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Abstract Hydroponic greenhouses are a potential solution to the increasing demand for 

food and nutrition for the global human population. However, agriculture is influenced by 

complex relationships between multiple variables, particularly in regard to controlled 

environments, making it challenging for farmers to identify essential factors to create and 

manage optimal conditions for higher crop yields. Data-driven decision-making is an 

appealing solution for overcoming this challenge. The objective of this study was to use 

data science methods to identify the essential factors affecting a hydroponic tomato farm 

in Hino City, Tokyo, Japan. Specifically, this study identified the essential microclimatic 

and hydroponic factors that affect tomato yield. Further, this study compared the 

application of linear multiple regression and random forest regression models to identify 

the essential factors impacting the tomato harvest. Data sensors were installed in the 

greenhouse to obtain microclimatic and hydroponic data. Farm records, plant growth 

records, and tomato harvest data from three crop cycles (November 2021 to July 2024) 

were also collected. The moving average method was applied to smooth the data during 

preprocessing. The random forest regression model outperformed the linear regression 

model with a higher R2 value of 0.9, whereas the linear model had a lower R2 value of 

0.31. Both models identified electrical conductivity supply, temperature, and the amount 

of water per plant as significant factors affecting tomato yield. Electrical conductivity 

showed a negative correlation, whereas temperature and the amount of water per plant 

showed a positive correlation, highlighting the importance of maintaining optimal levels 

for higher yields. This study provides practical insights into the essential yield-influencing 

factors and supports the implementation of customized management practices through 

data-driven decision-making, empowering smallholder hydroponic farmers to increase 

productivity. 
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INTRODUCTION 

Agriculture continues to be the foundation of global food and nutritional security with more than 

608 million family farms contributing significantly worldwide. Smallholder farmers account for 

70–80 percent of global farmland and produce approximately 80 percent of the world’s food by 
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value (FAO, 2021). In Japan, eighty percent of tomatoes are produced in smallholder greenhouses 

(MAFF 2022). Despite their pivotal role, smallholder farmers in Japan face multiple challenges, 

including unpredictable environmental conditions, resource limitations, labor shortages, and an 

aging farm worker population. These issues are particularly relevant in Japan, where smallholder 

farmers play a vital role in the agricultural sector. Therefore, the Japanese government has 

recognized the importance of supporting the agricultural sector by promoting smart agriculture 

(MAFF, 2024). Through subsidies and financial incentives, the government encourages farmers to 

adopt advanced technologies such as precision farming, data-driven decision-making, and 

automated systems (MAFF, 2023). These measures aim to mitigate labor shortages, enhance 

resource efficiency, and ensure the sustainability of smallholder farming operations. By integrating 

smart technologies, smallholder farmers can overcome traditional barriers and contribute to food 

security and economic sustainability in Japan. A promising approach for addressing these 

challenges is the adoption of smart hydroponic greenhouses. Smart hydroponic farming integrates 

hydroponic production techniques with sophisticated technologies such as Internet of Things (IoT) 

sensors, automated fertilizer delivery systems, and climate management to boost productivity and 

resource efficiency in a controlled setting (MAFF, 2024; Shareef et al., 2024). These systems offer 

a controlled environment for crop production in which nutrients are delivered through irrigation 

without soil, resulting in higher yields, better quality, and reduced resource use. This method is 

especially advantageous for smallholder farmers because it optimizes space, minimizes water 

consumption, and reduces dependency on traditional farming practices. However, managing 

hydroponic systems introduces complexities, requiring farmers to navigate the complex 

relationships between factors, such as temperature, humidity, CO2 levels, solar radiation, and 

nutrient concentrations (Shareef et al., 2024). Even slight imbalances can significantly affect crop 

yields, underscoring the need for decision support tools. 

Data-driven agriculture, a core component of smart agriculture, leverages technological 

advancements, IoT sensors, and data analytics to provide insights into farm management (Saiz-

Rubio and Rovira-Más, 2020). In this type of agriculture, decisions are made by analyzing 

historical and real-time data by using data-driven techniques to help farmers identify critical 

variables, optimize growing conditions, and enhance productivity. Data science offers powerful 

yield prediction and optimization methodologies, ranging from traditional statistical models to 

advanced machine learning algorithms. The statistical method of linear multiple regression is 

effective in identifying linear relationships between variables (Breiman, 2001). However, this 

method has limitations in capturing complex nonlinear interactions. Machine learning regression 

methods can capture complex nonlinear interactions and have higher prediction power. Most 

machine learning algorithms focus solely on predictions. However, they cannot reveal how each 

variable impacts the predictive outcome or its importance (Carvalho et al., 2019). Random forest 

regression is a machine learning regression analysis method capable of yield prediction (Jeong et 

al., 2016). It also calculates feature or variable importance, providing insights into the contribution 

of each variable to the predicted outcome. This dual capability makes random forest regression 

particularly valuable in regard to understanding agricultural phenomena. Despite the potential of 

these data-driven techniques, their adoption in agriculture is limited to larger scale farms because 

smallholder farmers often face challenges such as a lack of awareness, technical expertise, and 

resources, leaving them unable to fully benefit from these advancements (Adereti et al., 2023). 

Therefore, addressing these barriers is crucial for democratizing access to smart-farming 

technologies and ensuring that smallholder hydroponic farmers can leverage data-driven methods 

to improve productivity and sustainability. 

OBJECTIVE 

The objective of this study was to identify the essential environmental and hydroponic variables 

that influence tomato production using data science methods for smallholder hydroponic farmers. 

Specifically, this study focused on identifying the microclimatic and hydroponic variables that 

significantly influence the tomato yield and analyzed the effectiveness of data-driven methods by 
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comparing the predictive power of linear multiple regression and random forest regression for the 

yield of hydroponic tomatoes. 

METHODOLOGY 

Study Design and Location 

This study was conducted in a smallholder smart hydroponic greenhouse (“N Farm”) in Hino City, 

Tokyo, Japan (Fig 1). While the N Farm greenhouse cultivates multiple tomato varieties, this study 

focused solely on the Momotaro tomato variety (660 plants grown inside a 237 m2 area), as 

complete datasets (microclimatic, hydroponic, and farm management data) were available for this 

tomato variety. The research design involved collecting, preprocessing, and analyzing data from 

three consecutive crop cycles to identify key variables influencing tomato yield. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 The study location, Hino City, Tokyo Japan 

Data Collection 

Data was collected over three crop cycles from November 2021 to July 2024. The 1st cropping 

period was 2021-11-29 to 2022-06-27, the 2nd cropping period was 2022-10-30 to 2023-05-13, and 

the 3rd cropping period was 2023-10-16 to 2024-06-17. The study utilized a combination of 

microclimatic data (temperature [℃], CO2 levels [parts per million - ppm], humidity [%], and 

cumulative sum of solar radiation [MJ/m2]), hydroponic data (water supply per plant [ml], electrical 

conductivity (EC) [mS/cm] and pH value of the nutrition supply) (Fig 2), yield data (daily tomato 

harvest [kg]) and plant growth records (number of cultivating days, number of internodes) from the 

farm records (Fig 3) were used in this study. 

Data Preprocessing 

Handling missing data: Missing hydroponic data points were addressed using the forward-filling 

method, in which previous data values were replaced with missing values. This method ensures 

continuity without artificial fluctuations that can skew the analysis. 

Moving average (MA): The MA technique was applied to reduce fluctuations and capture 

underlying trends. The window period was determined based on the average internode growth 

period of tomato cultivations. 

Variance inflation factor value (VIF): A VIF analysis was conducted to detect multicollinearity 

among the independent variables in the regression models, as high multicollinearity can distort the 
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interpretation of the regression coefficients (Craney and Surles, 2002). The variables identified as 

having high multicollinearity (>10) were reviewed and adjusted to improve the performance and 

reliability of the regression models. 

Data scaling: The dataset included variables with different units and scales. Before the analysis, 

the data were standardized using the Z-score method to ensure consistency and comparability, with 

a mean of zero and a standard deviation (SD) of one (D’Agostino et al., 2017). The standardized 

data were analyzed using linear multiple regression and random forest regression. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Hydroponic data record by farmer 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Farmer demonstrates how plant  

growth data record

Data Analysis  

Results from regression analysis: Two predictive models, linear multiple regression and random 

forest regression, were developed to analyze the relationships between the collected variables and 

tomato yield. Data aggregated from all three crop cycles were applied to these two models to 

explore the relationship between the independent variables, including environmental and 

hydroponic factors, and the dependent variable, the 11-day moving average (MA11) Momotaro 

tomato harvest. 

Linear multiple regression: The linear multiple regression method was employed to explore the 

linear relationships between variables (Grégoire, 2014). The model estimates the impact of each 

independent variable on the tomato yield, providing coefficients that quantify their contribution to 

the predicted outcome. 

Random forest regression: Random forest regression is an ensemble machine-learning algorithm 

that builds multiple decision trees and aggregates their predictions to deliver a more accurate and 

robust output for regression tasks (Breiman, 2001). By averaging the predictions from all 

individual decision trees, this method enhances overall accuracy and performance. This algorithm 

introduces randomness into the subset of features at each node for splitting, which reduces 

overfitting, enhances generalization, and effectively captures nonlinear relationships and complex 

interactions between variables, making it particularly useful for datasets with diverse features. 

Additionally, it provides insights into feature importance, helping identify the most influential 

factors in predicting the target variable (Gregorutti et al., 2017). This versatility, combined with its 

robustness to minimize noise and outliers, makes random forest regression a powerful tool for 

modeling in fields such as agriculture, where environmental and operational variables exhibit 

complex interdependence. The random forest regression model was trained on 70% of the dataset 

and tested on the remaining 30% of the data using a hyperparameter optimization grid search cross-

validation to optimize the random forest regression model (Probst et al., 2019). For the random 

forest regression model, feature importance analysis was conducted to calculate the feature 

importance values and identify the most influential variables affecting tomato yield. After 

identifying the essential features, the Pearson correlation method was used to determine the effect 

of each variable on the 11-day Momotaro tomato harvest period. 
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Model Evaluation: The performance of the linear multiple regression and random forest regression 

models was evaluated using R² score, mean absolute error (MAE), and root mean squared error 

(RMSE) (Emmert-Streib and Dehmer, 2019). The R2 score indicates the proportion of variance in 

the tomato yield that the model can explain, with higher values indicating better model 

performance. MAE measures the average magnitude of the prediction errors, indicating that the 

predictions are close to the actual values. The RMSE emphasizes the more significant errors by 

squaring them, indicating model accuracy with a bias toward more significant deviations. 

RESULTS 

The results provide insights into the key microclimatic hydroponic factors influencing tomato yield 

in the study’s smallholder smart hydroponic greenhouse. Table 1 provides the descriptive results 

for all data variables used in this study for the three cropping periods as well as over the 1st to 3rd 

cropping periods. A higher average daily tomato harvest (15.4 ± 10.01 kg) was observed in the 1st 

cropping period, which declined gradually to 10.34 ± 6.34 kg by the 3rd cropping period. 

Table 1 Descriptive statistics results for microclimatic and hydroponic data variables 

 1st cropping period 2nd cropping period 3rd cropping period 1st to 3rd cropping period 
 Mean SD Mean SD Mean SD Mean SD 

Harvest Data 

Daily Momotaro 
tomato harvest  

15.44 10.01 11.50 8.04 10.34 6.34 12.96 8.52 

Hydroponic Data 

Daily EC Supply 1.74 0.31 1.90 0.22 2.45 0.84 1.95 0.65 
Daily pH Supply 6.64 0.40 6.33 0.41 5.77 0.77 6.41 2.25 
Daily Total Water Per 
Plant 

248.92 74.29 211.05 21.16 239.56 44.68 212.47 75.25 

Microclimatic Data 

Daily Mean 
Temperature  

18.25 3.37 17.35 1.61 19.33 4.00 19.05 3.71 

Daily Humidity  85.68 8.67 87.70 6.60 81.61 10.65 83.60 9.45 
Daily Mean CO2  505.02 61.77 516.90 66.47 466.38 38.13 485.55 57.85 
Daily Cumulative Sum  
of Solar Radiation  

625.33 220.60 603.31 222.88 624.88 229.77 641.18 238.42 

Growth Data 

Number of Cultivating 
Days 

210 - 195 - 245 - 216.67 - 

Number of Internodes 21 - 17 - 24 - 20.67 - 

Also, when considering the hydroponic variables, EC increased from 1.74 ± 0.31 mS/cm in the 

1st cropping period to 2.45 ± 0.84 mS/cm in the 3rd cropping period, suggesting that the farmer 

increased fertilization. The pH value measured each day in the hydroponic solution gradually 

decreased from 6.64 ± 0.40 in the 1st cropping period to 5.77 ± 0.77 in the 3rd cropping period. In 

addition, the water supply per plant had a higher value of 248.9 ± 74.29 ml in the 1st cropping 

period, which decreased to 211.05 ± 21.16 in the 2nd cropping period, but increased to 239.56 ± 

44.68 ml in the 3rd cropping period. When considering the microclimatic variables, temperatures 

ranged from 17.35 ± 3.37 ℃ to 19.33 ± 4 ℃, averaging 19.05 ± 3.71 ℃ over the entire period. The 

mean daily humidity was highest at 87.7 ± 6.6% in the 2nd cropping period and dropped to 81.61 ± 

10.65% during 3rd cropping period. The mean daily CO2 levels recorded the highest value of 516.9 

± 66.47 ppm in the 2nd cropping period but decreased to 466.38 ± 38.13 ppm in the 3rd cropping 

period. The cumulative sum of solar radiation was similar for the 1st cropping period (625.33 ± 

220.60 MJ/m2) and the 3rd cropping period (624.88 ± 229.77 MJ/m2) but decreased to 603.31 ± 

222.88 MJ/m2 in the 2nd cropping period. The average number of cultivation days for three crop 

cycles was 26.67 days. In the three crop cycles, the tomato plants had an average of 20.67 

internodes, which was rounded to 21. Therefore, the average internode growth period was 10.34 

days, which was rounded to 11 days. Figure 4 illustrates the daily Momotaro tomato harvest and 

the 11-day moving average (MA11) trend for the 3rd cropping period. The 3rd cropping period has 
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been selected for visualization purposes because it represents the most recent and complete dataset, 

allowing a clear illustration.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4 Daily and MA11 days of Momotaro tomato harvest trend for 3rd cropping period 

Regression Analysis Results 

After preprocessing the dataset using the MA method, the dataset was analyzed using the VIF 

method to identify intercorrelated variables. The MA11 daily humidity had a high VIF value (>10). 

After removing the MA11 daily humidity variable, the remaining variables (which had VIF values 

below five) were standardized and used for the regression analyses. 

Linear Multiple Regression  

First, a linear regression model was developed to analyze the effects of microclimatic and 

hydroponic variables on tomato yield. The coefficient estimates and their significance levels are 

summarized in Table 2. The results showed that the model explained approximately 31% of the 

variability in the dependent variable, with an R2 value of 0.31. Additionally, the low MAE of 0.67 

and RMSE value of 0.81 highlight the predictive accuracy of the linear multiple regression model. 

The positively significant variables included the MA11 daily mean temperature, MA11 daily mean 

CO2, and MA11 daily cumulative sum of solar radiation. Notably, it was seen that the MA11 daily 

EC supply was the only significant negative variable. 

Table 2 Results from linear multiple regression analysis 

Variables Estimate Std. Error t value Pr (>|t|) 

(Intercept) 0.00 0.03 0.00 1.00 

MA11 Daily EC Supply  -0.37 0.04 -9.07 < 2e-16 

MA11 Daily pH Supply 0.02 0.05 0.32 0.75 

MA11 Daily Total Water Per Plant  0.06 0.03 1.87 0.06 

MA11 Daily Mean Temperature 0.25 0.04 5.72 0.00 

MA11 Daily Mean CO2  0.09 0.04 2.41 0.02 

MA11 Daily Cumulative Sum of Solar Radiation  0.34 0.04 8.14 0.00 

Random Forest Regression 

Second, a random forest regression model was developed to analyze the impact of microclimatic 

and hydroponic variables on tomato yield. The hyperparameter optimization grid search cross-

validation including 100 trees (“n_estimators”) with a maximum depth of 20, minimizing the split 

size of (“min_samples_split”) and square root feature selection (“max_features”), which improved 
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the random forest regression model prediction performance offering its reliability for yield 

forecasting. The random forest regression model achieved an R2 score of 0.9 on the test dataset, 

which explained 90% of the variability in the tomato harvest. Furthermore, the low MAE (2.63) 

and RMSE (1.63) values demonstrate higher prediction accuracies. As shown in Table 3, the 

random forest feature importance scores are reported alongside the correlation coefficients between 

variables and yield. The feature importance scores revealed that the most influential variables were 

the MA11 daily mean temperature value, MA11 daily EC supply, and MA11 daily total water per 

plant, which explained more than 63% of the variance affecting the MA11 daily Momotaro tomato 

harvest. Following the MA11 pH supply, the MA11 daily means CO2 and MA11 daily cumulative 

sum of solar radiation were moderately important, meaning that they had a lower but still 

meaningful contribution to the model, with individual importance scores ranging between 0.11 and 

0.15. The MA11 cumulative sum of solar radiation showed the lowest feature importance score of 

0.11, and it exhibited the highest positive correlation (0.42) with the MA11 daily Momotaro tomato 

harvest. These results highlighted the essential environmental and hydroponic variables for 

hydroponic greenhouse productivity. After calculating the random forest regression, Pearson’s 

correlation was used to examine the relationships between variables. The MA11 daily EC supply 

was negatively correlated with the MA11 daily Momotaro tomato harvest. In contrast, MA11 daily 

mean temperature and MA11 daily total water per plant were positively correlated with MA11daily 

Momotaro tomato harvest. 

Table 3 Feature importance and correlation analysis from random forest regression 

Variables Feature Importance Correlation 

MA11 Daily Mean Temperature 0.22 0.26 

MA11 Daily EC Supply 0.21                   -0.28 

MA11 Daily Total Water Per Plant  0.18 0.13 

MA11 Daily pH Supply 0.15 0.04 

MA11 Daily Mean CO2  0.13                   -0.10 

MA11 Daily Cumulative Sum of Solar Radiation 0.11 0.42 

DISCUSSION 

The MA method with an 11-day window was used to smooth the dataset, with the window size 

determined based on the average internode growth period. An internode refers to the segment of a 

plant stem between two nodes, where branches and leaves develop during flower growth (Korol, 

2022). In tomato plants, internodes are key indicators of growth and directly correlate with stages 

such as flowering and fruiting, which are critical for managing nutrient and water supply. Aligning 

the smoothing window with the internode growth period revealed biologically relevant patterns in 

the data. Subsequently, the prepared data were analyzed using the linear multiple regression and 

random forest regression methods.  

When considering the linear multiple regression and random forest regression results, random 

forest regression had a higher model performance (R2 score), explaining 90% of the phenomenon. 

In contrast, the linear multiple regression had a value of only 0.31, which explained 31% of the 

variance. This indicates that the random forest regression can better identify the nonlinear 

relationship than linear multiple regression methods. When considering the linear multiple 

regression and random forest regression, it was identified that MA11 days of tomato harvest, 

microclimatic variables of MA11 daily mean temperature, hydroponic variables of MA11 daily EC 

supply, and MA11 daily total water per plant are important by significant value in linear multiple 

regression and importance value in random forest regression. The MA11 daily mean temperature 

and MA11 daily total water per plant were positively correlated with the MA11 daily Momotaro 

tomato harvest. These findings are consistent with previous studies. Ullah et al. (2021) reported 

that reduced water supply under deficit irrigation conditions negatively impacts tomato yield in 

soilless systems, which supports this study’s identification of water per plant as a significant 
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positive factor. John and Stephen (2024) and Van Ploeg and Heuvelink (2005) explained in their 

studies that suboptimal temperatures limit photosynthesis and fruit development, aligning with our 

findings that increased temperatures improve yield performance. The negative relationship between 

EC and tomato yield is also supported by Solis-Toapanta et al. (2020), who found that excessive 

EC concentrations delay ripening and increase susceptibility to blossom-end rot. This suggests that 

overfertilization may be occurring in the greenhouse, resulting in diminished productivity. Lee et al. 

(2017) further observed that nutrient uptake efficiency declines under high EC conditions, 

reinforcing the importance of maintaining a balanced nutrient supply. The MA11 daily cumulative 

sum of solar radiation showed the lowest feature of importance in the random forest model. 

However, it had the highest positive correlation with the MA11 daily Momotaro tomato harvest 

and was highly significant in the linear regression model. This suggests that solar radiation plays a 

biologically important, yet partly indirect, role in tomato yield, likely through its influence on 

photosynthesis, fruit development, and the regulation of tomato growth (Teixeira, 2020). In 

contrast, variables such as MA11 days mean temperature, MA11 daily total water per plant, and 

MA11 daily EC supply were consistently identified as primary drivers of yield by both models. The 

comparatively negative lower feature importance for solar radiation may result from shared 

variance with other variables, which often dominates in model splits in tree-based algorithms 

(Gregorutti et al., 2017). Nevertheless, the strong correlation and statistical significance of solar 

radiation explain that it should not be overlooked in greenhouse management. Therefore, model-

derived feature importance should always be interpreted in conjunction with statistical evidence, 

biological mechanisms, and expert agronomic knowledge to avoid dismissing variables that 

contribute meaningfully to crop productivity. 

While these findings support prior research, this study also extends the literature in several 

keyways. First, it is one of the few to apply both linear regression and random forest regression to 

small-scale hydroponic greenhouse data, enabling comparative analysis of model performance and 

variable importance. Second, the use of an internode-aligned moving average window provides a 

novel approach that links physiological plant growth stages to data preprocessing, thereby 

enhancing the biological relevance of the analysis. Lastly, the study focuses specifically on 

smallholder hydroponic production in Japan, a context often overlooked in existing data-driven 

agriculture studies, such as Jeong et al. (2016), which primarily address larger scale farm systems. 

According to the descriptive results, the hydroponic greenhouse had an average temperature of 

19.05 ± 3.71 ℃ while the optimal temperature range for tomatoes is approximately 25 °C to 30 °C 

(John and Stephen, 2024). Increasing the temperature is important for increasing tomato yield 

productivity, because suboptimal temperatures can decrease the rate of photosynthesis, slow plant 

metabolic processes, and negatively impact fruit development and ripening. Therefore, the farmer 

needs to take the necessary actions to increase their temperature levels. In addition, Ullah et al. 

(2021) mentioned in their study how a water deficit can result in a reduced tomato harvest. 

Consistent with this finding, our results suggest that ensuring an adequate water supply is essential 

for maximizing productivity. The MA11 days of EC negatively affected the MA11 days of the 

tomato harvest. Therefore, it can be expected that the farmer has been overfertilizing and that 

higher EC values would reduce crop productivity. Therefore, based on the findings, consistent 

temperature controls must provide favorable conditions for photosynthesis, nutrient uptake, and 

overall plant health. As for the hydroponic variance variables, providing balanced nutrient 

management to mitigate the potential stress caused by over-fertilization and maintaining precise 

water management is essential to avoid over-irrigation, which can adversely affect the yield. 

Although the MA11 daily cumulative sum of solar radiation exhibited lower feature importance in 

the random forest model, it showed the highest positive correlation with tomato yield and was 

statistically significant in the linear multiple regression analysis. This indicates that solar radiation 

plays a meaningful, though partially indirect, role in yield performance. Therefore, the farmer 

should not overlook monitoring solar radiation levels and implement strategies to enhance light 

exposure, such as using reflective surfaces or installing supplementary lighting during periods of 

low radiation, which can contribute to improved crop yield. 
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CONCLUSION 

This study aimed to identify the key microclimatic and hydroponic factors influencing tomato yield 

in a hydroponic greenhouse system and evaluate the predictive performance of data-driven models. 

Using environmental and hydroponic data from three crop cycles (2021-2024) at N Farm in Hino 

City, Tokyo, this study identified that MA11 daily mean temperature, MA11 daily EC supply, and 

MA11 daily total water per plant are the most important factors for the MA11 Momotaro tomato 

yield by using linear multiple regression and random forest regression models. Temperature and 

water supply showed positive correlations with yield. On the other hand, EC showed a negative 

effect, indicating yield penalties of over-fertilization. Although the MA11 daily cumulative sum of 

solar radiation received only lower feature importance in the random forest model, it had the 

highest positive correlation. Also, it was highly significant in the linear multiple regression, 

suggesting that it is likely due to overlapping effects with other variables. Despite this, solar 

radiation remains important and should be managed in a greenhouse alongside other factors. 

Random forest regression captured these complex nonlinear relations more effectively (R² = 0.90) 

than the linear multiple regression model (R² = 0.31). In addition to these results, this study offers 

several significant contributions. First, it integrates environmental and hydroponic data with a 

biologically informed 11-day moving average aligned with the tomato internode growth period, 

enhancing the physiological relevance of the analysis. Second, this study compared statistical 

regression with machine learning in a hydroponic setting, demonstrating that machine learning 

models can deliver both high accuracy and the importance of interpretable variables at this scale. 

Third, concentrating on an operational Japanese hydroponic greenhouse fills a practical gap in the 

literature, as data-driven techniques are feasible and valuable for smallholder farmers. These 

findings and methods create a replicable, data-driven framework that delivers practical guidance 

for temperature control, nutrient balance, and irrigation scheduling. Therefore, this study 

implements customized management practices through data-driven decision-making, empowering 

smallholder hydroponic farmers to increase productivity. 

The limitations of this study include identifying only the essential variables and their effects 

on tomato yields using historical data. Therefore, future studies should focus on identifying the 

optimal conditions for each identified variable, the applicability of real-time data integration, and 

broader applications across diverse smallholder hydroponic farming systems to enhance the impact 

of data-driven agriculture. 
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