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Estimating portion sizes and cooking times are goals for smart kitchen 

assistants, enabling better meal planning and reducing food waste due to 

over-portioning. Existing approaches in computational gastronomy often 

struggle to provide estimates from prepared ingredient data. This study uses 

XGBoost to extract features from a dataset containing 1,400 Indonesian 

recipes to predict binary classification targets for portion sizes and required 

cooking times. The dataset used for the prediction includes information on 

ingredients and their quantities, as well as preparation steps. In addition to 

the recipe dataset, the TKPI dataset is also used to help determine the 

category of food ingredients, protein content, and cooking technique 

complexity. This dataset is then further optimized with hyperparameters to 

maximize model performance. This paper conducted trials with 6 models 

where the best model for portion size had an accuracy of 0.7821 with a 

balanced accuracy of 0.4929, and an F1 Score of 0.8763, while the accuracy 

for cooking time was 0.6929 with a balanced accuracy of 0.6445, and an F1 

Score of 0.7737. From the best model, it was found that the quantity of 

weighted ingredients and the distribution of ingredients per step were among 

the most influential features, while step-based and technique-based features 

were the most important features for cooking time. The contribution of this 

research is the development of an interpretable model for meal planning 

efficiency in culinary applications. These results indicate that feature 

aggregation combined with XGBoost provides actionable insights for smart 

kitchen assistants and recommendation systems. 
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1. INTRODUCTION 

Predicting serving sizes and cooking times remains a significant challenge in culinary data science due to 

the variability in recipe ingredients and preparation methods. Recent studies have applied deep learning models 

on large-scale food datasets to estimate portion size from images [1][2]. This study focuses on addressing these 

challenges by utilizing machine learning to predict these key aspects from recipe data. The sheer number of 

recipe data generated by data-driven platforms in the modern digital world provides the means to discover 

novel cooking patterns through recipe process analysis. A key component of the process analysis is the 

prediction of recipe portion sizes and cooking times. The ability to make these predictions is extremely valuable 

in improving personalized services in the culinary world, such as recipe suggestions, kitchen organization, and 

meal planning through data assessment [3]-[5]. The sheer number of recipe data generated by data-driven 

platforms in the modern digital world provides the means to discover novel cooking patterns through recipe 

process analysis [6][7]. The ability to make these predictions is extremely valuable in improving personalized 

services in the culinary world, such as recipe suggestions, kitchen organization, and meal planning through 

data assessment [8]. 

Predicting portion sizes and cooking times from recipe text features with numerical outputs can be done 

with machine learning models due to their capacity to learn complex functions. One of the newer methods of 

recipe data analysis is a blend of culinary data analysis and machine learning, referred to as computational 

gastronomy, which aims to elucidate recipe prediction features [9][10]. This method, called predictive 

analytics, is capable of converting text features to structured data and containing the protein, step complexity, 

and methods of cooking along with the ingredient amounts. These structured data features allow precise 

predictions of cooking times and portion sizes, and thus the prediction of culinary analytics and 

recommendation services [11]. Recent advancements in recipe recommendation also utilize multimodal 

approaches in which prediction and recommendation are improved by integrating both text and images to 

personalize the recommendations [12]. In this context, machine learning models have been used to predict 

numerical variables such as cooking time and portion size, although the results still need improvement in terms 

of accuracy and generalizability [13], particularly in terms of accuracy and measurability. For example, 

machine learning has been applied to predict micronutrient profiles in food after processing, demonstrating the 

potential of predictive models in complex food systems [14], or the potential for predictive culinary analytics 

to extend to operational planning and personalized nutrition in food systems [15]. Similarly, studies have 

demonstrated that both visual–non‑visual factors such as ingredient usage patterns and recipe popularity have 

been shown to influence digital recipe attributes including popularity and ingredient usage patterns [16]. Other 

studies have focused on improving recipe features extraction using deep learning, such as optimizing ingredient 

recognition via direct F‑score optimization for ingredient recognition, which improves the accuracy of 

identifying ingredients and their relationships with the recipes [17]. Also, machine learning models have been 

proposed for short-term demand forecasting to reduce food waste in catering services, showing that predictive 

culinary analytics can be used to operational planning beyond particular recipes [18]. These findings 

underscore the necessity of merging advanced data analytics, text representation, and feature engineering for 

enhanced prediction capabilities in culinary applications.  

Choi et al. [3] proposed the KitchenScale model for predicting ingredient quantities from recipe steps 

using NLP. However, this model does not address critical parameters such as cooking time and portion size, 

which are necessary for holistic meal planning though beneficial for ingredient prediction. We address this 

issue by integrating NLP with XGBoost to estimate cooking time and amount size, providing a more 

comprehensive solution for recipe recommendation.  Another work by Ispirova et al. [19] has been done to 

estimate the nutritional content of the recipes by training a model on one dataset and verifying its 

generalizability. But it overlooks other important components such as cooking time and portion size, which are 

essential for practical kitchen applications like meal planning. We build on this by estimating also the cooking 

time and the size of a dish, combining structured and unstructured data to make best possible recipe 

recommendations in a more practical way. Furthermore, De Clercq et al. [20] built a machine learning model 

to anticipate missing recipe elements, but this method does not directly forecast cooking durations and portion 

sizes that depend on the interaction of the ingredients and the application of the cooking procedures. Our 

approach takes this into account by accounting for both cooking time and amount size, using deeper, structural 

variables such as cooking techniques and ingredient composition. Conversely, a systematic study by Tao et al. 

[21] investigated text mining and big data analytics in relation to recipe data analysis. Yet, their methods 

predominantly target textual data, lacking the integration of numerical data, which is essential for precise 

prediction of cooking time and portion size. Our work fills this gap by leveraging both textual and numerical 

data to predict both crucial recipe outcomes. Finally, Cabeza-Gil et al. [22] proposed a digital twin model that 

predicts cooking times based on sensor data and neural networks. This strategy is intriguing but is mainly based 
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on sensor data and does not include textual recipe data, which offers vital information on processes and 

ingredient interactions. In this paper, we overcome this limitation by adding textual information to estimate the 

cooking duration and the serving size, opening up a wider potential for applications such as recipe 

recommendation and kitchen management.  

The uniqueness of this study lies in the development of a predictive model. Unlike the conventional 

numerical analysis of recipe data, the model takes into account the structural element of recipe texts including 

ingredient and associated cooking methods to reflect the variability of output targets such as cooking time and 

servings. Ingredient names are extracted using fuzzy matching techniques with a threshold of > 90% similarity, 

ensuring accurate identification even when there are slight variations in spelling or phrasing. For quantities, 

the LLM Gemma 4:3B model is employed to interpret and predict ingredient amounts, while a portion 

conversion database is used to standardize servings across different recipes. Cooking methods are categorized 

based on their complexity and influence on cooking time, which are then used to help predict cooking time and 

portion size more accurately. By leveraging these engineered features, the model captures complex 

relationships between ingredients, cooking methods, and the final cooking outcomes. Previous studies like 

KitchenScale have used NLP to forecast ingredients, but this work is unique in integrating machine learning to 

concurrently estimate cooking times and portion sizes, filling the gaps in recipe data interpretation. 

Furthermore, this work contributes to the field of computational gastronomy by providing a more advanced 

model for bettering the performance of recipe recommendation systems and data-driven applications in kitchen 

management and meal planning. The model provides more refined, data-driven guidance for users to balance 

ingredient selection with cooking time, optimizing both aspects of meal preparation.  

Although modern Sequence-to-Sequence models and Transformers are commonly used for prediction on 

raw text-based recipes, they need large datasets, and are less interpretable for tabular structured data and 

provide clearer feature importance, especially for smaller datasets common in culinary analytics [23][24]. In 

this approach, recipe texts are converted into structured numerical and categorical variables such as ingredient 

quantities, cooking processes and protein technique interactions that allow us to leverage XGBoost. This 

approach is efficient with tabular data, gives interpretable feature importance, and is appropriate for the size of 

our data set, striking a good balance between predicting performance and transparency for practical culinary 

applications. 

 

2. METHODS 

The methodology used in this research is a systematic method to forecast portion size and cooking time 

using Indonesian recipe data. For preprocessing, we first normalized ingredient units to grams with a large 

language model (Gemma) for unit normalization, based on the recent approach LLM-assisted feature 

standardization [25]. We also generated a comprehensive list of ingredients and cooking techniques via regex 

and fuzzy matching [26]. Then the ingredients are grouped according to their gram units and cooking methods, 

and feature engineering is applied to derive informative features [27]. These features are used to generate binary 

targets for categorization. We used Stratified K-Fold cross-validation (𝐾 = 5) to guarantee a balanced dataset 

for training and testing. The model is based on XGBoost, then threshold adjustment for best performance. 

Finally, the model effectiveness is tested by several performance criteria. The predictive capacity of the models 

is further improved by the combination of machine learning techniques and food science knowledge [28], 

especially in the context of food consumer demand analysis. Besides, the system also includes algorithms for 

predicting complicated food properties [29] which increases the precision of the final predictions. 

 

2.1. Data Collection 

This study uses a dataset of 1,400 traditional Indonesian recipes taken from Cookpad and validated by 

experts, consisting of a list of ingredients, step-by-step cooking procedures, number of servings, and estimated 

cooking times and their variability. The variation of these recipes provides an opportunity to study various 

aspects of diversity in local culinary traditions, consistent with the approach of other large-scale recipe datasets 

that include nutritional attributes and other detailed attributes that influence [30]. 

For accurate prediction of the recipes nutritional value, the study cites the Indonesian Food Composition 

Table (IFCT) which organizes macronutrients and micronutrients, and ranges of typical Indonesian food 

ingredients classifications. Similar to previous work using standardized food composition databases, machine 

learning models can estimate nutrient contents and analyze relationship between ingredients and nutritional 

outcomes [31]. The recipe dataset and the IFCT can be merged to analyze the quantity of the relationship of 

food ingredients and food preparation method to the recipe attributes such as number of servings and cooking 

time. 
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The study aims to identify the relationship of food ingredients, food preparation method and culinary 

attributes. The study also aims to create a digital recipe-based nutritional value prediction model. Therefore, 

the study aims to utilize the online recipe datasets for nutritional value planning, recipe time optimization, and 

to create data-based culinary problems. Based on Table 1, of the 1400 Indonesian recipes, each recipe uses an 

average of 16.32 ingredients, yielding 4.95 servings with 48.02 minutes of cooking time and 15.53 steps. Each 

recipe can involve more than one cooking technique and various types of ingredients, so the total distribution 

of techniques and ingredients far exceeds the number of recipes. The most frequently used techniques in this 

dataset are mixing, sautéing, stirring, and boiling, while the dominant ingredients in this recipe dataset are 

spices, vegetables, fat, and sugar, reflecting the characteristics of Indonesian cuisine which is rich in spices, 

ingredients, and complexity. The combination of ingredient quantity, technique variation, and ingredient type 

is correlated with cooking duration and recipe complexity, thus providing a strong basis for conducting 

systematic analysis to predict nutritional value and provide cooking efficiency. 

 
Table 1. Data Distribution 

Variable Mean Max Min 

Ingredients per Recipe 16.32 29 4 

Servings per Recipe 4.95 60 1 
Estimated Cooking Time (minutes) 48.02 300 3 

Number of Cooking Steps 15.53 86 1 

   

Techniques Distribution Type of Material Distribution 

Boil 810 Meat 289 
Fry 702 Eggs 443 

Sauté 880 Fat 899 

Grill 111 Spices 6360 
Steam 136 Vegetables 1347 

Slice 899 Sugar 860 

Stir 950 Tubers 179 
Shake 42 Fish etc. 311 

Mix 1262 Nuts N 

Poach 0 Cereals 212 
Blender 671 Fruit 138 

Marinate 109 Milk 12 
Roast/Broil/Sous-vide/Deep-fry/Sear 2 Drinks 5 

Braise 19   

Simmer 219   

 

2.2. Data Preprocessing 

Data preprocessing is a crucial stage in data analysis, aimed at ensuring the quality of the data used in 

training predictive models. This process involves a series of steps to ensure that the data involved is error-free, 

consistent, and well-structured to facilitate model processing. In this study, the data used comes from 

Indonesian recipes, which have various forms of non-uniformity in format and units. Therefore, this data 

preprocessing stage involves several important aspects: data cleaning, handling missing and non-standard 

values, converting ingredient units to grams, normalization and standardization, and categorical data 

transformation, weighting cooking techniques [32] and ingredient types, as seen in Figure 1 in the 

preprocessing section. 

The first step is data cleaning that begins by removing columns that are irrelevant or provide useful 

information. Furthermore, missing values in the time_to_cook and portion columns will be manually verified 

by an expert. The next important step is handling the unit values of ingredients. This is because recipes are 

recorded in non-uniform units. This ensures consistency in ingredient naming (e.g., for chicken, some call it 

"large chicken," "meat chicken," "chicken thigh," etc.) in accordance with the IFCT measurement standards, 

while avoiding data inconsistencies and maintaining data quality [33]. This conversion process was performed 

using LLM, Gemma 3:4B, to recognize non-standard/household ingredient amounts and convert them 

automatically and correctly to standard units, i.e., grams [34]. The conversion results to grams were checked 

by an expert and had an accuracy of 63.88%. Ingredients that were not detected by the IFCT standard or those 

lacking units or quantities were extracted from the ingredient matrix, but they were nevertheless incorporated 

into the ingredient feature as binary indicators. With this strategy, the presence of unknown ingredients was 

still accounted for in the model without impacting the accuracy of portion determination. 

Once the ingredients were validated, an ingredient matrix was constructed with the ingredient amounts in 

grams for each recipe. At this point, each recipe would contain a numerical representation of the items utilized 

in grams. This would make for more effective modelling with structured data [35]. Next, ingredients and 
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cooking techniques are grouped by category. For the types of ingredients are grouped based on the grouping 

of IFCT, namely meat, eggs, fat, spices, sugar, tubers, fish, etc., nuts, cereals, fruits, drinks, and milk. As for 

cooking techniques, details and weights can be seen in Table 2. These weight assignments in Table 2 are based 

on expert consultation, culinary principles, and the impact of techniques and ingredients on cooking time and 

portion size. These ingredients and cooking techniques can be used as informative input features for the model, 

so that they can improve the quality of machine learning model predictions through more meaningful and 

representative features of the phenomena that can be analyzed [36]. 

 

 
Figure 1. Modeling Approach Pipeline for Predicting Portion Sizes and Cooking Time Using XGBoost 

 
Table 2. Weighting of Cooking Techniques and Types of Materials 

Weight (W) Techniques (T) Type of Materials (J) 

1 Slice; Mix Fruit; Sugar; Milk; Drink 

2 Stir; Shake; Blender; Marinate Spices; Fat; Vegetables 
3 Boil Nuts; Eggs 

4 Fry; Stir-fry; Steam; Poach; Saute; Sear Fish etc 

5 Grill; Broil; Roast; Deep-fry Cereals; Tubers 
6 Braise; Sous-vide Meat 

7 Simmer - 

 

2.3. Feature and Target Selection 

Feature Selection is an important process in selecting relevant features for machine learning models, 

which aims to reduce model complexity, increase accuracy, and speed up training time [37][38]. In the context 

of predicting portion and cooking time of Indonesian recipes, feature selection is carried out to select features 

that have the greatest contribution to the target variable [39], namely cooking time and number of portions. 

The new features used are total_gram, weighted ingredients, number of techniques, interaction between protein 
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and cooking technique, and calculated technique complexity. Some features added from the aggregate results 

of other features can be seen in Table 3. The target of this prediction will be converted into binary form, with 

portion classifications being small/large and cooking time classifications being quick/long. This is done to 

convert continuous variables into binary categories based on thresholds. 

 
Table 3. Aggregate Features 

Features Equation Description 

Protein_source_total (pct) {𝑀𝑒𝑎𝑡, 𝐸𝑔𝑔𝑠, 𝐹𝑖𝑠ℎ 𝑒𝑡𝑐, 𝑁𝑢𝑡𝑠} ∩ 𝐽𝑛 
Helps the model see the contribution of 

the dominant main ingredient in a portion. 

weighted_ingredient (wi) 𝑊𝑖 ∗ 𝐼𝑗 

The influence of ingredients, for example 
meat or cereals, is considered to be 

heavier on the portion than sugar or 

spices. 

ingredients_per_step (ips) 
𝑇𝑜𝑡𝑎𝑙_𝑔𝑟𝑎𝑚

𝑛𝑢𝑚_𝑠𝑡𝑒𝑝 + 1
 

Scale ingredients against cooking 

processes to see if a recipe is large but has 

few steps, or vice versa. 

Weighted_technique(wt) 𝑊𝑖 ∗ 𝑇𝑗 
Giving weight to each technique which 

greatly influences cooking time 

Num_techniques (nt) ∑ 𝑡𝑒𝑐ℎ𝑛𝑖𝑞𝑢𝑒𝑠 The number of techniques used in a recipe 

protein_per_step (pps) 
𝑃𝑐𝑡

𝑛𝑢𝑚_𝑠𝑡𝑒𝑝 + 1
 

Intensity of main ingredients in each stage 
of the process 

avg_gram_per_ing (agpi) 
𝑇𝑜𝑡𝑎𝑙_𝑔𝑟𝑎𝑚

𝑖𝑛𝑔𝑟𝑒𝑑𝑖𝑒𝑛𝑡𝑠 +  1
 Density of material composition 

protein_per_ing (ppi) 
𝑃𝑐𝑡

𝑖𝑛𝑔𝑟𝑒𝑑𝑖𝑒𝑛𝑡𝑠 + 1
 

Shows how protein heavy each ingredient 

in a recipe is. 

protein_tech_interaction (pti) 𝑃𝑐𝑡 ∗ 𝑤𝑡 
Certain protein ingredients often require 
more complicated or longer processing 

techniques 

steps_per_technique (spt) 
𝑛𝑢𝑚_𝑠𝑡𝑒𝑝

𝑛𝑡 + 1
 

How long each technique is performed in 
a recipe. Can help distinguish recipes with 

few techniques but long steps 

tech_per_step (tps) 
𝑛𝑡

𝑛𝑢𝑚_𝑠𝑡𝑒𝑝 + 1
 

Variation of techniques in each step. 
Recipes with many techniques in a few 

steps can be a complex process. 

tech_per_1000g (tp1000) 
𝑤𝑡

𝑡𝑜𝑡𝑎𝑙_𝑔𝑟𝑎𝑚 + 1 ∗ 1000
 

The intensity of the technique relative to 
the scale of the ingredients to distinguish 

small, complex recipes from large, simple 

recipes. 

protein_step_complexity (psc) 𝑃𝑐𝑡 ∗ 𝑛𝑢𝑚_𝑠𝑡𝑒𝑝𝑠 

This indicates how much protein is 

cooked in a recipe overall. This is relevant 

because protein often determines cooking 
time. 

num_slow_techniques (nst) 

{𝑏𝑟𝑎𝑖𝑠𝑒, 𝑠𝑖𝑚𝑚𝑒𝑟, 𝑟𝑜𝑎𝑠𝑡, 𝑠𝑜𝑢𝑠
− 𝑣𝑖𝑑𝑒, 𝑝𝑎𝑛𝑔𝑔𝑎𝑛𝑔, 𝑏𝑜𝑖𝑙, 𝑔𝑟𝑖𝑙𝑙}
∩ 𝑇𝑛 

Some techniques are synonymous with 
long cooking times. 

Sapi_kambing_tech_score (skts) 𝐼𝑠_𝑠𝑎𝑝𝑖_𝑘𝑎𝑚𝑏𝑖𝑛𝑔 ∗ 𝑤𝑡 
Determining the level of complexity of 

techniques using cow/goat materials 

Tech_complexity (tc) 𝑛𝑢𝑚_𝑠𝑡𝑒𝑝 ∗ 𝑤𝑡 
Determining the complexity of a 

technique based on the number of steps 

 

2.4. Model Selection 

Model selection is a crucial step in building an accurate prediction system. In this study, model selection 

was conducted to select the most appropriate machine learning algorithm such as gradient boosting models, 

which have been shown to perform well on structured tabular data [40][41] to predict two main targets: cooking 

time and number of servings in Indonesian recipes. Several factors to consider in model selection are the 

model's ability to handle numerical and categorical data, its ability to avoid overfitting, and its ability to handle 

large and unstructured datasets [42]-[44]. 

The algorithms used in this study are XGBoost, Logistic Regression, and Random Forest, which are 

applied to classification problems. XGBoost is a gradient boosting method that is effective in handling large 

and complex datasets. XGBoost works by gradually combining several decision trees, where each new tree 

tries to correct the errors of the previous tree [45], and has L1 and L2 regularization mechanisms to prevent 

overfitting and improve generalization [46]. 

In this study, XGBoost was used for classification, where the targets were portion size and cooking time 

categories. Using XGBoost for classification, the model predicts the category of each target based on the 
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provided features. To maximize accuracy, XGBoost was optimized through hyperparameter tuning using 

GridSearch, including parameters such as n_estimators, learning_rate, max_depth, subsample, and 

colsample_bytree, so that the model can perform optimally on the training data while maintaining performance 

on the testing data. In this study, hyperparameter tuning using GridSearch was conducted prior to the model 

evaluation stage. The optimal parameter configuration obtained from GridSearch was then applied to the model 

for further evaluation. This tuning process was performed separately and was not nested within the cross-

validation framework. 

Moreover, XGBoost provides feature importance analysis for identifying the most relevant variables in 

predicting the portion size and cooking time. This is essential in the culinary setting, since it can hint to which 

ingredients or cooking processes most affect the final output of a recipe [47].  As illustrated in Figure 1, after 

the preprocessing and feature selection, the next step was to split the data into training and testing sets. The 

XGBoost model was trained using threshold tuning and the model was evaluated with cross validation and 

testing on the test set utilising metrics such as accuracy, recall, F1 score and precision to verify the accuracy 

and generalisability of the model in classification tasks [48]. 

 

2.5. Cross Validation 

To validate the XGBoost Regressor model for predicting cooking time and portion size, 𝑘 − 𝑓𝑜𝑙𝑑 cross-

validation is used as a validation method to evaluate the ability of the model to generalise to an independent 

data set and to evaluate the stability of the overall performance of the [49]. In this approach, the training data 

is divided into k subsets, and the model is trained on 𝑘 − 1 subsets while being validated on the remaining 

subsets repeatedly so that each piece of data is tested at least once [50]. K-fold cross-validation is used to 

reduce variance in performance estimation and improve generalization assessment, as demonstrated in [51]. 

Then, the values of metrics such as accuracy, recall, precision, and F1 score are averaged to provide more 

stable performance estimates and reduce the risk of overfitting or bias due to single data division [52]. This 

technique not only helps to select the optimal tuning combination but also provides a more realistic picture of 

performance estimates on real data, where empirically cross-validation evaluation is proven to be a valid 

method for model selection such as XGBoost which is sensitive to parameter configuration [53], in 

understanding the overall prediction performance even though the results still depend on data sharing [54], so 

that cross-validation remains an integral part of the modern machine learning model evaluation process [55]. 

After determining the optimal hyperparameters using GridSearch, model evaluation was conducted using 

Stratified K-Fold cross-validation (𝑘 = 5) to preserve class distribution across folds. This evaluation was 

performed separately from the tuning process to compare model performance with and without cross-validation 

[56]. 

 

2.6. Evaluation Model 

XGBoost model evaluation is performed using standard classification metrics, namely accuracy, recall, 

precision, and F1 score, as recommended for imbalanced classification problems in [57][58]. Given the 

potential class imbalance in portion size and cooking time classification, the primary evaluation criterion for 

model selection was the F1-score. These metrics provide an overview of the accuracy of the classification, the 

model's ability to handle minority classes, and the balance between precision and recall. Accuracy is used to 

measure the percentage of correct predictions from all data and the formula can be seen in Equation (1). Recall 

is used to measure the model's ability to identify the true positive class, where the formula can be seen in 

Equation (2) [59]. Meanwhile, precision is used to measure how many positive class predictions are correct in 

Equation (3), and F1 Score is the harmonic mean between precision and recall, which provides a better measure 

when dealing with class imbalance problems in Equation (4) [60][61]. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 +  𝑇𝑁

𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁
 (1) 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 (2) 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃 +  𝐹𝑃
 (3) 
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𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛. 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

 

3. RESULT AND DISCUSSION 

In the course of preparing the recipe datasets, ingredient recognition was carried out using fuzzy matching 

to handle discrepancies in ingredient name spellings, typographical errors, or ingredient abbreviations in 

different recipes. Fuzzy matching enables name comparison of each ingredient in the database to a reference 

list of ingredients, assigning a similarity score between 0 and 100. The score threshold was initially set to 70, 

meaning that ingredients with a similarity score of ≥ 70 were classified as identical. Nevertheless, the threshold 

proved to be inaccurate for several ingredient identifications, particularly for ingredients with identical 

spellings or ambiguous abbreviations. 

During preprocessing, a higher fuzzy matching threshold was adjusted to ≥92, which resulted in improved 

ingredient consistency and reduced misclassification in the feature extraction stage. So that only ingredients 

with exceptionally high similarity would be considered a match to the standard list. Such enhancement enabled 

the system to be more precise when identifying ingredients, decreased the errors in features regarding 

ingredient quantity and type, and enhanced the input data quality for the predictive model. Thus, high threshold 

fuzzy matching is important for model improvement and for lessening the effect of spelling outliers in the 

ingredient list. 

From the preprocessing results, a dataset was obtained in the form of a feature matrix as shown in Table 

4. This matrix represents each recipe as one row, with columns containing various important attributes for 

prediction. The 𝐽𝑛 column represents the amount of a particular type of ingredient contained in the recipe in 

grams that derived from IFCT data, while 𝑇𝑛 represents binary indicators of cooking techniques such as boil, 

fry, stir, etc. The portion column shows the number of servings of the recipe, and the is_sapi_kambing column 

is a Boolean variable that indicates whether the recipe contains beef or goat, because these ingredients usually 

require a longer cooking time. The time column represents the cooking duration of the recipe, the ingredients 

indicate how many types of ingredients are used, the steps indicate the number of stages in the recipe, and the 

𝑇𝑛 column reflects the cooking technique used in the recipe. 

 
Table 4. Recipe Preprocessing Result Matrix 

id 𝑱𝟏 𝑱𝟐 𝑱𝟑 … portion Is_sapi_kambing time ingredients steps 𝑻𝟏 𝑻𝟐 … 

0 100 60 0 … 3 0 60 16 11 1 0 … 

1 0 1000 80 … 4 1 95 14 10 1 0 … 

… … …  … … … … … … … … … 

 

The next stage is to run trials to predict two major targets: cooking time and serving size, when the data 

is in the form of a feature matrix. The prediction model is XGBoost, which is very effective in classification 

and regression problems in huge and complex data structures. In this experiment, all cooking techniques and 

all types of ingredients are weighted according to their complexity and normal cooking time. This weighting 

is intended to increase the model’s accuracy in forecasting time duration and portion size. 

An additional experiment was also undertaken to tune the threshold and optimize the model. The purpose 

of threshold tuning is to find the best threshold to distinguish the classes in the prediction results so that the 

model can output more accurate results according to the prediction objectives. In this work different algorithms 

were explored to forecast two main targets, portion size and cooking time. The essential features were used to 

apply multiple modelling techniques and evaluation procedures to examine the predicted accuracy and 

consistency of the model. Table 5 presents the results of the model performance evaluation with the use of 

different features and parameters. For each target, accuracy, precision, recall, F1 score and balanced accuracy 

were employed as evaluation criteria. 

Model 1 had a hard time predicting portion sizing and cooking time. Model 1 decided to use an XGBoost 

Regressor with rounding of predictions, however the results were sadly unsatisfactory. The portion size 

prediction accuracy was 0.1679 and F1 score was 0.0503. The cooking time prediction was significantly worse 

with accuracy 0.014 and F1 score 0.00189. In general, the rounding approach was bad and the forecasts were 

sub-par for the intricacy of the data. We added ±1 adjustment for piece size and ±5 minutes for time for model 

2, which modestly improved performance using the XGBoost Regressor with a rounding method. This model 

had an accuracy of 0.575 for portion size and 0.2357 for duration. This is still quite low, especially for 

predictions of cooking time, which require more fine-grained research. 
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Model 3 employed classifiers and divided time categories into quick, medium and long ones and size 

categories into small, medium and large ones. This helped the model to better capture the variations in the data. 

The portion categorization scores were 0.51 (accuracy), 0.3661 (balanced accuracy) and 0.3637 (F1 score). 

The accuracy score on the time classification part of the model was 0.5857 and 0.4338 on the F1 score. The 

model does show some better performance, however there are still many more potential optimizations including 

balanced accuracy. 

 
Table 5. Prediction Test (1400 data) 

No

. 

Portion 

Feature 

Time 

Feature 
Model 

Evaluation 

(portion) 

using 

XGBoost 

Evaluation 

(Time) 

using 

XGBoost 

Evaluation 

(portion) 

using 

Logistic 

Regression 

Evaluation 

(Time) 

using 

Logistic 

Regression 

Evaluation 

(portion) 

using 

Random 

Forest 

Evaluation 

(Time) 

using 

Random 

Forest 

1 

total_gra

m, pct, 

wi, ips, 
pps, 

agpi, ppi 

num_st

eps, wt, 

pti, nt, 
skts, tc, 

nst 

Regresso
r with 

predicted 

rounding 

Acc.: 0.196 
Precision: 

0.0909 

Recall: 
0.063 

F1 Score: 

0.0547 

Acc.: 0.014 
Precision: 

0.0176 

Recall: 
0.0010 

F1 Score: 

0.00189 

Acc.: 0.168 
Precision: 

0.05199 

Recall: 
0.0516 

F1 Score: 

0.0503 

Acc.: 0.579 
Precision: 

0.5116 

Recall: 
0.4700 

F1 Score: 

0.4804 

Acc.: 0.246 
Precision: 

0.0718 

Recall: 
0.068 

F1 Score: 

0.0548 

Acc.: 0.679 
Precision: 

0.4398 

Recall: 
0.4134 

F1 Score: 

0.4102 

2 

total_gra

m, pct, 

wi, ips, 
pps, 

agpi, ppi 

num_st

eps, wt, 

pti, nt, 
skts, tc, 

nst 

Regresso

r portion 

± 1 and 
time ± 5 

minutes 

Acc.: 0.575 

 

Acc.: 0.236 

 
    

3 

total_gra

m, pct, 
wi, ips, 

pps, 

agpi, ppi 

num_st

eps, wt, 
pti, nt, 

skts, tc, 

nst 

Portion: 

small, 
medium, 

large 

Time: 

quick, 

medium, 

long 

Acc.: 0.51 
Bal. Acc: 

0.3661 

Precision: 
0.3654 

Recall: 

0.3661 
F1 Score 

:0.3637 

Acc.: 0.586 
Bal. Acc: 

0.5018 

Precision: 
0.4305 

Recall: 

0.5018 
F1 Score: 

0.4338 

Acc.: 0.389 
Bal. Acc: 

0.3655 

Precision: 
0.3571 

Recall: 

0.3655 
F1 Score 

:0.3439 

Acc.: 0.579 
Bal. Acc: 

0.7276 

Precision: 
0.4721 

Recall: 

0.7276 
F1 Score: 

0.4592 

Acc.: 0.482 
Bal. Acc: 

0.3379 

Precision: 
0.3394 

Recall: 

0.3379 
F1 Score 

:0.3378 

Acc.: 0.579 
Bal. Acc: 

0.6000 

Precision: 
0.4625 

Recall: 

0.6000 
F1 Score: 

0.4932 

4 

total_gra

m, pct, 
wi, 

ingredie

nts, agpi, 
protein_r

atio, ips, 

pps, ppi 

num_st

eps, nt, 
wt, pti, 

skts, 

spt, tps, 
tc, 

tp1000, 

psc, nst 

Portion: 

small, 

large 
Time: 

quick, 

long 
SMOTE 

Acc.: 0.782 

Bal. Acc: 

0.4929 

Precision: 

0.8372 

Recall: 

0.9191 

F1 Score 

:0.8763 

Acc.: 0.693 

Bal. Acc: 

0.6445 

Precision: 

0.7101 

Recall: 

0.8497 

F1 Score: 

0.7737 

Acc.: 0.593 
Bal. Acc: 

0.5329 

Precision: 
0.8538 

Recall: 

0.6213 
F1 Score 

:0.7192 

Acc.: 0.704 
Bal. Acc: 

0.6924 

Precision: 
0.7711 

Recall: 

0.7399 
F1 Score: 

0.7552 

Acc.: 0.796 
Bal. Acc: 

0.5284 

Precision: 
0.8477 

Recall: 

0.9234 
F1 Score 

:0.8839 

Acc.: 0.675 
Bal. Acc: 

0.6300 

Precision: 
0.7030 

Recall: 

0.8208 
F1 Score: 

0.7573 

5 

total_gra

m, pct, 
wi, ips, 

pps 

 

num_st

eps, wt, 

pti, 
skts, tc 

Portion: 

small, 
large 

Time: 

quick, 
long 

k-fold = 

5 

Acc.: 0.5050 
Bal. Acc: 

0.5116 

Precision: 
0.5209 

Recall: 

0.5116 
F1 Score: 

0.4667 

Acc.: 0.806 
Bal. Acc: 

0.5696 

Precision: 
0.5589 

Recall: 

0.5696 
F1 Score: 

0.5630 

Acc.: 0.513 
Bal. Acc: 

0.5584 

Precision: 
0.5654 

Recall: 

0.5584 
F1 Score: 

0.5044 

Acc.: 0.721 
Bal. Acc: 

0.6196 

Precision: 
0.5675 

Recall: 

0.6196 
F1 Score: 

0.5589 

Acc.: 0.517 
Bal. Acc: 

0.4855 

Precision: 
0.4836 

Recall: 

0.4855 
F1 Score: 

0.4741 

Acc.: 0.786 
Bal. Acc: 

0.5878 

Precision: 
0.5599 

Recall: 

0.5878 
F1 Score: 

0.5657 

6 

total_gra

m, pct, 
wi, ips, 

pps 
 

num_st

eps, wt, 

pti, 
skts, tc 

Portion: 

small, 
large 

Time: 

quick, 
long 

k-fold=5 
SMOTE 

Acc.: 0.3929 
Bal. Acc: 

0.5100 

Precision: 
0.5307 

Recall: 
0.5100 

F1 Score: 

0.3418 

Acc.: 0.664 
Bal. Acc: 

0.6608 

Precision: 
0.5697 

Recall: 
0.6608 

F1 Score: 

0.5436 

Acc.: 0.611 
Bal. Acc: 

0.4884 

Precision: 
0.4557 

Recall: 
0.4884 

F1 Score: 

0.4184 

Acc.: 0.707 
Bal. Acc: 

0.6442 

Precision: 
0.5686 

Recall: 
0.6442 

F1 Score: 

0.5598 

Acc.: 0.443 
Bal. Acc: 

0.5168 

Precision: 
0.5213 

Recall: 
0.5168 

F1 Score: 

0.4345 

Acc.: 0.846 
Bal. Acc: 

0.6411 

Precision: 
0.6306 

Recall: 
0.6411 

F1 Score: 

0.6355 

 

The application of a two-class classification for portion (little, large) and time (fast, long) with two 

thresholds, one for portion and one for time, also yielded pretty excellent results for model 4. The size of a 

portion is based on the number of servings a dish yields, with 3 servings or less considered a small portion size 

and more than 6 servings considered a large portion size. This is based on how portions are normally created 

in households. Cooking Time is classified as rapid (cooking time less than or equal to 52 minutes) and lengthy 
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(cooking time greater than 52 minutes). This threshold was calculated using Figure 2 with K-Means (k=2) 

clustering, which found two natural groups, with centroids close to 36 minutes (for rapid recipes) and 95 

minutes (for long dishes). That 52 minute barrier is roughly halfway between the clusters, essentially creating 

a divide between common simple meals and lengthier, more sophisticated recipes. Analysis of the histograms 

also indicated a bimodal distribution with peaks at 30 to 45 minutes for short dishes and 70 to 90 minutes for 

long meals. With this threshold, the model classifies recipes in a statistically and practically meaningful way 

and provides a starting point for addressing class imbalance in the minority (long) class. These thresholds were 

chosen based on dataset distribution and culinary practices, which distribution of the dataset are 1173 small 

and 227 large portions, 866 quick recipes and 534 long recipes. The model achieved an accuracy of 0.7821 for 

portion, and an F1 score of 0.8763. This means it achieved high accuracy but showed poor balanced accuracy 

in predicting the correct portion. For time prediction, Model 4 achieved a high accuracy of 0.6929 with its 

balanced accuracy was relatively low (0.4742), indicating that the model struggled to correctly classify the 

minority class. This suggests that the high accuracy is misleading due to class imbalance, where the model is 

biased toward the majority class (quick recipes) and performs poorly on the minority class (long cooking time). 

Therefore, despite its high accuracy, Model 4 does not provide a well-balanced prediction performance. 

 

 
Figure 2. Distribution of Cooking Time Using K-Means 

 

Model 5 using specifically threshold for portion ≥0.5, time ≥0.55, and the inclusion of k-fold cross-

validation, Model 5 achieved a more balanced performance. For portion, achieving an accuracy of 0.5050, a 

balanced accuracy of 0.5116, and an F1 score of 0.4667. Time prediction accuracy increased to 0.8064, 

balanced accuracy to 0.5696, and F1 score to 0.5630. Both thresholding and cross-validation techniques helped 

the model to be more adaptable to data changes. Model 6 employed a combination of k-fold cross validation, 

thresholding, and SMOTE (Portion score >=0.799, time score >=0.25). The results showed a portion accuracy 

of 0.3929, a balanced accuracy of 0.5100, and an F1 score of 0.3418. For time prediction, the model accuracy 

was 0.6643, balanced accuracy was 0.6608, and the F1 score was 0.5436. While there was a reduction in partial 

accuracy compared to the previous model, the application of SMOTE enhanced balanced accuracy, resulting 

in better handling of minority classes. 

For the Portion goal, the experimental findings reveal that the regression models such as XGBoost 

Regressor and Logistic Regression are less effective as the continuous output has to be rounded which makes 

numerous classification errors. The Random Forest model is significantly more stable but the highest 

performance is obtained from XGBoost Classification with feature engineering and thresholding (Model 4). 

This model employs domain-specific variables including protein_ratio, amount of ingredients and other 

technical indicators to characterise portion changes properly. The F1 score for Portion attained 0.8763 and an 

accuracy of 0.7821, which indicates that the combination of boosting, thresholding and domain-relevant 

characteristics can predict Portion classes (small/large) with high precision, while retaining business logic 

consistency. The XGBoost hyperparameters for Model 4 were set at n_estimators=250, max_depth=4, 

learning_rate=0.05, subsample=0.85, colsample_bytree=0.85, and random_state=42. 

For the Time target, simple regression failed to capture the distribution of the categorical classes 

(quick/long), as indicated by very low F1 scores ranging from 0.0019 to 0.4804. Logistic Regression provided 

marginal improvement, but was still inferior to the tree-based model. Random Forest and XGBoost with 

SMOTE helped stabilize predictions for the minority class, but XGBoost Classification with thresholding and 

additional features (Model 4) remained superior with an F1 score of 0.7737 and a balanced accuracy of 0.6445. 

This indicates that for the Time target, a boosting approach that adjusts thresholds and utilizes domain-specific 

features is very effective in addressing class imbalance and the complexity of feature interactions. 

When compared algorithmically, XGBoost excels because it is able to capture complex interactions 

between numerical and domain-specific features that affect both targets, and provides flexibility through 

thresholding for minority categories. Logistic Regression tends to be linear and thus fails to capture non-

linearity, while Random Forest is stable for categories but does not fully utilize the advantages of boosting in 

reducing bias and improving predictions for minority classes. This combo (XGBoost + feature engineering + 
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thresholding) is the best solution for this dataset, for both Portion and Time, with deep thinking logic, as it 

systematically combines the domain information, handles the imbalance and generates more accurate and 

consistent predictions. 

Models were built sequentially to show the course of the experiment. Model 1 and Model 2 were 

developed from regression methods with rounding and adjustment procedures. Model 3 added categorisation 

with multi-class targets. In Model 4, we increased the performance with binary classification and more 

expanded feature sets and SMOTE. Model 5 greatly improved the model utilising threshold tweaking and K-

Fold cross validation. Finally, in Model 6, SMOTE was used to solve the class imbalance. These improvements 

offered a systematic means to assess the influence of various modelling methodologies on performance. The 

differences between Model 1 and Model 6 are outlined in Table 6. These advances illustrate the transition from 

regression to classification, along with the addition of feature engineering and validation procedures, resulted 

in a significant enhancement of model performance. 

For Time, the leading features are tech_per_1000g (tp1000), Tech_complexity (tc), 

step_per_technique(spt), tech_per_step(tps), protein_step_complexity (psc), and Weighted_technique (wt), all 

of which relate to the Tech-Intensity and Tech-complexity of the cooking process. Tech_per_1000g is a 

measure of tech intensity, and is slighted to large complex recipes vs general small recipes. Tech_complexity 

is the sum of a recipe’s steps and the techniques of the recipe. Weighted_technique is a measure of traction, 

that is the duration of the technique. Contextually, the duration is determined more by Tech-complexity and 

the interactions of the ingredients and the Tech than the number of steps or the number of ingredients can be 

seen in Figure 3. 

 
Table 6. Summary of Model Variations 

Model Feature Set Target Type Threshold Validation Special Technique 

Model 1 Basic features Regression Rounding Train-test - 
Model 2 Basic features Regression ± adjustment Train-test - 

Model 3 Basic features Multi-class Fixed threshold Train-test - 

Model 4 Extended features Binary Defined threshold Train-test Feature engineering + SMOTE 

Model 5 Selected features Binary Tuned threshold K-Fold Threshold tuning 

Model 6 Selected features Binary Tuned threshold K-Fold SMOTE 

 

 

 
Figure 3. Feature Importance for Portion and Time 
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Model 4 used a full suite of features for Portion and Time prediction, including variables related to 

ingredient distribution, protein ratio, number of steps, technique complexity, and protein-technique 

interactions. The model was applied in a binary classification with thresholds ≥0.6 for Portion and ≥0.52 for 

Time, and used SMOTE to balance the class distribution. The findings indicate that this model performed well 

with an accuracy of 78.2% and an F1 score of 0.8763 for Portion and an accuracy of 69.3% and F1 score of 

0.7737 for Time. Figure 4 illustrates the confusion matrix and reveals that most of the minority classes (big for 

Portion, long for Time) have been forecasted better than the prior model, but, there were still some 

mispredictions for the long cooking time and large portion categories. This indicates that SMOTE and 

thresholding were useful, although bias towards the dominant class was not fully removed. 

Future study recommendations include increasing the amount of conversion data to generate more 

accurate conversions to grams and hence improve the conversion of household units to grams. One can use 

oversampling or more adaptive cost sensitive learning methods for minority class prediction. In addition, 

ensemble models or deep learning can be studied to capture non-linear correlations between complex 

information. Optimising the dynamic or probabilistic threshold may result in a better balancing accuracy. 

Finally, the addition of additional, better aggregate attributes to better characterise the complexity of techniques 

and the interactions between ingredients and processes, thereby enhancing the accuracy of prediction of 

portions and duration. 

 

  
Figure 4. Confusion Matrix for Portion and Time Prediction 

 

4. CONCLUSIONS 

The results of this study show that the binary classification approach in XGBoost model can accurately 

predict the portion size and cooking duration, especially when the features used are representative of the 

distribution of ingredients, ratio of proteins, number of steps, complexity of techniques, and interactions 

between proteins and techniques. The feature importance analysis showed that portion size is primarily 

impacted by ingredient features such as total_grams, weighted_ingredient, avg_gram_per_ing and 

ingredients_per_step since these features directly represent the main ingredient contribution, material density 

and ingredient distribution per step, which are key factors in deciding the portion size. Cooking time depends 

on the processes and techniques used. num_steps, the relationship of protein and technique, tech_complexity, 

and tech_per_1000g show how process complexity and protein - technique interactions impact preparation 

time. These results emphasise that a domain-informed feature engineering method helps the model to identify 

useful patterns and enhances the interpretability of predictions in a kitchen operating environment. 

However, there are certain drawbacks in this study. First, the dataset size, although increased to 1,400 

recipes, is very small for a sophisticated model like XGBoost, which can limit the model’s ability to capture 

sparse patterns and increase the danger of overfitting. Second, the dataset is geographically and culturally 

unique, mostly consisting of Indonesian food, and so the generalizability of the model to recipes from other 

cultures is still limited. Third, the performance of the minority classes (especially large parts and long recipes) 

is still not optimal, even with the use of SMOTE and K-Fold Cross-Validation. Finally, the model was not 

verified on an external dataset, therefore its predictive ability on independent recipes is still unknown. 

Future work could consider class imbalance to improve the prediction of minority classes, broaden the 

cross-cultural dataset to increase the generalizability of the model, and generate further characteristics that 

highlight ingredient-technique connections. These improvements will allow the model to more accurately 

predict the portion sizes and durations which can be operationalized for the Free Nutritious Meals (MBG) 
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program or meal planning for diets for people with limited time. This will allow for optimization of appropriate 

food distribution, efficient cooking time management and more systematic fulfilment of recipients’ nutritional 

needs. 
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