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Abstract

:

A new research framework for the rheological measurements of foods for the elderly was proposed by combining experiments with machine learning. Universal design food (UDF), the conventional rheological test for foods for the elderly, was compared with three different rheological methods in terms of stress, clearly showing a great linear correlation (R2 = 0.9885) with the puncture test. A binary logistic classification with the tensorflow library was successfully applied to predict the elderly’s foods based on the rheological stress values from the UDF and puncture tests. The gradient descent algorithm demonstrated that the cost functions became minimized, and the model parameters were optimally estimated with an increasing number of machine learning iterations. From the testing dataset, the predictive model with a threshold value of 0.7 successfully classified the food samples into two groups (belong to the elderly’s foods or not) with an accuracy of 98%. The research framework proposed in this study can be applied to a wide variety of classification and estimation-related studies in the field of food science.
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1. Introduction


The elderly population over 65 years of age has been rapidly increasing throughout the world. Based on the 2019 revision of World Population Prospects [1], 16.7% of the population in the world will be over the age of 65 by 2050, compared to 9.1% in 2019. Specifically, Korea is expected to have the greatest percentage of senior citizens at 46.5% in 2067 [2]. In this context, the demands for senior-friendly products are globally increasing, and the food industry is no exception.



From a food-scientific point of view, foods for the elderly are required to satisfy several requirements such as being nutritious, digestible, and easy to chew [3]. In particular, dysphagia is prevalent in the elderly [4], and the elderly with dysphagia are known to be at higher risk of malnutrition [5], indicating that the rheology of the elderly foods should be modified for older people who have difficulties in eating foods. Thereby, preceding studies have reported several methods to control the rheological properties of food products for older people by grinding or thickening according to the level of dysphagia [6,7]. Furthermore, the food industry has been actively researching food-softening or reconstitution technology using enzymes, high-pressure, and 3D-printing techniques while preserving the original form of the food [8]. However, there is limited information on the official methods to effectively and reliably deal with various foods with different rheological properties for the elderly. There are several guidelines to measure their rheological characteristics such as the National Dysphagia Diet guideline and the International Dysphagia Diet Standardization Initiative [9,10]. Although they provide valuable information to prepare foods for older adults with suitable rheological properties, most of the methods are mainly for nutritionists or dietitians to prepare diets for older adults mainly in convalescent hospitals. On the other hand, the universal design food (UDF) method is useful for the food industry as it provides objective guidelines to measure the rheological properties of the elderly’s diets. However, due to the limitation of sample geometry, the UDF method [9] may not be universally applied to a wider variety of food products with numerous shapes and sizes. It is therefore necessary to develop scientific and reliable universal measurements that can be favorably made to investigate the rheological properties of foods with various types and sizes for the elderly.



Machine learning is an application of artificial intelligence for enhancing the performance of a task directed by available data without relying on explicit programs [11]. It has gained more popularity in recent years with the increasing utilization of big data in a variety of industrial and scientific areas [12]. As state-of-the-art powerful technology, machine learning is as of now utilized to make predictions and suggestions based on mathematically calculated models [13]. Beyond the fields of computer science, a great deal of effort has been made to utilize machine learning in various scientific fields. Specifically, it has been popularly applied to biomedical areas for identifying diseases and improving diagnostic precision [14,15]. In addition, the applications of machine learning are becoming more diverse and complex by inferring weather forecast uncertainty [16], predicting occupational accidents [17], and discriminating seismic waves for early earthquake warnings [18]. In the field of food science, Bisgin et al. [19] applied machine learning methods to detect insect pests in food products, and Erban et al. [20] utilized machine learning technology to search for food identity markers by metabolomics. In addition, analytical evaluation of food quality and authenticity by machine learning was recently reviewed [21]. However, the exploration of machine learning in the domain of food application is quite new. It is thus time for food research communities to consider embracing this machine learning technology from the point of view of convergence.



This study aims to develop a universal rheological measurement of foods for the elderly that can be applied to a wider variety of food products and also applying these experimental data for establishing the binary classification model through machine learning. Specifically, different rheological methods were compared with the conventional UDF method, and machine learning was furthermore employed to estimate foods for the elderly based on experimentally obtained stress values.




2. Materials and Methods


2.1. Materials


Corn starch was provided from Samyang Co. Ltd. (Gyeong-gi, Korea). Mung-bean starch, tapioca starch, and agar powder were purchased from Naturalwell (Gyeong-gi, Korea), Heungyildang Food Hanbang Market (Seoul, Korea), and Myeongshin-agar (Gyeongsang, Korea), respectively. Radishes and carrots were purchased at the grocery stores. Furthermore, various types of commercial food samples listed in Table 1 were selected based on the Korean Food Code [22]. Specifically, (semi-) solid foods with homogeneous properties that can be measured by both UDF and puncture tests were selected.




2.2. Preparation of Starch/Hydrocolloid Gels and Blanched Radishes/Carrots


Starch and hydrocolloid gels were applied as model food samples with a wide range of hardness. Agar gel samples were prepared by mixing agar powder with distilled water at 0.5, 1, 3, and 5% (w/w) for 10 min, followed by heating on a hot plate with stirring for 10 min. The hot solution was poured into a square mold (width 16 cm, length 16 cm, height 1.5 cm) and cooled in a refrigerator for 30 min at 5 °C to prepare gels. In addition, corn (20, 30, 40, and 45% (w/w)), mung-bean (20, 25, 30, 35, and 40% (w/w)), and tapioca (20 and 30% (w/w)) starch gels were prepared based on the same procedure of agar gels except for steaming for 30 min. In addition, radishes and carrots with different degrees of hardness were prepared by blanching in hot water. They were cut into cylindrical samples (diameter 40 mm, height 15 mm) and blanched in boiling water (radishes—5, 6, 8, and 10 min; carrots—5, 6, 8, 10, 15, and 20 min), followed by cooling down in tap water for 5 min.




2.3. Rheological Measurements


Different instrumental rheology measurements were made using a texture analyzer (TA.XT plus, Stable Micro Systems, Surrey, UK) equipped with a 500 N load cell. First, mung-bean starch gels with different degrees of hardness were subjected to four different measurements, including UDF, cutting-shear, puncture, and compression tests, and the detailed experimental conditions were as follows. All of the texture measurements were made in triplicate, and the experimental results were expressed as mean ± standard deviation.



UDF test: based on the methods of Park et al. [23] and Japan Care Food Conference [9], the UDF test was carried out. First, a sample was loaded in a UDF container (40 mm in diameter and 25 mm in height) to have a height of 15 mm. Thereafter, a cylindrical probe (diameter 20 mm, height 35 mm) was compressed to a clearance of 5 mm from the bottom of the vessel at a crosshead speed of 600 mm/min.



Cutting-shear test: according to the method of Góral and Kluza [24], a sample was loaded on a plate with a central hole (width 55 mm, length 3 mm). Thereafter, a blade probe (width 50 mm, height 60 mm, thickness 0.5 mm) was lowered at a crosshead speed of 100 mm/min until it passed through the sample.



Puncture test: a sample was loaded on a plate with a central hole (10 mm), and a rod probe (diameter 5 mm) was lowered at a crosshead speed of 100 mm/min until it passed through the sample.



Compression test: a compression test was carried out based on the method of Kim et al. [25]. A sample (diameter 20 mm, height 15 mm) smaller than the probe size was loaded on a plate. Thereafter, a disk probe (diameter 50 mm, height 10 mm) was lowered at a crosshead speed of 100 mm/min at 66.7% strain.



For all of the instrumental methods, the plots of force versus time were obtained, and the maximum peak values were then recorded as hardness. After the four instrumental measurements were compared, the UDF and puncture tests were selected and further compared to each other. Specifically, a total of 59 food samples (25 gels + 34 commercial products in Table 1)s were subjected to both UDF and puncture tests under the conditions mentioned above, followed by the tensorflow-based machine learning analysis.




2.4. Machine Learning Analysis


Machine learning was employed in order to classify food samples for the elderly based on their rheological values experimentally measured. Python programming on the tensorflow (Google, Mountain View, CA, USA) was used for coding the machine learning algorithms. The datasets for machine learning consisted of a 59 × 3 matrix with hardness values measured from the UDF/puncture tests and binary values (0 or 1). Logistic regression using the sigmoid function was introduced to determine whether the food products satisfied the rheological criteria of foods for the elderly in terms of stress. The datasets were randomly divided into the training (80%) and testing (20%) sets based on the Python code developed in Anaconda. In this logistic regression, the cost function was minimized by the gradient descent algorithm, and the learning rate was 0.01. Over 20,000 iterations of the minimization step were carried out until the cost function became constant. After running the model, the accuracy of testing sets was evaluated depending on threshold values and was reported as the average values of 100 repetitions.


  Cost   function   =   −  1 m   [    ∑  i = 1  m    y i  log H (  x i  ) + ( 1 −  y i  ) log ( 1 − H (  x i  ) )    ]   



(1)









3. Results and Discussion


Figure 1 shows the experimental setup for measuring the hardness of the gel samples prepared with different levels of mung bean starch. As can be seen in Figure 1a, the UDF test allowed a probe to extrude into a food sample that was squeezed out between the probe and the inside wall of the container. Figure 1b illustrates a puncture test where a rod-shaped probe penetrated into the food sample. In a puncture test, there is a general rule called “semi-infinite geometry” [26], according to which the sample needs to be larger in diameter than the probe used, since shear force and compressive force are simultaneously involved. Since the size of the probe in the puncture test is relatively small, this test has the advantage of being universally applied to a variety of foods regardless of their shape and dimension [27]. In the cutting-shear (Figure 1c) and compression (Figure 1d), the sample was cut into two pieces using a blade and compressed with a probe larger in diameter than the sample, respectively. As shown in Figure 1, the highest values of hardness were observed in the UDF test, followed by the compression, cutting-shear, and puncture tests. This order seemed to be related to the probe area in contact with the gel samples. In addition, for all the measurements, the hardness values increased with increasing levels of starch in a highly linear way (R2 > 0.94). This result was favorably compared with that reported by Kim, Oh, Yang, and Lee [27], which showed a highly positive correlation between the tests with rod and cylinder probes for measuring the rheological properties of cooked instant rice.



Figure 2a exhibits the relationships between the UDF and each texture method, showing fairly linear correlations. Specifically, the highest coefficient of determination (R2 = 0.9885) was observed between the UDF and puncture tests. As a fundamental rheological term, stress indicates the ratio of force to area [28]. As shown in Figure 2b, the relationships were investigated in terms of stress (N/m2) instead of force (N). The results obtained from the cutting-shear test were excluded in Figure 2b due to the unavailability of the contacting area of the cutting probe used. As can be seen in Figure 2b, the puncture test appeared to be highly inter-correlated with the UDF test. Thus, out of the three rheological methods, the puncture test was selected and further investigated as an alternative method to the UDF test.



A total of 59 commercial food samples were selected and then subjected to both UDF and puncture tests. Figure 3 presents the stress values of the food samples measured by the UDF and puncture tests. A fairly linear correlation (y = 0.9982x, R2 = 0.9772) was observed between the two tests for the samples with the stress values lower than that of the starch gels tested in this study (8 × 105 N/m2). On the other hand, when the stress values became higher, the relationship between the UDF and puncture tests was well-fitted to the quadratic polynomial model (y = −2 × 10−4x2 + 1.0836x, R2 = 0.9706).



Several previous studies have classified foods for the elderly based on rheological measurements. The Japan Care Food Conference [9] and Korean Industrial Standards [29] reported that the upper stress limit of the foods for the elderly was 500,000 N/m2. In addition, Kim et al. [30] compared instrumental and sensory measurements of foods for the elderly, suggesting the stress range lower than 500,000 N/m2. Thus, machine learning analysis was applied for identifying foods for the elderly based on the stress values (500,000 N/m2). Figure 4a shows the overall procedure of gradient descent-based machine learning algorithm. The datasets consisted of a 59 × 3 matrix containing the stress values obtained from UDF/puncture tests and binary values where 1 (yes) and 0 (no) indicate that the sample satisfied and did not satisfy the rheological criteria of foods for the elderly, respectively. A matrix multiplication on the inputs (x) and weights (W) was performed, and a bias (b) was added to the weighted sum. A gradient descent algorithm was then used to minimize the cost function whose partial derivative was iteratively computed to obtain the most appropriate model [31]. By successive iterations, the gradient descent algorithm converged to a point where the derivative of the cost function, that is, a curve slope at a point was close to zero (Figure 4a). Consequently, it provided the optimal parameters for the models by approaching the minimum of the cost function. Figure 4b shows the plots of cost function versus the number of iterations. The cost function of the binary logistic model was reduced by successive iterations and became stable.



As one of various machine learning algorithms, the binary logistic regression model has been used to predict binary responses based on one or more predictor variables. Specifically, this algorithm has played a critical role in developing a spam email filter [32]. In the binary logistic model, a model is trained to make a binary decision about a new input observation. For doing so, the difference between predicted and experimental values is considered over the whole training dataset for training to validate the performance of the established model [33]. It is noted that the data in the binary logistic regression model are classified into two categories such as 1 (yes) and 0 (no) depending on the classification threshold. Thus, in this study, the binary classifications were applied in order to indicate whether food products belonged to the elderly’s foods (lower than 500,000 N/m2) or not (higher than 500,000 N/m2) [9,34]. As illustrated in Figure 5a, the binary logistic regression had a characteristic S-shaped curve through the sigmoid function. In the binary logistic model, the optimal value of the threshold needs to be decided during the training in order to maximize the model accuracy [35]. Thus, in this sigmoid curve, a classification threshold was defined in order to map the logistic regression values to a binary category. After training the logistic model with the training datasets, the predicted classifications of the testing datasets were compared with the experimental ones. Figure 5b shows the accuracy of the binary logistic algorithm depending on threshold values ranging from 0.2 to 0.9. When the threshold value was 0.2, the accuracy was determined to be 0.8855. The accuracy had a distinct tendency to increase with increasing threshold values and became 0.9781 at a threshold value of 0.7. The threshold value higher than 0.8 led to a decrease in the accuracy. This accuracy seemed to be much higher than those of several preceding studies that used binary logistic algorithms to predict diabetes diagnosis (0.69) [36] and to classify engine oil condition (0.89) [37]. Thus, the binary logistic model seemed to be the most effective in identifying whether foods belong to the elderly foods or not based on their rheological values.




4. Conclusions


The demand to modify food texture for seniors has been on the rise with the rapidly growing aging rate throughout the world, but there is limited information on the instrumental methods that can be universally applied to a wider variety of foods. Thus, in this study, different rheological methods for the elderly foods were correlated in terms of stress, and the puncture test showed a good correlation with the conventional UDF test. When the 59 food products were subjected to both UDF and puncture tests, the quadratic polynomial model showed better performance in predicting the correlation between the two tests. Furthermore, the binary logistic regression was successfully employed for rheologically identifying whether the food products were foods for the elderly with an accuracy of 98%. Although the machine learning model used in this study was relatively simple and fundamental, the results of this study may suggest a pioneering framework for identifying the rheological levels of foods for the elderly by combining experimental results with machine learning technology in the domain of food application. This new research framework can provide an opportunity for the food industry to move toward convergence technology and also to extend the utilization of machine learning to various food systems.
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Figure 1. Experimental setup of rheological measurement of starch gels and their hardness values (Universal design food (UDF) test (a), puncture test (b), cutting-shear test (c), and compression test (d)). 
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Figure 2. Correlations between UDF and other texture-measuring methods for starch gels (hardness (a) and stress (b)). 
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Figure 3. Texture measurements of commercial products by UDF and puncture tests. 
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Figure 4. Machine learning analysis for the binary classification of the elderly foods (dataset (a) and gradient descent (b)). 
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Figure 5. Identification of the elderly foods by binary logistic regression depending on threshold values (sigmoid function (a) and accuracy (b)). 
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Table 1. List of commercial products for rheological measurements.
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	Classification by Korean Food Code
	Samples





	Confectionery, Bread, or Rice Cakes
	Brownie (Orion, Seoul, Korea), Butter roll bread (SPC, Gyeonggi-do, Korea), Plain bread (Lotte, Seoul, Korea), Sweet red bean jelly (Haitai, Seoul, Korea), Baekseolgi (Rice cake shop, Seoul, Korea), Garaetteok (Rice cake shop), Jeungpyeon (Rice cake shop), Injeolmi (Rice cake shop), Jeolpyeon (Rice cake shop), Sticky rice cake (Rice cake shop), Sirutteok (Rice cake shop), Pudding custard (CJ Cheiljedang, Gyeong-gi, Korea), Yakgwa (Hanul confectionery, Gyeong-gi, Korea), Chiffon cake (SPC), Pound cake (SPC)



	Jams
	Strawberry jam (Ottogi, Gyeong-gi, Korea)



	Tofu or Jellied Food
	Tofu (Pulmuone, Seoul, Korea)



	Soybean Sauces
	Gochujang (CJ Cheiljedang), SSamjang (CJ Cheiljedang)



	Salted or Boiled Foods
	Pickled radish (Ilga, Sejong-si, Korea)



	Processed Agricultural Products
	White mushroom (Moring Farm, Gyeongsang, Korea)



	Processed Meat and Packaged Meat
	Smoked ham (Samhoham, Gyeong-gi, Korea), Sausage (Lotte), Frank sausage (Hansung, Gyeongsang, Korea), Chicken steak (Farmsco, Gyeong-gi, Korea), Brown rice chicken steak (Haetsal Food System, Gyeong-gi, Korea), Hamburg steak (CJ Cheiljedang), Hamburg steak (Ottogi)



	Dairy Products
	Mozzarella cheese (Saputo, Montreal, Canada), Monterey jack cheese (Great lakes cheese, Hiram, Georgia, USA), Cheddar cheese (Great lakes cheese)



	Fishery Products
	Fish cake bar (Sajo, Gyeong-gi, Korea)



	Instant Foods
	Instant rice (CJ Cheiljedang), Instant abalone porridge (CJ Cheiljedang)
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