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Claims 

1. A system for target food parameter optimisation, the system 

comprising: 

memory; 

at least one processor (processor(s)); and 5 

an interface system; 

wherein the memory stores instructions that, when executed 

by the processor(s), cause the processor(s) to: 

 receive, via the interface system, a plurality of food 

production constraints and at least one target food parameter 10 

(target food parameter(s)); 

 process, the food production constraints by a pre-

experiment model to identify a plurality of candidate ingredients; 

 receive, via the interface system, mono-ingredient 

target food parameter impact data for each of the plurality of 15 

candidate ingredients; 

 receive, via the interface system, multi-ingredient 

target food parameter impact data for a subset of possible 

combinations of the candidate ingredients; 

 process, by a machine learning model the mono-20 

ingredient and the multi-ingredient target food parameter impact 

data to determine a ranked ingredient combination, the ranking 

being based on an expected optimisation of the target food 

parameter(s),  

wherein the machine learning model interpolates a 25 

relationship between the target food parameter(s) and/or all 

possible combinations of the plurality of candidate ingredients 

based on the mono-ingredient and the multi-ingredient target food 

parameter impact data to determine the ranked ingredient 

combination, and 30 
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wherein the machine learning model comprises a quadratic 

polynomial model of the relationship.  

 

2. The system of claim 1, wherein the quadratic polynomial models is 

based on the equation: 5 

 
𝑦 = 𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑛𝑥𝑛 + 𝛽12𝑥1𝑥2 + 𝛽𝑚𝑛𝑥𝑚𝑥𝑛 + 𝛽11𝑥1

2 + ⋯ + ⋯ + 𝛽𝑛𝑛𝑥𝑛
2 

 

wherein, 𝑦 represents the food parameter's response to the 

addition of candidate ingredients, 𝛽0 is the intercept term for the 10 

quadratic equation, 𝛽𝑛  is the coefficient for the nth candidate 

ingredient, and 𝛽𝑚𝑛 is the interaction terms between mth and nth 

candidate ingredients, 𝑥𝑛 indicates the concentration levels of the 

nth candidate ingredient. 

 15 

3. The system of claim 2, wherein the machine learning model 

performs stepwise regression to determine the coefficients of the 

equation. 

 

4. The system of any one of the preceding claims wherein the machine 20 

learning model generates interaction analysis graphs illustrating 

relationships between the candidate ingredients and the target food 

parameter(s). 

 

5. The system of any one of the preceding claims, wherein the pre-25 

experiment model comprises a decision tree embodying logic to 

identify the plurality of candidate ingredients. 

 

6. The system of any one of the preceding claims, wherein the 

processor(s) is further configured to update the pre-experiment 30 

model based on the ranked ingredient combination.     
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7. The system of any one of the preceding claims wherein the received 

plurality of food production constraints includes one or more of food 

type, food nutrient requirements, food growing conditions, 

candidate ingredient costs. 

 5 

8.  The system of any one of the preceding claims wherein the mono-

ingredient food parameter impact data comprises data relating to 

the impact of a concentration of a candidate ingredient on the 

target food parameter(s). 

 10 

9.  The system of any one of the preceding claims wherein the multi-

ingredient food parameter impact data comprises data relating to 

the impact of a concentration of multiple ingredients on the target 

food parameter(s). 

 15 

10.  The system of any one of the preceding claims, wherein each 

ingredient combination in the ranked ingredient combination 

comprises a selection of one or more of the candidate ingredients 

and a concentration level of each selected ingredient. 

 20 

11.  The system of any one of the preceding claims, wherein the 

target food parameter(s) comprises one or more of food yield, food 

morphology, food chemical content (e.g. pharmaceutical or 

nutrient content), resistance to adverse environmental conditions 

or resistance to resource scarcity. 25 

 

12. The system of any one of the preceding claims, wherein the 

machine learning model is further configured to determine 

synergistic or antagonistic interactions between the candidate 

ingredients; and 30 

 

the pre-experiment model is updated based on the 
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determined synergistic or antagonistic interactions.  

 

13.  A method for target food parameter optimisation, the 

method comprising: 

 receiving, a plurality of food production constraints and 5 

at least one target food parameter (target food parameter(s)); 

 processing, the received plurality of food production 

constraints by a pre-experiment model to identify a plurality of 

candidate ingredients; 

 receiving, mono-ingredient target food parameter 10 

impact data for each of the plurality of candidate ingredients; 

 receiving, multi-ingredient target food parameter 

impact data for a subset of possible combinations of the candidate 

ingredients; 

 processing, by a machine learning model the mono-15 

ingredient and the multi-ingredient target food parameter impact 

data to determine a ranked ingredient combination, the ranking 

being based on an expected optimisation of the target food 

parameter(s),  

wherein the machine learning model interpolates a 20 

relationship between the target food parameter(s) and/or all 

possible combinations of the plurality of candidate ingredients 

based on the mono-ingredient and the multi-ingredient target food 

parameter impact data to determine the ranked ingredient 

combination, and 25 

wherein the machine learning model comprises a quadratic 

polynomial model of the relationship.  

 

 

 30 
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14. The method of claim 13, wherein the quadratic polynomial 

models is based on the equation: 

 
𝑦 = 𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑛𝑥𝑛 + 𝛽12𝑥1𝑥2 + 𝛽𝑚𝑛𝑥𝑚𝑥𝑛 + 𝛽11𝑥1

2 + ⋯ + ⋯ + 𝛽𝑛𝑛𝑥𝑛
2 

 5 

wherein, 𝑦 represents the food parameter's response to the 

addition of candidate ingredients, 𝛽0 is the intercept term for the 

quadratic equation, 𝛽𝑛  is the coefficient for the nth candidate 

ingredient, and 𝛽𝑚𝑛 is the interaction terms between mth and nth 

candidate ingredients, 𝑥𝑛 indicates the concentration levels of the 10 

nth candidate ingredient. 

 

15. The method of claim 14, wherein the machine learning model 

performs stepwise regression to determine the coefficients of the 

equation. 15 

 

16. The method of any one of claims 13 to 15, wherein the 

method further comprises generating, by the machine learning 

model, interaction analysis graphs illustrating relationships 

between the candidate ingredients and the target food 20 

parameter(s). 

 

17. The method of any one of claim 13 to 16, wherein the pre-

experiment model comprises a decision tree embodying logic to 

identify the plurality of candidate ingredients. 25 

 

18. The method of any one of claims 13 to 17, wherein the 

method further comprises: 

 

determining by the machine learning model synergistic or 30 

antagonistic interactions between the candidate ingredients; and 
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updating the pre-experiment model based on the determined 

synergistic or antagonistic interactions 

 

 


