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ABSTRACT

MODELING INTEGRATED SOIL FERTILITY MANAGEMENT OPTIONSN MALAWI
UNDER VARIABLE SOIL AND CLIMATE CONDITIONS

by
Mary Helena Ollenburger

Sustainable agriculture requires integrated soil fertility managgnvaich relies to a
considerable extent on the presence of legumes. On-farm participatorgheeesfrica has
identified pigeonpeadajanus cajan) as a promising legume for improving fertility management
in maize Zea mays) systems. Including a long-duration legume like pigeonpea createtea tra
off between improved soil fertility and increased water stress, and isnplettte legume on
maize production will depend on soil type and rainfall regime. This effect isuiffo quantify
using short-term field trials. Using the simulation model APSIM, results &notfarm research
in Malawi were extended to evaluate maize-pigeonpea rotation and interaepsyslative to
continuous maize with modest (24kgN/ha) fertilizer inputs in all systems. Parfoenover
multiple years from system establishment was evaluated in differéngses, utilizing long-
term weather records from two sites. Despite trade-offs betweemibityf and moisture, maize
diversified with pigeonpea produced over double the yields of continuous maize on sandy, low
fertility soils, with very low risk of failure. System performance undenate change scenarios
was evaluated through modification of weather station data, including changeedath oé +/-
10% and +/-25% and temperature increases of up to 4 °C to compare a maize-pigeonpea rotation
to continuous maize at two nitrogen fertilization levels. Overall, maizdsyialthe rotation
system were maintained under climate change scenarios, though decteegereunder some
reduced rainfall scenarios. These results suggest that maize-pigegstpeascan improve

productivity in poor soils and are resilient to current and future climate ariati



ACKNOWLEDGEMENTS

Thank you first of all to Dr. Sieglinde Snapp, for taking bringing me to M8&pite my
unusual background, for giving me tremendous freedom in exploring problems, some of which
never made it into this thesis, and for supporting me throughout this entire prdwedss as
well to my committee members, Dr. Laura Schmitt-Olabisi and Dr. Alegakdrvchenko for
their support and input.

Special thanks to Dr. Wezi Mhango, without whose previous work (and data!) | wouldn’t
have been able to do any of this, and who was a great help and friend during the time | was in
Malawi.

This project was funded by the McKnight Foundation’s Collaborative Crops Riesearc
Program, as part of Legume Best Bets Il. Thank you to the foundation foritlagici&l support.
Thanks also to the collaborators in in Malawi who helped me so much: particularly to Mr
Ladson Chirwa and Ms. Esnart Kanyenda, without whose help in Ekwendeni | would have been
lost. Thank you to Mrs. Lizzie Shumba at Ekwendeni Hospital, who is quite simpéglible. |
am grateful for and humbled by the generosity of farmers who allowed us intbelus and
invited us into their homes: they are an inspiration and a motivation to me, always.

Thanks to Roger and David Stern, the greatest father-and-son math team I'megver
for hospitality and good work and great conversations. Thanks also to Thomas Mwakudisa,
James Musyoka, and Joyce Odour at Maseno University for excellent cdila®end new
friendships. Thomas and David helped me define and classify the rainfallissen&hapter 2,

and Thomas wrote GenStat code that | developed into what are neavtbal B and C scenarios.

iii



Nathan Moore first suggested | use a scenario approach to climate chalygesaTodd Benson
generously shared weather data from Malawi.

Thanks to my lab mates and friends here, to Christine Sprunger for help and
commiseration, to Brendan O’Neill for helping me with lab work, to John Green for help
grinding soils and Mark Freeman for analyzing them.

Beyond the academics: Thank you to Jeff for so much love, support and encouragement,
for an occasional second home, and for many grand adventures along the way. And for
reminding me to always update my priors.

And finally: to my parents, your love, support and encouragement has been unwavering.
You supported this work—as you have supported everything | do—with laughter and hugs and
good food when | most needed it. Wherever | go, | know that | will always haee@tpl come

home to.

iv



TABLE OF CONTENTS

LIST OF TABLES
LIST OF FIGURES
LIST OF ABBREVIATIONS

LITERATURE REVIEW
Introduction
Legume diversification for improved solil fertility
Crop models and the Agricultural Production Systems Simulator (APSIM)
Modeling maize-legume cropping systems
Climate variability and risk in rainfed agriculture
Climate change
Objectives

CHAPTER 1
Extending participatory research results through simulation modeling:
Benefits, risk and trade-offs to using long-duration legumes in Malawi
1.1 Introduction
1.2 Materials and Methods
1.2.1 Field sites
1.2.2 Model Setup
1.2.3 Analysis of model results
1.3. Results
1.3.1 Evaluation of model performance
1.3.2 Systems including pigeonpea show higher yields than continuous
maize systems.

vii

viii

17
18
22
22
24
27
27
27

28

1.3.3 Risk and yield distribution change with cropping system and over time 29

1.3.4 Nitrogen effects of legumes
1.3.5 Water stress effects of legumes and impacts on yield
1.4 Discussion
1.4.1 Integrating modeling with participatory research
1.4.2 Maize-legume systems increase maize yield with low risk oféalil
1.4.3 Soil water and nitrogen trade-offs
1.4.4 Long term impacts of maize-legume systems
1.5 Conclusions

CHAPTER 2
Modeling maize-legume systems under variable climate scenariostimeNoMalawi
2.1 Introduction
2.2 Materials and Methods
2.2.1 Generation of climate scenarios from current weather data

30
32

33

33
34
35

35
36

54
54
58
58



2.2.2 Weather data used
2.2.3 Scenarios used in simulations
2.2.4 Simulation setup

2.3. Results

2.3.1 Rainfall in climate change scenarios

2.3.2 Yield response to increases in,€@ncentration
2.3.3 Yield response to increases in temperature

2.3.4 Differences in yield response in rainfall scenarios
2.3.5 Water and nitrogen stress in maize

2.3.6 Rotation effects under climate change

2.4 Discussion

2.4.1 Soil fertility remains the limiting constraint in low input systems
2.4.2 Effects on high-input continuous maize

2.4.3 Effects on maize in rotation

2.4.4 Effects on Pigeonpea

2.4.5 Implications for use of long-duration legumes

2.5 Conclusions

REFERENCES

vi

60
60
61
62
62
63
63
65
66
68
68
68
69
69
71
72
73

90



LIST OF TABLES

Table 1.1: Properties used in APSIM solls input files

Table 2.1: Rainfall scenarios used in climate change simulations

vii

39
76



LIST OF FIGURES

Figure 1.1: Soil characteristics at field sites

Figure 1.2: Schematic depiction of time series model setup

Figure 1.3: Comparison of field-measured data and model results
Figure 1.4: Mean maize yields and years from system establishment
Figure 1.5: Cumulative probability distributions of maize yields
Figure 1.6: Mean effect of legume systems on maize yields

Figure 1.7: Risk of yield reduction in maize-legume systems

Figure 1.8: Inorganic N in soil at planting

Figure 1.9: Maize yield and cumulative nitrogen stress

Figure 1.10: Effects of legume diversification on maize yields and cunweilati
nitrogen stress

Figure 1.11: Maize yields and in-crop rainfall

Figure 1.12: Maize yields and cumulative water stress

Figure 1.13: Mean soil water stress

Figure 1.14: Maize yield and extractable soil water at critical geowth stages
Figure 1.15: Mean extractable soil water at critical plant groveitpest

Figure 2.1: Baseline (2000) rainfall estimates for Lilongwe, Mafeovn
statistically downscaled global climate models

Figure 2.2: Rainfall projections for Lilongwe, Malawi for 2050 and 2090 in two
scenarios from the Special Report on Emissions Scenarios of the
Intergovernmental Panel on Climate Change

Figure 2.3: Mean total annual rainfall in empirically generated rais¢atharios

Figure 2.4: Mean rainy season end and start dates in empirically genmanataidl
scenarios

Figure 2.5: Mean modeled maize yields in empirically generatedteliscanarios

Figure 2.6: Mean modeled pigeonpea yields in empirically generatedekktatarios

viii

37
38
40
41
42
44
45
46
47

48
49
50
51
52
53

53

75

77

78
79

80



Figure 2.7: Mean maize yields in empirically generated climaeas®s as fraction

of maize yield with baseline rainfall. 81
Figure 2.8: Percentage of years in which cumulative soil water stresszie exaeeds

ten in R75 group rainfall reduction climate scenarios 84
Figure 2.9: Mean cumulative N stress under increasing temperatures 86

Figure 2.10: Risk of yield reduction due to legume diversification in empiricall
generated climate scenarios 88

ix



LIST OF ABBREVIATIONS

APSIM: Agricultural Production Systems Simulator

COy: Carbon Dioxide

ha: Hectare

ISFM: Integrated soil fertility management

kg: Kilogram

MZ24: Maize with 24 kilograms of nitrogen per hectare fertilizer input
MZ92: Maize with 24 kilograms of nitrogen per hectare fertilizer input
N: Nitrogen

OC: Organic carbon

Rot24: Maize-pigeonpea rotation with 24 kilograms of nitrogen per hectarezértil
input applied to maize



LITERATURE REVIEW

Introduction

Improving agricultural productivity and food security in Africa has been aecttaiig
and seemingly intractable problem. While much of the rest of the world expedieapid
increases in crop yields over the 1960s and 70s with the introduction of new varieties and
increased fertilizer use of the Green Revolution, African yields have staigi@anchez, 2002).
Smallholder farmers face numerous constraints to production, including lack of axces
markets and credit, poor infrastructure and the resulting high cost and lackess swchemical
inputs (Morris et al., 2007). Due to these constraints, many smallholder faraersning
nutrients from already degraded soils, and as a consequence yields are latveanely
variable. This production environment will only grow more challenging as populigtowth
increases the pressure on already limited land, while climate changs additional risk and, in
some areas, more marginal production environments for many commor(feuogset al., 2008).

Sustainable intensification strategies are needed to improve smallha@dectprity
while protecting natural resources. Strategies for sustainable intatieffi of cropping systems
are often placed in the contest of integrated soil fertility managen&ivjl ISFM techniques
are management practices, tailored to local conditions, that make effiegeat onineral and
organic sources of fertility and improved crop varieties to increase crop pivayy®/anlauwe
et al., 2010). Increased use of multipurpose legumes has been proposed as oneastrategy f
integrated soil fertility management in sub-Saharan agriculture (Shapp2010). Integrating
semi-perennial legumes has been shown to improve productivity and reduce igldize y

variability in specific cases. Because of the extremely variablersbitlanate conditions found



in many parts of sub-Saharan Africa, it is vital to assess integratedrsiitfmanagement
strategies in order to fit management practices to environmental conditropssi@ulation
models are capable of using long weather records, soil characterizatiorfamation about
management practices to quantify interactions among these variablge{@i., 2011).
Legumediversification for improved soil fertility

Integration of legumes into cropping systems is key to implementation of ISFM
techniques, because legumes fix atmospheric nitrogen and their residues oadd this
fixed N to following cereal crops. A number of agroforestry strategies have bwaotpd, with
varying degrees of success (Gatrrity et al., 2010). Green manure kguamead/lucuna puriens
have also had limited farmer adoption, with use mostly based on benefits other than soill
fertility—for example,Mucuna is used for weed suppression. Grain legumes in rotation also
have the potential to improve soil fertility if they can generate seffigoil amelioration
through roots and vegetative cover that can be retained in the field. Pigeonpea&gioreethat
shows potential as a dual use crop, producing both a high-protein grain and pedific le
biomass, some of which senesces during the growing season and can provide a source of
intermediate to high quality organic residue (Myaka et al., 2006). In Malawomiga has
shown promise in a variety of soil types as a way to improve nutrient cyclititzée use
efficiency and maize yields in long term countrywide and pa#dtory trials (Snapp et al., 2010).
In multiple sites, use of pigeonpea in rotation increased N fertilizer fiserty by 50-120%,
indicating significant positive impacts of the rotation system on soil fgrtitarmers
consistently rank cropping systems including pigeonpea highly in participatdsy tiue to its

benefits for nutrition and food security as well as soil improvement (BezneeKair2007).



One concern in promoting increased use of long-duration, deep-rooted legumes is the
potential for increased water use and thus reduce yield of main food crops indWwenfpyear
(Wortmann et al., 2000). In semi-arid Zimbabwe, long-duration or high biomass producing
legumes depleted water in the deep soil profile, though in this sandy soil, thendifer
vanished after the first major rainfall event (Ncube et al., 2007). In addition, distuggg can
decrease the capability of legumes to fix nitrogen, reducing their gdityfdenefits (Dakora
and Keya, 1997).

Performance of integrated soll fertility management strategiésasucrop diversification
with legumes will be affected by soil type and rainfall distribution. &dgons among
management and environmental variables are difficult to demonstrate inelidneents,
because of the short duration of such experiments. Yield response of cerealdggtems in
response to long-term climate variability and climate change has noteyetdsted, and many
“outscaling” questions remain. Crop simulation modeling can be used to answer sonse of the
guestions by extending the results of field experiments based on long-terne ckc@ds.

Crop models and the Agricultural Production Systems Simulator (APSIM)

APSIM was designed as a modular modeling framework for simulatingegyvaf
cropping systems. Biophysical crop and soil modules are linked by a cenukdt®mengine
and controlled by management modules that allow the user to establish rules toticentrol
biophysical modules (Keating et al., 2003). The system runs on a daily time stepuarekre
daily climate data and a minimum set of soil data and crop variety infomegiinputs.
Management practices can be set to follow specific operations in the caseavdpecific trial is
being modeled, or to follow logical rules, as in the case of simulating manage®estss.

Crop modules



Crop modules in APSIM follow a set of routines based on physiological relationships
describing growth of plant components based on temperature, light, water, and nutrient
availability. Individual crop modules are stored as parameter files, whiktidencrop and
variety-specific relationships.

APSIM uses the Plant module to simulate all legume crops, as well ad stivers
This model uses a set of generic routines to simulate important plant growttefesa as
described in Robertson et al. (2002). Phenology is determined by thermal time and pbahtoperi
with plant growth described as transitions between a number of phases, separatedtagds
such as emergence, flowering, and maturity. Leaf development is modeled byiogmbi
functions for leaf appearance and expansion, so that the potential leaf area lisnatomof
number and maximum leaf size. The simulated leaf growth will be less than thegbteant
growth only if carbon is limiting, as may occur at very high plant populationtcemdsiomass
production is predicted initially from the plant’'s photosynthetic capacity asndieted by its leaf
area and radiation use efficiency. This biomass is then partitioned into rootslestees, and
later to grain, based on experimentally determined ratios. Root biomass is @dhwedot
length and depth based on a specific root length parameter, as well as a swtqradafining
any physical or chemical limitations that affect root penetrationalBsome of the plants
simulated with the legume model are perennial, this module allows for hareespetified
height above the ground, with or without subsequent regrowth of the plant (Robertson et al.,
2002).

Nitrogen uptake is simulated as a combination of mass flow (nitraterenéeriroots take
up water from soil solution), active uptake (diffusive uptake of nitrate and ammproats),

and nitrogen fixation(Robertson et al., 2002). The crop’s demand for nitrogen is determined by



the minimum, optimal, and maximum N concentrations in its various tissues. Requged N i
taken up first by mass flow, then by either active uptake or fixation, based omepanrsthat are
set for each crop. These can also vary based on growth phase. Thus juvenile plantsoigose r
have not yet developed nodules may be less able to fix nitrogen. Deficits ireniteagl to a
reduction in growth when compared to the optimal case, limited only by photosynthetic
capability(Robertson et al., 2002).

Water deficits also slow modeled plant growth. Water demand by the cropukatad
as a function of crop growth divided by transpiration efficiency. Soil vgatgply is calculated
using available soil water, calculated in soils modules described below, and thtepoteoots
to extract this water. Water extraction occurs in layers where roopsesent, at rates defined
by an extraction coefficient. If the soil water supply is below demamater stress factor is
used to reduce the modeled rate of plant growth from the photosyntheticatibdlrate.. Water
stress also reduces the ability of N-fixing crops to fix nitrogen, and the dafgteereduction
will vary by species (Robertson et al., 2002).

The pigeonpea module in APSIM is one instance of APSIM’s Plant module. Itsted te
on 38 datasets taken from existing literature (Robertson et al., 2001) fosleattashort, and
medium duration varieties. A long-duration cultivar was added later. The modeldshowe
generally good agreement with field data, with a few limitations. Pigedepees tend to
senesce and drop late in the growing season, so that final biomass is difficedtstaorenand to
simulate properly. The model did capture water stress accurately, but it did qoatede
account for waterlogging. The data sets used for model validation were atleabitaicentral

India, but phenological responses have been shown to be accurate for Kenyan conditgins as w



(Carberry et al., 2001). Ncube et al. (2009) modeled pigeonpea vyields in Zimbabwe and found
modeled yields and biomass were within about one standard error from mean obsele®d val

The maize module in APSIM is similar to that in many other cropping systemdsmode
and was based originally on CERES-Maize (Carberry, 1989). It simulately lrgsame crop
growth characteristics, with the addition of maize-specific traits aathsseling and silking. It
follows its own routines and not those of the generic Plant module because it was develope
earlier than other plant growth models. A key component of this module, of particular
importance for the current study, is its ability to simulate plant respottise kow fertilizer rates
common in African smallholder farming systems. Shamudzarira and Robertson @0i&) s
this response in Zimbabwe and found that APSIM simulated grain yieldsil&detevels
ranging from 0-60 kgN/ha to within one standard error of mean observed yidld&atholi
Research Station in Zimbabwe.
Soil modules

Soil processes are modeled in several different modules. Soilwat, the wateebal
model, uses a cascading layer model first developed for the CERES suite obdelp (Ritchie,
1972). Soils are input as a series of layers with set depths and volumetric water holding
capacities at key pressures. These are the lower limit (LL15, 1500 kPa), drainelinsipper
(DUL, also known as field capacity, 33 kPa), and saturation. Water flow procesiseieirunoff,
evaporation and transpiration, as well as both saturated and unsaturated verticdidlow. T
module interfaces with a separate module, SurfaceOM, which calculates deitiompbs
surface residues generated by the various crops, to account for the effeese oEsidues on

runoff and evaporation(Probert et al., 1998). This system has been shown to be very robust in



accurately modeling soil water content of different cropping systems ovege o&soils and
environments (e.g. Ncube et al. 2009, Probert et al. 1998, Keating et al. 2003).

APSIM’s SOILN module is responsible for simulating both carbon and nitrogeingycl
in soil, since these are usually coupled (Probert et al., 1998). It treats snitongsdter as three
pools, plus an additional pool consisting of fresh organic matter (FOM). Residues iatedpor
into the soil and decomposing roots first enter the FOM pool, where they are trauisifatane
either the rapid turnover microbial biomass (BIOM) pool or the slower turnover Vviaissode
humic (HUM) pool. There is an additional component of inert OM, which represents highly
recalcitrant OM and has a turnover rate on the order of centuries. In ARBIMOM is
considered to be a fraction of the HUM pool which is not allowed to decompose (Prohert et a
1998). Carbon to nitrogen ratios (C:N) are assumed to be constant in the BIOM and HUM pools.
The flow between pools is governed by carbon dynamics, with nitrogen releaseashetsoa fof
changes in C:N ratios between pools. Mineral N produced by decomposition is adaiable
plant uptake or immobilization in soil. If insufficient N is present in FOM, the rate of
decomposition is slowed (Probert et al., 1998).
M odeling maize-legume cropping systems

Accurate modeling of crop growth, nutrient flows, decomposition and other processes i
key to simulating the effect of including legumes in the cropping system. Bechlegumes’
ability to fix atmospheric B their residues tend to be enriched in N and some of this N may be
available to the subsequent maize crop. APSIM is capable of simulatingeffexds. This has
been shown for low-input smallholder farming systems in Africa, in the cagaioflegumes
benefitting sorghum (Ncube et al., 2009) in Zimbabwe, and in the case of nspiaage to

previous velvet bearMucuna pruriens) green manures in Malawi (Robertson et al., 2005).



Ncube et al. (2009) report simulation modeling of a trial conducted at Matopca &ese
Station in the semi-arid region of Zimbabwe, which tested several diffigpas of grain
legumes for their productivity and their residual effect on sorghum. The exg#rused two
varieties each of cowpe¥igna unguiculata), groundnut Arachis hypogaea), pigeonpea, and
Bambara groundnu¥/{gna subterranea) in rotation with sorghumSorghum bicolor) (Ncube et

al., 2007). Phosphorus fertilizer was applied based on soil test results, but no inorgagen nit

was applied. Nitrogen fixed by legumes was measureldr’Mmatural abundance and N

difference methods, and total biomass and yield were recorded. Soil watereaaured by
neutron probe and gravimetric methods (Ncube et al., 2009). This study showedyggoetil
agreement between model and experiment for legume growth, N fixation, and \eatéfabesr
use at the end of the growing season was underestimated, most likely duedk thevieeds
and their water uptake. The simulated response of sorghum in rotation was aoqoirediécting
total biomass, but underestimated grain yields, especially after pige&pearghum grown
after pigeonpea, model yields were up to 30% below observed yields wheregageaesidues
were incorporated. The authors attribute this discrepancy to the model notisignpilgeonpea
leaf fall during the season. Allowing for leaf fall improved the simulatechsmngyields, but
resulted in an under-prediction of pigeonpea biomass at the end of the growing seabere(Nc
al., 2009).

A study in Malawi by Robertson et al. (2005) tested the response of maize temitrog
from aMucuna pruriens green manure and developelacuna module in APSIM. Thélucuna
module was developed from the same general plant template used for pigeonpea and other
legumes, and APSIM was used to simulate growth of the green manure itself as the effect

of the green manure on subsequent maize yields. A calibration field trial wbbsb&td in five



sites and over two growing seasons from 1998-2000. At all five sites, maize wniasl ptathe
1998-99 growing season with nitrogen fertilizer levels of 0 and 69 kgN/Hylaagha was

planted in adjacent plots. In the second year, the previous maize plots wezd pligintthe same
fertilizer levels. TheMucuna plots were planted to maize with 0 and 34.5 kgN/ha. An additional
fertilizer response trial was established at Chitedze, one of the figgisitt097-98. In the
fertilizer response portion of the trial, fertilizer rates ranged @am 92 kgN/ha applied as urea.
(Robertson et al., 2005).

Field results showed variation in response to both inorganic fertilizer and tine gree
manure legume. The highest responses were seen in soils with low initial inovigagen and
low organic carbon content. When fertilizer was applied to maize folloMumyna, the
response to the green manure was only significant at the lowest fertigtyvaioich had organic
carbon contents of less than 0.7%. APSIM simulated maize yields well over teeofang
fertilizer rates and fertilizer-green manure combinations. Thus gluenle model is able to
generate the appropriate quantities and qualities of biomass, the soil moeylescassing it,
and the maize module is responsive to this type of N input in appropriate ways. The authors
reported very high variability in maize response to green manure legumelsl itnifils based on
soil, crop management, and climate factors and note the importance of usiragisimul
modeling to better identify the possible yield responses in a variety of enenbseim
Climate variability and risk in rainfed agriculture

Agriculture in sub-Saharan Africa is predominantly rainfed. Especiallyien areas,
variable rainfall leads to a great deal of variation in yields from seassgaton, making
agriculture inherently risky, particularly for farmers whose livelihood and feodrgy depend

on their crop production. Understanding the degree of climate risk and developing improved



strategies for coping with this risk are important in agricultural rebesmrd extension in these
areas.

The simplest way to quantify climate-related risk is by a stadistinalysis of rainfall
records. Where long-term records exist, valuable insights can be gained frgsisamialarious
components of these data. Stern and Cooper (2011) report several methods for amaatyaihg
data in a case study from Zambia. These include identification of sucqassitithg dates,
length of growing season, and risks of dry spells at various key points in crop grow#. Thes
types of analyses can be much more informative than simple annual or montklystotd dry
spells at key crop development stages can cause low yields or crogsfailaryear when total
rainfall appears adequate.

Crop models can expand upon these types of analyses by accounting foramracti
among climate, soil, and crop. They also allow the evaluation of cropping systems or
management strategies as methods for coping with variability. One kethsdgican be
addressed by models is the targeting of fertilizer recommendations, avkioiften based on
maximizing potential crop yield and do not accurately account for the econeatites of
smallholder farmers (Marenya and Barrett, 2009). These farmers hatesl nesources to spend
on fertilizer and also tend to be highly risk-averse. Because of this thegdetalapply
fertilizers at recommended rates. In some areas, fertilizer reeadations have been developed
that specifically consider these issues, and crop models can be used to test these
recommendations for risk and overall profitability.

In Zimbabwe, M.I. Piha (1993) developed a system of variable fertilizeicapph for
maize based on rainfall amounts early in the season. This system, which adtésals at

three sites and over three growing seasons, included low application ratespéntiag

10



followed by variable top-dressing rates of between 0 and 150 kgN/ha applied at 4 and 6 weeks
after planting and at maize tasseling. The rates varied based on the loctimiriaf site (those
located in drier regions received lower fertilizer rates) and amountndéifaip to the
application date. In this study, yields and economic return to fertilizer wgrnécantly higher
under the variable-N system than under fixed N application at the recommended rate
Shamudzarira and Robertson (2002) investigated the long-term productivity and pityfioébil
maize production using a similar approach, with low and variable N application in simsilat
fertilizer response using 46 years of daily climate data. Thesdibsith fixed and variable N
applications at rates ranging from 0 to 60 kgN total. At these low ratesibtdentse,
conditional application of fertilizer resulted in lower levels of fertiliapplication, but overall
similar yield and economic returns, with conditional application resultingghtisi lower
economic return to fertilizer. The model captured the risk distribution iniZertlesponse, and
that this response was only correlated to rainfall within a range of 250 to 550 mm alf caief
the season (Shamudzarira and Robertson, 2002). Below this level, crops failed segdrdle
fertilizer, and above it yields tended to plateau. This trend was also observéd tndigs. These
results indicate that establishing a viable fertilizer recommendatibacbaunts for resource
constraints and risk is more important than varying application rates by year.

Crop models can also be used to extend the results of short-term field ta@sooyting
for long-term variability in high productivity areas. Dixit et al. (2011) used NP8 simulate
maize fertilizer response trials to establish a profitable ratetdizZer over a 50-year simulation
dataset in Kitale, Kenya. They used extensive data from variety wiadksicted in 1977 at the
National Agricultural Research Station in Kitale to calibrate APSIMthisdcalibrated model

produced yield results which agreed to within 5% of observed yields. This study alsdedal
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and used the stochastic weather generator MarkSim (Jones and Thornton, 2000) to greate lon
term sequences of representative rainfall and temperature data wheraréhesavailable.

MarkSim uses climate surfaces interpolated from existing weattenst to create sequences of
temperature and rainfall that are statistically similar to the lomg-patterns at a given location.
This tool is potentially very useful for other studies in sub-Saharan Africagwresather data,
particularly the types of long-term records needed to evaluate risk, areni$®ing. The Kitale
study first demonstrated the validity of the MarkSim generated weathwmiyparison to a

shorter existing climate station record, then used these data to evaluatelipyabstributions

of maize yield at various fertilizer levels and weed control treasn@&hey found that given the

high yield potentials in this area, even very high levels of fertilizer cacdeomically justified.

For this analysis they use current maize and nitrogen fertilizer pricesséf &g. for N and

$0.252 kg]l for maize. In this case nitrogen applications of 150 kg/ha applied as 30 kgN at

planting and 120 kgN at 5 weeks post emergence produced a rate of return of3ail®asut
of 10 years.
Climate change

As concern over the potential impacts of climate change increases, sgdbegioping
with year-to-year climate variability are seen as key compoméhdsg-term adaptation to
climate change (Cooper et al., 2008). Climate risk management strategiggportant both
because they suggest longer-term adaptation possibilities and becauage cériability is likely
to increase in the future (Christensen et al., 2007).

Studying potential adaptation strategies is complicated by the factithate predictions
for many parts of sub-Saharan Africa are highly uncertain. In manygiaéstern and southern

Africa, General Circulation Models (GCMs) do not agree on the direction oéliathfinge,
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much less the magnitude (Christensen et al., 2007). This uncertainty is compounded &g the ne
to downscale GCM projections from their typical 100-300 km resolution to accountdbr loc
variation (Winkler et al., 2011). This can be done in a variety of different waysniyna
downscaling uses regional climate models similar to GCMs, applied ovellarsanea, to
generate predictions at finer resolution. These models are provided with boundatipieendi
from GCMs. This process is computationally intensive, and variation among RCdkrgaas
that among GCMs (Winkler et al., 2011). Statistical, or empirical, downscalisgepession
analysis to relate current climate variables found in historical weagberds to modeled climate
variables from GCMs. Although this method is less rigorous because it does not cthvesider
dynamic relationships within the climate system, well-performe@ttal downscaling has
been shown to produce similar results to RCM outputs (Wood et al., 2004). All these methods
rely on extensive historical data for parameterization, which is lackingiah of the developing
world (Jones et al., 2005).

Given the uncertainty surrounding climate change projections, one possshititadopt
a sensitivity analysis approach. This can be done by varying rainfall and temparavays
consistent with the range of possibilities for future climate and evadpjptitential management
strategies based on the range of conditions under which the managementsppactoren well.
The sensitivity analysis approach was adopted in a report by scientists frimtethational
Crops Research Institute for the Semi-Arid Tropics (ICRISAT) (Codpal,2009). This study
evaluated the impacts of 1° and 3° C increases in temperature as well as a 10@nreduct
rainfall on maize production in Makindu, Kenya and Bulawayo, Zimbabwe, and on groundnut
production in Kasungu, Malawi. Weather inputs for this study were generateddafyimg

historical data by the specified levels. While this process is relatitralgistforward for
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temperature, there are a number of different ways to generate a 10%oredurinfall amount.
For this study the authors reduced the amount of rain on each rainy day by 10%,tleaving
overall distribution of rainfall events intact. This method is likely to undenasti the effects on
agricultural production of an actual 10% reduction in rainfall, since some of theticgdwill
come on days with extremely high rainfall totals and therefore will only reduncef.
Nevertheless, the effects of this simulated climate change wercsighireductions in rainfall,
coupled with increased evapotranspiration due to increased temperatures, led imniedtuttie
length of potential growing season, by 5-10% in Makindu for example. Additionallgl, yie
reductions may be expected because increased temperatures lead to moranmagidvath and
thus lower yields. Despite these negative potential impacts, Cooper et al. (20@Bgit paper
a “Hypothesis of Hope.” They point out first that while climate change isqienj¢o reduce
potential yields, actual farm yields in sub-Saharan Africa arebeéd\w this potential level, and
second, that by using existing germplasm, such as longer-duration groundriigs/arighe case
of Kasungu, and improved management practices to conserve soil and water ayidids c
increased substantially above current levels.

Another method for using models to investigate the impact of climate chang®igpte c
downscaled global climate models or regional-scale models to GIS systdmsp models to
make regional predictions of changes in productivity. This approach was taken byohhetral.
(2009) to examine changes in maize and bean production in six countries in East Afiyca. The
used the DSSAT cropping systems model (Jones et al., 2003), with climate projectiohso
GCMs, and with representative soil profiles from publicly-available da¢gb&s produce

representative estimates of crop production under a 2050 climate scenario.
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This spatially explicit approach allows evaluation of climate changectspa a
regional level. Thornton et al. (2009) show site-specific differences foerpasziuction in this
region. While some areas will suffer from decreased rainfall and higheogtanum
temperatures for maize production, other, particularly highland areas, eorefincreasing
temperatures. In some parts of East Africa, rainfall is expected tosecresgulting in yield
improvements. Bean production follows a similar pattern, but beans show grelateedigtion
as a result of high temperatures. This large-scale view omits some of theshaalocal
production, however, and the computing power needed to run models over a large number of
pixels in these spatial simulations does not allow evaluation of complex mamdgraggies.
Case studies in specific areas can complement this broader view. While seraidaes have
been conducted (Thornton et al., 2010), integrated soll fertility managensagss such as
crop diversification with legumes have not been rigorously tested under futuatecioenarios
in Eastern and Southern Africa. These need to be explored as researisects Bitid strategies

for improving smallholder crop production that will be resilient to future climaamge.

Objectives

1. Assessing the impact of climate variability on maize-legume cropping systems in Malawi
Climate in Malawi is both heterogeneous in space and variable over timegdtgtmnet al.,
2011). Participatory field studies over three years at one site show the prodisersified
cropping systems including the long-duration legume pigeonpea. Crop simulationngodk|
be used to extrapolate from these studies to a second site, and to evaluaseciakedswith
climate variability in these systems,

2. Exploring the response of maize-legume cropping systems to climate change
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Because of the uncertainty in climate change projections for Malawoliee/fa sensitivity
analysis framework similar to that of Cooper et al. (2009) to evaluate thetinfpaimate
change on soil and crop processes in maize-pigeonpea systems. In this stilolytj@insof
rainfall as well as amount will be adjusted, allowing for changes in startcbdate of the rainy
season to result in varying lengths of season, changes in number of rainytdaya vainy
season of similar length and changes in daily rainfall amounts.

3. Analysis of trade-offs in a changing climate

Trade-offs related to use of long-duration legumes under current and futoagecliariability
will be quantified. Trade-offs between soil moisture reductions and increasagenit

availability through N fixation are expected, particularly in drier coodsi
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CHAPTER ONE
Extending participatory research resultsthrough ssimulation modeling: Benefits, risk and
trade-offsto using long-duration legumesin M alawi

Abstract
Integrated soil fertility management strategies for intensifyiog production in sub-Saharan
Africa have shown promise for improving smallholder yields. In Malawij@patory research
methods have identified pigeonp&&ajanus cajan) as a promising, multipurpose legume for
improving fertility management in maizédga mays) systems. Including a long-duration legume
like pigeonpea creates a trade-off between improved soil fertility anebised water stress.
Benefits and risk in these cropping systems will depend on soil type and rainfak r@tis
effect is difficult to quantify using short-term field trials, particlyan the context of
participatory research where variability is high. The current study peaidexample of the
integration of modeling and participatory research methods by paranregehei Agricultural
Production Systems Simulator (APSIM) with data from on-farm trials taiat@imaize-
pigeonpea rotation and intercrop systems. Model experiments at two sites—& amdbw
Kasungu—show that at low fertilization levels (24 kgN/ha applied to maize) fiteticriop and
rotation systems outperform continuous maize. While soil water and nitrogerotfa@aist,
particularly at Kasungu, the drier of the two sites, the overall effect isy@dncreased time
from establishment increases beneficial effects of both systems, anceffesds are greater in
sandy, low fertility soils than in finer-textured, higher fertility soilsskRof negative effect from
pigeonpea is less than 10% in all cases for the rotation system. Risk irojpgaschigh in the

initial establishment phase (10-30 %) and drops below 10% after 3 years. Thdsestggdst
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that maize-pigeonpea systems are viable, low-risk options for improving crop poacurad
soil fertility, and can be targeted to low fertility soils to obtain the marinbenefit.
1.1 Introduction

In the past decades, agricultural research has led to new strategiegr@atrpotential
to increase yields for smallholder farmers in sub-Saharan Africa, ddsyn the continent have
stagnated (Sanchez, 2010). Lack of adoption may be due to promotion of inappropriate
technologies, or lack of capacity in extension systems to disatgmew information effectively.
Participatory research methods have been developed to mitigate some cfgheseand have
been used in areas including plant breeding and testing of new varieties, as sodlifertility
and natural resource management. Methods such as mother-baby trials (Snapp et alke 2002)
used to create opportunities for co-learning, where researchers and feameddlaborate to
achieve research objectives. As a result of engaged research, integitdeetlgy management
strategies have been developed which incorporate fertilizer and organic ¢ggbs b
maximize nutrient use efficiency and crop productivity (Vanlauwe et al., 2010).

Simulation modeling has been used successfully in concert with field expetiorema
an agricultural development context to extrapolate findings and assessdggtypeformance
(e.g. Gowing et al. 2003; Chikowo et al. 2008). Models have also been used to match integrated
soil fertility management practices to appropriate agro-ecologichés defined by climate and
soil type (Giller et al., 2010). Crop models can be used as a tool for engagethdatmers, or
as a learning tool for policymakers. A review of these uses is found in Whitliread2©10).
Despite the clear value for inference over time and space, use of cropisinsutas rarely been
linked to participatory on-farm research (Dimes et al., 2003). There are cabsedenallenges

to model applications in this context, due to variability of the natural resource aadenznt
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environment, as well as multiple non-modeled effects on yield, such as pest asd dissaure
(Robertson et al. 2005). This complexity also creates difficulty when tryirtptaify
underlying mechanisms from field research because of the multiple soukagbflity in such
systems. Simulation modeling can be used to isolate and quantify variability dhileatads
climate variation.

The Agricultural Production Systems Simulator (APSIM) is a modulgping systems
model that has been developed for simulation of a wide variety of cropping syStecdes for
diverse crops including maize, pigeonpea, soybean, and groundnut have been developked, as wel
as modules for simulating various soil processes including water and soil carbonodyaauth
phosphorous and nitrogen budgets (Keating et al. 2003). The model has been used extensively in
Eastern and Southern Africa to simulate crop growth and development under both research
station and smallholder conditions, and has been found to perform well, including for simulating
response to nitrogen fertilizer in Zimbabwe (Shamudzarira and Robertson, 2002faandal
effects with green manure legumes in Malawi (Robertson et al., 2005). APSINsbdean
used to conduct risk analyses, using longitudinal climate records to test manageategies.

Dixit et al. (2010) used APSIM to evaluate maize response to fertilizer and acaetumns
over many years for a high-productivity site in Kenya. Shamudzarira alperfRon (2002)
explored the combined effects of N and water in a semi-arid environment, andesvigkiédr
different fertilization scenarios.

APSIM, like other crop simulation models, requires high-resolution data for
parameterization, and obtaining this data in the context of on-farm trials dicthptory
research is difficult. Ideal methods for characterizing soil profile ptiggerequire extensive in-

field measurements (Dalgliesh et al., 2009). Crop models also requireaiaii&fl rand

19



temperature data, and while methods exist for infilling missing datkeffifig et al., 1994) or
stochastic generation of daily data (Jones and Thornton, 2000), complete weatredatatis
much preferred. A challenge for integrating modeling and participatorgrotsis to determine
the true minimum data set required for adequate confidence in model results.

Integrated soil fertility management strategies including leg@smels as green manures
and agroforestry tree species, show promise for soil fertility improvenmemorthern Malawi,
participatory trials have identified diversification of maize croppindpwhe long-duration
legume pigeonpedfjanus cajan) as an integrated soil fertility management system that is
farmer preferred and shows promise for improving soll fertility (Snapp 20480). Farmers
have highly rated these systems, including pigeonpea in rotation with maize aedrgopay
groundnut Arachis hypogaea) intercrop rotated with maize. The benefits noted include food
during off-season periods, high value protein-enriched products, and improving mhigeryie
the following year (Bezner Kerr et al., 2007; Mhango et al., 2012). However, incluthng-a
duration and deep-rooted legume like pigeonpea or an agroforestry tree cromtioa rot
increases water use and thus has the potential to reduce yield of main food crops!lowhmey f
year (Wortmann et al. 2000). In addition, drought stress can decrease thetyagfdbdiumes to
fix nitrogen, reducing their soll fertility benefits (Dakora and Keya 1997).

Based on these relationships, trade-offs are to be expected betweerse/aied soil
fertility gains. The extent and intensity of trade-offs have only begun to beigated, and are
expected to be influenced by soil type and rainfall distribution. Soils in Matavapatially
heterogeneous, even over short distances (Snapp, 1998). Variability in soils, conthiribd w
multitude of confounding factors inevitably found in on-farm research, means thatyieentif

and quantifying these trade-offs in participatory field studies is neapggsible. Linking
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participatory research to modeling could markedly enhance understandingessg®c
underlying interactions among soil type, climate, and crop yields. Beiterstanding of
interactions would permit extrapolation of findings. For example, characterieraptl and
climate conditions that support long-duration legumes could play a critical nolentification

of areas appropriate for expansion of legume diversification. Evaluation oblogathere long-
duration legumes may be deployed must be based on risk of crop failure as well aal potent
benefits.

Most areas of Malawi show high temporal variability in rainflgongondo et al., 2011),
making risk of crop failure due to drought difficult to predict using short-termi fiegdls. Models
can also be used to explore potential long-term impacts of changes in managesdehhgM
studies usually reset soil parameters such as organic carbon, inorganenpiatd) soil water to
their initial values yearly or biannually to prevent carry-over ettuaswould reduce accuracy.
This limits the scope of such studies to effects measurable over one or raidByeasing
simulation models run over longer continuous time series without reset, it is ptssésefor
longer-term consequences of changes in management practices (Ceirberr2002).

Clearly, there is need to understand the risks, trade-offs, and long termquemsss of
diversification of mazie-based systems with long-duration legume specleaspgeonpea.
The objectives of this study are to:

1. Improve linkages between participatory research and modeling througbirastes
feasibility of using data acquired through participatory on-farm reseaparameterize APSIM
2. Quantify the vulnerability of rainfed maize and maize-pigeonpea systecthsaite-related
risk over time given climatic and soil constraints representative of sndgitialrming in

Malawi
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3. Evaluate trade-offs between soil fertility benefits and increased at@f wse in maize-
pigeonpea diversified systems across soil types and rainfall regimes.

1.2 Materialsand Methods

1.2.1 Field sites

Data for model parameterization were obtained from field trials conductgdrnendeni,
Mzimba district, in northern Malawi, during the three growing seasons eet2@7 and 2011
(Mhango, 2011). Yield and biomass data, as well as soils data including organic carbat cont
soil texture, and pH in surface and subsurface layers were collected froom&#-faanaged
field sites in 5 villages. Soil types at the field sites were genesalig to sandy clay textured
with low levels of organic matter, classified as fine kaolinitic, thermmctkandiustalfs
(Mhango et al., 2012). Rotation and fertility treatments used in modeling consisted of:
continuous maize with two nitrogen fertilization levels (24 and 92 kg N/ha); anpga-maize
rotation with 24 kg N/ha applied only to maize; and a maize-pigeonpea intercrop, with 24
kgN/ha. Nitrogen was applied as urea at 4 weeks after planting (WAP)2d #teeN/ha
treatments. In the 92 kg N/ha treatment urea was applied in a split applwét 23 kg N/ha
applied at planting and 69 kg N/ha applied at 4 WAP. The maize variety was MH-17, and the
pigeonpea variety was ICEAP 00040.

Field sites at each farm constitute single replications for the purpasédaxperiments,
and many non-modeled factors may have influenced yield, including pest préasye-scale
soil erosion, and livestock (Mhango, 2011). Therefore, when modeling the resuliangalistic
to attempt to precisely duplicate yield results at each farm by tajlenil parameters
individually. Importantly, soils varied among farms, and we are interested instaru#ing the

effects of this variation, so it was also not appropriate to use a single soil §ypg.ddta
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collected during baseline soil sampling in 2007 (Mhango, 2011), field sites were divigled int
three groups (Figure 1.1) by texture and organic carbon content, and solil types forgnodelin
were created to represent each group.

Soil characterization for model initiation required additional data, collexgdollows.
Four field sites representative of the three soil groups were selectadtiibonal sampling for
inorganic N, as well as deep soil sampling for organic carbon and bulk densitye(Eigju
Additional sampling was conducted at these sites in mid-July 2011. At eachcsfiota/were
selected, one plot that had been planted to a maize-pigeonpea rotation systeracand plst
with three sole maize sub-plots which had been fertilized at 0, 24, and 92 kgN/ha in tbesprevi
year. Five samples were taken from the maize-pigeonpea plot, and three seenplieken
from each of the three sole maize sub-plots. Samples were collectgdBshcm soil augur, to
a maximum depth of 120 cm,at intervals of 0-15, 15-30, 30-60, 60-90, and 90-120 cm, where
each depth interval was composited.. Samples were well mixed, air-drieg\zed t® pass a
2mm sieve, and analyzed at Michigan State University in the Snapp LaboNitcate (NO3)-
N was extracted from upper layers (0-15 and 15-30 cm) using 1M KCI and measured
spectroscopically following the method of Doane and Horwath (2003). Samplesdarcorg
carbon analysis, which were taken at all depths, were ground to powder anecnalyotal
organic carbon using a dry combustion C and N Analyzer (Costech ECS 4010, Costech
Analytical Technologies, Valencia, CA). Organic carbon vale averaged for each field site,
including both maize-pigeonpea rotation and sole maize plots, since our data confinegspre
analysis showing no significant difference in total OC content between ploen@d 2011).
Samples were also collected for textural analysis but the resulting @afasonsistent and

could not be used. At the same time, 7.6 cm cores for bulk density measurementkemesié ta
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each field site. Two pits were dug at each site and cores were takenvivdactes of each pit.

Pits were located adjacent to trial plots and dug to a depth of 1.2 m. Four cor¢skerrat

depths of 0-15, 15-30, 30-60, 60-90, and 90-120 cm and averaged by depth.

1.2.2 Model Setup

The crop simulation model APSIM was used to model all treatments. APSIM empcgs of

daily weather data, including maximum and minimum temperature, pre@pitatid solar
radiation. For model validation, daily rainfall data (1945-2011) and long-term avecagelyn
temperature data were available from the Zombwe Extension Planning ppeaxienately 5

km from the field sites. Weatherman, a part of the DSSAT software sigke(iRg et al., 1994),
was used to generate daily temperatures and solar radiation, as wdilla®me gaps in the
rainfall record. Missing values in rainfall records were concentratedgldry seasons, so

should have limited effect on model results. Zombwe (11.33°S, 33.82°E, altitude 143 m.a.s.l.)
has an average of 783 mm of rain per year, with a standard deviation of 203 mm. The model was
also run using a long-term record (1927-2010) from Kasungu, Malawi (13.03°S, 22.45°E,
altitude 1036 m.a.s.l.), also infilled using Weatherman, to investigate the apjiczlihis

system to a slightly drier site in a different part of Malawi. Kasungwahasserage of 739 mm

of rain per year, with standard deviation 247.

The soils modules in APSIM require soil moisture content at permanent wilting point
field capacity, and saturation, bulk density, organic carbon content, and pH. From feld dat
three APSIM soil input files were created to represent the range abNityien soil types
present in field experiments. Organic carbon from deep samples collected in 2011 ragschve
by farm and depth, and two of these average profiles were selected for uganas @arbon

inputs for modeling. Water holding capacity parameters were derived froumet@nd bulk
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density using pedotransfer functions following Saxton and Rawls (2006). This method was
selected based on evaluations of a number of common pedotransfer functions by &ijama
(2002). Their analysis found that an earlier version of Saxton and Rawls’ methe¢ah(8gal.,
1986) performed the best out of the eight methods they tested. The updated versioreused her
similar. Bulk density and organic carbon measurements described above from 2plliigsam
were used. Texture at depths from 0-30 cm was calculated as the avenageaah of the three
soil groups (Figure 1.1) defined from previous (2007) data (Mhango, 2011). The hagtiést-f
soil (Soil HF) is 0.78% organic carbon (OC) 63% sand, 27% clay in the topmost 15 cm. The
medium-fertility soil (Soil MF) has similar texture but 0.58% OC in the topsod,the low-
fertility, sandy soil (Soil LF) has the same OC content as soil two, but hghex r9%) sand
content. Data for soil texture below 30 cm was not available because of ddfauith
processing of deeper soil samples, so properties below this were assumed tdeod, cons
following Chikowo et al. (2008). Field examination of soils did not suggest any majogeha
soil texture at depth.

There were two types of model runs used: an evaluation model, and a time-series mode
The evaluation model was created to mimic five of the experimental treatioetite years
2009-2010. The time-series model used the full length of weather records from Zombwe (66
years) and Kasungu (83 years), and was run without reset for ten-yeaeties.
Evaluation model

The evaluation model includes simulations of continuous maize controls at 24 and 92 kg
N/ha as in the field trials. A pigeonpea-maize rotation system with 24 kgN/hadappimaize
years only was simulated for both entry points, to provide annual yields for both meize a

pigeonpea. A maize-pigeonpea intercrop was also simulated at 24 kgN/ha $eadhations
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used maize cultivar MH 17, already parameterized in APSIM, at a plantydefn3i7 plants/rh
The built-in long-duration pigeonpea cultivar showed satisfactory performamgejiven the
lack of available calibration data it was used without modification. This wategdlat lower
density (2.2 plants/fto account for high plant mortality and insect damage in field experiments.

Solil nitrogen, organic carbon, surface residues and water content weitaliead on
July 15every year in the case of the continuous maize and intercropping systemsrtatelim
year to year carryover errors and every two years (after maize hangegrior to pigeonpea
planting) for the rotation system, in order to accurately model the maizkrgsponse to
pigeonpea in the previous year. Surface organic matter was set to 300 kgihaesidizes,
consistent with farmer practice. Initial inorganic nitrogen (asteitnaas set to the average of
measured values for fields that had been previously planted to unfertilizesl thaiz adjusted
slightly, both to better match yields in the continuous maize systems and to paegentinps
in soil N at reset, which would bias comparisons between rotations (resetvewsmars) and
other systems (reset yearly). This simulation was run using weathdoidZatanbwe, for the
years 2008-2010.
Time series model

The second set of simulations was identical to the first in overall setup $utimvéor
both Kasungu and Zombwe, for the entire duration of each weather data set:s8# Y&esmungu
and 66 years at Zombwe. These simulations were run over ten year tieseaselnot reset each
year. This allowed novel insights into the medium to long-term impacts of udingraified
system. In order to maintain the high level of replication possible with the leather data
records available, the simulations were duplicated ten times, with sestidaequential years

such that each year from system establishment was represented inleadarogear (see Figure
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1.2 for a schematic representation). Residue management was performeelydparach
crop: 80% of maize residues were removed to avoid early-season immobilizatiamhodhN
otherwise substantially reduced yields, while pigeonpea residues wenedrated. The same
soil profiles were used for both sites. These profiles are consistent withcguelipes measured
on smallholder fields in the Kasungu area (Phiri et al 2010), though soils there tenddstbe
similar to the lower fertility, sandier type (Soil LF).
1.2.3 Analysis of model results
Analysis was conducted using the statistical software R (R DevelopraemiT€am, 2011).
Models were fitted using the built-in linear modeling function Im(), whichutates standard
model diagnostics for linear fixed-effects models. Because the objective data analysis here
is largely exploratory, we focus on trends in the model results that illustreézlying
mechanisms. To simplify the analysis, the time since reset, represiaminigom establishment
of the system, was grouped into first-year, early (years 2-4), maas($e7) and late (years 8-10)
periods. Analysis excluded the first year, because no rotation effect isezkpeéore year two.
1.3. Results
1.3.1 Evaluation of model performance

Results in the evaluation model were generally within one standard deviation of
measured maize yields and biomass (Figure 1.3). In most treatments nyoeldiedre above
the experimental mean yield. This slight over-prediction of on-farndyislto be expected,
since we are comparing model results, which do not account for pest and disesise pte on-
farm yields, where these have significant impacts. Model yield is ndtaklyn ON continuous
maize treatments, but shows good agreement in all treatments considerdthie gexies

simulations.
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Pigeonpea yield and biomass were overestimated by the model, however for
indeterminate long-duration pigeonpea such as that used in these trialseaestimaation of
total biomass and yield is difficult because of early leaf senescehnise combined with high
levels of pest pressure, means that it is probable that field-measelctdrnal biomass are lower
than would be expected when considering only model-simulated effects. Meanadeasur
pigeonpea yields in 2008 and 2009 ranged from 119 to 266 kg/ha, with a maximum reported
yield of 953 kg/ha in the rotation system in 2009. Mean biomass ranged from 806 to 3307 kg/ha,
with a maximum of 7040 kg/ha, again in the rotation system in 2009 (Mhango, unpublished data)
Modeled yields ranged from 263 to 698 kg/ha, and biomass ranged from 3016 to 6981 kg/ha.
These modeled yields and biomass, are consistent with results reported red{®&lviaka et al.,
2006).

1.3.2 Systems including pigeonpea show higher yields than continuous maize systems.

Results of the time series model showed that rotation systems outperformedozmnt
maize on all soil types and at both Kasungu and Zombwe (Figure 1.4). The intescitgdran
lower maize yields than those in continuous maize in the most fertile soil &l in the
early period in Zombwe. For the same soil type and period at Kasungu the intercnagegdrod
similar yields to continuous maize. In all other periods, and for the other soil type yields
in the intercrop were better than those in continuous maize. All systems improveduotuity
over the course of the 10 years between resets, with most of the increase commnidpevfirst
five years. Continuous maize yields increased slightly with time, becailsersditions in year
one represent soil status following unfertilized continuous maize. Repeatkrkfariputs and
small additions of organic matter result in improved yields over time. Yieldases between

periods were greatest in intercropping systems, while rotation systewidqar the highest yield
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overall in maize years. The greatest differences between continuous maizaizexdegume
systems was observed in the least fertile soil (Soil LF).

At Zombwe, maize yield in intercrop systems was positively coe@haith the previous
year’s pigeonpea biomass throughout the 10-year period from establishmenarRotstems
show a more complex relationship, with interactions between soil type andséstedsit period.
Early in the 10-year cycle (2-4 years from establishment), effests positive and significant
(at p < 0.05) for Soil HF, but insignificant for the other two soils. In latersyélaere was no
significant effect in Soil HF but soils MF and LF showed small negatinelsteAt Kasungu the
effect of pigeonpea biomass was minimal, and all regresSiafues were less than 0.1.

1.3.3 Risk and yield distribution change with cropping system and over time

Yield distributions are wider for maize-legume systems than for continuaas,raad
wider for intercrops than for rotations (Figure 1.5). In the early estab&nt period and in
higher fertility soils, the lowest yields of maize-legume systarashelow those of continuous
maize, and their distributions are considerably wider. Once the systemsabiisiestl, their
yield variability decreases and mean yield increases. Yield variabiltigher at Kasungu than
at Zombwe in all cases. The effect of the legume component and the probabilityeatseel
yield can be calculated by comparing maize yields in rotation and mpetethat of continuous
maize for each soil type and year from establishment. Yield effecssibsgantial, ranging up to
150% increases over continuous maize yields (Figure 1.6). Effects are mdgtasigm Soil LF,
the sandy, low fertility soil. The probability of decreased yield is lopeeslly in mid and late
establishment periods (Figure 1.7). Intercrops are riskiest, particulahg period of early
establishment, where maize yield is reduced in 10-30% of years at both IsisassK'is reduced

dramatically with time, so that in the 3-5 year period, only 4% of years showerkgigtds in
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intercrops. Risk in rotation is never more than 3.1% at Zombwe, and 6.7% at Kasungu, making
this a more stable system than the intercrop.
1.3.4 Nitrogen effects of legumes

In all systems, yield is limited by nitrogen availability, as etpeé for low-level fertilizer
applications in relatively low-fertility soils. Legume systemgs@ase the amount of nitrogen
available to associated maize crops, particularly in rotation treatmiénmgscan be seen from the
relative amounts of inorganic N in soil at planting (Figure 1.8), although some mtribgen
inputs from legume residues are not represented as they are in organic pools.

APSIM calculates a daily value of nitrogen stress for plant process$ediig
photosynthesis, biomass expansion, and grain fill. These values range from zéresg)ds
one. Summing these values over the growing season provides a measure of total sitesg
of the crop. For this analysis we use N stress for photosynthesis, since photaswithescur
throughout the growth period. The effect of N stress on yield is most cleaméivw®, the wetter
of the two sites, where nitrogen stress is clearly the dominant predict@la{figure 1.9).
Reduction in nitrogen stress accounts for most of the yield increase in botromi@nd rotation
systems in Zombwe. Yield increase is calculated as a percentage of costmaize yield by

the formula:

(1) Yield Effect =(Yield of maize-legume system — Yield of continuousze)4iYield of

continuous maize)

Reduction in N stress is calculated similarly, using model-calculated ciiveulastress for

photosynthesis over the growing season and the formula
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(2) N Effect = (N stress in continuous maize —N stress in maize-legunteagi(sN stress in

continuous maize)

Where either yield or N stress was zero in continuous maize, values whkrdee This
transformation isolates the nitrogen effects on maize due to the inclusion of pigeamgpeat
Zombwe, it provides a clear picture of the effect (Figure 1.10). RemainiradpNisy when
nitrogen stress effects are accounted for is small.

A linear model including period from establishment, soil type, and N effect as
independent variables was fitted separately to each of the rotation and inyeeldagifects data
at Zombwe. Period from establishment (grouped as above into early, mid, and late) ame soil t
were considered fixed factors, with N effect as a covariate. A simpleyZanalysis of variance
showed that main effects and interactions were significant at the p<0.05 levelssbset the
data by period and soil type. A simple linear regression of yield effect lfig&t shows that
both the slope of the regression and thelue decrease with increasing time from establishment,
with these effects most pronounced in the lower-fertility soils. The overalitndg of the N
effect also increases with increasing time from establishment.

The effect of N stress reduction in Kasungu is less pronounced. A similar mgestof
and N stress effects produces many non-significant slopes>\aides of less than 0.15 in all
cases. It is clear that while in some cases nitrogen is limitindsyielKasungu, other factors are
also important determinants of maize yield.

With long-term use of legume systems, improvements in soil fertilitybsikxpected.

Both intercrop and rotation systems increased organic carbon content in sods)grrtin the
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upper 15cm. At Zombwe, in this layer, the organic carbon content in soil HF increased fr
0.78% to 0.89% in the intercrop system and 0.86% in the rotation. Organic carbon in soils MF
and LF increased from 0.58% to 0.66% in rotation in both soils, and to 0.70% and 0.71% in
intercrop for soils MF and LF, respectively. Soil carbon in the continuous nyaitesrs
remained approximately constant in all soils. Results were simikasatngu.
1.3.5 Water stress effects and impacts on yield

Crop water stress was much more important at Kasungu than at Zombwe. In Zombwe
there were so few instances of high soil water stress that it is imposstlslant conclusions.
However, the drier conditions and longer record at Kasungu provided enough instances of
substantial water stress to allow for analysis. At this site therdesiuaetfect of rainfall. As
reported elsewhere (Shamudzarira and Robertson, 2002), this effect is most pronounced at
rainfall amounts below 550 mm (Figure 1.11). Cumulative soil water stress for yhtbiess
was calculated in the same manner as cumulative N stress describedrabases where
cumulative soil water stress was greater than one, there is astégmmship between soil water
stress and yield (Figure 1.12). Rainfall amounts in these stressedayegesip to 743 mm
(above the mean value over all years at Kasungu of 739 mm), with a mean value of 478 mm.
Both intercrop and rotation treatments are more stressed than continuous igaizel(23).
Soil water stress levels increase with time from establishmentarty in the “mid” period,
as nitrogen stress declines and yield increases, causing plants to use more wat

The effect of water stress is most pronounced at critical times in croppenasit. Using
model-identified crop stages, soil moisture content was examined early in thegysaason
(from emergence through flag leaf stage) and near flowering (ftotiation and flowering

stages). For years with low rainfall (less than 550 mm during the groe@&sgpis), mean
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extractable soil water early in the growing season and at flowdrow some correlation with
yield, though the relationship does not appear to be linear (Figure 1.14). Therdsberas
threshold effect, where extremely low soil water content results in a high driybaftcrop
failure.

Soil water status is influenced by both soil and treatment, with soil HF haviegadjg
higher extractable soil water. Maize-legume systems have lower gigliure content than
continuous maize systems, especially early in the season. Soil wateveatrfipis much closer
among systems, as soil water recharge occurs with early season (gigtai 1.15).

In Zombwe, overall rainfall amount was not well correlated with maizdsgielven for
years with rainfall below 550mm, correlations were not good. Relationships bepieétand
soil water at critical crop stages were also unclear. Yields wenevie, correlated with dry
spells of 10 days or longer during the growing season, for all rainfall amounts irotadibinr
and intercrop systems. In contrast, continuous maize yields showedralaton with dry spells.
This effect was not observed at Kasungu—in fact the number of 10-day dry spetisriedested
with a slight increase in yield.

Pigeonpea, as a long-duration crop, is more adversely affected than miazerayfall
and shortened rainy seasons, in both Zombwe and Kasungu. The effect of dry spelsiaiiser
Zombwe for maize yields is not seen for pigeonpea.

1.4 Discussion
1.4.1 Integrating modeling with participatory research

APSIM was able to realistically simulate both rotation and intercropmgstproducing

maize and pigeonpea yields similar to those observed in participatory fadsdnrNorthern

Malawi and reported elsewhere (e.g. Myaka et al. 2006, Hggh-Jensen et aM2@0F et al.
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2011). While the field data used in this study do not provide validation of long-term effects
other work has confirmed the ability of APSIM’s components to simulate longs@ifm
processes (Probert et al., 1998). We have found that with limited additional soilngpamal
processing, the data collected from participatory trials was sufficeadequately parameterize
APSIM. Some compromises were required due to limited parameterizatioddalia.
characterization of soil water retention parameters in the field was ndilpo$&xture data was
not available for deep soil layers, so following Chikowo et al. (2008) we used the values from
15-30 cm for deeper layers. While these compromises mean the precision of tiregresadel

is not perfect, it does allow us to address our research objectives, and can a¢oge s
targeting further field research.

1.4.2 Maize-legume systems increase maize yield with low risk of failure.

Overall, both intercrop and rotation systems outperformed the continuous mainé contr
treatment (Figure 1.3). As expected, we do see a trade-off between reducecistalle and
increased nitrogen availability to crops, and this leads to higher variabilityizetegume
systems. However, in nearly all years the balance of impacts from imglpidjeonpea is
positive. This confirms results of field studies in Malawi showing the berdfggyeonpea and
other long-duration legume systems for increasing productivity of maizegsnal., 2010).

The use of pigeonpea in rotation is relatively low-risk, particularly in Zomblexrevmoisture
constraints are lowest (Figure 1.6). It is rare for yields in maizespigea rotation systems to be
lower than those of continuous maize systems in the same year. Risk in rotaBamssgs
slightly increased in Kasungu, because of increased water stress, and risk edavated over
time. Intercrops are more risky, particularly in early establishiyegnts. Mean maize yields in

intercrops are lower than maize following pigeonpea in rotation. However, bezaottion
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will only produce maize in alternate years, it may be less attractfeermers than intercrop
systems, depending on the value placed on the legume crop, and the amount of land available to
satisfy maize food requirements.

There are clear differences in maize yield response to legumes duerendss in soil
type. The greatest yield benefit is seen in less fertile, sandywb#se small increases in
available nitrogen, soil cover and organic carbon are most beneficial. Yields unzedegame
systems at Zombwe after 10 years were the same across all thtgpeso(Figure 1.3), despite
continuing differences in continuous maize yields. At Kasungu differencesiltype persist,
particularly between soils HF and LF, the finest and coarsest-textured@lsske differences are
most likely caused by the higher soil water stress in the sandier sodatdia
1.4.3 Soil water and nitrogen trade-offs

It is clear that a trade-off exists between increased availabbgeit and higher soill
water stress in legume systems. However, in both sites discussed helfectseo&increased
nitrogen greatly outweigh the increases in soil water stress. The twcsfectobined explain
nearly all of the variation in yield, particularly in the rotation. At Zomblaeeriitrogen effect is
clearly the dominant predictor of yield (Figure 1.8). When yields occumimgater-stressed
years are removed at Kasungu, N stress becomes similarly dominant. Tharges arhount of
remaining variability in the intercrop, some of which is most likely cabgezbmpetition for
light between maize and pigeonpea.

1.4.4 Long-term impacts of maize-legume systems

The potential long-term yield increases from maize-legume systentonsiderably

greater than the benefits seen in the first year. This long-ternt isfidifficult for farmers to

consider, given the high discount rates they apply to future yields (Waddington iagniKah,
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2001). Long-term impacts on soil carbon are difficult to measure in on-farm bréglguse the
huge variability in these soils disguises any changes over short times fiagspite the potential
models have for contributing to understanding these soil processes, most modelesyresedi
soil variables yearly. This is due to the possibility for compounding errors ayeity carbon
and water from year to year. While longer duration continuous (non-reset) modelaymssult
in less precise yield measurements, they allow modeling to contribute tesiddreoncerns
about long-term impact. Further modeling efforts, especially when combitietbng-term
field experiments, would provide important additional information.
1.5 Conclusions

The approach used here to integrate modeling with participatory reskaveh @omise
for scaling out results of such research and for generating new insightesolts show that
maize-pigeonpea cropping systems are viable, low-risk options for improving croptpnonduc
and soil fertility with minimal reliance on external inputs. Soil moistecgiirements of the
intercrop systems posed some risk of maize yield reduction, but only for takyieérs of
adoption. Trade-offs between increased nitrogen availability and decreasedistilre may
pose a barrier to adoption at sites drier than those considered here. Pigeonpea gatededar
low fertility soils to obtain the maximum benefit, and has potential to ameiohalenges to

production in these soils.
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Figure 1.1: Soil characteristics at field sites, topsoil (0-15 cm) deptbralicate groups used
to generate the three soil types used in modeling. HF=high fertility M&Bium fertility,

LF=low fertility. For interpretation of the references to color in timd all other figures, the
reader is referred to the electronic version of this thesis.
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Figure 1.2 Schematic depiction of time series model setup. Simulations aentinuously for
ten years, after which soil parameters are reset. Model is run ten(tig three runs are shown
here) with staggered start dates to maintain high levels of replication.

Year
1946 1947 1948 1949 1950 1951 1952 1953 1954 1955 1956 1957 1958 1959 1960
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Table 1.1: Properties used in APSIM soils input files. See text for field datarused |
characterization.

Depth | Wilting Field Saturated | Bulk pH | Organic
point capacity water density carbon
(cm) (mm/mm) | content (%)
(mm/mm) (mm/mm)

Soil HF | 0-15 0.15 0.24 0.41 1.50 6,0 0.78
15-30 0.18 0.28 0.42 1.47 5/5 0.60
30-60 0.18 0.28 0.42 1.47 5/5 042
60-90 | 0.18 0.28 0.42 1.47 55 0.23
90-120 | 0.18 0.28 0.42 1.50 5/5 0.19

Soil MF | 0-15 0.14 0.22 0.44 1.50 6,0 0.58
15-30 | 0.13 0.21 0.40 1.60 6/0 0.38
30-60 | 0.13 0.20 0.38 1.70 6/0 0.27
60-90 0.13 0.20 0.35 1.70 6/2 0.20
90-120 | 0.13 0.20 0.35 1.70 6/5 0.20

Soil LF | 0-15 0.076 0.13 0.41 1.53 6/J0 0.58
15-30 0.11 0.17 0.40 1.50 6/0 0.38
30-60 0.11 0.17 0.40 1.51 6,0 0.27
60-90 | 0.11 0.17 0.35 1.60 6/0 0.20
90-120 | 0.11 0.17 0.35 1.60 6/0 0.20

Properties in all soils

finert fbiom Initial NO3

(kg/ha)

0.6 0.03 1.0

0.7 0.02 1.0

0.8 0.02 15

0.9 0.01 0.5

0.95 0.01 0.25
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Figure 1.3: Comparison of fieloheasured data and results f simulationmode used for
evaluation. Means reportéor maize biomass and grain yield fr 20092010 field
experimentation at Ekwendemialawi (column). Error bars are standard deviations from
mean. Where columree missing, field data was not available. Pcrepresent modeesults
from simulations run on three soil types. Treatraare described in methods.
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Figure 1.4: Mean maize yields for 10 years from system establishanghtde cropping
systems in three soil types. Time series model results averaged owar8atyKasungu and 66
years at Zombwe, northern Malawi. Error bars are standard errors of the metdremane
time period. Variation is based on differences in weather from yeaatoSeil types defined in
methods. HF=high fertility, MF=medium fertility, LF=low fertility.
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Figure 1.5: Cumulative probability distributions of maize yields for threpping systems in three soil types. Time series model
results from simulations of 83 years at Kasungu and 66 years at Zombwe, mbftéhawi. Results plotted separately for each soll
type and period from establishment. Periods early, mid, and late refer tdrgeass/stem establishment: 2-4, 5-7, and 8-10
respectively. Soil types defined in methods. HF=high fertility, MF=medentilify, LF=low fertility.
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Figure 1.5 (cont’'d)
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Figure 1.6: Mean effect of legume systems on maize yields as peraeatsmover continuous
maize yield. Continuous maize yield represented as zero. Time sede$ masults over 83 years
at Kasungu and 66 years at Zombwe, northern Malawi. Periods early, mid, antelate tiene
from system establishment: 2-4, 5-7, and 8-10 years respectively. Erroréoataralard errors
of the mean. Soil types defined in methods. HF=high fertility, MF=mediunfitiertiF=low
fertility.
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Figure 1.7: Risk of yield reduction in maize-legume systems, as pageeot years where maize
yield in maize-legume system is lower than in the continuous maize systera.sdiies model
results from simulations of 83 years at Kasungu and 66 years at Zombwe, mbtéhawi.
Periods early, mid, and late refer to time from system establishment: 2-4n&-8-18 years
respectively. Soil types defined in methods. HF=high fertility, MF=medentlity, LF=low
fertility.
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Figure 1.8: Inorganic N in soil at planting for three cropping systems indbretypes. Time
series model results from simulations of 83 years at Kasungu and 66tygansbave, northern
Malawi. Periods early, mid, and late refer to time from system establgh#d, 5-7, and 8-10
years respectively. Soil types defined in methods. HF=high fertility, ivdgium fertility,
LF=low fertility.
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Figure 1.9: Maize yield and cumulative nitrogen stress in three croppireysyst three soill
types. Cumulative N stress calculated from model factor, see results detailed
description. Time series model results from simulations of 83 yearsahffaand 66 years at
Zombwe, northern Malawi. Periods early, mid, and late refer to time from sgstatvlishment:
2-4, 5-7, and 8-10 years respectively. Soil types defined in methods. HF=higtyfertili
MF=medium fertility, LF=low fertility.
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Figure 1.10. Effect of legume diversification on maize yields and cumulatreg@n stress relative to continuous maize at the same
fertility level. Continuous maize yield is zero. Negative N stress tEnlufx axis) values correspond to increases in nitrogen stress.
See Results for further information. Time series model results fromationgd of 83 years at Kasungu and 66 years at Zombwe,
northern Malawi. Results displayed are from early period (years 2-4 jrstens establishment). Regression lines are significant at

p<0.05 and shaded region represents standard error of the regréssaues for regression lines range from 0.65 to 0.87. Soil types
defined in methods. HF=high fertility, MF=medium fertility, LF=low fé&tyi.

Rotation Intercrop
Soil HF Soil MF Soil LF Soil HF Soil MF

Soil LF

200 - 4 H

*
*

@,

Yield effect (%)
01 — —
s 8 g

o

|
w
(o]

| | | | | | | | | | | | | | |
0 204060 0 204060 0 204060 -300 3060 -300 3060 -30 0 30 60
N stress reduction (%) N stress reduction (%)

48



Figure 1.11: Maize yields and in-crop rainfall for three cropping sysitetinsee soil types.
Time series model results from simulations of 83 years at Kasungu and 66t y&ardae,
northern Malawi. Results are restricted to in-crop rainfall below 550 mm. tepessent linear
regression with intercept forced to zero and are significant at p<0.05. Shadezgpegeants

standard error of the regressio%values for regression lines range from 0.82 to 0.95. Solil types
defined in methods. HF=high fertility, MF=medium fertility, LF=low fé&tyi.
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Figure 1.12: Maize yields and cumulative water stress for three cropstegs in three soll
types. Time series model results from simulations of 83 years at Kaand6 years at
Zombwe, northern Malawi. Points with cumulative soil water stress less thaneonet a
displayed. Results are from mid period, 5-7 years from system estabiisi8o# types defined
in methods. HF=high fertility, MF=medium fertility, LF=low fertility
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Figure 1.13: Mean soil water stress for three cropping systems in thrggoesi Time series
model results averaged over 83 years in Kasungu, northern Malawi. Errehbarstandard
errors of the mean. Periods early, mid, and late refer to time from systdfistshent: 2-4, 5-7,
and 8-10 years respectively. Soil types defined in methods. HF=high feMiktymedium
fertility, LF=low fertility.
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Figure 1.14: Maize yield and extractable soil water at critical geowth stages for three cropping systems in three soil types. Time
series model results from simulations of 83 years in Kasungu, northern M&taailts displayed are from mid period (3-5 years
from system establishment). Points shown restricted to years with inaendglrless than 550mm. Soil types defined in methods.
HF=high fertility, MF=medium fertility, LF=low fertility.
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Figure 1.15: Mean extractable soil water at critical plant growtiestéor three cropping systems in three soil types. Time series
model results from simulations of 83 years in Kasungu, northern Malawi. Respltsydisare from mid (3-5 year) period from
establishment. Error bars are standard errors of the mean. Soil types defmetiods. HF=high fertility, MF=medium fertility,
LF=low fertility.
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CHAPTER TWO
M odeling maize-legume systems under variable climate scenariosin Northern Malawi

Abstract
Climate change has the potential to impact food security in sub-Saharaam Béidetails about
future weather patterns, particularly rainfall, are uncertain. We aleveéthods to create climate
change scenarios by combining a variety of rainfall scenarios with ses@atemperature. This
allows for exploration of alternative possible future climates, and faegigtteater participation
in the research process, since scenarios generated are transparesy tmdrederstand. We use
scenarios including temperature increases of up to 4 °C and rainfall chargd9és and +/-
25%, with different rainfall distributions to evaluate a promising rotation systenaize and
the long duration legume pigeonpea. Its performance compares favorably undecliionate
scenarios to continuous maize at 24 kgN/ha and 92 kgN/ha. Maize in rotation outperforms
continuous maize at the same level of fertility, and shows smaller yieideteat high
temperatures than high fertility maize for all the rainfall scenaeisted.
2.1 Introduction

Increasing awareness of the potential impacts of climate changemproduction and
food security in sub-Saharan Africa have led to a number of efforts to quantify andtander
these effects (e.g. Thornton et al., 2010; Doherty et al., 2010; Twomlow et al., 2008)edtri
that agronomic recommendations must take into consideration the potential response of the
proposed management and technological systems to a changing climate.

The 2007 report of the Intergovernmental Panel on Climate Change (IPCGg®title
broad-scale consequences that will likely result from changes in climateb-Saharan Africa,

the report forecasts that by the end of th& @&ntury, temperatures will rise by over 3 °C.
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Projected rainfall changes are more variable (Christensen et al., 2007). d@wthagid regional
climate models (Thornton et al., 2009) project precipitation increases in Emst &id
decreases during some portions of the year in Southern Africa (Christ¢ase2@07). In order
to evaluate the impact of climate change on a local scale, the latggxsgactions provided by
global climate models must be downscaled to account for local variability in t@bhggend to
translate long-term changes in climate to changes in short-term wpattezns (Winkler et al.,
2011). This process is complicated in sub-Saharan Africa because of a sslatisigy of high-
quality and long-term weather station data.

In addition to the uncertainty of climate predictions, evaluating the outputstiesa
models is difficult. For many scientists, and more so for farmers and extets) the models
can seem like “black boxes” whose outputs must either be taken at face value otetgmple
rejected. This dichotomy can be especially problematic when farmecggtiens of climate
change are different from those predicted by the models. Farmer surgeyRae et al., 2011,
Thomas et al., 2007, Mertz et al., 2009) report common beliefs that rainfall issilegrea
becoming more variable. While these beliefs may not be confirmed by metecabhigia (Rao
et al., 2011), they do influence farmers’ thinking and may contribute to adoption or non-adoption
of technologies.

One way to engage stakeholders in climate change impact analysis \elmpag
potential future scenarios and modeling their impacts (Swart et al., 2004)opiagatlimate
change scenarios that can be easily understood without detailed knowledgeatd stiience
could be a tool for more engaged research on the subject. Using these types afssakomayi

with crop models can allow testing of current technologies as well asipbtataptation

strategies. Such simulations can also be used to explore interactions amosgtadias C
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concentration, temperature, and rainfall (Ludwig and Asseng, 2006). A scenargisanaly
approach was used by a group of researchers from the International €sgasdR Institute for

the Semi-Arid Tropics (ICRISAT) (Cooper et al., 2009), who evaluated the impattsaafl 3°

C increases in temperature as well as a 10% reduction in rainfall on maize iproduct

Makindu, Kenya, and Bulawayo, Zimbabwe, and on groundnut production in Kasungu, Malawi.
Weather inputs for the Cooper study, as for Ludwig and Asseng’s study on wihegtialia,

were generated by modifying historical data on each day: increasing &unpsrand reducing
each day’s rainfall amount by 10%. For systems with high input use, thisesufignificant
decreases in yield, but for low-input systems the effects were minilmakeffect of temperature

on yield was more significant than that of rainfall, due to the combination of iedreas
evaporation and more rapid phenological development. This led to alterations in duration of
growth and timing of maturation (Cooper et al., 2009). The simple perturbation methodrused f
changing rainfall did not account for potential changes in distribution that couldldétetent
degrees of impact. Rainfall distribution can have marked impacts on crop andEmiseeand
these impacts should be further explored (Stern and Cooper, 2011).

Malawi, as it is located in a transitional area between East and Southiea) Afis an
extremely uncertain climate future. Novel cropping systems includingtigeduration legume
pigeonpea (Cajanus cajan) have been widely adopted in areas of northern Matearlagsr
around Ekwendeni, Mzimba district (Snapp et al., 2010). Participatory action resesthods
have been key to the development and adoption of these systems, and farmers andrsesearche
are interested in expanding this effort to evaluate the response of legunsifidovslystems to
climate change. In this area, model agreement among GCMs is not good4Qseiset al.

2007), and downscaled climate forecasting systems fail to accuratelytestumant conditions.
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The Climate Information Portal of the Climate Systems Analysis Gaibtipe University of

Cape Town, South Africa (Climate Systems Analysis Group, 2012) has madélavaila
statistically downscaled results for a number of locations including LilengwCentral Malawi.
At this location all climate models, when used to generate baseline ram&kstimated both
numbers of rainy days and total rainfall amounts (Figure 2.1) when cainpasbserved data.
Model projections for precipitation in Lilongwe in 2090 range from a 23% reduction to a 13%
increase in the A2 scenario, with the majority of models projecting slightatess (Figure 2.2).
There are slightly smaller deviations in the B1 scenario. This degree ofainigeralong with

low confidence in model accuracy given difficulties in representing curcegrditions, does not
provide useful guidance to those interested in developing adaptation strategiessFarm
meanwhile, believe that rainfall is becoming more erratic and that saasons are starting later
(Bezner Kerr, personal communication).

The Agricultural Production Systems Simulator (APSIM) has been exédngested in
Eastern and Southern Africa, and is able to simulate low-fertility smalihodeelitions as well
as grain yield response to legumes (Robertson et al. 2005, Shamudzarira and Robertstin 2002
includes modules for crops including maize and pigeonpea, as well as soils modules f
simulating processes including water, carbon, and nitrogen (N) dynamasn@fet al., 2003).
APSIM was used previously at the same Malawi sites to explore theseffemtirrent climate
variability on yields in smallholder systems (Chapter 1). That study showes/#tams
including pigeonpea had higher yields than continuous maize systems, but somédraxisto
between the nitrogen benefits from an N-fixing legume, and increased sailstratss from a
longer-duration crop. Given these trade-offs, it is important to understand the poiskfiad

crop failure in a warmer and potentially drier climate.
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The objectives of the current study are to develop a realistic assesdrokmate change
impacts on smallholder maize-based cropping systems through the following:
1. Develop methods for creating climate change scenarios by varyingdousmteand distribution
of rainfall in a historical record.
2. Use APSIM to evaluate the performance of smallholder maize and maizeslegapping
systems under climate change scenarios in northern Malawi
3. Determine the degree to which increases in temperature and changaslinmarease soil
water stress and impact nitrogen availability in maize-based cpppstems.
2.2 Materialsand Methods:
2.2.1 Generation of climate scenarios from current weather data
Rainfall has two basic characteristics: amount, and distribution. The diginlof rainfall —
the number of rainy days, number and distribution of dry spells, length of rainy season
often more critical to crop production than the total amount of rainfall (Barron et al., 2003)
Therefore, changes in both amount and distribution should be considered when examining the
sensitivity of a cropping system to changes in rainfall. To do this we have delelspé of
functions for use with the R statistical software package (R DevelopmenT €amg 2011)
which add, remove, or redistribute rainfall in various ways.
Changing rainfall distribution by removing rainy days
This is accomplished by a set of functions which remove a percentage ofgeragtifall from a
user-selected fraction of rainy days or rainy spells. Rainy daydeéireed by a minimum
threshold rainfall amount, with default of 0.85 mm. The existing rainfall record proudeaci
year, a stochastic rainfall pattern, so the removal is deterministicira is kept of rainy days

and thenth day is removed each time. It is possible to vary the days selected by \theysigrt
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of the count, to check for artificially inflated or reduced rainfall totaletbas single large
events. Rainy spells can be of length one or greater. For spells, the couns wadveased by
one on the first day with rain, where the previous day is dry, and thus remains the same
throughout the spell.

A secondary set of functions redistributes removed rainfall, by dividing it eaeryng
all remaining rainy days or on a fraction of rainy days, to reach a splegtfad percentage of
original rainfall. This percentage can be either greater than ohksshe original total. By
restricting these functions to a date-defined fraction of the full datas#gli changes can be
constrained to calendar months or seasons.

Changing season length

Adjusting growing season length requires first identifying the stareadaf the rainy
season. This is done according to criteria that can be set by the user. Steoo@erd(2010)
define the first period of three days with greater than 20mm total raiafédesbeginning of the
rainy season. They define the end of the rainy season as the first datswitiah 10mm total
rainfall in the preceding 10 days and no rainfall in the following 20 days as the éwdrairty
season. We use these definitions. The search domain for these dates will dependasoriaé se
rainfall patterns in the area: for Malawi we use November through Januahg fetatt date, and
April through June for the end date. Once start and end dates are defined, raiofzdl samd
redistribution functions can be applied around these dates in order to shorten or exteng the rai
season. This can be done either by counting rainy days from start or end dayeggeating a
new data structure by extracting a period of days to be used as input to theagidakhl r

redistribution functions.
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All functions are designed to be applied over one year, which can be defined by the
calendar year, or by creating a harvest year variable that begins and acctrdance with
growing seasons. Creating a harvest year variable is helpful farldeséhat of Southern Africa
where the growing season begins in one calendar year and ends in the nextsHaekayssly
developed for R such g@byr (Wickham, 2011 allow functions to be applied individually to
years within a longer data set, or simultaneously to records from mulagitenst streamlining
the creation of model-usable weather data files (Script is available assepphry material to
the electronic version of this thesis or by contacting the author at mollenbymeail@om)

2.2.2 \Weather data used

The two sites used for this study are Zombwe (11.33°S, 33.82°E, altitude 143 m.a.s.l.), near
Ekwendeni, and Kasungu (13.03°S, 22.45°E, altitude 1036 m.a.s.l.). The data available had long
daily rainfall records, from 1945-2011 in Zombwe, and from 1927-2010 in Kasungu
Temperature records in Kasungu were available from 1987, in Zombwe only longzterthly

mean temperatures were available. Weatherman, in the DSSAT 4.0 applicagqRisl#ring

et al., 1994) was used to fill in missing data in both records and to generate sol@mnradia
estimates. Annual average temperature at Zombwe was 20.5 °C, and at KasungurB&ah°C,;
annual rainfall is 783 mm/yr at Zombwe and 739 mm/yr at Kasungu.

2.2.3 Scenarios used in simulations

The rainfall scenarios used here were chosen to represent the rangectiesate model
projections for the area. While some models project large percentaggshamainfall during
the dry season (June through September), rainfall amounts during these monthslave (sere
Figures 2.1 and 2.2). Overall, the projected changes in rainfall amounts are withaf 25%

current rainfall, so scenarios were developed within this range. A variety ibutisins were
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tested for each rainfall amount, to examine the sensitivity of yield to ddfehanges in
distribution. Rainfall records were modified in several ways. First, a sebdérate rainfall
reduction scenarios with rainfall reductions of about 10% were generated (@0uBRcond,
a group of increased-rainfall scenarios were generated, with increasés ahti®5% (Group
R+). Third, a set of worst-case rainfall reduction scenarios were gethefélese included 25%
reductions in rainfall across the growing season, as well as reductioriedamgeritical early-
season periods also leading to approximately 25% reductions in total raintalp(Bv5).
Rainfall removal patterns in each scenario are described in Table 1. Eaah sastiario was

simulated for temperature changes in increments of 1° from 0°C to 4°C increasethaed a
CO», concentration levels: 350, 500, and 700 ppm. The APSIM baselipe@tentration is

350 ppm. Temperature increases of approximately 2 °C are predicted by 2050, and afcrease

between 3 and 4 °C are predicted by the end of the centupcd@@entrations of 500 and

700ppm are consistent with the IPCC Alb scenario for 2050 and 2090 (Christensen et al., 2007).
2.2.4 Smulation setup

Simulations were designed to follow the experimental setup described in Chapteatments
simulated were continuous maize with the addition of fertilizer at two lex¢land 92 kgN/ha,

and a maize-pigeonpea rotation with 24 kgN/ha applied to maize, simulated with bottanthize
pigeonpea entry points to provide a maize yield value in each year. Fewdigapplied as urea,

at 4 WAP in the treatments with 24kgN/ha, and in the treatment with 92 kgN/ha as a split
application with 24 kgN/ha at planting, 68 kgN/ha at 4 WAP. Simulations were run feniié |

of the rainfall record at each site: 66 years at Zombwe and 83 year aigkiaSwil carbon and
nitrogen in these simulations were reset on July 15, before planting pigeonpeaaisetio¢ the

rotation system, and yearly in all other treatments. Soil water wasealltorcarry over between
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seasons. Planting was set to occur on the first instance between November 15 ag@0anuar
where there is greater than 20mm of rainfall over 3 days, with a minimumaisilure of 15

mm. This is a common planting condition for the area (Stern and Cooper, 2011). 85% of maize
residues were removed, following farmer practice and to avoid immobilizatewsildf by

residues. Pigeonpea residues were incorporated. Each treatment was difoutate soil types
which are representative of smallholder conditions (Mhango et al., 2012). SoikHéldavely
higher fertility and finer texture, with 63% sand, 27% clay with 0.78 % organic carbgnr{OC

the topsoil layer, while Soil LF has lower fertility and coarsermuextwith 79% sand and 14 %

clay, and has 0.57% OC in the topmost layer. This model was found to simulate yields in on-
farm participatory trials at Zombwe to within one standard deviation of the.Dedails of

model parameterization and evaluation can be found in Chapter 1.

2.3. Results:

2.3.1 Rainfall in climate change scenarios

Mean total rainfall (Figure 2.3) in the scenarios tested ranged from 53726 Kasungu, and
from 578-984 mm at Zombwe, compared to averages of 740 mm and 787 mm respectively in the
base rainfall scenarios. Season start and end dates varied with sceearior scenarios where
early-season rainfall was not targeted, start dates tended to be latercedeainfall scenarios,

and end dates tended to be earlier (Figure 2.4). These effects wereesadiah one week in

all cases. Season start dates are similar at the two sites, neatbBetambase rainfall

scenarios. End dates differed by nearly three weeks between sites, from idg€asungu to

April 25 at Zombwe.
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2.3.2 Yield response to increases in CO» concentration

Maize response to CQoncentration is minimal. Changes in mean yield with the change

from 350 ppm to 700 ppm are essentially zero for low N maize (continuous maize with 24
kgN/ha). At Kasungu, response is between 20 and 150 kg/ha for high N maize (continueus maiz
with 92 kgN/ha), while at Zombwe it is essentially zero. The response is neddtotb gites

for rotation, with yield reductions of up to 1000 kg/ha. The negative result in rotatikelysa

result of very high C@response for pigeonpea, where yields increase up to 35% in some cases.

When examining overall relationships between maize and pigeonpea there appeaas t

threshold pigeonpea yield of about 600-650 kg/ha above which maize yields begin ta decline
The simulated C@response in pigeonpea is very high at both sites. A shift from 350

ppm to 500 ppm resulted in, on average, a 17% increase in yields, and an increase from 350 to

700ppm resulted in a 35% increase. These values are much higher than those observed in

chamber experiments (Saha et al., 2012), which reported a maximum increase frh 22§
fertilization effects at 580 ppm. Clearly, the model requires further agjunss to accurately
simulate CQ effects on pigeonpea. Since the maize yield response is so low and the pigeonpea

response is questionable, &€ffect is not considered in further discussion, and figures show

results at baseline CQevels

2.3.3 Yield response to increases in temperature
Yield responses to temperature vary by treatment, site, and soil typee(EBigurRotation with
pigeonpea improves maize yields relative to continuous maize at the stlitye l&vel for all

climate scenarios. At Zombwe, very high pigeonpea yields in the higityfexoil seem to be

63



correlated with lower maize yields in that soil than in the low fertitii} £ow N (24 kgN/ha)
continuous maize shows very little response to temperature at either sémingnessentially
constant. High N (92 kgN/ha) continuous maize yields respond differently by siteibtypeas.
Yield decreases are greatest in soil HF, the soil with higher fegitid water holding capacity.
In Kasungu, yields in this soil are nearly constant with temperaturesises up to 2 °C. Above
this, yields fall more rapidly reaching levels 15% below baseline yatléd°C. In Zombwe, all
temperature increases result in substantial yield decreases in higaé\imsoil HF, with a
39% decrease at +4°C . Yields in the low-fertility soil are nearly conatatasungu, and
decrease 17% at Zombwe. At both sites maize yields in rotation incregeby sliith
temperature increases of 1-2 °C and decrease at higher temperatures. A¢bgiblds in
rotation remain at or slightly above baseline levels even with a 4°C increasgerature.
Pigeonpea yields increase at Zombwe with 1°C temperature increashsradédline,
returning to near baseline at a 3 °C temperature increase with baseliak {igure 2.6).
Declines begin immediately and are more pronounced at Kasungu, which hasreelmasah
temperature 1°C higher than Zombwe. Here yields decline by about 25% at a 4 °taterape
increase with baseline rainfall. One cause of lower yields at higher t@twgs is the decrease
in length of the growing season. At Zombwe, season length is reduced by appebyxithalays
for maize and 74 days for pigeonpea with a 4 °C temperature increase. At Kasutiggibfise
rainfall scenario, season length was reduced by approximately 20 dayaize; and 45 days for
pigeonpea. There was more variation in season length with scenario type at Kaspagially

in the low fertility soil (Soil LF).
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2.3.4 Differencesin yield response in rainfall scenarios

Overall, maize yield response to altered rainfall amount and distributiominasal in
in the low N maize system and highest in the rotation system. Yield responseyess at
Kasungu, the more arid of the two sites. Figure 2.5 shows the effect of ranafadles, grouped
by the percentage of base rainfall: these are most notable at KasunguLi du sandy and
low-fertility soil type. Yield responses by individual rainfall distributioersario are shown in
figure 2.7. Here yields are shown relative to the simulated yield unddimgasainfall. Yield in
each rainfall scenario is divided by the yield under baseline rainfall ¢brsal type, treatment,
and temperature increase simulated. Thus yield with baseline rairdglias to one. This
isolates the effect of rainfall from the effect of temperature, and allmwsofmparison of this
effect across treatments and soil types. For rainfall scenarios withfd@8sedine rainfall (R90),
the additional effect of changes in rainfall was within +/- 5% of yield with reseinfall,
except for the A scenario at Zombwe, which resulted in increases over basél®9é.dith a
25% reduction in rainfall (R75 scenarios), yields in rotation at Kasungu werecisas 23%
below yields at baseline rainfall, while at Zombwe yields remainedmith?%. High N
continuous maize had maximum yield reductions in R75 scenarios of 16% at Kasungu, and 9%
at Zombwe. The largest impacts in both rotation and high N maize occur for scentrigie
reductions focused in the first 60 days of the season. The impact of reduced raisfgtbatest
in the sandier soil (Soil LF).

Rainfall increases did not always result in increased yields relathastline rainfall.
For most rainfall and temperature combinations at Zombwe, impact of ingreaskll was
negative, resulting in a maximum 10% reduction in scenario BB+, where 25% | naicifaases

are concentrated to one fifth of rainy days. At Kasungu, yields increasedaasad-rain
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scenarios for rotation systems and for high N continuous maize in the highey fewilli but
were reduced for the high N maize system in the sandier soil, particulaly gmperatures. In
some A-type cases, where rainfall amount is adjusted on each rainy dagréhgpées in
relative yield measurements at 3°C temperature increases: frora 8¢ it is clear that these
spikes correspond not to actual yield increases but to smaller decreases tlsating kanfall
scenarios. Overall, the combined effect of rainfall and temperatargeh is to decrease
differences between treatments and between soil types.

Differences in yields among rainfall distribution scenarios at the sataderainfall level
were small. When only 10% of rainfall was removed, differences in yieldswvri@ 2-3%
among different scenarios. At higher rainfall removal rates, diff@®were most notable
between scenarios that covered the full growing season and scenarios focusgdnoorgias.
The most extreme case is found in the sandy soil type at Kasungu with 4°C tenepecease.
Here, maize yields in rotation yielded 10% less in removal scenario Fe(Wwak of rainy days
were removed over the first 60 days of the season) than in removal scenaribéa 88% of
rain was removed on each rainy day throughout the year).

Pigeonpea yields follow similar trends, but with slightly larger ingaatyield than in
maize (Figure 2.6). Pigeonpea yields are reduced by up to 26% in low-raiefadri®s at
Kasungu, and increase up to 17% above yields in base rainfall in increasetl seamfafios.
Pigeonpea yields at Zombwe were more affected by rainfall, wilth ggductions of up to 35%,
but from a higher baseline yield.

2.3.5 Water and nitrogen stressin maize
Water stress in maize increases with both rising temperature anaraedinfall,

contributing to the yield reductions seen in such scenarios (Figure 2.8). APSINatzd a daily
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soil water stress value ranging from zero to one, for processes including plyenolog
photosynthesis, and biomass expansion. We use the value calculated for photosynthasid, sum
over the full growing season, as a measure of water stress in the crop. Rotatighdxartaize
systems show the greatest effect of soil water stress. Figure 2.8 Slequesdentage of years,
for the worst-case R75 scenarios, in which cumulative water stress e gheat 10: at this level
yield reductions due to water stress are about 10%. Yields decrease linehsdtyaat
cumulative water stress level of 25, yields are reduced by nearly 50%. lnoavAd has very
few instances of water stress, because in all but the most extreme casesemains N limited
and not water limited. Both rotation and high N maize show higher levels of wates, stnd
levels in high N maize are highest in the sandier soil (soil LF). Interggtingsoil LF maize in
rotation has a lower percentage of stressed years than high N maize, wpdtdheis reversed
in soil HF.

While soil water stress increases with rising temperature, nitrstgess is reduced.
Cumulative N stress, as with cumulative soil water stress, is calcutated sum of daily values
of nitrogen stress for photosynthesis, which range from zero to one, over the grasiog se
The reduction in N stress is largest in the rotation system, where nitrogemnistreduced by
77% in the high fertility soil and 62% in the low fertility soil at Kasungu. Reduostare 84%
and 83% respectively at Zombwe. In low N continuous maize, levels of N stresslaced by
37% at Kasungu and 58% at Zombwe in the high fertility soil under base rdiefals are
reduced in high N maize as well, however this is from a lower baseline than thenathe
treatments and thus has a smaller impact on yields. Trends are similaainfall scenarios at

Kasungu. Decreases in N stress are slightly lower at Zombwe in highllraggnarios. For
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example, in the AA+ rainfall increase scenario (an evenly distributed 25&ageover base
rainfall), the reduction in N stress in rotation is 77%.
2.3.6 Rotation effects under climate change
Maize yields in rotation are between 150% and 200% of yields in continuous maerasysth
the same fertilization rate at base rainfall and temperature, witlegneateases seen in the
sandier soil type (Figure 2.5). This simulated rotation response is reducedaweterainfall
and higher temperature scenarios at the more arid site, Kasungu, but aimésttrie séen at
Zombwe. This is presumably due to differences in water availability and #ias mater stress
at these two sites. Because of the risk-averse nature of smallholdesfarskeof decreased
yield is important to examine (Figure 2.10). This risk represents the chaheddhaer will see
reduced yields following pigeonpea compared to the yield would have been folimaing.
Risk is low at baseline temperature and rainfall. At Kasungu risk ggnerakeases with rising
temperature and diminished rainfall. At Zombwe both increased rainfall—darticrainfall
concentrated to a few extreme events—and decreased rainfall increastatigk to baseline
rainfall. Notably, the maize-pigeonpea rotation system is alwaysregty low-risk in soil LF at
Zombwe, with less than 5% chance of yield reductions in any scenario. At Zonaivie; Bas
lower risk than soil HF. However, at the more arid Kasungu site, the meah @ffotation is
similar in the two soils, but the risk in soil LF is higher than that in soil HF
2.4 Discussion:
2.4.1 Soil fertility remains the limiting constraint in low input systems.

It is clear that the dominant constraint to crop production in typical smallhokstensy
is soil fertility, and that will remain the case for low-fertility sy/®s under even relatively

extreme climate change predictions. As discussed elsewhere (Bli@es2008), the challenge
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of intensification of smallholder crop production remains critical, even astgiohange
adaptation receives increased attention. We see here that for continuous ithdize fertilizer
use, productivity remains very low, with minimal impact from climate chaamue that generally
in a positive direction. Regardless of changes in climate, yields can beécsigttyfincreased by
changing management practices.
2.4.2 Effects on high-input continuous maize

Applications of 92 kgN/ha more than doubled maize yields relative to applications of 24
kg N/ha, to approximately 4000 kg/ha. Yields decreased from this high levelper&ture
increased, notably for mean annual gains of 3 °C or more. Effects of reduced vandall
generally small in the 10% reduction (R90) scenarios, becoming substantialalgspec
Kasungu, at the 25% reduction level. Solil type influenced the level of yieldti@wdua the
sandier soil the magnitude of yield reductions due to temperature incressksver. This
effect may have been mediated by a positive influence on soil N mineralizaandy soils
balancing a negative direct effect of temperature on plant growth. Aathe time, in sandy
soils rainfall effects were magnified. This is presumably due to more dapinage in sandy
soils exacerbating soil moisture stress with lower rainfall. At both Kasand Zombwe sites,
yields in high N maize showed the largest declines in scenarios with ex@erperature
increases and where rainfall reduction occurred during the early partgrbthimg season.
These scenarios also showed the highest levels of water stress in tlagesirardps.
2.4.3 Effectson maize in rotation

Rotation systems had improved maize yield performance at higher tgarpsirelative
to continuous maize (Figure 2.5). At moderate temperature increases, ra@gemyproved in

rotation systems. Overall, a substantial narrowing of the yield gap was abfarveaize
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between high N continuous and rotated systems with much lower N inputs, particularly in
constant and increased rainfall scenarios, and in the sandier soil type. ldnyedgis in rotation
systems are likely due to a reduction in nitrogen stress levels in rotattemsysith higher
temperatures. This, in turn, may be due to increased mineralization of high nreeglkres

with higher temperatures. Hence we have a second type of trade-off, betwidea pod

negative effects of higher temperatures on soil and crop processes. Thidysadheghly

complex interaction and our data highlight trade-offs that otherwise could have bdenl®ac

We note that data generated depend on model assumptions and algorithms, and confirmation of
the crop and soil interactions with environment observed here will require furtheratiquior

through field investigations and modeling.

While we were not able to accurately simulate rotation effects includirly CO
concentration impacts, we note that if pigeonpea yields increase dramdhisatlan have a
negative impact on following-year maize yields. However, managementgtaygral role and
rotation challenges could be avoided by reducing plant density or pruning pigeonpea.

Decreases in rainfall had a larger negative impact on maize yielsiion than on
continuous maize, particularly for rainfall focused near the beginning of thengye®ason
(Figure 2.7). This vulnerability to early-season rainfall reductions igcpkatly important to
note since downscaled climate models generally project rainfall desriaighis area in
November and December. Therefore, early season rainfall reductiorar sonthose described
by scenarios E and F can be expected. In sandy soils at Kasungu, with the agdpipXia?o
reductions in early-season rainfall used for E and F scenarios, maizdionrsteowed a yield
decrease of more than 20% at the highest temperature levels when comparelin® faasfall.

Overall, however, the favorable performance of the maize-pigeonpea rotatioriampgerature
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increases outweighed its increased sensitivity to rainfall reductiogengral, the effect of all
climate change scenarios was a reduction in the yield gap between noarnength high N
fertilizer inputs and maize grown in rotation with modest fertilizer inputs.

The strong performance in the rotation occurred despite increases in spstwese with
increased temperature and decreased rainfall. Water stress providetaaaten for the
relatively better performance of rotation systems in the sandier sditeas kvels in this soll
tend to be lower for rotation systems than for continuous maize with a high N é¢idih rate.
This seems counterintuitive given that the long-duration pigeonpea is exjraeter for a
larger fraction of the year, and soil water levels near planting are indeest lim these systems.
However, from examination of daily water content in some simulations, it apihedwhile the
initial soil water content is low in rotation, recharge occurs rapidly, paatiguh well-drained
soils. This effect was also seen in field experiments in Zimbabwe byeNatudd. (2007).
Because of this rapid recharge, the initially low water content does nobleadedr stress
conditions throughout the growing season. The rotation systems also include a mmigietr af
cover from the long-duration crop, and pigeonpea residues remain in the field until pre-sowing
tillage. Increased soil cover, such as that provided by a leafy longestucadp like pigeonpea,
has been shown previously to mitigate some of the water stress effects seatimadie change
scenarios (Cooper et al., 2009).

2.4.4 Effects on Pigeonpea

Pigeonpea yields showed smaller temperature-induced decreasesiteayiads in
Zombwe despite much larger changes in length of growing period. Becgasapea matures
far into the dry season, the temperature-induced reduction in time to matukiéhiveneficial

to the crop (Dimes et al., 2008). At Kasungu, which is both drier and warmer, pigeorigea yie
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decreases were large: up to 25% in base rainfall over 4 °C. Pigeonpea yieldsdegé to
decreased rainfall are larger than corresponding maize yield dexrapgo 25% less in the
worst-case rainfall scenarios at 4°C temperature increases than ise¢hedeinfall. Pigeonpea
cultivars show a wide range of maturity durations, as well as varyspgmses to temperature
and photoperiod (Silim et al., 2010). Therefore the temperature response seenl arg wil
depending on the pigeonpea variety used.
2.4.5 Implications for use of long-duration legumes

In all cases tested here, maize in the rotation system has highejeayietds than
continuous maize at the same (24 kgN/ha) N fertilization level. On averagks, iyiebtation are
1.5 to 2 times those in continuous maize. However, the risk of poor performance, defined as a
yield below that found in the low N continuous maize system in the same year, @songids
increasing temperature and decreasing rainfall. In extreme ¢a&&@slawe, this risk reaches
25%, which is problematic. Risk of poor yield on an absolute level remains low herigktbe r
yields below 2000 kg/ha in the rotation system is always below 15%. Ibiggi®rtant to note
that this analysis is based on the immediate response to one year of pigenmgeraelm soil
productivity benefits of a rotation system were not explored here. Previouslyweshavn that
rotations induce changes in soil water holding capacity and soil N statusrtheg sabstantial
(Snapp et al., 2010 and Chapter 1). Rotation decreases risk over time, as shown through decadal
simulation scenarios (Chapter 1) and through on-farm establishment of pigeonpeaystems
(Snapp et al., 2002), so if a maize-legume rotation is continued over more than twgrgedes
yield increases and lower risk could be expected. Given the signs of fastealiratien of
organic residues, however, long-term increases in soil carbon seen in rotatomssygh high

residue inputs (Palm et al., 2001) may be reduced with increased temperagkesnins
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lowest and return highest in low-fertility, sandy soils. This suggests tha¢pigeonpea
systems should be targeted to these types of soils for maximum benefit.

Overall, maize-pigeonpea rotation systems are successful in ingrezaize yields, even
under the most extreme climate scenarios and particularly in poorer ggalsnpea yield
responses vary depending on site and rainfall, and may be maintained, increasbd;eat, r
with declines most likely at Kasungu. Over moderate temperature ingresses yields in
these systems can actually increase, and high maize yields are megimaen at high
temperatures, rarely putting farmers as risk relative to continuous rkagoeg( 2.10).
Additional complexity is faced by farmers with very small land holdingthese farmers will
not necessarily be able to devote land to a rotational crop given consideraticetiofmaize
food requirements each year. Further study of alternative integrated ity fmanagement
strategies is needed to define a range of options for the variety of cosdtiaed by
smallholder farmers.

2.5 Conclusions:

Maize-pigeonpea systems for integrated soil fertility managememblbust to most
potential changes in climate, particularly in low-fertility well-dred soils, where they show
potential for ameliorating constraints to crop production. Given the complexity andaumtyer
created in modeling and downscaling climate change projections, the typeidtally created
scenarios used here are critical for informing the development of clamates agricultural
management strategies that can help alleviate fertility constaaimsoduction while

minimizing negative impacts of climate change.
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Figure 2.1: Baseline (200@infall estimates for Lilongwe, Malawi from stdieally downscaled global climate models. Line isan
of observed data from 198000 (Climate Systems Analysis Group, 2(
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Figure 2.2Rainfall projections for Lilongwe, Malawi for 20%hd 2090 irtwo scenarios from the Special Report on Emiss
Scenarios of the Intergovernmental Panel on ClirG&izng. Results are from statistically downscaled globimhate model
(Climate Systems Analysis Group, 2012).
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Table 2.1: Rainfall scenarios used in climate change simulations. AsbeéeksicriMaterials and
Methods, rainfall distribution groups describe the level of rainfall relativedelina. Group R90
has 90% of baseline rainfall, Group R75 has 75% of baseline rainfall, group R+ has ddditiona
rainfall at 110% and 125%. Individual letters correspond to the methods used to chafiadje rai
distribution. Scenarios using the same letter use the same pattern of reaméathl or addition

at different intensities.

Group

R90

A Reduce rainfall 10% on each rainy day

B Remove all rainfall from 1 in 10 rainy days

C Remove 1 in 5 rainy days, redistribute rainfall on 1/5 of remaining days to
reach 90% of initial rainfall amount

D Remove all rainfall from 1 in 10 rainy spells

Group

R75

AA Reduce rainfall 25% on each rainy day

BB Remove all rainfall from 1 in 4 rainy days

CC Remove 1 in 3 rainy days, redistribute rainfall on 1/5 or remaining days to
reach 75% of initial rainfall amount

E Remove 50% of rainfall from all rainy days for 60 days after start oy rai
season

F Remove all rainfall from %2 of rainy days for 60 days after start of rainy
season

Group

R+

A+ Increase rainfall 10% on each rainy day

AA+ Increase rainfall 25% on each rainy day

B+ Distribute additional rainfall to 1 in 5 rainy days to reach 110% of initigl
total rainfall

BB+ Distribute additional rainfall to 1 in 5 rainy days to reach 125% of initigl
total rainfall
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Figure 23: Mean total annual rainfall in empirically genecrainfall scenari(, averageaver 83 years at Kasungu and 66 yea
Zombwe, northern Malawi. Colors denote rainfallreamo groups, as described in Table 2. Error baxstandard errors che mean.
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Figure 24: Mean rainy season end and start dcalculated from rainfall in empirically generatdomate scenaris, averaged over 83
years at Kasungu and 66 years at Zombwe, northatawil For definitions of start and end date, see met! Error bars are standard
errors of the mean.
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Figure 2.5Mean modeled maize yields empirically generatedimate scenarios based
changes in temperature and rainfall amoPoints are mean simulated yields averi over 83
years in Kasungu and 66 years in Zombwe, northeataM. MZ24 is continuus maize with 2:
kgN/ha, MZ92 continuous maize with 92 kgN/ha, ardZ® a maiz-pigeonpea rotation with z
kgN/ha applied in maize yeafroperties of soils HF (high fertility) and LF (Idhertility)
described in methodE&rror bars in base rainfall astandard errors of the mean, describing -
to-year variability. Error bars in other rainfall gpmiare standard errors among scenario m
within the group, describing group variabil Descriptions of rainfakkcenarios are found
Table 2.1. Soilypes defined in methods. HF=high fertility, LF=Idertility.
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Figure 2.6.Mean modeled pigeonpea yield: empirically generatedimate scenarios based
changes imainfall and temperature. Model results over 83 y@aKasungu and 66 years
Zombwe, northern MalawPRigeonpea in rotation with maize, with 24 kgN/halegd in maize
years.Properties of soils HF (high fertility) and LF (Idhertility) described irmethodsError
bars in base rainfall are standard errors of thenndescribing ye-to-year variability. Errol
bars in other rainfall groups are standard errorera scenario means within the gro
describing group variabilityDescriptions crainfall scenarios are found Trable 2... Soil types
defined in methods. HF=high fertility, LF=low fdity.
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Figure 2.7: Mean maize yields in empirically generated clirred¢@arios as fraction of maize
yield with baseline rainfall. Yield with baseline rainfall equals one lfdreatments, soil types,
and temperatures. Model results over 83 years in Kasungu and 66 years in Zoortivezn
Malawi. MZ24 is continuous maize with 24 kgN/ha, MZ92 continuous maize with 92 kgN/ha,
and Rot24 a maize-pigeonpea rotation with 24 kgN/ha applied in maize years. escapt
rainfall scenarios are found in Table 2.1. Solil types defined in methods. HFeHibty f

LF=low fertility.
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Figure 2.7 (cont’'d)
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Figure 2.7 (cont'd)

b. Zombwe
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Figure 28: Percentage of years in which cumulative soilewatress in maize exceeds 10 in |
group rainfall reduction climatecenarios (seTable 2.1 and Figure 3. Model results from 8
years in Kasungu and 66 years in Zore, northern Malawi. Expected yield reduction at
water stress of 10 mpproximately 10%. MZ24 is continuous maize withkgd/ha, MZ92
continuous maize with 92 kgN/ha, and Rot24 a n-pigeonpea rotation with 24 kgN/ha appl
in maize years. Desctipns of rainfall scenarios are foundTable 2.1.Soil types defined ii
methods. HF=high fertility, LF=low fertilit'
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Figure 2.8 (cont’'d)
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Figure 29: Mean cumulative N streunder increases in temperatuRainfall is maintained ¢
baseline leveldModel results from 83 years in Kasungu and 66 year®mbwe, norther!
Malawi. MZ24 is continuous maize with 24 kgN/ha, 8%continuous maize with 92 kgN/I
and Rot24 a maizpigeonpea rotation with 24 kgN/ha applied in majiears.Soil types efined
in methods. HF=high fertility, LF=low fertilit:
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Figure 2.9 (cont'd)
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Figure 2.10: Risk of yield reduction etio legume diversificatioin empirically generated climageenarios Risk is defined as the
percentage of years where rotatieeld is lower than continuous maize yield at thene N fertilization rate (24 kgN/he Model
results from 83 years in Kasungu and 66 years mlxme, northern MalawDescriptions of rainfall scenarios are foun(Table 2.1.
Soil types defined imethods. HF=high fertility, LF=low fertilit
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Figure 2.10 (cont'd)
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