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Why seed orchard deployment matters
Seed orchards must deliver both superior genetic gain and sufficient diversity.

Operational role of seed orchards
❖ Seed orchards (SOs) use selected genotypesand distributed clones to promote panmixiaand reduce inbreeding risk (Chaloupková et al., 2016;

Funda and El-Kassaby, 2012; Lstibůrek and El-Kassaby, 2010).
❖ They produce genetically superior forestreproductive material.
❖ Deployment decisions determine whichclones are used and in what proportions.

Why the decision is difficult
❖ Maintaining diversity in SO crop isessential for preserving adaptivepotential under changing environmentalconditions.
❖ Establishing SOs must balance geneticgain and gene diversity.
❖ Optimization determines clone selectionand relative clonal contribution (numberof grafts assigned to each clone).

Real-world constraints
❖ Practical deployment must account for:

• Orchard size
• Graft availability
• Related candidates
• Female-male specific contributions
• External pollen flow
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Introduction

How to decide?
External pollen flow



OptOrch was designed as a transparent, integrated, and modifiable optimization framework.

Earlier analytical solutions
Useful for simplified settings, often assumingunrelated clones and limited constraints
(Lindgren and Matheson, 1986). Hard to transferdirectly to routine deployment with realisticbreeding data.

Existing numerical approaches
Mixed-integer (Funda et al., 2009) and semidefinite
(Ahlinder et al., 2014) approaches exist, but manystudies focused on selected constraintsseparately rather than one integrated toolkit.

Need in practice
Breeders need a framework that can be
inspected, modified, and reused across
scenarios without rebuilding solver-native
data structures.

Objectives of OptOrch
• Keep the mathematical model explicit and readable.
• Separate model specification, data input, and numerical solver.
• Support realistic biological and operational constraints.
• Provide optimized deployment decisions while accounting for genetic

constraints among related clones.
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Research gap and motivation



A transparent and solver-independent workflow.

1. AMPL model
• Defines the objective, variables, andconstraints.
• Main layer for formulation and modification.

2. Numerical solver
• Solves the instantiated optimization problem.
• Gurobi is used in this study.
• The model is fully compatible with open-source solvers such as SCIP (Achterberg, 2009)and CBC (Forrest and Lougee-Heimer, 2005).

3. R workflow
• Generates inputs and automatesrepeated runs.
• Processes outputs for interpretationand comparison.
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OptOrch overview

Inputs: Breeding values Genomic relationship matrix

Output: Optimal clonal contributions



Declaration of parameters, sets, variables, objective function, and constraints in the baseline AMPL model.

AMPL CODE 1 — Baseline OptOrch.mod structure
# Parameters and sets

param nc > 0;

set S := 1..nc;

param ns > 0;

param b{i in S}; param l{i in S};

param u{i in S}; param c{i in S,j in S};

# Variables

var p{i in S} >= 0, <= 1;

var r{i in S} binary;

# Objective

maximize gain: sum{i in S} b[i]*p[i];

# Constraints

s.t. statusnumber: ...

s.t. totalcontribution: ...

s.t. lowerbound{i in S}: ...

s.t. upperbound{i in S}: ...
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Core mathematical formulation – AMPL codeMethods



The baseline model maximizes genetic gain through continuous clonal contributions.

Objective function - maximizing genetic gain
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• Lower and upper bounds of selected clones
𝑙𝑖𝑟𝑖 ≤ 𝑝𝑖 ≤ 𝑢𝑖𝑟𝑖 ∀𝑖 ∈ 𝑆

Core mathematical formulation
Parameters (input)
• 𝑆 ≔ {1,2,… , 𝑛𝑐} : set of candidate clones
• 𝑛𝑐 : number of candidate clones
• 𝑛𝑠 : status number
• 𝑏𝑖 : breeding value of clone 𝑖

• 𝑙𝑖 : lower bound on the contribution of clone 𝑖

• 𝑢𝑖 : upper bound on the contribution of clone 𝑖

• 𝑐𝑖𝑗 : genomic relationship between clones 𝑖 and 𝑗

Variables (output)
• 𝑝𝑖 ∈ [0,1] : clonal contribution of clone 𝑖

• 𝑟𝑖 ∈ {0,1}: auxiliary binary variable for clone selection (0 = notselected, 1 = selected)



Avoiding joint deployment of closely related clones, even when the overall status-number constraint is satisfied.

Logical formulation
❖ If two clones both receive non-zero contributions (selected),their pairwise coancestry must stay below a threshold 𝑐𝑢.
❖ This is useful when the solver can directly handle logical ornon-convex expressions.

Additional Parameter
• 𝑐𝑢 : threshold of pairwise coancestry

Additional Constraint
• Limits pairwise coancestry with a threshold 𝑐𝑢

𝑖𝑓 𝑝𝑖𝑝𝑗 > 0𝑡ℎ𝑒𝑛 𝑐𝑖𝑗 ≤ 𝑐𝑢

Linearized formulation 
❖ Introduce a binary variable 𝑦𝑖𝑗, so that at most oneclone from a high-coancestry pair can be selected.
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Model extensions - pairwise coancestry

Auxiliary Variable
• 𝑦𝑖𝑗 ∈ {0,1} : auxiliary binary variable for pairwise exclusion

Additional Constraint
• For clone pairs with 𝑐𝑖𝑗 > 𝑐𝑢, at most one clone can beselected

𝑝𝑗 ≤ 1−𝑦𝑖𝑗 𝑝𝑖 ≤ 𝑦𝑖𝑗 ∀𝑖, 𝑗 ∈ 𝑆, 𝑖 < 𝑗, 𝑐𝑖𝑗 > 𝑐𝑢



Split total contribution into sex-specific gametic components.
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Model extensions - female and male contributions

❖ Allows female and male gametic contributions to be
modeled separately.

❖ Useful when reproductive contribution differs by sex.
❖ Particularly relevant for pollen contamination or

supplemental mass pollination scenarios.
❖ Also useful for dioecious species.

Additional Variables
• 𝑓𝑖 ∈ [0,1] : female contribution of clone 𝑖

• 𝑚𝑖 ∈ [0,1]: male contribution of clone 𝑖

Linking Constraint
• Link to total clonal contribution

𝑝𝑖 =
𝑓𝑖 +𝑚𝑖

2
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Model extensions - pollen contamination
Two complementary formulations represent external pollen flow: an explicit donor model or an aggregate adjustment.

❖ External pollen donors are introduced as male-onlycontributors.
❖ SO parents contribute through both female andmale components.
❖ This formulation is biologically most direct, but itrequires additional decision variables.
Additional Parameter
• 𝑛𝑑 : Number of external pollen donors

Additional Constraints
• SO parents’ contribution

𝑝𝑖 =
𝑓𝑖 +𝑚𝑖
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i = 1,… , 𝑛𝑐 −𝑛𝑑

• No female contribution from external population
𝑓𝑖 = 0 i = 𝑛𝑐 −𝑛𝑑 +1 ,…,𝑛𝑐

• Male contribution from external pollen donors
𝑝𝑖 = 𝑚𝑖 i = 𝑛𝑐 −𝑛𝑑 +1 ,… ,𝑛𝑐

Explicit female–male formulation Aggregate formulation
❖ External donors are not modeled explicitly.
❖ The formulation adjusts effective within-SO contributionand the coancestry bound.
❖ This reduces model complexity and is used in themanuscript analyses.
Additional Parameters
• 𝐶 ∈ ⟨0,1⟩ : Pollen contamination rate

Additional Constraints
• Reduced effective within-SO contribution
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• Adjusted coancestry bound under contamination
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To demonstrate the practical utility of OptOrch, optimization was applied to a simulated tree breeding dataset under operational conditions. 

1) Population simulation (MoBPS; Pook et al., 2020)
• Founder population: 5,000 diploid individuals 
• Genome: 4 chromosomes x 100 cM
• 20,300 SNPs total: 300 QTLs + 20,000 SNP markers
• Allele frequencies sampled from 𝐵𝑒𝑡𝑎(1,1)
• 100 generations of random mating to establish realistic LD

2) Phenotypes and selection
• True breeding value (TBV): sum of additive QTL effects
• Phenotype model: 𝑦𝑖 = 𝜇 + 𝑇𝐵𝑉𝑖 + 𝑒𝑖
• Narrow-sense heritability: ℎ2 = 0.2
• 100 parental trees selected by phenotype
• 500 candidate individuals generated by random mating

3) Genomic relationship matrix
• Computed from SNPs using the method of VanRaden (VanRaden, 2008)

𝐺 =
𝑍𝑍𝑇

2σ𝑘=1
𝑚 𝑝𝑘(1 − 𝑝𝑘)

• 𝑍, centered genotype matrix; 𝑝𝑘, allele frequency at marker 𝑘
4) Genetic evaluation

• ASReml-R (Butler et al., 2023) used for REML estimation and gBLUP prediction
• Model: 𝑦 = 𝜇 + 𝑢 + 𝑒

𝑢~𝑁 0, 𝐺𝜎𝑎
2 , 𝑒~𝑁(0, 𝐼𝜎𝑒

2)

• Predicted random effects ො𝑢 were treated as GEBVs
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Simulation scenarios: simulated population and genomic evaluation



Two scenario analysis were conducted to examine how the model responds to different breeding scenarios, thereby providing an intuitive understanding of its practical applicability
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Simulation scenarios: genetic constraints and pollen contamination

Input data
• Genomic breeding values of candidate population
• Genomic relationship matrix

Scenario 1: constraints on status number
• Objective: maximize genetic gain while maintaining diversity
• Status number (𝑛𝑠) levels: 10, 20, 30, 40
• Contribution bounds: lower bound = 0.01, upper bound = 0.15

Scenario 2: pollen contamination from outside SO
• External pollen donors: 100 individuals
• Pollen contamination rate: 30%
• External male contribution: 0.15
• Within-SO contribution: 0.85
• Compared with Scenario 1 at the same status number level
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ResultsComputational performance and solver parameter tuning

Status number 10 20 30 40
Times (s) Default 0.87 ± 0.02 4.87 ± 0.34 25.32, 24.51, > 3,600* > 3,600 (all runs)

Tuned 0.26 ± 0.00 0.50 ± 0.00 0.75 ± 0.02 929.11 ± 5.04
Tuning parameters Aggregate 0

NormAdjust 0
NumericFocus 3
PreMIQCPForm 1
ScaleFlag 2

Heuristics 0.5
MIQCPMethod 0
PrePasses 1
Presolve 1
ScaleFlag 0

Aggregate 0
CutPasses 10
Cuts 1
PreMIQCPForm 1
Presolve 1
ScaleFlag 0
ZeroHalfCuts 0

Heuristics 0.001
NoRelHeurTime 900
ScaleFlag 2

Table 1. Optimization time before and after parameter tuning. Each configuration was evaluated three times.

Gurobi parameter tuning was used as a computational demonstration to show how runtime and convergence depended on the OptOrch instance

Key findings
• Tuning consistently reduced runtime at all status number levels.
• At 𝑛𝑠 = 30 − 40, default settings struggled to close the optimalitygap.
• Parameter sets differed by 𝑛𝑠, indicating structural changes inthe search space.

Setup
• Tuning limit: 3,600 s per configuration; total tuning time 86,400 s
• Default setting: MIPGap = 0.005, NonConvex = 2
• At 𝑛𝑠 = 30, one default run exceeded the 3,600 s limit.



Increasing status number reduces contribution concentration among top-ranking candidates.
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Optimal contributions under simulated scenarios

Figure 1. Optimal contributions of the candidate under differentstatus number constraints.

Lower and Upper bounds
• The lower bound (𝑙 = 0.01) prevented trivial near-zero allocations.
• The upper bound (u = 0.15) avoided excessive concentrationin a few clones.

Genetic diversity and optimal contributions
At 𝒏𝒔 = 𝟏𝟎

• Contributions were highly concentrated among top-ranking candidates.
• Most candidates received contributions close to zero,indicating strong selection intensity.

At 𝒏𝒔 = 𝟒𝟎

• More candidates received non-zero contributions.
• Contributions among selected clones became more evenlydistributed.

𝑛𝑠 = 10

𝑛𝑠 = 40



Genetic response
• Genetic response decreased as status number increased.
• At 𝑛𝑠 = 10, genetic response was highest, reflecting strongconcentration among top-ranking individuals.
• With contamination, genetic response remained about 86-88%of the no-contamination scenario across all status numberlevels.
• External pollen diluted genetic gain, even though within seedorchard contribution was reduced to 0.85.

Genetic response decreased as status number increased, and pollen contamination reduced response across all status-number levels.
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Genetic response with pollen contamination

Figure 2. Effect of status number and pollen contamination ongenetic response. Asterisks (*) denotes significant differences between
scenarios (Mann-Whitney U test,𝒑 <.𝟎𝟎𝟎𝟏).



OptOrch is a transparent framework for comparing genetic gain, diversity, and operational constraints under realistic seed orchard conditions.
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Discussion and ConclusionsDecision-support framework for SO establishment strategies
1) Flexible and transparent formulation
• AMPL keeps the objective function, variables, and constraintsexplicit (Fourer et al.,2023).
• Users can inspect and modify the model using algebraic notation.
• The framework can be adapted to different breeding objectivesand operational requirements.

2) Quantitative solution assessment
• Mathematical programming provides a reference for solutionquality within a predefined optimality tolerance.
• This is useful when multiple biological and operational constraintsinteract.

3) Realistic biological scenarios
• OptOrch can incorporate practical biological factors such asrelatedness among clones, female-male specific contributions, andpollen contamination.
• This allows users to evaluate deployment strategies underconditions that more closely reflect real seed orchard management.

4) Practical use and caution
• Input parameters and constraint combinations strongly affectfeasibility and outcomes.
• Overly restrictive bounds or incompatible biological requirementscan cause infeasibility.
• Exploring multiple scenarios helps reveal feasible region anddeployment trade-offs.



The paper provides open-source AMPL files, runnable examples, and companion R scripts.
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