous state was j. 782 

Similarly, the second-order TPM takes the form (Shamshad et al., 2005): 783 

𝑇𝑇𝑃𝑃𝑀𝑀 =
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⎥
⎥
⎥
⎥
⎥
⎥
⎤

     (5) 784 

with 𝑝𝑝𝑖𝑖,𝑗𝑗,𝑘𝑘 the probability of state i, if the states at the two previous time steps were (in chronological 785 
order) k and j.  786 

In Markov chain studies, a TPM is often derived from empirical evidence or machine learning (Balzter, 2000; 787 
Logofet and Lesnaya, 2000; Usher, 1981). However, transition probabilities can also be derived from expert 788 
knowledge (Aguilera et al., 2011), a particularly suitable approach when long-term data series are lacking 789 
(Golroo et al., 2012; Pollino et al., 2007). 790 

The strength of influence can be calculated for each arrow in a Markov chain based on the Transition 791 
Probability Matrix (TPM), and represents a measure for the extra information that is obtained by knowing 792 
the value of the parent (i.e. the node where the arrow starts from) (Theijssen et al., 2013). In other words, 793 
it quantifies how much the value of the parent node affects the value of the child node (i.e. the node where 794 
the arrow arrives). 795 

Belief updating is the process of inserting new information (evidence) on the status of one of the variables 796 
in a Markov chain. This will change the probability distribution of other variables in the network, and lower 797 
the uncertainty in the model output (Jensen and Nielsen, 2007). The process of inserting hard evidence into 798 
the network is called instantiation, and comprises assigning a 100% probability to one of the states of a 799 
variable. Soft evidence provides probabilistic information on the status of a variable (Jensen and Nielsen, 800 
2007).  801 



Appendix A: the 29 study plots 

 

Table A.1 The location, size and survey years of the 29 study plots 

Site ID Latitude Longitude Size First survey Second survey 

Koda Wood 

(Czech 

Republic) 

KO775 49.936408 14.096280 400 m² 1957 2015 

KO777 49.939641 14.093676 400 m² 1957 2015 

KO778 49.940555 14.098687 400 m² 1957 2015 

KO784 49.934512 14.100819 400 m² 1957 2015 

KO785 49.932949 14.107652 400 m² 1957 2015 

KO786 49.930361 14.104681 400 m² 1957 2015 

KO787 49.927881 14.103873 400 m² 1957 2015 

KO789 49.927086 14.106577 400 m² 1957 2015 

KO791 49.933729 14.117787 400 m² 1957 2015 

KO792 49.934928 14.120776 400 m² 1957 2015 

Slovak Karst 

(Slovakia) 

SKT26 48.612010 20.542656 500 m² 1975 2015 

SKR32 48.603473 20.579832 500 m² 1975 2015 

SKR35 48.606473 20.584043 500 m² 1975 2015 

SKT23 48.610453 20.535703 500 m² 1975 2015 

SKR20 48.611833 20.588566 500 m² 1975 2015 

SKT16 48.617928 20.537832 500 m² 1975 2015 

SKR26 48.611279 20.579970 500 m² 1975 2015 

SKR34 48.606714 20.579944 500 m² 1975 2015 

SKT22 48.607992 20.538759 500 m² 1975 2015 

Zvolen 

(Slovakia) 

ZVD29 48.642060 19.285881 500 m² 1963 2015 

ZVG26 48.626299 19.345731 500 m² 1964 2015 

ZVG24 48.617755 19.342796 500 m² 1964 2015 

ZVD14 48.627717 19.311616 500 m² 1963 2015 

ZVD33 48.629151 19.312970 500 m² 1963 2015 

ZVY7 48.639690 19.288793 500 m² 1963 2015 

ZVG25 48.623646 19.342791 500 m² 1964 2015 

ZVG62 48.626821 19.332363 500 m² 1964 2015 

ZVD31 48.624698 19.311915 500 m² 1963 2015 

ZVD16 48.636102 19.309211 500 m² 1963 2015 

 



Appendix B: weighted-average final TPMs 

 

The final TPM was calculated as the weighted average of the probability estimates provided by the six 
experts, using their provided confidence levels as a weighting factor: 

�̅�𝑥∗ = ∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖𝑁𝑁
𝑖𝑖=1
∑ 𝑤𝑤𝑖𝑖
𝑁𝑁
𝑖𝑖=1

  

with N the number of experts, wi the confidence levels and xi the probability estimates. 

The weighted standard deviation was calculated as: 

�
∑ 𝑤𝑤𝑖𝑖(𝑥𝑥𝑖𝑖 − �̅�𝑥∗)2𝑁𝑁
𝑖𝑖=1
𝑀𝑀 − 1
𝑀𝑀 ∑ 𝑤𝑤𝑖𝑖𝑁𝑁

𝑖𝑖=1

  

with �̅�𝑥∗ the weighted average and M the number of non-zero weights. 

 

Table B.1 Second-order TPM with the weighted average (± standard deviation) probabilities of the six experts 

  
Light 

transmittance 
at (t-1) 

Light 
transmittance at 

(t-2) 

Probability distribution for light transmittance at t 

Management 
action at t 

Strong 
shade 

Moderate 
shade 

Moderate 
light Strong light  

  (0-8%) (8-20%) (20-40%) (40-100%) 

Zero cut Strong shade Strong shade 0.90±0.00 0.10±0.00 0.00±0.00 0.00±0.00 
Zero cut Strong shade Moderate shade 0.88±0.04 0.12±0.04 0.00±0.00 0.00±0.00 
Zero cut Strong shade Moderate light  0.85±0.10 0.13±0.09 0.01±0.04 0.00±0.00 
Zero cut Strong shade Strong light 0.86±0.08 0.12±0.05 0.02±0.04 0.00±0.00 
Zero cut Moderate shade Strong shade 0.42±0.15 0.5±0.15 0.08±0.04 0.00±0.00 
Zero cut Moderate shade Moderate shade 0.37±0.11 0.53±0.11 0.10±0.00 0.00±0.00 
Zero cut Moderate shade Moderate light 0.43±0.13 0.47±0.13 0.10±0.00 0.00±0.00 
Zero cut Moderate shade Strong light 0.36±0.16 0.51±0.17 0.12±0.04 0.02±0.04 
Zero cut Moderate light Strong shade 0.15±0.09 0.5±0.18 0.28±0.19 0.07±0.08 
Zero cut Moderate light Moderate shade 0.19±0.24 0.41±0.15 0.34±0.17 0.07±0.05 
Zero cut Moderate light Moderate light 0.11±0.03 0.45±0.19 0.37±0.15 0.08±0.05 
Zero cut Moderate light Strong light 0.08±0.05 0.42±0.12 0.43±0.05 0.07±0.05 
Zero cut Strong light Strong shade 0.02±0.04 0.20±0.06 0.50±0.15 0.28±0.20 
Zero cut Strong light Moderate shade 0.00±0.00 0.12±0.10 0.55±0.19 0.32±0.15 
Zero cut Strong light Moderate light 0.00±0.00 0.15±0.05 0.54±0.16 0.32±0.14 
Zero cut Strong light Strong light 0.01±0.03 0.08±0.10 0.52±0.19 0.39±0.17 
Thinning Strong shade Strong shade 0.20±0.10 0.50±0.12 0.26±0.14 0.04±0.05 
Thinning Strong shade Moderate shade 0.18±0.11 0.50±0.12 0.28±0.14 0.04±0.05 
Thinning Strong shade Moderate light  0.22±0.11 0.50±0.12 0.24±0.16 0.04±0.05 
Thinning Strong shade Strong light 0.20±0.12 0.47±0.13 0.28±0.16 0.05±0.06 
Thinning Moderate shade Strong shade 0.05±0.05 0.39±0.25 0.46±0.18 0.11±0.11 
Thinning Moderate shade Moderate shade 0.05±0.05 0.41±0.25 0.44±0.19 0.10±0.11 
Thinning Moderate shade Moderate light 0.05±0.05 0.34±0.21 0.49±0.14 0.12±0.10 
Thinning Moderate shade Strong light 0.05±0.05 0.34±0.21 0.49±0.14 0.12±0.10 
Thinning Moderate light Strong shade 0.03±0.05 0.09±0.12 0.5±0.19 0.39±0.21 
Thinning Moderate light Moderate shade 0.03±0.05 0.12±0.17 0.48±0.18 0.37±0.22 



Thinning Moderate light Moderate light 0.01±0.04 0.12±0.17 0.50±0.18 0.37±0.22 
Thinning Moderate light Strong light 0.01±0.04 0.06±0.08 0.50±0.19 0.43±0.17 
Thinning Strong light Strong shade 0.00±0.00 0.01±0.04 0.06±0.09 0.93±0.12 
Thinning Strong light Moderate shade 0.00±0.00 0.02±0.07 0.09±0.18 0.88±0.24 
Thinning Strong light Moderate light 0.00±0.00 0.01±0.04 0.08±0.15 0.91±0.18 
Thinning Strong light Strong light 0.00±0.00 0.00±0.00 0.10±0.16 0.90±0.16 

Shelter cut Strong shade Strong shade 0.05±0.07 0.25±0.13 0.54±0.11 0.16±0.12 
Shelter cut Strong shade Moderate shade 0.03±0.07 0.26±0.13 0.54±0.11 0.17±0.13 
Shelter cut Strong shade Moderate light  0.03±0.07 0.26±0.13 0.55±0.11 0.16±0.12 
Shelter cut Strong shade Strong light 0.04±0.07 0.28±0.14 0.53±0.12 0.15±0.12 
Shelter cut Moderate shade Strong shade 0.00±0.00 0.13±0.14 0.64±0.13 0.23±0.14 
Shelter cut Moderate shade Moderate shade 0.00±0.00 0.13±0.14 0.64±0.13 0.23±0.14 
Shelter cut Moderate shade Moderate light 0.00±0.00 0.13±0.16 0.63±0.15 0.25±0.14 
Shelter cut Moderate shade Strong light 0.01±0.03 0.10±0.14 0.63±0.16 0.26±0.13 
Shelter cut Moderate light Strong shade 0.00±0.00 0.03±0.05 0.40±0.22 0.57±0.26 
Shelter cut Moderate light Moderate shade 0.00±0.00 0.03±0.05 0.40±0.22 0.57±0.26 
Shelter cut Moderate light Moderate light 0.00±0.00 0.03±0.05 0.43±0.26 0.54±0.30 
Shelter cut Moderate light Strong light 0.00±0.00 0.03±0.05 0.35±0.17 0.62±0.20 
Shelter cut Strong light Strong shade 0.00±0.00 0.00±0.00 0.12±0.21 0.88±0.21 
Shelter cut Strong light Moderate shade 0.00±0.00 0.01±0.04 0.08±0.16 0.91±0.19 
Shelter cut Strong light Moderate light 0.00±0.00 0.00±0.00 0.07±0.13 0.93±0.13 
Shelter cut Strong light Strong light 0.00±0.00 0.00±0.00 0.06±0.11 0.94±0.11 

Clear-cut Strong shade Strong shade 0.00±0.00 0.00±0.00 0.02±0.04 0.98±0.04 
Clear-cut Strong shade Moderate shade 0.00±0.00 0.00±0.00 0.02±0.04 0.98±0.04 
Clear-cut Strong shade Moderate light  0.00±0.00 0.00±0.00 0.02±0.04 0.98±0.04 
Clear-cut Strong shade Strong light 0.00±0.00 0.00±0.00 0.02±0.04 0.98±0.04 
Clear-cut Moderate shade Strong shade 0.00±0.00 0.02±0.06 0.06±0.16 0.92±0.22 
Clear-cut Moderate shade Moderate shade 0.00±0.00 0.02±0.06 0.06±0.16 0.92±0.22 
Clear-cut Moderate shade Moderate light 0.00±0.00 0.02±0.06 0.06±0.16 0.92±0.22 
Clear-cut Moderate shade Strong light 0.00±0.00 0.02±0.06 0.06±0.16 0.92±0.22 
Clear-cut Moderate light Strong shade 0.00±0.00 0.00±0.00 0.05±0.13 0.95±0.13 
Clear-cut Moderate light Moderate shade 0.00±0.00 0.00±0.00 0.05±0.13 0.95±0.13 
Clear-cut Moderate light Moderate light 0.00±0.00 0.00±0.00 0.05±0.13 0.95±0.13 
Clear-cut Moderate light Strong light 0.00±0.00 0.00±0.00 0.05±0.13 0.95±0.13 
Clear-cut Strong light Strong shade 0.00±0.00 0.00±0.00 0.01±0.04 0.99±0.04 
Clear-cut Strong light Moderate shade 0.00±0.00 0.00±0.00 0.01±0.04 0.99±0.04 
Clear-cut Strong light Moderate light 0.00±0.00 0.00±0.00 0.01±0.04 0.99±0.04 
Clear-cut Strong light Strong light 0.00±0.00 0.00±0.00 0.02±0.04 0.98±0.04 

 

Table B.2 First-order TPM, derived from the second-order TPM by marginalization, i.e. grouping scenarios with the same 
combination of light transmittance at t-1 and management at t (thus: only differing in the light transmittance at t-2) and calculating 
the average probability distribution for each group of scenarios. 

  
Light 

transmittance 
at (t-1) 

Probability distribution for light transmittance at t 

Management 
action at t 

Strong 
shade 

Moderate 
shade 

Moderate 
light 

Strong light  

  (0-8%) (8-20%) (20-40%) (40-100%) 

Zero cut Strong shade 0.87 0.12 0.01 0.00 
Zero cut Moderate shade 0.40 0.50 0.10 0.00 
Zero cut Moderate light 0.13 0.44 0.36 0.07 



Zero cut Strong light 0.01 0.14 0.53 0.33 
Thinnings Strong shade 0.20 0.49 0.27 0.04 
Thinnings Moderate shade 0.05 0.37 0.47 0.11 
Thinnings Moderate light 0.02 0.10 0.50 0.39 
Thinnings Strong light 0.00 0.01 0.08 0.90 

Shelter cut Strong shade 0.04 0.26 0.54 0.16 
Shelter cut Moderate shade 0.00 0.12 0.64 0.24 
Shelter cut Moderate light 0.00 0.03 0.39 0.57 
Shelter cut Strong light 0.00 0.00 0.08 0.91 

Clear cut Strong shade 0.00 0.00 0.02 0.98 
Clear cut Moderate shade 0.00 0.02 0.06 0.92 
Clear cut Moderate light 0.00 0.00 0.05 0.95 
Clear cut Strong light 0.00 0.00 0.01 0.99 

  



Appendix C: guidelines and background information for experts who completed the TPM 

Introduction/email 
Dear, 

Within the ERC-project ‘PASTFORWARD’, we are developing a framework for quantifying land-use history 
and its impact on forest plant communities. This framework will be based on the concept of driving variables 
and ecological memory, and will use Markov chains and Transition Probability Matrices. The concepts are 
explained in the attached documents.  

One of the key elements of this framework is that we want to use expert knowledge to predict the behaviour 
of driving variables under certain land-use or management actions and changes. For that, we would like to 
ask your contribution, as we think your knowledge on this matter can significantly improve our results.  

If you are interested in contributing to this paper, we would like to ask you to carefully read and complete 
the documents attached. The whole process should take approximately 2-3 hours of your time. 

Feel free to share any general comments, thoughts or ideas on the concept with us. We are looking forward 
to reading them.  

Many thanks in advance for your response. 

Kind regards, 

On behalf of the PASTFORWARD-team, 

Leen Depauw 

Framework for quantifying land-use history and its impact on forest plants 
 

Land-use history and ecological memory 

It is known that land-use history can affect ecosystems for decades to centuries. Many researchers have for 
example demonstrated that community composition can reflect past land-use for years, and that plant 
community composition, structure and function in post-agricultural forests can remain distinct from 
ancient forests, even centuries after abandonment (Peterken and Game 1984; Dupouey and others 2002; 
Flinn and Marks 2007; De Frenne and others 2011). Why land-use history has such an impact on community 
composition (among other ecosystem characteristics) becomes clear when considering the concept of 
ecological memory in plant and ecosystem processes. Ecological memory has been defined as ‘the capacity 
of past states or experiences to influence present or future responses of the community’ (Padisák 1992), and 
as ‘the degree to which an ecological process is shaped by its past modifications of a landscape’ (Peterson 
2002). Ogle and others (2015) compared models including antecedent conditions to simple models without 
antecedent conditions. For different types of ecosystem models, they found better model fits when 
incorporating antecedent conditions. Other studies have also proven that more variation in the observed 
data can be explained when including antecedent variables into the model (Oesterheld and others 2001; 
Leuning and others 2005; Hawkins and Ellis 2010; Sala and others 2012; Cable and others 2013; Barron-
Gafford and others 2014). 

In this project, we will follow this line of thought and apply it to the concept of driving variables of forest 
understorey communities. We expect that when studying the composition of the herb layer community, 
more variation can be explained if – in addition to current values of a driving variable –antecedent values 
of this variable are taken into account as well. In other words: time trends of a driving variable will lead 
to better predictions of the forest understory community composition, compared to simply using current 



values of the driving variable as a predictor for community composition. Examples of typical driving 
variables of the forest herb layer are light availability, soil pH and nutrient availability. 

Framework for estimating time series of driving variables, based on Markov chains 

To evaluate the role of the past in ecosystem development, data sets with extensive temporal information 
(i.e. time series of studied driving variables) are necessary (Ogle and others 2015). In reality, however, such 
time series are often lacking. In contrast, data on land-use history is often available, or can still be traced 
relatively easy. Therefore, we developed a framework to estimate time series of driving variables, based on 
knowledge of the land-use over the considered time interval. 

The framework is based on the concept of Markov chains. A Markov chain represents a system of elements 
going from one state to another over time, where the probability of going to a certain next state depends 
on preceding conditions. The behaviour of a Markov chain can be described by a so-called ‘Transition 
Probability Matrix’ (TPM), in which each element represents the probability that an asset in a given state 
at a given time will shift to another state or remain in the same state during a time step (Shamshad and 
others 2005; Golroo and others 2012). The advantage of Markov chains is that they can handle 
incompleteness or lack of long-term data by incorporating expert knowledge to set up the TPM (Golroo and 
others 2012).  

For our framework, we will apply a second-order Markov chain as shown in Figure A3.1. We assume that 
the value of the driving variable (DV) at a certain time step t will be directly affected by three other 
variables: 

• The land-use (LU) at time step t 
• The value of the driving variable at t-1 (the previous time step) 
• The value of the driving variable at t-2 (the time step before the previous time step) 

 

Figure C.1 Schematic representation of the second order Markov chain where our framework is based on. DV = driving variable; LU = 
land-use. The value of the driving variable (DV) at time t will depend on (1) the land-use (LU) at time t (blue arrows); (2) the value of 

the DV at time (t-1) (green arrows); (3) the value of the DV at time (t-2) (red arrows) 

 

Important features of a Markov chain 

• Time step ∆t 
An important feature of a Markov chain is the length of ∆t. The choice of the length of each time step will 
depend on the time-scale of the processes that are modelled. It is important to define ∆t before creating 
the TPM, since it will strongly influence the predictions/estimations that are made for the TPM. 

• Discrete classes for each element 
For each element in the network, discrete classes have to be defined. Examples can be found below.  

• Transition Probability Matrix 
This is the most important feature of the network that has to be created. As stated above, it describes the 
behaviour of the Markov chain. For the network shown in A3.1, the TPM would be a matrix that describes 
the probability distribution for DV at time t, given the values for LU at time t, DV at time (t-1) and DV at 



time (t-2). The TPM contains a row for each possible scenario, i.e. each possible combination of the values 
for LU(t), DV(t-1) and DV(t-2). The number of rows in the TPM will depend on the number of classes that 
are defined for each element. 

An illustration of the framework for light availability 

In our paper, we would like to illustrate the framework for the driving variable ‘light availability’, which is 
very important for the forest understory community. 

The states that were defined for each element in the network are shown in Table A2.1. 

We chose to quantify light availability using ‘light transmittance’ of the forest stand, which is the ratio of 
the light that reaches the understory to the total incident light at the top of the canopy. Again, classes were 
confined based on relevant thresholds for forest herb layer species. Therefore, the nonlinear relation 
between light availability and the forest herb cover was taken into account. Light availability in a forest 
context is mainly dependent on management interventions, so we defined four possible management 
actions that will have a clear impact on light availability at the forest floor. 

Table C.1 Light classes and management classes that will be applied in the illustration of the framework: estimating light availability 
time series for a given forest management history. Note that light availability is quantified as light transmittance (LT) 

Light classes Management classes 

Strong shade 0–8% LT Zero cut No fellings or removals are carried out. 

Moderate shade 8-20% LT Thinning The removal of a proportion of trees from a forest to 
allow more growing space for the final crop trees. Note: 
for this illustration, we will classify very similar 
management actions, like selection felling, as ‘thinning’ 
as well. 

Moderate light 20-40% LT Shelter cut A method of securing natural tree reproduction under 
the shelter of old trees which are removed by 
successive cuttings to admit to the seedlings a gradually 
increasing amount of light. Note: given the similar 
forest structure resulting from it, also ‘coppice with 
standards’ will be classified here. 

Strong light >40% LT Clear-cut Most or all trees in an area are uniformly cut down. 
Note: we will also consider the harvesting of the wood 
in a coppice system as a clear-cut action. 

 

• Time step ∆t 
The length of the time step ∆t is chosen at 10 years. We expect this to be a time interval long enough so 
that relevant changes will be noticeable, and short enough so that no important events will be missed. 

• Boundary conditions  
In order to create a sensible TPM, based on input of different experts, it is important to define some 
boundary conditions for the system that is under study. We will investigate the behaviour of light 
availability over time in temperate forests. When assessing light availability, we will assume we are 
estimating light transmittance of a European temperate deciduous forest in the month July. 



• Transition probability matrix 
The Markov chain is shown in Figure C.2. We now need to create a TPM in order to run the model and 
make actual predictions of how the variable will behave over time, given a certain management history. 

 

Figure C.2 Markov chain for light transmittance and management actions (MA) 

The TPM for light will consist of 64 rows: 4 management-classes x 4 light-classes at (t-1) x 4 light-classes at 
(t-2) = 64 scenarios. 

For each scenario, a probability distribution has to be determined for light at t. This means that for each of 
the four light-classes possible at t, the probability has to be estimated that light at t will actually be within 
this class, given a certain management practice at t and a certain light state at t-1 and t-2.  

An example of some TPM-rows and their interpretation are given in Table A2.2. 

Table C.2 Example of two possible lines for a TPM for the light-model. For the first line, the expert expects that if there was 
moderate and strong shade at the forest floor, resp. 20 years and 10 years before t, and if there has just been a clear-cut at t, then 
there is a 90 % chance that there will be strong light at the forest floor, and 10 % chance that there will be moderate light at the 
forest floor at t. For the second line, the expert expects that if the light availability at the forest floor was characterized as ‘strong 
shade’ during the 20 years before t, and if there just have been thinnings at t, then there is a 10 % chance that there will still be 
strong shade at t, while chances for moderate shade, moderate light and strong light at t are resp. 70%, 20% and 0%. Note that the 
sum of probabilities should always be 100%. LT = Light transmittance. 

Management (t) LT (t-2) LT (t-1) LT (t) 
Strong shade 

(0-8%) 
Moderate shade 

(8-20%) 
Moderate light 

(20-40%) 
Strong light 
(40-100%) 

Clear-cut Moderate 
shade 

Strong 
shade 0% 0% 10% 90% 

Thinnings Strong 
shade 

Strong 
shade 10% 70% 20% 0% 

 

• Extra necessary input 
o Confidence levels 

An extra column is provided in each TPM to indicate how confident you are about your answer for each 
specific row/scenario. We request all experts to always indicate their confidence for each scenario. When 
calculating the final TPM, based on the input of multiple experts, we will take this confidence level into 
account, by assigning more weight to values that are entered with more confidence. The possible 
confidence levels are: 1 (very unconfident), 2 (rather unconfident), 3 (quite confident), 4 (very confident). 
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Appendix D: historical questionnaire that was completed by local scientists (authors MK and FM) of 
the three forest regions 
 

The electronic questionnaire form is provided as a separate document. Note that the file is an Excel Macro-
enabled Workbook file (XLSM extension).
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Appendix E: management history data for each plot 

 

Table E.1 Final land-use trajectory of each plot, with the colours indicating the assumed land-use state at each time step. t0 = 1950-
1960; t1 = 1960-1970; t2 = 1970-1980; t3 = 1980-1990; t4 = 1990-2000; t5 = 2000-2010; t6 = 2010-2020. Note that the land-use 
state ‘shelter cut’ never appeared in the land-use trajectories from 1950-2020 in our case study plots. 

PLOT t0 t1 t2 t3 t4 t5 t6 PLOT t0 t1 t2 t3 t4 t5 t6 PLOT t0 t1 t2 t3 t4 t5 t6 
KO775        SKR20        ZVD14        
KO777        SKR26        ZVD16        
KO778        SKR32        ZVD29        
KO784        SKR34        ZVD31        
KO785        SKR35        ZVD33        
KO786        SKT16        ZVG24        
KO787        SKT22        ZVG25        
KO789        SKT23        ZVG26        
KO791        SKT26        ZVG62        
KO792                ZVY7        

 

Zero cut 
Thinning 
Clear cut 

 

To reach these land-use trajectories, some assumptions were necessary, due to variations in the level of 
detail of the available historical data. Below, we provide a summary of the management history data for 
each plot, obtained from the historical questionnaire (Appendix D). Final decisions and assumptions are 
indicated in blue. 

KO 775 
1848-1899: Coppice with standards, rotation time 30 years. Extra info states that age of coppiced wood was 
45 years in 1944. We assumed last harvest in 1899 (thus 1890-1900), and thus shelter cut in 1890-1900 and 
30 years earlier, i.e. 1860-1870.  

1899-2015: High forest, no knowledge on forestry practice. No regular thinning, mostly sanitary thinning of 
standards and singling-out of coppice stools. There has not yet been a clear-cut since switch to high forest 
management. Rotation time ca 100 years. We estimated that on average every 30 years one of these 
actions might have affected the plot. So thinning in 1920-1930, 1950-1960 and 1980-1990. 

KO 777 
1848-1940: Coppice with standards, rotation time 30 years. Extra info other document states that age of 
coppiced wood was 4 years in 1944. We assumed last harvest in 1940 (thus 1930-1940), and thus shelter 
cut in 1930-1940 and 30 years earlier, i.e. 1900-1910 and 1870-1880.  

1940-2015: High forest, no knowledge on forestry practice. No regular thinning, mostly sanitary thinning of 
standards and singling-out of coppice stools. There has not yet been a clear-cut since switch to high forest 
management. We estimated that on average every 30 years one of these actions might have affected the 
plot. So thinning in 1960-1970 and 1990-2000. 

KO 784 
1848-1931: Coppice with standards, rotation time 30 years. Extra info other document states that age of 
coppiced wood was 14 years in 1944. We assumed last harvest in 1930 (thus 1920-1930), and thus shelter 
cut in 1920-1930 and 30 years earlier, i.e. 1890-1900 and 1860-1870.  
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1931-2015: High forest, no knowledge on forestry practice. No regular thinning, mostly sanitary thinning of 
standards and singling-out of coppice stools. There has not yet been a clear-cut since switch to high forest 
management. We estimated that on average every 30 years one of these actions might have affected the 
plot. So thinning in 1950-1960 and 1980-1990.  

KO 785 
1848-1924: Coppice with standards, rotation time 30 years. Extra info other document states that age of 
coppiced wood was 20 years in 1944. We assumed last harvest in 1924 (thus 1920-1930), and thus shelter 
cut in 1920-1930 and 30 years earlier, i.e. 1890-1900 and 1860-1870.  

1924-2015: High forest, no knowledge on forestry practice. No regular thinning, mostly sanitary thinning of 
standards and singling-out of coppice stools. There has not yet been a clear-cut since switch to high forest 
management. We estimated that on average every 30 years one of these actions might have affected the 
plot. So thinning in 1950-1960 and 1980-1990. 

KO 786 
1850-1895: High forest, no knowledge on forestry practice. Nothing mentioned about thinning. Clear-cut in 
1895. We assumed zero cut for all the periods < 1890-1900, and then clear-cut in 1890-1900.  

1895-2015: High forest, clear felling. Last clear-cut in 1895. Heavy thinning. We assumed nothing happened 
the first 20 years after the clear-cut. After that, we assumed thinning in every period, because ‘heavy 
thinning’ is mentioned. 

KO 787 
1850-2015: High forest clear felling. No regular thinning, but sanitary thinning of single trees. Last clear-cut 
around 1903. Intensity of thinning = heavy. Rotation ca 100 years. We assumed thinning for every period 
before 1903. Then a clear-cut in 1900-1910. Then 2 periods of no intervention (zero cut). Then again 
thinning every period. 

KO 789 
1850-2015: High forest clear felling. No regular thinning, but sanitary thinning of single trees. Last clear-cut 
around 1988. Intensity of thinning = heavy. Rotation ca 80 years. We assumed a clear-cut in 1908 and in 
1988. Before 1908, we assumed thinning every period (since thinning was heavy). After the clear-cut (1900-
1910) we assumed 2 periods of no intervention after this. Then thinning for every period. Then a clear-cut in 
1980-1990. Then 2 periods of no intervention (zero cut). Then again thinning every period. 

KO 791 
1848-1883: coppice with standards, rotation 30 years. Based on tree ages (see extra info document), there 
was a shelter cut in 1853 and in 1883. 

1883-2015: High forest, no knowledge on forestry practice. No regular thinning, mostly sanitary thinning of 
standards and singling-out of coppice stools. There has not yet been a clear-cut since switch to high forest 
management. We estimated that on average every 30 years one of these actions might have affected the 
plot. So thinning in 1910-1920, 1940-1950, 1970-1980 and 2000-2010. 

KO 792 
1848-1884: coppice with standards, rotation 30 years. Based on tree ages (see extra info document), there 
was a shelter cut in 1850 and in 1884. 

1883-2015: High forest, no knowledge on forestry practice. No regular thinning, mostly sanitary thinning of 
standards and singling-out of coppice stools. There has not yet been a clear-cut since switch to high forest 
management. We estimated that on average every 30 years one of these actions might have affected the 
plot. So thinning in 1910-1920, 1940-1950, 1970-1980 and 2000-2010. 
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KO 778 
1848-1923: coppice with standards, rotation 30 years. Based on tree ages (see extra info document), there 
was a shelter cut in 1850 and in 1923. Given the 30 years rotation time, we also assumed a shelter cut in 
between, i.e. 1880-1890 

1923-2015: High forest, no knowledge on forestry practice. No regular thinning, mostly sanitary thinning of 
standards and singling-out of coppice stools. There has not yet been a clear-cut since switch to high forest 
management. We estimated that on average every 30 years one of these actions might have affected the 
plot. So thinning in 1950-1960, 1980-1990. Not in 2010-2020, since we would have noticed this during 
fieldwork. 

ZVD14 
1850-1958: coppice, 30 years. We assumed clear-cut in 1850-1860, 1880-1890, 1910-1920, 1940-1950. Zero 
cut in between. 

1958-1965: conversion from coppice to HF, thinning every 10 years, both from below and above. 
Conversion was done through selective cutting (or thinning), once or twice per decennium. We assumed 
thinning in 1950-1960. 

1966-1985: conversion from coppice to HF, thinning every 20 years, both from below and above. Exact 
thinning dates (and even harvest volumes) are known: 1966 and 1984. We put in thinning in 1960-1970 and 
1980-1990. Zero cut in between. 

1985-2015: Zero management. Zero cut for all periods. 

ZVD16 
1850-1958: coppice, 30 years. We assumed clear-cut in 1850-1860, 1880-1890, 1910-1920, 1940-1950. Zero 
cut in between. 

1958-1965: conversion from coppice to HF, thinning every 10 years, both from below and above. 
Conversion was done through selective cutting (or thinning), once or twice per decennium. We assumed 
thinning in 1950-1960 and in 1960-1970. 

1966-1975: conversion from coppice to HF, thinning every 5 years, both from below and above. Exact 
thinning dates (and even harvest volumes) are known: 1968 and 1973. We put in thinning in 1960-1970 and 
1970-1980. 

1976-2015: Zero management. Zero cut for all periods. 

ZVD29 and ZVY7 
1850-1966: High forest, no knowledge on forestry practice. Rotation times varied: 100-120 years. We 
assumed thinning in every period. (see next period) 

1966-1980: High forest, shelterwood. Since 1966, exact years of harvesting were known: 1966, 1971, 1973 
and 1980. Before 1966, probably similar management and frequencies, but no details given. We assumed 
thinning in every period. We chose not to put ‘shelter cut’ because they mention 1/3 of wood volume per 
decennium is removed. In case of shelter cut, a bigger portion of total wood volume is removed. 

1980-2015: High forest, shelter wood. Only salvage logging after disturbances, but probably outside of the 
plot areas. Zero cut for every period. 

ZVD31 
1850-1958: coppice, 30 years. We assumed clear-cut in 1850-1860, 1880-1890, 1910-1920, 1940-1950. Zero 
cut in between. 
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1958-1965: conversion from coppice to HF, thinning every 10 years, both from below and above. 
Conversion was done through selective cutting (or thinning), once or twice per decennium. We assumed 
thinning in 1950-1960. 

1966-1985: conversion from coppice to HF, thinning every 20 years, both from below and above. Exact 
thinning dates (and even harvest volumes) are known: 1966 and 1984. We put in thinning in 1960-1970 and 
1980-1990. Zero cut in between. 

1985-2015: Zero management. Only salvage logging after disturbances, but probably outside of the plot 
areas. Zero cut for all periods. 

ZVD33 
1850-1958: coppice, 30 years. We assumed clear-cut in 1850-1860, 1880-1890, 1910-1920, 1940-1950. Zero 
cut in between. 

1958-1965: conversion from coppice to HF, thinning every 10 years, both from below and above. 
Conversion was done through selective cutting (or thinning), once or twice per decennium. We assumed 
thinning in 1950-1960. 

1966-1985: conversion from coppice to HF, thinning both from below and above. Exact thinning dates (and 
even harvest volumes) are known: 1966, 1967, 1970, 1978 and 1984. We put in thinning in 1960-1970, 
1970-1980 and 1980-1990. 

1985-2015: Zero management. Only salvage logging after disturbances, but probably outside of the plot 
areas. Zero cut for all periods. 

 

ZVG24 
1850-1958: coppice, 30 years. We assumed clear-cut in 1850-1860, 1880-1890, 1910-1920, 1940-1950. Zero 
cut in between. 

1958-1965: conversion from coppice to HF, thinning every 10 years, both from below and above. 
Conversion was done through selective cutting (or thinning), once or twice per decennium. We assumed 
thinning in 1950-1960. 

1966-1985: conversion from coppice to HF, thinning both from below and above. Exact thinning dates (and 
even harvest volumes) are known: 1968, 1976, 1983 and 1984. We put in thinning in 1960-1970, 1970-1980 
and 1980-1990. 

1985-2015: Zero management. Only salvage logging after disturbances, but probably outside of the plot 
areas. Zero cut for all periods. 

ZVG25 
1850-1958: coppice, 30 years. We assumed clear-cut in 1850-1860, 1880-1890, 1910-1920, 1940-1950. Zero 
cut in between. 

1958-1965: conversion from coppice to HF, thinning every 10 years, both from below and above. 
Conversion was done through selective cutting (or thinning), once or twice per decennium. We assumed 
thinning in 1950-1960. 

1966-1985: conversion from coppice to HF, thinning both from below and above. Exact thinning dates (and 
even harvest volumes) are known: 1969, 1970, 1973 and 1980. We put in thinning in 1960-1970, 1970-1980 
and 1980-1990. 
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1985-2015: Zero management. In the 90’s, some damaged trees were harvested. Thinning in 1990-2000. In 
2006, wind created a gap very close (next) to the plot. However, we assume it will not have a big impact in 
light availability in the plot, so was not considered a thinning. 

ZVG26 
1850-1958: coppice, 30 years. We assumed clear-cut in 1850-1860, 1880-1890, 1910-1920, 1940-1950. Zero 
cut in between. 

1958-1965: conversion from coppice to HF, thinning every 10 years, both from below and above. 
Conversion was done through selective cutting (or thinning), once or twice per decennium. We assumed 
thinning in 1950-1960. 

1966-2015: conversion from coppice to HF, thinning both from below and above. Exact thinning dates (and 
even harvest volumes) are known: 1969, 1973, 1980, 1987, 1991, 1992 and 2008. We put in thinning in 
1960-1970, 1970-1980, 1980-1990, 1990-2000 and 2000-2010. 

ZVG62 
1850-1958: coppice, 30 years. We assumed clear-cut in 1850-1860, 1880-1890, 1910-1920, 1940-1950. Zero 
cut in between. 

1958-1965: conversion from coppice to HF, thinning every 10 years, both from below and above. 
Conversion was done through selective cutting (or thinning), once or twice per decennium. We assumed 
thinning in 1950-1960. 

1966-1985: conversion from coppice to HF, thinning both from below and above. Exact thinning dates (and 
even harvest volumes) are known: 1969, 1975 and 1984. We put in thinning in 1960-1970, 1970-1980 and 
1980-1990. 

1985-2015: Zero management. Only salvage logging after disturbances, but probably outside of the plot 
areas. Zero cut for all periods. 

SKT16 
1850-1900: Coppice, rotation time 40 years, charcoal production stopped after 1950 
1900-1959: coppice, rotation time 40 years 
We assumed last clear-cut in 1930-1940, thus also clear-cut in 1890-1900 and in 1850-1860. Zero cut in 
between. 

1960-1979: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
We assumed thinning in 1960-1970 and 1970-1980 

1980-1994: Conversion to high forest (without grazing), thinning frequency = 5-10 years, thinning both from 
below and above. Definitely two thinnings in period 1980-1990. Thinning in 1980-1990. 

1995-2015: zero management. Zero cut from 1990 onwards. 

SKT22 
1850-1900 Coppice, rotation time 40 years, charcoal production stopped after 1950 
1900-1949: coppice, rotation time 40 years 
We assumed last clear-cut in 1930-1940 (not later, because thinning started in 1950, and it’s not realistic 
that they would happen so fast after a clear-cut), thus also clear-cut in 1890-1900 and in 1850-1860. Zero 
cut in between. 

1950-1979: conversion to high forest (with grazing), thinning frequency = 10 years, thinning both from 
below and above. We assumed thinning in every period. 
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1980-2015: zero management, recently (last few years), two individual mature oaks were thrown by wind 
in the southern part of the plot. We assumed zero cut, except for the period 2010-2020, where we put 
thinning, as a reflection of the windthrow. 

SKT23 
1850-1900: Coppice, rotation time 40 years, charcoal production stopped after 1950 
1900-1949: coppice, rotation time 40 years 
We assumed last clear-cut in 1930-1940 (not later, because thinning started in 1950, and it’s not realistic 
that they would happen so fast after a clear-cut), thus also clear-cut in 1890-1900 and in 1850-1860. Zero 
cut in between. 

1950-1979: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
We assumed thinning in every period. 

1980-1988: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
Definitely one thinning operation mentioned in management plans. Thinning in 1980-1990. 

1989-2015: zero management. Zero cut from 1990 onwards. 

SKT26 
1850-1900: Coppice, rotation time 40 years, charcoal production stopped after 1950 
1900-1949: coppice, rotation time 40 years 
We assumed last clear-cut in 1930-1940 (not later, because thinning started in 1950, and it’s not realistic 
that they would happen so fast after a clear-cut), thus also clear-cut in 1890-1900 and in 1850-1860. Zero 
cut in between. 

1950-1979: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
We assumed thinning in every period 

1980-1988: zero management. Zero cut in 1980-1990. 

1989-2015: Conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
Presently, the stand has low density of old trees after thinning operations and three tree layers are visible. 
Upper (main canopy) - formed by old oaks, middle - formed by hornbeam (originated in previous period) 
and the lower tree layer formed by hornbeam and Acer campestre. This lower layer originates in this 
period.  We assumed thinning in every period from 1990 onwards. 

SKR20 and SKR26 
1850-1949: Coppice, rotation time 40 years, charcoal production stopped after 1950. We assumed last 
clear-cut in 1930-1940 (not later, because thinning started in 1950, and it’s not realistic that they would 
happen so fast after a clear-cut), thus also clear-cut in 1890-1900 and in 1850-1860. Zero cut in between. 

1950-1979: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
We assumed thinnings in all periods 

1980-1988: zero management. Zero cut in 1980-1990. 

1989-2015: zero management. Some disturbances causing small gaps were mentioned, but not clear in 
which periods they took place. We assumed zero cut for all the periods. 

SKR32 
1850-1900: Coppice, rotation time 40 years, charcoal production stopped after 1950 
1900-1949: coppice, rotation time 40 years 
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We assumed last clear-cut in 1930-1940 (not later, because thinning started in 1950, and it’s not realistic 
that they would happen so fast after a clear-cut), thus also clear-cut in 1890-1900 and in 1850-1860. Zero 
cut in between. 

1950-1979: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
We assumed thinning in all periods 

1980-1988: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
Definitely one thinning operation mentioned in management plans. Thinning in 1980-1990. 

1989-2015: zero management. Zero cut from 1990 onwards. 

SKR34 
1850-1949: Coppice, rotation time 40 years, charcoal production stopped after 1950 We assumed last 
clear-cut in 1930-1940 (not later, because thinning started in 1950, and it’s not realistic that they would 
happen so fast after a clear-cut), thus also clear-cut in 1890-1900 and in 1850-1860. Zero cut in between. 

1950-2015: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
We assumed thinning in all periods 

SKR35 
1850-1949: Coppice, rotation time 40 years, charcoal production stopped after 1950 We assumed last 
clear-cut in 1930-1940 (not later, because thinning started in 1950, and it’s not realistic that they would 
happen so fast after a clear-cut), thus also clear-cut in 1890-1900 and in 1850-1860. Zero cut in between. 

1950-1980: conversion to high forest, thinning frequency = 10 years, thinning both from below and above. 
Thinnings are clearly mentioned in the first decade: 1950-1960. We assumed thinning in every period. 

1980-2015: zero management. Zero cut for every period. 
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Appendix F: Derivation of the best model predictors for light transmittance in the 29 forest plots 

 

To estimate the light transmittance in a forest plot during the second survey, we used a spherical 

densiometer. This small instrument employs a mirror with spherical curvature to visualize the reflection of 

a large overhead area. The mirror is divided into a grid of 24 squares to enable estimating the percentage of 

the overhead area covered with forest canopy. The person measuring the light transmittance pictures four 

imaginary dots in the quarters of each grid square, counts the number of dots in a canopy opening and 

multiplies this number with 1.04 (Lemmon 1957; Forestry Suppliers 2008). Light transmittance was 

measured at five points in each plot: in the centre and two times on the two diagonals. The five 

measurements were averaged to get a final value of light transmittance for the plot.  

Estimates of light transmittance at the time of the first survey were derived through the relationships 

between tree and shrub cover data and light transmittance at the second survey. 

A linear model was set up, with the densiometer values as response variable and nine different descriptors 

of canopy composition as predictors: the cover of the shrub layer, tree layer and the combination of shrub 

and tree layer for shade-tolerant species, shade-intolerant species, and all species together (Table A6.1). 

Shade-tolerant species were the species with shade tolerance ≥ 3 according to Niinemets and Valladares 

(2006); overlap between species or layers was taken into account by using the formula of Fischer (2015) to 

calculate the total cover of the different layers. 

To derive the optimal model, we used the dredge function (package MuMIn in R; Barton, 2016), which 

generates a set of models with combinations (subsets) of the nine predictors. We retained the model with 

the lowest AICc, the second-order Akaike Information Criterion for small sample sizes. The model including 

the predictors ‘total cover of the tree layer’ and ‘cover of the shade-tolerant species of both tree and shrub 

layer combined’ predicted the measured light transmittance the best (R² = 0.42; p < 0.001; Table A6.2).  



19 
 

Table F.1 The nine predictor variables 

 

 

 

 

 

 

Table F.2 The optimal linear model including only two predictors 
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Variable 
Overall cover of the shrub and tree layer 
Cover of shade-tolerant species in the shrub and tree layer 
Cover of shade-intolerant species in the shrub and tree layer 
Overall cover of the shrub layer 
Cover of shade-tolerant species in the shrub layer 
Cover of shade-intolerant species in the shrub layer 
Overall cover of the tree layer 
Cover of shade-tolerant species in the tree layer 
Cover of shade-intolerant species in the tree layer 

 Estimate Std. Error t-value Pr (>|t|) 
Intercept 1.84 0.53 3.50 0.002 
Overall cover of the tree layer 1.72 0.71 2.40 0.023 
Cover of shade-tolerant species in the shrub and tree layer -1.74 0.44 -3.95 <0.001 
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Appendix G: species list 
 

Below, we provide a list of all species that were present in the understorey community in the 29 case study 

plots, according to a vegetation survey performed in 2015. We defined ‘understorey’ as all species smaller 

than 1.3 m height, thus including small tree and shrub species. The typical forest species are highlighted 

(bold text). These species are found mainly in closed forest, as defined for the lowlands of the Czech 

Republic, cf. Heinken, unpublished results. 

Nomenclature: The Plant List (2013). Version 1.1. Published on the Internet; http://www.theplantlist.org/ 

(accessed January 2019) 

Abies alba Cornus spec Impatiens parviflora Pulmonaria obscura 
Acer campestre Corylus avellana Inula conyza Pulmonaria officinalis 
Acer platanoides Cotoneaster integerrimus Inula ensifolia Pulmonaria spec 
Acer pseudoplatanus Cotoneaster spec Inula salicina Pyrus pyraster 
Acer tataricum Crataegus laevigata Juniperus communis Quercus cerris 
Achillea millefolium Crataegus spec Lactuca muralis Quercus petraea 
Actaea spicata Cruciata glabra Lamium galeobdolon Quercus robur 
Adoxa moschatellina Dactylis glomerata Lamium maculatum Ranunculus auricomus 
Aegopodium podagraria Daphne mezereum Lapsana communis Rhamnus cathartica 
Agrimonia eupatoria Deschampsia cespitosa Laserpitium latifolium Ribes uva-crispa 
Agrostis spec Deschampsia flexuosa Lathyrus niger Rosa canina agg. 
Ajuga genevensis Digitalis grandiflora Lathyrus vernus Rosa pendulina 
Ajuga reptans Dryopteris carthusiana Lembotropis nigricans Rosa spec 
Ajuga spec Dryopteris filix-mas Leucanthemum vulgare Rubus fruticosus 
Alliaria petiolata Elymus caninus Ligustrum vulgare Rubus idaeus 
Allium senescens Epilobium angustifolium Lilium martagon Rubus spec 
Anemone nemorosa Epilobium montanum Lonicera spec Sambucus nigra 
Anemone sylvestris Epilobium spec Lonicera xylosteum Sanicula europaea 
Anthericum ramosum Epipactis helleborine Lotus corniculatus Scrophularia nodosa 
Anthericum spec Epipactis spec Luzula luzuloides Securigera varia 
Anthoxanthum odoratum Euonymus europaeus Luzula pilosa Sedum maximum 
Anthriscus nitida Euonymus verrucosus Lysimachia nummularia Sedum telephium 
Anthriscus sylvestris Euphorbia amygdaloides Maianthemum bifolium Senecio ovatus 
Aquilegia vulgaris Euphorbia cyparissias Malus sylvestris Serratula tinctoria 

Arabidopsis arenosa Fagus sylvatica 
Melampyrum 
nemorosum Silene nutans 

Arabis hirsuta Fallopia dumetorum Melampyrum pratense Silene vulgaris 
Arctium tomentosum Festuca gigantea Melampyrum spec Solanum dulcamara 
Asarum europaeum Festuca heterophylla Melica nutans Solidago virgaurea 
Asperula tinctoria Festuca ovina Melica picta Sorbus aria 
Astragalus glycyphyllos Festuca rubra Melica uniflora Sorbus aucuparia 
Astragalus spec Festuca rupicola/ovina Melittis melissophyllum Sorbus torminalis 
Athyrium filix-femina Festuca spec Mentha spec Stachys officinalis 
Atropa belladonna Fragaria moschata Mercurialis perennis Stellaria holostea 
Berberis vulgaris Fragaria vesca Milium effusum Symphytum tuberosum 
Brachypodium pinnatum Fragaria vesca/moschata Moehringia trinervia Tanacetum corymbosum 
Brachypodium 
sylvaticum Frangula alnus Molinia caerulea Taraxacum spec 
Bromus benekenii Fraxinus angustifolia Monotropa hypopitys Teucrium chamaedrys 
Bromus spec Fraxinus excelsior Myosotis spec Thalictrum aquilegiifolium 
Calamagrostis 
arundinacea Galeopsis spec Myosotis sylvatica Tilia cordata 
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Calamagrostis villosa Galium album Neottia nidus-avis Tilia platyphyllos 
Campanula bononiensis Galium aparine Oxalis acetosella Tilia spec 
Campanula glomerata Galium boreale Paris quadrifolia Torilis japonica 
Campanula patula Galium glaucum Phyteuma spicatum Trifolium alpestre 
Campanula persicifolia Galium intermedium Picea abies Trifolium medium 
Campanula rapunculoides Galium mollugo Pilosella spec Trifolium montanum 
Campanula rotundifolia Galium odoratum Pimpinella major Trifolium repens 
Campanula trachelium Galium sylvaticum Platanthera bifolia Ulmus glabra 
Cardamine bulbifera Genista germanica Poa angustifolia Ulmus minor 
Cardamine impatiens Genista pilosa Poa nemoralis Ulmus spec 
Carex caryophyllea Genista tinctoria Poa remota Urtica dioica 
Carex digitata Geranium robertianum Poa stiriaca Vaccinium myrtillus 
Carex flacca Geranium sanguineum Poa trivialis Verbascum austriacum 
Carex michelii Geum urbanum Polygala chamaebuxus Verbascum nigrum 
Carex montana Glechoma hederacea Polygala spec Veronica chamaedrys 

Carex muricata agg. Glechoma hirsuta 
Polygonatum 
multiflorum Veronica officinalis 

Carex pallescens Gymnocarpium dryopteris Polygonatum odoratum Viburnum lantana 

Carex pilosa Hacquetia epipactis 
Polygonatum 
verticillatum Viburnum opulus 

Carex pilulifera Hedera helix Polypodium vulgare Viburnum spec 
Carex spec Hepatica nobilis Populus tremula Vicia cassubica 
Carex sylvatica Heracleum sphondylium Potentilla alba Vicia cracca 
Carpinus betulus Hieracium bifidum Potentilla erecta Vicia sepium 
Centaurea jacea Hieracium lachenalii Prenanthes purpurea Vicia spec 
Cephalanthera 
damasonium Hieracium murorum Primula elatior Vicia tetrasperma 
Cephalanthera rubra Hieracium pilosella Primula spec Vincetoxicum hirundinaria 
Chaerophyllum 
aromaticum 

Hieracium 
sabaudum/racemosum Primula veris Viola hirta 

Chaerophyllum temulum Hieracium spec Primula vulgaris Viola hirta/collina 
Circaea lutetiana Hierochloe australis Prunus avium Viola mirabilis 

Clematis recta Hordelymus europaeus Prunus spec 
Viola 
reichenbachiana/riviniana 

Clinopodium vulgare Hypericum hirsutum Prunus spinosa Viola riviniana 
Convallaria majalis Hypericum montanum Pteridium aquilinum Viola spec 
Cornus mas Hypericum perforatum Pulmonaria mollis Waldsteinia geoides 
Cornus sanguinea    

 

 

 

 



Appendix D: illustration of historical questionnaire that was completed by local scientists (authors MK and FM) of the three forest regions 
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