














had occurred in the swamp IBM simulations of basal area. Additional IBM output
variables were used to help interpret the results of the IBM. The additional explanatory
variables included: mean salinity and mean degree of flooding during the growing
season, mean number of tree deaths from salinity per year, and the number of recruits
(age-4 saplings) per year.

Based on the results that used the original salinity and water depths from the
landscape model, | performed two additional sets of eight simulations of the IBM with
modified salinity values and flooding. In the first follow-up simulation experiment, |
reduced the salinities predicted by the landscape model to one-third of their original
values (Figure 4.8). In the second follow-up experiment, | retained the reduced salinity
levels of the first follow-up modeling experiment and added frequent “droughts” to the

water-depth time-series predicted by the landscape model. The “droughts” were
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Figure 4.8 - Reduced mean (+ SD) salinity during the swamp IBM growing season for
100 years in each of the eight landscape scenarios. Salinity was reduced to one-third of
its original values shown in Figure 4.3.
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created by setting stage to -0.2 m throughout the entire growing season during two
consecutive years every five years, resulting in a repeating flooding pattern of 2 drought
years followed by 3 years of flooding. Mean salinity under reduced salinity with
droughts showed a similar pattern as the reduced salinity without droughts imposed
(Figure 4.9). The same IBM output variables used in the first simulation experiment
(e.g., basal area, salinity, flooding, recruitment) were also used for the second and third

simulation experiments.
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Figure 4.9 - Mean salinity actually experienced throughout the 1-km? model grid of the
swamp IBM for 100 years in each of the eight landscape model scenarios under
reduced salinity and periodic droughts. The salinity experienced is a result of the
combined effects of reducing the original salinity to one-third its value and reducing the
stage to -0.2 m every 5" and 6™ year.

4.3. Results

4.3.1. Experiment 1: IBM Simulations with Original Salinity and Water Depths

The landscape model and the swamp IBM generally agreed in their predictions of
marsh habitat persistence and in most of their predictions of habitat switches from
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swamp to marsh near year 50, but they disagreed in their predictions of swamp
persistence (Figure 4.10). In the swamp IBM simulations, all swamp scenarios but one
were predicted to convert to marsh within 40-60 years, and both scenarios that started
out as planted swamp remained marsh throughout the 100 years. The order in which
the scenarios converted from swamp to marsh in the swamp IBM corresponded to the
order in which the scenarios were subjected to dramatic increases in salinity (Figure
4.3), which resulted in high salinity induced mortality (Figure 4.11). The only scenario
that did not convert to marsh in the swamp IBM predictions was scenario 2¢, a swamp
that was predicted to convert to marsh in year 50 in the landscape model. Mean salinity
in scenario 2c never exceeded 2 psu (Figure 4.3), and thus salinity mortality was low in

the IBM for this scenario.
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Figure 4.10 - Mean basal area over 100 years predicted by the IBM for the eight
landscape model scenarios. The IBM used the same environmental conditions in each
scenario as the landscape model.
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Figure 4.11 - Mean number of tree deaths caused by salinity in each year in the IBM
simulations of the eight landscape model scenarios. Most deaths caused by salinity
occur a_round year 50 in non-marsh scenarios, when salinities increase in all landscape
scenarios.

Recruitment (number of 4" year seedlings) in the IBM was generally low for all
scenarios (Figure 4.12), and decreased through time as mean water depths increased
(Figure 4.2). Due to how germination is formulated in the IBM, seeds cannot germinate
under flooded conditions. The average amount of flooding during the growing season
experienced throughout the model grid was lowest in landscape scenes that had high
elevation features, such as scenarios 1a, 1b, and 2d (Figures 4.6 and 4.7). Scenarios
that experienced less flooding locally in the grid had a slightly higher number of recruits
than scenarios that were flooded more evenly. In each simulation there are initial
spikes in recruitment during the first five to ten years (Figure 4.12), when flooding had

not yet increased greatly. Subsequently, increasing flooding limited recruitment to such

a degree that it could no longer keep up with random and slow-growth mortality culling
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of individual trees, and stem densities started to decline. Even in scenario 2c, in which
salinity levels remained too low to cause swamp degradation, basal area and stem
density continually declined throughout the 100 years because of a lack of recruitment

due to the near-permanent flooding.
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Figure 4.12 - Mean number of new 4-year old recruits predicted by the IBM for 100
years in each of the eight landscape model scenarios. Scenarios 1a-2d used an intact
swamp as initial conditions, while scenarios 3a and 3b used a planted swamp as initial
conditions.

4.3.2. Experiment 2: IBM Simulations with Reduced Salinity

Reduced salinity delayed the decline in basal area in scenarios involving
landscape model cells that stayed swamp and in cells that converted to marsh
(scenarios 1 and 2), and resulted in higher basal area for the scenario 3 of the marsh
remaining marsh (Figure 4.13). Under conditions of reduced salinity (Figure 4.8), the
swamp IBM predicted almost all of the swamp habitat changes that had been predicted
by the landscape model, but habitat conversions from swamp to marsh were predicted

much later in the 100 years. Even after a reduction in salinity to roughly 2-3 psu, the
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salinity effect remained strong enough in the swamp IBM to force all the existing swamp

scenarios slowly towards marsh. The habitat change scenarios 2a, b, and d reached

the habitat conversion benchmark of basal area of less than 10m? ha™" after 85-100

years. Annual numbers of deaths due to salinity were reduced by roughly four-fold in

each scenario between the original salinity and reduced salinity simulations (Figure 4.14

versus Figure 4.11), resulting in a slower decline in basal areas between the original

and reduced salinity conditions. However, due to the lack of sufficient recruitment

(Figure 4.15), even the scenarios that were predicted to remain swamp by the swamp

IBM had very low basal areas by the end of the simulations (Figure 4.13) and were

nearing the benchmark value for swamp conversion to marsh.
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Figure 4.13 - Mean basal area over 100 years predicted by the IBM for the eight
landscape model scenarios under reduced salinity.
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Figure 4.14 - Mean number of tree deaths caused by salinity in each year in the IBM
simulations of the eight landscape model scenarios under reduced salinity.

150 -

100 - Remains swamp (1a)
50 NN Remains swamp (1b)
40 —— Swamp to marsh (2a)

—— Swamp to marsh (2b)
—— Swamp to marsh (2c)
\ —— Swamp to marsh (2d)

Remains marsh (3a)
Remains marsh (3b)

N
o
1
— L =

Recruits (trees ha™ yr'l)

Time (years)

Figure 4.15 - Mean number of new 4-year old recruits predicted by the IBM for 100
years in each of the eight landscape model scenarios under reduced salinity.
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4.3.3. Experiment 3: IBM Simulations with Reduced Salinity and Droughts

Combining reduced salinity with frequent occurrences of droughts further delayed
the decline in basal area for the landscape model cells that showed persistent swamp
and swamp to marsh conversions, and the IBM still predicted scenario 3 as marsh that
stayed marsh (Figure 4.16). In the swamp IBM, the mean salinity experienced by trees
in dry 100 m? cells of the 1 km? landscape scene remains the same as the salinity the
cell experienced when it was last flooded. Thus, the mean salinity experienced by trees
with reduced salinity and droughts (Figure 4.9) was roughly equal to the salinity they
experienced in the reduced salinity experiment without droughts (Figure 4.8). The
number of salinity deaths per year with droughts (Figure 4.16) was actually higher than
in the reduced salinity simulations without droughts (Figure 4.14) because there were

more trees present on the grid, and was quite close to the number of salinity deaths
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Figure 4.16 - Mean basal area over 100 years predicted by the IBM for the eight
landscape model scenarios under reduced salinity and periodic droughts.
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Figure 4.17 - Mean number of tree deaths caused by salinity in each year in the IBM
simulations of the eight landscape model scenarios under reduced salinity and periodic

droughts.
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Figure 4.18 - Mean number of new 4-year old recruits predicted by the IBM for 100
years in each of the eight landscape model scenarios under reduced salinity and
periodic droughts.

158



predicted under the original salinity conditions for scenario 3 (Figure 4.11).
While not reducing the negative effect of salinity (Figure 4.17), the addition of droughts
still benefited swamp survival in the IBM by increasing recruitment during the reduced
flooding years (Figure 4.18). Recruitment showed high values during the drought years,
which allowed the populations to persist longer.
4.4 Discussion

The challenge of formulating an integrated and comprehensive ecosystem
restoration plan for the entirety of the rapidly deteriorating Louisiana coastal zone
(Twilley, 2003), presents a problem that relies on modeling and ultimately goes to the
fundamental issue of scaling. The problem of scaling is deciding upon the most
appropriate temporal, spatial, and biological scales for an analysis or model (Levin,
1992). Should a habitat model use simple rules for determining the habitat type in an
area, or should the model simulate the detailed interactions among individuals to
determine the habitat type? How small should the spatial cells be in order to represent
the important effects of spatial heterogeneity in elevation and flooding on habitat type
switching realistically? What is the appropriate temporal resolution needed for
estimating the effects of flooding and salinity on vegetation (e.g., tree) dynamics on a
spatial grid where hydrodynamics are solved in time-steps of seconds? There is no
simple, single answer or formula for determining the best temporal, spatial, and
biological scales for a model. Yet, each researcher introduces, often unknown, biases
into his or her predictions by choosing the specific scales of their model. Simply
including more and more detail is not optimal, and trying to represent very disparate
scales in one model creates conceptual and computational problems (Urban et al.,

1999).
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How then, in a practical sense, do we deal with the problem of scaling when
trying to develop models for forecasting? First, we recognize that we cannot a priori
identify a single correct set of temporal, spatial, and biological scales to use. Second,
we need to choose scales (albeit not unique) that appear, based on current knowledge,
to be appropriate to our questions, while remaining cognizant of how patterns at the
selected scales are affected by patterns and processes occurring on other scales
(Levin, 1992). We may be able to achieve an integration of disparate scales by
investigating what information is critical to capture because it is transmitted across
scales, which fine-scale details only contribute to “noise” on larger scales and can be
effectively ignored, and which broad scale processes are important as drivers of fine-
scale dynamics (O'Neill et al., 1986).

One practical approach for assessing how the scales of a model affect its
predictions is to compare models that include overlapping prediction variables but that
operate on different scales (e.g., Rose et al., 1991). The comparison among multiple
models can be used to quantify uncertainty, to inform all models in the comparison, and,
ultimately, to formulate a single integrated model that has increased overall accuracy
and precision. Use of multiple models with their alternative formulations is the approach
employed by the Intergovernmental Panel on Climate Change to forecast global climate
change (Randall et al., 2007). Successful linkage of the wide range of temporal scales
(e.g., seconds for flow velocities, centuries for geological change) and spatial scales
(e.g., microbial activity at microscopic scales, Mississippi River watershed drainage
area) is a necessary step and an invaluable tool in the planning of coast-wide

restoration efforts. Deciding on the spatial, temporal, and biological detail needed in
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ecological models to achieve a desired accuracy in forecasting remain part of the “art of
modeling.”

In systems where direct observation of processes at the scale of interest are not
available or feasible (e.g., forest development under regimes of decadal fire
disturbance, global warming, ocean acidification), more detailed, smaller-scale models
are often used to “parameterize” or test larger scale, more general models. In
population ecology, for example, comparisons of IBMs and more general population
models have been employed to explore the concept of self-organization (Fahse et al.,
1998), refine generalized predator-prey interaction models (Wilson, 1998), and to
parameterize, evaluate, and compare meta-population models (Hilker et al., 2006).
Examples in forest and herbaceous vegetation modeling include using physiological
models of individual trees (TREGRO) to scale to the level of forest stands (Siegel et al.,
1995), combining biome distribution models with detailed ecosystem physiology models
to obtain an integrated terrestrial vegetation climate change model (VEMAP) (Kittel et
al., 1995), and combining individual-based forest gap models (Hybrid v.3.0 and ED) with
vegetation layers to extrapolate plant and ecosystem responses to biosphere scales
(Friend et al., 1997; Moorcroft et al., 2001).

In this chapter, | compared the habitat switching predictions during 100-year
simulations from a broad-scale landscape model commonly used in the evaluation of
coastal habitat change throughout the Louisiana Coastal Zone (Costanza et al., 1990;
Martin et al., 2002; Reyes et al., 2004) with the predictions of a much more spatially,
temporally, and biologically detailed IBM. A single spatial cell in the landscape model
(1-km?) was the entire spatial domain of the 10,000 100-m? cells of the IBM, and very

coarse habitat switching algorithms of the landscape model were contrasted with the
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IBM that follows thousands of individual trees that were affected by local conditions on
the scale of meters.

Both the landscape model and the IBM were used to simulate habitat dynamics
over 100 years using identical environmental conditions. The weekly salinity and water
depth at eight specific cells in the landscape model were read into the IBM, which used
a finer scale elevation map for each of the same locations. Landscape model
predictions of whether the cell was swamp or marsh were compared to annual basal
areas computed by summing the basal areas of the individual trees in the IBM. Both
models show relatively good agreement in predicting marsh persistence and the timing
of swamp conversion to marsh (Figure 4.10). However, the models disagreed on the
persistence of swamp (scenario 1), as the landscape model predicted swamp for the
entire 100 years for two of the cells while the IBM predicted their conversion to marsh
within100 years. The models also disagreed on one of the cells for which the landscape
model predicted a switch from swamp to marsh (scenario 2c), whereas the IBM allowed
the persistence of the swamp.

The agreement between the landscape model and the IBM for scenarios that
involved swamp becoming marsh (scenario 2) is encouraging, but it is not a rigorous
comparison of the models because of the relatively high salinities used in the
simulations. The comparison of the models using the original salinity values was based
on high enough salinity values (about 6 psu, Figure 4.3) to cause major mortality. Thus,
the IBM predicting the switch from swamp to marsh at about year 50 when salinities got
high is not a difficult challenge for the models. Swamp forests simply cannot tolerate
salinity values of 6 psu and higher. The general salinity tolerance of T. distichum has

been reported to range from 2 psu (Chabreck, 1972) to 8.9 psu (Penfound and
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Hathaway, 1938). Field observations in the Maurepas swamps indicated that chronic
exposure to salinity levels ranging from 1 to 4.5 psu caused 10-80% mortality of all
prevalent swamp tree species over 5 years (Chapter 2). The swamp IBM may be overly
sensitive to low levels of salinity, as the swamp IBM used seedling mortality data as the
basis for its evaluation of both seedling and adult tree mortality. In a review of the
waterlogging tolerance of woody species, Gill (1970) noted that waterlogging tolerance
increases with increasing size and age of trees.

The easy challenge provided by the swamp to marsh scenario makes the
disagreement between the landscape model and IBM for scenario 1 (swamp persisting
as swamp in Figure 4.10) of particular concern. Simply reducing salinity did not enable
the IBM to predict the range of responses predicted by the landscape model. Additional
simulations of the IBM with reduced salinity and with reduced salinity and periodic,
imposed drought conditions resulted in slowed decline in basal areas, but for all of the
scenarios (Figures 4.13 and 4.16); thus, if salinity was reduced to allow swamp to
persist in the IBM (agree with scenario 1), then the swamp to marsh scenarios were
also affected and they were predicted to remain swamp much longer. Furthermore,
despite reducing salinity by about 70% from its original value (Figure 4.8 and 4.9 versus
Figure 4.3), which successfully reduced salinity mortality (Figure 4.14 and 4.17 versus
Figure 4.11), and imposing droughts, which increased recruitment (Figure 4.18), basal
area was still predicted to decline in the IBM for all scenarios that started with an intact
swamp.

Closer examination of the swamp IBM predictions suggests that a smaller spatial
scale than used by the landscape model (on the order of 100 m?like the IBM) may be

necessary to model swamp persistence. For example, at the 1 km? scale, the

163



landscape model predicted that scenario 1a, at a mean elevation of 0.36 m above sea-
level, would remain swamp throughout a 100-year simulation (Figure 4.13). However,
the finer scale variation in elevation within this 1-km? used by the IBM (location labeled
1ain Figure 4.5, amplified in Figure 4.6) showed that most of the cell is at very low
elevation with a high elevation ridge running through the center. The finer scale of the
IBM resulted in no tree regeneration occurring in the low areas that dominate the map,
with all new successful trees occurring only on the high elevation ridge. This was clear
in a spatial map of tree ages after the 100 years of IBM simulation under scenario1a
that shows only old trees remaining in the low elevation places (i.e., no young trees
growing) and the swamp converting to marsh (Figure 4.19). At an average elevation
exceeding 0.8 m above sea-level, even the ridge may not allow swamp to persist and
could become rarely flooded bottomland hardwood forest or upland. Thus, while the

“average” elevation of a 1 km? cell used by the landscape model may be suitable for
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Figure 4.19 - Mean age of trees per 10x10 m plot in scene 1a after 500 years.
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swamp persistence, the finer scale elevation features of the map used by the swamp
IBM suggest that the non-random variation in elevation could lead to faster swamp
decline than expected from the mean elevation.

Another issue raised by comparing the landscape model and IBM is the role of
flooding in seedling survival. The swamps in the landscape model are capable of
withstanding permanent flooding without any apparent consequence to recruitment or
survival. By contrast, near-permanent flooding has substantial negative effects on tree
recruitment in the swamp IBM (Chapter 3). It has been hypothesized that some swamp
forests in the Louisiana coastal zone may have established completely during isolated
draw-down events (i.e., droughts) in the past, as these swamps show little to no
regeneration under current flooding regimes (Conner and Day, 1976). Thus, the
inhibitory effect of permanent or near-permanent flooding on seed and young tree
survival is a potentially important factor that should be revisited in the landscape model.

My model comparison approach shows great promise as a means for identifying
critical aspects of both the IBM and landscape models that need to be tested and the
key data that needs to be collected for improving both models. Based on the relatively
simple comparison performed here, two important issues (salinity and flooding
sensitivity) should be further examined. Interestingly, in both cases, the IBM showed
higher sensitivity to changes in these environmental variables than the landscape
model. Long-term datasets that include habitat type and information on potential driving
forces (e.g., salinity, flooding) are not currently available, and thus the habitat switching
algorithms in the landscape model are necessarily based on short-term information
about the effects of salinity and inundation regimes on the persistence of each of the

habitat types. In a review of the landscape model’s habitat change algorithms
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undertaken as part of a broader review of habitat modeling for restoration planning for
the Louisiana coast (Twilley, 2003), the rigor of the habitat switching module was
classified as low. Thus, analyses, such as the analysis presented in this chapter, that
provide a comparative test of the habitat switching algorithms (albeit versus other
models), are very valuable for improving the rigor of the habitat models, which are
critical for coastal restoration planning.

My results suggest that how salinity and flooding effects are represented in both
models should be scrutinized and additional comparisons using results from other cells
in the landscape model and other simulations of the landscape model with lower salinity
values should be performed. Further sensitivity analysis of the swamp IBM would
provide useful additional information about which aspects of the IBM should be
investigated further. The swamp IBM is currently limited in its expression of a dynamic
environment by its use of historic time-series data for salinity and stage as inputs.

While simple manipulations of the time-series data of salinity and stage flooding are
possible, the swamp IBM still lacks a feedback interaction with its environment by which
swamp growth can alter such expressions of environmental forcing as flooding through
elevation change. The landscape model offers a simpler biological approach but with
fairly sophisticated hydrodynamics, while the IBM offers a spatially-detailed and
biologically-detailed approach with simplified hydrodynamics. A critical next question for
inter-model comparison is whether the landscape model underestimates swamp
responses to changed environmental conditions, or that the IBM overestimates the
responses. A set of model comparisons using contrasting environmental conditions and

outcomes, coupled with close inspection of the details of both models and their
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predicted sensitivities to change in environmental conditions relative to field and green
house studies, can enable resolution of the biases of both models.

Ultimately, what we learn about both models from their inter-comparison should
lead us to an improved integrated model. Two feasible methods for linking the
landscape model and IBM are either through a statistical approach or through a
computational approach. In a statistical approach, the finer-scale swamp IBM could be
used to estimate better habitat switching rules based on a series of simulations of the
IBM with different intensities and durations of salinity and flooding, alone and in
combination. A computational linkage between the landscape model and the swamp
IBM would be to embed the swamp IBM into the landscape model, so that the
landscape model actually runs all the biological process routines in the swamp IBM for
all landscape cells that are swamps within the landscape model’s domain. Future
model development should focus on linking the landscape approach and the individual-
based approach for the next generation of swamp models that are needed for better
understanding the rapidly disappearing coastal swamp forests and for evaluating
alternative restoration actions.

4.5 References

Boumans, R.M.J., Sklar, F.H., 1990. A polygon-based spatial (PBS) model for
simulating landscape change. Landscape Ecology, 4, 83-97.

Chabreck, R.H., 1972. Vegetation, water and soil characteristics of the Louisiana
coastal region. No. 664, Louisiana State University, Agricultural Experiment
Station, Baton Rouge, LA, USA.

Chen, R., Twilley, R.R., 1997. A gap dynamic model of mangrove forest development
along gradients of soil salinity and nutrient resources. Journal of Ecology, 86, 37-
51.

Conner, W.H., Day, J.W., Jr., 1976. Productivity and composition of a baldcypress-
water tupelo site and a bottomland hardwood site in a Louisiana swamp.
American Journal of Botany, 63, 1354-1364.

167



Costanza, R., Sklar, F.H., White, M.L., 1990. Modeling coastal landscape dynamics.
BioScience, 40, 91-107.

Fahse, L., Wissel, C., Grimm, V., 1998. Reconciling classical and individual-based
approaches in theoretical population ecology: A protocol for extracting population
parameters from individual-based models. The American Naturalist, 152, 838-
852.

Friend, A.D., Stevens, A.K., Knox, R.G., Cannell, M.G.R., 1997. A process-based,
terrestrial biosphere model of ecosystem dynamics (Hybrid v3.0). Ecological
Modelling, 95, 249-287.

Gill, C.J., 1970. The flooding tolerance of woody species - a review. Forestry Abstracts,
31, 671-688.

Hilker, F.M., Hinsch, M., Poethke, H.J., 2006. Parameterizing, evaluating and
comparing metapopulation models with data from individual-based simulations.
Ecological Modelling, 199, 476-485.

Kittel, T.G.F., Rosenbloom, N.A., Painter, T.H., Schimel, D.S., 1995. The VEMAP
integrated database for modelling United States ecosystem/vegetation sensitivity
to climate change. Journal of Biogeography, 22, 857-862.

Levin, S.A., 1992. The problem of pattern and scale in ecology. Ecology, 73, 1943-
1967.

Martin, J.F., Reyes, E., Kemp, G.P., Mashriqui, H., Day, J.W., Jr., 2002. Landscape
modeling of the Mississippi Delta. BioScience, 52, 357-365.

Martin, J.F., White, M.E., Reyes, E., Kemp, G.P., Mashriqui, H., Day, J.W., Jr., 2000.
Evaluation of coastal management plans with a spatial model: Mississippi Delta,
Louisiana, USA. Environmental Management, 26, 117-129.

Moorcroft, P.R., Hurtt, G.C., Pacala, S.W., 2001. A method for scaling vegetation
dynamics: The Ecosystem Demography model (ED). Ecological Monographs, 71,
557-586.

O'Neill, R.V., DeAngelis, D.L., Waide, J., Allen, T.F.H., 1986. A hierarchical concept of
ecosystems. Monographs in Population Biology, Volume 23. Princeton University
Press, Princeton, NJ.

Pearlstine, L., McKellar, H., Kitchens, W., 1985. Modelling the impacts of a river
diversion on bottomland hardwood forest communities in the Santee River
floodplain, South Carolina. Ecological Modelling, 29, 283-302.

Penfound, W.T., Hathaway, E.S., 1938. Plant communities in the marshlands of
Southeastern Louisiana. Ecological Monographs, 8, 1-56.

168



Phipps, R., 1979. Simulation of wetlands forest vegetation dynamics. Ecological
Modelling, 7, 257-288.

Randall, D.A., Wood, R.A., Bony, S., Colman, R., Fichefet, T., Fyfe, J., Kattsov, V.,
Pitman, A., Shukla, J., Srinivasan, J., Stouffer, R.J., Sumi, A., Taylor, K.E., 2007.
Climate models and their evaluation. In: Solomon, S., Qin, D., Manning, M.,
Chen, Z., Marquis, M., Averyt, K.B., Tignor, M., Miller, H.L. (Eds.), Climate
change 2007: The physical science basis. Contribution of Working Group | to the
Fourth Assessment Report of the Intergovernmental Panel on Climate Change.
Cambridge University Press, Cambridge, United Kingdom and New York, NY,
USA.

Reyes, E., Martin, J.F., Day, J.W., Jr., Kemp, G.P., Mashriqui, H., 2004. River forcing at
work: Ecological modeling of prograding and recessive deltas. Wetlands Ecology
and Management, 12, 103-114.

Reyes, E., White, M.L., Martin, J.F., Kemp, G.P., Day, J.W., Jr. , Aravamuthan, V.,
2000. Landscape modeling of coastal habitat change in the Mississippi Delta.
Ecology, 81, 2331-2349.

Rose, K.A., Cook, R.B., Brenkert, A.L., Gardner, R.H., Hettelingh, J.P., 1991.
Systematic comparison of ILWAS, MAGIC, and ETD watershed acidification
models: 1. Mapping among model inputs and deterministic results. Water
Resources Research, 27, 2577-2589.

Siegel, E., Dowlatabadi, H., Small, M.J., 1995. Sensitivity and uncertainty analysis of an
individual plant model and performance of its reduced form versions: A case
study of TREGRO. Journal of Biogeography, 22, 689-694.

Twilley, R.R., 2003. Executive summary. In: Twilley, R.R. (Ed.) Coastal Louisiana
ecosystem assessment and restoration (CLEAR) model of Louisiana coastal
area (LCA) comprehensive ecosystem restoration plan. Final Report to
Department of Natural Resources, Coastal Restoration Division, Baton Rouge,
LA, pp. 319.

Urban, D.L., Acevedo, M.F., Garman, S.L., 1999. Chapter 4: Scaling fine-scale
processes to large-scale patterns using models derived from models: meta-
models. In: Mladenoff, D.J., Baker, W.L. (Eds.), Advances in spatial modeling of
forest landscape change: approaches and applications. Cambridge University
Press, Cambridge, UK, pp. 70-98.

Wilson, W.G., 1998. Resolving discrepancies between deterministic population models
and individual-based simulations. The American Naturalist, 151, 116-134.

Xiao, N., Bennett, D.A., Middleton, B., Fessel, K., 2002. SISM: A multiscale model for
Cypress swamp regeneration. Geographical & Environmental Modelling, 6, 99-
116.

169



CHAPTER 5: GENERAL CONCLUSIONS

The majority of the Maurepas swamp is stressed and seems to be on a trajectory
of slow degradation. The swamps have been cut off from the sustaining spring floods of
the Mississippi River for over a century, and flood control levees, abandoned raised
railroad tracks, and spoil banks from oil canal dredging have further disrupted the
natural hydrology in large areas. The lack of freshwater and sediment input and
throughput are indicated by low bulk densities, and very low nutrient concentrations in
the surface water throughout the swamp (Lane et al., 2003). Similar to other low-
elevation swamps in the southeastern United States, the Maurepas swamps are
dominated by T. distichum and N. aquatica in the canopy, and by A. rubrum var.
drummondii and F. pennsylvanica in the midstory (Conner and Day, 1976; Harms et al.,
1980; White, 1983; Visser and Sasser, 1995; Rheinhardt et al., 1998).

The field data collected and analyzed in Chapter 2 showed that, with the
exception of a few areas in the swamp interior south-west of Lake Maurepas,
aboveground biomass production, stem densities, and basal areas throughout most of
the Maurepas swamps were low and in the range of that reported for nutrient-poor,
stagnantly flooded swamps (Schlesinger, 1978; Taylor, 1985; Mitsch et al., 1991;
Conner and Day, 1992). Near-continuous flooding appears to be the largest stressor in
the swamp interior, and nutrient limitation throughout the swamp is very likely. The
combination of saltwater intrusion and flooding stress is killing large proportions of the
trees located along the eastern shore of Lake Maurepas near Pass Manchac, and most
of these areas are likely to convert to marsh or open water within a few decades (Barras

et al.,, 1994). Swamp areas on the western margin of Lake Maurepas were not as
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severely impacted by the salt-water intrusion as swamp areas near Pass Manchac, and
returned to low ambient salinity levels more quickly after the drought.

The two-species IBM | developed (Chapter 3) offers promise as a useful tool for
better understanding how multiple environmental factors (e.g., flooding, salinity) interact
with competition among trees to determine productivity over time in a swamp forest.
The swamp IBM appears quite robust in its predictions and showed good agreement
during model corroboration between model predictions and field observations of basal
areas and stem densities in the Maurepas swamp. The model predicted large negative
responses to changes in elevation (i.e., flooding duration) and to increases in salinity.
Simulations used a broad range of mean elevations, including the 90" and 10™
percentiles of wetland elevations found in the Maurepas Basin. Increases in flooding
via lowered mean elevations led to reductions in predicted basal areas, stem densities,
and annual wood production. In response to low levels of salinity (~ 1-3 psu), the
swamp IBM predicted greatly decreased basal areas similar to those observed along
the eastern lakeshore of Lake Maurepas. In an additional simulation, higher salinity
(~2-6 psu) resulted in a swift degradation of the modeled forest, quickly eliminating N.
aquatica, and leading to the disappearance of T. distichum within 50 years. Taken
together, the results of the corroboration and of the mean elevation and salinity
simulations indicate that the swamp IBM is capable, with a fair degree of reliability, of
modeling the basal area and stem density under a wide range of environmental
conditions found in the Maurepas Basin.

While the swamp IBM appears to simulate total stem density and basal area
quite well, some caution is needed in interpreting annual wood production and in

interpreting all three variables on a species-specific basis. The model showed a
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consistent tendency to overestimate annual wood production as it was measured in the
four distinct habitats that were monitored in the Maurepas swamp and that were used
as corroboration benchmarks. Also as part of the corroboration, the model
overestimated the dominance of T. distichum over N. aquatica compared to the field
data. Two possible explanations for the model to data mismatches are that there are
other local stressors affecting tree production measured in the field that were not
included in the model, or that the model’s representation of wood production and
species-specific differences in tolerances need further refinement.

Four particularly interesting directions for the further development of the swamp
IBM are a resolution of why wood production was higher than observed in the
corroboration simulations, further specification of species differences in tolerances to
salinity and flooding, the inclusion of a feedback interaction of swamp growth on
elevation, and the refinement of the seed germination and dispersal processes. The
first two directions, particularly, will require additional experimental and field data
collection. The third direction for model improvement is relating the biological
productivity to the elevation in the cells, which would then influence swamp hydrology,
and may benefit from existing wetland relative elevation change models (e.g., Rybczyk
et al., 1998). The fourth and final direction for model improvement is to refine the seed
dispersal and germination dynamics and will require a more detailed seed tracking
approach to monitor seed drift throughout the grid and to limit seed dispersal and
germination only to plots that are suitably dry.

My comparison of the IBM with the landscape model (Chapter 4) shows great
promise as a means for identifying critical aspects of both models and key data to be

collected for improving both the landscape model and the swamp forest IBM.
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Specifically, the comparison of the IBM to a broader-scaled landscape habitat change
model revealed that both salinity and flooding sensitivity should be further examined in
both models. The models showed relatively good agreement in predicting marsh
persistence and the timing of swamp conversion to marsh, but disagreed on the
scenarios that had swamp persisting as swamp. The salinity and stage used by the
landscape model that permitted swamp to remain swamp over the 100 years
consistently resulted in the IBM predicting declining basal area and thus swamp
becoming marsh.

The comparison of habitat switching responses in both models was based on
high enough salinity values (about 6 psu) to cause major mortality and was thus not a
difficult challenge for the models. Field observations in the Maurepas swamps indicated
that chronic exposure to salinity levels ranging from 1 to 4.5 psu caused 10-80%
mortality of all prevalent swamp tree species over 5 years, and swamp forests simply
cannot tolerate salinity values of 6 psu and higher on a long-term basis. Additional
comparisons using results from simulations of the landscape model with lower salinity
values should be performed to achieve a more rigorous comparison of the habitat
change predictions in both models.

Another issue raised by comparing the landscape model and IBM (Chapter 4) is
the role of flooding in seedling survival. The swamps in the landscape model are
capable of withstanding permanent flooding without any apparent consequence to
recruitment or survival. By contrast, near-permanent flooding has substantial negative
effects on tree recruitment in the swamp IBM. As it has been shown that T. distichum

and N. aquatica seeds cannot germinate under flooded conditions (DuBarry, 1963), the

173



inhibitory effect of permanent or near-permanent flooding on seed and young tree
survival is a potentially important factor that should be revisited in the landscape model.

Overall, the IBM showed higher sensitivity to changes in both salinity and
flooding than the landscape model. Whether this suggests that the coarser landscape
model would underestimate responses to changed environmental conditions, or that the
IBM would overestimate the responses, remains an open issue. The landscape model
offers a simpler biological approach but with fairly sophisticated hydrodynamics, while
the IBM offers a spatially-detailed and biologically-detailed approach with simplified
hydrodynamics. Future model development should include how best to link the
landscape approach and individual-based approach for the next generation of swamp
models needed for better understanding the rapidly disappearing coastal swamp forests
and for evaluating alternative restoration actions.

A Mississippi River diversion into the Maurepas swamp has already been
approved as a restoration project under CWPPRA, and it is currently in Phase 1
(engineering and design) of its implementation. Re-establishing the natural hydrology of
coastal swamps by reconnecting them even partially to their historic river sources is
likely to benefit the persistence and productivity of these subsiding wetlands by
restoring a natural flow of sediments, nutrients, and freshwater into these degrading
swamps in order to slow, halt, or reverse the process of deterioration (Coleman et al.,
1998; Day et al., 2000; Mitsch et al., 2001). Because of the baseline monitoring efforts
and analyses conducted to date (including Chapter 2), this restoration effort will provide
a unique opportunity to further study and model the dynamic ecosystem responses to
changes in the current gradients of flooding stress, salinity stress, and nutrient

limitation.
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Considering the ecological, economic, cultural, and aesthetic importance of
forested wetlands worldwide, a more detailed understanding of the processes of
forested wetland loss and the potential for wetland preservation and restoration is
required to ensure the future of these valuable ecosystems. Our uncertainty regarding
the long-term effects of wetland restoration efforts is exacerbated in forested wetlands
by the great longevity of the canopy trees in coastal swamps (Wilhite and Toliver, 1990),
which makes long-term habitat change detection difficult. Using the baseline field data
documented in Chapter 2, the individual-based model developed in Chapter 3, and the
comparison of the individual-based forest succession model to the existing, commonly
used landscape model in Chapter 4, the ingredients are available for the development
of the next generation of quantitative tools to be used for forecasting swamp forest
responses to changing environmental conditions and for evaluating the potential effects
of restoration actions. The next generation of models for forecasting will likely be a
combination of the individual-based and landscape models developed and evaluated in
this dissertation.
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